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Editorial on the Research Topic
 Trends in biomarkers for neurodegenerative diseases: Current research and future perspectives




Neurodegenerative diseases are characterized by a progressive decline in brain function and are a growing global threat (Jellinger, 2010). Early and accurate diagnosis of these conditions is vital for the development of therapeutic interventions to prevent disease progression and improve patient outcomes. However, many currently available biomarkers for these conditions have limited sensitivity and specificity, and are not clinically applicable during early disease stages (Hornung et al., 2020; Hansson, 2021).

A challenge for the diagnosis and treatment of neurodegenerative diseases is the difficulty accessing the brain of living individuals. For most of these diseases, analysis of brain tissue postmortem is required for accurate diagnosis. Major advancements have been made in the development of cerebrospinal fluid (CSF), imaging, and blood-based biomarkers for several neurodegenerative diseases (Ashton et al., 2020; Kaipainen et al., 2020; Dutta et al., 2021; Taha et al., 2022), which are proof of concept for the possibilities of early diagnosis. Moreover, advances in proteomics, transcriptomics, and metabolomics have provided valuable insights into the mechanisms of these conditions and have opened the door to the development of novel diagnostic and therapeutic approaches (Peplow and Martinez, 2021).

Collaborative efforts across the globe have helped elucidate the underlying mechanistic pathways of neurodegenerative diseases, yet many remain poorly understood (Figure 1). This Research Topic is a collection of research articles and reviews from diverse groups around the globe discussing recent developments and insights in the field of biomarkers for neurodegenerative diseases, their utility and limitations, and future directions toward implementation of advanced biomarkers in regular clinical practice.
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FIGURE 1
 Challenges in identifying biomarkers for neurodegenerative diseases. Identifying biomarkers for neurodegenerative diseases is challenging because of the inaccessibility of the brain. As a result, there is a lack of detailed understanding of the underlying pathology. Additional challenges are variability in clinical presentation and overlapping symptoms, and the long latent period of many of these diseases making it difficult to pinpoint specific biomarkers for diagnosis and prediction of disease course.


Zhang, Ghose, et al. at Oxford University used deep-learning neural networks to identify blood proteins that could predict the now commonly used biomarker paradigm of amyloid, tau, and neurodegeneration (AT[N]) pathologies in AD. The researchers determined the AT[N] status in the brain and compared it to the corresponding blood biomarkers. The study found enrichment of proteins in five AD-associated clusters that could serve as surrogate blood biomarkers for AD. Along similar lines, to study the relationship between blood-based biomarkers of AD and cognition in motoric cognitive risk (MCR) syndrome, Chen et al. at MacKay Memorial Hospital, Taiwan, determined the levels of plasma Aβ42 and total tau. They found that plasma tau levels were significantly higher in the MCR and AD groups compared to the normal cognition group. These findings suggest that MCR and AD may share underlying pathology and cognitive function may be related to tau levels in MCR. A study by Parvizi et al. at the Medical University of Vienna, Austria, examined the potential of blood neurofilament light chain (NfL) and glial fibrillary acidic protein (GFAP), in detecting early neuropathological changes in AD. A panel combining plasma NfL and GFAP with known AD risk factors had a promising discriminatory power in distinguishing AD from healthy controls and predicting amyloid positivity.

A retrospective, case-selective clinical study by Li et al. at Tianjin Huanhu Hospital, China, aimed to differentiate AD from frontotemporal lobar degeneration (FTLD) using clinical, neuropsychological, and neuroimaging features. AD patients had a higher prevalence of vascular disease-associated factors and a higher percentage of Apolipoprotein E4 carriers. The findings suggest that dynamic evaluation of cognitive function, behavioral symptoms, and multimodal neuroimaging may help differentiate between AD and FTLD.

In a systematic review of preclinical in vitro and in vivo studies, Fathi et al. at Shahid Beheshti University of Medical Sciences, Iran, evaluated genes and mechanisms of neuroinflammation in Parkinson's disease (PD). The review identified several neuroinflammatory factors and molecular mechanisms contributing to the initiation and progression of PD, and potential therapeutic approaches against them. A systematic review focusing on different aspects by Asadi et al. at Tabriz University of Medical Sciences, Iran, attempted to identify validated competing endogenous RNA (ceRNA) loops in PD. The reviewed studies indicate that ceRNA axes have a significant impact on PD development and may be useful for the diagnosis and treatment of PD. Bioinformatic analysis of genes targeted in ceRNA axes showed that they were involved in processes such as the cellular response to metal ions, oxidative stress, and regulation of macromolecule metabolism. Heng et al. at the Second Affiliated Hospital of Soochow University, China, explored the association between osteoarthritis and PD through genetic characterization and functional enrichment. Using bioinformatics methods and datasets from the Gene Expression Omnibus database, they identified 71 common genes affecting both diseases, which were enriched in antigen processing and presentation, mitochondrial translation, the mRNA surveillance pathway, and nucleocytoplasmic transport. The study suggested that the gene WDR43 may be useful for the diagnosis of osteoarthritis and PD and that several immune cell types may be associated with the pathogenesis of both diseases. Zheng et al. at Beijing Tiantan Hospital, China, investigated whether abnormal α-synuclein (α-syn) deposition occurs in the oral mucosa of patients with multiple system atrophy (MSA) and whether α-syn and pathological forms thereof in the oral mucosa could be potential biomarkers for MSA. They found elevated levels of all tested α-syn species in patients with MSA compared to controls. Interestingly, the α-syn levels correlated negatively with disease duration, suggesting that they will be most useful at early disease stages.

The ongoing COVID-19 pandemic has been linked to a range of neurological complications, including cognitive impairment and neurodegenerative changes (Li C. et al., 2022). A review article by Silva et al. at Benemérita Universidad Autónoma de Puebla, Mexico, discusses the possibility of SARS-CoV-2 entering the central nervous system (CNS) through various neuroinvasive pathways, including the transcribrial route, the ocular surface, and the hematogenous system leading to the development of neurodegenerative diseases. The authors highlighted that the virus may also cause cytokine storms, neuroinflammation, and oxidative stress, which may increase the risk of developing diseases, such as AD and PD. Alvarez et al. at Marshall University, West Virginia, reviewed the diverse neurodegenerative changes associated with COVID-19 and highlighted the importance of major circulating biomarkers, associated with disease progression and severity. Their literature survey indicates that important CNS proteins, such as GFAP, NfL, and pT181-tau, and various inflammatory cytokines are altered significantly in COVID-19 patients. The review summarizes the current understanding of the neuropathological changes associated with COVID-19 and the potential use of biomarkers in identifying patients at risk for developing severe forms of the disease.

Huntington's disease (HD) is a genetic neurodegenerative disorder that is influenced by epigenetic changes, such as non-coding RNA expression and accelerated DNA methylation age (Bassi et al., 2017). Ghafouri-Fard et al. at Shahid Beheshti University of Medical Sciences, Iran, review the potential interactions among these different layers of the epigenome in relation to HD onset and progression. The authors discuss recent findings of micro RNA (miRNA) and long noncoding RNA dysregulation, as well as methylation changes and epigenetic age in HD.

In a study focusing on amyotrophic lateral sclerosis (ALS), Behler et al. at Ulm University, Germany, investigated the use of diffusion tensor imaging (DTI) as a progression biomarker. The study used Monte Carlo simulations to estimate the statistical power and sample size needed for DTI studies in ALS considering factors such as the number of scans per session, time intervals between measurements, and measurement uncertainties. The results showed that multiple scans per session can increase the statistical power of DTI studies in ALS, particularly in cases of high measurement uncertainty and small sample sizes. Addressing the question of developing biomarkers for the spectrum of diseases caused by tauopathy or TPD-43 proteinopathy, Wong et al. at the University of Toronto, Canada, used spectral-domain optical coherence tomography (SD-OCT) to examine the peripapillary retinal nerve fiber layer (pRNFL) thickness and macular retinal thickness in the eyes of participants with ALS, progressive supranuclear palsy (a tauopathy), and the semantic variant of primary progressive aphasia presumed to be caused by TDP-43 proteinopathy. Their data indicated that the TDP-43 group had a significantly thinner pRNFL in the temporal sector compared to the tauopathy group. miRNAs, a class of small non-coding RNAs, often are altered in neurodegenerative diseases and have the potential to be used as biomarkers (Li S. et al., 2022). Alvia et al. at Boston University School of Medicine compared the levels of 47 miRNAs in the prefrontal cortex of brain donors with chronic traumatic encephalopathy (CTE), ALS, both CTE and ALS, and control subjects. They found that 60% of the studied miRNAs were significantly different between the pathology groups, of which 75% were upregulated in both CTE and ALS. The identified miRNAs were involved in pathways related to inflammation, apoptosis, and cell growth/differentiation. Importantly, the largest change was in miR-10b, which was increased in ALS but not in CTE or CTE + ALS, suggesting that it could be used as a diagnostic biomarker.

Zhang, Chen, et al. at the Second Hospital of Hebei Medical University, China, studied the role of endothelin-1 (ET-1) in ALS and found that ET-1 and its receptors were expressed in the spinal cord of a transgenic mouse model of ALS and their expression changed as the disease progressed. In addition, ET-1 had a toxic effect on motor neurons in a cell model of ALS, which was rescued by selective ET-A or ET-B receptor antagonists. They also found that Cdkn1b (P27) and Eif4ebp1 could be used as biomarkers for understanding and identifying the pathogenesis of ALS responding to ET-1 intervention.

NfLs are proteins found in neurons and their levels have been shown to be useful in the diagnosis, prognosis, and monitoring of treatment response for a variety of neurological conditions (Gaetani et al., 2019). In a review article, Delaby et al. at Université de Montpellier, France, discussed the potential value of NfL assays in the diagnosis and management of patients with ALS, PD, frontotemporal dementia, and other neurologic diseases. The authors also described the added value of NfL compared to other biomarkers and proposed specific indications where NfL may be helpful in diagnostic and prognostic clinical decision-making. The authors pointed out the importance of establishing reference ranges for NfL levels in different biological samples, depending on factors such as age, body mass index, and the specific medical indication considered.

A study by Fernandez-Alvarez et al. at Pablo de Olavide University, Spain, examined the relationship between plasma markers of amyloid and neurodegeneration, intracortical myelin content, and resting-state functional connectivity in cognitively normal older adults. The researchers found that lower plasma Aβ42 and higher plasma NfL were associated with lower myelin content in certain brain regions. They also found that higher NfL levels were associated with altered functional connectivity between the insula and medial orbitofrontal cortex. The findings suggest potential links among plasma Aβ42 and NfL, intracortical myelin content, and functional connectivity in brain regions vulnerable to aging and neurodegeneration.

Overall, this Research Topic highlights recent development and innovation in the field of biomarkers for neurodegenerative diseases, including AD, PD, HD, ALS, and others. The Research Topic covers a range of biomarkers, including those that can be measured in the periphery, such as blood and spinal fluid. The Research Topic also covers the potential use of these biomarkers in clinical practice, including their potential to aid in the diagnosis, prognosis, and monitoring of disease progression and treatment response. Our goal as editors was to provide a comprehensive overview of the current state of the field and identify future directions for research and development in this important area and we hope the readers will find interest in the included articles and reviews.
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Evidence suggests that SARS-CoV-2 entry into the central nervous system can result in neurological and/or neurodegenerative diseases. In this review, routes of SARS-Cov-2 entry into the brain via neuroinvasive pathways such as transcribrial, ocular surface or hematogenous system are discussed. It is argued that SARS-Cov-2-induced cytokine storm, neuroinflammation and oxidative stress increase the risk of developing neurodegenerative diseases such as Alzheimer’s disease and Parkinson’s disease. Further studies on the effects of SARS-CoV-2 and its variants on protein aggregation, glia or microglia activation, and blood-brain barrier are warranted.
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INTRODUCTION

On December 12, 2019, in Wuhan City, Hubei Province, China, the first cases of an unexplained pneumonia failing to respond to the standard treatment regimen led to an exhaustive search for a new virus. The clinical symptoms of the condition were fever, dry cough, sore throat, pneumonia, severe dyspnea, and myalgia (Huang C. et al., 2020; Zhu N. et al., 2020). Subsequently, on February 11, 2020, the new coronavirus was identified and was termed severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2). Coincidentally, a day earlier, the first draft genome of the virus was made publicly available. This enabled research groups to develop different molecular diagnostics such as RT-PCR and immunological assays. Later, CRISPR-based assays, nucleic acid microarray assays, and next generation sequencing were added (Habibzadeh et al., 2021).

The World Health Organization (WHO) is responsible for declaring a pandemic. WHO monitors disease activity on a global scale through a network of centers located in countries worldwide and has a pandemic preparedness plan that consists of six phases of pandemic alert. Phase 1 represents the lowest level of alert and usually indicates that a newly emerged or previously existing virus is circulating among animals, with low risk of transmission to humans. Phase 6, the pandemic phase, is declared when an outbreak is characterized by globally widespread and sustained disease transmission among humans (Rogers, 2022). Since by the end of February 2020, COVID-19 had already registered 83,652 cases globally (Wassie et al., 2020; Carvalho et al., 2021). On March 11, 2020, WHO declared COVID-19 a pandemic.

Patients who have concomitant comorbidities and patients admitted to the intensive care unit are significantly more likely to develop complications from COVID-19 (Sanyaolu et al., 2020). Elderly and seriously ill patients with a clinical history of cardiovascular, liver, and/or kidney disease carry the highest risk of mortality. Obesity is also a risk factor for all ages (Huang Y. et al., 2020), and age, sex, ethnicity, socioeconomic group, and geographical location may also influence the outcome (Harwood et al., 2022).

The SARS-CoV-2 belongs to the Coronaviridae family of the genus betacoronavirus (βCoV) and was identified as the etiological agent of COVID-19. SARS-CoV-2, like other known coronaviruses, is an enveloped virus with single-stranded positive sense RNA and a genome approximately 29.9 kb in size (Masters, 2006; Rastogi et al., 2020). Genetically, SARS-CoV-2 and severe acute respiratory syndrome coronavirus (SARS-CoV) both have characteristically high homologous sequence, unlike the Middle East Syndrome (MERS)-CoV virus (Yu et al., 2020). The SARS-CoV-2 envelope is associated with four structural proteins: membrane protein (M); spike protein (S); envelope protein (E); and nucleocapsid protein (N) (Lu R. et al., 2020; Figure 1). Details on the structure and molecular biology of the SARS-CoV-2 virus have been recently reviewed by several groups (Arya et al., 2021; Hu et al., 2021; Peng et al., 2021; Rahimi et al., 2021).
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FIGURE 1. Schematic model of the SARS-CoV-2 whit its structural proteins. (A) The virus envelope is associated with four structural proteins: membrane protein (M); spike protein (S); envelope protein (E); and nucleocapsid protein (N). Moreover, it has a single-stranded positive sense RNA and a genome approximately 29.9 kb in size. (B) To enter a host cell, the SARS-CoV-2 spike protein interacts with the ACE2 and neuropilin-1, while TMPRSS2 to activate its membrane-fusion capacity and subsequent endocytosis.


Analysis of mutations in the coding and non-coding regions, genetic diversity, and pathogenicity of SARS-CoV-2 has also been carried out and based on the results it was suggested that a minimal variation in the genome sequence of SARS-CoV-2 may be responsible for a drastic change in the structures of target proteins, making available drugs ineffective (Naqvi et al., 2020). Clinical data show that the main structures of the body that are affected by COVID-19 are the respiratory and cardiovascular systems (Kapoor, 2020; Lazzeri et al., 2020; Yi et al., 2021). However, SARS-CoV-2 is able to infect other systems, such as the digestive, urogenital and nervous systems (Zhang Y. et al., 2020; Spudich and Nath, 2022). In this review, we discuss the recent reports on the infectivity of SARS-CoV-2 in the central nervous system (CNS) and the probable impact of COVID-19 on neurodegenerative diseases.


Neurological Consequences of COVID-19

There are reports of COVID-19 exerting neurological effects, the most common being hypogeusia (diminished sense of taste) and anosmia (loss of sense of smell) (Gilani et al., 2020; Spudich and Nath, 2022), and cerebrovascular damage (Beyrouti et al., 2020; Meegada et al., 2020; Gilpin et al., 2021). However, encephalopathies (Helms et al., 2020), demyelination (Domingues et al., 2020; Zanin et al., 2020), edema and symptom presentations similar to multiple sclerosis and Guillain-Barré have also been observed with COVID-19 (Toscano et al., 2020; Spudich and Nath, 2022). Other neurological/neuropsychiatric symptoms such as alterations in consciousness and hallucinations in COVID-19 have been attributed to SARS-CoV-2’s effect on the frontal lobe cortex, an area intimately involved in perception (Ellul et al., 2020; Ferrando et al., 2020; Paniz-Mondolfi et al., 2020).

Because COVID-19 is a relatively recent disease, its full pathogenic mechanisms and possible sequelae in the nervous system remain unclear. Fortunately, novel molecular biology techniques, such as RT-PCR, RT-qPCR, CRISPR-based assays, and nucleic acid microarray assays have made it possible to elucidate some general aspects of the disease (Habibzadeh et al., 2021) and relate them to other public health emergencies caused by other coronaviruses, such as SARS in 2002–2003 and MERS in 2012 (Zhu Z. et al., 2020). Researchers have been able to ascertain complications associated with pre-existing conditions and the key role played by the immune system in resolution or further complication of the disease (de Wit et al., 2016; Abdelrahman et al., 2020; Ansariniya et al., 2021). In addition, SARS-CoV-2-induced acute and long-term neurological effects are a subject of intense investigation and a main focus of this article.




NEUROINVASIVE MECHANISMS OF SEVERE ACUTE RESPIRATORY SYNDROME CORONAVIRUS 2

Human coronaviruses not only cause common colds but can also infect neural cells as evidenced by neurotropism and neuroinvasion (Arbour et al., 2000). Studies carried out on brain samples taken from patients with SARS disease detected the presence of the SARS-CoV virus in nervous tissue (Ding et al., 2004; Xu et al., 2005). Moreover, SARS-CoV-2 has been detected in the brain and cerebrospinal fluid of COVID-19 patients using RT-qPCR and immunohistochemistry techniques (Domingues et al., 2020; Huang Y. H. et al., 2020; Moriguchi et al., 2020; Liu J. M. et al., 2021; Serrano et al., 2021; Song et al., 2021). Although the exact mechanism of neurological complications in COVID-19 patients is unknown, it has been shown that infection with SARS-CoV-2 damages the choroid plexus epithelium, leading to leakage across the blood brain barrier (Pellegrini et al., 2020). Nonetheless, potential mechanism (s) of SARS-CoV-2 entry into the CNS are a subject of intense relevance and interest (Hu et al., 2020).

It is known that both SARS-CoV and SARS-CoV-2 occupy the primary receptor angiotensin-converting enzyme 2 (ACE2) (Li et al., 2003; Lu R. et al., 2020) and can form a complex with other cofactors such as transmembrane serine protease 2 (TMPRSS2) (Hoffmann et al., 2020) and neuropilin-1 (Cantuti-Castelvetri et al., 2020; Daly et al., 2020). This interaction between SARS-CoV-2 and ACE2 is essential for the complex to be internalized into the cells (Figure 1). TMPRSS2 is vital for SARS-CoV-2 infection, although it has a low expression in the brain. However, SARS-CoV-2 can also infect cells via neuropilin-1 and furin protease which have a higher and broader expression in the brain compared to TMPRSS2 or ACE2 (Davies et al., 2020). Moreover, SARS-CoV-2 is likely to infect glutamatergic neurons due to higher expression of ACE2, neuropilin-1 and furin protease than GABAergic neurons (Dobrindt et al., 2021). Thus, other proteins could be involved in SARS-CoV-2 entry into the brain. Indeed, a recent study suggests that SARS-CoV-2 may interact with metabotropic glutamate receptor 2 (mGluR2), which may play a role in internalization and perhaps in SARS-CoV-2 neurotropism (Wang J. et al., 2021).

ACE2 is highly expressed in adipose tissue and organs such as the kidney, small intestine, heart, and testicles, and to a lesser extent in the lung, liver, colon, spleen, muscle, blood, and brain (Li et al., 2020). Moreover, a low but constant expression of ACE2 has been revealed via the use of transcriptomic techniques on various brain structures, such as the brainstem, cortex, striatum, hypothalamus, choroid plexuses, and the paraventricular nuclei of the hypothalamus (Xia and Lazartigues, 2008; Chen R. et al., 2020). Given the evidence for the distribution of ACE2 in the brain, it can be inferred that multiple regions may be affected during SARS-CoV-2 infection. Furthermore, SARS-CoV-2 has a higher affinity for ACE2 than SARS-CoV and therefore, could have a major detrimental effect on the brain (Natoli et al., 2020).

The clinical severity of COVID-19 has been correlated with the frequency of neurological complications, while meningitis and encephalitis have been associated with paranasal sinusitis and could, in severe cases of SARS-CoV-2 infection, be an indicator of an aggravated viral infection due to an obstruction in the paranasal lymphatic vessels (Bridwell et al., 2020; Moriguchi et al., 2020). On the other hand, the glymphatic system, a glia-dependent elimination pathway for soluble wastes and metabolic products in the brain, is believed to play an important role in paranasal sinusitis. Serving as the brain’s “front end,” the glymphatic system is interconnected with the lymphatic network of the dura, cranial nerves, and veins of the skull (Benveniste et al., 2019). This interconnection could be used by SARS-CoV-2 to gain access to the brain in order to be internalized by the neurons. A compromised blood-brain barrier (BBB) and the perforation of the ethmoid bone are other suggested routes via which the virus enters the brain (Zubair et al., 2020; Pacheco-Herrero et al., 2021). Overall, three main routes for viral entry to the CNS have been proposed: (1) the transcribrial neuroinvasive route; (2) the neuroinvasive route via the ocular surface; and (3) the hematogenous neuroinvasive route (Figure 2). These proposed routes are discussed in the following sections.


[image: image]

FIGURE 2. Mechanisms suggested through which SARS-CoV-2 invades the nervous system. (A) Transcribrial neuroinvasive route; SARS-CoV-2 may invade the brain through the olfactory nerve, and via cranial nerves. (B) Route ocular surface; multiple cell types of the visual system are suggested provide as potential entry points for SARS-CoV-2 invasion to the brain. (C) Hematogenous neuroinvasive route; SARS-CoV-2 possibly infects vascular endothelial cells via the ACE2 and TMPRSS2 receptors. Viral particles can reach the brain through the BBB by infecting and replicating inside brain microvascular endothelial cells. Moreover, SARS-CoV-2 infection can cause excessive peripheral immune responses to result in BBB dysfunction via cytokine storm.



Evidence of Neuroinvasive Routes via Retrograde Axonal Transport

It has been proposed that one of the main neuroinvasive pathways into the CNS by SARS-CoV-2, as well as other viruses is via tropism, where a virus can infect a distinct group of cells by binding to the virus receptors on the surface of the host cell (Bauer et al., 2022a). In fact, chronic viral infections can be a risk factor for neurodegenerative diseases. In this regard, potential involvement of Japanese encephalitic virus, the influenza virus, herpes simplex virus type-1 (HSV-1) and the human immunodeficiency virus (HIV) in etiology of Parkinson’s disease and for Alzheimer’s disease have been suggested (De Chiara et al., 2012; Limphaibool et al., 2019; Sait et al., 2021). It is worth noting that HSV-1 infections are common, and that the virus can persist in a latent form within the neurons of its human host. Therefore, viruses may cause damage in vulnerable brain areas leading to neurodegenerative disease (Lotz et al., 2021; Sait et al., 2021).


Transcribrial Neuroinvasive Route of Severe Acute Respiratory Syndrome Coronavirus 2

It is suggested that SARS-CoV-2 reaches the olfactory bulb via infection of the peripheral nerve terminals of the olfactory sensory neurons (Mori, 2015; Desforges et al., 2019; Paniz-Mondolfi et al., 2020; Kumar et al., 2021). This proposed transcribrial route is supported by reports of SARS-CoV-2 patients presenting symptoms of anosmia and dysgeusia (Klopfenstein et al., 2020; Levinson et al., 2020; Mutiawati et al., 2021). It is noteworthy that ACE2 protein is highly expressed in the olfactory bulb (Brann et al., 2020) and the olfactory neuroepithelium (Sungnak et al., 2020; Ziegler et al., 2020). Thus, it is postulated that SARS-CoV-2 forms complexes with TMPRSS2 and neuropilin-1 via interaction with olfactory neuroepithelial ACE2, allowing it to enter into the brain retrogradely via the cranial nerves (Reza-Zaldívar et al., 2020; Messlinger et al., 2021). Indeed, there are reports that when some viruses infect the nociceptive neurons of the nasal cavity, they are able to reach the CNS through the trigeminal nerve (Deatly et al., 1990; Lochhead and Thorne, 2012) and other sensory terminals of the vagus nerve (Driessen et al., 2016). Hence, SARS-CoV-2 could follow the cranial nerves (Bulfamante et al., 2021; Messlinger et al., 2021) from their origin in the nasal cavity to the olfactory nerve, and then to the olfactory bulb, and finally arriving at the brain stem (Bougakov et al., 2021; Figure 2A). This pathway is also followed by the OC43 coronavirus strain (Dubé et al., 2018).



Neuroinvasive Route of Severe Acute Respiratory Syndrome Coronavirus 2 via the Ocular Surface

Recent studies conducted on both humans (Zhou et al., 2020; Collin et al., 2021) and mice (Ma et al., 2020) have demonstrated the expression of ACE2 and TMPRSS2 receptors in ocular surface cells, a region comprising the epithelial cells of the cornea and conjunctiva. Furthermore, a remarkable level of ubiquity of ACE2 receptor expression was recently found in the trabecular meshwork and ocular choroid cells of the outer eye, the optic nerve, and optic radiation or geniculocalcarine tract to the occipital cortex, which suggests that multiple cell types of the visual system provide potential entry points for SARS-CoV-2 invasion (Hill et al., 2021). However, as ACE2 expression has been observed more in the conjunctiva than in the cornea, SARS-CoV-2 has greater neuroinvasive potential via the conjunctiva (Leonardi et al., 2020; Ma et al., 2020). For the ocular surface to be considered a SARS-CoV-2 infection route, TMPRSS2 must be co-expressed along with ACE2, as TMPRSS2 acts as a cofactor in internalization of the complex (de Freitas Santoro et al., 2021). It should be noted that TMPRSS2 expression has been observed in both the cornea and the conjunctiva (Leonardi et al., 2020; Collin et al., 2021). However, the likelihood of the ocular surface being an infection gateway is low despite the potential of SARS-CoV-2 causing conjunctivitis and other ocular discomfort (Chen X. et al., 2021). However, the actual conjunctival transmission of SARS-CoV-2 is yet to be confirmed (de Freitas Santoro et al., 2021).

The ocular surface is susceptible to viral infections by means of aerosols or direct contact with fomites resulting from exposure to external contaminants and is vulnerable to a higher level of exposure than the oral cavity or the nostrils (Coroneo, 2021; Figure 2B). In addition, clinical cases where conjunctivitis was the initial symptomatic manifestation in COVID-19 positive patients have been reported and confirmed via both nasopharyngeal swab samples and PCR test which detected the presence of SARS-CoV-2 RNA in tears (Zhang X. et al., 2020; Hassan et al., 2021). Nonetheless, confirmation of the conjunctival transmission of SARS-CoV-2 into the CNS requires further investigation.




Evidence of a Hematogenous Neuroinvasive Route of Entry for Severe Acute Respiratory Syndrome Coronavirus 2 to the Brain

The BBB tightly regulates the movement of molecules, ions, and cells between blood and the CNS and prevents the neurotoxic components of plasma, blood cells, and pathogens from entering the brain (Montagne et al., 2017). This regulatory characteristic is attributed to the arteries, arterioles, and capillaries that supply blood to the brain and that act in response to neuronal stimuli that trigger an increased rate of neurovascular coupling, a mechanism generated by the cerebral blood flow and the supply of oxygen. The neurovascular unit is made up of the following structural components: vascular cells (endothelium and wall cells, pericytes, and smooth muscle cells); glia (astrocytes and microglia); and neurons (Kisler et al., 2017; Sweeney et al., 2019; Sanchez-Cano et al., 2021). The regulation conducted by the BBB provides strict control over the cellular permeability of neuronal tissues, which is essential for proper neuronal function and which, furthermore, requires precise ionic concentrations in the surrounding environment (Daneman, 2012; Daneman and Prat, 2015). Therefore, the loss of homeostatic regulation and deterioration in the restrictive capacity of the BBB play important roles in the progression of neurological conditions such as brain trauma, and infectious and neurodegenerative diseases (Sanchez-Cano et al., 2021).

It is of particular interest to note that the ACE2 and TMPRSS2 receptors are expressed in the endothelial cells of the BBB (Chen R. et al., 2020; Qiao et al., 2020; Torices et al., 2021). Due to these findings and the interaction of the virus with the protein complex discussed earlier in this paper, it has been suggested that SARS-CoV-2 could reach the brain via systemic circulation by crossing the BBB and damage the choroid plexus (Baig, 2020; Pellegrini et al., 2020). The actual hematogenous mechanism by which SARS-CoV-2 gains entry to brain is not known. However, several mechanisms have been suggested (Achar and Ghosh, 2020; Pellegrini et al., 2020). These include: (a) transcellular migration, where the virus invades the host’s endothelial cells and is able to cross the BBB; (b) paracellular migration, where the virus invades the choroid plexus of the fenestrated endothelial cells and gets into the brain; and (c) the “Trojan horse” strategy, where the virus is internalized by phagocytic immune cells such as neutrophils and macrophages, and is subsequently replicated in the brain (Dahm et al., 2016; Figure 2C). Moreover, is likely that SARS-CoV-2 invades the brain by damaging the integral architecture of the BBB (Varghese et al., 2020). Thus, SARS-CoV-2 can get access into the brain by one or a combination of the above mechanisms.



Evidence of Neuroinvasive Mechanisms of Severe Acute Respiratory Syndrome Coronavirus 2 in Animal Models

Both the symptoms presented by infected patients and the findings of clinical pathology provide evidence of possible infection of the CNS by SARS-CoV-2. However, to further explore the viral pathogenesis in the host and characterize the mechanisms of viral access and dissemination in the CNS, a translational neuroscience approach (Johansen et al., 2020; Sanclemente-Alaman et al., 2020), similar to that employed in the early research conducted on SARS and MERS is necessary (Callaway, 2020; Natoli et al., 2020).

Because SARS-CoV-2 has a higher affinity for the human ACE2 receptor (hACE2) than animal ACE2, few studies have been carried out in animal models to determine the neuroinvasive pathways of the virus (Wan et al., 2020). In addition, hACE2 is structurally different from that in animal species. Hence, a significantly lower level of tropism is noted in animal vs. human tissue, particularly in relation to CNS (Natoli et al., 2020). Indeed, Brann et al. (2020) demonstrated that the olfactory sensory neurons of the whole olfactory mucosa of mice, unlike olfactory epithelial support cells, stem cells, and the cells of the nasal respiratory epithelium, do not express ACE2 and TMPRSS2 genes. Thus, it is argued that based off of animal studies, anosmia or other forms of olfactory dysfunction may not support olfactory bulb as an entry route for SARS-CoVs into the CNS (Brann et al., 2020; Natoli et al., 2020).

To overcome the discrepancy between animal and human studies, several animal models with closer resemblance to that of humans have been suggested. One suggestion is to develop humanized mouse models that express the hACE2 receptor (Sun et al., 2020), as the murine is the most widely used animal model for this purpose (Muñoz-Fontela et al., 2020). Another suggestion is to modify the SARS-CoV-2 spike to effectively bind with murine-ACE2 (Dinnon et al., 2020), however, this strategy is risky, since modifying the viruses can create a natural reservoir for a virus that might be completely different from the wild-type version. A third suggestion is to induce mice to be susceptible to SARS-CoV-2 infection by sensitizing the respiratory tract to the virus. The latter may be achieved via transduction with adenovirus or associated viruses that express hACE2 (Ad5-hACE2 or AAV-hACE2, respectively) (Israelow et al., 2020; Rathnasinghe et al., 2020). In all these suggestions, however, as mentioned earlier, it must be borne in mind that the co-expression of the ACE2 and TMPRSS2 receptors is necessary for the virus to be internalized.

It was recently demonstrated that neuroinvasion by SARS-CoV-2 could be achieved in an animal model where hACE2 was overexpressed by means of an adeno-associated virus infection (Song et al., 2021). Moreover, the neuronal infection could be prevented by blocking ACE2 with neutralizing antibodies or administering cerebrospinal fluid obtained from a COVID-19 patient, where presumably antibodies were present (Song et al., 2021). A recent study reported differences in the neuroinvasiveness and neurovirulence among the most relevant SARS-CoV-2 variants, D614G, Delta (B.1.617.2), and Omicron (B.1.1.529) 5 days post inoculation in a hamster model. The results showed that D614G variant had a high neuroinvasion via the olfactory nerve compared to the Delta and Omicron variants (Bauer et al., 2022b). While the results obtained provide evidence for the neuroinvasive capacity of SARS-CoV-2 in an animal model, the sequence of infection in different CNS cell types has not yet been determined. Therefore, more studies on detailed mechanism (s) of SARS-CoV-2 infection of the CNS are needed.




NEUROPATHOLOGICAL FEATURES OF SEVERE ACUTE RESPIRATORY SYNDROME CORONAVIRUS 2

SARS-CoV-2 has been reported to manifest neurological symptoms that range from mild to fatal, while it can also occur asymptomatically in patients. Clinical studies conducted on patients hospitalized with COVID-19 report a level of neurological manifestation ranging from 15.2% (Flores-Silva et al., 2021), or 36.4% (Mao et al., 2020) to 54.7% (Romero-Sánchez et al., 2020), and up to 88% (García-Moncó et al., 2021). It should be noted that the frequency of neurological alterations observed in patients with COVID-19 depends on whether they have been evaluated by a neurologist and/or inclusion of patients with a history of neurological complication.

The most common early neurological manifestations in patients with COVID-19 are headache, dizziness, nausea, vomiting, myalgia, and neuralgia (Guan et al., 2020; Mao et al., 2020; Wang et al., 2020; Song et al., 2021). Anosmia and dysgeusia develop in the early stages of infection and are more frequent in less severe cases (Mao et al., 2020; Flores-Silva et al., 2021; García-Moncó et al., 2021). Late-infection neurological manifestations include acute cerebrovascular disease, meningoencephalitis, impaired consciousness, and skeletal muscle injury (Al Saiegh et al., 2020; Guan et al., 2020; Guidon and Amato, 2020; Parikh et al., 2020). Less-frequently reported symptoms include dysautonomia, seizures, movement disorders, Guillain Barré syndrome, Miller Fisher syndrome, and optic neuritis (Gutiérrez-Ortiz et al., 2020; Hwang et al., 2020; Manji et al., 2020). In addition, the University College London Queen Square Institute of Neurology has reported five categories of clinical presentations at a neurological level: (1) encephalopathy with delirium/psychosis and no magnetic resonance imaging or cerebrospinal fluid abnormalities; (2) inflammatory CNS syndromes including encephalitis and acute disseminated encephalomyelitis; (3) ischemic strokes; (4) peripheral neurological disorders including Guillain–Barré syndrome and brachial plexopathy; and (5) miscellaneous central nervous disorders (Paterson et al., 2020; Gasmi et al., 2021). Thus, neurological manifestations are variable and not uncommon in COVID-19 patients. Moreover, both morphological and biochemical pathological changes may be manifested as detailed below.


Morphological Changes

Research on the clinical and imaging aspects of COVID-19 infection as well as molecular biology studies conducted on both in vitro and in vivo models have provided valuable information in understanding the etiological mechanisms of SARS-CoV-2. However, despite the large amount of information available on the disease, there is little work conducted to characterize its pathological manifestations in the tissues of different systems of the body (Al Nemer, 2020; Skok et al., 2021; Table 1). Studies carried out on the anatomical brain pathology during autopsy reveal morphological alterations in the frontal and occipital lobes, olfactory bulb, cingulate gyrus, corpus callosum, hippocampus, basal ganglia, thalamus, cerebellum, midbrain, middle pons, medulla, brainstem, and the lateral ventricles (Barone et al., 2021; Caramaschi et al., 2021; Generoso et al., 2021). The most common gross findings are edema (Reichard et al., 2020), hemorrhagic lesions (Paniz-Mondolfi et al., 2020; Reichard et al., 2020), hydrocephalus (Lacy et al., 2020), atrophy and low brain mass (Lax et al., 2020; Wichmann et al., 2020), olfactory bulb asymmetry (Coolen et al., 2020), and infarcts (Solomon et al., 2020). SARS-CoV-2 has also been found to cause lesions and alterations in neuronal structures, while neuronal infection can cause encephalitis and the generation of lethal microthrombi (Bradley et al., 2020; von Weyhern et al., 2020). In addition, severe COVID-19 infection accompanied by multisystem inflammatory syndrome may cause fibrotic lesions and generate cerebral thrombosis (Turski et al., 2020).


TABLE 1. CNS damage by SARS-CoV-2 suggesting susceptibility to Parkinson’s and Alzheimer’s disease.
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Various studies have been carried out to ascertain the structural modifications in the brains of COVID-19 patients. Magnetic resonance techniques have shown a bilateral obliteration of the olfactory cleft in 50% of SARS-CoV-2-positive patients as well as a sudden loss of smell and subtle olfactory bulb asymmetry in 25% of the sampled patients (Niesen et al., 2021). Another study demonstrated microstructural changes using diffusion tensor imaging (DTI) and 3D high-resolution T1WI sequences in COVID-19 patients, where greater volume of bilateral gray matter (reported as gray matter volume) was observed in the hippocampus, olfactory cortices, insula, left rolandic operculum, left Heschl gyrus, and right cingulate gyrus (Lu Y. et al., 2020). These findings demonstrate possible alterations in the structural and functional integrity of brain microstructures in susceptible patients, and also suggest potential long-term consequences of SARS-CoV-2 infection, which may lead to or accelerate a variety of neurodegenerative diseases (ElBini Dhouib, 2021), discussed further below.



Molecular and Biochemical Changes

Given that most cases of SARS-CoV-2 infection present mild or moderate symptoms and that a group with severe infections develops multiple systemic dysfunctions as a consequence of imbalances in the immune and the oxidation-reduction systems, it is not surprising that inflammatory states and oxidative stress are commonly indicated in pathogenesis of COVID-19 (Mrityunjaya et al., 2020; Forcados et al., 2021). In addition, hyperactivation of the immune system leading to an exaggerated release of pro-inflammatory cytokines referred to as “cytokine storm” is not only associated with severe complications, but also poorer outcome (Chen G. et al., 2020; Noroozi et al., 2020; Tan et al., 2021; Yang et al., 2021).

Both the innate and adaptive immune systems have been widely described as working together, with the innate response representing the host’s first line of defense and the adaptive response becoming prominent several days after infection, when T and B cells have undergone clonal expansion (Strbo et al., 2014). Furthermore, the components of the innate system contribute to the activation of antigen-specific cells, which amplify their responses in order to achieve complete control over the pathogen by recruiting innate effector mechanisms. Therefore, the innate and adaptive responses are fundamentally different, although the synergy between them is essential for an effective immune response (Chaplin, 2010). Patients with severe SARS-CoV-2 infection manifest an increased innate immune response and a suppressed adaptive immunity, which is why a delayed elimination of the virus from the organism is observed (Pan Y. et al., 2021). This scenario aggravates the immune status of the patient as it increases the levels of various inflammatory factors and increases both the number and activation of immune cells at the site of the inflammation, a process from which cytokine storm originates (Catanzaro et al., 2020; Chen R. et al., 2021).

Neurons infected by SARS-CoV-2 release inflammatory mediators that are capable of activating adjacent cells such as glia, microglia, mast cells and endothelial cells, conditions which constitute the beginning of neuroinflammation (Almutairi et al., 2021; Frank et al., 2022). Elevated immunological mediators during SARS-CoV-2 infection include: tumor necrosis factor α (TNF-α); interferon gamma (INFγ); a series of chemokines such as CCL-2, CCL-5, and CXCL-10; a series of interleukins such as IL-1β, IL-6, IL-8, IL-12, IL-17, IL-18, and IL-33; and granulocyte macrophage colony stimulating factor (GM-CSF) (Kempuraj et al., 2020; Mehta and Fajgenbaum, 2021; Tripathy et al., 2021). SARS-CoV-2 infection induces the down-regulation of ACE2, disrupting the physiological balance between ACE/ACE2 and angiotensin II (Ang-II)/angiotensin and leading to severe multiple organ injury (Mehrabadi et al., 2021). In fact, it has been suggested that ACE2 downregulation may contribute to the pathogenesis of lung injury in COVID-19 (Ni et al., 2020). Angiotensin II stimulates gene expression of multiple inflammatory cytokines such as TNF-α and IL-6. TNF-α, in particular, induces macrophage differentiation of a pro-inflammatory phenotype, which exerts an antimicrobial effect. However, such differentiated macrophages are also responsible for recruiting more cell types via cytokine secretion, thus exacerbating the inflammatory response. Similarity, IL-6, essential for T cell differentiation, when elevated, signals a poorer SARS-CoV-2 prognosis (Banu et al., 2020; Patra et al., 2020; Ben Moftah and Eswayah, 2022).

Additionally, the pro-inflammatory factors discussed above are able to cross the BBB, increase vascular permeability, and trigger further release of pro-inflammatory cytokines from the microglia (da Fonseca et al., 2014; Zhang et al., 2021). This cascade results in increased apoptotic activity, increased levels of reactive oxygen species (ROS), mitochondrial dysfunction and eventual neurodegeneration (Chaudhry et al., 2020; Chiricosta et al., 2021; Kumar et al., 2021). Moreover, the high concentration of pro-inflammatory cytokines can lead to the activation of the coagulation cascade, suppression of anticoagulant factors, and hence increase the chance of thrombosis (Al Saiegh et al., 2020; Levi et al., 2020). An opposite scenario may also manifest itself where an increase in fibrinolytic activity leading to an increase in the level of fibrin degradation and hemorrhagic conditions including aneurysms may be observed in certain patients infected with SARS-CoV-2 (Al Saiegh et al., 2020).




SEVERE ACUTE RESPIRATORY SYNDROME CORONAVIRUS 2 AND NEURODEGENERATIVE DISEASE

The link between systemic and central inflammation, as well as between neurological and neuropsychiatric diseases, is well known (Hurley and Tizabi, 2013; Schwartz and Deczkowska, 2016; Skaper et al., 2018). In nervous tissue, the increased levels of inflammatory mediators and glial cell activity caused by SARS-CoV-2 infection may pose an increased risk of neurodegenerative disease such as Alzheimer’s disease (AD), Parkinson’s disease (PD) as well as multiple sclerosis (MS), stroke and neurological trauma (Mohammadi et al., 2020; Li et al., 2021; Tekiela and Majersik, 2021). SARS-CoV-2 infection in people with senility is likely to increase the neuropathological intensity and contribute to the worsening of motor and cognitive deficits (Wang Y. et al., 2021; Yu et al., 2021). Indeed, one of the main risk factors for both COVID-19 and neurodegenerative disease is age (Ferini-Strambi and Salsone, 2021; Figure 3). Older people comprise the section of the population most prone to developing neurodegenerative diseases (Hou et al., 2019) and present with more severe clinical reaction to COVID-19 (Lebrasseur et al., 2021). In addition, lifestyle and preexisting conditions such as trauma, infection, metabolic disease, and stress can accelerate the onset and progression of neurodegenerative diseases (Graham and Sharp, 2019; Madore et al., 2020; Lotz et al., 2021).
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FIGURE 3. SARS-CoV-2 infection and possible links for both Alzheimer’s and Parkinson’s disease. The common risk factors between COVID-19 and neurodegenerative diseases is the age; the oxidative stress; and, neuroinflammation. It’s possible that COVID-19 patients are more susceptible to developing neurodegenerative diseases and that patients with neurodegenerative diseases are more susceptible to contracting COVID-19.


It is important to note that protein aggregation in the brain is considered as one of the main reasons behind neurodegeneration. Protein aggregation has been observed for tau protein and Aβ peptide in AD; and α-synuclein for PD. The aggregation process spreads from one cell to another, and the aggregates and deposits formed impair brain function. It is unclear whether viral infections directly or indirectly cause neurodegeneration (Liu S. et al., 2021). However, it has been suggested that viruses can initiate pathological protein aggregation via a direct mechanism in Aβ peptide aggregation in vitro and in animal models infected with HSV-1 and respiratory syncytial virus (Ezzat et al., 2019). A recent study has shown direct interactions between the N-protein of SARS-CoV-2 and α-synuclein as the molecular basis for the observed correlation between SARS-CoV-2 infections and parkinsonism (Semerdzhiev et al., 2022). Given that cell-surface glycans function as initial, usually low-affinity attachment factors, these receptors play key roles in SARS-CoV-2 infection (Koehler et al., 2020; Prasad et al., 2021). Moreover, the ability of S1 protein of SARS-CoV-2 to interact with heparin receptor can lead to many misfolded brain proteins including amyloid complex and ultimately lead to neurodegeneration (Tavassoly et al., 2020; Idrees and Kumar, 2021).


Alzheimer’s Disease

One of the main causes of disability among older people around the world is dementia, with AD as the most common form (Alzheimer’s-Association, 2020). The mechanisms involved in the pathogenesis of AD are complex and not fully understood. However, the most accepted hypothesis involves molecular changes such as extracellular deposition of the β-amyloid protein and intracellular phosphorylation of the tau protein, causing the formation of amyloid plaques and neurofibrillary tangles, respectively (Liu et al., 2019). In addition, intense neuroinflammation, oxidative stress, mitochondrial dysfunction, and protein misfolding have also been implicated (Gandhi et al., 2019; Perez Ortiz and Swerdlow, 2019; Leng and Edison, 2021; Figure 3). Patients with AD are more susceptible to contracting COVID-19 (Finelli, 2021; Pan A. P. et al., 2021; Wang Q. et al., 2021), and COVID-19 patients are more susceptible to developing AD (Brown et al., 2020; Chiricosta et al., 2021; Villa et al., 2022). This might not be surprising due to the presence of common risk factors such as age, cardiovascular disease, metabolic, and psychological disorders between the two diseases (Brown et al., 2020; Finelli, 2021). Generally, inflammation increases with age, wherein higher levels of pro-inflammatory cytokines have been quantified in older people (Niraula et al., 2017; Rea et al., 2018). Furthermore, given that infection with a wide variety of pathogens is suspected to be a risk factor for the onset of AD (Seaks and Wilcock, 2020; Vigasova et al., 2021), an increased risk of developing AD and cognitive impairment in susceptible populations after SARS-CoV-2 infection would also be expected. Moreover, these patients often face social stigma and mental stress, which can further aggravate neuroinflammatory processes and result in psychiatric disorders (Justice, 2018; Milligan Armstrong et al., 2021). The presence of pathogens and other factors such as age, alcohol and tobacco consumption, cerebral hypoxia, metabolic diseases, pollution, sedentary lifestyle, or sleep disorders may cause BBB malfunction (Noe et al., 2020; Hussain et al., 2021), and hence lead to the infiltration of neurotoxic proteins such as the β-amyloid peptide (Wang D. et al., 2021). SARS-CoV-2 infection accompanied by a local immune response incorporating astrocytes and microglia could generate a state of neuroinflammation in susceptible patients that can manifest for a long term (Kumar et al., 2021; Villa et al., 2022). Such a scenario would be expected to exacerbate the current pathology in AD patients.

Genetically, apolipoprotein E ε4 allele (APOE4) has been determined the strongest risk factor for AD (Serrano-Pozo et al., 2021). Furthermore, APOE4 has been associate with increased susceptibility to SARS-CoV-2 infection and COVID-19 (Kurki et al., 2021). Cerebral microvasculature complications may be the basis of neurological issues in hospitalized COVID-19 patients (Miners et al., 2020; Lee et al., 2021). Interestingly APOE4 is also involved in BBB dysfunction and cerebrovascular diseases (Montagne et al., 2021). However, further research is needed to determine the exact role of APOE4 in COVID-19-induced AD.



Parkinson’s Disease

Similar to AD, PD is related to COVID-19, sharing risk factors such as advanced age, cardiovascular and metabolic diseases (Park et al., 2020; Fearon and Fasano, 2021; Sharifi et al., 2021). Moreover, patients with PD may be immunosuppressed, which makes them more susceptible to infections of any type including SARS-CoV-2 (Tansey and Romero-Ramos, 2019; Prasad et al., 2020).

Histologically, PD is characterized by the loss of dopaminergic neurons in the substantia nigra pars compacta (SNpc) and cytoplasmic inclusions, mainly composed of α-synuclein aggregates called Lewy bodies (Henderson et al., 2019; Figure 3). Although the precise etiology of PD is not well known, some hypotheses for its pathogenesis and development point to oxidative stress, neuroinflammation, mitochondrial dysfunction, synaptic pathogenesis, and also as a result of infection (Hurley and Tizabi, 2013; Meng et al., 2019). As patients in an advanced stage of PD have difficulties in chewing and swallowing, they commonly experience salivary accumulation and aspiration (Kwon and Lee, 2019). In addition, the stiffness of the chest wall common in PD inhibits the cough reflex, forming a favorable environment for SARS-CoV-2 infection. In the most severe cases, SARS-CoV-2 infection progresses to pneumonia, which is one of the leading causes of death in PD patients (Bhidayasiri et al., 2020). It is already well known that various viral infections can accentuate the pathological sequelae of PD (Jang et al., 2009).

Recently, a study demonstrated the ability of the H1N1 influenza virus to block protein degradation pathways and promoting the formation of α-synuclein aggregates in dopaminergic neurons in vitro (Marreiros et al., 2020), and a more recent study provided similar results in an in vivo model (Bantle et al., 2021). Furthermore, increased amounts of phosphorylated α-synuclein, activation of microglia and astrocytes, and selective loss of dopaminergic neurons in the SNpc with behavioral and motor consequences have been observed as secondary consequences of infection with the western equine encephalitis virus (WEEV) (Bantle et al., 2019). Thus, it is not unreasonable to expect similar consequences with SARS-CoV-2 infection (Chaná-Cuevas et al., 2020). Moreover, COVID-19 pandemic causing at least partial confinement and social distancing may not only limit the mobility but may also aggravate depression, mental stress, and loneliness in PD patients. It is noteworthy that there exists a substantial co-morbid condition of PD and depression (Tizabi et al., 2019, 2021).




IMMEDIATE PROSPECTS

In this article, we have reviewed the possible routes by means of which SARS-Cov-2 may enter the CNS, including transcribrial or the ocular surface, and the hematogenous neuroinvasive pathways. The increased occurrence of neuroinflammation, oxidative stress, and cytokine storm caused by the virus also increases the level of cellular damage in the CNS, thus increasing the risk of developing neurodegenerative diseases such as AD and PD. Further studies on effects of SARS-CoV-2 and its variants on protein aggregation, glia or microglia activation, BBB damage, oxidative stress, and neuroinflammation is warranted.
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Repetitive head impacts (RHI) and traumatic brain injuries are risk factors for the neurodegenerative diseases chronic traumatic encephalopathy (CTE) and amyotrophic lateral sclerosis (ALS). ALS and CTE are distinct disorders, yet in some instances, share pathology, affect similar brain regions, and occur together. The pathways involved and biomarkers for diagnosis of both diseases are largely unknown. MicroRNAs (miRNAs) involved in gene regulation may be altered in neurodegeneration and be useful as stable biomarkers. Thus, we set out to determine associations between miRNA levels and disease state within the prefrontal cortex in a group of brain donors with CTE, ALS, CTE + ALS and controls. Of 47 miRNAs previously implicated in neurological disease and tested here, 28 (60%) were significantly different between pathology groups. Of these, 21 (75%) were upregulated in both ALS and CTE, including miRNAs involved in inflammatory, apoptotic, and cell growth/differentiation pathways. The most significant change occurred in miR-10b, which was significantly increased in ALS, but not CTE or CTE + ALS. Overall, we found patterns of miRNA expression that are common and unique to CTE and ALS and that suggest shared and distinct mechanisms of pathogenesis.
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INTRODUCTION

Chronic traumatic encephalopathy (CTE) is a neurodegenerative disease associated with years exposure to repetitive head impacts (RHI). Chronic traumatic encephalopathy has been reported in a wide variety of RHI exposures, including contact sports such as American football, boxing, hockey, and rugby as well as from military blast injuries. Clinical symptoms may involve multiple domains, including mood, behavior, and cognitive functions (Katz et al., 2021). In some cases, motor symptoms can emerge in the form of parkinsonism (Adams et al., 2018) or motor neuron disease/amyotrophic lateral sclerosis (ALS) (McKee et al., 2009). Amyotrophic lateral sclerosis is four times more frequent in National Football League players (Lehman et al., 2012; Daneshvar et al., 2021) and is found within ∼6% of contact sports athletes with CTE (Mez et al., 2017). Microscopically, the hallmark of CTE involves phosphorylated tau (p-tau) neurofibrillary tangles (NFTs) that accumulate within neurons and neuronal processes in the cerebral cortex, preferentially at sulcal depths and around blood vessels. TDP-43 is present in approximately half of low stage (stage I and II) CTE and first appears within the CTE p-tau lesions at the sulcal depths of the frontal cortex (Danielsen et al., 2017). In high stage (stage III and IV) CTE, TDP-43 pathology is more frequent and involves additional brain regions (McKee et al., 2013).

Amyotrophic lateral sclerosis (ALS) is characterized by progressive degeneration of motor neurons within the motor cortex of the brain (upper motor neurons) and spinal cord (lower motor neurons). Symptoms typically manifest in one region of the body and progress to paralysis, respiratory failure, and eventual death. In most sporadic cases, pTDP-43 inclusions are present within motor neurons and variably in other regions of the brain. The disease course tends to be rapid with death occurring in 2 to 5 years. Both genetic and environmental factors are linked to the etiology of ALS (Saez-Atienzar et al., 2021). A 2007 study found that a diagnosis of ALS was 11-fold higher in those with multiple head injuries within 10 years than in those with no head injuries (H. Chen et al., 2007; Schmidt et al., 2010).

Chronic traumatic encephalopathy (CTE) with TDP-43 proteinopathy and ALS was first reported in contact sport athletes, including 2 former NFL athletes and one professional boxer (McKee et al., 2010) as well as a young soccer player (McKee et al., 2014). In a study done on the military cohort of the Department of Veterans Affairs Biorepository Brain Bank 5.8% of those with ALS were also comorbid with CTE. These comorbid subjects were more likely to have a history of traumatic brain injury (TBI). Clinically, they were more likely to have a bulbar onset and mood and behavioral alterations (Moszczynski et al., 2018; Walt et al., 2018).

MicroRNAs (miRNAs) are small non-coding strands of RNA of approximately 22 base pairs that are involved in regulating translation of messenger RNA. They target mRNA at the 3′ UTR and may either silence their translation or degrade them (O’Brien et al., 2018). MiRNAs are fairly new in the biomarker field and several studies have been performed that describe that their fluctuations in relation to diseases such as ALS and Alzheimer’s disease (Cheng et al., 2015; Mez et al., 2017; Miya Shaik et al., 2018; Ricci et al., 2018; Dewan and Traynor, 2021; Magen et al., 2021). Their putative involvement in CTE is thus far unknown.

The overlap in CTE and ALS pathologies and risk factors suggests they may share common disease mechanisms, yet the pathways of neurodegeneration might be sufficiently divergent to allow biomarker distinctions and diagnosis during life. Here we set out to determine whether miRNA levels were altered in the prefrontal cortex of participants with CTE, ALS, and comorbid CTE + ALS compared to controls. We hypothesized that individual miRNAs would be differentially regulated in each disease and that some miRNAs would be shared by CTE and ALS.



MATERIALS AND METHODS


Participants and Pathological Groups

Brain donors were selected from the Department of Veterans Affairs Biorepository Brain Bank (Brady et al., 2013) and the Understanding Neurology Injury and Traumatic Encephalopathy (UNITE) study brain bank (Mez et al., 2015, 2017). All consents for research participation and brain donation were provided by next of kin. Institutional Review Boards of the Boston and Bedford VA Healthcare Systems and Boston University Medical Center approved the relevant study protocols.

All brains were examined by neuropathologists (TS, AM, BH, VA) with no knowledge of the clinical data. Diagnoses were made using previously reported protocols and well-established criteria (Mez et al., 2015). The diagnosis of ALS required degeneration of upper and lower motor neurons with degeneration of lateral and ventral corticospinal tracts of the spinal cord and loss of anterior horn cells from cervical, thoracic and lumbar spinal cord with gliosis (Mackenzie et al., 2010). Chronic traumatic encephalopathy was diagnosed using established National Institute of Neurological Disorders and Stroke, NIBIB consensus criteria (McKee et al., 2016; Bieniek et al., 2021) and the McKee staging system (McKee et al., 2013; Alosco et al., 2020).

Brain donors were age and sex (all men) matched, had no other neurodegenerative disease co-morbidities and CTE cases were selected to include all 4 stages. The groups included 16 participants with CTE, 12 with CTE and ALS (CTE + ALS), and 2 controls from the UNITE brain bank (Mez et al., 2015). Fourteen participants with ALS, 9 with CTE + ALS, and 5 controls were selected based on matching diagnosis, age, and sex from the Department of VABBB (Brady et al., 2013). An additional 13 controls were included from the VA National Post-Traumatic Stress Disorder brain bank (Friedman et al., 2017). Controls were without a clinical neurodegenerative disease at post mortem examination. Overall, there were 71 participants, 16 in the CTE group, 21 in the CTE + ALS group, 14 in the ALS group, and 20 participants in the control group (Table 1). There was no significant difference in the age at death or RIN values between the groups.


TABLE 1. Variation in pathological group demographics.
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MiRNA Selection

A custom miRNA plate (Applied BioSystems, Waltham MA) was designed to include 47 targets previously implicated in human neurodegenerative diseases including Alzheimer disease, ALS, Multiple Sclerosis and Huntington’s disease as determined by PubMed search in May 2019 (Supplementary Tables 1, 2). This study is the first to examine miRNA levels in CTE. MiRNA pathways were determined via Pubmed searches conducted in December 2019 using terms including each miRNA name, Alzheimer Disease, ALS, Huntington’s disease, TBI, multiple sclerosis, Parkinson’s disease, inflammatory, cell death, apoptosis, cell growth, cell proliferation, development, human brain. Each individual miRNA may be involved in multiple different processes, and there is likely overlap between involved pathways.



Samples and MiRNA Extraction

Whole brain and spinal cord were half frozen and half fixed for complete neuropathological workup as described previously (Brady et al., 2013; Mez et al., 2015). miRNAs were measured within frozen dorsolateral prefrontal cortex gray matter. This region was chosen because it is affected in both diseases and has been utilized in previous studies of gene expression in neurodegenerative diseases (Labadorf et al., 2018).

Approximately 30 mg of frozen prefrontal cortex was homogenized over wet ice by hand using thioglyecrol provided by the Maxwell RSC miRNA kit (Promega, Madison WI). From this same kit the homogenized tissue was then processed with lysis buffer, DNase and proteinase K solutions. The solution was then inserted into a ready-made cartridge from the kit with all the reagents needed for extraction. MiRNA was extracted and eluted using the Maxwell 16 Instrument (Promega).



Quantitative Real Time Polymerase Chain Reaction

Samples were diluted to 5ng/μl and transcribed into cDNA using a Taqman Advanced MiRNA cDNA Synthesis Kit from Applied BioSciences. The cDNA underwent an additional amplification step to increase yields of unstable miRNAs (MiR-Amp). Samples were diluted 1:10 and loaded onto qPCR plates with Taqman Fast Advanced Master Mix. Each sample received 2 qPCR runs using the StepOnePlus Real Time polymerase chain reaction (PCR) System (Applied Biosystems, Foster City, CA), including one to evaluate for U6 a small non-coding spliceosome RNA that is a common endogenous control (Campos-Melo et al., 2013). The next qPCR run was with the custom miRNA plates with primers for selected targets. Samples were tested in duplicate.



Statistical Analysis

Targets that were successfully amplified had their ΔCT calculated using U6 endogenous control values. All statistics and graphs were generated using GraphPad Prism. Outliers were excluded using the ROUT method set to 0.1%, which resulted in the exclusion of miR-15a-5p from one CTE + ALS sample. Significant changes in each miRNA ΔCT were determined between experimental groups and controls using ANOVA with Dunnett’s multiple comparison testing. In order to further account for the multiple miRNAs tested, a Bonferroni correction of α-value (0.05) divided by the number of successfully amplified miRNA (38) was applied to give a cut-off p-value of 0.00132. For the purposes of graphing the relative change was calculated using the 2–ΔΔCT method (Livak and Schmittgen, 2001).




RESULTS

A total of 38 of the 47 targets were successfully amplified, indicating reliable expression in the human prefrontal cortex. Of those 38 miRNAs, 28 showed a significant difference in ΔCT values across pathology groups using ANOVA (Table 2). Figure 1 shows the distribution and overlap of upregulated miRNA across pathology groups.


TABLE 2. Changes in miRNA expression between pathological groups.
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FIGURE 1. Venn Diagram showing distinct and overlapping significantly altered miRNA within CTE, ALS, and CTE + ALS compared to controls. Bold and underline indicates a p-value at or below the Bonferroni number of 0.0013. Purple indicates miRNAs involved in inflammatory pathways; green indicates cell growth; blue indicates apoptotic; and black indicates miRNA that did not fit in any group.


MiRNAs significantly upregulated across pathology groups are summarized in Table 3. Those altered in only one disease group included two (7%) miRNAs (miR-34a-5p and miR-10b-5p) upregulated in ALS; five miRNAs (18%; miR-124-3p, miR-181c-5p, miR-197-3p, miR-16-5p, and miR-100-5p) were significantly altered in CTE; and two (7%; miR-30c-5p and miR-210-3p) were unique to CTE + ALS. Of the miRNAs that were significantly altered in two disease groups, two miRNAs (7%; miR-146b-5p and miR-148a-3p) were upregulated in ALS and CTE; two (7%; miR-196a-5p and miR-30e-5p) were upregulated in both ALS and in the CTE + ALS; eleven (39%; miR-125b-5p, miR-9-5p, let-7i-5p, miR-26a-5p, miR-26b-5p, miR-30d-5p, miR-128-3p, miR-34c-5p, miR-19b-3p, miR-186 and let-7b-5p) were upregulated in CTE and CTE + ALS. Finally, four miRNAs (14%; miR-146a-5p, miR-107, miR-15a-5p and miR-221-3p) had significant upregulation in all 3 pathological groups (Figure 1). Only miR-10b had a p-value less than 0.00132 (Bonferroni corrected for multiple comparisons).


TABLE 3. Upregulated miRNAs between control and pathology groups.
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Based on previous studies, miRNAs were categorized according to their role in physiological processes. The majority of miRNAs altered in ALS, CTE, or CTE + ALS have roles in inflammation, apoptosis, or cell growth and differentiation (Supplementary Tables 3–5). Specifically, eight (29%) upregulated miRNAs are involved in inflammatory processes (Figure 2), nine (32%) are involved in cell growth and differentiation (Figure 3) and 10 (36%) play a role in apoptosis (Figure 4). There was one miRNA (3%) (miR-186) that was upregulated in CTE and CTE + ALS that has been shown to affect synaptic activity and inhibit BACE1 (Kim et al., 2016). The cell growth and differentiation miR-10b was increased in ALS, but not CTE or CTE + ALS (Figure 3). Apoptotic miRNAs were increased similarly across ALS, CTE, and CTE + ALS (Figure 4).
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FIGURE 2. Cell Growth and Differentiation miRNAs significantly altered in CTE, ALS, or CTE + ALS. MiR-10b was upregulated in ALS alone. MiR-146b-5p and miR-148a-3p were significantly upregulated in non-comorbid ALS and CTE. MiR-197-3p was upregulated in CTE. Four miRNAs, miR-26a-5p, miR-26b-5p, miR-128-3p, miR-34c-5p were upregulated in CTE and CTE + ALS. Finally, miR-15a-5p was upregulated in all 3 conditions. Error bars denote standard error of the mean. *p < 0.05, **p < 0.01 compared to control group. Refer to Table 3 for statistical analyses between the pathologic groups and the control group.
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FIGURE 3. Inflammatory miRNAs significantly altered in CTE, ALS, or CTE + ALS. MiR-124-3p, miR-181c-5p were significantly upregulated in CTE only. MiR-9-5p, let-7b-5p, miR-125-5p, let-7b-5p were significantly upregulated in both CTE and CTE + ALS. MiR-210-3p was significantly upregulated in comorbid CTE + ALS. Finally, miR-146a-5p and miR-107 were significantly upregulated in all three groups. Error bars denote standard error of the mean. *p < 0.05, **p < 0.01 compared to control group. Refer to Table 3 for statistical analyses between the pathologic groups and the control group.
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FIGURE 4. Apoptotic miRNAs significantly altered in CTE, ALS, or CTE + ALS. MiR-34a-5p-5p was significantly upregulated in ALS alone. miR-16-5p and miR-100-5p were upregulated in CTE. MiR-30c-5p was upregulated in comorbid CTE + ALS. MiR-196a-5p and miR-30e-5p miRNAs were upregulated in both ALS and CTE + ALS. Let-7i-5p, miR-30d-5p, and miR-19-3p were upregulated in both CTE and CTE + ALS. Finally, miR-221-3p was upregulated in all three groups. Error bars denote standard error of the mean. *p < 0.05, **p < 0.01 compared to control group. Refer to Table 3 for statistical analyses between the pathologic groups and the control group.


Within each disease, the percentage of miRNA pathways involved differed (Figure 5). In ALS, altered miRNAs were most frequently involved in cell growth (40%) and apoptosis (40%) and less frequently inflammation (20%). CTE also showed frequent alterations in cell growth (36%), but greater involvement in inflammatory pathways (32%) compared to ALS. Finally, when ALS and CTE were comorbid, apoptosis (37%) and inflammatory (32%) pathways were the most frequently involved.
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FIGURE 5. Frequency of miRNA pathways in disease. MiRNAs were classified into inflammatory, cell growth, apoptotic, and other pathways and the frequency within each pathway is shown. (A). Frequency of miRNA pathways in ALS. (B). Frequency of miRNA pathways in CTE. (C). Frequency of miRNA pathways in CTE + ALS.




DISCUSSION

Overall, we found that CTE and ALS were characterized by similar changes in miRNAs previously implicated in neurological disease. The majority of miRNAs (72%) were similarly involved in ALS and CTE, suggesting common pathogenetic pathways of inflammation, cell growth, and apoptosis. The most significantly changed miRNA was miR-10b-5p, which was increased in ALS.


Cell Growth and Differentiation Pathways

MiR-10b is involved in cell growth and differentiation pathways. Mir-10b-5p has been shown to interact with the HOX gene cluster in both Alzheimer’s disease (AD) (Ruan et al., 2021) and Huntington’s disease (Hoss et al., 2014). In Alzheimer disease Ruan and colleagues showed that HOX genes were decreased and inhibited by miR-10b-5p, leading to more severe disease. Hoss et al. showed that three miRNAs that originate at or near the HOX gene cluster, miR-10b-5p, miR-196a-5p and miR-148a-3p, are significantly upregulated in Huntington’s disease, a neurodegeneration characterized by motor dysfunction, personality change, and cognitive decline. MiR-10b-5p has been studied in its relation to ALS though results have been mixed. Down regulation in ALS has been observed in muscle tissue (Si et al., 2018) and in plasma (Banack et al., 2020), but upregulation has been observed in whole blood (De Felice et al., 2018).

Another target of miR-10b-5p is brain derived neurotrophic growth factor (BDNF), which is a key regulator of cell growth and plasticity in the brain and has been shown to enhance cell survival. MiR-10b-5p has been shown to directly inhibit BDNF (L. Wang et al., 2020). The BDNF/TrkB pathway has been shown to be altered in ALS and BDNF was increased in skeletal muscle (Lanuza et al., 2019). Decreases in BDNF have also been reported after TBI (Korley et al., 2016), in AD, and in aging (Jiao et al., 2016). Other miRNAs that disrupt BDNF and may be involved include miR-26a-5p, miR-26b-5p, and miR-15a-5p. These were also found to be altered in CTE and CTE + ALS.



Inflammatory Pathways

Altered inflammatory pathways are a feature of RHI and CTE (Cherry et al., 2016, 2021) and ALS (Spencer et al., 2020), and numerous miRNAs might regulate these processes (Supplementary Table 3). Of the miRNAs altered in CTE and CTE + ALS compared to ALS, many were inflammatory, which supports the roles of RHI and inflammation in CTE pathogenesis. On the other hand, some inflammatory miRNAs were upregulated similarly in all three disease groups (miR-146a-5p, miR-107). MiR-146a-5p and miR-107 along with miR-9-5p, miR-181c-5p and miR-125b-5p are involved in the NF-κB pathway. The NF-κB has been previously implicated in ALS (Parisi et al., 2016; Tahamtan et al., 2018; Slota and Booth, 2019; Källstig et al., 2021) and TBI (Jassam et al., 2017; Pierre et al., 2021). Outside of the NF-κB pathway, miR-125b-5p has been directly implicated in hyperphosphorylation of tau (Banzhaf-Strathmann et al., 2014) and might contribute to CTE pathogenesis.



Apoptotic Pathways

Several upregulated miRNAs have a role in apoptosis and autophagy in neurodegenerative diseases. Protein and damaged cell clearance are especially important in ALS and CTE in which abnormal p-TDP-43 and p-tau proteins accumulate. MiRNAs related to apoptosis and autophagy were the predominantly altered group in ALS and CTE + ALS (Figure 5). MiR-34a-5p upregulation was unique to ALS. It has been previously demonstrated an upregulation in the plasma of familial ALS research participants with the C9orf72 mutation (Kmetzsch et al., 2021). The autophagy pathway is primarily regulated by inhibition of mTOR (mammalian target of rapamycin). mTOR is directly inhibited by miR-100-5p which was also found to be upregulated in CTE and has previously been implicated in altered protein deposition in AD (Ye et al., 2015). PI3K/akt, an activator of mTOR which is inhibited by miR-16-5p (T. Li et al., 2019), also found to be upregulated in CTE. Another key player in both apoptosis and autophagy pathways is Beclin, which fosters removal of old proteins and damaged cells. MiR-30c-5p, miR-30d-5p, and miR-30e-5p were all upregulated in ALS and CTE and have been shown to inhibit Beclin (Millan, 2017; Zhao et al., 2017), a protein involved in apoptosis and autophagy.



Biomarker Development

MiRNAs have been proposed as potential biomarkers for disease (Ghosh et al., 2021). Currently, CTE can only be diagnosed at autopsy and ALS is typically diagnosed after motor functions have declined. It remains to be determined whether miRNAs, such as miR-10b-5p are altered in biofluids such as the cerebrospinal fluid or blood during life in individuals with ALS or CTE. There have been recent studies that have examined the utility of select miRNA biomarkers in blood. MiR-181 is widely expressed in neurons and may be a marker for neuronal density, and miR-181 levels in serum have recently been associated with increased risk of death in ALS (Magen et al., 2021). We did not see differences in ALS prefrontal cortex but found that miR-181c-5p was significantly upregulated in the CTE group. Other promising miRNA targets that may be used as blood biomarkers of ALS patients include miR-206 and miR-124-3p (Soliman et al., 2021; Vaz et al., 2021). Correlations with blood and brain miRNA levels require further study.



Limitations

There were several limitations to this study. Only select miRNAs previously implicated in neurological disease were tested. Future studies should include more cases and examine additional miRNA targets as well as correlation between miRNA expression and markers for inflammation, cell growth, and apoptosis. This study also focused on changes in miRNAs within postmortem tissue from prefrontal cortex. Whether these changes are specific to prefrontal cortex in CTE and ALS or characteristics of widespread brain areas remains to be determined. Postmortem human brain tissue was evaluated; however, miRNAs are generally stable to degradation, and RIN values, a measure of tissue quality, were not significantly different between groups. Study participants were limited to primarily Caucasian men, limiting the generalizability of these findings.




CONCLUSION

Shared miRNA alterations in CTE and ALS suggest that inflammation, apoptosis, and cell growth are neurodegenerative pathways common to both disorders. Unique increases in miR-100-5p in brain donors with CTE, and unique increases in miR-10b-5p in brain donors with ALS suggest that miRNA analysis might prove useful in distinguishing these disorders but will require future studies of additional brain donors using broader regions of brain and spinal cord. Future studies in biofluids during life are warranted, including cerebrospinal fluid and serum, to determine the utility of miRNAs for potential biomarker development. Overall, these shared and distinct miRNA profiles suggest that miRNA analysis might prove useful in the future development of biomarkers for CTE and ALS.
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Evidence suggests that lightly myelinated cortical regions are vulnerable to aging and Alzheimer’s disease (AD). However, it remains unknown whether plasma markers of amyloid and neurodegeneration are related to deficits in intracortical myelin content, and whether this relationship, in turn, is associated with altered patterns of resting-state functional connectivity (rs-FC). To shed light into these questions, plasma levels of amyloid-β fragment 1–42 (Aβ1–42) and neurofilament light chain (NfL) were measured using ultra-sensitive single-molecule array (Simoa) assays, and the intracortical myelin content was estimated with the ratio T1-weigthed/T2-weighted (T1w/T2w) in 133 cognitively normal older adults. We assessed: (i) whether plasma Aβ1–42 and/or NfL levels were associated with intracortical myelin content at different cortical depths and (ii) whether cortical regions showing myelin reductions also exhibited altered rs-FC patterns. Surface-based multiple regression analyses revealed that lower plasma Aβ1–42 and higher plasma NfL were associated with lower myelin content in temporo-parietal-occipital regions and the insular cortex, respectively. Whereas the association with Aβ1–42 decreased with depth, the NfL-myelin relationship was most evident in the innermost layer. Older individuals with higher plasma NfL levels also exhibited altered rs-FC between the insula and medial orbitofrontal cortex. Together, these findings establish a link between plasma markers of amyloid/neurodegeneration and intracortical myelin content in cognitively normal older adults, and support the role of plasma NfL in boosting aberrant FC patterns of the insular cortex, a central brain hub highly vulnerable to aging and neurodegeneration.
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INTRODUCTION

Aging is the major risk factor for Alzheimer’s disease (AD), but the reasons why aging increases susceptibility to AD are poorly understood. One contributing factor may be the perturbation of myelin-related genes (Mathys et al., 2019) that eventually leads to widespread degeneration of myelin sheaths. This phenomenon results in slowing of conduction velocity along nerve fibers, modifying the timing of network oscillations, and ultimately affecting functional connections within neural circuits (Peters, 2002). The efficiency of remyelination also declines with age, likely due to the limited regenerative capacity of oligodendrocyte progenitor cells (Irvine and Blakemore, 2006). Consequently, lightly myelinated axons become more vulnerable to irreversible degeneration during aging, favoring cognitive decline (Wang et al., 2020) and the spread of AD pathology before the onset of symptoms (Mitew et al., 2010; Braak and Del Tredici, 2015; Couttas et al., 2016; Dean et al., 2017; Luo et al., 2019).

New ultrasensitive quantitative technologies allow the identification of proteins in blood at subfemtomolar concentrations (Rissin et al., 2010; Yang et al., 2017), opening new avenues for the development of blood biomarkers capable of detecting individuals at risk for cognitive decline and AD. Accumulated evidence suggests that lower levels of plasma amyloid-β fragment 1–42 (Aβ1–42) are associated with accelerated aging and AD. Accordingly, low levels of plasma Aβ1–42 at baseline have shown to increase the risk of cognitive decline (Seppälä et al., 2010), mild cognitive impairment (MCI) (Rembach et al., 2014) and AD (Rembach et al., 2014; Chouraki et al., 2015; Hilal et al., 2018; de Wolf et al., 2020). Moreover, higher plasma concentrations of neurofilament light chain (NfL), the main cytoskeletal structure of myelinated axons, have been associated with increased brain Aβ load in cognitively unimpaired older adults (Chatterjee et al., 2018; Benedet et al., 2020), and have shown to predict cortical thinning and subsequent cognitive impairment in the preclinical stage of both familial and sporadic AD (Preische et al., 2019; Lee et al., 2022). However, it remains largely unknown whether plasma markers of amyloid and neurodegeneration bear any relation to brain myelin content in cognitively normal older individuals, which may be relevant to establish surrogate markers of vulnerability to AD.

Although myelination is a prominent feature of the subcortical white matter (WM), the gray matter (GM) of the cerebral cortex also contains a substantial amount of myelinated axons unevenly distributed in layers (Nieuwenhuys, 2013). Thus, myelin density is higher in deeper than in superficial cortical layers and in sensorimotor than in association regions (Nave and Werner, 2014). This particular distribution of cortical myelin may partially account for the functional organization of the neocortex (Beul et al., 2017; Huntenburg et al., 2017). Moreover, evidence has shown that subtle changes in myelin have meaningful effects on neuronal network function (Waxman, 1980; Felts et al., 1997; Pajevic et al., 2014). Therefore, aging-related patterns of rs-FC may be driven by cortical regions showing myelin deficits, which, in turn, may be conditioned by plasma markers of amyloid and neurodegeneration.

Here, we specifically addressed these questions by investigating whether the T1w/T2w ratio, considered as a proxy of myelin content in the cortical GM (Glasser and Van Essen, 2011), is associated with plasma levels of Aβ1–42 and NfL in cognitively normal older adults, and whether this relationship varies with cortical depth. Next, we assessed whether those cortical areas showing plasma measurements-related myelin deficits also exhibited alterations in their pattern of rs-FC, which in turn may account for the variability in cognitive functioning. Therefore, the present study sought to test three inter-related hypotheses. As amyloid pathology has been previously associated, either direct or indirectly, with myelin damage (Desai et al., 2010; Mitew et al., 2010; Schmued et al., 2013; Dean et al., 2017; Luo et al., 2019; Chen et al., 2021), we first hypothesized that lower levels of plasma Aβ1–42 will be associated with lower intracortical myelin content in cognitively normal older adults. The relationship between aging-related axonal damage and myelin breakdown is likely strengthened by dysfunctional oligodendrocytes, which supply energy for axonal metabolism (Mot et al., 2018). Accordingly, our second prediction was that higher levels of plasma NfL will be accompanied by lower myelin content, and that this relationship will become more evident in inner cortical layers, where oligodendrogenesis is most impaired (Orthmann-Murphy et al., 2020; Xu et al., 2021). Finally, and given the critical role of myelin in neuronal communication and fine-tuning of neuronal circuits (Fields, 2015; Monje, 2018), we postulated that cortical regions showing lower myelin content related to plasma levels of Aβ1–42 and/or NfL will also show altered patterns of rs-FC.



MATERIALS AND METHODS


Participants

One hundred thirty-three cognitively normal older adults participated in the study (65 ± 5.9 years; range: 54–76 years; 81 females). They were recruited from senior citizen’s associations, health-screening programs, and hospital outpatient services. All of them underwent neurological and neuropsychological assessment to discard both the presence of dementia and objective cognitive impairment. Individuals with medical conditions that affect brain structure or function (e.g., cerebrovascular disease, epilepsy, head trauma, history of neurodevelopmental disease, alcohol abuse, hydrocephalus, and/or intracranial mass) were not included in the study. Participants met the following criteria: (i) normal global cognitive status in the Mini-Mental State Examination (scores ≥ 26); (ii) normal cognitive performance in the neuropsychological tests relative to appropriate reference values for age and education level; (iii) global score of 0 (no dementia) in the Clinical Dementia Rating; (iv) functional independence as assessed by the Spanish version of the Interview for Deterioration in Daily Living Activities (Böhm et al., 1998); (v) scores ≤5 (no depression) in the short form of the Geriatric Depression Scale (Sheikh and Yesavage, 1986); and (vi) not be taking medications that affected cognition, sleep, renal or hepatic function. All participants gave informed consent to the experimental protocol approved by the Ethical Committee for Clinical Research of the Junta de Andalucía according to the principles outlined in the Declaration of Helsinki. Table 1 contains sample characteristics.


TABLE 1. Demographics, cognitive and biochemical variables.
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Neuropsychological Assessment

All participants received neuropsychological assessment. They were administered with the following tests: the Spanish version of the Memory Binding Test (MBT) (Gramunt et al., 2016); the short form of the Boston Naming Test (BNT); the semantic and phonological fluency tests based on the “Animal” and letter “P” naming tasks; the two forms of the Trail Making Test (TMT-A and TMT-B); and the Tower of London (TL). All neuropsychological scores were z transformed. In the case of TMT-A and TMT-B, we used the inverse z-values, while in the case of the MBT and TL we first computed a composite measure by summing the z-scores of the different scores. We then applied principal component analysis to obtain the Spearman’s “g” factor as an index of global cognitive function. This analysis was done with R Statistical Software v3.0.1 (R Foundation for Statistical Computing, Vienna, Austria) using the prcomp function. We only retained the first component (eigenvalue 3.4), which explained 53.7% of variance in the data, due to the contribution of MBT (24.2), BNT (24.2), phonological fluency (24.2), semantic fluency (3.2), TMT-A (8.6), TMT-B (9.5), and TL (6.0). The standardized residuals were used to obtain the latent variable g (factor loading MBT: 0.92; BNT: 0.92; phonological fluency: 0.92; semantic fluency: 0.33; TMT-A: 0.55; TMT-B: 0.57; TL: 0.46).



Measurements of Plasma Aβ1–42 and NfL

Fasting blood samples were taken at 9:00-10:00 AM in all participants to control for potential circadian effects. Briefly, venous blood samples were collected in 10 ml dipotassium ethylene diamine tetraacetic acid (EDTA) coated tubes (BD Diagnostics), and immediately centrifuged (1,989 g) at 4°C for 5 min. Supernatant plasma was aliquoted into polypropylene tubes containing 300 μl of plasma mixed with 10 μl of a protease inhibitor cocktail (cOmplete Ultra Tablets mini, Roche), and stored at –80°C until analysis. Plasma samples used in the present study were not previously thawed.

Plasma Aβ1–42 and NfL levels were measured on the ultra-sensitive single-molecule array (Simoa) HD-1 analyzer platform (Quanterix, MA, United States) following the manufacturer’s instructions. The Aβ1–42 Simoa 2.0 assay (Cat. No. 101664) and the NF-light Simoa assay advantage kits (Cat. No. 103186) were purchased from Quanterix. These assays measure Aβ1–42 and NfL levels in human plasma with a detection limit of 0.044 and 0.038 pg/ml, respectively. Two quality control samples were run on each plate for each analyte. Plasma Aβ1–42 and NfL determinations were run in duplicates, and the average of the two measurements (pg/ml) was used for statistical analysis. Samples with coefficients of variation higher than 20% were excluded.



Magnetic Resonance Imaging Acquisition

Structural and functional magnetic resonance imaging (MRI) scans were performed on a 3T Philips Ingenia MRI scanner, equipped with a 32-channel radio-frequency (RF) receive head coil and body RF transmit coil (Philips, Best, Netherlands). The following MRI sequences were acquired in the same session: (i) 3D T1-weighted (T1w) magnetization prepared rapid gradient echo (MPRAGE) in the sagittal plane: repetition time (TR)/echo time (TE) = 2,600 ms/4.7 ms, flip angle (FA) = 9°, acquisition matrix = 384 × 384, voxel resolution = 0.65 mm3 isotropic, resulting in 282 slices without gap between adjacent slices; (ii) 3D T2w scan in the sagittal plane: TR/TE: 2,500 ms/251 ms, FA = 90°, acquisition matrix = 384 mm × 384 mm, voxel resolution = 0.65 mm3 isotropic, resulting in 282 slices without gap between adjacent slices; and (iii) T2w Fast Field Echo images using a blood-oxygen-level-dependent (BOLD) sensitive single-shot echo-planar imaging (EPI) sequence in the axial plane: TR/TE: 2,000 ms/30 ms, FA = 80°, acquisition matrix = 80 mm × 80 mm, voxel resolution = 3 mm3 isotropic, resulting in 35 slices with 1 mm of gap between adjacent slices. To allow for optimal B1 shimming, a B1 calibration scan was applied before starting the EPI sequence. We acquired 250 EPI scans preceded by four dummy volumes to allow time for equilibrium in the spin excitation. Before starting the acquisition of the EPI sequence, participants were asked to remain still and keep their eyes closed without falling sleep. Pulse and respiratory rates were recorded using the scanner’s built-in pulse oximeter placed on the left-hand index finger and a pneumatic respiratory belt strapped around the upper abdomen, respectively. Brain images were visually examined after each MRI sequence; they were repeated if artifacts were clearly identified. All participants underwent the same MRI protocol at the MRI facility of Pablo de Olavide University.



Structural MRI Preprocessing and Generation of Cortical Myelin Maps

T1w scans were preprocessed using Freesurfer v6.0.1 The Freesurfer’s pipeline included brain extraction, intensity normalization, automated tissue segmentation, generation of white matter (WM) and pial surfaces, correction of surface topology and inflation, co-registration, and projection of cortical surfaces to a sphere for establishing a surface-based coordinate system (Fischl and Dale, 2000). Pial surface misplacements and erroneous WM segmentation were manually corrected on a slice-by-slice basis by one experienced technician. The T2w image was registered to the T1w image with bbregister employing a trilinear interpolation method. bbregister is a within-subject, cross-modal registration program that uses a boundary-based cost function constrained to 6 degrees of freedom (Greve and Fischl, 2009).

We have used the T1w/T2w ratio image to indirectly estimate the relative intracortical myelin content in individual cortical surfaces. Previous studies have shown that regional variations in the T1w/T2w ratio match the myelin content derived from histologically-defined cortical areas (Glasser and Van Essen, 2011) and they further correlate with cortical myelination patterns across the lifespan (Grydeland et al., 2019). This is partially due because myelin alters the signal intensity of T1w and T2w images in opposite directions and, consequently, the T1w/T2w ratio provides both enhanced tissue contrast and sensitivity to brain myelin content (Uddin et al., 2019). Furthermore, the T1w/T2w ratio cancels radiofrequency (RF) receive field (B1−) artifacts in the absence of head motion, and corrects reasonably well for RF transmit field (B1+) effects when the participants’ head is precisely located at the isocenter of the magnetic field (Glasser et al., in press). In the present study, the latter requirements were strictly met to reduce transmit field biases and spurious results in cortical myelin maps.

The tissue fraction effect was corrected in individual T1w/T2w ratio images using PETsurfer (Greve et al., 2016), setting the point spread function estimate to zero. Next, three intermediate surfaces were generated within the cortical GM at fixed relative distances between the WM and pial surfaces (Polimeni et al., 2010). These surfaces were located at 90% (outer layer), 50% (medium layer) and 10% (inner layer) of the cortical thickness away from the WM surface. Finally, individual myelin maps obtained at different cortical depths were projected onto the average cortical surface, transformed to z-scores, and smoothed using non-linear spherical wavelet-based de-noising schemes (Bernal-Rusiel et al., 2008). All processing steps were visually checked for quality assurance. Figure 1 illustrates the analysis pipeline for intracortical myelin mapping.


[image: image]

FIGURE 1. Analysis pipeline for intracortical myelin mapping. (A) Individual T1w scans were skull-stripped. Next, pial and WM boundaries were established using semi-automatic segmentation procedures implemented in Freesurfer. (B) Intracortical myelin content was obtained by computing the voxel-wise ratio of T1w to T2w. Warm colors represent regions of high intracortical myelin while cold colors represent regions of low myelin content, as revealed by T1w/T2w ratio values. (C) Three uniformly spaced layers were delineated within the cortical ribbon of the T1w/T2w ratio image: 90% (outer layer), 50% (medium layer) and 10% (inner layer) of the cortical thickness away from the WM surface. (D, Left panel) Individual myelin maps obtained at different cortical depths were projected onto the average cortical surface. (Right panel) Illustrative representations of the three cortical depths superimposed on myeloarchitectonic organization of the human neocortex (Figure adapted from Vogt, 1903).




Functional MRI Preprocessing and Resting State-Functional Connectivity Analysis

Resting-state functional magnetic resonance imaging (rs-fMRI) data were preprocessed using AFNI functions,2 version AFNI_20.3.01. For each participant, high-frequency spikes were eliminated (3dDespike), time-locked cardiac and respiratory motion artifacts on cerebral BOLD signals were minimized using RETROICOR (Glover et al., 2000), time differences in slice-acquisition were corrected (3dTshift), EPI scans were aligned using rigid body motion correction and selecting the first volume as reference (3dVolreg), and aligned EPI scans were co-registered to their corresponding T1w volumes (3dAllineate; cost function: lpc + ZZ).

Dynamics were removed provided that more than 5% of voxels exhibited signal intensities that deviated from the median absolute deviation of time series (3dToutcount); and/or when the Euclidean norm (enorm) threshold exceeded 0.3 mm in head motion. None of the participants showed more than 20% of artifactual dynamics after applying censoring. Simultaneous regression was further applied to minimize the impact of non-neuronal fluctuations on the rs-fMRI signal (3dTproject). Nuisance regressors included: (i) six head motion parameters (3 translational and 3 rotational) derived from the EPI scan alignment along with their first-order derivatives, (ii) time series of mean total WM/CSF signal intensity, and (iii) cardiac (measured by pulse oximeter) and respiratory fluctuations plus their derivatives to mitigate effects of extracerebral physiological artifacts on cerebral BOLD signals. No temporal band-pass filtering was applied.

Preprocessed rs-fMRI scans were projected onto the fsaverage5 cortical surface space. Seeds for FC analyses were derived from cortical regions showing significant associations between plasma measurements (i.e., Aβ1–42 and NfL levels) and intracortical myelin content. Surface-based rs-FC seed to whole cortex maps were obtained using the Fisher’s z-transform of the corresponding Pearson’s correlation coefficients.



Sample Size Estimation

To estimate the sample size, we performed power analysis with the G*Power software (v3.1.9.6).3 Only two studies have previously assessed the relationship between Aβ1–42 and intracortical myelin content, one in the AD continuum using both CSF Aβ1–42 and amyloid PET (Luo et al., 2019) and other in cognitively normal older adults using amyloid PET (Yasuno et al., 2017). To our knowledge, research investigating associations between NfL levels and intracortical myelin content or addressing the potential moderating effect of plasma measurements (i.e., Aβ1–42 or NfL) on the relationship between intracortical myelin content and cortical rs-FC patterns is lacking. Therefore, we computed an a priori (prospective) power analysis (fixed model, R2 deviation from zero) to achieve statistical power of 80% given a 0.025 two-sided significance level and an overall Cohen’s effect size (f2) ranging from 0.05 to 0.2. Supplementary Figure 1 shows the results of this analysis for additive models evaluating the relationship between one of the plasma measurements (either Aβ1–42 or NfL) and intracortical myelin content (3 predictors), and for interactive models assessing the moderating effect of one of the aforementioned plasma measurements on the relationship between intracortical myelin and rs-FC (5 predictors). This analysis revealed that 263 and 308 participants are required to detect an overall effect size of 0.05 for additive and interactive models, respectively. As the study sample consisted of 133 participants, interpretation of significances is conditional on the existence of overall effect sizes equal to or greater than 0.10 and 0.12 for main and interaction effects, respectively.



Statistical Analysis

We first applied the frequentist approach to determine whether age was related to plasma measurements and intracortical myelin after adjusting for the effects of sex. Next, by applying the same approach, we performed vertex-wise multiple linear regression analyses to evaluate the relationship of plasma measurements (either Aβ1–42 or NfL) with intracortical myelin content at different cortical depths (90, 50, and 10% away from the WM surface), including age and sex as covariates of no interest. To assess whether associations between plasma measurements and intracortical myelin content differed with cortical depth, we first computed the mean of the sum of all significant regions at the three cortical depths to extract the fitted values. These fitted values were entered into a mixed model with subjects as random effect to determine whether the strength of these associations varied significantly as a function of cortical depth. The effect of the moderator factor (i.e., cortical depth) was evaluated through an ANOVA that compared the null model only including the intercept with the experimental model including cortical depth as a fixed effect. If differences reached significance, post hoc comparisons were performed with the R package emmeans and multiple comparisons were adjusted using the Bonferroni correction.

Using the frequentist approach, we further evaluated whether cortical regions showing significant associations with plasma measurements also exhibited altered patterns of rs-FC. For this, we applied a vertex-wise multiple regression model that included as regressor of interest the interaction between plasma measurements (either Aβ1–42 or NfL) and the mean intracortical myelin of the region used as seed in the rs-FC analysis. These models were adjusted by age and sex.

Vertex-wise regression analyses for intracortical myelin and rs-FC were performed using the SurfStat package.4 Results were corrected for multiple comparisons using a hierarchical statistical model that first controls the family-wise error rate at the level of clusters by applying random field theory over smoothed statistical maps (pvertex < 0.001, pcluster < 0.05), and next controls the false discovery rate at the level of vertex within each cluster (p < 0.05) over unsmoothed statistical maps (Bernal-Rusiel et al., 2010). The anatomical location of significant results was based on vertices showing the maximum statistic within each significant cluster (Desikan et al., 2006).

After inferential evidence of a main or an interaction effect, we computed the standardized measure of effect size (i.e., Cohen’s f2) to evaluate local effect size within the context of a multivariate regression model (Cohen, 1988). To establish the precision of standardized effect sizes, we computed 95% confidence intervals (CI95%) using the normal approximated interval with bootstrapped bias and standard error (N = 10,000 bootstrap samples) with the Matlab’s bootci function.

Next, for each cortical vertex showing the maximum statistic within each significant cluster, we applied Bayesian linear regression analyses using JASP, version 0.12.2.5 The Bayesian approach allowed us to quantify the evidence for the alternative hypothesis and to overcome the problem of multiple comparisons resulting from performing different models for two hemispheres and three cortical depths. Bayesian linear regression analyses were based on non-informative priors such as the Jeffreys-Zellner-Siow prior with an r scale of 0.354 (Liang et al. (2008). We compared the strength of the Bayes factor for the model including all covariates of no interest (null model) with the model including the predictor of interest (experimental model) (BF10). The classification scheme proposed by Lee and Wagenmakers (2013) was employed to interpret the BF10. We only reported those results that reached significance according to the frequentist approach as long as the evidence in favor of the alternative hypothesis was at least moderate (BF10 ≥ 3).

Finally, we evaluated whether associations of intracortical myelin content with either plasma Aβ1–42/NfL levels or rs-FC accounted for the variability in global cognitive function. For this purpose, we first applied the Yeo-Johnson transformation to the cognitive index (i.e., the latent variable g) to reduce the detrimental effects of skewedness and heteroscedasticity in the different models (Yeo and Johnson, 2000). Next, we built four models to assess main and interaction effects. The first model only included the covariates of no interest; the second model the main effects; the third model the two-way interactions between the different predictors of interest; and the fourth model the three-way interaction. We first calculated F-tests between the different sequential models, and then compared the relative strength of the Bayes factor between the models.




RESULTS


Associations of Age With Intracortical Myelin and Plasma Levels of Aβ1–42 and NfL

Age was positively related to plasma Aβ1–42 (F1,130 = 9.8, p = 0.002) and NfL levels (F1,130 = 28.8, p < 10–6). On the contrary, age was negatively associated with intracortical myelin content in postcentral regions of the left hemisphere (F1,130 = 21.2, p < 10–5) and superior parietal lobe of the right hemisphere (F1,130 = 21.3, p < 10–5). These results are illustrated in Supplementary Figure 2.



Relationship Between Intracortical Myelin and Plasma Levels of Aβ1–42 and NfL

Figure 2 displays intracortical myelin maps projected onto the average cortical surface obtained at different depths (i.e., outer, medium and inner layers) before z-transformation. As expected, T1w/T2w ratio values increased with cortical depth (Nieuwenhuys, 2013; Nave and Werner, 2014). Our T1w/T2w ratio maps differ from those reported in Glasser and Van Essen (2011), especially in some regions of the occipital cortex, whose intracortical myelin content was associated with plasma levels of Aβ1–42 (see Figure 3). These differences may be due to the distinct approaches used to obtain the intracortical myelin maps in the two studies. Thus, we used absolute values comprising the entire range of T1w/T2w ratio values instead of a percentile scaling between 3 and 96%, as in Glasser and Van Essen (2011). Neither we adjusted the color palette to identify the transitions between adjacent areas, since we were not interested in delineating spatial gradients or myeloarchitectural features of cortical regions (Glasser and Van Essen, 2011).
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FIGURE 2. Intracortical myelin maps projected onto the average cortical surface obtained at different depths (outer, medium, and inner layer) before z-transformation. Note that, in general, T1w/T2w ratio values increase with cortical depth. Left (L) and right (R).



[image: image]

FIGURE 3. Associations between plasma Aβ1–42 levels and intracortical myelin content (T1w/T2w ratio values) on cortical surfaces obtained at 90% (outer layer), 50% (medium layer) and 10% (inner layer) of the cortical thickness away from the WM surface. Projected size effects on inflated cortical surfaces indicate positive associations of plasma Aβ1–42 levels with intracortical myelin content, after adjusting for age and sex. The color bar indicates the range of overall size effects (Cohen’s f2). Left (L) and right (R). Scatter plots show partial correlations between plasma Aβ1–42 levels and the mean myelin content of the most significant cluster for each cortical depth and hemisphere, adjusted by age and sex.


Plasma levels of Aβ1–42 were positively associated with T1w/T2w ratio values in temporo-parietal-occipital regions of both hemispheres at the three cortical depths, as illustrated in Figure 3 and reported in Table 2. The evidence in favor of the alternative hypothesis was extreme (BF10 > 100) for myelin content of inner and outer layers, and moderate in the medium layer (BF10 was reported in Table 2).


TABLE 2. Significant associations of plasma Ab1–42 and NfL with T1w/T2w ratio intensity values.

[image: Table 2]
Regarding the association between Aβ1–42 and intracortical myelin, mixed model ANOVAs revealed a significant main effect of cortical depth for the right hemisphere (χ2 = 346.6, p < 10–15) that was not extended to the left hemisphere (χ2 = 5.7, p = 0.06). Post hoc analyses showed that the strength of positive associations in the right hemisphere decreased with cortical depth, being stronger for the outer than for the other two layers (p < 0.0001), and stronger for the medium than for the innermost layer (p < 0.0001). Figures 4A,B illustrate these results.
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FIGURE 4. Boxplots showing individual fitted mean intracortical myelin values for regions showing a significant association with plasma measurements at different cortical depths. Effect of cortical depth for the Aβ1–42 associations with intracortical myelin in the left (A) and right hemisphere (B). Note that positive associations between plasma Aβ1–42 levels and intracortical myelin content (T1w/T2w ratio values) increased from inner to outer cortical layers only in the right hemisphere. (C) Effect of cortical depth for the NfL associations with intracortical myelin of the right insula. Note that the association between plasma NfL levels and intracortical myelin content (T1w/T2w ratio values) was more negative in the inner than in the medium and outer layers.


The regression analysis also revealed a negative association between plasma NfL levels and T1w/T2w ratio values of the right insular cortex (Figure 5 and Table 2). This result was restricted to the inner layer, where the Bayesian linear regression analysis showed a BF10 of 3.4, indicating that the alternative hypothesis is about three times more likely than the null, which is classified as moderate. The mixed model ANOVA addressing the effect of cortical depth on the strength of this association revealed a significant main effect in the right insular cortex (χ2 = 354.9, p < 10–15). The association of NfL with intracortical myelin was more negative for the innermost layer than for the other two layers (p < 0.0001). Figure 4C illustrates these results.
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FIGURE 5. Associations between plasma NfL levels and intracortical myelin content (T1w/T2w ratio values) on the cortical surface obtained at 10% of the cortical thickness away from the WM surface (inner layer). (A) Projected size effects on the inflated cortical surface indicate negative associations of plasma NfL levels with intracortical myelin content, adjusted by age and sex. The color bar indicates the range of overall size effects (Cohen’s f2). Right (R). (B) The scatter plot shows the partial correlation between plasma NfL levels and the mean myelin content of the significant cluster for the inner cortical layer located in the right insula, adjusted by age and sex.




Effect of the Relationship Between Plasma Measurements and Myelin Content on Rs-FC

We next performed rs-FC analysis using as seeds those regions derived from significant associations between plasma measurements (Aβ1–42 and NfL) and myelin content (regions displayed in Figures 3, 5). The interaction between plasma Aβ1–42 and intracortical myelin did not predict rs-FC for none of the seeds evaluated. Conversely, the multiple regression analysis performed on the rs-FC map with the right insula as seed revealed a significant two-way interaction in the left medial orbitofrontal cortex ([image: image] = 0.13, tmax = 4.36, pcluster = 0.006, rho = –2.22, CI95%[–2.81 to –1.63]). Figure 6A shows the spatial location of this result. Post hoc analyses shown in Figure 6B revealed a negative relationship between FC and myelin in individuals with higher plasma levels of NfL (i.e., the group with + 1SD) and a positive relationship in those with lower NfL levels (i.e., the group with –1SD). The Bayesian analysis yielded a BF10 of 304, and therefore the evidence in favor of the alternative hypothesis is considered as extreme.
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FIGURE 6. Moderating effect of plasma NfL levels on the relationship between the mean myelin content and the rs-FC pattern of the right insula. (A) Projected size effects on the inflated cortical surface show the moderating role of plasma NfL levels in the association between the myelin content and rs-FC pattern of the right insula. The color bar indicates the overall range of size effects (Cohen’s f2). Left (L). (B) Scatter plot for the association of the mean myelin content of the right insula with rs-FC between the right insula and left medial orbitofrontal cortex (mOFC) at 1 SD below and above the mean of plasma NfL levels, adjusted by age and sex.




Associations of Plasma Measurements, Intracortical Myelin and Resting State-Functional Connectivity With Cognition

The ANOVAs performed to compare the sequential models revealed no significant main or interaction effects on cognition. BF10 ranged between 0.33 and 1. Accordingly, no evidence in favor of the null hypothesis was observed in either case.




DISCUSSION

We showed that plasma levels of Aβ1-42 and NfL were associated with intracortical myelin content, suggesting that they are able to track variations in myelin content in the aging neocortex. Interestingly, associations with plasma NfL were most evident in inner cortical layers, where fibers are more densely myelinated (Nave and Werner, 2014) and oligodendrogenesis is most impaired (Orthmann-Murphy et al., 2020; Xu et al., 2021). Furthermore, we found that higher concentrations of plasma NfL were associated with aberrant FC patterns of the insular cortex, a central brain hub highly vulnerable to neurodegeneration involved in affective and cognitive processes (Cauda et al., 2011). Considering that myelin undergoes significant alterations during aging and that aging is the major risk factor for AD, these results may be helpful in detecting myelin dysfunctions in aging and hypothetically serve to identify vulnerability to develop AD.


Plasma Aβ1–42 Levels Are Positively Associated With Intracortical Myelin Content

Previous studies have shown that low plasma Aβ1–42 concentrations appear in MCI/AD patients carrying the Apolipoprotein E ε4 allele (APOE4) (Kleinschmidt et al., 2016) and in cognitively normal individuals showing abnormal CSF-amyloid status and positive amyloid PET scans (Verberk et al., 2018). Moreover, plasma Aβ1–42 levels have been negatively associated with WM hyperintensities and positively with global cognition, memory performance, hippocampal volume and cortical thickness of the temporal lobe (Llado-Saz et al., 2015; Poljak et al., 2016; Hilal et al., 2018), as well as with a steeper rate of subsequent cognitive decline (Rembach et al., 2014; Poljak et al., 2016; Verberk et al., 2020) and increased risk of AD (Chouraki et al., 2015; Hilal et al., 2018; de Wolf et al., 2020).

Our results revealed a positive relationship between plasma Aβ1–42 levels and intracortical myelin in cognitively normal older adults, linking plasma amyloid markers to cortical myelin integrity in normal aging. The association between cerebral amyloid aggregation and myelin deficits has been mainly supported by research in mouse models of AD (Desai et al., 2010; Mitew et al., 2010; Schmued et al., 2013; Chen et al., 2021). These studies showed that myelin pathology extends across regions with Aβ deposits (Mitew et al., 2010; Schmued et al., 2013), suggesting that the absence of oligodendrocytes in the plaque core may contribute to the destabilization of neuronal networks surrounding Aβ deposits (Palop and Mucke, 2010). This interpretation has been reinforced by research showing in vivo associations between myelin alterations and amyloid pathology in preclinical AD (Dean et al., 2017; Luo et al., 2019). In particular, lower CSF Aβ1–42 levels were found to be associated with lower myelin water fraction (MWF) in the WM of late myelinating brain regions (Dean et al., 2017), which are affected by AD lesions from the earliest stage (Braak and Del Tredici, 2015). Further evidence indicates that preclinical AD patients exhibit the lowest T1w/T2w ratio in the inferior parietal lobe, which continues to decrease with disease progression (Luo et al., 2019). Our results complement these findings, providing evidence that positive associations of intracortical myelin with plasmatic Aβ1–42 are restricted to posterior cortical regions in normal aging. Together, these results suggest that myelin breakdown in aging and preclinical AD occurs in the reverse direction in which myelination develops, from cortical association regions to subcortical WM projection tracts, and from posterior to anterior brain regions (Bartzokis, 2004).

An alternative interpretation is that the load of WM lesions, instead of Aβ deposition in plaques, could drive the relationship between plasma Aβ1–42 and intracortical myelin content. In line with this hypothesis, it has been reported that associations between CSF Aβ1–42 levels and cortical atrophy are noticeable in dementia patients but absent in cognitively normal older adults, whereas correlations between CSF Aβ1–42 and WM lesions are present in normal elderly individuals but lacked in dementia patients (Skoog et al., 2018). Further, if associations between plasma Aβ1–42 and intracortical myelin content were a reflection of the cerebral amyloid burden, this relationship should be stronger in deeper cortical layers, where the myelin content is higher (Hughes et al., 2018). This prediction is supported by evidence indicating that Aβ staining in 5×FAD transgenic mice is more intense in deeper than in superficial cortical layers. As a result, T1 and T2 values were more drastically reduced in deeper cortical regions in transgenic mice compared to wild-type mice (Spencer et al., 2013). Moreover, analysis of the laminar distribution of transmitter receptors in the human neocortex has shown that deeper layers of temporo-occipital regions concentrate a high density of kainate receptors (Palomero-Gallagher and Zilles, 2019). Given that oligodendrocytes contribute to the control of extracellular glutamate levels (Matute et al., 2001) and oligodendrogenesis is mostly impaired in the deeper cortical layers (Orthmann-Murphy et al., 2020; Xu et al., 2021), alterations in glutamate homeostasis may result in overactivation of kainate receptors and subsequent excitotoxic oligodendroglial death, especially in the innermost layers. However, our results showed that associations between plasma Aβ1–42 and intracortical were stronger in the outer cortical layer (at least in the right hemisphere), suggesting that plasma Aβ1–42-myelin associations are not likely driven by cerebral amyloid burden.

It is also worth noting that T1 relaxation rate correlates with iron concentration in the brain, showing much higher iron relaxivity values in the cortex than in other brain structures (Ogg and Steen, 1998). Accordingly, high-field MRI data from postmortem brain samples has revealed a layered organization of iron content in the cortical mantle suggestive of each region’s myeloarchitecture (Fukunaga et al., 2010). Therefore, we cannot rule out that associations between plasma measurements and intracortical myelin content are partially due to iron accumulation. Future experiments should use more sophisticated in vivo approaches to separate iron and myelin content in the human cortex (Shin et al., 2021) in order to reliably determine their specific effects on aging and aging-related neurodegenerative conditions.



Plasma NfL Levels Are Negatively Associated With Intracortical Myelin Content and Abnormal Resting State-Functional Connectivity

Neurofilament light chain is one of the scaffolding proteins of the axonal cytoskeleton with important roles in axonal and dendritic branching (Yuan et al., 2017). NfL is particularly abundant in myelinated axons and is released to the periphery upon damage of the central nervous system (Gafson et al., 2020). Although plasma NfL is not a specific AD biomarker, it has been positively associated with higher risk of cognitive decline in cognitively normal older adults, MCI and AD patients (Mattsson et al., 2017; Aschenbrenner et al., 2020; Lee et al., 2022) and higher CSF NfL concentration in the early presymptomatic stages of familial AD (Preische et al., 2019) and in all stages of sporadic AD (Mattsson et al., 2017). At baseline, it has been positively related to neocortical Aβ and tau in cognitively unimpaired and impaired older adults, respectively (Chatterjee et al., 2018; Benedet et al., 2020) and negatively to hippocampal atrophy in all stages of AD (Mattsson et al., 2017; Hu et al., 2019) and to the mean cortical thickness of the whole-brain and specific brain regions in MCI and cognitively normal older adults (Lee et al., 2022). Over time, decreasing plasma NfL levels have also been related to progressive enlargement of the lateral ventricles and decreasing brain metabolism, hippocampal volume and cortical thickness especially in MCI and AD patients (Mattsson et al., 2017; Benedet et al., 2020). Consequently, plasma NfL is considered a promising and cost-effective biomarker of axonal injury in AD and a variety of neurological conditions (Khalil et al., 2018).

High blood NfL levels may further reflect myelin breakdown, presumably due to dysfunctional oligodendrocytes, which provide trophic support to axons (Mot et al., 2018). Multiple lines of evidence indirectly support this hypothesis in humans. For instance, recent experiments have revealed associations between high serum NfL levels and MRI markers of myelin damage in multiple sclerosis (Yik et al., 2022), pediatric acquired demyelinating syndrome (Simone et al., 2021), and X-linked adrenoleukodystrophy (Weinhofer et al., 2021). Our results add further support to this hypothesis, showing a negative relationship between plasma NfL levels and intracortical myelin content of the right insular cortex, a lightly myelinated cortical region that has shown increased vulnerability in aging (Hu et al., 2014), preclinical (Cantero et al., 2020) and prodromal AD (Cantero et al., 2017).

We also showed that plasma NfL levels modulated patterns of FC between the insula and medial orbitofrontal cortex, two lightly myelinated cortical areas that appeared to be vulnerable to detrimental effects of aging (Bartzokis, 2011; Vidal-Piñeiro et al., 2016). Recent evidence has linked rs-FC patterns of insular cortex and orbitofrontal cortex to apathy (Jang et al., 2021), a multi-domain syndrome associated with poor outcomes and incident dementia in normal older adults (van Dalen et al., 2018), suggesting that impaired FC of these two regions may have unfavorable implications for aging. Tract tracing studies in primates have revealed that the anterior insula has prominent connections to the orbitofrontal cortex (Flynn et al., 1999), forming a functional unit that serves in the integration of complex autonomic, cognitive and emotional processes (Morel et al., 2013), all of them manifestly affected by aging (Salthouse, 2012). We speculate that as long as plasma NfL levels are elevated, reduced myelin content of the insular cortex may affect synchronized timing of neuronal impulses leading to abnormal functional connections with the medial orbitofrontal cortex.



Study Limitations

Results of the present study were cross-sectionally obtained, which has strengths and weaknesses that should be acknowledged. While cross-sectional studies are valuable for establishing preliminary evidence in planning advanced studies, they are not helpful for drawing predictive conclusions. As long as the study sample is representative of the overall population, cross-sectional studies are adequate for measuring the prevalence of health outcomes, understand determinants of health, and describe features of a population (Wang and Cheng, 2020). Therefore, our results cannot establish a true cause and effect relationship between T1w/T2w ratio values and plasma levels of Aβ1–42 and NfL, nor can they determine a temporal relationship between outcomes and risk factors. However, they could be used to generate predictive hypothesis for longitudinal studies in which T1w/T2w ratio values are used as a predictive or dependent variable.

Linking our results to AD requires caution. Brain-specific proteins are present in much lower concentrations in blood than in CSF because the blood-brain barrier prevents free passage of molecules between the CNS and blood compartments (Zetterberg and Burnham, 2019). More importantly, Aβ species are expressed in non-brain tissues and bind to a variety of blood proteins (Marcello et al., 2009), which may not reflect brain Aβ turnover/metabolism and consequently reduce the potential for monitoring Aβ pathology in the blood. Moreover, the plasma Aβ1–42/Aβ1–40 ratio has shown better concordance with cerebral amyloid load than plasma Aβ1–42 alone (Janelidze et al., 2016; Schindler et al., 2019), suggesting that the Aβ1–42/Aβ1–40 ratio has an added value as a pre-screening biomarker in AD.




CONCLUSION

The present study showed that lower plasma Aβ1–42 and higher plasma NfL levels were associated with lower intracortical myelin content in temporo-parietal-occipital regions and the insula, respectively. Notably, the latter association was most evident in inner cortical layers, where axons are more heavily myelinated (Nave and Werner, 2014) and oligodendrogenesis is most impaired (Orthmann-Murphy et al., 2020; Xu et al., 2021). Plasma NfL levels further moderated the relationship between intracortical myelin content and rs-FC, likely revealing a complex inter-relationship between axonal damage, myelin breakdown and FC in aging. As myelin undergoes significant alterations in aging, the most important risk factor for AD, these results may be helpful in detecting aging-related myelin dysfunctions and potentially serve to identify vulnerability to develop AD.



DATA AVAILABILITY STATEMENT

The raw data supporting the conclusions of this article will be made available by the authors on reasonable request.



ETHICS STATEMENT

The studies involving human participants were reviewed and approved by Ethical Committee for Clinical Research of the Junta de Andalucía. The patients/participants provided their written informed consent to participate in this study.



AUTHOR CONTRIBUTIONS

JLC conceived the study and wrote the manuscript. MF-A, MA, and JLC contributed to data acquisition, data analysis, and preparation of figures and tables. FZ, CM, and EC-Z performed the plasma Aβ1–42 and NfL determinations. All authors read and approved the final version of the manuscript.



FUNDING

This work was supported by the Spanish Ministry of Economy and Competitiveness (PID2020-119978RB-I00 to JLC and PID2020-118825GB-I00 to MA), CIBERNED (JLC, MA, CM, EC-Z, and FZ), Alzheimer’s Association (AARG-NFT-22-924702 to JLC), the Basque Government (IT1203-19; ELKARTEK KK-2020/00034 to EC-Z), the Research Program for a Long-Life Society of the Fundación General CSIC (0551_PSL_6_E to JLC), the Junta de Andalucía (PY20_00858 to JLC), and the Andalucía-FEDER Program (UPO-1380913 to JLC).



SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fnagi.2022.896848/full#supplementary-material


FOOTNOTES

1https://surfer.nmr.mgh.harvard.edu/
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Parkinson's disease (PD), the second most common neurodegenerative disorder, is characterized by neuroinflammation, formation of Lewy bodies, and progressive loss of dopaminergic neurons in the substantia nigra of the brain. In this review, we summarize evidence obtained by animal studies demonstrating neuroinflammation as one of the central pathogenetic mechanisms of PD. We also focus on the protein factors that initiate the development of PD and other neurodegenerative diseases. Our targeted literature search identified 40 pre-clinical in vivo and in vitro studies written in English. Nuclear factor kappa B (NF-kB) pathway is demonstrated as a common mechanism engaged by neurotoxins such as 1-methyl-4-phenyl-1,2,3,6-tetrahydropyridine (MPTP) and 6-hydroxydopamine (6-OHDA), as well as the bacterial lipopolysaccharide (LPS). The α-synuclein protein, which plays a prominent role in PD neuropathology, may also contribute to neuroinflammation by activating mast cells. Meanwhile, 6-OHDA models of PD identify microsomal prostaglandin E synthase-1 (mPGES-1) as one of the contributors to neuroinflammatory processes in this model. Immune responses are used by the central nervous system to fight and remove pathogens; however, hyperactivated and prolonged immune responses can lead to a harmful neuroinflammatory state, which is one of the key mechanisms in the pathogenesis of PD.

Keywords: Parkinson's disease, nuclear factor kappa B (NF-κB), NLRP3 inflammasome, microglia, mast cells, neuroinflammation
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INTRODUCTION

Parkinson's disease (PD) is a neurodegenerative disorder defined by dopaminergic neuronal loss in the substantia nigra (SN) pars compacta, aggregation of misfolded α-synuclein (α-syn) as Lewy bodies, and motor dysfunction (Trudler et al., 2015). Degeneration of the nigrostriatal pathway leads to hallmark motor symptoms of this disease, including bradykinesia, rigidity, tremor at rest, and postural instability. Furthermore, most patients exhibit non-motor symptoms, such as sleep disorders, autonomic nervous system dysfunction, and cognitive impairment (Trudler et al., 2015; Kempuraj et al., 2016). Currently, pharmacological and surgical interventions are the main treatment options in PD which provide only symptomatic relief for patients. Among various disease-specific pathogenetic mechanisms, neuroinflammation plays a prominent role in the onset and progression of a broad range of neurodegenerative disorders, including PD, Alzheimer's disease (AD), and multiple sclerosis (MS). It has been demonstrated that the sterile neuroinflammation in neurodegenerative diseases embodies a cascade of events involving abnormal protein aggregates, upregulated inflammatory mediators, and activation of non-neuronal glial cells, which leads to neuronal damage. Neurodegeneration, in turn, induces further glial activation and neuroinflammation in the central nervous system (CNS). Out of the several different non-neuronal cell types of the CNS, microglia are the most prominent contributors to neuroimmune reactions. They express several different pattern recognition receptors (PRRs), such as toll-like receptor (TLR)2, TLR4, TLR9, and receptor for advanced glycation end products (RAGE), that recognize various pathogens and abnormal proteins. Microglial activation leads to the secretion of various pro-inflammatory mediators, including interleukin (IL) 1β, IL-6, and tumor necrosis factor α (TNF-α), to restore tissue hemostasis and also facilitate tissue repair (Ransohoff and Brown, 2012; Ransohoff, 2016; Molteni and Rossetti, 2017). Astrocytes represent another type of glial cells, which are critical for neuronal networks and maintenance of brain tissue homeostasis. Similar to microglia, astrocytes express PRRs and can contribute to neuroimmune responses by releasing a broad range of inflammatory mediators (Cunningham et al., 2019). Although acute inflammatory response can clear abnormal proteins, eliminate cell debris, and promote tissue repair, persistent inflammation is detrimental since it produces harmful inflammatory mediators and cytotoxins, as well as inhibits neural regeneration.

Neuroinflammation contributes to PD pathogenesis throughout the progression of this disease from early α-syn aggregation to causing dopaminergic cell loss and ultimately PD symptoms. For example, the accumulation of misfolded α-syn has been suggested to cause dysregulation of both innate and adaptive immune responses (Harms et al., 2021). Strong support to the neuroinflammatory hypothesis of PD is provided by genome-wide association studies linking sporadic PD to polymorphism in the human leukocyte antigen (HLA) region containing HLA-DR gene (Mohamadkhani et al., 2009; Simón-Sánchez et al., 2009; Hamza et al., 2010; Ahmed et al., 2012). The sustained inflammatory responses have been described in both PD patients and animal models of this disease, which through various mechanisms can cause neuronal dysfunction. In addition to reactive microglia and astrocytes releasing neurotoxic molecules, other mechanisms contributing to neuronal death and neurodegeneration in PD have been discovered; they include brain infiltration and activation of inflammatory mast cells and T lymphocytes, increased oxidative stress, and upregulation of inflammatory signaling molecules (Lyman et al., 2014; Jarrott and Williams, 2016; Kempuraj et al., 2016).

Activated glial cells and infiltrating peripheral immune cells are the main sources of the various pro-inflammatory mediators contributing to the onset and progression of PD. Activated glial cells release a broad range of both pro- and anti-inflammatory cytokines, such as TNF-α, IL-1β/IL-1α, IL-6, IL-8, and IL-10, as well as the brain inflammatory protein called glia maturation factor (GMF), which regulates functions of glial cells and can also induce neurodegeneration in the brain (Lim et al., 2004; Zaheer et al., 2008a,b; Tore and Tuncel, 2009; Kempuraj et al., 2013; Molteni and Rossetti, 2017; Mukai et al., 2018). Activated mast cells release potentially harmful mediators, such as proteases, utilizing the degranulation process (Tore and Tuncel, 2009; Taracanova et al., 2017; Mukai et al., 2018).

Dopaminergic neurotoxins such as 6-OHDA, 1-methyl-4-phenyl-1,2,3,6-tetrahydropyridine (MPTP), and its metabolite 1-methyl-4-phenylpyridinium (MPP+) have been shown to adversely alter neuronal functions in both mature and developing nervous tissue. They have been used to induce PD in animal models where they, in addition to dopaminergic neuronal damage, cause glial activation, oxidative stress, mitochondrial damage, and the release of inflammatory cytokines (Członkowska et al., 1996; Stojkovska et al., 2015; Trudler et al., 2015; Pourasgari and Mohamadkhani, 2020). In vivo and in vitro studies show that the mechanism of action for dopaminergic neurotoxins could involve high-mobility group box 1 (HMGB1) (Huang et al., 2017), which is a nuclear DNA binding non-histone protein that facilitates the assembly of nucleoprotein complexes, but can also be released extracellularly and act as a damage-associated molecular pattern (DAMP) triggering neuroimmune responses (Sims et al., 2010).

The present systematic review aims to identify and evaluate the underlying genes and mechanisms of neuroinflammation in PD pre-clinical studies. Following this, a gene list-independent approach to compare different disease models is used.



METHOD


Search Strategy

Electronic databases PubMed, Scopus, Google Scholar, Web of Science, and EMBASE were searched using the medical subject headings (MeSH) aimed at identifying all research articles related to the topic “The association between neuroinflammation and Parkinson's disease.” Two authors independently conducted the search using search strategies specific for each database and reviewed all relevant peer-reviewed articles published before April 2022. The following search terms were used “[(neuro-inflammation) AND Parkinson's disease],” “[(neuro-inflammation) AND neurodegenerative disease],” “[((inflammation) AND Parkinson's disease) AND brain],” “(adaptive immunity) AND (Parkinson), (immunological biomarkers) AND (Parkinson), (hHumoral immunity) AND (Parkinson),” “[((inflammation) AND neurodegenerative disease) AND brain],” “[(inflammatory markers) AND Parkinson's disease],” and “[(inflammatory markers) AND neurodegenerative disease],” ”[((inflammation) AND Parkinson's disease) AND animal].” A total of 40 articles were included.



Types of Studies (Selection Criteria)

This review article considered both quantitative and qualitative data on the association between neuroinflammation and PD, which were obtained by reviewing all available in vivo and in vitro pre-clinical studies relevant to this topic. Review articles and studies with human subjects were excluded. Only articles published in English were included. Duplicate data and low-quality studies, identified by the Systematic Review Center for Laboratory animal Experimentation (SYRCLES) quality assessment checklist (Hooijmans et al., 2014), were excluded. All eligible studied, both with positive and negative findings have been included in this systematic review. SYRCLES quality assessment checklist (Hooijmans et al., 2014) was used to assess selection bias, performance bias, detection bias, attrition bias, reporting bias, and other sources of bias (see Supplementary Table 1).



Data Extraction

The relevant studies were selected after the title, abstract, and full-text screening of the articles. In addition, the reference lists of selected studies were reviewed to identify any additional articles, should they have not been identified by the search process. The following information was extracted from each of the identified studies: cell culture and animal model used, the size of the PD model and control groups, inflammatory markers studied, and the key results obtained (see Table 1). This study was approved by the Iranian National Committee for Ethics in Biomedical Sciences (Code of Ethics: IR.SBMU.RETECH.REC.1399.992).


Table 1. A rapid review of articles assessed.
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RESULTS


Study Selection

The current study has been run based on PRISMA checklist (Tore and Tuncel, 2009). At first, 2,499 papers were identified through the search on PubMed, and 7,560 were identified through searching other databases (Scopus, Google Scholar, Web of Science, and EMBASE). However, 4,823 of those 10,059 articles were excluded due to duplication in different databases. After screening the abstracts and titles of these obtained studies, 2,121 more papers were excluded due to unavailability of abstracts, or articles written in non-English, or being review articles. Moreover, 3,003 more papers were removed due to being irrelevant to the main subject or human studies. Finally, from the 112 remaining articles, 36 records excluded because of not relevant for the topic of the review. The full texts of the 76 remaining papers were fully assessed, and 36 more studies were excluded due to insufficient or unclear data (n = 19) and low quality (n =17). Finally, 40 articles, published before April 2022, were chosen for systematic review (Figure 1).
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FIGURE 1. PRISMA 2020 flow diagram for systematic reviews which included searches of databases.




Types of Studies Included at a Glance

The main results of all the papers included in this review are summarized first based on the neuroinflammatory pathways of PD. The method used to induce PD in animal models might be a key factor which affects the mechanism of neuroinflammation observed in a particular study; therefore, we reviewed the methods in both Table 1 and a separate subsection of the results. The other subsections are introduced based on the most frequently appearing topics and mechanisms discussed in the reviewed articles.

A total of 40 articles are included in this review. Twenty-one out of 40 studies used only in vivo models, 11 were based on in vitro experiments, and 8 studies employed both in vitro and in vivo experiments. A variety of methods were used in different studies to induce PD: 11 studies used MPTP, 10 α-Syn injection, 6 LPS, 5 A53T α-Syn transgenic mice, and 2 paraquat. Two studies used both 6-OHDA and LPS, 1 used both MPTP and LPS, 1 6-OHDA, and 1 used prothrombin kringle 2.



Summary of Methods Used to Induce PD in Animal Models

Table 1 illustrates a variety of methods used by the reviewed studies to induce PD in animal models. Each method initiates its own pathway leading to PD-like pathology. Administration of MPTP to different animal species has been used extensively to model PD neuropathology. MPTP mimics the destruction of dopaminergic neurons of the substantia nigra pars compacta observed in PD. The mechanism by which MPTP causes damage to dopaminergic neurons involves a sequence of events including disturbance in the mitochondrial function, oxidative stress and respiratory failure. MPTP leads to inducible nitric oxide synthase (iNOS) overexpression. MPP+ is the active metabolite of MPTP which accumulates in dopaminergic (DA) neurons of the model after treatment with MPTP. MPP+ provokes the production of superoxide radicals which react with nitric oxide and generate peroxynitrite. This substance inhibits the function of many proteins including tyrosine hydroxylase. As a result, the production of dopamine is disturbed leading to damage of DA neurons (Przedborski et al., 2000; Burré et al., 2014, 2018). The loss of DA cells after MPTP administration has also been shown to activate microglia in the SN of rhesus monkeys (McGeer and McGeer, 2007). Therefore, in vivo and in vitro use of MPTP and its metabolite MPP+ can help elucidate the molecular mechanisms of the neuroinflammatory reactions in PD. Injection of lipopolysaccharide (LPS) and the following brain region-specific inflammation in mice provides in vivo models to investigate neurodegenerative diseases such as PD (Noh et al., 2014). LPS treatment in mice causes a decrease in the level of IL-4 and IL-10 but an elevation in the level of TNF-α, interleukin-1β, prostaglandin (PG) E2, and nitric oxide. IL-10 has a neuroprotective effect against LPS intoxication (Tansey and Goldberg, 2010). As shown in Table 1, some studies have used this method to create a PD model. 6-hydroxydopamine (6-OHDA) is another neurotoxin used to create PD models which affects nerve terminals as well as cell bodies and induces death of neurons through inhibition of the mitochondrial respiratory enzymes. In PD models 6-OHDA lesions are made in nigrostriatal dopaminergic pathways (Deumens et al., 2002). One of the studies used paraquat to induce PD in vitro (Trudler et al., 2021). Paraquat is a pesticide exposure to which is epidemiologically known to be a risk factor for PD (Berry et al., 2010). The rotenone-induced PD is another method, which is the best model to study mitochondrial complex I deficiency in PD (Greenamyre et al., 2003).



α-Synuclein-Induced Neuroinflammation in vivo and in vitro
 
α-Synuclein: A Key Regulator of Glial Immune Responses

Synucleins are proteins highly expressed in the brain. There are three members in this protein family: α-, β-, and γ-synuclein. α-Synuclein is a pre-synaptic protein mostly found in nerve terminals (Goedert, 2001). Under physiological conditions, α-Syn interacts with many neuronal proteins to play a variety of functional roles such as inhibiting phospholipase D, regulating microtubules, elevating the rate of tau phosphorylation, etc. It also interacts with soluble NSF attachment protein receptors (SNAREs), which play a role in neurotransmitter release through meditating fusion of vesicles. This indicates that α-Syn is a likely contributor to the release of neurotransmitters (Burré et al., 2010, 2014, 2018). Point mutations in the gene encoding α-Syn (SNCA) are linked to the familial form of PD. A variety of mutations are known to be linked to PD including A53T, A30P, E46K, G51D, and H50Q. We will discuss some of these mutations in transgenic PD models in the following section in more details. Lewy bodies, the hallmark neuronal inclusions observed in neurodegenerative diseases including idiopathic PD, mainly consist of insoluble fibrillar α-syn protein (Goedert, 2001; Marques and Outeiro, 2012; Bendor et al., 2013). In pathological situations, soluble monomeric α-syn generates β-sheet-like oligomers (protofibrils), which form into amyloid fibrils. Amyloid fibrils, then, accumulate in Lewy bodies (Burré et al., 2015). Neurons can also release α-syn, inducing inflammatory responses of microglia (Kim et al., 2013). The fibrillar α-syn, but not its monomeric or oligomeric forms, is the main trigger of neuroinflammation in PD. It interacts with microglial TLR2 as well as another innate immune sensor, the nucleotide oligomerization domain-like receptor family, pyrin domain containing 3 (NLRP3), resulting in activation of the nuclear factor κB (NF-κB) and assembly of NLRP3 inflammasomes. This sequence of events ultimately leads to the release of TNF-α and IL-1β by the microglia, two potent pro-inflammatory cytokines that are known to play a role in the pathogenesis of PD (Gustot et al., 2015; Zhou et al., 2016; Panicker et al., 2019; Trudler et al., 2021). AMS-17 is known to inhibit NLRP3 pathways and activation of microglia. Further investigations using PD model mice indicate that microglial endocytosis of α-syn, impairment of lysosomal functions, and the release of lysosomal protease cathepsin B into the cytoplasm are required for α-syn-induced assembly of the NLRP3 inflammasomes in microglia. α-Syn also negatively regulates the AMP-activated protein kinase (AMPK)-mediated autophagy, which leads to the intracellular accumulation of reactive oxygen species (ROS), followed by activation of the NLRP3 inflammasome (Zhou et al., 2016). Furthermore, α-syn binds to the microglial CD36 receptor, resulting in the activation of Fyn kinase and subsequently the activation of the NF-kB pathway. Fyn kinase also participates in the activation of NLRP3 since it is decreased in the fyn−/− mice injected with adeno-associated virus overexpressing α-syn (AAV-αSyn) compared to the wild-type animals (Panicker et al., 2019). In addition, Fcγ receptors (FcγR) located on the surface of microglia can mediate α-syn intracellular trafficking leading to pro-inflammatory activation of these cells (Cao et al., 2012). α-Syn can also promote neuroinflammation by interacting with astrocytes since it has been shown to upregulate secretion of interleukin IL-6 and expression of intercellular adhesion molecule-1 (ICAM-1) by human astrocytes. Notably, the PD-causing mutations of α-syn upregulate its potency as a pro-inflammatory stimulant of astrocytes (Klegeris et al., 2006; Jo et al., 2019). In addition to stimulating glial cells, α-syn facilitates aggregation of other inflammatory proteins. For example, co-localization and co-aggregation of α-syn with S100A9 protein have been observed in Lewy bodies and neuronal cells in the SN and frontal lobe areas of PD patients. S100A9 is a member of a family of structurally homologous calcium-binding S100 proteins, which are involved in many inflammatory and neurodegenerative diseases (Srikrishna, 2012; Markowitz and Carson, 2013; Horvath et al., 2018). Aggregated a-syn leads to downregulation of progranulin (GRN) gene in microglia which affects immune functions of these cells (Sarkar et al., 2020a). Another effect of α-syn is related to metabotropic glutamate receptor 5 (mGluR5). This receptor has a neuroprotective role, but its lysosome-dependent degradation occurs faster as a result of synucleinopathy (Zhang et al., 2021). Even though α-syn has been demonstrated to be an initiator in neuroinflammation processes, some studies indicated that inflammation can occur before synucleinopathy (Lai et al., 2021).



α-Syn and Transgenic PD Mouse Models

To further study the pathophysiology of α-syn, various transgenic mouse models of PD have been created including α-syn knockout models and models overexpressing wildtype or mutated human α-syn (Fernagut and Chesselet, 2004). α-Syn KO mice are used to identify the role of α-syn in PD pathogenesis. A study on α-syn KO mice demonstrated that these PD models are resistant to acute administration of MPTP, which highlights the key role of α-syn in increasing the vulnerability of DA neurons to neurodegeneration when exposed to environmental neurotoxins (Dauer et al., 2002). As previously mentioned, two missense mutations of α-syn gene are linked to PD: A53T and A30P. Homozygous transgenic A30P*A53T α-syn mice manifest many features of PD phenotype and are useful models to study this disease (Kilpeläinen et al., 2019). Mutant α-syn in transgenic A53T mice does not form aggregates but is distributed in different parts of neurons abnormally leading to motor impairment in transgenic mice followed by further paralysis and death (Giasson et al., 2002; Gispert et al., 2003). In transgenic mice which overexpressed A53T α-syn selectively in astrocytes, microglia became reactive and produced proinflammatory cytokines, such as IL-1β, and upregulated cyclooxygenase (COX)-1 leading to neurodegeneration (Gu et al., 2010). Accumulation of A53T α-syn in transgenic mice leads to peripheral inflammation and motor deficits (La Vitola et al., 2021). A53T α-syn has a destructive effect on mitochondrial function in the DA neurons of transgenic mice. It causes damage to mitochondrial transport and respiratory mechanisms (Li et al., 2013). Some other transgenic mouse models are also created to investigate PD such as Thy1-aSyn and α-syn pre-formed fibril (PFF)-injected models. Intrastriatal injection of PFF α-syn leads to the activation of microglia, astrocytes, B, CD4+ T, CD8+ T, and natural killer cells in not only CNS but also peripheral lymphoid organs (Earls et al., 2019). Thy1-aSyn models overexpress human wildtype α-syn by the murine Thy-1 promoter. In this model, many manifestations of sporadic PD are seen including inflammation, biochemical and molecular changes resembling those observed in PD (Chesselet et al., 2012). To study pre-clinical stages of PD, Thy1-aSyn transgenic mice are helpful as in this model high levels of α-syn cause no DA neuronal death up to 8 months (Fleming et al., 2008).




Role of NF-κB Pathway in Neuroinflammation

As described above, the interaction of α-syn with microglia causes activation of NF-kB, which is central to a broad range of neuroinflammatory processes (Tobon-Velasco et al., 2014); therefore, inhibition of this signaling pathway could be a therapeutic target for PD. Panicker et al. treated Fyn−/− mice with LPS to evaluate the role of Fyn in NF-κB activation (Greenamyre et al., 2003). NF-kB signaling in microglia can be activated by the DAMPs released from damaged CNS cells, such as HMGB1, IL-33, ATP, cytochrome C, mitochondrial DNA, and several different heat shock proteins (HSP) (Klegeris, 2021). HMGB1 is a prototypical DAMP present in most nucleated cells, which can be actively secreted or passively released from stimulated and necrotic cells, respectively. a-Syn-induced upregulation of CXCL12 and its release from microglia through TLR4/IκB-α/NF-κB pathway results in microglia migration to the SN (Li Y. et al., 2019). GMF causes NLRP3 inflammasome inhibition and decreases levels of IL-1β and IL-18 (Javed et al., 2020). An in vitro study showed that knockdown of HMGB1 alleviated upregulation of NF-κB signaling and inflammatory responses; therefore, anti-HMGB1 monoclonal antibody therapy should be considered as a potential treatment strategy for PD (Nishibori et al., 2019; Huang et al., 2020). The pro-neuroinflammatory effects of DAMPs in the CNS can be counterbalanced by several different resolution-associated molecular patterns, including HSP10, αB-crystallin, prothymosin α, and binding immunoglobulin protein (BiP), also known as HSP70 (Wenzel et al., 2020). Thus, an in vitro model of PD was used to demonstrate that HSP70 inhibited the mRNA and protein expressions of NF-κB along with another key pro-inflammatory signaling molecule signal transducer and activator of transcription (STAT)-3 (Li et al., 2019). Notably, select miRNAs, such as miR-124 and miR-7, can also inhibit the progression of neuroinflammation in PD models by modulating NF-κB signaling pathways (Zhou et al., 2016; Yao et al., 2019). One study showed the Lipoic acid (LA) has an anti-inflammatory effect by inhibiting the p53/NF-κB pathway in an LPS-induced model of PD (Mao et al., 2021).



Contribution of Mast Cells to Neuroinflammation in PD Models

The essential role of mast cells in neuroinflammation is supported by several studies. Kempuraj et al. showed that exposure of murine and human mast cells to MPP+ induced release of chemokine c-c motif ligand 2 (CCL2), which in turn has been implicated in the pathogenesis of PD (Kempuraj et al., 2016). MMP+ treatment-induced secretion of IL-33 and a high level of ROS generation by murine mast cells. In addition, mouse mast cell protease (MMCP)-6 and MMCP-7 triggered the release of IL-33 from glia-neuron mixed cultures and primary mouse astrocytes. All these events involved the activation of the NF-kB pathway demonstrating its critical role in neuroinflammation associated with PD (Kempuraj et al., 2019). Furthermore, MPP+ activated NF-κB in mast cells leading to upregulation of transglutaminase 2 (TG2) and subsequent release of the pro-inflammatory TNF-α and IL-1β. This study also demonstrated that TG2-expressing mast cells recruited into SN tissues might contribute to neuroinflammation in PD (Hong et al., 2018).



Role of Adaptive Immunity in PD Models

Nigrostriatal damage correlates with complex alterations in both central and peripheral immunity (Ambrosi et al., 2017). Regarding in vivo studies, some immunological features change in MPTP-treated mice as a result of the damage to central dopaminergic cells (Bieganowska et al., 1993). In 6-OHDA-treated rats, a decrease in the percentage of circulating CD4+ T regulatory (Treg) cells was observed (Ambrosi et al., 2017). Upregulation of a-syn provokes adaptive immune system (Theodore et al., 2008). Upregulation of the major histocompatibility complex II (MHCII) protein in CNS myeloid cells and recruitment of CD4+ and CD8+ T cells into the CNS occur due to α-syn accumulation (Williams et al., 2021). One study demonstrated that CD3+/CD4+ T cells are recruited into the perivascular parenchyma of the neocortex, hippocampus, and striatum in α-syn transgenic mice. This study supports the role of adaptive immune cells in neuroinflammation in synucleinopathies (Iba et al., 2020). Degeneration of DA cells occurs through a CD4+ T cell-dependent Fas/FasL cytotoxic pathway (Brochard et al., 2009). CD4+ and CD8+ T cells, in an α-syn rat model of PD, cause an upregulation of MHCII in microglia and significant loss of DA neurons (Subbarayan et al., 2020). One study on A53T α-syn mice indicated that T cells contribute to the neurodegeneration caused by α-syn, while B cells have no neuroprotective effect against this neurodegeneration (Karikari et al., 2022). Taken together, these studies indicate that the adaptive immune system is associated with neuroinflammation and neurodegeneration in PD.



Other Factors Contributing to Neuroinflammation in PD Models

TLR4 is a cell-surface protein that interacts with bacterial endotoxin and other pathogen-associated molecular patterns (PAMPs) as well as several different DAMPs (Leitner et al., 2019). This receptor is expressed by many different cell types including glial cells. TLR4 activation causes motor impairment in MPTP-treated mice. TLR4 signaling has been suggested to initiate neuroinflammation in PD since microglia express this receptor and α-syn activates it. A decrease in the inflammatory response to α-syn oligomers is observed in murine macrophages derived from bone marrow. In TLR4-deficient mice, the activation of microglia and astrocytes is inhibited by the suppression of NF-κB and the NLRP3 inflammasome signaling pathways (Campolo et al., 2019; Hughes et al., 2019; Shao et al., 2019). An elevated level of microglial TLR4 damages the nigrostriatal DA system. The increase in this receptor occurs after the administration of prothrombin kringle-2 (pKr-2) in rat and mouse brains, which indicates pKr-2 as a new potential TLR4-linked therapeutic target for PD (Shin et al., 2015). Lee et al. report that apoptosis signal-regulating kinase 1 (ASK1) is responsible for the MPTP-induced glial activation and neurotoxicity (Lee et al., 2012). PD model mice were also used to identify glial lipocalin-2 (Lcn-2) as a protein contributing to the disease pathogenesis since its levels were increased in the SN and striatum of the MPTP-treated animals (Kim B. W. et al., 2016).

A microsomal isoform of prostaglandin E synthase-1 (mPGES-1) plays a vital role in the inflammatory processes of peripheral tissues and the CNS by producing the inflammatory PGE2. It contributes to clinical manifestations of inflammation, such as pyrexia and pain, and has been shown to contribute to accelerated neuronal death in PD (Uematsu et al., 2002; Engblom et al., 2003; Kamei et al., 2004). Furthermore, mPGES-1 is upregulated in nigrostriatal DA neurons from postmortem PD brain specimens and the 6-hydroxydopamine (6-OHDA) model of PD. Elevated PGE2 produced by this enzyme is believed to contribute to the DA neuronal death in this model (Ikeda-Matsuo et al., 2019). The type 7 cyclic nucleotide phosphodiesterase 7 (PDE7) is another pro-inflammatory enzyme revealed by several pre-clinical models to contribute to PD pathogenesis. PDE7 inhibitors display anti-inflammatory and neuroprotective activities and can stimulate adult neurogenesis both in vivo and in vitro (Morales-Garcia et al., 2011, 2015, 2017). Recently, small non-coding RNAs, such as microRNAs (miRNAs), have been identified as biomarkers of neurodegenerative processes and shown to be involved in PD pathogenesis (Kim et al., 2016). Specific miRNAs bind to the three prime untranslated regions (3′-UTRs) of target mRNAs regulating gene expression in the post-transcriptional phase (Bartel, 2004). In the MPTP model of PD, type-I IFNs mediate neuroinflammation in its early stages and worsen PD pathology (Main et al., 2016).



Comparison Between Different Cell Lines Used to Model PD in vitro

As seen in Table 1, BV2 murine microglial cells (four articles) and and SH-SY5Y human neuroblastoma cell line (four articles) are the two most commonly-used cell lines to induce PD in vitro in the articles included in this review. Six in vitro studies used rat/mice primary neuron/glia to model PD rather the previously mentioned cell lines. Primary neuronal cultures are useful PD models obtained from the embryonic rodent brain which resemble the morphology and physiology of human neurons (Lopes et al., 2017a). Experimental variations and difficulty in maintenance are some disadvantages of this model (Slanzi et al., 2020). To study the role of microglial cells in PD pathology, the immortalized murine microglial cell line BV-2 has been widely used instead of primary microglial cells. LPS administration in this model leads to pathological pattern of PD similar to that observed in microglial cells in vitro and in vivo (Henn et al., 2009). SH-SY5Y human neuroblastoma cells is a widely-used PD model which mimics some aspects of DA neuron phenotype, such as the expression of tyrosine hydroxylase, dopamine-β-hydroxylase, and dopamine transporter (Hong-rong et al., 2010). SH-SY5Y neuroblastoma can be differentiated to cells that are similar to cholinergic, dopaminergic, or noradrenergic neurons (Slanzi et al., 2020). However, one disadvantage of this model is that there is no standard differentiation protocol and variation in the source of the cells and their culture maintenance techniques lead to different results. In order to provide a PD model, SH-SY5Y neuroblastoma lineage is manipulated both chemically and genetically. MPP+, 6-OHDA, and rotenone treatment as well as overexpression of mutated α-syn are some examples. SH-SY5Y cells cannot transform MPTP to its metabolite and must be treated by MPP+ itself (Xicoy et al., 2017). Some other cell lines are also mentioned in Table 1. For example, PC12 cells are derived from rat pheochromocytoma of the adrenal medulla. These cells produce and secrete catecholamines. However, due to their tumoral origin, they may manifest altered signaling pathways (Slanzi et al., 2020). HEK 293 cell line (or immortalized human embryonic kidney cells) has been used for large-scale experiments but their non-neuronal origin is the main disadvantage of this model (Falkenburger and Schulz, 2006). Animal models of PD are appropriate for studies on motor deficits in PD as the disease progresses. However, since PD is a human-specific neurodegenerative diseases, its pathology, such as damage to DA neurons, needs to be induced. No animal model has been able to recreate all the PD aspects so far. In vitro models provide a controlled environment to investigate the disease mechanisms. However, these models do not have the complexity of CNS. In addition, the source of cells used, their morphology, physiology, and maintenance under different culture conditions result in different outcomes (Lopes et al., 2017a).




DISCUSSION

The complex pathological features of PD include the death of dopaminergic neurons in SN as well as α-syn aggregation accompanied by neuroinflammation (Hirsch and Hunot, 2009; Tansey and Goldberg, 2010; Hirsch et al., 2012; Guo et al., 2017; Mohamadkhani, 2018). In the current systematic review, we considered 40 original in vitro and in vivo studies describing the molecular mechanism, signaling pathways, and other factors that potentially contribute to the PD pathophysiology in animal models. Our review highlights the following main findings: (1) the methods applied to create PD animal models include treatment of the animals with MPTP, LPS, 6-OHDA, paraquat, and rotenone, in addition to transgenic animal models (Giasson et al., 2002; Miklossy et al., 2006; Fernagut et al., 2007; Gu et al., 2010; Li et al., 2013; Paumier et al., 2015; Zhu et al., 2015, 2018; Kempuraj et al., 2016, 2019; Kim B. W. et al., 2016; Main et al., 2016; Hong et al., 2018; Neal et al., 2018; Earls et al., 2019; Ikeda-Matsuo et al., 2019; Jo et al., 2019; Li Y. et al., 2019; Panicker et al., 2019; Yao et al., 2019; Huang et al., 2020; Javed et al., 2020; Morales-Garcia et al., 2020; Sarkar et al., 2020a; Lai et al., 2021; La Vitola et al., 2021; Trudler et al., 2021; Williams et al., 2021; Zhang et al., 2021). (2) α-syn is an important regulator of glial immune responses, which can induce neuroinflammation and, thus, lead to PD development (Cao et al., 2012; Kim et al., 2013; Ikeda-Matsuo et al., 2019; Jo et al., 2019; Panicker et al., 2019); (3) the NF-κB pathway, induced by α-syn, contributes to the neuroinflammatory process during PD progression (Zhou et al., 2016; Li et al., 2019; Nishibori et al., 2019; Yao et al., 2019; Huang et al., 2020; Wenzel et al., 2020; Klegeris, 2021); (4) mast cells are important contributors to the disease pathogenesis in PD mouse models (Kempuraj et al., 2016, 2019; Hong et al., 2018); (5) adaptive immune system plays role in neuroinflammation and neurodegeneration in PD pathogenesis (Bieganowska et al., 1993; Brochard et al., 2009; Ambrosi et al., 2017; Iba et al., 2020). (6) additional factors contributing to PD neuroinflammation involve the pKr-2 protein, which can facilitate neuroinflammation and PD progression in rodent models by upregulating microglial TLR4 (Shin et al., 2015); mPGES-1, which is upregulated in the SN of 6-OHDA-induced PD models and could lead to neurotoxicity (Uematsu et al., 2002; Engblom et al., 2003; Kamei et al., 2004; Morales-Garcia et al., 2011, 2015, 2017; Kim et al., 2016; Ikeda-Matsuo et al., 2019); and type-I IFN, which aggravates PD by inducing neuroinflammation in the early stages of this disease (Main et al., 2016).

MPTP is one of the agents used to create animal Parkinson models (Miklossy et al., 2006; Kim B. W. et al., 2016; Main et al., 2016; Hong et al., 2018; Neal et al., 2018; Zhu et al., 2018; Kempuraj et al., 2019; Yao et al., 2019). For performing its toxicity, MPTP is initially transformed to MPP+. In DA neurons, ASK1 conveys the MPP+-induced signals leading to the generation of glial-activating molecules like COX-2. During the MPTP-induced toxicity in mice, ASK1 signaling plays a significant role as a connection between neuroinflammation and oxidative stress (Lee et al., 2012). A review by Guo et al. illustrates that ASK1 signaling is linked to the pathogenesis of several neurodegenerative diseases including PD (Guo et al., 2017). Therefore, ASK1 is important in the neurotoxicity caused by MPTP treatment. Furthermore, it is suggested that ASK1 may be a target for treating or preventing PD and other neurodegenerative diseases (Guo et al., 2017). Treatment of mice with MPTP also increases glial Lcn-2 levels, according to Kim B. W. et al. (2016). This is consistent with previously reported inflammatory functions of this protein potentially playing a role in various age-related CNS diseases. Lcn-2 has been shown to promote cell death and iron dysregulation, in addition to neuroinflammation, leading to cognitive impairments. Therefore, elevated Lcn-2 levels can be considered a risk factor for age-related CNS disorders (Dekens et al., 2021). Additionally, it is indicated that MPP+ causes superoxide radicals to form, which combine with nitric oxide to form peroxynitrite. Many proteins, including tyrosine hydroxylase, are inhibited by this chemical. As a result, dopamine synthesis is disrupted, leading to injury of DA neurons (Liberatore et al., 1999; Przedborski et al., 2000, 2004). McGeer et al. demonstrated that in the SN of rhesus monkeys, the loss of DA cells after MPTP treatment caused microglia activation, which contributes to neuroinflammation (McGeer and McGeer, 2007) (Figure 2).
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FIGURE 2. Servier (2022) mechanisms involved in PD pathogenesis. In this figure, the mechanisms following MPTP exposure through which dopaminergic cell death occurs are illustrated. The active metabolite of MPTP, MPP+, is produced in glial cells and transfers into dopaminergic neurons via DA transporter. In the neuron, this activated metabolite causes synaptic dysfunction as well as mitochondrial dysfunction which triggers aggregation of α-Syn. It also can lead to neuroinflammation and microglial activation. Acting together, the mentioned mechanisms can lead to dysfunction of BBB, which is one of the main pathological findings in PD, in addition to Lewy bodies and α-Syn aggregation.


An LPS-induced mouse model of neuroinflammation has been shown to be a useful tool for studying the pathogenic mechanisms behind neurodegeneration and testing possible therapeutic agents (Noh et al., 2014; Zhu et al., 2015; Panicker et al., 2019; Yao et al., 2019; Morales-Garcia et al., 2020; La Vitola et al., 2021; Zhang et al., 2021). The TLR4 and NF-κB signaling pathway is activated by LPS injections, which stimulates microglia. This causes release of IL-6, TNF-α, and insulin-like growth factor 1 (IGF-1), which can be beneficial or harmful to surrounding tissues depending on conditions (Wyss-Coray and Mucke, 2002; Block et al., 2007; Noh et al., 2014). In both the mouse and the rat, LPS injection causes the expression of pro-inflammatory markers such as TNF-α and IL-1b in the entire brain and plasma (Qin et al., 2007; Henry et al., 2009; Nikodemova and Watters, 2011; Oskvig et al., 2012; Molteni et al., 2013). LPS injections produce systemic inflammation and neuroinflammation, which lead to an increase in Aβ levels and neuronal cell death, resulting in cognitive impairment. Thus, systemic inflammation can play a role in the progression of cognitive impairments observed in Alzheimer's disease (AD) and PD (Zhao et al., 2019). According to the study by Morales-Garcia et al. (2020), PDE7 is involved in the progression of neuronal damage in neurodegenerative illnesses, in part due to its role in the regulation of neuroinflammation, suggesting that it could be a key factor in the advancement of PD. In fact, this study detected a strong rise of PDE7 expression, both in vitro and in vivo, primarily in microglial cells, implying that PDE7 expression is critical for the neuroinflammatory response triggered by these cells, which leads to an increase in DA neuron degeneration (Morales-Garcia et al., 2020).

Another agent used for creating PD animal models is 6-OHDA (Ikeda-Matsuo et al., 2019; Morales-Garcia et al., 2020). 6-OHDA was the first chemical agent shown to have selective neurotoxic effects on catecholaminergic pathways (Ungerstedt, 1968; Sachs and Jonsson, 1975). 6-OHDA causes catecholaminergic neuron degeneration by using the same catecholamine transport mechanism as dopamine and norepinephrine (Figure 3) in the substantia nigra, the nigrostriatal tract, or the striatum to specifically target the nigrostriatal DA system (Perese et al., 1989; Przedbroski et al., 1995). DA neurons start degenerating 24 h after 6-OHDA (Przedbroski et al., 1995; Schwarting and Huston, 1996) injections into the SN or the nigrostriatal tract, and striatal dopamine is reduced 2–3 days later (Faull and Laverty, 1969). There is substantial evidence that oxidative stress plays a role in the neurotoxic effects of 6-OHDA. In the presence of iron, 6-OHDA-induced degeneration has been linked to the production of hydrogen peroxide and hydroxyl radicals (Sachs and Jonsson, 1975). The fact that intranigral iron injection has similar neurotoxic effects to 6-OHDA suggests that iron may play a role in 6-OHDA-induced degeneration. Furthermore, investigations have shown that 6-OHDA causes a decrease in glutathione peroxidase (GSH) and superoxide dismutase (SOD) activity as well as an increase in malondialdehyde levels in the striatum (Perumal et al., 1992; Kumar et al., 1995). 6-OHDA is similarly harmful to mitochondrial complex I, resulting in the generation of superoxide free radicals (Hasegawa et al., 1990; Cleeter et al., 1992).
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FIGURE 3. Servier (2022) the neuroinflammatory cascade mediated by NF-κB. TNF-α, IL-1β, IL-6, and CD-40L are proinflammatory substances activating the canonical pathway. In the canonical pathway, an inhibitor of κβ kinase (IKK) β (or IKKγ) is required for NF-κB activation. IKKβ phosphorylates Iκβ. The regulatory subunit of the IKK complex is the NF-κB essential modulator (NEMO). In the cytosol, IκB is degraded by proteasomes, and the phosphorylated heterodimer of NF-κB (p50–p65) is transferred to the nucleus and binds to the NF-κB response element. Thus, pro-inflammatory mediators such as TNF-α, IL-1β, IL-6, iNOS, and ICAM become activated, which play role in the degradation of dopaminergic neurons (DA). In the non-canonical pathway, NEMO phosphorylates IKK-α and induces proteasomal destruction as well as proteasomal processing of p100, a subunit of the NF-B heterodimer, creating the p52-RELB active heterodimer. IKκ induces INF-α production, triggered by TLR7,9. The p52-RELB active heterodimer enters the nucleus and binds to the NF-κB response element, regulating the expression of pro-inflammatory factors. Eventually NF-κB mediated neuroinflammation plays role in Parkinson's disease through DA degradation.


Paraquat, a well-studied neurotoxic agent, is commonly regarded as one of the environmental elements contributing to PD (Fernagut et al., 2007; Huang et al., 2020). Because of its structural similarities to MPP+, Paraquat has presented as a possible risk factor for PD. Paraquat can pass the blood-brain-barrier, but only to a limited degree. It induces a dose-dependent decrease in DA nigral neurons and striatal DA innervation, and subsequent reduced mobility, when administered systemically to mice (Boireau et al., 1995). Paraquat method of action is thought to entail oxidative stress, and its harmful effects could be mediated through the mitochondria because of its structural resemblance to MPP+ (Betarbet et al., 2002). Paraquat has been shown in several studies to cause neuroinflammation and microglial activation. Underlying inflammatory processes greatly increase the sensitivity of DA neurons to toxic damage (Purisai et al., 2007; Mitra et al., 2011). According to a study by Ishola et al. TNF-α levels in the midbrain were considerably elevated by Paraquat, indicating neuroinflammation (Ishola et al., 2018). TNF-α is a cytokine that makes up the acute phase reaction and is a cell signaling protein implicated in inflammatory cascades (Tweedie et al., 2007; Ishola et al., 2013). Xiao et al. reported that Paraquat could activate BV-2 microglia and cause neuroinflammation. This involves inhibition of Akt1 activation, mediated by the increased ROS. Also, Paraquat treatment was followed by a significant increase in the expression of M1 microglia markers including TNF-α, IL-1β, and IL-6. Therefore, Paraquat elevated the M1 phenotype of BV-2 microglia (Xiao et al., 2022). According to Mitra et al. Paraquat induced ROS production and differential α-syn expression, which promoted neuroinflammation. This was characterized by area-specific changes in microglial cell localization and appearance, as well as an increase in TNF-α expression patterns in the substantia nigra, frontal cortex, and hippocampus (Mitra et al., 2011). Paraquat may also act through HGMB1 (Huang et al., 2020). In SH-SY5Y cells, a well-established in vitro model for PD research, Paraquat exposure resulted in a significant increase in HMGB1, which was translocated to cytosol and then released into the extracellular milieu of SH-SY5Y cells in a concentration and time-dependent manner. The activation of the RAGE-P38-NF-kB signaling pathway and the generation of inflammatory cytokines such as TNF-α and IL-6 were both reduced when HMGB1 was knocked out. These findings suggest that HMGB1 plays role in Paraquat-induced cell death by increasing neuroinflammatory responses and activating RAGE signaling pathways (Huang et al., 2020).

Another agent used for inducing PD in animal models is rotenone. This agent is an inhibitor of mitochondrial complex I, which is neurotoxic to non-DA and DA neurons (Chen et al., 2006; Choi et al., 2015). This is to some extent because of its inhibitory impact on mitochondria and also causing elevation of oxidative stress. It is indicated in studies using primary cultured glia or microglia that rotenone triggers oxidative stress and neuroinflammation, leading to elevated secretion of pro-inflammatory cytokines (Ye et al., 2016). According to Main et al. type-I IFNs play critical role in mediating the neuroinflammation caused by rotenone in both primary cultured glia and neurons in vitro. They also observed a neuroprotective effect by attenuating type-I IFNs signaling. This confirms the important role of these cytokines in neuroinflammation, which leads to death of neurons in chronic neuropathologies (Main et al., 2017) as was shown in another study by Main et al. on MPTP-induced mice (Main et al., 2016).

According to this systematic review, α-syn has a potentially significant role in the pathogenesis of PD. α-Syn performs many functions through its interactions with different proteins (Burré et al., 2018). It can inhibit phospholipase D (PLD). Many experimental studies, clearly show that α-syn and PLD have a functional interaction. PLD2 overexpression in the rat substantia nigra pars compacta, for example, induced dopaminergic neuron death due to increased lipase activity, while α-syn co-expression decreased PLD2 toxicity (Mendez-Gomez et al., 2018). Furthermore, PLD1 controls autophagic flux and clearance of α-syn aggregates (Bae et al., 2014), whereas overexpression of wild-type α-syn in human neuroblastoma cells reduces PLD1 expression (Conde et al., 2018). An important interaction of α-syn is with SNARE, which facilitates the formation of synaptic vesicles (Burré et al., 2010, 2014, 2018; Huang et al., 2019). SNARE complex assembly requires monomeric α-syn, and deficiencies in this protein can impair vesicle formation. Aggregated α-syn, on the other hand, prevents SNARE-mediated membrane fusion (Hawk et al., 2019). The findings explain a potential mechanism for SNARE-mediated neuronal dopamine release deficiencies leading to neurodegeneration due to a lack of monomeric α-syn and/or increased insoluble α-syn aggregation. However, since SNARE proteins are required for a variety of membrane fusion processes, changes in α-syn could affect vesicle production in a variety of cell types, particularly during fetal development when α-syn is most widely expressed (Baltic et al., 2004). Because vesicle formation is essential for microglia to phagocytose and transfer extracellular cargo to the lysosome for destruction, the deficiency of endogenous α-syn may have an impact on vesicle formation. During the beginning phase of autophagy, SNARE proteins are necessary for the synthesis of precursor vesicles that convert to the phagophore (Wang et al., 2020). This microglial process aids in the elimination of harmful proteins and protects against neuron-derived α-syn aggregation (Choi et al., 2016). Microglia's ability to remove misfolded α-syn could be harmed if vesicle production during autophagy is impaired and consequently contribute to aggregation of α-syn. The SNARE complex is also involved in vesicle exocytosis during microglia cytokine release (Murray et al., 2005). One probable reason for decreased cytokine release is α-syn interaction with SNAP23, a subunit of SNARE complex. Many microglial activities rely on vesicle production to protect against harmful protein buildup and to enhance inflammatory responses in the brain (Gardai et al., 2013).

α-sSyn induces neuroinflammation directly. This process is initiated by α-syn activating microglial TLR2 and NLRP3, which ultimately increases their secretion of IL-1β, TNF-α, and other pro-inflammatory cytokines (Panicker et al., 2019). For example, Bauernfeind et al. (2009) and Qiao et al. (2012) have demonstrated that α-syn is recognized by microglial TLR2, leading to activation of the NF-κB pathway and subsequent production of IL-1β (Bauernfeind et al., 2009; Qiao et al., 2012). Wang et al. (2019) highlight that NLRP3 inflammasome activation not only induces IL-1β secretion by microglia, but also causes a type of inflammatory cell death known as pyroptosis leading to rupture of microglial plasma membrane and further release of IL-1β (Wang et al., 2019). A meta-analysis by Qin et al. showed that peripheral levels of several inflammatory cytokines including TNF-α and IL-1β are higher in PD patients compared to healthy controls (Qin et al., 2016). IL-1β released from microglia has been suggested to participate in inflammatory responses that cause impairment of DA neurons (Block et al., 2007). Injection of IL-1β into the SN of rats induces the death of DA neurons, which is the pathological feature of PD (Ferrari et al., 2006; Block et al., 2007). This, in turn, increases the release of α-syn and creates a vicious circle that amplifies neuroinflammation and accelerates the pathogenesis of PD. Due to its critical role in neuroinflammation, inhibition of NLRP3 pathways is a recently suggested therapeutic strategy for PD (Wang et al., 2019). FcγR on the surface of microglia can mediate α-syn intracellular trafficking, causing microglia to become pro-inflammatory (Cao et al., 2012). According to a study by Javed et al. GMF inhibits the NLRP3 inflammasome and leads to a decrease in the levels of IL-1β and IL-18 (Javed et al., 2020). Miklossy et al. showed that ICAM-1 is upregulated in astrocytes of PD and MPTP-treated monkeys. Also, lymphocyte function-associated antigen 1 (LFA-1) was increased in the reactive microglia. Therefore, inflammation is a potential factor in PD pathogenesis (Miklossy et al., 2006).

The NF-κB pathway is found to be a significant mechanism driving neuroinflammatory reactions (Kempuraj et al., 2019). The two major routes involved in the activation of NF-κB are the canonical or classical pathway and the non-canonical or alternate pathway. The canonical pathway involves dimers of Rel proteins p50 and p65 forming complexes with inhibitory complex IκBα in the cytosol, where they are activated and regulate the production of pro-inflammatory cytokines (Lawrence, 2009). TNF, LPS, IL-1β, and T cell receptor or B cell receptor, as well as other cell, surfaces receptors such as TLRs, TNF receptor, and IL-1 receptor, activate NF-κB throughout the canonical pathway (Baeuerle and Baltimore, 1996). Members of the TNF receptor superfamily, such as B cell-activating factor (BAF), receptor activator of NF-κB (RANK), lymphotoxin B (LT) receptor, and CD40, activate the non-canonical NF-κB pathway in response to diverse stimuli. These receptors also activate the canonical pathway at the same time. Only IKKα homodimers, not IKKβ or IKKγ implicated in the canonical pathway for IκB phosphorylation, are responsible for non-canonical NF-κB pathway activation (Singh et al., 2020) (Figure 3). Inhibition or capture of HMBG1 can suppress this pathway and has been considered as a therapeutic approach. A review by Nishibori et al. illustrates that administration of anti-HMGB1 monoclonal antibodies inhibits Dneuronal loss in a 6-OHDA rat model of PD by suppressing ROS production and neuroinflammation (Nishibori et al., 2019). The protective effects of miR-124 and miR-7 against inflammation may make them protective in PD as already suggested by Titze-de-Almeida and Titze-de-Almeida, who describe the potential benefits of miR-7 replacement therapy in this disease (Titze-de-Almeida and Titze-de-Almeida, 2018). Microglia migration to the substantia nigra is triggered by α-syn-induced increase of CXCL12 and its release from microglia via the TLR4/IB/NF-κB pathway (Ahmed et al., 2012).α-Syn is also a CD36 agonist (Panicker et al., 2019). It has been shown that CD36 and Fyn kinase facilitate the uptake of α-syn by microglia and initiate the assembly of inflammasomes through a protein kinase Cδ-dependent nuclear translocation of NF-κB-p65. Furthermore, uptake of α-syn is reduced in Fyn-deficient microglia and bone marrow-derived macrophages (BMDM) that lack CD36. Therefore, Fyn plays an important role in promoting neuroinflammation in PD (Panicker et al., 2019). In addition, based on a genome-wide association study (GWAS), the Fyn locus is linked to the increased risk of PD (Nalls et al., 2019). Sarkar et al. showed that in PD models, Kv1.3 is elevated. The downstream mediator of the NF-κB and p38 MAPK pathways, the Fyn/PKC signaling cascade, proximally controlled the Kv1.3 upregulation. They showed that Kv1.3 overexpression contributes significantly to neuroinflammation-mediated neurodegeneration in PD models. These findings also point to a possible Kv1.3-mediated signaling pathway which can modulate microglial inflammation in PD (Sarkar et al., 2020b). Sarkar et al. in another study discovered new molecular pathways for α-syn aggregation-induced neuroinflammation. α-Syn upregulated the expression of RNA binding proteins in mouse microglia, implying higher RNA processing and splicing as well as mitochondrial oxidative stress. They also found evidence for decreased microglial progranulin as a new disease mechanism in PD, suggesting that lysosomal dysfunction and autophagy are involved in the disease pathogenesis (Sarkar et al., 2020a). Zhang et al. proposed another novel mechanism. They discovered that mGluR5 was critical in preventing α-syn-induced neuroinflammation. This effect was dependent on the interaction between mGluR5 and α-syn, as well as mGluR5 degradation via the lysosomal pathway induced by α-syn. According to this study, the separation of the mGluR5—α-syn complex in microglia is induced by increased mGluR5 expression (Zhang et al., 2021).

A large number of αsyn transgenic mice models have been developed to replicate a spectrum of clinical and behavioral characteristics of PD and other synucleinopathies. The form of α-syn expressed (wild type vs. mutant) and its promoter-specific expression pattern are the key differences between the existing mouse lines (Kahle, 2008; Chesselet and Richter, 2011; Magen and Chesselet, 2011). A number of mouse lines with α-syn deficiency have also been employed to help researchers understand the roles of this protein in the brain cellular processes (Abeliovich et al., 2000; Specht and Schoepfer, 2004; Kokhan et al., 2012). Transgenic α-syn KO mice (Abeliovich et al., 2000) were initially reported to be unimpaired in spatial memory learning, as demonstrated by the Morris Water Maze (MWM) challenge (Chen et al., 2002). A further study indicated that there are actually cognitive abnormalities in this transgenic mouse model but at more advanced ages compared to the initial report (Kokhan et al., 2012). A likely confounding element in understanding the potential role of α-syn in cognitive dysfunction seems to be the compensatory function of gamma synuclein (γ-syn) in synaptic regulation during the absence of α-syn, resulting in the alleviation of cognitive abnormalities in α-syn-KO mice (Senior et al., 2008). Therefore, γ-syn could perform a compensatory function by restoring cognitive functions in α-syn-KO mice (Hatami and Chesselet, 2015).

A53T α-syn causes neurodegeneration (Giasson et al., 2002; Gu et al., 2010). Mice with A53T α-syn have significant motor impairments, which can lead to paralysis and death (Giasson et al., 2002). In a study by Gu et al. (2010), inflammation and microglial activation were promoted by the A53T α-syn, which caused astrogliosis, particularly in the midbrain, brainstem, and spinal cord. This study also discovered a significant DA neurons loss in the midbrain and motor neurons of the spinal cord in symptomatic mice, which could explain the paralysis characteristics of mutant mice. Furthermore, COX-1-mediated inflammatory pathways can play a role in neurodegeneration, as indicated by the COX-1 inhibitor's ability to lengthen the lifespan of A53T mice. The A53T α-syn mice also developed age-dependent α-syn inclusions, which mimic the pathology seen in people with PD. Overexpression of A53T α-syn inhibited complex I function in DA neurons of transgenic mice (Chinta et al., 2010), depolarized mitochondrial membrane potential, increased ROS in human neuroblastoma cells (Parihar et al., 2009), and induced mitochondrial autophagy in neurons bearing the A53T mutation (Chinta et al., 2010; Choubey et al., 2011). Furthermore, α-syn has been demonstrated to alter mitochondrial motility (Xie and Chung, 2012). One theory for the mechanism underlying the effect of A53T α-syn on mitochondria is that it raises Ca2+ signal in neurons, which has been demonstrated to limit mitochondrial mobility (Yi et al., 2004; Wang and Schwarz, 2009). Previous investigations have suggested that A53T α-syn can create Ca2+ permeable holes in the plasma membrane (Furukawa et al., 2006) and can control Ca2+ entry pathway (Hettiarachchi et al., 2009). Li et al. discovered that A53T α-syn decreased both overall mitochondrial mobility and the fraction of mobile mitochondria. In other words, in A53T α-syn neurons, the percentage of stationary mitochondria rose (Li et al., 2013); therefore, it is probable that A53T α-syn controls syntaphilin or myosin (Kang et al., 2008; Pathak et al., 2010) to improve anchoring of stationary mitochondria. Mice expressing A30P α-syn have failed to exhibit alterations in locomotor activity, and dopamine levels in spite of the buildup of α-syn in various brain regions (Kahle et al., 2001; Yavich et al., 2004; Freichel et al., 2007). Kilpeläinen et al. characterized homozygous double mutant A30P*A53T α-syn transgenic mice and reported that these animals did show early onset and age-dependent alterations in striatal dopaminergic function and locomotor activity, as well as formation of α-syn oligomers, suggesting that it could be a useful tool for modeling early onset PD associated with familial SNCA mutations (Kilpeläinen et al., 2019). Thy-1 promoter has been used for producing transgenic α-syn overexpressing mice. The α-syn transgene is widely expressed in these mice, and cytoplasmic and nuclear inclusions containing human α-syn appear in various brain areas, including the cortex, hippocampus, olfactory bulb, and to a lesser extent, the substantia nigra (Cenci and Björklund, 2020).

Our review also highlighted the roles of adaptive immune response in PD models. T lymphocyte infiltration and enhanced MHC II immunoreactivity were seen in MPTP-treated mice, but no B lymphocyte infiltration was reported (Kurkowska-Jastrzebska et al., 1999; Karikari et al., 2022). Furthermore, the injection of regulatory T cells reduced the neurotoxicity of MPTP (Reynolds et al., 2007). In contrast to T lymphocytes' obvious participation in human PD, there is no indication of B lymphocytes' presence in the brains of animal models of PD. It is worth mentioning that mice lacking both B and T lymphocytes were resistant to MPTP toxicity in a recent study employing the MPTP mouse model of PD (Benner et al., 2008). In the past, research on neuroinflammation in AD and PD has primarily focused on aberrant innate immune system activation (Benner et al., 2008; Rodrigues et al., 2014; Caplan and Maguire-Zeiss, 2018; Labzin et al., 2018). Recent data suggests that changes in the adaptive immune response may also play a role in inflammation and neurodegeneration in Alzheimer's disease and age-related synucleinopathies (Kannarkat et al., 2013; Allen Reish and Standaert, 2015; Baird et al., 2019). α-Syn oligomers and fibrils increased the ratio of CD8+ to CD4+ T cells in the CNS and decreased the expression of STAT3, CD25, and CD127 in CD3+CD4+ T cells. CD4+ T cell infiltration into the CNS has also been linked to changes in the phenotype of brain microglia (Olesen et al., 2018). Thus, CD3+CD4+ T cells' homing and tolerance capabilities are affected by α-syn aggregates (Olesen et al., 2018). In acute neurotoxic models of PD, such as MPTP-injected mice, substantial T cell infiltration was detected in the substantia nigra at the first day following MPTP challenge, and gradually decreased and normalized by day 30 (Chandra et al., 2017). In addition to the potentially neurotoxic impacts of cytokines secreted by Th1 or Th17 cells (Park et al., 2017; Storelli et al., 2019), Th2 and Treg cells are considered to suppress innate immune activation in the CNS, indicating that an imbalance in T cell types may cause overactivation of glia and chronic inflammation (Gendelman and Appel, 2011; Olson and Gendelman, 2016; von Euler Chelpin and Vorup-Jensen, 2017). Previous research has revealed that α-syn aggregates are released into the extracellular space under pathological situations (Desplats et al., 2009; Lee et al., 2014; Emmanouilidou and Vekrellis, 2016; Steiner et al., 2018), in which they can potentially stimulate T cells. In the context of MHC class II, two types of antigen-presenting cells are reported to display epitopes originating from the α-syn Y39 region. IL-5 from CD4+ T cells and IFN from CD8+ T cells are the main triggers of this response (Sulzer et al., 2017). As a result, α-syn peptides can behave as antigenic epitopes, activating T cell responses, which could explain the link between PD and specific MHC alleles (Sulzer et al., 2017). Recent research has found that extracellular α-syn has a variety of impacts on CD4+ and CD8+ T cell populations in the peripheral and central nervous systems, implying that α-syn variations affect CD4+ T cell homing and tolerance capacity (Olesen et al., 2018). Another study used a combination of human α-syn PFF and AAV-human-α-syn injections into the rat substantia nigra and found both microglia activation and CD4+ and CD8+ T cell infiltration (Thakur et al., 2017). Furthermore, extracellular α-syn aggregates have been reported to inhibit CD25 expression, which could explain why recently activated T cells in PD have a lower survival potential (Olesen et al., 2018).

It is reported that Fas-deficient animals have less MPTP-induced DA neuron loss (Hayley et al., 2004). While the Fas/FasL pathway has been linked to the removal of activated macrophages and therefore to the resolution of inflammation in the setting of antigen presentation (Ashany et al., 1995), new evidence reveals that this pathway may alternatively generate proinflammatory cytokines in tissue macrophages (Park et al., 2003). As a result, CD4+ Th FasL-mediated activation of microglial cells may play a role in the inflammatory response and degeneration of DA neurons. FasL produced by T cells may potentially play a role in inflammatory responses in astrocytes, which are known to be highly resistant to Fas-mediated cell death and to produce proinflammatory cytokines and chemokines in response to Fas ligation (Choi and Benveniste, 2004). Fas expression has been found to be elevated on these glial cells in the MPTP model (Ferrer et al., 2000; Hayley et al., 2004). Alternatively, cell-to-cell interaction between infiltrating CD4+ T cells and DA neurons may cause neuronal death (Giuliani et al., 2003).

Our review unveils the critical role of mast cells in the pathogenesis of PD. As stated above, MPP+ treatment induces mast cell activation and a subsequent increase in levels of CCL2, IL-33, and ROS generation (Kempuraj et al., 2016, 2019). This is in line with a review by Sandhu and Kulka (2021) that reported MPP + is an active metabolite of MPTP that causes activation of mouse bone marrow-derived mast cells (BMMC) and increased release of CCL-2 and MMP-3. Thus, IL-33 secretion by mast cells is increased after MPP+ treatment and plays its role through a heterodimeric receptor complex consisting of suppression of tumorigenicity 2 (ST2) and the accessory IL-1 receptor protein (IL-1RAP). The IL-33/ST2 pathway is involved in CNS homeostasis and its pathologies, including neurodegenerative diseases (Sun et al., 2021). Mast cells are a population of IL-33 targeting cells, recognizing it by IL-33 receptor, ST2 (Lunderius-Andersson et al., 2012). Mast cells activation is observed in PD brains and may play role in neuroinflammation in this disease (Kempuraj et al., 2015, 2019).

TG2 is expressed by mast cells in MPTP-treated mice, which can stimulate inflammatory cytokines and neuroinflammation (Hong et al., 2018). A review by Kim et al. (2013) confirms the roles of TG2 in PD and other neurodegenerative diseases. This gene has been reported to encode an enzyme with four different activities, including protein disulfide isomerase, transamidase, protein kinase, and GTPase. Its transamination function can cause a toxic and insoluble aggregation of amyloid and other proteins. In the Lewy bodies, large numbers of isopeptide bonds produced by TG2 were found. The SH-SY5Y neuroblastoma cell line was treated with MPP+, which greatly elevated TG2 activity (Beck et al., 2006; Verhaar et al., 2011). It is established that α-syn is one of TG2's substrates (Junn et al., 2003). TG2 catalyzes the cross-linking of α-synuclein, resulting in the formation of insoluble, high-molecular-weight aggregates. TG2 was recently discovered to be a substrate of PINK1, a PD-associated Ser/Thr protein kinase. PINK1 phosphorylates TG2 directly, increasing protein stability by preventing proteasomal breakdown (Min et al., 2015). As a result, PINK1 regulates TG2 activity, which may be linked to the production of aggresomes in neural cells (Min et al., 2015). According to recent studies, endoplasmic reticulum (ER) dysfunction is a key component of PD development. As a result, proper TG2 function is intimately linked to ER function. In MPP-treated SH-SY5Y cells, for example, biochemical contact and colocalization between TG2 and ER were detected (Verhaar et al., 2012). In a separate investigation, it was discovered that the localization of TG2 to the granular ER compartment in the PD brain is highly selective for stressed and melanized neurons (Wilhelmus et al., 2011). In this regard, TG2 inhibitors may be a promising therapy for alleviating the brain diseases which TG2 plays role in (Min and Chung, 2018). Additionally, inhibition of pKr-2 is identified as a potential therapeutic strategy in PD since pKr-2 treatment of rats causes an increase in microglial TLR4, which is essential for their immune activation (Shin et al., 2015). Furthermore, TLR4 agonists can cause necroptosis, which leads to cell death and release of their intracellular contents triggering innate immune responses and neuroinflammation (Yu et al., 2021); therefore, TLR4 antagonists could have therapeutic potential in PD and other neuroinflammatory disorders as already summarized by Leitner et al. (2019). Suppression of PGE2 is another potential treatment strategy in PD, which is supported by observations that the DA toxin 6-OHDA upregulates mPGES-1 and triggers PGE2-dependent death of DA neurons (Ikeda-Matsuo et al., 2019). This therapeutic approach has been reviewed by Singh et al. (2021).

Aging is a physiological challenge that all organisms face throughout time, and it is also the leading risk factor for neurodegenerative illnesses. Therefore. effects of aging on the neuroinflammation within PD mice models should be considered. Zhao et al. showed that in aged mice, compared to young mice, behavioral performance decreased and DA neurons were depleted, which was followed by increased expression of pro-inflammatory factors (TLR2, p-NF-κB-p65, IL-1β, and TNF-α), as well as the pro-oxidative stress factor gp91phox. The inflammatory M1 microglia were increased by aging, and the equilibrium between oxidation and anti-oxidantswas disrupted. In LPS-treated, aged mice, poor behavioral performance and loss of DA neurons were observed, as well as upregulated TLR2, p-NF-κB-p65, IL-1β, TNF-α, iNOS, and gp91phox (Zhao et al., 2018). Also, Yao and Zhao demonstrated that in a MPTP-PD mouse model, aging enhanced M1 microglia activation while inhibiting M2 microglia activation in the substantia nigra, which was associated with an increase in proinflammatory cytokines TNF-α and IL-1β (Yao and Zhao, 2018).

We also reviewed cell models of PD used in the included studies. Rat/mice primary neuron/glia, BV2 murine microglial cells, and SH-SY5Y human neuroblastoma cell line were among the most common cell lines used for creating in vitro PD models. PD cell models have some advantages in comparison with animal models. First, PD-related genes can be efficiently overexpressed or knocked out in cultured cells. Second, in dopamine-producing cell lines, both MPP+ and 6-OHDA can be utilized to trigger cell death. Other benefits of these models include their unlimited proliferation which allows high-throughput experimentation with a wide range of experimental techniques and endpoints; homogeneity of cell populations which leads to high reproducibility; and the fact that some cell lines such as SH-SY5Y express important enzymes for dopamine metabolism and synapse formation (Han et al., 2003; Schildknecht et al., 2009; Lopes et al., 2010; Scholz et al., 2011; Thomas et al., 2013). Their main disadvantage is high proliferative capacity, which differs from neurons that do not divide. In comparison to primary neurons and organotypic cultures, immortalized cells are not only unable to replicate the appearance and physiology of a neuronal cell, but they also do not express many of the synaptic proteins. In addition, continuous proliferation induces a selection pressure that favors mutations that improve proliferation and survival, causing succeeding generations of cell lines to lose their DA phenotype in comparison to their parental lines. As a result, after repeated passaging, many cell lines become inappropriate for usage (Lopes et al., 2017a). Despite having important DA traits, SH-SY5Y cells lack neuronal characteristics. This cell line is in the early phases of neuronal development, with low numbers of neuronal markers. Furthermore, their oncogenic characteristics and persistent multiplication are incompatible with neurons (Gilany et al., 2008; Filograna et al., 2015; Lopes et al., 2017a). Both genetic and toxin-based techniques have been used to recreate PD pathology in this cell model, with 6-OHDA being the most widely used toxin. The majority of these investigations are concerned with achieving neuroprotection in cells exposed to 6-OHDA (Wei et al., 2015; Lin and Tsai, 2017). Undifferentiated SH-SY5Y cells have also been used to investigate the mechanisms of 6-OHDA toxicity (Soto-Otero et al., 2000; Izumi et al., 2005; Xicoy et al., 2017). 6-OHDA is taken up by DA neurons via DAT transporter and induces considerable oxidative stress. Undifferentiated cells do not mimic the 6-OHDA-induced cell death mechanisms that occur in vivo because they only express modest amounts of DAT (Lopes et al., 2017b).



CONCLUSION

In the current systematic review, we have collected data identifying the importance of several neuroinflammatory pathways and molecular mechanisms in the pathogenesis of PD. We conclude that neuroinflammation plays a role in both the initiation and progression of PD. We illustrate that neuroinflammatory reactions in PD models can be induced by various factors including MPTP, α-syn, 6-OHDA, and pKr-2, while other mechanisms, such as TLR2, NLRP3, IL-1β, TNF-α, NF-κB pathway, HMBG1, ROS production, CD36, Fyn, mast cells, ASK1, Lcn-2, TG2, CCL2, IL-33, TLR4, mPGES-1, and PGE2, contribute to the establishment and progression of the pathogenetic mechanisms in these models.

In addition, we identify several potential therapeutic approaches that may be effective in PD by alleviating neuroinflammation. They include miR-124 and miR-7 as well as inhibitors of NLRP3 inflammasomes, HMBG1, and TG2. We also acknowledge limitations to our work, which include very limited research on some of the mechanisms we review and a shortage of other comprehensive systematic reviews and meta-analyses that could be used to further validate our conclusions. Further research is needed to understand other neuroinflammatory mechanisms involved in the pathogenesis of PD and to develop new therapeutic approaches targeting them. By evaluating the relative impact of each factor and determining their collective contribution to neuroinflammation in PD, multitargeted therapeutic approaches could be developed that will hopefully solve the puzzle of PD, which currently lacks effective treatments.
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Introduction: Diffusion tensor imaging (DTI) can be used to map disease progression in amyotrophic lateral sclerosis (ALS) and therefore is a promising candidate for a biomarker in ALS. To this end, longitudinal study protocols need to be optimized and validated regarding group sizes and time intervals between visits. The objective of this study was to assess the influences of sample size, the schedule of follow-up measurements, and measurement uncertainties on the statistical power to optimize longitudinal DTI study protocols in ALS.

Patients and methods: To estimate the measurement uncertainty of a tract-of–interest-based DTI approach, longitudinal test-retest measurements were applied first to a normal data set. Then, DTI data sets of 80 patients with ALS and 50 healthy participants were analyzed in the simulation of longitudinal trajectories, that is, longitudinal fractional anisotropy (FA) values for follow-up sessions were simulated for synthetic patient and control groups with different rates of FA decrease in the corticospinal tract. Monte Carlo simulations of synthetic longitudinal study groups were used to estimate the statistical power and thus the potentially needed sample sizes for a various number of scans at one visit, different time intervals between baseline and follow-up measurements, and measurement uncertainties.

Results: From the simulation for different longitudinal FA decrease rates, it was found that two scans per session increased the statistical power in the investigated settings unless sample sizes were sufficiently large and time intervals were appropriately long. The positive effect of a second scan per session on the statistical power was particularly pronounced for FA values with high measurement uncertainty, for which the third scan per session increased the statistical power even further.

Conclusion: With more than one scan per session, the statistical power of longitudinal DTI studies can be increased in patients with ALS. Consequently, sufficient statistical power can be achieved even with limited sample sizes. An improved longitudinal DTI study protocol contributes to the detection of small changes in diffusion metrics and thereby supports DTI as an applicable and reliable non-invasive biomarker in ALS.
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Introduction

During the last decade, magnetic resonance imaging (MRI)-based parameters have gained increasing interest as a progression marker in neurodegenerative diseases (Agosta et al., 2015). Amyotrophic Lateral Sclerosis (ALS) is characterized by progressive motor neuron degeneration of both the upper motor neurons of the cerebral cortex and the lower motor neurons in the brainstem and spinal cord, leading to progressive immobility and breathing difficulties, and eventually died after an average of 3 years (van Es et al., 2017). In clinical trials, objective biomarkers, for example, based upon neuroimaging are needed to monitor the progression of the disease and thus improve the chances of identifying effective treatments for ALS (van den Berg et al., 2019). A promising and robust approach is the measurement of white matter (WM) degeneration by the use of diffusion tensor imaging (DTI) (Kassubek and Müller, 2020). In addition to the voxel-wise analysis of the whole brain (Müller et al., 2016), a tract-of-interest (TOI)-based approach can be used to analyze specific cerebral WM pathways that are involved in the progression of ALS (Kassubek et al., 2014). Longitudinally, the spread of pathology is reflected by tract-specific alterations in DTI metrics (Kassubek et al., 2018), which correlates with the clinical severity of the disease (Baldaranov et al., 2017).

Longitudinal MRI examinations of the brain are time-consuming, costly, and can be a burden for patients with ALS (especially in advanced disease stages). Thus, a careful design of such studies is mandatory. One of the most crucial variables in the conceptualization of a longitudinal study is the sample size as samples that are too small might lead to non-significant results of true effects (Blain et al., 2007; Alruwaili et al., 2019). Another essential aspect is the schedule of follow-up measurements, that is, the number of follow-ups and the time intervals between them. On one hand, it must be taken into consideration when the effect, that is, a change in diffusion metrics, can be measured at the earliest (Kalra et al., 2020), and on the other hand, the timing of follow-up measurements can be substantial for the validity of the results (Müller et al., 2021a). Confounding factors such as general and subject-specific noise cause diffusion metrics to be subject to measurement errors (Müller et al., 2013). A higher measurement error results in higher measurement uncertainty, that is, the measured value probably does not directly reflect the true value. Then, the measurement uncertainties affect the test-retest reliability of DTI metrics, that is, the ability to obtain similar values from different acquisitions of the same subject (Vollmar et al., 2010; Koller et al., 2021). The presence of high measurement errors can potentially bias the temporal association of variables in longitudinal studies (Saccenti et al., 2020). Especially in patients with burdening neurodegenerative diseases, more subject-specific measurement artifacts are to be expected compared to healthy subjects. All these aspects might be a reason why previously reported post-hoc effect sizes of longitudinal FA changes in patients with ALS were only limited (Kassubek et al., 2018). This indicates that DTI study protocols may be improved to increase the reliability of DTI metrics that might potentially serve as technical biomarkers in studies.

The objective of this study was to evaluate the effects of measurement uncertainty and scheduling of follow-up measurements on statistical power and sample size in a longitudinal study of patients with ALS. The approach is based on fractional anisotropy (FA) along the corticospinal tract (CST) which represents neuropathological ALS stage one (Kassubek et al., 2018) and is a robust and sensitive DTI-based parameter for disease progression (Kocar et al., 2021). This study aimed to establish a basis for the optimization of study protocols for longitudinal ALS imaging studies that are robust to different longitudinal FA decrease rates.



Methods


Participants

A total of 80 patients (58.5 ± 13.9 years, 48 male/32 female) with clinically definite or probable sporadic ALS according to the revised version of the El Escorial World Federation of Neurology criteria (Brooks et al., 2000) were included in the study. All patients underwent standardized clinical-neurological and routine laboratory examinations. None of the patients had any history of neurological or psychiatric disorders apart from ALS. The severity of disability as measured with the revised ALS functional rating scale (ALS-FRS-R) (Cedarbaum et al., 1999) was 40 ± 5 (range 23–48). For analysis at the group level, 50 age- and sex-matched healthy controls (54.3 ± 9.8 years, 32 male/18 female) were analyzed. For test-retest measurements, 14 healthy subjects (age 36.3 ± 11.2 years, 6 male/8 female) participated. All healthy controls had no history of any medical condition and were medication-free.

All patients and healthy controls gave written consent for the MRI protocol according to the institutional guidelines. The study was approved by the Ethical Committee of the University of Ulm, Germany (reference # 19/12), and written consent was obtained from each participant.



Magnetic resonance imaging data acquisition and processing

Test-retest measurements of 14 healthy subjects were acquired on the same 1.5 T MRI scanner (Magnetom Symphony, Siemens Medical, Erlangen, Germany) with 151 ± 112 days in-between both scanning sessions. Since the reliability of diffusion metrics is affected by the number of GD (Teipel et al., 2011), each scanning session consisted of two DTI sequences with different protocols: Protocol A consisted of 52 gradient directions (GD) including four b0 directions (b = 1,000 s/mm2, voxel size 2.0 mm × 2.0 mm × 2.8 mm, 128 × 128 × 64 matrix, TE = 95 ms, TR = 8,000 ms) and protocol B consisted of 62 GD including two b0 directions (b = 1,000 s/mm2, voxel size 2.5 mm × 2.5 mm × 2.5 mm, 128 × 128 × 64 matrix, TE = 102 ms, TR = 8,700 ms). Between both sequences, the participants remained in the scanner. The ratio of the number of GD and b0 direction additionally influences the reliability of the diffusion metrics (Zhu et al., 2009). Optimization of the test-retest protocols was not performed in this respect, since the objective was not to minimize the error but to estimate the error from protocols commonly used in ALS studies (Kassubek et al., 2014; Müller et al., 2016; Behler et al., 2022; Münch et al., 2022).

The signal-to-noise ratio (SNR) may be lowered in patients with neurodegenerative diseases due to subject-related factors (Müller et al., 2013). Therefore, all 80 patients with ALS and a healthy control group (50 subjects) underwent protocol C at a 3.0 T MRI scanner (Allegra, Siemens Medical, Erlangen, Germany), as this has a higher SNR compared to a 1.5-T MRI scanner. Protocol C consisted of 49 GD including one b0 direction (b = 1,000 s/mm2, voxel size 2.2 mm × 2.2 mm × 2.2 mm, 96 × 128 × 52 matrix, TE = 85 ms, TR = 7,600 ms).


Diffusion tensor imaging analysis

For DTI data post-processing, the software Tensor Imaging and Fiber Tracking (TIFT) (Müller et al., 2007) was used. First, all DTI data sets were checked for eddy current distortions, underwent quality control (Müller et al., 2011), and were resampled to an isotropic 1 mm grid. This was followed by a non-linear spatial normalization to the Montreal Neurological Institute (MNI) stereotaxic standard space (Brett et al., 2002) by using study-specific DTI templates as described previously in detail (Müller et al., 2012). Baseline and follow-up DTI data sets of the test-retest group were aligned using a halfway linear registration (Menke et al., 2014) before MNI normalization. FA maps were calculated from each data set and, finally, smoothed with a Gaussian filter with an 8 mm full width-at-half-maximum.



Fiber tracking

An averaged data set of MNI transformed controls’ data was used for the identification of the CST by a seed-to-target TOI-based approach (Kassubek and Müller, 2020). A deterministic streamline fiber tracking approach (Müller et al., 2009) was used at which the FA threshold was set at 0.2 (Kunimatsu et al., 2004) and the Eigenvector scalar product threshold was set at 0.9. The seed regions had a radius of 5 mm and the target regions had a radius of 10 mm. In a final step, the technique of tract-wise fractional anisotropy statistics (TFAS) was applied to select FA values underlying the fiber tracks for arithmetic averaging. Bihemispheric mean FA values of fiber tracts were averaged and corrected for age (Behler et al., 2021). An age correction of the FA maps of the test-retest group was not performed since this group was only used to determine the measurement uncertainty which could be assumed to be independent of age and gender.




Simulation of longitudinal trajectories

For the single subject i, the FA value FAt,i of a follow-up measurement at time t after the baseline measurement (t = 0) can be calculated based on a linear relationship with a subject-specific rate of FA change βi:

[image: image]

However, FA values, like any other measured value, are not without measurement error. The measured FA value [image: image] is composed of the real value and a measurement error εt, which differs for each measurement:

[image: image]

For the simulation of longitudinal FA values (Figure 1A), this results in:

[image: image]
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FIGURE 1
Schematic workflow of statistical power calculations. In a first step, (A) subject-specific longitudinal fractional anisotropy (FA) values in the corticospinal tract (CST) were simulated. Therefore, synthetic baseline values for patients and healthy controls were generated from real subject data distributions. The calculation of synthetic “measured” follow-up FA values incorporated a predefined FA decrease and measurement uncertainty. In a second step, (B) longitudinal trajectories were generated for n subjects per group and the statistical power was calculated from 2,000 Monte Carlo resampled data sets. This procedure was performed for different time intervals between baseline and follow-up sessions, measurement uncertainties, longitudinal FA decrease rates, and sample sizes.


The measurement errors, that is, the measurement uncertainties, ε0 and εt, of the baseline and the follow-up measurement at time t originate from a normal distribution (Table 1).


TABLE 1    Description of the distributions used for longitudinal group data simulations.

[image: Table 1]


To extend this approach to n subjects, a between-subject variability of the intercept [image: image] and slope βi is considered, that is, these are subject-specific Gaussian random effects (Table 1).



Reliability analysis

To assess the measurement reliability of the FA values in the CST, the intraclass correlation coefficient (ICC) was calculated from the test-retest data sets of the healthy subjects with the following specifications: two-way mixed effect, single rater, that is, MRI scanner, and absolute agreement (Koo and Li, 2016). ICC values < 0.50 indicate poor reliability, values between 0.50–0.75 indicate moderate reliability, values between 0.75–0.90 indicate good reliability, and values > 0.90 indicate excellent reliability. The 95% confidence intervals (CI) were considered for this assessment.

The standard errors ε of a FA value (Table 1) were estimated using the standard error of the mean (SEM) from the ICC (Weir, 2005):

[image: image]

with TSS as the total “within-samples” sum of squares and k as the number of measurements.



Statistical power calculations

The statistical power was evaluated for the comparison of longitudinal FA decreases between a group of patients and a group of healthy controls using a Monte Carlo simulation approach (Figure 1B) for different study designs. The simulations of FA values at the follow-up session were based on subject-specific longitudinal FA decrease rates only in patients with ALS since the annual longitudinal FA decrease for healthy controls was set to null. The FA decrease group mean in patients with ALS was specified based on measurements in previous studies:


-to 0.05% representing a group with a slow longitudinal FA decrease (Baldaranov et al., 2017).

-to 2.00% representing a group of patients with intermediate longitudinal FA decrease rates (Kassubek et al., 2018; Kalra et al., 2020).

-to 3.50% representing a group with a fast longitudinal FA decrease (Cardenas-Blanco et al., 2016).



It has to be noted, in general, however, that the speed of deterioration of a technical measurement like MRI/DTI not necessarily has to be associated with the speed of progression at the clinical level, because, in complex diseases like ALS, many (individual) factors may influence the clinical disease course. Since the simulation was based on subject-specific trajectories, the coefficient of variation of those mean FA decrease rates was set to 67% in patients with ALS.

The algorithm to calculate the statistical power for a given sample size per group n and a given effect size, that is, mean longitudinal FA decrease rate in the patients with ALS, at a significance level of 0.05 is as follows:

Step 1: The time interval between the baseline and the follow-up session, the number of scans per session m, and the magnitude of the measurement uncertainty were specified. The time intervals chosen between baseline and follow-up sessions varied from 30 to 180 days, which are typical intervals in longitudinal studies (Baldaranov et al., 2017; Kassubek et al., 2018; Kalra et al., 2020).

Step 2: Based on cross-sectional data estimated from studies with real subjects (Figure 1A), synthetic “measured” baseline FA values [image: image] were generated for each subject from a normal distribution (Table 1) and m measurement repetitions were simulated by resampling using the normal distribution of the measurement uncertainty [equation (2)].

Step 3: A longitudinal FA decrease rate βi was assigned to each subject (Table 1) and longitudinal FA values (m scans at one follow-up session t days after the baseline session) were calculated for each subject according to [equation (3)].

Step 4: The group comparison of longitudinal FA change was analyzed with a two-sided independent t-test and the p-value was calculated.

Step 5: Steps 2–4 were iterated 2,000 times and the number of significant iterations was obtained. Statistical power was estimated as the proportion of iterations with statistically significant results out of all iterations (Figure 1B).




Results


Simulation input

The test-retest reliability of the FA of the CST was determined for two different DTI protocols (1.5 T scanner) and ranged from good to excellent with an ICC of 0.91 [CI: (0.74, 0.97)] for protocol A and an ICC of 0.97 [CI: (0.91, 0.99)] for protocol B. According to equation (4), the standard error ε of a FA value was calculated to be 0.00134 for protocol A and 0.00054 for protocol B, respectively. The analysis showed that DTI protocols on the same scanner could lead to different magnitudes of measurement uncertainty of FA values in the CST. In the following, the standard error ε of protocol A is referred to as “high measurement uncertainty” and that of protocol B as “low measurement uncertainty,” since the latter provided more reliable values. As the magnitude of the measurement uncertainty directly affects the correlation structure of longitudinal data, the simulations and calculation of statistical power were performed for both measurement error magnitudes, that is, a low and high measurement uncertainty.

The tract-based group analysis of cross-sectional data showed a mean FA value of 0.326 (SEM, 0.002) with a standard deviation of 0.018 for the CST for patients with ALS and a mean FA value of 0.339 (SEM, 0.003) with a standard deviation of 0.023 for healthy controls.



Monte Carlo statistical power estimate

Overall, for both measurement uncertainties, it was shown that multiple repeated scans per session led to an increase of the statistical power in detecting longitudinal changes in the FA in the CST under otherwise identical conditions, that is, time interval and group size.

From the simulation of a 0.5% longitudinal FA decrease in the CST per year (slow longitudinal FA decrease), it was shown at the analyzed time intervals of 60, 120, and 180 days (Figure 2A) that a second scan per session resulted in increased statistical power across both measurement uncertainties and all time intervals. Due to the lower change per year, the third scan per session led to a further increase in the statistical power which was similar to the increase due to a second scan for high measurement uncertainty.
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FIGURE 2
Statistical power for longitudinal diffusion tensor imaging studies in amyotrophic lateral sclerosis. Calculations were performed for (A) 0.5%, (B) 2.0%, and (C) 3.5% change per year of the fractional anisotropy in the corticospinal tract. Longitudinal simulations for a patient and a healthy control group were performed for different sample sizes per group, two magnitudes of measurement uncertainty, one to three scans per session, and time intervals t between baseline and the follow-up session.


In the simulations with 2.0–3.5% longitudinal FA decrease, shorter time intervals were also analyzed, since effects should be observable after shorter time intervals with a more pronounced longitudinal decrease. In the simulation with an average annual FA decrease of 2.0% (Figure 2B), the statistical power of 0.8 could not be achieved with either low or high measurement uncertainty for a time interval of 30 days and one scan per session for less than 35 subjects per group. The second scan increased the statistical power so that a statistical power of 0.8 could be reached with 20 subjects per group (with a given low measurement uncertainty). A subsequent, third scan per session led to further improvement of the statistical power for both measurement uncertainties. For measurements with low measurement uncertainty, the third scan did not further increase the statistical power. This positive effect of the third scan per session was lower the higher the time intervals between the baseline and the follow-up session were. Thus, with a 90-day interval between baseline and follow-up, the third measurement did not provide any additional advantage over a two-time repeated scan. The analysis of the sample sizes per group which was needed to reach an effect size of 0.8 showed that, for FA values with high measurement uncertainty, the second scan per session resulted in a reduction of the required sample size per group by about 30–45% (Figure 3).


[image: image]

FIGURE 3
Sample size per group to reach a statistical power of 0.8 with different decrease rates in fractional anisotropy (FA). FA values were either subject to (A) low or (B) high measurement uncertainty. Statistical power calculations were performed for 60, 90, and 120 days between baseline and follow-up sessions and one to three scans per session.


In the simulation with a longitudinal FA decrease of 3.5% per year in the CST (“fast FA progressors”) (Figure 2C), it was shown that, with 90-days between baseline and follow-up measurement, a statistical power of more than 0.8 could already be achieved with 12 subjects per group, as well as for FA values with high measurement uncertainty. Repeated scans per session resulted in an increase of the statistical power in case of high measurement uncertainties and/or shorter time intervals (30 days). For a low measurement uncertainty, however, this improvement could not be demonstrated already at follow-up measurements 90-days after baseline. For measurements subject to high measurement uncertainty, the third scan brought no further advantage after 90-days, as compared to two scans per session.




Discussion

This study investigated how the potential of the DTI-based metric FA as a non-invasive progression marker may be further optimized to monitor longitudinal changes in the FA during the disease progression of ALS. The influences of sample size, scheduling of baseline and follow-up sessions, and measurement uncertainty on the statistical power were assessed for longitudinal FA studies in the CST. Follow-up FA values were simulated for patients with ALS and healthy controls based on real baseline data distributions. Based on these synthetic longitudinal FA values, it could be demonstrated that a second scan at each session substantially increased the statistical power of such studies, especially for uncertain measurements with a limited SNR, for example, due to subject-related factors (Müller et al., 2013). The application of these results will strengthen the reliability of the FA values, in line with SNR improvement by signal-averaging during individual scans (Farrell et al., 2007; Seo et al., 2019). Vice versa, the increased statistical power of a DTI protocol means that lower sample sizes suffice to measure small effects and/or effects after a short time, respectively. With repeated scans per session, longitudinal FA changes in the CST could be detected already after short time intervals. This can be useful to identify even small alterations in cerebral WM pathways (Bede and Hardiman, 2018; Müller et al., 2021b) or potentially even small treatment effects if studied in a given therapeutic intervention. From longitudinal simulations of MRI correlates of fast disease progression, it was shown that DTI can detect alterations in the CST with satisfactory statistical power even after a short time. This provides the opportunity to use DTI to differentiate between ALS variants with different progression rates (Baek et al., 2020; Kalra et al., 2020).

As additional scans are a burden for patients with neurodegenerative diseases, reliability analyses are often performed on healthy participants. Patients with ALS might present with reduced or restricted mobility, leading to suboptimal positioning within the scanner and/or discomfort. Breathing difficulties further interfere with lying supine in the MRI scanner. This may result in a decreased SNR and, therefore, decreased reliability of diffusion metrics. Therefore, measurement uncertainty of FA values determined for healthy subjects in this study might underestimate those in patients with ALS. Thus, it may be concluded that repeated scans at one visit are beneficial especially at an advanced disease stage to achieve sufficient statistical power even with small sample sizes. Of course, repeated scans per session can also be an additional burden, especially for patients in later disease stages, and it may be assumed that repeated scans per session are possible at baseline but might be declined by the patient at later follow-ups. However, even then the repeated scans at baseline have a high value for the longitudinal analysis, since the data may be automatically weighted. Therefore, time intervals between multiple follow-ups no longer bias the results (Müller et al., 2021a). Since several uncertainties of measurements might occur in a clinical study, depending on patient condition including disease progression, one possible improvement could be to scan subjects two times during one visit.

A separate analysis of data from 1.5 to 3.0 T MRI acquisition protocols showed that similar FA values could be obtained in patients with ALS at different field strengths (Kassubek et al., 2014). Therefore, measurement uncertainties acquired from 1.5 T scanner data could be used together with group data obtained at a 3.0 T scanner: 3.0 T data show a higher SNR compared to 1.5 T data, thus 1.5 T data were only used for uncertainty estimation in this study and simulations at the group level were performed on data recorded on a 3.0 T scanner. The reliability analysis of two different 1.5 T scanner protocols showed that the ICC of the FA in the CST, obtained by a tract-based approach, was in the same order of magnitude as reported for a 3.0 T scanner (Lewis et al., 2020). This finding is not surprising, since the reliability of diffusion metrics is not affected by the field strength alone (Vollmar et al., 2010) but also by the number of GD (Teipel et al., 2011), DTI data processing pipelines (Thieleking et al., 2021), and the MRI scanner itself (Palacios et al., 2017). Although field strength is only one of the several factors affecting test-retest reliability, scanners with different field strengths in multicenter studies lead to increased inter-site variability in diffusion metrics. This has an additional negative impact on the statistical power of longitudinal studies due to larger variability between subjects from different sites. Since multicenter studies are often required in rare diseases such as ALS, this limitation can be addressed with robust harmonization methods that reduce inter-site variability while preserving biological variability (Pinto et al., 2020). An approach using linear correction for scanner effects in multicenter longitudinal studies showed better estimates accounting for the within-subject variability (Venkatraman et al., 2015); an analysis approach for harmonizing multicenter DTI data have been reported previously (Müller et al., 2016; Kalra et al., 2020). Since the measurement uncertainty may differ between sites, it could be assumed that the acquisition of multiple scans per visit also might have a positive effect on the harmonization of multicenter studies and their evaluations.

This study is not without limitations. The sample size of the test-retest cohort was limited, and these DTI data sets were acquired on a different MRI scanner than those of the groups providing basic information for longitudinal simulation. To strengthen the power of such simulations, test-retest measurements on the scanner of the planned study would be ideal. This study focused on longitudinal alterations in FA in the CST because the CST alterations are to be robustly found early in the disease process of ALS (Menke et al., 2017; Bede and Hardiman, 2018; Kassubek et al., 2018; Baek et al., 2020). The reliability of other tract systems might be different from those of the CST (Marenco et al., 2006; Luque Laguna et al., 2020), leading to a limited transferability of results for optimal time intervals and sample sizes to other WM pathways. For the simulation, the same magnitude of time-independent measurement uncertainty was used for patients and healthy subjects, but this might not completely represent reality, since it can be assumed that the quality of the patient data sets might be worse than that of the healthy subjects and thus, the measurement uncertainty would be higher for patients. Also, increasing disease severity during the course could further affect the quality and in that way the measurement uncertainty.

In summary, this study demonstrated that the statistical power of longitudinal DTI studies in ALS can be substantially increased by multiple scans of the same subject per session, especially in limited sample sizes. Such optimized study protocols can help to establish FA as an imaging biomarker in ALS, especially to monitor disease progression not only in the natural history but also under future disease-modifying therapeutic approaches.
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Background: Blood-based biomarkers may add a great benefit in detecting the earliest neuropathological changes in patients with Alzheimer’s disease (AD). We examined the utility of neurofilament light chain (NfL) and glial fibrillary acidic protein (GFAP) regarding clinical diagnosis and differentiation between amyloid positive and negative patients. To evaluate the practical application of these biomarkers in a routine clinical setting, we conducted this study in a heterogeneous memory-clinic population.

Methods: We included 167 patients in this retrospective cross-sectional study, 123 patients with an objective cognitive decline [mild cognitive impairment (MCI) due to AD, n = 63, and AD-dementia, n = 60] and 44 age-matched healthy controls (HC). Cerebrospinal fluid (CSF) and plasma concentrations of NfL and GFAP were measured with single molecule array (SIMOA®) technology using the Neurology 2-Plex B kit from Quanterix. To assess the discriminatory potential of different biomarkers, age- and sex-adjusted receiver operating characteristic (ROC) curves were calculated and the area under the curve (AUC) of each model was compared.

Results: We constructed a panel combining plasma NfL and GFAP with known AD risk factors (Combination panel: age+sex+APOE4+GFAP+NfL). With an AUC of 91.6% (95%CI = 0.85–0.98) for HC vs. AD and 81.7% (95%CI = 0.73–0.90) for HC vs. MCI as well as an AUC of 87.5% (95%CI = 0.73–0.96) in terms of predicting amyloid positivity, this panel showed a promising discriminatory power to differentiate these populations.

Conclusion: The combination of plasma GFAP and NfL with well-established risk factors discerns amyloid positive from negative patients and could potentially be applied to identify patients who would benefit from a more invasive assessment of amyloid pathology. In the future, improved prediction of amyloid positivity with a noninvasive test may decrease the number and costs of a more invasive or expensive diagnostic approach.

Keywords: Alzheimer’s disease, dementia, biomarker, GFAP, NfL


INTRODUCTION

Alzheimer’s disease (AD) represents a frequent neurodegenerative disorder, which leads to a progressive decline in cognitive functions (McKhann et al., 1984, 2011). Since the earliest neuropathological changes with the cerebral accumulation of amyloid-beta (Aβ) and neurofibrillary tangles (NFT) are expected to begin 10–20 years before clinical manifestation, the definition of AD shifted towards a rather biological construct with a better understanding of AD as a disease continuum (Sperling et al., 2011; Bateman et al., 2012; Jack et al., 2018). The diagnosis of early phases of AD is of particular interest concerning the inclusion in clinical trials and the development of disease-modifying therapies. Recent studies have been looking for a possibility to identify reliable blood-based biomarkers for an early AD diagnosis, as nowadays biomarker diagnosis is either performed with cost-intensive positron emission tomography (PET) imaging or invasive lumbar puncture.

The establishment of new and sensitive analytical methods may facilitate this approach. In comparison to the already established enzyme-linked immunosorbent assay (ELISA), the development of ultrasensitive single molecule arrays (SIMOA®) has improved the sensitivity of detecting proteins in the femtomolar range (Barro et al., 2020; Abdelhak et al., 2022).

Neurofilament light chain (NfL), a subunit of specific cytoskeletal proteins of neurons, represents a highly proposed biomarker for the detection of neuronal loss. Cerebrospinal fluid (CSF) and blood NfL levels are increased in the vast majority of neurological conditions with the highest concentrations in individuals with human immunodeficiency virus (HIV)-associated dementia, frontotemporal dementia (FTD), and amyotrophic lateral sclerosis (ALS; Bridel et al., 2019; Ashton et al., 2021). Furthermore, NfL is also elevated in AD and studies on autosomal dominant AD showed an elevation of NfL over a decade before the expected onset of clinical symptoms (Preische et al., 2019). Higher NfL levels are associated with cognitive decline, brain atrophy, and future disease progression in multiple neurological disorders (Mattsson et al., 2017; Lewczuk et al., 2018; Bridel et al., 2019). Additionally, several studies have indicated the use of NfL as a marker for treatment response (Olsson et al., 2019; Delcoigne et al., 2020).

Another promising biomarker for tracking neurodegenerative changes could be glial fibrillary acidic protein (GFAP), an intermediate filament protein of astrocytes. Neuropathological data have shown a close spatial relationship between reactive astrocytes and amyloid plaques in brain tissue of patients with AD (Verkhratsky et al., 2010; Kamphuis et al., 2014). Increased GFAP concentrations have been detected in CSF and blood of AD patients, with rising levels already at the preclinical phase of the disease, as well as an association between GFAP levels and cerebral amyloid pathology, brain atrophy, cognitive decline, and future conversion to dementia (Elahi et al., 2019; Oeckl et al., 2019; Asken et al., 2020; Verberk et al., 2020; Benedet et al., 2021; Chatterjee et al., 2021; Cicognola et al., 2021). Furthermore, an elevation of GFAP has been observed in patients with traumatic brain injury, neuroinflammatory, and other neurodegenerative disorders including Lewy body dementia (LBD) and progranulin-associated FTD (Heller et al., 2020; Katisko et al., 2021; Zhu et al., 2021; Abdelhak et al., 2022; Chouliaras et al., 2022).

The aim of this study was to examine GFAP and NfL levels in CSF and plasma in various stages of the clinical AD continuum and to investigate the predictive value of these blood biomarkers in combination with well-established risk factors in relation to clinical diagnosis and amyloid positivity. Due to the fact, that most biomarker studies include a preselected population with stringent eligibility criteria, we aimed to evaluate the real-world application of these biomarkers in a relatively heterogenous population of memory-clinic outpatients.



METHODS


Study population

One-hundred sixty-seven patients were enrolled in this retrospective study at the Memory Clinic of the Department of Neurology, Medical University of Vienna (MUV). As various patients with the main concern of subjective/objective cognitive decline are referred to our specialized memory clinic both by specialists and generalists, without a preselection, our patient cohort rather reflects a more heterogeneous study population and thus resembles more closely a real-world setting. Using two existing registries, the Dementia Registry RDA MUV (EK 1323/2018) and the BIOBANK MUV (EK 2195/2016), we identified 123 patients with a diagnosis along the clinical spectrum of cognitive decline, i.e., mild cognitive impairment (MCI, n = 63) due to AD and AD-dementia (n = 60). Additionally, 44 age-matched healthy controls (HC) were included. These participants were recruited from an unselected population of patients, that were administered to the Department of Neurology and received further neurological examination, including brain imaging and lumbar puncture, to rule out an underlying neurological disorder. The main diagnoses of these patient cohorts consisted of idiopathic cranial nerve palsies, headache syndromes, and somatic symptom disorders and showed no signs of a neurodegenerative disease or subjective/objective cognitive decline.

All 123 patients with an objective cognitive decline (MCI, AD) underwent a thorough standardized diagnostic examination including physical and neurological evaluation, neuropsychological testing, magnetic resonance imaging (MRI) of the brain, and basic laboratory testing. For a subset of patients, we extended our diagnosis with a biomarker-based approach. CSF analysis of established AD biomarkers [amyloid-beta 42 (Aβ42), total tau (tTau), and phosphorylated tau (pTau)] was available in 75 patients, amyloid-PET imaging was performed in 80 patients, and 60 patients underwent both diagnostic methods.

Diagnoses of MCI and dementia due to AD were based on the recommendation of the National Institute of Ageing and Alzheimer’s Association (NIA-AA; Albert et al., 2011; McKhann et al., 2011). All 167 study participants were required to have a plasma EDTA sample stored in the Biobank MUV, for 103 study participants CSF samples were available as well.

The project was approved by the Ethics Committee of the Medical University of Vienna (EK 1965/2019) on November 28th, 2019.



Neuropsychological assessment

The Neuropsychological Test Battery Vienna (NTBV) was administered to assess cognitive function, including domains of attention, language, executive functioning, and episodic memory (Pusswald et al., 2013; Lehrner et al., 2015a). Adequate normative data from cognitively unimpaired individuals were available and z-scores for each variable were calculated and corrected for age, education, and sex. Screening of cognitive impairment consisted of Mini-Mental State Examination (MMSE), Global Deterioration Scale (GDS), and Wortschatztest (WST), a standardized vocabulary test providing an estimate of premorbid intelligence level (Schmidt and Metzler, 1992). Furthermore, the Vienna-Visuo-Constructional Test 3.0 (VVT-3.0) was applied to assess the visuo-constructive performance (Lehrner et al., 2015b). Depressive symptoms were measured via Beck Depression Inventory (BDI-II; Kühner et al., 2007).



APOE genotyping

Apolipoprotein E (APOE) genotyping was performed in 143 patients using quantitative polymerase chain reaction (qPCR) with TaqMan probes (Thermofisher) evaluating two single nucleotide polymorphisms (SNPs) in the APOE gene (rs429358 and rs7412). Each sample was tested for both SNPs in triplicates using 20 ng deoxyribonucleic acid (DNA). Allelic discrimination analysis was used to determine the APOE genotype of the study participants.



MR imaging

All patients underwent at least a T1-weighted MR sequence, a T2-weighted or a Fluid-attenuated inversion recovery (FLAIR) MR sequence, and a diffusion-weighted MR sequence within the routine diagnostic setting for the evaluation of the extent and pattern of atrophy, the presence and degree of vascular lesions and to exclude other underlying pathologies causing cognitive decline and diffusion restricted areas.



Amyloid-PET imaging

Eighty patients underwent an amyloid-PET scan with [18F] flutemetamol (n = 28) or [11C] Pittsburgh compound-B (PiB, n = 52). Amyloid-PET imaging was performed on one of two possible PET scanner systems (Siemens Biograph 64 True Point, Erlangen, Germany or GE Advances PET, GE Healthcare Institute, Waukesha, Wisconsin, USA). All studies were performed under strictly controlled conditions. In short, either ~400 MBq of [11C] PiB (in-house production according to previously published recommendations; Philippe et al., 2011) or 185 MBq of [18F] flutemetamol (Vizamyl®, GE Healthcare) were injected intravenously into a peripheral vein with starting image acquisition 40 min p.i. for [11C] PiB and 90 min p.i. for Vizamyl®, where the tracer accumulation in the brain is reaching the maximum. Subsequently, the image acquisition was performed for about 20 min following a computed tomography (CT) acquisition for attenuation correction using Siemens Biograph 64 True Point.

Scans were rated visually as positive or negative for the presence of amyloid pathology in the cortex by an experienced nuclear medicine physician according to the guidelines of the tracer manufacturers.



Fluid biomarkers

CSF was obtained by lumbar puncture between the L3/L4, L4/5, or L5/S1 intervertebral space, collected in polypropylene tubes and further stored at −20°C until biomarker analysis (as for Aβ42, pTau 181, and tTau), or immediately at −80°C for future research purposes (Teunissen et al., 2014; Duits et al., 2015). Levels of Aβ42, pTau 181, and tTau were measured with commercially available ELISA (Innotest hTAU-Ag, Innotest phosphoTAU 181p, Innotest beta-amyloid 1–42; Vanmechelen et al., 2000; Vanderstichele et al., 2009). The cut-off for these biomarkers were based on the manufacturer’s recommendation (Aβ42 < 500 pg/ml, pTau 181 > 61 pg/ml, tTau > 300 pg/ml). From these measurements, Innotest Amyloid Tau Index (IATI) was calculated for each patient (measured as Aβ42/(240+1.18xtTau), reference values <1 pg/ml indicative of AD pathology, >1 pg/ml—normal; Hulstaert et al., 1999; Tabaraud et al., 2012).

EDTA plasma was collected through venepuncture and stored at −80°C in our local biobank. Concentrations of NfL and GFAP were quantified with an ultrasensitive single molecule array (SIMOA®) using the Neurology 2-Plex B kit from Quanterix in CSF and plasma. Detailed analyses are described elsewhere (Altmann et al., 2020). In short, equilibrated calibrators, samples, and controls were diluted (1:4 for plasma and 1:100 for CSF) and incubated with detector and paramagnetic reagents provided by the manufacturer. Streptavidin ß-galactosidase was added to each well before samples were transferred to the Quanterix SR-X analyzer for measurement of protein levels. All samples were analyzed as duplicates and all assay materials were obtained from the same kit lot. Intra-assay coefficient of variation (CV) was <12% for GFAP Plasma, <13% for GFAP CSF, <9% for NfL Plasma and <8% for NfL CSF. Inter-assay CV for two samples measured repeatedly on 10 plates was well acceptable (<12% for GFAP Plasma, <14% GFAP CSF, <8% NfL Plasma and <10% NfL CSF). Five patient samples were excluded from further analysis due to a high CV (>20%) and therefore not included in this study.



Amyloid positivity

Amyloid positivity was defined by CSF (IATI < 1) and/or amyloid-PET imaging. In cases where both examinations were available or discordant results were obtained, amyloid status was determined by PET.



Statistical analysis

Data are presented as n (percent) or median (interquartile range) as appropriate. Testing for differences between groups was performed using the chi-square test, the Mann-Whitney-U-test, or the Kruskal-Wallis-test. The correlation was assessed using Spearman’s rank correlation coefficient. To evaluate the discriminatory performance of the biomarkers assessed herein, the cohort was split into pairs of two diagnoses (e.g., AD and HC) and the response variable was coded as existing for the more severe diagnosis (i.e., MCI when assessing MCI vs. HC). Next, a baseline model consisting of sex, age, and APOE4 status was constructed using logistic regression. A receiver operating characteristic (ROC) curve was plotted and the area under the curve (AUC) was measured. Optimal cutoffs were calculated using Youden’s J-Statistic (Youden, 1950). The baseline model was then supplemented by either level of plasma GFAP, plasma NfL, or both, and the AUC of each model was compared using DeLong’s test for correlated AUC curves (DeLong et al., 1988). A p-value of <0.05 was interpreted as statistically significant. All calculations were performed in R (Version 4.0.4) and the pROC package was used for ROC calculations (Robin et al., 2011).




RESULTS


Participant characteristics

Demographic and clinical characteristics are listed in Table 1.

TABLE 1. Demographics and clinical characteristics.
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We observed no significant difference in sex distribution between the groups, while HC were significantly younger than the two patient groups (p < 0.01 for HC vs. MCI and AD). MMSE decreased significantly with progressing disease with the lowest score in the AD group (p < 0.001). Data of APOE4 carriership (carriers of at least one APOE4 allele) was available for 143 patients, with the highest occurrence of APOE4 alleles in AD patients (33 of 53 patients, 62.3%), compared to 22 out of 54 patients in the MCI group (40.7%). A chi-square test of independence was performed to examine the relationship between the APOE4 status and the diagnosis. As can be seen by the frequencies cross-tabulated in Table 1, there was a significant relationship between APOE4 status and diagnosis (X2(2, N = 167) = 8.5078, p < 0.05.

For a subset of patients (n = 75) CSF analysis of established AD biomarkers was available (Aβ42, tTau, pTau). While CSF tTau and pTau levels increased significantly with progression from MCI to AD (p < 0.001 and p < 0.05, respectively), the difference in Aβ42 concentration between MCI and AD reached no statistical significance. Accordingly, the IATI value was significantly lower in the AD group than in the MCI group (p < 0.001).

Amyloid-PET imaging was performed in 39 of 63 patients with MCI (61.9%) and 41 of 60 patients with AD (68.3%). Positive amyloid-PET imaging was significantly higher in AD patients with a total of 39 (95.1%) positive subjects in AD, compared to 23 patients with MCI (59%, p < 0.001). Taken together, biomarker data (CSF analysis or PET imaging) was available for 95 patients (56.9%), which demonstrated signs of amyloid pathology in a total of 76 patients (80%), determined by CSF IATI and/or amyloid-PET imaging as outlined previously.



Concentration of GFAP and NfL in plasma and CSF

Plasma GFAP displayed a gradual increase along the three cohorts, with the highest concentration in patients with AD (median 181.9 pg/ml, IQR 129.6, 269.6, Table 1 and Figure 1A). While plasma levels were significantly higher in patients with MCI vs. HC and AD vs. HC (p < 0.001), we observed no significant difference of plasma GFAP levels between MCI vs. AD.
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FIGURE 1. Concentrationof GFAP (A) and NfL (B) in plasma among the threecohorts (HC, MCI, AD). Differences of biomarker concentration werecalculated using Kruskal-Wallis Test, p value is displayed as*p < 0.05, ***p < 0.001, ns, not significant.HC, healthy controls; MCI, mild cognitiveimpairment; AD, Alzheimer’s disease; CSF,cerebrospinal fluid; NfL, neurofilament light chain;GFAP, glial fibrillary acidic protein.



Plasma NfL performed similarly to GFAP regarding the difference in concentrations between MCI vs. HC and AD vs. HC (p < 0.001, Table 1 and Figure 1B). In contrast to plasma GFAP, NfL levels showed a significant discrimination between MCI vs. AD (p < 0.05).

For 103 patients, CSF samples in our local biobank were available. Levels of CSF NfL increased gradually, with the lowest concentration in the HC group (median 584.1 pg/ml, IQR 449.6, 832.8) and the highest concentration in the AD group (median 1,559 pg/ml, IQR 1,026.6, 2,513.9).

On the contrary, CSF GFAP presented the lowest concentration in the MCI group (median 8,946.2 pg/ml, IQR 7,028.8, 13,842.7), followed by HC (median 11,145.3 pg/ml, IQR 6,980.5, 14,373.8) and AD (median 13,663.5 pg/ml, IQR 9,945.4, 21,059.1).

Both CSF biomarker levels allowed a good distinction between AD vs. HC and MCI vs. AD (NfL p < 0.001 for both measurements, GFAP p < 0.05 and p < 0.01, respectively), while a significant differentiation between HC vs. MCI could not be demonstrated.

In a logistic regression model including GFAP or NfL as the dependent variable and age and diagnosis (with HC as the comparator) as predictors, age was significantly associated with GFAP (B = 4.2, p < 0.001) and NfL (B = 0.4, p < 0.001), while diagnosis remained significant in both models.

Using Spearman correlation coefficient, the correlation of NfL and GFAP in CSF and plasma were analyzed (Figures 2A,B). Correlation between NfL in CSF and plasma performed better (R = 0.64, p < 0.001, Figure 2A) than the correlation of GFAP in CSF and plasma (R = 0.4, p < 0.001, Figure 2B).
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FIGURE 2. Correlationof NfL in CSF and plasma (A) and GFAP in CSF and plasma(B). Correlation was assessed using Spearman’s rankcorrelation coefficient. CSF, cerebrospinal fluid;NfL, neurofilament light chain; GFAP, glial fibrillary acidic protein.





Diagnostic value of plasma GFAP and NfL in combination with known AD risk factors

To assess the clinical utility of GFAP and NfL in plasma, particularly in distinguishing healthy controls from patients with cognitive complaints (MCI and AD) and potentially predicting cerebral amyloid status, ROC analyses were performed and adjusted for sex and age. We constructed a diagnostic panel, consisting of well-established risk factors such as age, sex (defined as female > male), and APOE4 carriership (defined as carrying at least one copy of the APOE4 allele; i.e., age+sex+APOE4 panel) and compared it with a panel of age, sex, APOE4 carriership added by plasma NfL and plasma GFAP, called combination panel (i.e., age+sex+APOE4+GFAP+NfL panel, Figures 3A–D). Additionally, we analyzed each biomarker separately to evaluate the potential benefit of GFAP or NfL alone (i.e., age+sex+APOE4+GFAP panel and age+sex+APOE4+NfL panel).
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FIGURE 3. Receiveroperating characteristic (ROC) curves for the diagnostic performancein distinguishing HC from AD (A), HC from MCI (B),MCI from AD (C), the differentiation between amyloidpositive and negative patients in our cohort (D). The areaunder the curve (AUC) of each model was compared using DeLong’s testfor correlated AUC curves. The four panels analyzed were calledage+sex+APOE4 (blue), GFAP+(age+sex+APOE4+GFAP, orange), NfL+(age+sex+APOE4+NfL, green), and Combination panel(age+sex+APOE4+GFAF+NfL, red) in this figure. HC,healthy controls; MCI, mild cognitive impairment; AD, Alzheimer’s disease; NfL, neurofilament light chain; GFAP, glial fibrillary acidic protein; AUC, area under the curve.



When using the age+sex+APOE4 panel alone, we calculated an AUC of 73.4% (95%CI = 0.63–0.84) for HC vs. AD (Figure 3A), AUC of 64.6% (95% CI = 0.53–0.76) for HC vs. MCI (Figure 3B) and an AUC of 66.4% (95%CI = 0.56–0.77) for MCI vs. AD (Figure 3C). Regarding the diagnostic accuracy in predicting amyloid status and the distinction of amyloid-negative (Aβ-) from amyloid-positive (Aβ+) individuals, the AUC was 75% (95% CI = 0.62–0.88, Figure 3D).

By adding NfL to the panel (age+sex+APOE4+NfL panel), the discrimination between HC vs. AD reached a significantly higher AUC of 84.5% (95%CI = 0.76–0.93, Figure 3A) compared to the age+sex+APOE4 panel alone (p = 0.003), while the other calculations failed to achieve significantly better results (HC vs. MCI AUC 68.8%, 95%CI = 0.58–0.80, MCI vs. AD AUC 72%, 95%CI = 0.63–0.82), amyloid positivity (AUC 76.5%, 95%CI = 0.61–0.87, Figures 3B–D).

The combination of GFAP with the age+sex+APOE4 panel (age+sex+APOE4+GFAP panel) obtained an AUC of 91.3% (95%CI = 0.85–0.97) for HC vs. AD (p < 0.001, Figure 3A) and AUC of 81.3% (95% CI = 0.72–0.90) for HC vs. MCI (p < 0.01, Figure 3B) compared to the age+sex+APOE4 panel. The prediction of amyloid positivity demonstrated an AUC of 86% (95%CI = 0.70–0.97, Figure 3D), but missed statistical significance as well as the differentiation between MCI vs. AD (AUC 66.7%, 95%CI = 0.57–0.77, Figure 3C).

When combining the two biomarkers with the age+sex+APOE4 panel (combination panel: age+sex+APOE4+GFAP+NfL), the AUC of HC vs. AD reached 91.6% (95%CI = 0.85–0.98, p < 0.001, Figure 3A), AUC of HC vs. MCI 81.7% (95%CI = 0.73–0.90, p < 0.01, Figure 3B) and for amyloid positivity 87.5% (95%CI = 0.73–0.96, p < 0.05, Figure 3D), therefore, significantly outperforming the age+sex+APOE4 panel alone. Similar to the other two panels (age+sex+APOE4+GFAP panel and age+sex+APOE4+NfL panel), the combination panel could not improve the distinction between MCI vs. AD (AUC 72.3%, 95%CI = 0.63–0.82, Figure 3C).




DISCUSSION

In this outpatient memory clinic-based study, we examined the performance of two promising biomarkers of neurodegeneration and neuroinflammation, NfL, and GFAP, for the diagnostic work-up of patients along the continuum of AD-related cognitive decline. We aimed to develop a practical and reproducible model for a quick and accurate patient at-risk identification in a routine clinical practice.

A combination of demographic factors with APOE4 status and blood biomarkers, such as GFAP and NfL, might offer a reliable differentiation between healthy controls and patients with an objective cognitive decline, particularly between healthy controls and patients with AD. In terms of predicting amyloid positivity in a cognitively impaired cohort, an integrated approach of history and blood analysis could also serve as a feasible and accessible tool, especially in screening those patients, who might need a more detailed and effortful diagnostic approach. By additional assessment of these two plasma biomarkers, the diagnostic accuracy as well as the prediction of cerebral amyloid accumulation could be majorly improved. Interestingly, this effect was more pronounced for plasma GFAP than plasma NfL. This could be explained by the fact, that GFAP seems to be a marker of the earliest AD pathology with an association between GFAP levels and amyloid load, while NfL could be more useful in terms of disease monitoring and progression (Verberk et al., 2021; Ebenau et al., 2022). Unfortunately, for discriminating the disease states of MCI and AD, none of the three biomarker-based panels could add a significant benefit to the age+sex+APOE4 panel. However, due to the better understanding of AD as a continuum, this clear distinction is getting more and more ambiguous (Jack et al., 2018).

Focusing on plasma GFAP alone, its levels showed a gradual increase along the three cohorts, with the highest concentration in patients with AD, thereby allowing a good biological interpretation of a gradual rise of this biomarker along the progressing neuropathological process. The most prominent discrimination was achieved between HC and patients with an objective cognitive decline (MCI and AD). However, in contrast to NfL alone, plasma GFAP could not differentiate between MCI vs. AD.

Regarding CSF biomarkers in our cohort, we found the highest concentration of CSF GFAP in patients with AD followed by the HC group and the lowest concentration in MCI, therefore, these results must be interpreted cautiously. CSF NfL demonstrated a gradual increase over the three cohorts with the lowest levels in HC and the highest in AD. Nevertheless, both measurements—CSF GFAP and CSF NfL—allowed a good discrimination between HC and AD as well as MCI and AD, with better results for CSF NfL. The concentration of NfL in CSF and plasma correlated well with each other, which is in line with already published data (Kuhle et al., 2016; Rojas et al., 2016; Mattsson et al., 2017), suggesting that plasma levels might be considered as an acceptable proxy for CSF levels. In contrast to NfL, levels of GFAP in CSF and plasma showed a lower correlation, which was already described by another study (Oeckl et al., 2019). Recently published data indicated higher effect sizes of the increase of plasma GFAP compared to CSF GFAP and a more accurate distinction between Aβ+ and Aβ- individuals for plasma GFAP. Potential explanations could be preanalytical factors or different clearance mechanisms regarding the disrupted blood-brain barrier in patients with AD (Benedet et al., 2021). Thus, further investigations are needed to better determine the role of CSF GFAP and its correlation with GFAP levels in blood in these patient cohorts.

Diagnosis of the early phases of AD is crucial in regard to detecting patients at risk as early as possible in the development of the neuropathological cascade. Furthermore, due to the limited resources of in vivo biomarker testing in the general population, the establishment of a screening tool to select those patients, who would benefit from a more thorough testing, is of great importance. Besides the abnormal aggregation of Aβ peptide and tau protein, neuroinflammation and neurodegeneration represent major components in the pathophysiology of AD (Jack et al., 2018). In recent years, the role of neuroinflammation in the pathogenesis of AD has been increasingly focused on in the literature. Neuropathological data have shown a close spatial relationship between Aβ plaques and reactive astrocytes, which along with microglia, may trigger a pro-inflammatory cascade and eventually lead to neurodegeneration, which in turn activates astrocytes and microglia (Frost and Li, 2017; Garwood et al., 2017). As a cytoskeletal component of astrocytes, GFAP could serve as a promising biomarker reflecting astrocytic activation and proliferation during the neurodegenerative processes, including AD, particularly in its earliest stages (Chatterjee et al., 2021; Verberk et al., 2021). On the other hand, NfL represents a rather unspecific biomarker for neurodegeneration, as it is released by axonal damage in multiple neurological disorders (Forgrave et al., 2019; Thebault et al., 2020). While the importance of NfL as a blood-based biomarker has been already reported in several studies (Mattsson et al., 2017, 2019; Benedet et al., 2019), the significance of GFAP is currently still evolving. To our knowledge, only a few studies have evaluated the combination of GFAP with other biomarkers so far and presented the utility of plasma GFAP not just in discriminating healthy controls from patients with AD but also in distinguishing Aβ+ from Aβ- individuals (Oeckl et al., 2019; Asken et al., 2020; Verberk et al., 2020). Furthermore, higher GFAP levels have been associated with an increased risk for future progression to dementia and a steeper cognitive decline (Cicognola et al., 2021; Verberk et al., 2021).

Regarding the heterogeneity of AD pathology, a panel of well-combined blood-based biomarkers could aid in early detection as well as disease monitoring in the future. Emerging data have proposed plasma-derived pTau 181 and pTau 217 as highly specific biomarkers for AD pathology, which are currently investigated in ongoing studies (Moscoso et al., 2020; Rodriguez et al., 2020; Thijssen et al., 2021). Additional biomarkers, such as GFAP and NfL, could on one side potentially aid in detecting these patients at risk early in the neuropathological cascade and on the other side give further information about disease progression.

While our study population is rather heterogeneous, i.e., more closely resembles a real-world setting, where some patients will not undergo biomarker testing for various reasons, we believe that this adds to the existing literature and confirms the practical usefulness of these biomarkers. As patients undergo a detailed history taking, neurological examination, and blood sampling at the first patient visit, the collection of plasma samples for further biomarker analysis may be easily implemented. Since APOE genotyping can be derived from these blood samples and performed in-house in a quick and inexpensive manner, we have added this marker to our proposed panel. In a routine memory clinical setting, the analysis of a panel of blood-derived markers in combination with known risk factors could be of great value concerning the identification of those patients at risk who would need further biomarker testing. This approach could further substantially reduce the number of patients who would otherwise undergo expensive PET imaging or invasive lumbar puncture.



LIMITATIONS

Due to the retrospective nature of this study, established AD biomarkers were not available for the whole study cohort. Positive amyloid status and APOE4 carriership were significantly less common in the MCI group, which might lead to the notion, that at least some of the MCI patients were not along the AD continuum. Since the patients in the HC group were enrolled based on their clinical performance, we cannot exclude that some of these patients had an underlying AD pathology. Healthy controls were significantly younger than the patient groups, which might influence the results of these biomarkers and their corresponding analysis. To counteract this potential bias in our data, ROC analyses were adjusted for sex and age.



CONCLUSION

Blood-based biomarkers for AD may represent a valuable complementary tool for clinical diagnosis and patient management in the near future. We suggest that plasma GFAP could aid in a better distinction of patients along different predementia stages and that the combination of GFAP and NfL plasma levels with conventional risk factors could serve as a good “at-risk” model for selecting those patients, who might need a more invasive or expensive diagnostic approach.
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Huntington’s disease (HD) is a dominantly inherited neurodegenerative disease with variable clinical manifestations. Recent studies highlighted the contribution of epigenetic alterations to HD progress and onset. The potential crosstalk between different epigenetic layers and players such as aberrant expression of non-coding RNAs and methylation alterations has been found to affect the pathogenesis of HD or mediate the effects of trinucleotide expansion in its pathophysiology. Also, microRNAs have been assessed for their roles in the modulation of HD manifestations, among them are miR-124, miR-128a, hsa-miR-323b-3p, miR-432, miR-146a, miR-19a, miR-27a, miR-101, miR-9*, miR-22, miR-132, and miR-214. Moreover, long non-coding RNAs such as DNM3OS, NEAT1, Meg3, and Abhd11os are suggested to be involved in the pathogenesis of HD. An accelerated DNA methylation age is another epigenetic signature reported recently for HD. The current literature search collected recent findings of dysregulation of miRNAs or lncRNAs as well as methylation changes and epigenetic age in HD.

KEYWORDS
Huntington’s disease, miRNA, lncRNA, DNA methylation, epigenetic age


Introduction

Huntington’s disease (HD) is a neurodegenerative condition that is inherited in a Mendelian dominant fashion. This disorder has a wide variation in the age of onset. The disease is usually manifested in the 40 s with uncontrolled choreiform movements, cognitive defects, mood disorder, and behavioral alterations. HD is classified as a trinucleotide repeat disorder, resulting from increased numbers of CAG repeats in the Huntingtin gene (Myers, 2004). This disorder has variable clinical manifestations in terms of age of onset and severity of movement and cognitive functions. More than 50% of the variability in age of onset of HD is attributed to the size of the CAG repeat (Tabrizi et al., 2009). Persons with longer repeats usually have an earlier onset (Tabrizi et al., 2009). Nevertheless, subclinical alterations occur before the initiation of evident clinical manifestations. These changes include alterations in cognitive functions (Paulsen et al., 2006) as well as motor and oculomotor assessments (Gordon et al., 2000; Kirkwood et al., 2000).

Non-coding RNAs have been found to affect the pathobiology of HD or mediate the effects of trinucleotide expansion in its pathophysiology (Dubois et al., 2021; Tan et al., 2021). Particularly, two classes of non-coding RNAs, namely microRNAs (miRNAs) and long non-coding RNAs (lncRNAs) have been verified to be abnormally expressed in HD (Johnson, 2012; Dong and Cong, 2021b; Tan et al., 2021). These two classes of non-coding RNAs have been classified based on their size using the cutoff value of 200 nt. There are approximately 50,000 lncRNAs in the human genome (Cabili et al., 2011; Iyer et al., 2015). These transcripts partake in epigenetic mechanisms that influence chromatin configuration. Moreover, they are involved in the regulation of mRNA stability and imprinting processes (Managadze et al., 2013). LncRNAs are classified into five distinct groups, namely long intergenic non-coding RNAs, bidirectional, intronic, sense, and antisense lncRNAs (Ma et al., 2013). miRNAs are a distinct group of non-coding RNAs with sizes of about 22 nucleotides, regulatory roles in the expression of genes, and a high level of conservation among species (Bushati and Cohen, 2007). Both classes of non-coding RNAs are expressed in the brain and have important functions in the pathophysiology of neurodegenerative disorders (Sattari et al., 2020; Zhou et al., 2021).

Also, several studies explored different aspects of methylation alterations related to HD status (Vashishtha et al., 2013; Villar-Menéndez et al., 2013; Valor and Guiretti, 2014; Glajch and Sadri-Vakili, 2015; De Souza et al., 2016). Investigating the methylation signature of HD revealed the impact of specific methylation changes on disease progression and onset which can be caused by mutation or act through altering gene expressions (Vashishtha et al., 2013; Villar-Menéndez et al., 2013; Valor and Guiretti, 2014; Glajch and Sadri-Vakili, 2015; De Souza et al., 2016). DNA methylation estimated biological age (DNAm Age) of HD brain is reported to be accelerated in affected or non-affected regions. But the mechanisms underlying these methylation alterations are unclear which might be through a lncRNA-dependent manner (Vashishtha et al., 2013; Villar-Menéndez et al., 2013; Valor and Guiretti, 2014; Glajch and Sadri-Vakili, 2015; De Souza et al., 2016).

We designed the current study to collect information about the dysregulation of miRNAs and lncRNAs as well as DNA methylation changes in HD.



MicroRNAs in Huntington’s disease

RNA-sequencing has enabled researchers to quantify miRNA expression in different brain regions (Langfelder et al., 2018). A similar experiment in the mice model of HD has revealed CAG length-dependent alterations in miRNA expression profile in the brain. Notably, selective alterations in expression profiles have been identified in 159, 102, 51, and 45 miRNAs in the striatum, cerebellum, hippocampus, and cortex, respectively (Langfelder et al., 2018).

miR-124 is among dysregulated miRNAs in HD. This miRNA has an important role in neurogenesis by regulating a few target genes (Cheng et al., 2009). Expression of miR-124 is decreased in the brain tissue of the HDR6/2 mice, expressing mHTT as well as in affected human subjects (Das et al., 2013). Expression of this miRNA has also been shown to be reduced in the cell and animal models of HD which express mutant HTT. Consistently, both models have exhibited up-regulation of levels of CCNA2, a predicted target of miR-124 (Das et al., 2013). Cumulatively, down-regulation of miR-124 can result in enhancement of expression of CCNA2 in these models of HD and subsequent deregulation of the cell cycle in affected cells (Das et al., 2013).

Experiments in HD transgenic mice (R6/2 HD mice) have shown that miR-124 injection improves behavioral phenotype as evident by an increase in the latency to fall in the rotarod test (Liu et al., 2015). Furthermore, injection of this miRNA into bilateral striata has resulted in up-regulation of the neuroprotective factors PGC-1α and BDNF (Liu et al., 2015). Moreover, it has led to down-regulation of the repressor of cell differentiation SOX9 (Liu et al., 2015). Taken together, miR-124 can slow down HD course most probably via its vital functions in the differentiation and survival of neurons (Liu et al., 2015). Based on the important role of this miRNA in neurogenesis, Lee et al. have established an exosome-based delivery system to up-regulate miR-124 levels. Injection of Exo-124 into the striatum of R6/2 HD animal models has resulted in the reduction of expression of its target gene, REST. Yet, this strategy has not improved HD-related behavioral changes (Lee et al., 2017). Figure 1 illustrates the role of several miRNAs in regulating HD.
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FIGURE 1
A schematic diagram of the role of several miRNAs in the modulation of Huntington’s disease.


Accumulating evidence has illustrated that various miRNAs are an important regulatory factor in the pathoetiology of HD. It has been reported that miR-302 could play a crucial role in attenuating mHtt-induced cytotoxicity by promoting insulin sensitivity, resulting in a diminution of mHtt aggregates via the improvement of autophagy (Chang et al., 2021). Furthermore, miR-302 could also enhance the expression levels of silent information regulator 1 (Sirt1), AMP-activated protein kinase (AMPK), and PPARγ coactivator-1α (PGC-1α), therefore preserving mitochondrial function (Chang et al., 2021). The effect of the AMPK-SIRT1-PGC1α signaling pathway on antagonizing oxidative stress and maintaining mitochondrial function revealed an enhanced cognitive function in Sevo-anesthetized aged rats (Yang et al., 2020). SIRT1 as an NAD+ -dependent deacetylase has been investigated for its regulatory role in the regulation of cellular senescence and aging (Chen et al., 2020) and its association with lifespan elongation suggested it as a longevity gene (Bonkowski and Sinclair, 2016; Elibol and Kilic, 2018; Kim D. H. et al., 2019). Moreover, another research has figured out that dysregulation of p53/miR-34a/SIRT1 cascade could have an important role in HD-associated pathogenic mechanisms. Downregulation of miR-34a-5p could lead to the upregulation of SIRT1 and p53 protein levels in brain tissue (Reynolds et al., 2018). Green lines indicate the positive regulatory effect among miRNAs and their targets, and red lines depict the negative one among them. All the information regarding the role of these miRNAs participating in the pathobiology of Huntington’s disease can be seen in Table 1.


TABLE 1    MicroRNAs and Huntington’s disease (HD, Huntington’s disease; UHDRS, Unified Huntington’s Disease Rating Scales).
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Another experiment in a monkey model of HD has shown dysregulation of 11 miRNAs in the frontal cortex of these animals among them being the down-regulated miRNA miR-128a. This miRNA has also been found to be down-regulated in the brain tissues obtained from both pre-symptomatic and post-symptomatic affected persons (Kocerha et al., 2014).

A study on the human subject has shown down-regulation of hsa-miR-98 and over-expression of hsa-miR-323b-3p in HD cases compared with healthy subjects and psychiatric patients (Ferraldeschi et al., 2021). Additional expression assays in an independent cohort of HD cases have validated up-regulation of hsa-miR-323b-3p in HD cases even before disease manifestations (Ferraldeschi et al., 2021). However, authors have reported no significant difference in expression of hsa-miR-98 in the second cohort. Further bioinformatics evaluations have shown overconnectivity between the hsa-miR-323b-3p targetome and the HTT interactome. Besides, these investigations have shown transcriptional regulation of the HTT interactome by the targetome of this miRNA (Ferraldeschi et al., 2021).

Experiments in a cell model of HD have confirmed the delay in the S and G2-M phases of cell cycles in these cells compared to control cells (Das et al., 2015). Consistent with this finding, expressions of PCNA, CHEK1, and CCNA2 are elevated in primary cortical neurons expressing mutant Huntingtin (mHTT) as well as animal and cell models of HD. Over-expression of these genes has resulted from down-regulation of miR-432, miR-146a, and miR-19a, and miR-146a, respectively (Das et al., 2015).

miR-27a is another down-regulated miRNA in the brain tissues of the HD mice model. This miRNA can regulate the expression of MDR-1 (Ban et al., 2017). Transfection of miR-27a into the differentiated neuronal stem cells originating from the R6/2 HD mouse model has led to decreased mHtt aggregation. Furthermore, the level of MDR-1, as a transporter of mHtt, has been enhanced by this miRNA. Thus, miR-27a can decrease mHtt levels in the HD cells through increasing MDR-1 efflux function (Ban et al., 2017).

Figure 2 summarizes the impact of down-regulated miRNAs in the pathogenesis of HD.
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FIGURE 2
Different experiments have shown the down-regulation of miRNAs in Huntington’s disease. Subsequent up-regulation of mRNA targets of these miRNAs can lead to the progression of Huntington’s disease.


On the other hand, a quantity of miRNAs has been reported to be up-regulated in HD. For instance, miR-214 has been found to be increased in HD cell model (Bucha et al., 2015). This miRNA can target HTT mRNA. Moreover, expression levels of numerous HTT co-expressed genes have been demonstrated to be affected by exogenous expression of mutant or wildtype miR-214. MFN2 is an example of HTT co-expressed genes which is directly targeted by miR-214 (Bucha et al., 2015). Over-expression of miR-214 could result in repression of MFN2 expression, increase in the dispersal of fragmented mitochondria and changes in the distribution of cells in diverse stages of the cell cycle. Taken together, up-regulation of miR-214 can affect the morphology of mitochondria and disturb cell cycle regulation in HD models (Bucha et al., 2015). Another study has shown up-regulation of miR-214 following gain-of-function mutation in Htt in Q7 and Q111 HD cells. This miRNA could also decrease β-catenin levels and its transcriptional activity (Ghatak and Raha, 2018).

Re-analysis of the high throughput expression data has shown dysregulation of several miRNAs in HD. Further studies have shown that up-regulated miRNAs, miR-10b-5p, and miR-30a-5p can regulate the expression of BDNF (Müller, 2014). Down-regulation of BDNF is correlated with dysfunction and death of neurons in HD (Müller, 2014). Besides, these two miRNAs have been predicted to target CREB1, a down-regulated gene in HD whose up-regulation can decrease susceptibility to 3-NP-induced toxicity (Chaturvedi et al., 2012). Contradictory to these results, it is supposed that up-regulation of miR-10b-5p plays a neuroprotective role against HTT mutation (Müller, 2014). Thus, the functional role of miR-10b-5p and its impact on the expression of BDNF in HD need additional investigations (Müller, 2014). Figure 3 shows up-regulated miRNAs in HD.
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FIGURE 3
Up-regulation of miR-214, miR-322b-3p, and miR-10b-5p is involved in the pathogenesis of Huntington’s disease.


Soldati et al. (2013) have assessed the impact of up-regulation of nuclear REST on the expression of miRNAs in the presence of mHTT. Comparison of expression levels of 41 miRNAs in Hdh109/109 cells and Hdh7/7 cells has led to the identification of 15 down-regulation miRNAs in the former group, including miR-9, miR-9*, and miR-23b. The expression of 12 miRNAs among these down-regulated miRNAs (including the three mentioned miRNAs) have been enhanced after REST knock-down. Notably, miR-137, miR-153, and miR-455 are mouse homologs of human miRNAs with predicted REST binding sites. Authors have concluded that several miRNAs with abnormal expression in HD are presumably suppressed by over-expressed REST (Soldati et al., 2013).

Analysis of expression of miRNAs in the postmortem brain samples of HD patients has resulted in the identification of differential expression of 54 miRNAs, including 30 upregulated and 24 downregulated miRNAs. Expressions of 26 miRNAs have been found by several number of transcription factors, namely TP53, E2F1, REST, and GATA4 (Sinha et al., 2012).

In fact, repression of expression of important neuronal miRNAs such as mir-9/9*, mir-124, and mir-132-is in the brain regions of HD patients and animal models occurs downstream of REST, possibly due to interruption of mRNA regulation and neuron functions. In this study, we will discuss these findings and their implications for our understanding of HD. An in silico assessment has led to the prediction of 21 novel candidate miRNAs in HD. This study has indicated that HD is associated with a large-scale suppression of neural genes in the caudate and motor cortex. Moreover, it has been concluded that cooperation between REST, miRNAs and probably other non-coding RNAs can significantly affect the transcriptome of neurons in HD (Johnson and Buckley, 2009). Mechanistically, polyglutamine expansion in huntingtin has been shown to abrogate REST-huntingtin binding. This leads to nuclear translocation of REST (Zuccato et al., 2003) where it lodges RE1 repressor sequences and reduces gene expression in neurons (Zuccato et al., 2003). Packer et al. (2008) have reported the reduction of expression of numerous miRNAs with upstream RE1 sites in cortex samples of HD patients compared with healthy controls. Notably, among these miRNAs has been the bifunctional brain enriched miR-9/miR-9* which targets two constituents of the REST complex (Packer et al., 2008).

Another experiment in post-mortem tissues of HD patients has demonstrated accumulation of Argonaute-2 (AGO2) in the presence of neuronal protein aggregates as a result of impairment of autophagy. Since AGO2 is an important constituent of the RISC complex that implements miRNA functions, its accumulation leads to global changes in the miRNA levels and activity (Pircs et al., 2018).

Finally, experiments in the 3NP-induced animal model of HD have shown distinct miRNA profiles compared with the transgenic mice. This observation is possibly due to the effects of mHtt on the activity of HTT in extra-mitochondrial energy metabolism (Lee et al., 2007).

Table 1 lists miRNAs that are possibly involved in the pathogenesis of HD.

Most notably, investigations in animal models of HD have demonstrated that artificial miRNAs are able to reduce levels of mHTT. Pfister et al. (2018) have performed an experiment in HD transgenic sheep model that expresses the full-length human HTT with 73 CAG repeats. Treatment of these animals with AAV9-expressing an artificial miRNA targeting exon 48 of the human HTT transcript has led to a reduction of human mHTT transcript and protein in the striatum without any significant neuron loss. This study has revealed the safety and efficiency of silencing human mHTT protein using an AAV-mediated transfer of an artificial miRNA (Pfister et al., 2018).



Long non-coding RNAs in Huntington’s disease

Few lncRNAs are dysregulated in HD (Table 2). Expression of lncRNA-DNM3OS has been assessed in a rat pheochromocytoma cell line induced by Huntingtin gene exon 1 fragment containing either 23 or 74 CAG repeats. This intervention has led to up-regulation of GAPDH and DNM3OS. Down-regulation of these genes has resulted in suppression of aggregate formation, reduction of apoptosis and enhancement of cell survival. Furthermore, up-regulation of DNM3OS in HD PC12 cells can decrease miR-196b-5p levels by sponging. GAPDH is a direct target of this miRNA which contributes in the development of aggregates (Dong and Cong, 2021a).


TABLE 2    Long non-coding RNAs and Huntington’s disease (HD, Huntington’s disease; mHTT, mutant Huntingtin).
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Sunwoo et al. (2017) have performed a microarray-based study to evaluate the expression profile of lncRNAs in HD. They have reported up-regulation of NEAT1 (Sunwoo et al., 2017). Further studies in brain tissues of R6/2 HD models as well as postmortem brain tissues of human HD subjects have validated the up-regulation of this lncRNA (Sunwoo et al., 2017). Functional studies have shown increased viability of cells in oxidative stress conditions following transfection of cells with NEAT1. Taken together, up-regulation of NEAT1 in HD can be regarded as a neuroprotective strategy against neuronal damage instead of being a pathological event (Sunwoo et al., 2017). Another study has revealed up-regulation of the long isoform of NEAT1 in the brain tissues of mice model of HD. This transcript has also been up-regulated in differentiated striatal neurons originating from HD knock-in mice as well as brain tissues of affected individuals. Up-regulation of this isoform has been found to be dependent on mHTT. MeCP2 could repress expression of this isoform of Neat1 through a molecular interaction outside its promoter. Up-regulation of this isoform exerts a protective effect against mHTT-induced cytotoxicity. On the other hand, its down-regulation results in impairment of several cellular processes such as those related with cell proliferation and development. Interestingly, dysregulated genes in HD human brain tissues overlap with pathways influenced by down-regulation of NEAT1 (Figure 4; Cheng et al., 2018).
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FIGURE 4
A schematic illustration of the role of NEAT1L in HD.


Mounting evidence has demonstrated that aberrant expression of various lncRNAs could be correlated with dysfunction and death of neurons in HD (Cheng et al., 2018). As an illustration, a recent study has detected that the expression of NEAT1L could be inhibited by mHTT as well as MeCP2 via RNA-protein interaction, thereby NEAT1L may play a protective role in CAG-repeat expansion diseases, such as HD (Cheng et al., 2018).

Chanda et al. (2018) have used small RNA sequencing and PCR array techniques to find dysregulated RNAs in R6/2 HD mice brains. They have detected alteration in 12 non-coding RNAs in these samples eight of them having human homologs. Three lncRNAs, namely Meg3, Neat1, and Xist have exhibited a constant and substantial over-expression in cell and animal models of HD. Silencing of Meg3 and Neat1 in cell models of HD has resulted in the reduction of aggregate formation by mHTT and a significant decrease in the endogenous levels of Tp53 (Chanda et al., 2018).

Abhd11os is another lncRNA that is down-regulated in various animal models of HD. Up-regulation of Abhd11os has a neuroprotective effect against an N-terminal fragment of mHTT, while its silencing has a toxic effect. Thus, loss of Abhd11os contributes to striatal susceptibility in HD (Francelle et al., 2015). Figure 5 depicts up-regulated lncRNAs in HD.
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FIGURE 5
Up-regulation of DNM3OS, NEAT1, and Meg3 in Huntington’s disease.




DNA methylation age acceleration in Huntington’s disease

The crosstalk among different epigenetic players such as histone modification, non-coding RNA action, and DNA methylation, ensures stable regulation of gene expression required for the maintenance of cell-type-specific identity. However, environmentally induced alterations in the epigenome may lead to chromatin remodeling, and as a result, the abnormal gene expression can affect the state of differentiated cells (Boland et al., 2014). In the case of neuronal cells, the interplay between epigenetic mechanisms and transcriptional changes controls neuronal cell identity as well, but it also regulates neuronal activation and consequent brain functions such as cognitive and motor functions in response to environmental signals (Francelle et al., 2017).

One of the main epigenetic mechanisms that have profound effects on the DNA packaging, gene expression, and maintenance of the cellular identity, is DNA methylation, the addition of a methyl group (CH3), particularly to the fifth position of carbon in the cytosine ring, which results in the formation of 5-methylcytosine (5mC), and creates a mutational hotspot in the genome which may finally affect the susceptibility to different diseases (Denissenko et al., 1997).

Recently, the DNA methylation levels of CpG markers, correlated with age or age-related physiological dysregulation, have been used to develop different DNA methylation-based age estimators, also known as DNA methylation biological age clocks (Horvath, 2013). Tissue-specific DNA methylation variability has been correlated with the differences in biological ages of individuals and the estimated biological age is reported to be accelerated in different diseases including cognitive and neurodegenerative disorders (Noroozi et al., 2021). The aging-related systematic decline and biological aging have been shown to play an active role in HD pathogenesis, its onset, and progression (Machiela and Southwell, 2020). And recent research studies aim to reveal the role of methylation modifications in HD pathogenesis (Lee et al., 2013; Valor and Guiretti, 2014). The unstable CAG trinucleotide expansion in HD is suggested to be affected by the biological age and the methylation pattern of the tissue. The transcriptional dysregulation observed in the HD brain tissue is reported to be influenced by aberrant DNA methylation (De Souza et al., 2016) which modulates the expression levels of HTT and other neuronal identity genes (Hyeon et al., 2021). DNA methylation alterations in response to polyglutamine-expanded HTT were observed in HD cell models at both promoter-proximal and distal regulatory regions (Ng et al., 2013). A tissue-specific methylation pattern of the HTT gene was reported by analyzing post-mortem cortex and liver tissues of HD patients (De Souza et al., 2016).

Investigation of the DNA methylation changes in the post-mortem brain tissues of HD patients demonstrates accelerated epigenetic aging (Horvath et al., 2016). The recent epigenome-wide association study (EWAS) of HD gene-expansion carriers (HDGECs) in multiple tissues from three species, reported 33 genome-wide significant CpGs for HD status and the most significant locus was HTT and the EWAS results of motor progression in manifest HD cases indicate significant associations with methylation levels at three loci. Also, a higher blood epigenetic age acceleration (calculated discrepancy between chronological age and DNA methylation age) was reported in manifest HD in comparison to controls (Lu et al., 2020). Most recently, exploration of the HD-associated epigenetic signatures using the slowly progressing knockin (KI) mouse model of HD, revealed that even before the onset of HD motor problems, age-related epigenetic remodeling and transcriptional alteration of neuronal and glial-specific genes are accelerated. This might suggest that the progressive HD striatal epigenetic signatures develop from the earliest stages of HD (Alcalá-Vida et al., 2021).



Discussion

Neurodegenerative processes in the brains of HD patients are associated with extensive alterations in gene regulatory networks. These alterations have been detected in both protein-coding genes and non-coding RNAs (ncRNAs) (Johnson, 2012). Among non-coding RNAs, the impacts of miRNAs in HD pathogenesis have been investigated more than lncRNAs. LncRNAs can inhibit or stimulate the neurodegenerative processes through epigenetically modulating expression of genes critically implicated in the pathoetiology of these disorders (Zhou et al., 2021). Thus, further high throughput studies are needed to find other HD-related lncRNAs.

The functional effects of dysregulation of non-coding RNAs in the development of HD have been assessed in cell and animal models of HD. These transcripts mostly affect the survival of neurons through influencing apoptotic pathways or cell cycle transition.

The expression profile of non-coding RNAs in the circulation of suspected persons might be used to predict HD course. Thus, these transcripts can be used as biomarkers for HD. They can also be targeted by siRNAs or antisense oligonucleotides. Therefore, they represent potential targets for gene therapy of HD. It is worth mentioning that altered expression of non-coding RNAs in HD might be either a part of pathogenic processes in this disorder or a compensatory mechanism for increasing the viability of neurons. This note should be considered in the design of therapeutic modalities.

In addition, the pathophysiology of HD is affected by epigenetic modulations and the methylation levels of selected genes are related to HD progress and onset. Accelerated epigenetic age of HD brain suggested association of the older biological age of the affected tissue with the disease which is not affected by sex, age, or the abundance of neuronal cells. Enrichment analysis on the methylation modules of HD highlights the association of genes involved in olfactory receptor activity and sensory perception of chemical stimulus with HD status.

The crosstalk between DNAm and non-coding RNAs, and most interestingly regulation of DNA methylation by lncRNAs is an important factor that can declare the underlying mechanisms of neurodegenerative disorders. The association analysis of the methylation levels of different age-related loci in blood and buccal swab samples showed a significant association between the hypomethylation of a lncRNA MIR29B2CHG with age, suggesting it is a marker for the development of DNAm based age prediction models in these tissues (Tharakan et al., 2020; Woźniak et al., 2021).

Several miRNAs have been shown to affect the expression of mHTT, thus they can be used as modulators of HD pathogenic events. Moreover, several panels of miRNAs are dysregulated in the course of HD, thus having the potential to be used as predictive markers in this disorder. Several number of dysregulated miRNAs in HD are regarded as specific markers for this disorder, thus being promising biomarkers for diagnostic purposes as well as monitoring HD progression and therapeutic response.

Besides, lncRNAs have been suggested to play an active role in specifying the pattern of histone modifications of target genes by serving as scaffolds for histone modification enzymes. For example, the binding of LSD1 enzyme to target genes, mediated by HOTAIR, has been shown to affect the repression of target genes by changing the methylation level of the histone H3 lysine 27 (H3K27) (Tsai et al., 2010). While, decreased acetylation of H3K27 showed an association with the downregulation of neuronal identity genes in the striatum of HD patients and mice (Achour et al., 2015; Alcalá-Vida et al., 2021). Also, an association is shown between aberrant DNA methylation levels correlated with aberrant expression of different lncRNAs with susceptibility to different diseases. For instance, altered expression of FMR4 lncRNA is reported to change genome-wide histone methylations and play an active role in the development of repeat expansion-associated disorders such as fragile X (Peschansky et al., 2016).

Although investigating the epigenetic signatures of the HD suggested these alterations to be the consequent rather than cause of the underlying genetic structure of the HD (Zimmer-Bensch, 2020), potential interactions between different layers of epigenome for instance the lncRNA-dependent methylation alterations related to HD progress and onset should be investigated with much rigor.
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Background: Motoric cognitive risk (MCR) syndrome is a conceptual construct that combines slow gait speed with subjective cognitive complaints and has been shown to be associated with an increased risk of developing dementia. However, the relationships between the pathology of Alzheimer’s disease (AD) and MCR syndrome remain uncertain. Therefore, the purpose of this study was to determine the levels of plasma AD biomarkers (Aβ42 and total tau) and their relationships with cognition in individuals with MCR.

Materials and methods: This was a cross-sectional pilot study that enrolled 25 individuals with normal cognition (NC), 27 with MCR, and 16 with AD. Plasma Aβ42 and total tau (t-tau) levels were measured using immunomagnetic reduction (IMR) assays. A comprehensive neuropsychological assessment was also performed.

Results: The levels of plasma t-tau proteins did not differ significantly between the MCR and AD groups, but that of plasma t-tau was significantly increased in the MCR and AD groups, compared to the NC group. Visuospatial performance was significantly lower in the MCR group than in the NC group. The levels of plasma t-tau correlated significantly with the Montreal Cognitive Assessment (MoCA) and Boston naming test scores in the MCR group.

Conclusion: In this pilot study, we found significantly increased plasma t-tau proteins in the MCR and AD groups, compared with the NC group. The plasma t-tau levels were also significantly correlated with the cognitive function of older adults with MCR. These results implied that MCR and AD may share similar pathology. However, these findings need further confirmation in longitudinal studies.

KEYWORDS
plasma biomarker, cognition, gait speed, Alzheimer’s disease, motoric cognitive risk syndrome


Introduction

Motoric cognitive risk (MCR) syndrome is a conceptual construct that combines slow gait speed with subjective cognitive complaints (Verghese et al., 2013). Motoric cognitive risk syndrome is easy to screen in the community and is associated with an increased risk of developing dementia, such as Alzheimer’s disease (AD) or vascular dementia (Verghese et al., 2013, 2014a). This syndrome is presented in approximately 10% of the older population and has been shown to be associated with an increased risk of falls and disability (Verghese et al., 2014b). The pathophysiological mechanisms underlying MCR have not yet been fully established. Previous studies revealed that MCR could be related to cortical atrophy (Blumen et al., 2021), lacunar infarction (Wang et al., 2016), or increased levels of systematic inflammatory biomarkers (Bortone et al., 2021). A cross-sectional study using MRI found that gray matter volumes, hippocampal volumes, and white matter hyperintensities were worse in individuals with MCR (Yaqub et al., 2022). Meiner et al. (2021) also reported that Apolipoprotein E ε4 allele (APOE ε4) was associated with the conversion to dementia in older adults with MCR. On the contrary, although MCR has good predictive validity for the incidence of AD, the relationships between AD pathology and MCR remain uncertain. Alzheimer’s disease is characterized by two major pathological lesions in the brain, amyloid β plaques and tau neurofibrillary tangles (Avila, 2006; Capetillo-Zarate et al., 2012). Alzheimer’s disease pathology has been found to have a strong association with gait disorder in older adults without dementia and can predict cognitive decline and incident dementia (Del Campo et al., 2016; Tian et al., 2017). Recently, in a study investigating the relationships between MCR and AD pathology using imaging biomarkers, no significant differences in the biomarkers of AD, such as amyloid, tau deposition, or white matter hyperintensities, were found between individuals with MCR and without MCR (Bommarito et al., 2022). Although the findings of this study were informative, the sample size was relatively small, and no comparisons were made with the normal cognition (NC) group, making it difficult to determine whether the physiological changes in MCR were caused by normal aging or the pathological changes related to AD.

Amyloid β and tau protein are presented in the cerebrospinal fluid (CSF) and the brain and can be measured by lumbar puncture (Olsson et al., 2016) or positron emission tomography (PET), respectively (Johnson et al., 2013). However, their clinical applications are often limited because CSF sampling is invasive and PET scans are costly. Recently, blood-based biomarkers have been used cost-effectively to assist in the diagnosis of neurodegenerative diseases and the estimation of prognosis clinically (Hansson, 2021). Immunomagnetic reduction (IMR) is a highly sensitive assay technology for the analysis of biomarkers in blood samples, and can accurately quantify plasma Aβ and tau (Baird et al., 2015; Yang et al., 2017). A review article including 15 studies using the IMR assay indicated that significant increases in the plasma levels of Aβ42 and tau in persons with amnestic mild cognitive impairment (aMCI) and AD, and the levels of Aβ42 and tau are related to the severity of AD (Lee et al., 2022). These findings suggested that assays of plasma Aβ42 or tau using IMR may be promising tools for facilitating an early diagnosis of AD. Therefore, measuring plasma Aβ42 or tau protein concentrations via IMR assay in individuals with MCR may also reveal its associated physiological changes.

In this pilot study, we compared the levels of plasma Aβ42 and total tau (t-tau), and their associations with global and specific cognitive functions among older adults with NC, individuals with MCR, and those with AD. We aimed to determine the levels of plasma AD biomarkers (Aβ42 and total tau) and their relationships with cognition in individuals with MCR.



Materials and methods


Participants and study design

This work was a cross-sectional study conducted in Taiwan between June 2021 and April 2022. Participants were recruited from a medical center in Taipei. All participants met the following criteria: (a) aged 60 years or older, (b) could walk 10 m independently, and (c) living in the community. The exclusion criteria were as follows: (a) unstable medical conditions, for example, the presence of major visual or hearing loss, and (b) a recent or planned surgery leading to limitations in walking or participation in this study. A total of 68 participants provided informed consent, and the study procedures were approved by the Institutional Review Board of Mackay Memorial Hospital (number: 21MMHIS078e). We confirmed that the experimental procedures were performed in accordance with the relevant guidelines and regulations. Of these participants, 16 suffered from mild to moderate AD, with the disease courses longer than 2 years. There were 27 participants with MCR, with the symptoms courses longer than 3 months. There were 25 NC controls. Clinical diagnosis was based on physical and neurological examinations, laboratory tests, and comprehensive neuropsychological tests.



Demographic and clinical measures

Information about age, sex, history of metabolic disease, and level of education was obtained from interviews and medical charts. All the participants completed the comprehensive neuropsychological testing, including the Mini-Mental State Examination (MMSE), Montreal Cognitive Assessment (MoCA), clinical dementia rating (CDR), the Chinese version of Parts A and B of the trail making test (TMT) (Wu et al., 2015), category fluency test (Rosen, 1980), digital symbol modality test, the Chinese version of the California Verbal Learning Test (CVLT-SF) (Chang et al., 2010), Judgment of Line Orientation test (Mitrushina et al., 2005), Boston naming test (del Toro et al., 2011), and the Chinese version of the Geriatric Depression Scale-15 (GDS-15) (Liu et al., 1997) to evaluate global cognitive function, executive function, attention and working memory, episodic memory, visuospatial performance, language, and depression. All the neuropsychological tests were assessed by experienced neurologists who have received professional neuropsychological scale training.



Motoric cognitive risk syndrome group

This study mainly adopted the diagnostic criteria of Verghese et al. (2014b). The inclusion criteria for the MCR group were as follows: (1) subjective cognitive complaints, (2) slow gait speed, (3) absence of dementia, and (4) a consistent level of independence in the activities of daily living. The presence of subjective cognitive complaints was determined by a “yes” response to the memory item on the Geriatric Depression Scale (Yesavage et al., 1982; Ayers and Verghese, 2019). Slow gait speed was defined as a walking speed of one or more standard deviations (SDs) below the mean age- and sex-specific gait speed (Verghese et al., 2013, 2014b). The exclusion criteria were (1) consumption of any medications causing cognitive complaints during the past 3 months, (2) inability to cooperate with the procedures and tests in this study, and (3) other significant neurological or psychiatric conditions, such as Parkinson’s disease, stroke, Parkinsonism, other movement disorder, or major depression.



Alzheimer’s disease group

The presence of AD was based on the diagnostic criteria defined by the National Institute on Aging (NIA) and the Alzheimer’s Association (AA) in McKhann et al. (2011). The inclusion criteria were as follows: (1) fulfilled the core clinical criteria proposed by the NIA-AA workgroup, and (2) clinical dementia rating (CDR) = 1 (Morris, 1997). The exclusion criteria were as follows: (1) other significant neurological or psychiatric conditions that might cause cognitive impairments, such as frontotemporal dementia, dementia with Lewy bodies, vascular dementia, Parkinson’s disease, stroke, vitamin B12 deficiency, alcoholism, or major depression.



Normal cognition group

Older adults with NC were screened and recruited from the neurology outpatient department. The inclusion criteria were as follows: (1) no subjective or objective memory deficits or declines in cognitive performance, (2) no mental or neurological disease, and (3) CDR = 0 (Morris, 1997). The exclusion criteria were the same as those for the MCR group.



Blood sample processing and immunomagnetic reduction assays

Ten milliliters of venous blood were collected from each participant, and then the blood sample was centrifuged at room temperature for 15 min at 1,500–2,500 xg. Pure serum was drained and immediately frozen in test tubes at −80°C. Frozen plasma was dry ice delivered to MagQu Co., Ltd. (New Taipei City, Taiwan) for IMR assay processing. The technical information and the validation accuracy of the IMR assay were previously described (Chiu et al., 2013; Lue et al., 2017). The volumes of the t-tau magnetic reagents and the to-be-detected samples were 80 and 40 μl, respectively. The volumes of the Aβ42 magnetic reagents and the to-be-detected samples were 60 and 60 μl, respectively. After mixing, superconducting quantum interference device (SQID)-based alternative current magnetosusceptometer (model XacPro-S, MagQu Co., New Taipei City, Taiwan) to determine the time-dependent alternative current magnetic susceptibility. Because of the association between the antibody-functionalized magnetic nanoparticles and the target biomarkers, the alternative current magnetic susceptibility of the mixture was reduced. This reduction in magnetic susceptibility is referred to as the IMR signal. For each to-be-detected sample, the sample was divided into three parts, and the IMR signals of each part were detected individually. Therefore, three IMR signals were obtained for each sample. The mean value, standard deviation, and coefficient of variation (interrun) of the IMR signals were analyzed.



Statistical analysis

Analysis was conducted using Statistical Product and Service Solutions (SPSS) version 26.0 (SPSS Inc., Chicago, IL, USA). The participants’ characteristics are summarized using the means, SDs, or numbers, as appropriate. Between-group comparisons were performed using one-way analysis of covariance (ANCOVA) (continuous variables) (age and sex as covariate variables), followed by Bonferroni post-hoc tests, or chi-square tests (categorical variables). Spearman’s rank correlation coefficient was used to examine the correlations between plasma neurodegenerative biomarkers and cognitive functions in the NC, MCR, and AD groups. In this study, the within-group Spearman’s rank correlations were examined 10 times. Although such multiple tests might inflate the type I error, previous studies have shown that correlation coefficients larger than 0.3 could indicate meaningful correlations without correction for multiple comparisons (Hinkle et al., 2003; Mukaka, 2012). Thus, for the correlational analysis, a correlation coefficient greater than 0.3 or a p-value less than 0.05 would be considered significant.




Results


Baseline demographics and biomarkers

Sixty-eight participants were recruited for the study. Table 1 presents the characteristics and plasma biomarkers of the participants in the NC (N = 25), MCR (n = 27), and AD (n = 16) groups. The mean ages of the participants in the NC, MCR, and AD groups were 74.3 ± 7.4, 75.2 ± 6.4, and 78.2 ± 6.6 years, respectively. There were no differences in age, body mass index, educational level, or the prevalence of medical conditions (hypertension, diabetes, and heart disease) among the three groups. However, the AD group had a higher proportion of women than the other groups (NC: 36%, MCR: 52%, AD: 81%, p = 0.018). The MCR and AD groups had poorer general cognitive functions (MMSE, F = 25.740, η2 = 0.450, p < 0.001; MoCA, F = 11.911, η2 = 0.274, p < 0.001; CDR, F = 156.595, η2 = 0.833, p < 0.001) and lower gait speed (F = 29.422, η2 = 0.487, p < 0.001) than the NC group. The AD group had significantly lower MMSE (Cohen’s d = 1.675, p < 0.001), MoCA (Cohen’s d = 1.058, p = 0.014), and CDR (Cohen’s d = 3.299, p < 0.001) scores but a faster gait speed (Cohen’s d = 0.784, p = 0.032) than the MCR group. Compared to the NC group, the AD group had higher levels of plasma t-tau (Cohen’s d = 1.279, p < 0.001). The levels of plasma Aβ42 did not differ significantly between the MCR and NC groups, but the former had significantly higher levels of t-tau (Cohen’s d = 0.781, p = 0.018).


TABLE 1    Comparison of participants’ characteristics among the three groups (n = 68).
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Cognitive function

The cognitive function of the participants is shown in Table 2. The MCR and AD groups had poorer visuospatial performance (Judgment of Line Orientation, F = 7.591, η2 = 0.194, p = 0.001) than the NC group. The AD group had significantly poorer executive function (TMT-A, Cohen’s d = 1.265, p = 0.013), attention and working memory (Digital symbol modality test, Cohen’s d = 1.318, p = 0.025), episodic memory (CVLT-SF, Cohen’s d = 0.945, p = 0.015), and language ability (Boston naming test, Cohen’s d = 1.831, p < 0.001) than the NC group. The AD group had significantly poorer language performance (Boston naming test, Cohen’s d = 1.523, p < 0.001) than the MCR group.


TABLE 2    Comparison of participants’ cognitive performance and physical function among the three groups (n = 68).
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Association of cognitive function and biomarkers in motoric cognitive risk “Syndrome”

Table 3 shows the correlations between cognitive function and plasma Aβ42 in the NC, MCR, and AD groups. In the AD group, the levels of plasma Aβ42 were positively correlated with the TMT-B scores (rs = 0.572, p = 0.020), which indicated that higher plasma Aβ42 levels were associated with lower cognitive function (Figure 1). However, there were no significant correlations between the levels of plasma Aβ42 and cognitive function in the NC and MCR groups. Table 4 shows the correlations between cognitive function and plasma t-tau in the NC, MCR, and AD groups. In the NC group, the levels of plasma t-tau were positively correlated with the GDS-15 scores (rs = 0.456, p = 0.022), which indicated that higher plasma t-tau levels were associated with higher levels of depression (Figure 2). In the MCR group, the levels of plasma t-tau were negatively correlated with the MoCA and Boston naming test scores [MoCA, rs = (−0.484), p = 0.011; Boston naming test, rs = (−0.444), p = 0.020], which indicated that higher plasma t-tau levels were associated with lower cognitive function (Figure 3). However, there were no significant correlations between the levels of plasma t-tau and cognitive function in the AD group.


TABLE 3    Associations between plasma Aβ42 and cognitive function in the three groups.
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FIGURE 1
Scatterplots of the associations between TMT-B and plasma Aβ42 levels (pg/ml) in the three groups. NC, normal cognition; MCR, Motoric Cognitive Risk syndrome; AD, Alzheimer’s disease; Aβ42, amyloid beta 42; TMT-B, trail making test-part B; *p < 0.05.



TABLE 4    Associations between plasma t-tau and cognitive function in the three groups.
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FIGURE 2
Scatterplots of the associations between Geriatric Depression Scale-15 (GDS-15) scores and plasma t-tau levels (pg/ml) in the three groups. NC, normal cognition; MCR, Motoric Cognitive Risk syndrome; AD, Alzheimer’s disease; t-tau, total tau; GDS-15, Geriatric Depression Scale-15; *p < 0.05.
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FIGURE 3
Scatterplots of the associations between Montreal Cognitive Assessment (MoCA) scores, Boston Naming test scores, and plasma t-tau levels (pg/ml) in the three group. NC, normal cognition; MCR, Motoric Cognitive Risk syndrome; AD, Alzheimer’s disease; t-tau, total tau; MoCA, Montreal Cognitive Assessment; *p < 0.05.





Discussion

To our knowledge, this is the first study to use plasma biomarkers to examine Aβ42 and t-tau in relation to cognitive function in older adults with MCR and the first to report that plasma t-tau is related to cognitive function in individuals with MCR. We found that the levels of plasma Aβ42 and t-tau did not differ between older adults with MCR and AD, but the levels of plasma t-tau in older adults with MCR and AD were significantly higher than those in older adults with NC. In addition, the levels of plasma t-tau in individuals with MCR were related to MoCA and Boston naming test scores.

The accumulation of Aβ plaques and tau neurofibrillary tangles in the brain are two pathological hallmarks of AD (Avila, 2006; Capetillo-Zarate et al., 2012). These biomarkers can cause neural damage and lead to hippocampal atrophy, cortical shrinkage, and brain damage (Pini et al., 2016; Pereira et al., 2017). In the present study, the AD group had higher levels of plasma t-tau, compared with the NC group. These findings reconfirmed the above statement. MCR is a symptomatic predementia phase and has good predictive validity for the incidence of dementia (Verghese et al., 2013, 2014a). However, previous studies have presented inconsistent results regarding whether MCR would increase the risk of AD. In the Einstein Aging Study, MCR was a strong predictor of vascular dementia (hazard ratio = 12.81) but not AD dementia (hazard ratio = 0.66) (Verghese et al., 2013). In another multicountry study, samples from multiple cohorts were pooled, and it was found that MCR was associated with an increased risk of AD in two cohorts (hazard ratio = 1.79–2.10) (Verghese et al., 2014a). Therefore, clarifying the relationship between AD pathology and MCR may aid clinical diagnosis and the planning of prevention strategies. To date, only one study has investigated the relationship between MCR and AD pathology using imaging biomarkers (Bommarito et al., 2022) and reported findings inconsistent with the present study. In the above mentioned study, 20 patients with cognitive complaints (8 individuals with MCR and 12 without MCR) were recruited from the Memory Center of the Geneva University Hospitals, and no significant differences in the deposition of amyloid and tau protein in the brain between older adults with MCR and without MCR were found. The individuals without MCR in Bommarito et al. (2022) had subjective cognitive complaints and a CDR scale score of 0.5, which might have affected the results of the study. The strength of our study was that NC and AD groups were included for comparison. We found that the levels of plasma t-tau were higher in the participants with MCR and AD than in the older adults with NC. However, plasma t-tau did not differ between the individuals with MCR and those with AD. MCR is a predementia syndrome similar to mild cognitive impairment (MCI). A review of 15 clinical studies demonstrated an increase in the plasma t-tau levels in older adults with MCI and AD (Lee et al., 2022). The elevated levels of plasma t-tau in individuals with MCR suggested that MCR might share a similar pathology with AD.

For cognitively normal individuals, earlier studies have reported significant correlations between slow gait speed and amyloid deposition in the subcortical and cortical areas (Del Campo et al., 2016; Wennberg et al., 2017). However, recent studies did not find increased amyloid deposition in older adults with MCR (Bommarito et al., 2022; Gomez et al., 2022). In this study, for the first time, we compared plasma Aβ42 among older adults with NC, individuals with MCR and those with AD. It was found that, compared to the NC group, there were no significantly increased levels of plasma Aβ42 in the MCR group. We also noted that there were no significant correlations between the level of plasma Aβ42 and cognitive function in the MCR group. Previous studies suggested that the pathophysiological mechanisms underlying MCR were probably heterogeneous (Bommarito et al., 2022). Gomez et al. (2022) recruited 204 participants with MCR and noted that MCR was associated with prominent white matter abnormalities and frontoparietal atrophy. A cross-sectional study recruited 38 participants with MCR and reported that lacunar infarcts in the frontal lobe were associated with MCR in older adults (Wang et al., 2016). In the present exploratory study, the absence of an increase in the plasma Aβ42 in older adults with MCR suggested that MCR was probably not due to a pure AD pathology.

In this study, we further reported that higher levels of plasma t-tau were correlated with lower cognitive function in the MCR group. Mattsson et al. (2016) enrolled 1,284 participants, including healthy older adults, participants with cognitive impairment, and individuals with AD, in an exploratory study. They found that MMSE scores were negatively correlated with plasma t-tau concentrations. Another cross-sectional study using IMR assays to measure the plasma t-tau levels in participants with AD found that t-tau levels and MMSE scores had a strong negative correlation (Jiao et al., 2020). Chen et al. (2019) recruited 22 participants with amnestic MCI in a cohort study. They found that higher levels of t-tau were correlated with lower cognitive performance at the baseline and greater cognitive decline in 1.5 years follow-up. Tsai et al. (2019) enrolled 13 older adults with NC, 40 participants with amnestic MCI, and 37 individuals with AD, in a cross-sectional study. They found that MMSE scores were negatively correlated with plasma levels of t-tau. A retrospective case study noted that the MoCA scores in the lowest CSF tau quartile group were significantly higher than those in the highest quartile group (Pillai et al., 2019). Our results were in line with the findings of these studies, suggesting that cognitive performance might be correlated with the level of t-tau.

Prior studies have indicated that depression is not only a risk factor for AD (Gallagher et al., 2018), but also a symptom of AD (Van der Mussele et al., 2013). Many studies have investigated the relationship between depression and AD biomarkers. A systematic review including 15 studies reported significant differences in the Aβ levels between depressed and non-depressed older adults (Harrington et al., 2015). Babulal et al. (2020) enrolled 301 cognitively normal older adults in a cross-sectional study. They found that tau was associated with a depression diagnosis. In the present study, we observed a significant relationship between plasma t-tau and depression in the NC group. These findings were in line with the results from the previous studies.

There are some study limitations that should be addressed in this study. The first limitation was small sample size, which limits the statistical power. Studies with a larger sample size should be conducted in the future to confirm our results. A second limitation of this study is the cross-sectional study design, which prevented us from investigating the changes in plasma biomarkers and cognitive function in the MCR group over time. A large cohort study is warranted and encouraged. Third, the current study did not provide neuroimaging data. Therefore, we were unable to test the relationship between plasma biomarkers and brain pathology.

In conclusion, we found significantly higher plasma t-tau proteins in the MCR and AD groups, compared to the NC group, and correlations between the levels of plasma t-tau and cognitive function in individuals with MCR. These results implied that MCR and AD may share similar pathology. However, these findings need further confirmation in longitudinal studies.
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COVID-19 is renowned as a multi-organ disease having subacute and long-term effects with a broad spectrum of clinical manifestations. The evolving scientific and clinical evidence demonstrates that the frequency of cognitive impairment after COVID-19 is high and it is crucial to explore more clinical research and implement proper diagnostic and treatment strategies. Several central nervous system complications have been reported as comorbidities of COVID-19. The changes in cognitive function associated with neurodegenerative diseases develop slowly over time and are only diagnosed at an already advanced stage of molecular pathology. Hence, understanding the common links between COVID-19 and neurodegenerative diseases will broaden our knowledge and help in strategizing prognostic and therapeutic approaches. The present review focuses on the diverse neurodegenerative changes associated with COVID-19 and will highlight the importance of major circulating biomarkers and microRNAs (miRNAs) associated with the disease progression and severity. The literature analysis showed that major proteins associated with central nervous system function, such as Glial fibrillary acidic protein, neurofilament light chain, p-tau 181, Ubiquitin C-terminal hydrolase L1, S100 calcium-binding protein B, Neuron-specific enolase and various inflammatory cytokines, were significantly altered in COVID-19 patients. Furthermore, among various miRNAs that are having pivotal roles in various neurodegenerative diseases, miR-146a, miR-155, Let-7b, miR-31, miR-16 and miR-21 have shown significant dysregulation in COVID-19 patients. Thus the review consolidates the important findings from the numerous studies to unravel the underlying mechanism of neurological sequelae in COVID-19 and the possible association of circulatory biomarkers, which may serve as prognostic predictors and therapeutic targets in future research.
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Introduction

Coronavirus disease 2019 (COVID-19), the disease caused by severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), has created morbidity and mortality at an unprecedented scale globally and was declared a pandemic by the World Health Organization (WHO) in March 2020 (Nalbandian et al., 2021). It was initially detected in Wuhan, China, which triggered a severe acute respiratory syndrome, contaminating more than 175 million people after one year and leading to the death of 3.8 million people worldwide (Huang et al., 2020; Hui et al., 2020; Wu et al., 2020a; Lopez-Leon et al., 2021). SARS-CoV-2 is a betacoronavirus, a member of the subfamily Coronavirinae, having a single-stranded positive-sense RNA genome (Wang et al., 2020b). SARS-CoV-2 is made up of at least 29 proteins, four of which are structural proteins, and the others are non-structural proteins (Yao et al., 2020). SARS-CoV-2 is prone to genetic evolution through mutations over time in human hosts. This leads to the generation of mutant variants having diverse characteristics than their ancestral strains. Several variants of SARS-CoV-2 have been described during the course of this pandemic and WHO has classified them based on their impact on public health. Currently, there are five SARS-CoV-2 variants of concern (VOC), Alpha, Beta, Gamma, Delta, and Omicron, and two SARS-CoV-2 variants of interest (VOI), Lambda and Mu (WHO SARS-CoV-2 Variants) (Liu et al., 2022). The emergence of these new SARS-CoV-2 variants are posing threats to vaccine development and other therapeutic options.

Several scientific and clinical studies have shown that subacute and long-term effects of COVID-19 can affect multiple organ systems (Gupta et al., 2020a). It is reported that the mechanism of infection and replication of SARS-CoV-2 is similar to that of SARS-CoV and MERS-CoV. The angiotensin-converting enzyme-2 (ACE-2) receptors are the primary binding receptors for the viral particle and are found highly expressed in alveolar epithelial cells of lungs, vascular endothelial cells, and enterocytes but can also be found in other organs, such as kidney, liver, and gastrointestinal tract (Azer, 2020; Bhavana et al., 2020; Harrison et al., 2020; Parasher, 2021). The internalization of the virus in host cells results in different inflammatory changes such as edema, necrosis, and tissue dysfunction. These changes can cause a cytokine storm, promoting changes in the immune response that cause excessive damage to the lung, gastrointestinal, neurological, and cardiopulmonary systems (Azer, 2020; Bhavana et al., 2020; Harrison et al., 2020; Rizzo et al., 2020; Xu et al., 2020; Anka et al., 2021).

As SARS-CoV-2 has the ability to affect different organs, recent clinical studies have demonstrated that there is an increased risk of long-term health problems in patients who have survived infection with SARS-CoV-2 (Seyedalinaghi et al., 2021). The most recurrent long-term complication is respiratory problems that may further develop pulmonary fibrosis, arterial complications, venous thrombo-embolic late complications associated with a hyperinflammatory and hypercoagulable state (Lodigiani et al., 2020; Puntmann et al., 2020). Likewise, cardiac dysfunction can be caused due to structural damage to the myocardium, pericardium, and conduction system, triggering arrhythmias in a large proportion of patients (Lindner et al., 2020; Liu et al., 2020). Renal lesions have also been reported in approximately 20-31% of patients who developed the severe form of COVID-19. The reduced glomerular filtration was related to extensive acute tubular necrosis observed in renal biopsies (Kudose et al., 2020). Diabetic ketoacidosis, liver dysfunction, joint pain, muscle weekness and dermatologic manifestations were also observed in post-covid patients (Freeman et al., 2020; Suwanwongse and Shabarek, 2021). In addition, late complications are reported in the central and peripheral nervous system, promoting decreased awareness and absorption, difficulties with concentration, disturbed memory, difficulty in communication, anxiety, depression, sleep problems, and olfactory and taste losses (Paybast et al., 2020; Varatharaj et al., 2020; Huang et al., 2021a). Figure 1 demonstrates the various complications associated with COVID-19.
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FIGURE 1
Schematic representation showing the potential complications of COVID-19 causing wide range of complications in various organ systems.


The present review aims to elucidate the underlying mechanism that links COVID-19 with neurodegenerative changes that lead to cognitive dysfunction. As patients infected with SARS-CoV-2 are stratified according to their clinical manifestations, such as symptoms, oxygen saturation, and blood pressure (Malik et al., 2021), these manifestations are apparent at the late stages of infection, especially for neurological complications. Identifying factors that can lead to complications during the disease early is extremely important since it can significantly influence the quality of care and adequate treatment. It would be valuable to reveal the alterations of plasma biomarkers in various cognitive impairment stages since the cognitive manifestations are one of the most concerned post covid complications. Hence, based on recent literature, we will provide clinicians with updated and practical information on the role of circulating biomarkers and miRNAs in COVID-19-associated cognitive dysfunction that may act as possible therapeutic targets and prognostic predictors in future studies.



Materials and methods

The purpose of this review is to highlight the importance of cognitive dysfunction and neurodegenerative changes associated with COVID-19 and the dysregulation of circulating biomarkers and miRNAs in the clinical condition being studied. A systematic search of relevant research articles was performed using the databases, namely, PubMed, ProQuest, Science Direct, and Google Scholar. The electronic search was conducted using a combination of search terms related to the following keywords: “COVID-19” OR “SARS-CoV-2” OR “Post COVID-19 complications” OR “Cognitive dysfunction” OR “Neurodegeneration” OR “Circulating Biomarkers” OR “miRNAs”. The articles retrieved from our search were further distinguished for relevancy. The inclusion and exclusion criteria were set to only evaluate articles published from 2000 to 2022 in order to limit this search. Moreover, articles that contain only abstracts without their full text and published in languages other than English were excluded.



COVID-19-associated cognitive dysfunction and neurodegeneration


COVID-19-associated cognitive dysfunction

As the population of patients recovering from COVID-19 grows, it is important to establish an understanding of the multi-organ dysfunction associated with post- COVID-19 complications. Of note, neurological manifestations in COVID-19 patients have been reported, showing a close correlation between COVID-19 and future development of neurodegenerative diseases (Wu et al., 2020b; Taquet et al., 2021; Frontera et al., 2022; Li et al., 2022a). It has also been established that the likelihood of developing COVID-19-associated cognitive impairment and the severity of these deficits is associated with the severity of the SARS-CoV-2 infection and the subsequent increases in specific circulating inflammatory mediators and biomarkers (Becker et al., 2021; Miskowiak et al., 2021; Zeng et al., 2022). Alternatively, some studies have demonstrated that even non-hospitalized COVID-19 patients have developed cognitive-associated post-COVID-19 symptoms, suggesting that regardless of illness severity, cognitive dysfunction can arise (Graham et al., 2021; Hadad et al., 2022; Van Kessel et al., 2022). Report shows that COVID-19-associated cognitive impairment can arise during post-acute COVID-19 infection 3 weeks following diagnosis, and 31.2% of participants experience cognitive dysfunction within the first week of symptoms (Davis et al., 2021). Another study found that 22% of individuals infected with SARS-CoV-2 developed symptoms of cognitive impairment, which remained after 12 weeks following their diagnosis (Ceban et al., 2022). These deficits can last for a prolonged period of time and clinically relevant cognitive impairments in verbal learning and executive function were found in 48% of patients 1 year following the onset of symptoms (Miskowiak et al., 2022).

Likewise, another report identified abnormalities in executive function, attention, and phonemic fluency in post-COVID-19 patients (Hadad et al., 2022). The results of a systemic review showed a high frequency of cognitive impairment after COVID-19 infection with defects in processing speed, inattention, or executive dysfunction (Tavares-Junior et al., 2022). A post-COVID-19 community clinic compared Montreal Cognitive Assessment (MoCA) index scores of participants who reported cognitive symptoms and found that index scores were significantly worse in language, executive function, and attention (Crivelli et al., 2022). With increasing severity of infection with SARS-CoV-2, there are corresponding increases in both the likelihood of developing cognitive dysfunction as well as the severity of the cognitive dysfunction in those who develop these sequelae (Wang et al., 2021). For these reasons, it is imperative to understand the underlying mechanisms by which covid-associated cognitive dysfunction and neurodegeneration occur.



COVID-19-associated neurodegeneration

The neurological complications of COVID-19 include damage to the central and the peripheral nervous system that consists of neuronal damage, neuroinflammation, rupture of the blood brain barrier, microvasculitis and hypoxia (Ellul et al., 2020; Boldrini et al., 2021). ACE2 receptors within the central nervous system (CNS) are most highly concentrated within the substantia nigra, ventricles, middle temporal gyrus, posterior cingulate cortex, olfactory bulb, motor cortex, and brainstem (Iodice et al., 2021). The disruption of the normal physiological functions of these areas due to infection with SARS-CoV-2 has been postulated to be a potential explanation for many of the reported symptoms associated with the long-Covid syndrome. This was validated by an observational study that examined cortical metabolism in the subacute and chronic (>6 months) stages of illness and found that hypometabolism in the frontoparietal and temporal cortex was associated with cognitive impairment (Hosp et al., 2021). Long- COVID-19 brain fog in patients has presented with abnormal FDG-PET scan results, with hypometabolic regions localized mostly to the anterior and posterior cingulate cortices (Hugon et al., 2022). The cingulate cortex plays a role in a variety of neurological functions including memory, emotions, and decisive action taking. The abundance of ACE2 receptors in this area could additionally provide some insight into their experience of brain fog (Hugon et al., 2022).

There are numerous potential mechanisms by which SARS-CoV-2 could access the CNS to elicit these pathologies, which can be broadly classified into direct invasion and indirect hematological entry following inflammatory mediated neurodegeneration of the blood-brain-barrier (BBB) (Iodice et al., 2021). Direct neurological invasion is hypothesized to occur through the olfactory epithelium and the cribriform plate into the olfactory bulbs following nasal inhalation of aerosolized droplets containing the infectious viral load. Additionally, it has been suggested that SARS-CoV-2 penetration into the CNS can result in heightened neuroinflammation which may cause neurodegeneration or exacerbate existing neuroinflammation from preexisting comorbidities such as Alzheimer’s dementia and Parkinson’s disease, leading to the development of neuropsychological symptoms (Iodice et al., 2021).

Hematological spread is another proposed mechanism by which SARS-CoV-2 can gain access to the CNS. One possible mechanism involves the attachment of SARS-CoV-2 to ACE2 expressed on BBB endothelial cells and the induction of neuroinflammation, which weakens the protective barrier of the brain and thus provides access for the virus. It is also hypothesized that it is possible that the virus may circumvent BBB altogether by infecting CNS-infiltrating macrophages and monocytes (Zhou et al., 2020b). Furthermore, astrocytes, a vital component of the BBB, can receive signals from circulating pro-inflammatory cytokines, generated in response to viral infection in the lungs, which in turn cause SARS-CoV-2 to enter the CNS and induce neuroinflammation (Murta et al., 2020). Moreover, SARS-CoV-2 can elicit the pro-inflammatory phenotype of microglia, the native immune cells in the CNS, which up-regulate the expression of genes involved in neuroinflammation (Amruta et al., 2021). In addition, it has been demonstrated that SARS-CoV-2 infection can facilitate neuronal injury, encephalitis, fibrosis, thrombosis and axonal damage (Bradley et al., 2020; Turski et al., 2020; Wang et al., 2020a). As, COVID-19-associated pathological changes are characterized by distinct changes in the levels of specific circulating biomarkers, the expression profile of these biomarkers may demonstrate a link between various disease states. The Schematic representation of various neurodegenerative changes associated with COVID-19 is shown in Figure 2. Understanding the changes in expression of these circulating biomarkers may provide insights into the holistic understanding of the underlying process by which COVID-19 long-haulers experience their cognitive dysfunction.
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FIGURE 2
Schematic representation showing the neuronal infection of SARS-CoV-2 virus and CNS damage caused by the infection that leads to cognitive dysfunction and neurodegenerative diseases. Angiotensin-converting enzyme-2 (ACE-2), Alzheimer’s disease (AD), Parkinson’s disease (PD), Multiple sclerosis (MS), Amyotrophic lateral sclerosis (ALS), Multiple system atrophy (MSA), Ischemia stroke (IS).





Role of circulating biomarkers in COVID-19-associated cognitive dysfunction

Circulating biomarkers present a promising approach in the research and clinical practice of various diseases including neurodegenerative diseases as they are minimally invasive, highly cost-effective and provide high specificity (Solfrizzi et al., 2006; Pillai et al., 2020; Lakhani et al., 2021; Kivisakk et al., 2022). The prognostic utility of plasma biomarkers in neuroinflammation, vascular injury, and cognitive dysfunction may aid in the management of clinical care and treatment strategies. Hence in this section, we are highlighting the importance of some key biomarkers of cognitive decline and neurodegeneration that are altered in COVID-19 for their future application in research on therapeutic targets and prognostic deliberations of COVID-19- associated cognitive dysfunction. A summary of the findings are illustrated in Table 1.


TABLE 1    Summary of circulating biomarkers associated with neurological dysfunction showing potential dysregulation in COVID-19.
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Glial fibrillary acidic protein

Astrocytes are the most abundant cell type throughout the CNS and have many roles including but not limited to maintenance of BBB, neurotransmitter homeostasis, synaptogenesis, neurogenesis, ion and water homeostasis, and neuronal cholesterol synthesis (Cabezas et al., 2014; Liu et al., 2018). When neurological insult occurs, astrocytes become activated through reactive gliosis that involves the upregulation of glial fibrillary acidic protein (GFAP), a widely known biomarker of brain injury (Pekny and Pekna, 2014). As a structural protein that is unique to astrocytes, GFAP provides stability to astrocytes, thereby influencing their shape and movement (Eng et al., 2000; Hol and Capetanaki, 2017). Therefore, GFAP has been regarded as a biomarker of reactive astrocytes in a variety of neuropathological conditions (Eng et al., 2000). Elevated circulating levels of GFAP have been linked to a number of such neurological conditions including traumatic brain injury (TBI), spinal cord injury, multiple sclerosis (MS), Alzheimer’s Disease (AD), Alexander disease, Parkinson’s disease (PD), and neuromyelitis optica spectrum disorder (Elahi et al., 2020; Abdelhak et al., 2022; Heimfarth et al., 2022; Kim et al., 2022; Newcombe et al., 2022). It is evident that GFAP has been and continues to be explored as a potential biomarker of neurological injury across several neurodegenerative and inflammatory CNS diseases.

Recent studies have found elevated levels of GFAP in serum and/or plasma of COVID-19 patients (Kanberg et al., 2020, 2021; Frontera et al., 2022; Hanson et al., 2022; Sahin et al., 2022). This supports that GFAP correlates with disease severity, as it was found at significantly higher levels in COVID-19 patients who died during hospitalization when compared to those who survived (Frontera et al., 2022). Other results have supported elevated GFAP levels with disease severity but did not find a significant correlation with the presence of neurological symptoms (Sahin et al., 2022). One study found that GFAP levels normalized in all COVID-19 patients despite disease severity and the persistence of reported cognitive symptoms suggesting that the symptoms of COVID-19-associated cognitive impairment linger without the presence of active CNS injury (Kanberg et al., 2021). These findings may also further support the proposed mechanism that reactive gliosis following SARS-CoV-2 infection causes COVID-19-associated cognitive dysfunction by spreading hematogenously, infecting endothelial cells, and disrupting the BBB (Johansson et al., 2021; Mohamed et al., 2022). Taken together, these findings suggest that additional studies with larger sample sizes and standardized protocols should be explored to determine exactly how useful plasma or serum GFAP can be as a biomarker for COVID-19-associated cognitive impairment.



Neurofilament light chain

Neurofilaments (Nfs) are classified as type IV intermediate filaments that provide cytoskeletal stability and allow for radial growth of neurons (Yuan et al., 2017; Gaetani et al., 2019). Under normal conditions, axons release neurofilament light chain (NfL), the most abundant subunit of Nfs, into the blood at low levels, and this has been found to increase with age (Yuan et al., 2017; Gaetani et al., 2019; Zanella et al., 2022). Moreover, during neurological degeneration or injury, these levels increase significantly indicating its potential use as a biomarker of neuroaxonal injury (Zanella et al., 2022). Elevated levels of NfL in serum have been associated with various neuropathologies such as cognitive decline, TBI, AD, PD, MS, Lewy body dementia (LBD), frontotemporal dementia (FTD), Amyotrophic Lateral Sclerosis (ALS), and Huntington Disease (HD) (Palermo et al., 2020; Rajan et al., 2020; Verde et al., 2021; Chouliaras et al., 2022; Ebenau et al., 2022; Newcombe et al., 2022; Thijssen et al., 2022).

Studies examining various COVID-19 patient populations have also found elevated plasma and or serum levels of NfL (Ameres et al., 2020; Kanberg et al., 2020, 2021; Aamodt et al., 2021; De Lorenzo et al., 2021; Prudencio et al., 2021; Frontera et al., 2022; Hanson et al., 2022; Verde et al., 2022). Similarly to GFAP, NfL was elevated in hospitalized patients who had COVID-19 encephalopathy (Hanson et al., 2022). NfL also correlates with disease severity as elevated plasma levels were found in COVID-19 patients that died during hospitalization (Aamodt et al., 2021; Frontera et al., 2022). When compared to the control group consisting of non-COVID-19 AD patients, the COVID-19 patients exhibited higher levels of NfL (Frontera et al., 2022). COVID-19 patients who did not have obvious signs or symptoms of cognitive dysfunction also had elevated levels of serum NfL (Prudencio et al., 2021; Verde et al., 2022). In another group of intensive care unit (ICU) COVID-19 patients, those who did not survive the infection had higher levels of NfL when compared to those who survived (Aamodt et al., 2021). Report shows that after 30-70 days, plasma NfL levels increased persistently and then normalized after six months in COVID-19 patients who continued to report the presence of neurological symptoms (Kanberg et al., 2021). Also plasma NfL levels were found to be increased from the first follow-up to the last in the severe group (Kanberg et al., 2020). Both studies support their shared hypothesis of delayed axonal injury occurring in severe COVID-19 patients, while astrocyte activation occurs earlier and is not limited to the severe COVID-19 patient population (Kanberg et al., 2020, 2021). The elevated concentrations of plasma NfL found in these COVID-19 patient populations warrants further investigation to explore its neuropathological mechanism causing neuroaxonal injury to determine whether it can be a contributing factor to the cognitive sequelae that arises in post-COVID-19 infections.



Phosphorylated tau at threonine-181

The soluble tau proteins are important for maintaining neuronal microtubule integrity by providing stability and encouraging assembly (Wang and Mandelkow, 2016). The post-translational phosphorylation of tau is necessary for the protein to change its confirmation to operate under physiological conditions (Wang and Mandelkow, 2016; Kent et al., 2020). However, when phosphorylated excessively, the tau proteins dissociate from microtubules and aggregate with one another becoming insoluble and ultimately leading to extensive networks of neurofibrillary tangles (NFTs), which are characteristic of AD pathology (Metaxas and Kempf, 2016). The neurogenerative diseases distinctively express the hyperphosphorylation of Tau and subsequent aggregation are altogether known as tauopathies (Wang and Mandelkow, 2016). The role of p-tau 181 has been explored extensively in AD pathology and has been found to predict cognitive decline and AD several years before diagnosis and/or death (Guo et al., 2017; Lantero Rodriguez et al., 2020; Moscoso et al., 2021; Smirnov et al., 2022). These findings support p-tau 181 as a promising blood biomarker for AD and the potential for its application in other tauopathies.

Elevated levels of serum and/or plasma p-tau 181 have been found in COVID-19 patients (Sun et al., 2021; Frontera et al., 2022). COVID-19 patients who did not survive the infection and those who developed COVID-encephalopathy had elevated levels of p-tau 181, along with NfL and GFAP as mentioned previously. The study also found that hospitalized COVID-19 patients who experienced new cognitively related symptoms also had elevated levels p-tau 181 when compared to patients who did not experience additional cognitive sequelae (Frontera et al., 2022). In a study that examined the contents of neuronal-enriched extracellular vesicles (nEVs) in the plasma of COVID-19 patients, elevated levels of p-tau 181 were found and these levels also had a significant correlation with NfL in patients who reported neurological sequelae (Sun et al., 2021). There is some evidence suggesting that COVID-19 worsens pathology that has been implicated in AD such as tau, β-amyloid aggregation, neuroinflammation cerebral ischemia, and disruption of the BBB (Miners et al., 2020; Shen et al., 2022). Therefore, these findings suggest that p-tau 181 is yet another neurodegenerative biomarker correlated with COVID-19 disease severity during and/or following SARS-CoV-2 infection.



Ubiquitin Carboxy-Terminal Hydrolase L1

Ubiquitin is a regulatory protein that is widely known for its role in the ubiquitin-proteasome system (UPS), which is involved in cellular processes including protein degradation, DNA repair and cell trafficking (Bishop et al., 2016; Guo and Tadi, 2022). In neurons, ubiquitination is involved in regulating the function of various synapses influencing their maintenance, transmission, and plasticity by altering the quantity of proteins at each synapse (Mabb and Ehlers, 2010). Deubiquinating enzymes known as deubiquitinases (DUBs) are responsible for removing ubiquitin from their target proteins (Bishop et al., 2016). Ubiquitin C-terminal hydrolase L1 (UCH-L1) is a specific member of this group that is highly expressed in neurons (Bishop et al., 2016). Higher levels of plasma UCH-L1 have been associated with PD (Ng et al., 2020), AD (Bogdan et al., 2022), Friedreich’s Ataxia (Zeitlberger et al., 2018), TBI (Wang et al., 2018), and general cognitive capabilities (Zhang et al., 2022a). The loss of UCH-L1 has resulted in the loss of neurons and instability of axons, while in some cases oxidatively modified UCH-L1 may aggregate (Bishop et al., 2016). These findings support that UCH-L1 is utilized as a general marker of neurodegeneration and other CNS-related complications.

Various COVID-19 patient populations have also experienced elevated levels of plasma UCH-L1 (Cooper et al., 2020; Frontera et al., 2022). It was found to correlate with COVID-19 disease severity as it was significantly higher in COVID-19 patients with encephalopathy (Frontera et al., 2022). As mentioned previously, hospitalized COVID-19 patients who experienced new neurological symptoms during admission had elevated plasma levels of UCH-L1, p-tau 181, and NfL, when compared to the control group consisting of non-COVID AD patients (Frontera et al., 2022). A group of ICU COVID-19 patients were also found to have higher levels of UCH-L1 that was also associated with delirium (Cooper et al., 2020). In another group of COVID-19 patients, UCH-L1 and NfL yielded predictive values on whether patients required a transfer to the ICU (De Lorenzo et al., 2021). Hence, it remains a possibility that UCH-L1 may be used as a prognostic biomarker when combined with others in providing potential clinical outcomes in COVID-19 patients (De Lorenzo et al., 2021).



S100 calcium-binding protein B

The S100 protein family consists of proteins that principally bind Ca2+ and are named S100 because they dissolve in a neutral pH solution consisting of 100% saturated ammonium sulfate (Sedaghat and Notopoulos, 2008). A frequently investigated member of this protein family, S100 calcium-binding protein B (S100B), is used to describe levels of both the heterodimer S100AB and homodimer S100BB (Thelin et al., 2017). Serum levels of S100B may indicate astrocyte damage or injury, though with less accuracy than GFAP due to its more extensive distribution throughout different cell types of the CNS (Steiner et al., 2007). The function of S100B also differs depending on the concentration, having cytotoxic effects when increased (micromolar) and neuroprotective effects when at lower levels (nanomolar) in serum (Lam et al., 2013). S100B has been implicated in several neurological disorders including TBI (Thelin et al., 2017; Mondello et al., 2021), AD (Cristovao and Gomes, 2019), PD (Angelopoulou et al., 2021), ALS (Serrano et al., 2017), and MS (Barateiro et al., 2016). Micromolar levels of S100B is reported to cause such disorders by activating astrocytes and microglia, inducing nitric oxide (NO) release, increasing reactive oxygen species (ROS) and ultimately leading to neuroinflammation and loss of neurons (Michetti et al., 2019). These findings support that S100B is continuing to be explored as a potential blood biomarker across neurological disorders.

Elevated levels of circulating S100B has also been found in different groups of COVID-19 patients (Aceti et al., 2020; Mete et al., 2021; Savarraj et al., 2021; Sahin et al., 2022). As mentioned with previous brain injury biomarkers, serum S100B has also been associated with disease severity in COVID-19 patients (Aceti et al., 2020; Mete et al., 2021). Report show that levels of serum S100B were not correlated with neurological symptoms overall in acute phase COVID-19 patients, but did find marginally elevated levels of S100B in patients with more than one neurological symptom (Sahin et al., 2022). This may suggest that the elevated levels of S100B represents CNS injury to some extent during the acute phase of COVID-19, but it is unclear what implications this may have both clinically and in long-COVID patients. S100B has also been described as a pro-inflammatory ligand by binding to the Receptor for Advanced Glycation Endproducts (RAGE), which itself has been associated with neuroinflammation following neurological insult (Michetti et al., 2019). These findings may partly explain the association of elevated levels S100B with both disease severity and cognitive sequelae in COVID-19 infection. The exact role of S100B in COVID-associated cognitive dysfunction remains to be discovered to confirm whether it is directly contributing to neuropathological damage and/or it is a reaction of downstream inflammatory processes.



Neuron specific enolase

Neuron specific enolase (NSE) is the gamma isozyme named due to its specificity for neuronal and neuroendocrine cells (Haque et al., 2018). NSE itself can be expressed as two different isozymes in neurons as either γγ or αγ (Polcyn et al., 2017). In astrocytes, NSE is expressed as γγ and in oligodendrocytes and microglia it is found as the αγ subunits (Polcyn et al., 2017). NSE has therefore been linked to both neurological and non-neurological pathologies due to its tissue specificity and upregulation following axonal injury (Polcyn et al., 2017). Similar to S100B, NSE can be both neuroprotective or neuroinflammatory depending on surrounding conditions such as the typical homeostatic environment, disease state, or presence of injury (Polcyn et al., 2017). The neuropathological conditions that have been associated with altered levels of plasma or serum NSE include AD (Chaves et al., 2010), HD (Ciancarelli et al., 2014), postoperative cognitive dysfunction (POCD) (Wan et al., 2021), and beta-propeller protein-associated neurodegeneration (BPAN) (Takano et al., 2017).

Neuron specific enolase levels have also been found at higher concentrations in the serum or plasma of COVID-19 patients (Wei et al., 2020; Cione et al., 2021; Savarraj et al., 2021). Increased levels of serum NSE has also been associated with disease severity as mentioned previously with other biomarkers specifically in a cohort of COVID-19 patients who developed dyspnea (Cione et al., 2021), in critical cases of COVID-19 patients (Wei et al., 2020), and in patients immediately following hospital admission for COVID-19 infection (Savarraj et al., 2021). A unique observation found was that serum NSE was found at significantly higher levels in men when compared to women, which may support increased susceptibility to COVID-associated cognitive dysfunction in men (Savarraj et al., 2021). NSE may be elevated in COVID-19 due to the potential presence of axonal injury (Polcyn et al., 2017), lung injury (Cione et al., 2021), neuroinflammation (Haque et al., 2018), or a combination of all. There is not enough data at this time to concretely validate the use of serum NSE as a biomarker of only neurodegeneration and/or prognosis in COVID-19 infection. Further investigation are required to support these findings and uncover the exact role of NSE in COVID-29 infection.



Inflammatory cytokines

Pro-inflammatory cytokines, such as interleukin (IL)-6, IL-1β, and tumor necrosis factor-α (TNF-α) are well established as major contributing factors to neuropathological diseases (Wang et al., 2015; Gupta et al., 2020b; Xin et al., 2021; Lu et al., 2022). Anti-inflammatory cytokines such as IL-10 also play crucial roles in brain injury and neuroinflammation due to its ability to suppress inflammatory responses (Garcia et al., 2017; Burmeister and Marriott, 2018; Lu et al., 2022; Sanchez-Molina et al., 2022). C-reactive protein (CRP), a non-specific marker of systemic inflammation, is induced by pro-inflammatory cytokines such as IL-6, and has been associated with chronic inflammation, and various degrees of cognitive dysfunction (Watanabe et al., 2016; Luan and Yao, 2018; Vintimilla et al., 2019; Gupta et al., 2020b; Xin et al., 2021). A cascade of events, referred to as “cytokine storm” or “cytokine release syndrome (CRS),” has been implicated in neurotoxicity, disruption of the integrity of BBB, neuroglial cells activation, and ultimately neuroinflammation (Gupta et al., 2020b; Zhang et al., 2022b).

In COVID-19 patients, elevated serum levels of IL-6, IL-1β, TNF- α, IL-10, and CRP have been measured and discussed (Chen et al., 2020; Han et al., 2020; Islam et al., 2021a; Lavillegrand et al., 2021; Lu et al., 2021; Acosta-Ampudia et al., 2022; Ferrando et al., 2022; Hirzel et al., 2022; Leretter et al., 2022; Montazersaheb et al., 2022; Peluso et al., 2022; PHOSP-COVID Collaborative Group, 2022; Schultheiss et al., 2022). IL-6, CRP, and IL-10 and have also been associated with disease severity amongst COVID-19 patients, correlating with severe clinical outcomes and fatality (Han et al., 2020; Lavillegrand et al., 2021; Alshammary et al., 2022; Ashktorab et al., 2022; Azaiz et al., 2022; Galliera et al., 2022; Jafrin et al., 2022; Mainous et al., 2022). CRP was found specifically to be positively correlated with two parts of a Continuous Performance Test (CPT) conducted in patients who had resolved COVID-19 infections (Zhou et al., 2020a) and was found at significantly elevated concentration in COVID-19 patients with moderate to severe cognitive dysfunction (Arica-Polat et al., 2022). Even though vast amount of evidence continues to validate the role of hyperinflammation in SARS-CoV-2 infection, there is a clear need for additional studies to explore the role of these inflammation in the CNS in COVID-19 patient populations.




Role of circulating micro RNAs in COVID-19-associated cognitive dysfunction

Growing evidence suggests that as post-transcriptional regulators of gene expression, miRNAs are involved in physiological and pathological processes and their dysregulation in function is synonymous with a multiplicity of diseases (Condrat et al., 2020; Carini et al., 2021). The prominent role of non-coding microRNAs in CNS and their signature in the circulation has been well established in various neurodegenerative diseases (Thounaojam et al., 2013; Bahlakeh et al., 2021; Islam et al., 2021c; Perdoncin et al., 2021; Blount et al., 2022). Hence, miRNAs as possible therapeutic targets and disease markers for early diagnosis have strongly been advocated because of their stability and convenience in extraction from biological fluids (Szelenberger et al., 2019). In this section of the review, we are showcasing the importance of some dysregulated miRNAs in COVID-19 and their possible correlation with CNS to further explore the mechanism of COVID-19- associated cognitive dysfunction. A summary of the findings are illustrated in Table 2.


TABLE 2    Summary of circulating miRNAs associated with neurological dysfunction showing potential dysregulation in COVID-19.
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miR-146a

miR-146a is produced by bone marrow mesenchymal stem cells and released in exosome granules, then it is taken up by activated astrocytes, particularly in the hippocampal region, indicating it may serve a neuroprotective role in seizure-related cognitive dysfunction (Kong et al., 2015). miR-146a exerts an anti-inflammatory effect by inactivating NF-κB activity through a reduction of interleukin-1 receptor-associated kinase 1 (IRAK1) and tumor necrosis factor associated factor 6 (TRAF6) (Nakano et al., 2020a,b). This will further lead to the supression of NF-κB’s target genes such as the interleukins IL-6, IL-8, IL-1β, and TNF alpha (TNF-α) (Saba et al., 2014; Fan et al., 2020). Increased expression of miR-146a in brain endothelial cells alters cytokine signaling and reduces NF-κB activity by reducing its nuclear translocation and thus decreasing the number of expressed T-cell adhesion molecules and limiting their entry into the CNS in the development of neuroinflammation (Wu et al., 2015). Circulating miR-146a is reduced in the blood of AD (Kumar and Reddy, 2016; Swarbrick et al., 2019), reducing the capability to deal with neurodegenerative inflammation. Overexpression of miR146a in microglia has been shown to reduce cognitive deficits in learning and memory, attenuate neuroinflammation, reduce beta-amyloid levels, and alleviate plaque-associated neuritic pathologies. miR-146a also influences microglial phenotype switching, allowing for the reduction of pro-inflammatory cytokine production and improved phagocytic functions in the clearance of beta-amyloid and tau (Liang et al., 2021). Thus, serum miR-146a levels are being considered for clinical use as a biomarker for neurodegenerative diseases (Kumar and Reddy, 2016; Mai et al., 2019; Swarbrick et al., 2019; Sabbatinelli et al., 2021).

Cumulative evidences suggest that decreased expression of miR-146a is associated with SARS-CoV-2 infection (Keikha and Jebali, 2021; Roganovic, 2021; Sabbatinelli et al., 2021). Furthermore, individuals with pre-existing inflammatory conditions which cause a decreased expression of miR-146a are thus predisposed to COVID-19 infection, and at risk for more serious progression of the illness (Roganovic, 2021; Sudhakar et al., 2022). Interestingly, COVID-19 patients showed a down-regulation of this anti-neuroinflammatory miRNA, which in turn causes an increase in expression of IL-6, IL-8, IL-17, and other inflammatory cytokines (Arghiani et al., 2021; Roganovic, 2021). Increased levels of the inflammatory cytokine IL-6 thus reduce the effectiveness of many drugs being currently tested for use against COVID, such as tocilizumab, because they act as antibodies against these inflammatory cytokines (Arghiani et al., 2021; Sabbatinelli et al., 2021). Conversely, some studies have shown that the expression of miR-146a is increased in COVID-19 patients when compared to healthy controls (Donyavi et al., 2021; Pinacchio et al., 2022). miR-146a is therefore uniquely can be positioned as one of a handful of micro-RNAs suited for use as a biomarker for cognitive dysfunction and SARS-CoV-2 infection and as a potential therapeutic for the treatment of those disease states. Given the altered expression of miR-146a in neurodegenerative diseases as well as in SARS-CoV-2 infection, and its role as an anti-neuroinflammatory microRNA, future studies with large populations may help to elucidate the actual mechanism of action of miR-146a in COVID-19 mediated cognitive decline and its importance as a circulating prognostic marker.



miR-155

CNS upregulation of miR-155 has been associated cognitive dysfunction and is the most expressed chromosome 21 miRNA in Down’s Syndrome dementia, as it is co-expressed with hyperphosphorylated tau protein (Tili et al., 2018). miR-155 act as a prevalent CNS pro-inflammatory mediator and microglia activator by regulating inflammatory cytokines such as (IFN)-λ and IFN-β (Thounaojam et al., 2013). In the CNS, the action of miR-155 is mediated in microglia and macrophages through NF-κB following stimulation of the appropriate TLR and interferon-gamma release. It also causes a reduction in the anti-inflammatory response by targeting anti-inflammatory regulators such as Suppressor of Cytokine Signaling 1 (SOCS1), SH2 Domain-Containing Inositol 5’-Phosphatase1 (SHIP1), activator protein 1, Signal Transducers and Activators of Transcription 5 (STAT5) and IL-13 Receptor Alpha 1 (IL13Ra1), further increasing inflammation (Song and Lee, 2015; Zingale et al., 2021). miR-155 increases BBB permeability by targeting cell–cell complex molecules including claudin-1 and annexin-2 and focal adhesion components such as syntenin-1 and dedicator of cytokinesis 1 (DOCK-1) (Lopez-Ramirez et al., 2014). miR-155 is also associated with promotion of CNS T cell responses and the subsequent development of cognitive dysfunction symptomology. Through regulation of interferon-gamma signaling, miR-155 can influence CD8 + T cell activation, T cell development, various cell to cell interactions, and macrophage activation. T cell activation and IFN-y production, followed by infiltration into the CNS, results in the deposition of beta-amyloid and thus cognitive dysfunction (Song and Lee, 2015). The pro-neuroinflammatory role of miR-155 was affirmed through knockout studies which show reduced neuroinflammation, reduced cognitive impairment and better recovery in traumatic brain injury mouse models (Henry et al., 2019). Moreover, miR-155 overexpression is implicated in CCR2/CXCL2 translation disorders, causing impaired cell migration and clearance of beta-amyloid by blood-derived monocytes (BDMs) and monocyte-derived macrophages (MDMs) in AD (Guedes et al., 2016). The pro-inflammatory function of miR-155 also carries over into auto-immune conditions such as MS-associated cognitive dysfunction by promoting inflammatory damage to the neurovascular units of the blood-brain-barrier via down regulation of junctional proteins (Maciak et al., 2021). miR-155 contributes to CNS demyelination via microglia activation and subsequent production of TNF-a, IL-1, IL-6, interferon-inducible protein 10 (IP-10), macrophage inflammatory protein-1a (MIP-1a), monocyte chemoattractant protein-1 (MCP-1), and nitric oxide (NO) (Miller, 2012). It is reported that miR-155 mediated impairment to the BBB, damage of myelin and axons, synaptic dysfunction, and dysregulated neurotransmitter production due to acute inflammation can lead to brain atrophy and progressive cognitive impairment (Varma-Doyle et al., 2021).

Serum miR-155 levels are significantly increased during the acute and post-acute phases of SARS-CoV-2 infection (Bautista-Becerril et al., 2021; Abbasi-Kolli et al., 2022). The study which showed significantly increased expression of miR-155 in the peripheral blood mononuclear cell (PBMC) samples of patients with acute COVID-19 infection suggest it as a diagnostic marker for COVID-19 (Abbasi-Kolli et al., 2022). Similarly, another study demonstrates miR-155 as a biomarker to distinguish acute from post-acute phase of COVID-19 disease (Donyavi et al., 2021). Additionally, plasma miR-155 levels appear to be significantly correlated with chest CT findings, CRP and ferritin levels, mortality, d-dimer, WBC count and neutrophil percentage. miR-155 levels are 90% sensitive and 100% specific when used as a biomarker for the detection of COVID-19 and are 76% sensitive and specific for detection of severity of COVID-19 disease (Haroun et al., 2022). Overexpression of miR-155 in SARS-CoV-2 infection thus may partially explain the enhanced immune response that leads to CNS damage in the context of covid-associated cognitive dysfunction.



Let-7b

Let-7b a multifunctional miRNA that is differentially expressed in issues of cognitive dysfunction in comparison to healthy individuals (Rahman et al., 2020; Yuen et al., 2021). Levels of Let-7b appear to be increased in diseases of cognitive dysfunction such as MCI (Kenny et al., 2019), AD (Leidinger et al., 2013), and PD (Huang et al., 2021b). Overexpression of Let-7b in AD models was found to significantly reduce cell viability, inhibit autophagy and increase apoptosis through increased cleavage of caspase 3 and through increased expression levels of PI3K, p-AKT, and p-mTOR in upstream signaling pathways (Pang et al., 2022). Let-7b also appears to be involved in neurodegeneration through interaction with toll-like receptor 7 (TLR7) (Lehmann et al., 2012). TLR7 mediated pathway of Let-7b action is additionally seen in the postmortem hippocampal formations of alcoholics, where TLR7 and Let-7b expression was increased, leading to neuroinflammation and neurodegeneration (Coleman et al., 2017). Additional studies have also shown the role of Let-7b and TLR7 mediated mechanism of alcohol-associated cognitive dysfunction (Qin et al., 2021). Let-7b has been shown to regulate the function of high mobility group AT-hook 2 (HMGA2) protein in PD, causing a dysregulation of chromatin structure and transcription which leads to decreased self-renewal of neuronal stem cells, leading to neurodegeneration (Huang et al., 2021b).

Let-7b levels are elevated in peripheral blood samples in both the acute and post-acute stages of SARS-CoV-2 infection compared to healthy individuals (Donyavi et al., 2021; Nain et al., 2021), suggesting potential use as a clinical biomarker COVID-19 infection. Let-7b targets ACE2 causing dysregulation of ACE2 and potentially increasing susceptibility to SARS-CoV-2 infection, making it a potential target for therapeutic treatment of SARS-CoV-2 infection (Bellae Papannarao et al., 2022). Let-7b, in the context of SARS-CoV-2 infection, increases apoptosis through a reduction of BCL-2, an anti-apoptotic protein, and through modulation of immune responses, establishing a potential link between chronic inflammatory illness such as type 2 diabetes and COVID-19 (Islam et al., 2021b), which may have effect on cognitive dysfunction. Reports shows showcase Let-7b as a marker of lung disease which is highly prevalent in COVID-19 (Islam et al., 2021b; Nain et al., 2021). These reported upregulation of Let-7b in SARS-CoV-2 infection suggest its possible link with cognitive dysfunction that warrants future studies.



miR-31

miR-31 is decreased in the serum of AD individuals compared to healthy controls (Dong et al., 2015; Klyucherev et al., 2022) and can be used as part of a panel in conjunction with miR-93 and miR-146a to differentiate Alzheimer’s Disease from Vascular Dementia (Dong et al., 2015). Expression of miR-31 was also decreased in the serum of PD and Multiple System Atrophy (MSA) individuals (Yan et al., 2020). Letiviral delivery of miR-31 was able to significantly ameliorate AD neuropathology by reducing Aβ deposition in both the hippocampus and subiculum of transgenic mice models (Barros-Viegas et al., 2020). The study shows that miRNA-31 targets amyloid precursor protein (APP) and β-secretase (BACE1), which further abolishes the pathogical aletrations in AD. The results showed improvements in memory deficits, reduced anxiety, and reduced cognitive inflexibility, suggesting future possibilities for miR-31 to be used as a therapeutic in the treatment of AD (Barros-Viegas et al., 2020). RhoA has been reported to modulate synaptic plasticity and inhibition of the RhoA pathway reduces cognitive impairment and deficits in synapses and dendritic spines (Pearn et al., 2018). miR-31 has been reported as a regulator of RhoA and decrease in miR-31 plays a role in the development of cognitive dysfunction in learning, memory, behavior, etc., patterns which are similarly seen in neurodegenerative disease (Qian et al., 2021). miRNA target prediction analysis have shown some PD- and MSA-related genes such as parkin E3 ubiquitin-protein ligase (PARK2), GRB10-interacting GYF protein 2 (GIGYF2) as potential target of miR-31 (Yan et al., 2020).

miR-31 is multifunctional in the context of COVID-19, particularly when discussing hypoxia and potential resultant neurodegenerative effects. miR-31 serum expression levels have been demonstrated to be decreased in COVID-19 infected patients (Bautista-Becerril et al., 2021). Expression levels of miR-31 appear to decrease with worsening severity of illness with COVID-19 infection also, making it a worthwhile candidate for use as a biomarker of COVID-19 infection and severity (Keikha et al., 2021). Decreased expression may play a role in the neurodegenerative pathologies seen with enhanced micro coagulation in SARS-CoV-2 infected individuals. Thus, decreased levels of miR-31 appear to have a multifactorial effect in cognitive dysfunction and in SARS-CoV-2 infection and presents as a potential link between the two disease processes. Conversely, microRNA expression profile analysis of another set of COVID-19 patients showed up-regulation of miR-31 expression (Farr et al., 2021). Hence, future studies with more population size and more detailed mechanistic approach may clarify the exact role of miR-31 in COVID-19-associated cognitive decline.



miR-16

miR-16 is differentially expressed in various neurodegenerative diseases, with its levels being significantly decreased in the serum of AD patients (Denk et al., 2018; Mckeever et al., 2018). miR-16 regulates cell death in AD by targeting APP (Liu et al., 2012; Zhang et al., 2015; Turk et al., 2021). Downregulation of miR-16 in hippocampal neurons has been associated with increases in APP eventual processing to beta-amyloid followed by deposition into neurons within the brain (Zhang et al., 2015; Grinan-Ferre et al., 2018). In cell culture studies, miR16 has been shown to regulate Aβ production, and Tau phosphorylation (Hebert et al., 2012). Similarly report shows a reduction of the expression of a number of genes related to AD including APP, BACE1, tau, inflammation and oxidative stress through the delivery of miR-16 mimics directly to mouse brain (Parsi et al., 2015). The role of miR16 in targeting genes involved in neurite extension and branching in hippocampal neurons during presymptomatic prion disease has also been reported (Burak et al., 2018). miR-16 appears to have potential for future drug development because it simultaneously targets various endogenous targets of AD biomarkers. These findings suggest that further research is needed into the role of miR-16 in other forms of neurodegenerative diseases to evaluate its impact more completely on cognitive function.

Serum miR-16 levels are likewise reduced in COVID-19 infected patients suggesting a potential link between differential miR-16 expression and covid-associated cognitive dysfunction. miR-16 levels were established to be inversely correlated with length of ICU stay in COVID-19 infected patients as well, opening the possibility for its use as a biomarker of disease and severity (De Gonzalo-Calvo et al., 2021). Also, miR-16 has already been used as a biomarker for other viral respiratory illnesses such as community acquired pneumonia (Galvan-Roman et al., 2020). miR-16 is capable of high affinity binding to the SARS-CoV-2 genome, opening future avenues of potential drug research (Kim et al., 2020; Nersisyan et al., 2020). A single-cell RNA-sequencing based study identified miR-16 as a potential virus targeting miRNAs across multiple cell types from bronchoalveolar lavage fuid samples (Li et al., 2022b). Down regulation of miR-16 levels in individuals with SARS-CoV-2 suggests miR-16 may play a role in covid-associated cognitive dysfunction due to its previously defined role in other forms of neurodegenerative cognitive dysfunction.



miR-21

miR-21 is extensively involved in processes governing apoptosis and neuroinflammation in neurodegenerative diseases and thus in cognitive dysfunction (Bai and Bian, 2022). Serum and CSF levels of miR-21 are decreased in patients with AD compared to individuals with Lewy Body Dementia and healthy controls (Gamez-Valero et al., 2019). miR-21 acts as an anti-inflammatory microRNA by acting as a negative feedback regulator on NF-κB in response to pro-inflammatory signaling (Ma et al., 2011). miR-21 has been shown to ameliorate cognitive impairments associated with brain injury from subarachnoid hemorrhaging by modulation of the PTEN/AKT pathway and reducing apoptosis in the hippocampus and prefrontal cortex (Gao et al., 2020). Use of miR-21 mimics in cell culture studies of AD has shown that miR21 is capable of inhibiting beta-amyloid induced apoptosis by increasing expression of PI3K, AKT, and GSK-3B (Feng et al., 2018). Overexpression of miR-21 was demonstrated to protect neurons of the hippocampus in epileptic rat studies by inhibiting STAT3 (Bai and Bian, 2022). Microglial miR-21 has been reported to protect neurons from cell death under hypoxic conditions (Zhang et al., 2012). miR-21 has been shown to restore neurogenesis and reverse cellular senescence via inhibition of the mTOR1 pathway in models of vascular dementia, making a candidate as a potential therapeutic in the treatment of vascular dementia and its associated cognitive impairment (Blount et al., 2022).

Serum miR-21 levels have been reported to be decreased in COVID-19 infected individuals (Li et al., 2020; Sabbatinelli et al., 2021). The down-regulation in the relative expression of miR-21 in COVID-19 patients was concomitant with up-regulation of its target proinflammatory genes (Keikha and Jebali, 2021). The study also demonstrate miR-21 as an anti- neuroinflammatory miRNA, for correlating the disease grade from asymptomatic to critical illness in COVID-19. Down regulation of miR-21 in COVID-19 patients exacerbates systemic inflammation through hyperactive immune response, loss of T cell function, and immune dysregulation (Tang et al., 2020). Increased systemic inflammation can weaken the blood-brain-barrier, causing heightened neuroinflammation and resulting in neurodegeneration. Thus, decreases in expression of miR-21 could directly and indirectly contribute to the development and progression of covid-associated cognitive dysfunction, or worsening of pre-existing cognitive dysfunction after infection with SARS-CoV-2.




Conclusion

The different sequelae presented by post-COVID-19 patients are being increasingly studied from the improvement of clinical and laboratory experience. Cumulative evidences suggest that surviving patients of COVID-19 have a high risk of developing some neuropsychiatric impairment, which can occur in different forms, such as cases of depression, anxiety, and severe mental illness. The sequelae related to cognitive decline and neurodegeneration are diverse and there is a need for detailed assessments to identify new neurological conditions. An extremely relevant factor to be considered in the fight against COVID-19 is the use of biomarkers in the early recognition of patients susceptible to developing the severe form of the disease. The discovery of potential markers could be used to provide essential information that will assist in stratifying these patients, improving primary care, and developing optimal individualized therapy according to the patient’s response to cognitive damage. The review summarizes the neuropathological changes associated with COVID-19 and signifies the importance of circulating biomarkers and miRNAs in these neurodegenerative changes (Figure 3). Thus, the clinical use of the markers reported in this review will significantly improve the development of new policies to prevent, address and manage the neurological conditions caused by SARS-CoV-2 infection and may aid in future research exploring the mechanistic aspects of COVID-19 associated neurodegeneration and cognitive dysfunction.


[image: image]

FIGURE 3
Schematic representation of the main mechanisms involved in the neurophysiology caused by SARS-CoV2 virus and the role of biomarkers and miRNAs in neuronal damage. The SARS-CoV2 virus has the ability to infect brain tissue by mechanisms involving the olfactory and hematological pathway, which will lead to an oxidative and inflammatory state in nervous tissue, due to the activation of neutrophils, astrocytes, and microglial cells releasing excessive ROS and pro-inflammatory molecules. The imbalance in brain homeostasis leads to a dysfunction in the expression pattern of different biomarkers and miRNAs, potentiating neuroinflammatory mechanisms, responsible for brain damage and the consequent progression of cognitive dysfunction and neurodegenerative disorders. GFAP, Glial fibrillary acid protein; NFL, Neurofilament light chain; P-tau-181, Phosphorylated tau at threonine-181; UCH-L1, Ubiquitin Carboxy-Terminal Hydrolase L1; S100B, S100 calcium-binding protein B; NSE, Neuron Specific Enolase.
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Purpose: Tauopathy and transactive response DNA binding protein 43 (TDP-43) proteinopathy are associated with neurodegenerative diseases. These proteinopathies are difficult to detect in vivo. This study examined if spectral-domain optical coherence tomography (SD-OCT) can differentiate in vivo the difference in peripapillary retinal nerve fibre layer (pRNFL) thickness and macular retinal thickness between participants with presumed tauopathy (progressive supranuclear palsy) and those with presumed TDP-43 proteinopathy (amyotrophic lateral sclerosis and semantic variant primary progressive aphasia).

Study design: Prospective, multi-centre, observational study.

Materials and methods: pRNFL and macular SD-OCT images were acquired in both eyes of each participant using Heidelberg Spectralis SD-OCT. Global and pRNFL thickness in 6 sectors were analyzed, as well as macular thickness in a central 1 mm diameter zone and 4 surrounding sectors. Linear mixed model methods adjusting for baseline differences between groups were used to compare the two groups with respect to pRNFL and macular thickness.

Results: A significant difference was found in mean pRNFL thickness between groups, with the TDP-43 group (n = 28 eyes) having a significantly thinner pRNFL in the temporal sector than the tauopathy group (n = 9 eyes; mean difference = 15.46 μm, SE = 6.98, p = 0.046), which was not significant after adjusting for multiple comparisons. No other significant differences were found between groups for pRNFL or macular thickness.

Conclusion: The finding that the temporal pRNFL in the TDP-43 group was on average 15.46 μm thinner could potentially have clinical significance. Future work with larger sample sizes, longitudinal studies, and at the level of retinal sublayers will help to determine the utility of SD-OCT to differentiate between these two proteinopathies.

KEYWORDS
retinal nerve fibre layer, optical coherence tomography, tauopathy, TDP-43 proteinopathy, frontotemporal lobar degeneration, amyotrophic lateral sclerosis


Introduction

Frontotemporal dementia (FTD) encompasses a heterogeneous group of clinical syndromes characterized by frontotemporal lobar degeneration (FTLD) and prominent changes in cognition, behavior and motor function. After Alzheimer’s disease (AD), it is the second-most common form of dementia in people under 65 years of age (Hodges et al., 2003; Knopman and Roberts, 2011). Pathologically, FTLD is associated with two predominant proteinopathies: tauopathy and transactive response DNA-binding protein 43 (TDP-43) proteinopathy (Irwin et al., 2015). Some FTLD-related syndromes, such as progressive supranuclear palsy (PSP), are reliably associated with tauopathy (Höglinger et al., 2017; Kim et al., 2019), while semantic variant primary progressive aphasia (svPPA) is almost always associated with TDP-43 proteinopathy (Irwin et al., 2015). Additional subtypes such as behavioral variant FTD (bvFTD), non-fluent variant PPA (nfvPPA) and corticobasal syndrome (CBS) are associated with both proteinopathies (Olney et al., 2017). FTLD-tau and FTLD-TDP-43 are difficult to detect in vivo (Irwin et al., 2015).

Amyotrophic lateral sclerosis (ALS) is a motor neuron degenerative disorder characterized by muscle weakness and paralysis (Rojas et al., 2020). It can also be associated with cognitive and behavioral alterations. ALS is also reliably associated with TDP-43 as its main pathological mechanism (Brettschneider et al., 2013; Neumann, 2013; Masala et al., 2018). ALS and some forms of FTLD have overlapping pathology and so are considered to be on the same disease spectrum (Mackenzie and Feldman, 2005).

Spectral-domain optical coherence tomography (SD-OCT) is a clinical tool routinely used to obtain rapid, non-invasive three-dimensional scans of ocular structures including the retina and optic nerve. Since the retina and optic nerve extend from the diencephalon, they are considered parts of the central nervous system. Accordingly, the potential for SD-OCT to detect biomarkers of neurodegenerative disease has been explored (Kirbas et al., 2013; Doustar et al., 2017; Ferrari et al., 2017; Wong et al., 2019).

Although some studies have found thinning in the peripapillary retinal nerve fiber layer (pRNFL; Stemplewitz et al., 2017; Sevim et al., 2018), macula (Stemplewitz et al., 2017; Sevim et al., 2018), and macular sublayers (Kim et al., 2017, 2019; Sevim et al., 2018) in patients with FTD and its subtypes, there is no current consensus on how specifically these structures are affected. Similarly in patients with ALS, although several studies reported a thinner global (average) pRNFL compared to controls (Ringelstein et al., 2014; Mukherjee et al., 2017; Rohani et al., 2018; Rojas et al., 2020), their results differ with respect to how the macula and pRNFL sectors are affected (Roth et al., 2013; Mukherjee et al., 2017; Rohani et al., 2018; Rojas et al., 2019). Furthermore, there is a paucity of research that compares retinal biomarkers based on proteinopathy rather than clinical phenotypes.

Previous studies have emphasized the need to investigate biomarkers to help differentiate tauopathy from TDP-43 proteinopathy (Irwin et al., 2015; Kim et al., 2017). Since PSP is usually associated with tauopathy, while svPPA and ALS are associated with TDP-43 proteinopathy, in this study, pRNFL and macular thickness were used to compare patients with PSP (presumed tauopathy) to those with svPPA or ALS (presumed TDP-43 proteinopathy). Hereafter, presumed tauopathy and presumed TDP-43 proteinopathy will be referred to as tauopathy and TDP-43 proteinopathy, respectively. We hypothesize differences in pRNFL and macular thickness could support the use of SD-OCT to differentiate between these two proteinopathies.



Materials and methods

This was an analysis of a prospective, multi-center, observational study known as the Ontario Neurodegenerative Disease Research Initiative (ONDRI; Farhan et al., 2017). Baseline characteristics of the full ONDRI cohort are summarized in a study by Sunderland and colleagues (Sunderland et al., 2022). Participants diagnosed with FTLD-related syndromes or ALS were recruited from the Toronto Western Hospital (Toronto, Canada), Sunnybrook Hospital (Toronto, Canada), Baycrest Hospital (Toronto, Canada), Parkwood Institute (London, Canada), and Élisabeth Bruyère Continuing Care (Ottawa, Canada), between 2014 and 2018. This study was approved by the Research Ethics Boards at the University Health Network, Sunnybrook Research Institute, University of Waterloo, and the University of Western Ontario. The study protocol followed the tenets of the Declaration of Helsinki and participants provided informed consent.


Inclusion and exclusion criteria

General inclusion and exclusion criteria for the ONDRI cohort were outlined by Farhan and co-workers (Farhan et al., 2017). The study included four neurodegenerative diseases (FTLD-related syndromes (PSP, svPPA, bvFTD, nfvPPA, and CBS), ALS, AD/mild cognitive impairment, Parkinson’s disease) and cerebrovascular disease (Farhan et al., 2017). Exclusion criteria specific to the SD-OCT retinal imaging platform within ONDRI included poorly controlled diabetes mellitus, glaucoma or glaucoma suspect (defined as intraocular pressure (IOP) greater than 22 mmHg in either eye, IOP difference between eyes > 5 mmHg, optic nerve head cup-to-disk ratio (C/D) ≥ 0.7, or C/D difference between eyes > 0.2), and other optic neuropathies or maculopathies (such as exudative age related macular degeneration) identified on inspection of fundus photographs by an ophthalmologist (EM, EDM) masked to the participant’s underlying diagnosis. SD-OCT images with a quality score of less than 20 were excluded. Upon inspection by expert observers (WVH, FT, CH, CB, RC) and consultation with ophthalmologists when necessary, SD-OCT images were excluded if macular thickness or pRNFL thickness could be affected by pathologies or structural anomalies including tilted optic disks. Participants with a history of stroke were also excluded from the analysis as potential retrograde degeneration in the retina could affect thickness measurements.



Procedure

Peripapillary RNFL and macular SD-OCT scans were acquired in both eyes of each participant using the Heidelberg Spectralis SD-OCT, acquisition software version 6.0.13.0 (Heidelberg Engineering GmbH, Heidelberg, Germany), and analyzed with the Heidelberg Eye Explorer software (HEYEX version 6.3.4.0). Prior to analyses, each scan was inspected for any software-generated retinal segmentation lines that did not accurately delineate the internal limiting membrane and Bruch’s membrane, and were manually corrected by a trained observer.

For each pRNFL OCT scan, seven pRNFL thickness measurements were captured: global (average) and 6 sectors (temporal, superior-temporal, inferior-temporal, nasal, superior-nasal, and inferior-nasal) using a B-scan with a diameter of 3.5 mm centered on the middle of the optic nerve head (Figure 1). For each macular (posterior pole) OCT image, a grid with concentric circles of 1 and 3 mm diameters was centered on the fovea (Figure 2). Average retinal thickness was measured in the central 1 mm diameter zone, as well as 4 surrounding sectors (superior, inferior, temporal, and nasal) within the 3 mm diameter circular grid.
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FIGURE 1
Macular grid with 1, 3, and 6 mm diameter circles centered on the foveola (left). Measurements for average thickness (black) in areas of each sector of the macula (right). Only the central five macular sectors were analyzed in this study: central macula, and the inner superior, inferior, nasal, and temporal sectors, bordered by the 3 mm diameter circle.
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FIGURE 2
Mean (SE) difference (tauopathy – TDP43, μm) in average (A) macular sectoral thickness and (B) pRNFL sectoral and global thickness. The difference in pRNFL thickness between groups in the temporal sector (p < 0.05; medium effect size of 0.61) is illustrated in bold. This difference was not significant after adjusting for multiple comparisons. Note that average thickness in the macular scan is within the area of each sector and represents total retinal thickness, while in the pRNFL scan it is along the circular line of each sector and represents RNFL thickness only. T, Temporal; N, Nasal.




Analysis

PSP is usually associated with tauopathy, while svPPA and ALS are associated with TDP-43 (Irwin et al., 2015; Höglinger et al., 2017; Kim et al., 2019). Any participants with other clinical subtypes of FTD that involve both tauopathy and TDP-43 proteinopathies (i.e., CBS, bvFTD, and nfPPA) were excluded.

A linear mixed model adjusting for fixed effects of eye, age, and sex, and accounting for within-subject correlation, was used to compare both pRNFL thickness and macular retinal thickness between eyes in subjects with tauopathy to those with TDP-43 proteinopathy. The unstructured covariance matrix was used for errors. A Bonferroni adjustment was employed to control for multiple comparisons which yielded a threshold of significance of 0.05/12 = 0.0042, and controls the familywise error rate at the level of 0.05. SAS statistical software (version 9.4, SAS Institute, Cary, NC) was used for analysis.

A sensitivity analysis with a linear mixed repeated measures model adjusting for age, sex, and eye was also performed, excluding the 3 svPPA participants in the TDP43 group, leaving only those with ALS in the group.

An outlier analysis was also performed on the svPPA group to assess whether it could influence the results of the TDP43 group.

Furthermore, in the 11 subjects with ALS, a Wilcoxon signed rank test was performed to compare the left and right eyes.




Results

The final dataset included 9 eyes of 5 subjects (3 female) in the tauopathy group (with a clinical diagnosis of PSP) and 28 eyes of 14 subjects (4 female) in the TDP-43 group (3 with a clinical diagnosis of svPPA and 11 with ALS). Baseline characteristics are described in Table 1. The groups were not matched for age or sex. There were 9 eyes in the tauopathy group; there were 8 eyes with pRNFL scans, and a different 8 eyes with macular scans.


TABLE 1    Participant demographics.
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For the retinal thickness (RT) scan in subjects with FTLD, 23 eyes in 12 subjects were excluded due to fixation difficulties during their scan, and 9 eyes in 5 subjects were excluded due to pathologies including AMD, macular hole, lamellar hole, glaucoma, and uncontrolled diabetes (HbA1c > 7.5).

For the pRNFL scan in subjects with FTLD, 15 eyes in 8 subjects were excluded due to fixation difficulties during their scan, and 6 eyes in 3 subjects were excluded due to pathologies including AMD, lamellar hole, cupped optic disk, and uncontrolled diabetes (HbA1c > 7.5).

Of the 30 subjects who met criteria In the FTLD group, only 8 subjects were used (5 in the PSP and 3 in the svPPA group), as the other FTLD subjects did not meet the criteria for a diagnosis of PSP or svPPA.

For the RT and pRNFL scans in subjects with ALS, in a post hoc analysis, 2 subjects (4 eyes) with tilted nerves and 1 subject (2 eyes) with a history of stroke were excluded since they could potentially exhibit abnormal pRNFL thicknesses.

Mean pRNFL and macular thickness values in each group are described in Table 2, and mean differences between groups are illustrated in Figure 2. The TDP-43 group demonstrated a thinner pRNFL in the temporal sector than the tauopathy group (mean difference = 15.46 μm, SE = 6.98 (95% CI: 0.32, 30.60), p = 0.046) with a medium effect size of 0.61. Based on adjustment for multiple comparisons, this difference is not statistically significant. The differences in global pRNFL thickness between groups and for the other sectors were not significantly different (Figure 2).


TABLE 2    Mean peripapillary retinal nerve fibre layer and macular thickness values in tauopathy and TDP-43 proteinopathy groups, adjusted for age and sex.
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No statistically significant differences were found between the groups for mean retinal thickness in the central 1 mm diameter macular zone between the tauopathy (275.04 μm, SE = 9.06) and TDP-43 (271.49 μm, SE = 5.05) groups (p = 0.749). Similarly, no significant differences were found in the surrounding 4 sectors within the 3 mm diameter grid of the macula between the groups.

The post hoc sensitivity analysis that excluded the svPPA participants, allowing for a comparison of the tauopathy group to the ALS group, did not yield any new findings that were significant after controlling for multiple comparisons. Additionally, the outlier analysis found no outliers in the 3 svPPA participants in terms of age, macular, or pRNFL thickness. Comparison of the left and right eyes in those with ALS showed that the temporal pRNFL was thinner in the left eye compared to the right eye.



Discussion

This study found that the pRNFL in the temporal sector in the presumed TDP-43 proteinopathy group was on average approximately 15 μm thinner than the presumed tauopathy group (p = 0.046). However, this difference was not statistically significant after applying a conservative adjustment for multiple comparisons.

To our knowledge, no studies have compared pRNFL or macular thickness between FTLD-tau and FTLD-TDP-43 proteinopathies. PSP is usually associated with tauopathy, while svPPA and ALS are associated with TDP-43 proteinopathy (Irwin et al., 2015; Höglinger et al., 2017; Kim et al., 2019). Based on this, we compared a group with tauopathy to a group with TDP-43 proteinopathy. Since the pRNFL and retina thins with age even in healthy normal eyes, we adjusted for age in our analysis (Eriksson and Alm, 2009; Celebi and Mirza, 2013). A summary of the findings of previous related studies is shown in Supplementary Table 1. One study found thinning in the temporal pRNFL in ALS subjects compared to healthy controls (Mukherjee et al., 2017). This temporal sector is the same area that was thinner in our TDP-43 group compared to the tau group. Compared to healthy controls, pRNFL thinning has also been reported in subjects with PSP (Stemplewitz et al., 2017), TDP-43 (Ward et al., 2014), a pathologically heterogeneous group of subjects with FTD (Ferrari et al., 2017), and ALS (Ringelstein et al., 2014; Mukherjee et al., 2017; Rohani et al., 2018). In contrast, two groups reported no significant differences in pRNFL thickness between ALS subjects and controls (Roth et al., 2013; Rojas et al., 2019). Our finding in the ALS group of the left pRNFL being thinner than the right is consistent with two studies that found either pRNFL or ganglion cell complex (GCC) thinning in the left eye compared to the right in ALS subjects, which may suggest asymmetric CNS involvement in the disease (Rohani et al., 2018; Rojas et al., 2019).

With regards to macular thickness, this study found no differences between the groups. Kim and co-workers (Kim et al., 2017, 2019) reported no differences in total retinal thickness in the central 3 mm diameter macular zone between participants with FTD and healthy controls. However, they did find the outer retina sublayer to be significantly thinner in the FTD group overall and in the FTLD-Tau subtype (with PSP, CBS or nfPPA) compared to controls (Kim et al., 2017). With longitudinal analysis, they found this outer retina thinning to persist and correlate with disease progression in participants with probable tauopathy (Kim et al., 2019). In this study, only the central macular sectors were analyzed because the density of the retinal ganglion cells (RGCs) is the highest in this area. Degeneration of neurons in these central sectors would be more pronounced compared to sectors that are relatively more peripheral (Wässle et al., 1989).

Three groups reported significant macular changes in proteinopathies compared to healthy controls (Ward et al., 2014; Stemplewitz et al., 2017; Rojas et al., 2019), including reduced macular volume in subjects with progranulin (GRN) mutations (which are associated with TDP-43 neuropathology), and thinning in six macular sectors in subjects with PSP (Stemplewitz et al., 2017). Rojas’ group (Rojas et al., 2019) reported greater macular thicknesses in the inferior and temporal 3 mm sectors in subjects with ALS compared to controls. However, 6 months later, the inferior 3 and 6 mm sectors were both significantly thinner than at baseline. Because the participants in Rojas’ study were at a similar early stage of disease (within 18 months of motor symptom onset) and were then followed over time, this captured a potential evolution of macular thickening followed by thinning, which may illustrate the disease course of ALS in the macula. Furthermore, since previous studies have reported changes to macular sublayers (including the ganglion cell layer, inner nuclear layer, and outer plexiform layer) in these proteinopathies (Ringelstein et al., 2014; Ward et al., 2014; Sevim et al., 2018), differences in sublayer thicknesses between these groups also warrants further investigation.

This study has several strengths. This is the first study to use SD-OCT to compare participants with tauopathy and TDP-43 proteinopathy by using clinical phenotypes (Kim et al., 2017, 2019). The ability to find non-invasive biomarkers to differentiate between tauopathy and TDP-43 pathology is important as proteinopathy-targeted therapies are being developed (Liscic et al., 2020; Yang et al., 2020). A second strength of this study was the rigorous inspection of SD-OCT images and fundus photographs to exclude pathologies unrelated to neurodegeneration that could affect retinal or pRNFL thickness. Large delineation errors on SD-OCT images were corrected to prevent spurious thickness measurements. Images were also inspected for non-pathological structural anomalies that could potentially affect pRNFL thickness measurements, such as tilted optic disks (Brito et al., 2015), and subjects with these anomalies were excluded. Additionally, subjects with a history of stroke were excluded from the analysis as potential retrograde degeneration in the retina could affect thickness measurements. This rigorous inspection and data curation provided a dataset to reliably identify changes in thickness due to these neurodegenerative diseases.

There are limitations to consider in this study. First, the sample size was small, which may make the findings less generalizable. Despite this, we found a non-significant, but medium effect size difference in the temporal pRNFL thickness between groups. This difference of 15.46 μm may be considered clinically significant. Based on this observed difference, a future study with larger sample size will be able to provide sufficient evidence of statistical significance. For example, a future balanced-design study could recruit 152 patients in total that will likely provide a desirable 80% power to detect significant difference in temporal pRNFL thickness at 5% level. Second, there is a need to consider that the various sectors of pRNFL contain retinal arterioles and venules that typically enter and exit the optic nerve head near the 6 and 12 o’clock positions. At this point on the nerve head, the vessel lumen diameters typically range from 80 to 140 μm for arterioles and 100–150 μm for venules. These vessels can pulse and change in diameter and position with the cardiac cycle. Another limitation is that the disease staging for ALS and PSP are classified using different scales. As such, it is difficult to compare the severity of participants with these different diseases from a clinical standpoint. Consequently, variations in retinal vessel diameter and pulsation will add noise to any structural measurement of pRNFL thickness. Furthermore, the clinical subgroup diagnoses of FTLD and ALS were used to define the pathological groups of tauopathy and TDP-43 proteinopathy. Although the clinical subgroups included were reliably associated with either tau or TDP-43, and any subgroups that were known to involve both pathological mechanisms were eliminated to reduce confounding factors, future studies would hopefully include only biomarker proven proteinopathies. Lastly, if ALS progression consists of a change from pRNFL thickening to thinning with an intermediate stage of normal thickness, as Rojas and co-workers suggested, measurements may be affected by including subjects with different disease severities (Rojas et al., 2019). Future work should involve assessing this cohort over time.

In conclusion, this was the first study to compare pRNFL and macular thickness between participants with PSP (tauopathy) and svPPA and ALS (TDP-43 proteinopathy). The thinning in the temporal pRNFL of the TDP-43 group compared to the tau group warrants further investigation to determine whether retinal imaging can help identify and differentiate proteinopathies in neurodegenerative disease. Future work should assess changes in thickness over time and retinal sub-layer thicknesses to assess whether they are also factors that can help differentiate these two pathological mechanisms.
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Background: The definitive diagnosis of Multiple system atrophy (MSA) requires the evidence of abnormal deposition of α-Synuclein (α-Syn) through brain pathology which is unable to achieve in vivo. Deposition of α-Syn is not limited to the central nervous system (CNS), but also extended to peripheral tissues. Detection of pathological α-Syn deposition in extracerebral tissues also contributes to the diagnosis of MSA. We recently reported the increased expressions of α-Syn, phosphorylated α-Synuclein at Ser129 (pS129), and α-Syn aggregates in oral mucosal cells of Parkinson’s disease (PD), which serve as potential biomarkers for PD. To date, little is known about the α-Syn expression pattern in oral mucosa of MSA which is also a synucleinopathy. Here, we intend to investigate whether abnormal α-Syn deposition occurs in oral mucosal cells of MSA, and to determine whether α-Syn, pS129, and α-Syn aggregates in oral mucosa are potential biomarkers for MSA.

Methods: The oral mucosal cells were collected by using cytobrush from 42 MSA patients (23 MSA-P and 19 MSA-C) and 47 age-matched healthy controls (HCs). Immunofluorescence analysis was used to investigate the presence of α-Syn, pS129, and α-Syn aggregates in the oral mucosal cells. Then, the concentrations of α-Syn species in oral mucosa samples were measured using electrochemiluminescence assays.

Results: Immunofluorescence images indicated elevated α-Syn, pS129, and α-Syn aggregates levels in oral mucosal cells of MSA than HCs. The concentrations of three α-Syn species were significantly higher in oral mucosal cells of MSA than HCs (α-Syn, p < 0.001; pS129, p = 0.042; α-Syn aggregates, p < 0.0001). In MSA patients, the oral mucosa α-Syn levels negatively correlated with disease duration (r = −0.398, p = 0.009). The area under curve (AUC) of receiver operating characteristic (ROC) analysis using an integrative model including age, gender, α-Syn, pS129, and α-Syn aggregates for MSA diagnosis was 0.825, with 73.8% sensitivity and 78.7% specificity.

Conclusion: The α-Syn levels in oral mucosal cells elevated in patients with MSA, which may be promising biomarkers for MSA.
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 multiple system atrophy, alpha-synuclein, oral mucosal cells, immunofluorescence, electrochemiluminescence


Introduction

Multiple system atrophy (MSA) is a rare and rapidly progressive neurodegenerative disease, that clinically presents with variable combination of autonomic failure, levodopa-unresponsive parkinsonism, and cerebellar ataxia (Fanciulli and Wenning, 2015). MSA can be clinically divided into two subtypes: MSA with predominant parkinsonism (MSA-P) and predominant cerebellar ataxia (MSA-C) according to their predominant clinical manifestations (Gilman et al., 2008). Currently, the diagnosis of MSA is mainly based on clinical symptoms, supplemented by magnetic resonance imaging (MRI) evidence. MRI markers of MSA are as follows: atrophy of putamen, middle cerebellar peduncle, pons, and cerebellum; “hot cross bun” sign; increased diffusivity of putamen and middle cerebellar peduncle. Due to overlapping characteristics with other synucleinopathies such as Parkinson’s disease (PD) and dementia with Lewy bodies (DLB), the misdiagnosis rate of MSA is high, particularly in the early stages (Joutsa et al., 2014; Cong et al., 2021). In the brain of MSA patients, the α-Synuclein (α-Syn) accumulates in the cytoplasm of oligodendrocytes and forms insoluble inclusion bodies, namely glial cytoplasmic inclusions (GCIs; Marmion et al., 2021). The definitive diagnosis of MSA requires the evidence of abnormal deposition of α-Syn in the brain through autopsy. α-Syn abnormal deposition in MSA patients is not limited to the central nervous system (CNS), but also extended to peripheral tissues, biofluids, and cells. Detection of α-Syn abnormal deposition in peripheral tissues may be a promising biomarker for MSA.

Studies reported α-Syn abnormal deposition in blood, olfactory mucosa, saliva, salivary glands, skin, colon, and sural nerves of MSA patients. Liu et al. found the increased α-Syn and α-Syn aggregates levels in erythrocyte membranes of MSA patient than those in healthy controls (HCs; Liu et al., 2019). Recently, Luan et al. used alpha-synuclein real-time quaking-induced conversion (α-syn RT-QuIC) assay to detect the seeding activity of pathological α-syn in the saliva (Luan et al., 2022). 11 of 18 patients with clinical probable MSA displayed positive seeding activity, whereas 2 of 36 controls showed positive seeding activity. MSA patients showed higher seeding activity of pathological α-syn in the saliva than controls. Some groups also found the positive seeding activity of α-Syn in olfactory mucosa of MSA patients (De Luca et al., 2019; Bargar et al., 2021). Skin and colon biopsies revealed the abnormal deposition of phosphorylated α-Syn in MSA patients (Pouclet et al., 2012; Donadio et al., 2018). However, most of the sampling methods are either invasive or of poor compliance. A non-invasive sampling assay with high diagnostic efficiency is in urgent need for the diagnosis of MSA. We recently reported the increased expressions of α-Syn, phosphorylated α-Synuclein at Ser129 (pS129), and α-Syn aggregates in oral mucosal cells of PD, which serve as potential non-invasive biomarkers (Zheng et al., 2022). These results suggested that oral mucosal cells may be the ideal source of biomarker for synucleinopathies including MSA. To date, little is known about the α-Syn expression pattern in oral mucosa of MSA. Whether there are differential α-Syn species expressions in oral mucosal cells between MSA patients and HCs deserves further study.

In the current study, we intend to explore the expressions of α-Syn, pS129, and α-Syn aggregates in oral mucosal cells from MSA patients and age-matched HCs, and to determine the diagnostic performance of α-Syn species in oral mucosa for MSA. We also aim to determine the relationship between oral mucosal α-Syn levels and disease severity.



Materials and methods


Study design and subjects

Patients with MSA and age-matched HCs were recruited from Beijing Tiantan Hospital, Capital Medical University between November 2021 and May 2022. All patients were diagnosed by a movement disorders specialist (T. F) and fulfilled the MSA criteria (Gilman et al., 2008). The exclusion criteria were as follows: (1) secondary parkinsonism due to cerebrovascular, hypoxia, trauma, infection, metabolic or systemic disease affecting the CNS; (2) other Parkinson-plus syndromes, such as DLB, PSP, and corticobasal degeneration (CBD); (3) severe systemic disorders and oral mucosa diseases. According to the dominant clinical manifestations, MSA patients were divided into MSA-P and MSA-C subtypes. HCs were excluded if they had a diagnosis of the neurological disease, a family history of movement disorders, severe psychiatric disorders, severe systemic disorders, or oral mucosa diseases.

We collected clinical and demographic data including age, gender, disease duration, predominant motor symptoms, MMSE, MoCA and orthostatic hypotension (OH). Neurogenic orthostatic hypotension is defined as a 30 mmHg systolic blood pressure (BP) decrease usually accompanied by a 15 mmHg diastolic BP drop and a heart rate (HR)/SBP ratio 0.5 bpm/mmHg within 3 min of standing or head-up tilt (HUT; Gilman et al., 2008). For MSA patients, disease duration and MDS-UPDRS III (Carmona-Abellan et al., 2021) were used to assess the disease severity. The study was approved by the Ethics Committee of Beijing Tiantan Hospital, Capital Medical University. All participants provided written informed consent.



Oral mucosa sampling and preparation

Participants rinsed their mouths with sterile saline before sampling to exclude the effects of oral food debris and saliva contamination. Immediately after rinsing, small-headed cytobrush (2 cm head length; Thomas et al., 2009) was used to collect oral mucosa samples from bilateral inner buccal mucosa, respectively. The right-sided oral mucosa samples were used for electrochemiluminescence immunoassays, and the left-sided oral mucosa samples were used for immunofluorescence stains.

The collection and procession of oral mucosal cell samples for electrochemiluminescence (ECL) assay: the operator holds the cytobrush and makes 30 circular motions of the brush head, then immerses the brush head in a 1.5 ml tube filled with 200 μl RIPA buffer (Applygen, cat. no. C1053 +). The cytobrush head was removed after vortexing for 1 min. Then, the oral mucosal cell suspension was sonicated for 1 min and centrifuged at 12,000g and 4°C for 10 min. Transfer the supernatant to a new tube and discard the pellet at the bottom. Samples were stored at −80°C. The bicinchoninic acid (BCA) protein assay kit (Pierce/Thermo Fisher Scientific, Rockford, IL, United States) was used to assess the total protein levels of oral mucosal cell samples.

The collection and procession of oral mucosal cell samples for immunofluorescence stains: the operator holds the cytobrush and makes 5 circular motions of the brush head, then immerses the brush head in a 1.5 ml tube with 1 ml Phosphate-buffered saline (PBS). The cytobrush was removed after vortexing tubes for 1 min. The tube was centrifuged at 2,000g and 4°C for 20 min. Remove the supernatant, then resuspend the cell mass with 1.5 ml PBS. Add 70 μl cell resuspension to each funnel, mount the slide and funnel, then cytocentrifuge cell suspension onto microscope slides by cytospin (CYTOSPIN IV, AHSI, Italy) at 700 rpm for 6 min. The slides were then stored at −20°C.



Oral mucosal cell immunofluorescence staining


Immunofluorescence staining with α-Syn species antibodies

The slide was fixed in 4% paraformaldehyde for 10 min and then washed with PBS. After rinsing, the slide was permeabilized in 1% Triton X-100 for 10 min and then incubated in 5% Bovine serum albumin blocking solution (Sigma, Poole, United Kingdom). We evaluated the expression of α-Syn species in oral mucosa samples using MJFR1 (ab138501, Abcam, Cambridge, MA, United States), which is specific for full-length human α-Syn protein. PS129 antibody (cat825701, BioLegend, San Diego, CA, United States) is a synthetic peptide-specific antibody, which corresponds to the α-Syn phosphorylated at serine 129. Using MJFR-14-6-4-2(ab209538, Abcam, Cambridge, MA, United States), the expression of α-Syn aggregates was determined. Primary antibodies were diluted 1:500 in blocking solution and incubated overnight at 4°C. After incubation, the slide was washed with PBST buffer (PBS with 0.05% Tween® 20). The sections were then incubated with Alexa-conjugated secondary antibodies for α-Syn, pS129, and α-Syn aggregates, respectively: donkey anti-rabbit Alexa Fluor 488 (diluted 1:500, ab150077, Abcam, Cambridge, MA, United States), donkey anti-mouse Alexa Fluor 647 (diluted 1:500, ab150107, Abcam, Cambridge, MA, United States) and donkey anti-rabbit Alexa Fluor 647 (diluted 1:500, ab150075, Abcam, Cambridge, MA, United States) for 1 h at room temperature. Sealed with a DAPI-containing anti-fluorescence quencher (S2110 Solarbio, Beijing, CHINA) and imaged with Zeiss LSM 700 confocal microscope (Carl Zeiss Microscopy GmbH, Oberkochen, Germany) using 40 × objective.



Double immunofluorescence staining with ThT and MJFR-14-6-4-2

The slides were fixed in 4% paraformaldehyde for 10 min and then washed with PBS for three times. After rinsing, slides were permeabilized in 1% Triton X-100 for 15 min. After three washings of 5 min each, slides were incubated in 5% Bovine serum albumin blocking solution (Sigma, Poole, United Kingdom) for 2 h. After blocking, the slides were incubated overnight with 0.05% Thioflavin T (ThT) and MJFR-14-6-4-2 (diluted 1:500, ab209538, Abcam, Cambridge, MA, United States). After overnight incubation, the slides were incubated with donkey anti-rabbit Alexa Fluor 647 (diluted 1:500, ab150075, Abcam, Cambridge, MA, United States) for 1 h at room temperature. Nuclei were stained with DAPI (0.2 μg/ml) for 5 min. Slides observation was performed with a Zeiss LSM 880 confocal microscope (Carl Zeiss Microscopy GmbH, Oberkochen, Germany) using 40 × objective.




Electrochemiluminescence immunoassays

The ECL assay of oral mucosal cells was made as described previously (Zheng et al., 2022), with minor modifications. The Meso Scale Discovery (MSD, Rockville, MD, United States) U-Plex plates were used for the quantification of oral mucosa-derived α-Syn, pS129, and α-Syn aggregates. Recombinant unphosphorylated a-Syn monomers (RP-001, Proteos, Inc., Kalamazoo, MI, United States), phosphorylated α-Syn monomers (RP-004, Proteos, Inc.) and filaments (RP-002, Proteos, Inc.) were used as the standard proteins for three a-Syn species assay, respectively. The NanoDrop OneC spectrophotometer (Thermo Scientific, Waltham, MA, United States) is used to measure the standard protein concentration. Standard protein was then diluted between 1,000 pg./ml and 1.37 pg./ml in 3-fold serial dilutions with Diluent 35 (D35, MSD, Rockville, MD, United States). Anti-α-Syn clone 42 (624096, BD Bioscience, San Jose, CA, United States) was labeled with Sulfo-TAG and used as detection antibodies for all a-Syn species. Recombinant anti-α-Syn MJFR-1 (ab 138,501, Abcam, Cambridge, MA, United States), recombinant anti-α-Syn aggregate MJFR-14 (ab209538, Abcam, Cambridge, MA, United States), and anti-phosphorylated α-Synuclein at Ser129 (825,701, BioLegend, San Diego, CA, United States) antibodies were biotinylated and used as capture antibodies. Capture antibodies were coated on plates and incubated for 1 h with 600 rpm shaking at room temperature. After rinsing three times with 150 μl wash buffer (MSD, Rockville, MD, United States), plates were blocked with 150 μl D35 for 1 h with 600 rpm shaking at room temperature and then rinsed. The oral mucosal cell protein-containing samples were diluted in D35 (protein-containing samples: D35, 25 μl:30 μl). Diluted samples together with standard proteins were loaded 50 μl/well and incubated for 1 h while shaking at 600 rpm. For α-Syn, pS129 detection, overnight incubation at 4°C is needed. After incubation, the detection antibody solution (1 μg/ml) was loaded and incubated for 1 h with 600 rpm shaking and then rinsing with wash buffer for three times. Immediately after rinsing, 150 μl 2 × Reading Buffer (MSD, Rockville, MD, United States) was loaded and the plates were analyzed in a Sector Imager 6000 (MSD, Rockville, MD, United States).



Statistical analysis

The statistical analysis was conducted with SPSS 26.0 (IBM, Chicago, IL, United States) and GraphPad Prism 8 software (GraphPad Software, La Jolla California United States). Prior to analysis, α-Syn, pS129, and α-Syn aggregates concentrations were normalized to total oral mucosal cell protein levels. Non-parametric Mann–Whitney U test was performed to compare group difference. The chi-square test was used to compare the gender ratio between the two groups. Spearman’s rank correlation coefficient was employed to test the correlation between α-Syn species levels and disease severity. p < 0.05 was considered significant. Binary logistic regression was used to create a multivariable logistic regression model suited for MSA diagnosis. We evaluated the area under the ROC curve and derived the Youden index maxima (sensitivity + specificity −1) to determine the optimal cutoff value for MSA patients and HCs.




Results


Demographic and clinical features

A total of 89 subjects were included in this study. The cohort consisted of 42 MSA patients (23 patients with MSA-P and 19 patients with MSA-C) and 47 age-matched HCs. The demographic and clinical features of all subjects were listed in Table 1. There were no statistically significant differences in gender distribution and age between total MSA and HCs. While there were significant differences in Mini-mental State Examination (MMSE) and Montreal Cognitive Assessment (MoCA) scores between MSA and HCs (pMMSE < 0.001, pMoCA < 0.001). The median disease duration of MSA patients was 2 years (range 4 months–7.5 years) and median Movement Disorder Society Unified Parkinson’s Disease Rating Scale Part III (MDS-UPDRS III) score was 40.5 (range 21–83). For the MSA subtypes, the age and MDS-UPDRS III scores were higher in MSA-P patients compared with MSA-C (page = 0.023, pMDS-UPDRS III = 0.020). There were no significant differences in gender distribution, disease duration, MoCA, MMSE scores, and orthostatic hypotension between MSA-C and MSA-P.



TABLE 1 Demographic and clinical features.
[image: Table1]



Immunofluorescence stains

We evaluated the expression of α-Syn in oral mucosa using MJFR1, which is specific for recombinant full-length human α-Syn protein. PS129 antibody is a synthetic peptide directed toward phosphorylated serine 129 of α-Syn, which corresponds to amino acids 124–134. Using MJFR-14-6-4-2, the expression of α-Syn aggregates was determined. In oral mucosal cells of both MSA patients and HCs, α-Syn (Figure 1A), pS129 (Figure 1B), and α-Syn aggregates (Figure 1C) immunoreactive signals were detectable through confocal microscopy. Immunofluorescence imaging revealed that immunoreactive signals of α-Syn and α-Syn aggregates significantly increased in the oral mucosal cells of MSA patients compared to those of HCs, while ps129 showed a slightly higher intensity in the oral mucosal cells of MSA patients. The morphological pattern of a-syn species varies in oral mucosal cells. A-Syn aggregates showed a large granular pattern, whereas α-Syn and pS129 showed diffused or small dotted patterns.

[image: Figure 1]

FIGURE 1
 Confocal microscopy (×40) study of α-Syn (A), pS129 (B), and α-Syn aggregates (C) expression pattern in oral mucosal cells of MSA patients and controls. DAPI: bule. α-Syn: green. Scale bar: 50 μm. MSA, Multiple System Atrophy; α-Syn, α-synuclein; pS129, phosphorylated α-Syn at Ser129.


There was no significant difference between MSA patients and HCs in the immunoreactive signal pattern or the intracellular distribution of α-Syn species. More specifically, in oral mucosal cells of both MSA patients and HCs, α-Syn showed a diffuse distribution in the nucleus and cytoplasm of oral mucosal cells. PS129 showed a dotted positivity mainly located in the cytoplasm of oral mucosal cells. Α-Syn aggregates showed a predominantly granular positivity in the nucleus and perinuclear cytoplasm of oral mucosal cells.

Through confocal microscopy analysis, ThT immunoreactive signals were visible in oral mucosa cells of both MSA (Figure 2A) and control groups (Figure 2B). ThT immunoreactive signals were slightly higher in MSA group than the control group. Double immunofluorescence staining with ThT and MJFR-14-6-4-2 antibody revealed that MJFR-14-6-4-2 immunoreactive signals mainly colocalized with ThT immunoreactive signals in the cytoplasm of oral mucosal cells in MSA group (Figure 2A).

[image: Figure 2]

FIGURE 2
 Confocal microscopy (×40) study of double immunofluorescence staining with ThT and MJFR-14-6-4-2 antibody in oral mucosal cells of MSA patients (A) and controls (B). DAPI: bule. α-Syn aggregates: red. ThT: green. Scale bar: 20 μm. MSA, Multiple System Atrophy; α-Syn, α-synuclein; ThT, Thioflavin T.




Electrochemiluminescence assay


The concentrations of α-Syn species in oral mucosal cells between MSA and HCs

Before analysis, the concentrations of α-Syn, pS129, and α-Syn aggregates were all standardized to the total protein levels of oral mucosa samples. Compared with HCs, the concentration of α-Syn in oral mucosal cells was significantly higher of MSA patients (p < 0.001, Figure 3A; Table 2). The pS129 and α-Syn aggregates levels also increased in MSA patients compared with those in HCs (p = 0.042, p < 0.0001, Figures 3B,C; Table 2).

[image: Figure 3]

FIGURE 3
 The concentrations of α-Syn, pS129, and α-Syn aggregates in oral mucosa samples of MSA patients and controls. (A) α-Syn, normalized to total oral mucosal cell proteins (pg/mg); ***p < 0.001 (Mann–Whitney U test); (B) pS129, normalized to total oral mucosal cell proteins (pg/mg); *p = 0.042 (Mann–Whitney U test); (C) α-Syn aggregates, normalized to total oral mucosal cell proteins (pg/mg); ****p < 0.0001 (Mann–Whitney U test).




TABLE 2 The concentrations of α-Syn in oral mucosal cells of MSA and HCs.
[image: Table2]



The concentrations of α-Syn species in oral mucosal cells between MSA subgroups

The MSA group was further divided into MSA-C/MSA-P and MSA-OH/MSA-NOH subgroups according to clinical manifestations. There was no significant difference in α-Syn, pS129, or α-Syn aggregates levels between MSA-C and MSA-P patients (pα-Syn = 0.294, ppS129 = 0.185, pα-Syn aggregates = 0.426). There was neither a significant difference of α-Syn, pS129, nor α-Syn aggregates levels between MSA patients with or without orthostatic hypotension (pα-Syn = 0.422, ppS129 = 0.756, pα-Syn aggregates = 0.856; Table 2).



The correlations of α-Syn species concentrations with disease severity in MSA

In MSA group, there was a significantly negative correlation between α-syn levels in oral mucosal cells and disease duration (r = −0.398, p = 0.009; Figure 4). However, α-Syn and pS129 levels in oral mucosal cells did not significantly correlate with disease duration in MSA group. The α-Syn species levels did not correlate with MDS-UPDRS III scores or cognitive scores in patients with MSA.

[image: Figure 4]

FIGURE 4
 Correlation of α-syn in oral mucosa with disease duration in patients with MSA.




ROC curve analysis of α-Syn species in oral mucosal cells between MSA and HCs

Receiver operating characteristic (ROC) analysis was performed to assess the diagnostic performance of α-Syn species in oral mucosal cells for MSA. α-syn levels discriminated MSA from HCs with a sensitivity of 88.1% and a specificity of 55.3%, and the area under curve (AUC) was 0.718. PS129 levels discriminated MSA from HCs with a sensitivity of 81.0% and a specificity of 44.7% (AUC = 0.625). Α-Syn aggregates discriminated MSA from HCs with a sensitivity of 69.0% and a specificity of 76.6% (AUC = 0.763). The binary logistic regression with forward like ratio was used to create a multivariable logistic regression model based on age, gender, and levels of α-Syn species in oral mucosal cells. The AUC of this integrative model was 0.825, with 73.8% sensitivity and 78.7% specificity (Figure 5).
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FIGURE 5
 The ROC curves for α-Syn, pS129, α-Syn aggregates, and the integrative model. Green curve: α-Syn (AUC = 0.718); Yellow curve: pS129 (AUC = 0.625); Blue curve: α-Syn aggregates (AUC = 0.763); Red curve: the integrative model including α-Syn, pS129, and α-Syn aggregates (AUC = 0.825).






Discussion

The current study demonstrated the differential expression of α-Syn, pS129, and α-Syn aggregates in oral mucosal cells between MSA patients and HCs. The main results are as follows: (1) immunofluorescence images showed detectable α-Syn species immunoreactive signals in oral mucosal cells of both MSA patients and HCs, with higher immunoreactive signals of α-Syn, pS129, and α-Syn aggregates in oral mucosal cells of MSA patients; (2) ECL assays demonstrated that the α-Syn, pS129, and α-Syn aggregates levels in oral mucosal cells were increased in MSA group compared with HCs, further supporting the immunofluorescence results; (3) the level of α-Syn in oral mucosal cells negatively correlated with the disease duration in MSA patients.

α-Syn is a small (14 kDa) and highly conserved acidic protein normally expressed in neurons (Rcom-H’cheo-Gauthier et al., 2016). Abnormal deposition of α-Syn plays a critical role in the pathogenesis of MSA (Clayton and George, 1999; Serratos et al., 2022). In MSA patients, α-Syn mainly accumulates in the cytoplasm of oligodendrocytes of the CNS and forms glial cell inclusion bodies. In fact, α-Syn not only deposits in the CNS of MSA, but also deposits in peripheral nervous system. Zhe Rong et al. reported the deposition of phosphorylated α-syn in the Schwann cells (SCs), a kind of peripheral glial cells, of sural nerves in MSA patients (Rong et al., 2021). Donadio et al. reported the abnormal deposition of pS129 in cutaneous nerve fibers of MSA patients, mainly in the somatosensory fibers of the subcutaneous plexus (Donadio et al., 2018). Some studies also reported the deposition of α-Syn in peripheral non-nervous tissues, biofluids, and cells of MSA (Lee et al., 2017; Ma et al., 2019). Liu et al. found that MSA patients had higher α-Syn and α-Syn aggregates levels in the erythrocyte membranes than HCs (Liu et al., 2019). A meta-analysis revealed that MSA patients had higher plasma α-Syn level than controls (Yang et al., 2018). Several studies also reported the depositions of α-Syn in the salivary glands and olfactory mucosal cells of MSA patients (De Luca et al., 2019; Cao et al., 2020; Bargar et al., 2021). These studies suggest that α-Syn not only exists in the CNS, but also exits in peripheral biofluids, tissues, and cells of MSA patients, which is consistent with the current study.

In the current study, pS129 and α-Syn aggregates immunoreactive signals were also detectable in control group, indicating that pS129 and α-Syn aggregates were expressed in normal controls’ oral mucosal cells. Several recent studies also reported the detectable pS129 immunoreactive signals in normal controls’ peripheral tissues of healthy controls, such as submucosal plexus and skin (Barrenschee et al., 2017; Wang et al., 2020). As for the α-Syn aggregates expression in controls, Mazzetti et al. recently found that PD patients showed higher α-Syn aggregates expression in skin than healthy controls. Using proximity ligation assay, skin α-Syn aggregates expression was detectable in about 2/3 of the included healthy controls (Mazzetti et al., 2020). These previous studies suggested that pathological α-Syn, pS129, and α-Syn aggregates were detectable in peripheral tissues of normal controls but with a lower level, which was consistent with the current study.

ThT is a benzothiazole dye that exhibits enhanced fluorescence upon binding to β-sheet-rich protein aggregate including Abeta fibrils, α-Syn filaments, PrP (Sc) (Khurana et al., 2005), which does not specifically demonstrate the enrich of α-Syn fibrillar aggregates. Through confocal microscopy analysis, ThT immunoreactive signals were detectable in oral mucosal cells, which indicates the potential protein aggregation in oral mucosal cells. Colocation of ThT and MJFR-14-6-4-2 immunoreactive signals indicates the presence of the α-Syn fibrils in oral mucosal cells. However, due to the minimal level of intracellular α-Syn aggregate in the mucosal cells and the lack of α-Syn oligomer or fibril-specific antibody, it is very difficult to in-depth investigate the differences between soluble oligomers and the presence of fibrils in oral mucosal cells in the current study.

The mechanism of the increased α-Syn expression in oral mucosal cells of MSA is currently unknown. In order to avoid contamination with saliva, included participants were asked to rinse their mouths with sterile saline 3 times in the current study. Immediately after rinsing, cytobrush was used to collect oral mucosa samples. Also, before the placement of cells on the slides, oral mucosa cells were washed with PBS and centrifuged at 2,000g. Then, the supernatant was removed, so that only mucosa cells were placed onto slides. The method of oral mucosa cell sampling used in the current study was based on the buccal micronucleus cytome assay (Thomas et al., 2009). Through confocal microscopy, the detected a-syn species were located in buccal micronucleus cells. Therefore, we believe that a-syn species detected were derived from oral mucosa cell rather than saliva gland cells or nervous fibers. Numerous researchers have focused on the alterations of oral mucosal cells in neurodegenerative disorders. As for the DNA content, DNA content of oral mucosal cells in certain neurodegenerative disorders, such as AD, is significantly higher than the control group (Francois et al., 2014). Some researchers reported that the levels of the Tau protein and the transcripts of p-Tau and Tau are increased in the oral mucosal cells of patients with cognitive impairment (Hattori et al., 2002; Arredondo et al., 2017). The above studies indicated that α-Syn may also have increased expression in oral mucosal cells in synucleinopathies. Our previous study reported the increased expressions of α-Syn species in oral mucosal cells of PD patients. In the present study, we demonstrated that abnormal α-Syn species deposition also occurred in oral mucosal cells of MSA. The meaning of abnormal deposition of α-Syn species in oral mucosal cells of synucleinopathies remains unknown, mainly because the physiological role of α-Syn in oral mucosal cell is uncertain. It is now widely accepted that abnormal α-Syn deposition in the CNS causes neurodegeneration (Burmann et al., 2020). Whether the increased level of α-Syn in oral mucosal cells of synucleinopathies is the cause or consequence of neurodegeneration requires further study.

The current study showed that the level of α-Syn in oral mucosal cells negatively correlated with the disease duration in MSA patients (r = −0.398, p = 0.009). However, α-Syn in oral mucosal cells did not correlate with age or MDS-UPDRS III scores. This is the first study on α-Syn expression levels in oral mucosal cells of MSA, the relationship between α-Syn levels in oral mucosal cells and disease progression remains inconclusive. A previous study revealed that α-syn oligomers/protein ratio in erythrocyte membrane negatively correlated with disease duration in MSA (r = −0.336; p = 0.009). One possible explanation is that the majority of the α-syn transferred to glial cell inclusions as MSA progresses, while lesser α-syn diffuses from the brain to the peripheral oral mucosal cells (Motter et al., 1995; Sun et al., 2014). We presume that α-Syn levels may decrease in peripheral tissues with the progression of MSA. Our findings should be confirmed by future larger and longitudinal studies.

The ECL assays used for detecting α-Syn, pS129, and α-Syn aggregates of oral mucosa were established previously (Zheng et al., 2022) and have been applied to detect α-Syn, pS129, and α-Syn aggregates in erythrocytes (Tian et al., 2019; Yu et al., 2022). Previous studies have validated the high sensitivity and reproducibility of ECL detection of disease-associated proteins on CSF samples (Kruse et al., 2017). As the signal generated is highly proportional to the large number of detection antibodies conjugated to the Sulfo-TAG marker, the ECL system has the advantage of a wide dynamic range and high sensitivity. Also, it has the advantage of shorter experiment time and the lower clinical sample volumes required. The above makes ECL an appropriate technique for detecting the trace proteins in peripheral biological specimens.

Recent developed ultrasensitive protein amplification assays, such as RT-QuIC and protein misfolding cyclic amplification (PMCA), offered an ultrasensitive approach for pathological α-syn assays (Parnetti et al., 2019; Koga et al., 2021). This assay induces conversion of normal α-syn in samples to misfolded α-syn, allowing amplification and detection of trace amounts of pathological α-syn in tissues or biofluids (Nakagaki et al., 2021). Previous studies showed that the CSF α-syn RT-QuIC had high specificity (82.3%–100%) and sensitivity (84%–100%) for the diagnosis of PD and other synucleinopathies (Nakagaki et al., 2021). Subsequent studies used RT-QuIC for the detection of pathological α-syn in various biospecimens, such as submandibular gland (sensitivity: 100%; specificity: 94%; Manne et al., 2020a), olfactory mucosa (sensitivity: 46%–69%; specificity: 90%–91%; De Luca et al., 2019; Bargar et al., 2021; Stefani et al., 2021), skin (sensitivity: 75%–100%; specificity: 83%–100%; Hong et al., 2010; Manne et al., 2020b; Donadio et al., 2021; Kuzkina et al., 2021), and saliva (sensitivity: 61.1%–76.0%; specificity: 94.4%; Luan et al., 2022). The detection of pathological α-Syn using RT-QuIC yielded high sensitivity and specificity in both synucleinopathies and the prodromal stage of synucleinopathies. The seeding activity of pathological α-syn in oral mucosa cells should be further studied by RT-QuIC or PMCA assays which might be ideal approaches to the detection of trace amounts of pathological α-syn in oral mucosal cells.

Detecting α-Syn species in the oral mucosa as the biomarkers for MSA have several advantages over other peripheral samples. First of all, compared with invasive procedures such as lumbar puncture, blood drawing, skin, salivary gland, and gastrointestinal biopsies, sampling of oral mucosal cells is a noninvasive and safe procedure. Moreover, the oral mucosal cells renew every 7–21 days, repeated sampling in a short period of time can be achieved (Thomas et al., 2009).

As a relatively easy-to-obtain biospecimen, there were numbers of studies focused on salivary α-Syn species as biomarkers for synucleinopathies. Devic et al. reported that the salivary α-Syn tends to decrease in PD patients compared with controls (Devic et al., 2011). While, Goldman et al. reported that salivary α-Syn did not differ between PD and controls (Goldman et al., 2018). Vivacqua et al. detected lower α-Syn and higher oligomeric α-Syn in saliva of PD patients than in healthy controls, the sensitivity and the specificity of salivary oligomeric α-Syn/α-Syn ratio ware 69.77% and 95.16% in distinguishing PD from healthy controls (Vivacqua et al., 2016, 2019). Cao et al. reported the higher level of α-Syn in salivary extracellular vesicles (EVs) of PD patients than that of HCs (Cao et al., 2020). Oligomeric α-Syn in salivary EVs distinguished PD from HCs with sensitivity of 92% and specificity of 86%. Recently, Luan et al. used alpha-synuclein real-time quaking-induced conversion (α-Syn RT-QuIC) assay to detect the seeding activity of pathological α-Syn in the saliva. MSA patients showed higher seeding activity of pathological α-Syn in the saliva than controls (Luan et al., 2022). Salivary α-syn RT-QuIC displayed a sensitivity of 61.1% and specificity of 94.4% in distinguishing MSA from controls. In the current study, the sensitivity and specificity of α-Syn in oral mucosal cells for MSA diagnosis were 73.8% and 78.7%, separately. Further study is needed to determine the optimal biomarker for PD: α-Syn in saliva or oral mucosal cells. In my opinion, the salivary α-Syn may not derive from oral mucosa cells. In the previous studies focused on salivary α-syn, saliva was always centrifuged after sampling and only supernatant was reserved. Oral mucosal cells as well as debris and other tissues were removed. The main contribution on salivary a-syn may be secreted α-syn from salivary glands. Cause abnormal deposition of α-syn has been reported by many groups (Andréasson and Svenningsson, 2021). The origins of salivary a-syn still need further validation. As is known, PD predominantly affects the elderly. Salivary gland atrophy in the elderly could reduce saliva production. Trihexyphenidyl, a commonly used PD drugs, can also cause side effects of reduced saliva production. Thus, oral mucosal cells may have an advantage over saliva in terms of sampling.

This study has some limitations. Above all, we did not include patients with PD or DLB in the current study because of the lack of other synucleinopathies patients. We are now accelerating our efforts to collect enough samples to explore the expression patterns of oral mucosal α-Syn among PD, MSA, and DLB patients. Furthermore, the current study was a cross-sectional study, and prospective studies are required to determine whether α-Syn in oral mucosal cells was a biomarker of disease progression for MSA.



Conclusion

The current study demonstrated the differential expression of α-Syn, pS129, and α-Syn aggregates in oral mucosal cells between MSA patients and HCs, which may potentially serve as a diagnostic biomarker for MSA. Moreover, α-Syn level in oral mucosa is inversely correlated with disease progression. Further longitudinal cohort studies are needed to validate α-Syn in oral mucosal cells as a progression biomarker for MSA.
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Background: Alzheimer’s disease (AD) and frontotemporal lobar degeneration (FTLD) are the two most common forms of neurodegenerative dementia. Although both of them have well-established diagnostic criteria, achieving early diagnosis remains challenging. Here, we aimed to make the differential diagnosis of AD and FTLD from clinical, neuropsychological, and neuroimaging features.

Materials and methods: In this retrospective study, we selected 95 patients with PET-CT defined AD and 106 patients with PET-CT/biomarker-defined FTLD. We performed structured chart examination to collect clinical data and ascertain clinical features. A series of neuropsychological scales were used to assess the neuropsychological characteristics of patients. Automatic tissue segmentation of brain by Dr. Brain tool was used to collect multi-parameter volumetric measurements from different brain areas. All patients’ structural neuroimage data were analyzed to obtain brain structure and white matter hyperintensities (WMH) quantitative data.

Results: The prevalence of vascular disease associated factors was higher in AD patients than that in FTLD group. 56.84% of patients with AD carried at least one APOE ε4 allele, which is much high than that in FTLD patients. The first symptoms of AD patients were mostly cognitive impairment rather than behavioral abnormalities. In contrast, behavioral abnormalities were the prominent early manifestations of FTLD, and few patients may be accompanied by memory impairment and motor symptoms. In direct comparison, patients with AD had slightly more posterior lesions and less frontal atrophy, whereas patients with FTLD had more frontotemporal atrophy and less posterior lesions. The WMH burden of AD was significantly higher, especially in cortical areas, while the WMH burden of FTLD was higher in periventricular areas.

Conclusion: These results indicate that dynamic evaluation of cognitive function, behavioral and psychological symptoms, and multimodal neuroimaging are helpful for the early diagnosis and differentiation between AD and FTLD.

KEYWORDS
Alzheimer’s disease, frontotemporal lobar degeneration, differential diagnosis, neuropsychology, multimodal neuroimaging


Introduction

Alzheimer’s disease (AD) and frontotemporal lobar degeneration (FTLD) are two entities of major neurodegenerative disorders, leading to dementia, especially among young patients (<65 years old) (Neary et al., 1998; Dubois et al., 2014). Episodic memory impairment is usually the first symptom in the course of AD, however, variants of AD characterized by visual and language impairments have been well described and are termed as posterior cortical atrophy (PCA) (Benson et al., 1988; Crutch et al., 2012; Dubois et al., 2014) and logopenic variant primary progressive aphasia (lvPPA) (Mesulam, 2008; Gorno-Tempini et al., 2011; Dubois et al., 2014). A less common phenotype is the “frontal variant” of AD (fv-AD), with a clinical manifestations of mainly behavioral and/or executive disorders, which is easily misdiagnosed as FTLD (Dubois et al., 2014). Frontotemporal dementia (FTD) is a series of clinically heterogeneous disease, mainly manifested by behavioral abnormalities, language disorders, and executive function deficits. At present, it is classified into three major clinical types, including behavioral variant frontotemporal dementia (bvFTD) (Rascovsky et al., 2011), semantic variant of primary progressive aphasia (svPPA), and non-fluent variant primary progressive aphasia (nfvPPA) (Gorno-Tempini et al., 2011). Behavioral and executive disorders are predominant in bvFTD, while PPAs have severe language deficits. In addition, parkinsonism and motor neuron disease can be noted in many cases (Liu et al., 2019). No matter what symptoms appear, these disorders will develop overtime, and the symptoms will change with the course of the disease. Thereby, it may be difficult to establish an accurate diagnosis in the early stage of both diseases.

Since the clinical heterogeneity of the two disease spectrums, the early symptoms may be ambiguous and overlapping. The current clinical standard requires qualitative examination of clinical core symptoms and neuroimaging features, but due to the lack of high sensitivity and specificity, it is impossible to accurately differentiate AD from FTLD. Some clinical observational studies have shown that early episodic memory impairment should be the exclusion criteria for FTLD, but, actually, it is not absolutely (Katisko et al., 2019). Similarly, it is reported that behavioral and psychological symptoms are the characteristic manifestations of patients with FTLD, but some studies have shown that the proportion of neuropsychiatric symptoms in patients with AD can be as high as 93.4% (Laakso et al., 2000). Traditional visual assessment of brain MRI requires the time of an well-experienced neuroradiologist and provides only moderate sensitivity and specificity (Harper et al., 2016). Early diagnosis requires techniques, such as fluorodeoxyglucose-positron emission tomography (FDG-PET), to detect early brain changes, whereas its availability is limited and the costs is relatively high (Smailagic et al., 2015; Minoshima et al., 2021). When it is difficult to distinguish between AD and FTLD, the ways of computer-aided diagnosis may be useful. These methods utilize multivariate data analysis techniques to train models (classifiers) based on neuroimaging or related data, so as to realize objective diagnosis. Moreover, computer-aided diagnosis can take advantage of subtle between-group differences, which is more accurate than using only clinical criteria (Kloppel et al., 2012). Using structural MRI to discover characteristic patterns of brain atrophy, the accuracy of computer-aided diagnosis in the differentiation of AD and FTLD was yielded up to 84% (Raamana et al., 2014; Moller et al., 2016).

In addition to using structural MRI, evidence of neurodegeneration can also be surveyed by using advanced T2-weighted MRI sequences to detect the white matter hypersignal (WMH) changes, which have emerged as a potential biomarker of neurodegenerative diseases (Desmarais et al., 2021). Regional WMH is related to the clinical manifestation of AD and FTLD. In prospective longitudinal studies of elderly with normal cognition and AD patients, periventricular WMH was negatively correlated with mental processing speed, and WMH in left temporal lobe was negatively correlated with memory performance (Smith et al., 2011; Ramirez et al., 2014). However, the neural correlates of WMH have not been extensively and rigorously studied in AD and FTLD. Mapping the distribution and burden of WMH in AD and FTLD can provide further insight into the underlying pathological mechanisms.

Although both diseases and their subtypes have been well incorporated into new diagnostic criteria (Gorno-Tempini et al., 2011; Rascovsky et al., 2011; Dubois et al., 2014), little is known about the initial symptoms, risk factors, genetic susceptibility, behavioral and neuropsychological characteristics and common pathological characteristics of these phenotype. It is necessary for better understanding of neurodegenerative diseases across the boundaries of different clinical entities, as it likely improves the ability of clinicians to identify the histopathological cause of dementia. We enrolled a large number of patients with AD or FTLD defined by biomarkers or neuroimaging in this retrospective study. In the present study, we aimed to better represent the clinical, neuropsychological, and neuroimaging features. We attempted to present a framework that contains a series of volume measurements of different brain tissues to supply clinical information for differential diagnosis of AD and FTLD. We also investigated the burden and distribution of WMH in these neurodegenerative diseases and studied the correlation of neuropsychiatric manifestations with brain WMH.



Materials and methods


Subjects and inclusion criteria

Two hundred one subjects were screened and included in the study, and a case-control clinical-imaging observational prospective study was conducted by the Dementia Research Institute (DRG) at Tianjin Huanhu Hospital between 2012 and 2021. All enrolled patients completed a standardized research battery of validated tests and multisequence imaging by a 3.0-T MRI scanner (MAGNETOM ESSENZA, Siemens Healthineers, Germany and Signa HDxt, GE Healthcare, USA) and partially by 18-fluorodeoxyglucose-positron emission computed tomography (18FDG-PET-CT) and Pittsburgh compound B-positron emission computed tomography (11C-PET-CT). All of them were assessed by at least 2 experienced specialists in the field of dementia. Patients who were clinically diagnosed with typical AD fulfilled the criteria for probable AD dementia as defined by the National Institute on Aging-Alzheimer’s Association (NIA-AA) (McKhann et al., 2011) and the variants of AD fitted the International Working Group (IWG) –2 criteria (Dubois et al., 2014). FTLD patients met the clinical criteria for the FTLD disease spectrum (Gorno-Tempini et al., 2011; Rascovsky et al., 2011). Exclusion criteria: (1) those with disturbance of consciousness, severe aphasia or serious illness, unable to complete the evaluation of neuropsychological scale; (2) symptoms caused by other systemic diseases or non-degenerative diseases of nervous system; (3) patients with heart, lung, liver, kidney, endocrine system diseases, or serious medical diseases such as connective tissue disease, hematopathy, and malnutrition; (4) patients with a history of brain or other tumors, brain trauma, gas poisoning, long-term alcoholism, epilepsy, etc.; (5) abnormal behavior conforms to psychiatric diagnosis; (6) biomarkers indicate other neurodegenerative diseases (non-AD or FTLD).



Ethical considerations

All the subjects were accompanied by reliable caregivers, and the subjects and their families signed the informed consent form. All procedures are carried out according to the ethical standards specified by Tianjin Human trial Committee and approved by Ethics Committee of Tianjin Huanhu Hospital.



Clinical evaluation and procedures

Baseline demographics and clinical data were collected through comprehensive geriatric assessment to ensure confidentiality. Participants underwent a series of detailed neurological examinations to evaluate their clinic symptomatic status, cognitive and both behavioral and neuropsychiatric performances at baseline by the experienced, board-certified neurologist. The Mini-Mental State Examination (MMSE) (Molloy and Standish, 1997) and Montreal cognitive assessment scale (MoCA) (Hu et al., 2013) were applied to assess subjects’ cognitive function, and the scores of each sub-item were recorded in detail. The Clinical Dementia Rating (CDR) (Morris, 1993) was used to estimate the grade of dementia. Behavioral and psychological symptoms evaluation: Neuropsychiatric Inventory Questionnaire (NPI) (Wang et al., 2012) and Frontal Behavioral Inventory (FBI) (Kertesz et al., 2000) were applied to evaluate the psychobehavioral symptoms of the subjects. Daily activity ability and emotional state of patients were evaluated by Activities of Daily Living (ADL) Scale (Eto et al., 1992) and Hamilton Depression scale 21 (HAMD-21), respectively (Faries et al., 2000).



Neuroimaging and biochemical assessment

Positron emission tomography (PET) and CSF estimation of each diagnostic group were shown in Table 1. 18F-FDG-PET-CT was performed to assess patterns of hypometabolism across the brain. Amyloid PET using 11C-Pittsburgh compound B (PiB) (Klunk et al., 2004) and/or amyloid-β42/40 biomarkers in CSF were applied for pathological evaluation.


TABLE 1    Baseline demographics and clinical characteristics of AD and FTLD groups.

[image: Table 1]

On the second day after admission, morning blood or serum specimen was gathered after fasting at night. The levels of total cholesterol (TC), triglyceride (TG), high-density lipoprotein cholesterol (HDL-C), and low-density lipoprotein cholesterol (LDL-C) were gauged by ADVIA 2400 automatic biochemical analyzer (Siemens, Germany). The urine of AD-associated neural filament protein (AD7c-NTP) was also assessed.



Magnetic resonance imaging gathering and processing

Structural MRI scans were collected in our study: (1) T1-weighted MR images were obtained by a 3D magnetization-prepared rapid spin-echo (MPRAGE) sequence: repetition time/echo time (TR/TE) = 2530/3.43 ms; FA = 90°, matrix size = 256 × 256; field of view (FOV) = 265 × 224 mm2; slice thickness = 1.0 mm; gap = 1.2 mm; (2) T2 fluid attenuated inversion recovery (T2 FLAIR) image: TR/TE = 8000/120 ms; matrix size = 512 × 512; field of view (FOV) = 240 × 240 mm2; slice thickness = 1.2 mm; gap = 1.2 mm. The proposed method was preceded following the previously published description (Jiang et al., 2020; Wei et al., 2020). First, skull dissection was performed on T1W and T2 FLAIR images using FMRIB software library.1 Then, based on rigid transformation and normalized mutual information, the T2 FLAIR images of skull dissection were aligned and registered to T1WI images through SPM12 (Ashburner and Friston, 2011). N4 deviation correction was then operated on T1W and T2 FLAIR images to eliminate low-frequency intensity heterogeneity.2

Brain structure and WMH quantitative data were analyzed using Dr. Brain analysis system (3registration number: 20212210359), which has its own standard healthy population database platform as a control. All patients’ T1WI and T2 FLAIR DICOM data were compressed into Zip files and simultaneously uploaded to Dr. Brain cloud system for image analysis. This system is an automatic segmentation based on multi-template segmentation. A patient image is processed in the Dr. Brain cloud system for approximately 25 min to automatically generate a PDF report containing the information of absolute and relative (that is, the percentage of absolute volume of WMH in the total intracranial volume) volume of WMH of each brain region and brain regional volume (the total volume, parenchyma and brain white matter of more than 100 brain regions were recorded). Statistical parameter mapping (SPM)-voxel-based morphological analysis (VBM) and surface-based morphometry (SBM) were applied to quantify changes in gray matter structure under pathophysiological conditions. The differences of gray matter density (GMD) between groups were analyzed and implemented by VBM8 toolbox4 and SPM8 (Wellcome Trust Centre for Neuroimaging, London, UK). Data were pre-treated on the basis of VBM8 toolbox. The results were controlled by potential confounding factors, including age, gender, total intracranial volume, and MRI equipment. For family-wise error on the cluster level, P value less than 0.01 was set as analysis threshold.

We observed four parameters in SBM: cortical thickness, sulcus depth, gyrification index, and fractal dimension of cortical complexity. The cerebral cortex is a highly folded sheet of gray matter (GM), with areas that fold inward called sulci and areas that fold outward called gyri. There are three commonly used surfaces to describe this sheet: outer surface, inner surface, and central surface (CS). Cortical thickness describes the distance between the inner and outer surfaces (Dahnke et al., 2013). Sulcal depth computation will be processed according to the following procedures (Lyu et al., 2018): first, interiors of the cortical surface are filled in the volumetric space. Then, the cerebral hull is obtained by closing sulci through a three-dimensional spherical morphological closing operation. Next, the volumetric Boolean operation defines the intersection between the exterior of the cortical surface and the interior of the cerebral hull, which is severed as a medium between those two interfaces. Finally, the geodesic distance is calculated inside the medium by solving an Eikonal equation. The actual depth calculation (wavefront propagation) is performed on multiple slices of the volume. The gyrification index is extracted from central surface data, based on absolute mean curvature, which is the mean curvature calculated from the average between the minimum and maximum curvatures of the surface in each vertex in mm–1 – the mean curvature maps will, hereafter, referred to as the gyrification index (Chaudhary et al., 2021). Fractal dimension is a quantitative indicator of the morphological complexity and variability of an object. The different metrics for measuring fractal dimension are Hausdoff dimension, box counting dimension, capacity dimension, and mass radius dimension. There is increasing evidence that shape analysis using fractal dimension provides better information about structural changes induced by neurological conditions, which can supplement the information obtained by conventional volumetric analysis (Sheelakumari et al., 2018).



Positron emission tomography image acquisition and processing

The acquisition and processing protocols for 18F-FDG and 11C-PIB PET imaging have been described in our previous study (Zhang et al., 2017; Wang et al., 2019). Briefly, PET images were acquired in the three-dimensional scanning mode on a GE Discovery LS PET/CT 710 scanner. 11C-PIB was administered intravenously at a dose of 370-555MBq, and a 90-min dynamic PET scan was performed according to a predetermined protocol. One hour after the 11C-PiB PET scan, 185-259 MBq of 18F-FDG was then injected intravenously, A 10-min static PET emission scan was performed 40 min after FDG injection with the same scanning mode. FDG PET and PiB PET images were preprocessed using MRI data for partial volume effect correction and spatial normalization. PiB PET imaging analysis was performed using Statistical Parameter Mapping 8 (SPM8) software on MATLAB 2010b for Windows (Mathworks, Natick, MA, USA) or PMOD software (version 3.7, PMOD Technologies Ltd., Zurich, Switzerland), as described in our previous study. The average of all specific regions was calculated from the PiB integral image. FDG frames for each subject were summed and normalized to mean pons activity. It is then displayed on the NIH color scale and can be windowed and viewed on three planes according to the rater’s discretion.



Visual rating for Pittsburgh compound B positron emission tomography and fluorodeoxyglucose-positron emission tomography

The PiB PET and FDG PET imaging results were evaluated by two experienced nuclear medicine physicians. The positivity or negativity of PiB PET was determined by the mean value of target regions to cerebellum ratio with a cutoff value of 1.5 (the upper 95% confidence interval from a cluster analysis of healthy individuals). 18F-FDG PET images were read with color scale and standard to preferably route clinical brain FDG PET reports. FDG PET images were graded and dichotomized as follows: temporoparietal cortex dominant hypometabolism, other brain regions dominant hypometabolism or non-specific and mild hypometabolism.



Statistical analysis

Chi-square test was used to examine the baseline demographic qualitative variables, described as the relative abundance ratio (%) or rate (%). Normally distributed quantitative variables were calculated using two independent sample t-tests or one-way analysis of variance (ANOVA). All values were presented as mean ± standard (SD) deviation. All statistical analyses were performed with SPSS 26.0 (SPSS, Inc., USA). A P value <0.05 was considered statistically significant.



Data availability

Anonymized data can be obtained from the corresponding author upon request from any qualified researcher to replicate protocols and results.




Results


Demographic, biomarker measurements, and neuroimaging of the study population

Demographic, clinical characteristic data, and biomarker measurements were summarized in Table 1. We recruited 95 AD patients (51 men and 44 women) and 106 FTLD patients (45 men and 61 women). All the diagnoses of the participants were confirmed by 18FDG-PET-CT or 11C-PET-CT combined with cerebrospinal fluid amyloid-β 42 ratio 40 (Aβ42/40) biomarker results. Patients with FTLD were relatively young at time of disease onset and diagnosis (mean age: age at onset, 59.94 ± 0.94 years; age at diagnosis, 63.24 ± 0.80 years) and had more shorter time to diagnosis (mean time, 2.03 ± 0.21 years) compared with AD patients (mean age: age at onset, 64.84 ± 1.17 years; age at diagnosis, 68.23 ± 0.9 years; course of disease, 3.05 ± 0.31). Smoking, drinking, and risk factors associated with vascular disease (diabetes, hyperlipemia) were more frequent in AD patients; however, the genetic predisposition in FTLD families is more pronounced than in patients with AD. Apolipoprotein E (APOE) ε4 allele was more common in the AD group. APOE ε4 alleles occurred in 56.84% of patients in the AD group and 15.09% of patients in the FTLD group.

Cognitive function analysis showed that there was no remarkable difference in the total score of MMSE and CDR between the two groups, but the MoCA scores of FTLD patients were lower than that of AD patients. FTLD patients had more severe psychobehavioral symptoms, mood disorders, and executive dysfunction as compared with AD patients. Although not statistically significant, patients with FTLD tended to decrease in the ability to perform daily activities and had higher scores on the instrumental activity of daily life (IADL).

Typical neuroimaging features of 18FDG-PET-CT in different subtypes of two disease groups are summarized in Figure 1. Typical AD patients exhibit a typical default network pattern, with hypometabolic effects in the temporoparietal junction areas including precuneus and posterior cingulate cortex. Frontal variant in AD group was more frequently involved in the frontal cortical areas (such as anterior cingulate, orbitofrontal cortex, middle and superior frontal gyrus) compared with typical AD patients. Logopenic variant of AD displayed predominant posterior perisylvian or parietal hypometabolism. In FTLD groups, behavioral variant FTD patients showed frontal and anterior temporal hypometabolism on PET, svPPA patients showed more frequently relative involvement in the anterior temporal, and nfvPPA patients showed more involvement in the posterior fronto-insular.
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FIGURE 1
Atrophy maps in different clinical subtypes of AD and FTLD disease groups analyzed by 18FDG-PET-CT. (A) Typical AD is characterized by predominant temporoparietal cortex atrophy, fv-AD will partially spread to frontal cortical regions. LvPPA displayed predominant posterior perisylvian or parietal atrophy. PCA mainly involved temporo-occipital cortex atrophy. (B) In FTLD disease group, bv-FTD showed frontal and anterior temporal atrophy, svPPA was more frequent with involvement of anterior temporal, and nfvPPA patient showed more posterior fronto-insular atrophy. t-AD, typical Alzheimer’s disease; fv-AD, frontal variant Alzheimer’s disease; lvPPA, logopenic variant primary progressive aphasia; PCA, posterior cortical atrophy; bv-FTD, behavioral variant frontotemporal dementia; svPPA, semantic variant of primary progressive aphasia; nfvPPA, non-fluent variant primary progressive aphasia.




Clinical presentations comparison among diagnostic groups

In the study population, hypertension, diabetes, heart disease, sleeping disorder, hyperlipemia, stroke history, and traumatic cerebral injury were the most frequently noted diseases in the history of medicine. The incidences of diabetes and hyperlipemia histories in AD were remarkably higher than that in FTLD (confounding factors were corrected by logisitc regression analysis). The proportions of AD patients with smoking and drinking habits were also higher than those with FTLD patients. However, the incidence of thyroid disease is higher in FTLD than in AD (Figure 2A).
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FIGURE 2
Clinical features comparison between AD and FTLD disease groups. (A) Past medical conditions in self-reported or supplied by caregivers. (B) Rate of first symptoms informed by patients and caregivers. (C) Frequency of psychobehavioral abnormalities in the first episode. (D) Clinical features of psychobehavioral abnormalities in the first symptom.


The frequency of cognitive impairment (91.6%) was higher than that of behavioral changes (6.3%) in AD patients. Conversely, patients with FTLD predominantly presented with behavioral deficits (67.9%) or both behavioral and motor dysfunction (10.4%) as the first symptoms of the disease (Figure 2B). Although all of the FTLD patients were satisfied, the diagnostic criteria of ≥3 of 6 core behavioral/cognitive symptoms required to diagnose possible behavioral variability FTD at the time of diagnosis, most patients were only near the threshold value of diagnostic criteria at the onset of symptoms [0 feature: 18/106 (16.98%), 1 feature: 23/106 (21.70%) or 2 features: 29/106 (27.35%), (Figure 2C)], and had more behavioral symptoms compared with AD patients. Among the neuropsychiatric list fields frequently mentioned in FTLD population, apathy, disinhibition, and appetite were the most prominent, followed by agitation and irritability, which were less common (Figure 2D).



Changes in neuropsychological and neuropsychiatric symptoms among diagnostic groups

In order to avoid the influence of the severity of dementia, patients in AD group and FTLD group were divided into three grades: CDR1 stage (AD 33 cases, FTLD 27 cases), CDR2 stage (AD 45 cases, FTLD 57 cases), and CDR3 stage (AD 17 cases, FTLD 22 cases). In the evaluation of cognitive function, AD patients mainly showed decreased delayed recall ability in the early stage, problems in attention, orientation, executive function, and language became more and more obvious as the disease progressed (Figures 3A–D). However, in FTLD patient group, attention, executive and language dysfunction, and decreased abstraction were always the earliest symptoms. In the late stage, overall cognitive decline and memory impairment were observed (Figures 3A–D). In neuropsychiatric behavior evaluation, patient group with FTLD showed worse neuropsychiatric functions than AD group, almost in all subdomains. Patients with AD generally developed behavioral abnormalities in the middle and later stages of the disease, mainly manifested as depression, anxiety, and irritability. In patients with mild-to-moderate FTLD, agitation, disinhibition, and appetite were the first prominent behavioral symptoms, then followed by euphoria, apathy, and irritability, and finally developed into a comprehensive spectrum involved. Hallucination was the least common symptom, even in the advanced stages of FTLD (Figure 3E).
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FIGURE 3
Neuropsychological characteristics comparison between AD and FTLD disease groups with disease progression. (A–D) Decreased degree of subscale items in MMSE and MoCA assessment with disease progression. (E) Frequency of neuropsychiatric symptoms in different stages of disease measured by NPI.




Volumetric feature differences of brain regions among diagnostic groups

Volumetric differences between AD and FTLD, as well as the differences between each group with healthy controls, are summarized in Figure 4. The structural changes of brain regions in patients with AD and FTLD were obvious. Compared with FLTD, AD patients have a larger frontal lobe volume and a tendency to have larger superior frontal gyrus and frontal pole volume in their subdomains. Although there were no significant difference in the overall volume of temporal lobe, occipital lobe, parietal lobe, basal ganglia, and cerebellum between the two groups, subfields analysis showed that the volumes of temporal polar and transtemporal region were more preserved in AD patients, and the volumes of parietal, occipital lobe and cerebellum subareas were relatively less. There was no difference in hippocampal volume between the two groups, however, bilateral parahippocampal gyrus and entorhinal cortex volumes decreased in AD patients. In FTLD individuals, there is asymmetric atrophy of the right putamen and left caudate nuclei in the subcortical basal ganglia region.


[image: image]

FIGURE 4
The structural MRI features with statistical differences between patients with AD and FTLD. (A) Comparison of different brain structures between the two groups. (B) Comparison of the cortical volume of different brain regions in the right cerebral hemisphere between the two groups. (C) Comparison of the cortical volume of different brain regions in the left cerebral hemisphere between the two groups.


We performed VBM comparisons between the different patients and control groups (Figure 5), and trimmed for age, gender, disease severity, and total intracranial volume. Compared with the healthy control group, the characteristic pattern of brain atrophy in AD patients involved a large area of the temporoparietal cortex, posterior cingulate gyrus, precuneus, and part of the occipital lobes. The frontal cortex is also partially involved in AD patients (Figure 5A). In FTLD group, the affected atrophy areas were mainly concentrated in the frontal pole, orbito-frontal lobe, frontal insula, anterior cingulate gyrus, and bilateral anterior temporal lobes comparing to healthy control group. It also affects the parietal part of the posterior central gyrus (Figure 5B). Direct comparison between patient groups showed the posterior involvement of AD patients and the anterior involvement in FTLD patients had significantly different atrophy patterns, which mainly survived the correction of family-wise error (FWE) with P > 0.05. FTLD patients showed asymmetry in the affected brain regions (Figure 5C).
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FIGURE 5
Voxel-based morphometry comparisons of gray matter volumes in AD or FTLD patients compared with healthy controls. The contrasts were adjusted according to age, gender, total intracranial volume and scanner type. (A) Comparison between AD patients and healthy controls; (B) Comparison between FTLD patients and healthy controls; (C) FTLD patients compared with AD patients. Color overlay shows punc < 0.001 for family-wise error = 0.05. The warm color of the color bar representing gray matter volume of controls lager than AD or FTLD, and cold color denoting gray matter volume of controls smaller than AD or FTLD (A, B). The warm color of the color bar representing gray matter volume of AD lager than FTLD, and cold color denoting gray matter volume of AD smaller than FTLD (C).


In the SBM-based structural brain characterization, differences in cortical thickness (Figure 6), sulcus depth, gyrification index, and fractal dimension (Supplementary Figure 1) between the two disease groups of patients and healthy controls were analyzed. The results showed that there were disease-specific alterations in brain structure in both AD and FTLD groups compared with the control group (Figures 6A,B). In the AD group, cortical thickness in the superior parietal lobe, inferior parietal, superior temporal, lateral occipital, fusiform, and rostral middle frontal lobe decreased symmetrically (Figure 6A). However, in FTLD patient group, the cortical thickness of the supramarginal, caudal middle frontal, pars triangularis, superior frontal, and superior temporal decreased significantly, and the distribution tended to be asymmetrical (Figure 6B). As compared to AD patients, the FTLD patient group showed a reduction in pars triangularis, rostral middle frontal, lateral orbitofrontal (Figure 6C), whereas AD exhibited a significant reduction in the superior parietal, lateral occipital, precuneus cortex as compared to FTLD patient group (Figure 6D) (voxel significance set to P < 0.01 or 0.001, corrected significance set to P < 0.01). The AD and FTLD patient groups exhibited characteristic changes in sulcus depth, gyrification index, and fractal dimension (Supplementary Figure 1) between the AD and FTLD patient groups as compared to the healthy controls and intercomparison. Specific brain areas involved are shown in the Supplementary Table 1.
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FIGURE 6
Cortical thickness alterations in different groups assessed by surface-based morphometry. (A) Comparison between AD patients and healthy controls; (B) Comparison between FTLD patients and healthy controls; (C, D) FTLD patients compared with AD patients. Color overlay shows punc < 0.001 for family-wise error = 0.05.




White matter hyperintensities volumetrics and characteristics among diagnostic groups

According to different brain regions, white matter signals can be divided into cortical, periventricular, deep white matter, and subatentorial regions. There was no significant difference in total cerebral capacity between the two groups after checking for blood vascular hazard factors and age at the time of imaging (Figure 7A), but there were significant differences in WMH load and brain distribution between the study groups (Figures 7B–E). There were significant differences between groups in the total burden of WMH, and the average volume of AD group (8.05 ± 3.25 ml) was higher than that of FTLD group (0.60 ± 0.030 ml) (Figures 7B,C). The average volume of WMH in cerebral cortex of AD group was the highest. For FTLD group, results revealed that the WMH burden in the periventricular region was significantly higher than that in AD (Figures 7D,E). Neither AD group nor FTLD group had subatentorial white matter lesions (Figures 7D,E).
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FIGURE 7
White matter hyperintensity volumes and distribution comparison between AD and FTLD disease groups. (A) Total brain volume comparison. (B) Total WMH volume comparison. (C) Total WMH ratio comparison. (D) Diagram of white matter region division supplied by semi-automatic brain region extraction. (E) Comparison of the proportion of WMH in different brain regions.





Discussion

Frontotemporal lobar degeneration (FTLD) and AD are the two main neurodegenerative diseases that cause dementia. Despite recent progress in the early characterization of both disorders, early clinical diagnosis remains a challenge. In this retrospective study, we evaluated the neuropsychological and multimodal neuroimaging properties of the clinical syndromes of AD and FTLD in a Chinese population. We compared biomarker or PET-CT-defined patients and analyzed the first-episode clinical features, the evolution of cognitive function and behavioral and psychological symptoms of these two diseases. Patients with AD often showed cognitive rather than behavioral symptoms at the initial symptoms. As the disease progresses, attention and orientation dysfunction become prominent and gradually accompanied by psychiatric and behavioral symptoms. However, in FTLD group, dysexecutive and language dysfunction features presented as the primarily cognitive phenotypes, accompanied by a certain degree of behavioral abnormalities, and memory deterioration from middle-to-late stage (Figures 3, 4). The prevalence of vascular disease associated factors and APOE ε4 were higher in AD patients than that in FTLD group (Table 1). AD patients were characterized by major atrophy of temporal parietal and relatively sparse of frontal gray matter, whereas FTLD patients typically present with frontal and temporal lobe involvement (Figures 4–6). In addition, we found differences in the burden and distribution of WMH on T2-weighted MRI between AD patients and FTLD patients. The WMH burden of the former was significantly higher than that of the latter, especially in cortical area, while the WMH burden in the periventricular areas of the FTLD patients was higher than that of AD patient (Figure 7), suggesting potentially different underlying neuropathological processes.


Clinical features and neuropsychological profiles

Some progress has been made in using neuropsychological methods to analyze the differences between FTLD and AD from different manifestations in the cognitive field, but the different stages of the disease are poorly understood. The time sequence of clinical symptoms in the course of disease is the most reliable basis for the correct diagnosis. According to current criteria, memory impairment is not required for the early diagnosis of FTLD, or even as an exclusion criterion of early disease. However, memory loss and visuospatial orientation problems are usually the diagnostic criteria for early symptoms in AD patients, including core clinical symptoms (Gorno-Tempini et al., 2011; Rascovsky et al., 2011; Dubois et al., 2014). By comparison, FTLD patients may develop early neuropsychiatric symptoms, such as agitation and psychosis, consistent with a range of neurological and mental disorders (Rascovsky et al., 2011). Our observational data showed that although all patients with bvFTD met the core clinical symptoms of possible diagnostic criteria at admission, most patients were just close to the threshold of diagnostic criteria at the onset of symptoms [0 feature: 18/106 (16.98%), 1 feature: 23/106 (21.70%) or 2 features: 29/106 (27.35%), Figure 2C], and some patients even have cognitive impairment [20/106 (18.87%), Figure 2B], or accompanied by motor disorders [10/106 (9.43%), Figure 2B] as the onset of symptoms. As a result, these patients are often initially misdiagnosed as psychiatric and other neurological diseases, most commonly AD. Therefore, misconceptions about the early symptoms of both diseases often delay a correct diagnosis.

In this study, through the subitem analysis of MMSE and MoCA, we found that both FTLD and AD patients had memory impairment, but AD patients showed more significant impairment, accompanied by obvious disorientation. However, orientation was relatively preserved in FTLD patients, which was related to the reservation of temporal-parietal lobe combined cortex, anterior cuneate lobe, and posterior cingulate gyrus in early FTLD patients (Figures 4–6). Through the clinical observation of patients with FTLD, it was found that the impairment of executive function was earlier and more severe than memory loss, but the orientation ability and visuospatial ability were preserved to a certain extent (Figures 3A–D). By stratifying the severity of dementia, we found that the degree of cognitive impairment was directly proportional to the severity of dementia in both groups. AD patients almost spread to cognitive areas such as attention, orientation, and language in the middle and later stages of the disease, while FTLD patients mainly showed executive function, attention and language dysfunction, and gradually appeared orientation and memory domains, which was basically consistent with the dynamic manifestations of clinical symptoms (Figures 3A–D).

It is worth noting that, there were remarkable differences between MMSE scores and MoCA scores in FTLD patients; however, the total score of MMSE and MoCA was almost identical in the AD population (Table 1). This is because the MMSE examination focuses more on the detection of memory and visuospatial ability, and these two cognitive areas are the main manifestations of cognitive impairment in AD patients. Therefore, MMSE can accurately reflect the actual degree of cognitive impairment in AD patients. However, due to lack of in-depth monitoring of executive function and language, clinical findings are not very sensitive to FTLD screening. In some patients with FTLD, MMSE is in normal range, but MoCA examination has indicated moderate damage. In the early stage of FTLD, executive ability and language dysfunction are the main cognitive manifestations, and both cognitive areas are reflected in the MoCA subscales, such as Trail Making Test and complex sentence repetition. Freitas et al. (2012) proposed that MoCA had better identification ability than MMSE through comparative study of AD and FTLD. When MoCA score is below 17 points, the sensitivity and specificity for FTLD were 78% and 98%, which were significantly higher than MMSE.



Potential risk factors

It is suggested that, at the onset of dementia, some clinical and demographic data can be used as predictors of differential diagnosis and future progression. In this study, we have investigated some of the demographic factors most relevant to the cognitive traits, such as age at disease onset, disease duration, and education (Table 1); clinical features as motor signs and behavioral disorders (Figure 2); APOE genotype (Table 1) and vascular diseases and medical histories (Figure 2 and Table 1). In recent years, it has been suggested that AD and FTLD might be kinds of cognitive disorder caused by both vascular pathological changes and neurodegenerative damage, especially in the AD spectrum (Nichols et al., 2021). Many previous longitudinal studies have also shown that vascular risk factors (VRFs) are hazard factors for AD, such as middle-age hypertension, hypercholesteremia, diabetes, obesity, stroke, atrial fibrillation, and lack of exercise (Yu et al., 2020). Our study was consistent with previous reports that the incidence of vascular disease-related histories such as hypertension, diabetes, hyperlipemia, and stroke history seemed over-represented in AD compared to FTLD. Currently, well-controlled VRFs may be one of the reasons for the decline in the prevalence and incidence rate of dementia in some countries (Wu et al., 2017). At the same time, recent researches have shown that VRFs-induced hypoperfusion and hypoxia can lead to amyloid-β accumulation by producing or restraining its degradation, which ultimately impairs neuronal and synaptic plasticity (Pluta et al., 2020; Babusikova et al., 2021). AD patients without VRFs in this study may also have mixed dementia and asymptomatic vasculopathy (Esiri et al., 1999).

Consistent with previous research, the prevalence of APOE ε4 carriers in AD patients (56.84%) was much higher than that in FTLD group (15.09%) in the Chinese cohort. ApoE ε4 has been identified as the strongest genetic predictor of the development of sporadic AD (Ferrari et al., 2018). Furthermore, APOE ε4 carrier status is another key factor of cognitive decline in AD patients with VRFs. APOE ε4 of AD patients are particularly sensitive to VRFs (Lee et al., 2020). Accordingly, APOE ε4 carriage and VRFs may synergistically affect cognitive outcomes in patients with increased genetic and vascular risk (Lee et al., 2020). Functional imaging studies have shown that APOE ε4 carriers not only exhibit substantial reductions in regional cerebral blood flow over time (Thambisetty et al., 2010) but also reduced glucose metabolic rates in posterior cingulate and/or precuneus and lateral parietal lobe (Knopman et al., 2014). Another plausible explanation is that ApoE ε4 allele carriers would disturb the biochemical pathways of neurofibrillary tangle and affect amyloid-β accumulation (Cosentino et al., 2008).



Neuroimaging distinction between Alzheimer’s disease and frontotemporal lobar degeneration

We identified neuroimaging differences in our study. The current results indicated that symmetry and volume differences in different brain domains, parahippocampal gyrus, entorhinal cortex, and asymmetrical atrophy in putamen and caudate nucleus may distinguish FTLD from AD (Figure 4). Notably, a voxel-based morphometric analysis comparison between the two groups showed a slight effect in the frontal lobe (traditionally supposed to be the core monitor of behavior and executive function) over classical AD, but not as prominent as we observed in FTLD individuals (Figure 4). Although previous cases and our clinical experience have shown that deep prefrontal involvement can be surveyed in patients with frontal variant of AD (Li et al., 2016), these single-subject effects may have been washed in group-level voxel-based morphometric analysis. The discrepancy in frontal atrophy partly explains why psychiatric symptoms, such as hallucinations anxiety and depression are always present in AD patients, but rare in FTLD patients. Complete destruction of frontal lobe function will result in a complete loss of disease awareness in FTLD patients, whereas some of this self-awareness is preserved in AD patients. SBM with non-linearly aligned cortical folding patterns provides precise standardization of participant brains, which may be useful in examining cortical morphology. By measuring cortical thickness, gray to white matter contrast (GWC), surface area, cortical volume, cortical microstructure and macrostructure, SBM provides the possibility to reveal the mechanisms of brain changes and elucidate neurological problems associated with neurodegenerative disease (Singh et al., 2022).

Mapping the distribution and burden of WMH in AD and FTLD will contribute further understand the underlying pathological mechanisms of these diseases. Indeed, previous studies have suggested that the preferential distribution of WMH in cortical regions of AD patients was related to tissue characteristics. For example, as it was located in the watershed areas, normal perfusion in this region was relatively low (Keith et al., 2017). Furthermore, hypersignal of white matter in the paraventricular area is due to periventricular small-vessel disease and neurodegenerative changes, such as amyloid deposition in arteries, arterioles, and veins, leading to brain atrophy and the onset of AD (Keith et al., 2017; Alosco et al., 2018). Conversely, the extensive white matter involvement in cortical and periventricular regions in our FTLD cases has always been without obvious vascular hazard factors or related illness. It has been reported that raised WMH load in symptomatic GRN mutant FTLD patients mainly existed in the frontal and occipital lobes (Sudre et al., 2017).

Although the exact mechanisms of white matter injury in the absence of progranulocyte precursor protein are unclear, it has been hypothesized that the functions of granulocyte precursor protein may play a critical role in neuroinflammation and vascular protection (Ahmed et al., 2007). In addition, other common pathological elements, such as Wallerian degeneration, may be the potential mechanism leading to preferential participation in the distribution of white matter lesions. As a disease with a strong genetic background, we will further analyze the relationship between genotype, neuropathology, neuroimaging, and clinical phenotype, as well as the underlying mechanisms in the subsequent research work.



Strengths and limitations

To the best of our knowledge, this is the only one of the largest series of direct comparison against well-characterized AD and FTLD patients in a Chinese Han population cohort. The detailed clinical, neuropsychiatric, and multimodal neuroimaging comparisons between these two patient populations would be crucial for future clinical trials. Our rigorous criteria based on detailed clinical examination, neuropsychological, and multimodal neuroimaging with FDG-PET, 3.0T structural MRI, and PiB PET amyloid assays, which enabled us to investigate relationships between neuroanatomical locations of atrophy or WMH, with neuropsychological and neuropsychiatric manifestations, facilitating early diagnosis of neurodegenerative disease. There are also some limitations. First, this is a case-selective clinical retrospective study, the recording of clinical data is inevitably incomplete, although we often make a decision with two experienced neurologists, sometimes the subjective judgment of clinicians is inevitable. Therefore, selective bias in clinical data should be taken into account. In addition, our enrolled patients were not racially diverse, therefore, enlarged samples from multi-centers and multi-ethnic are required for comparative analysis of different clinical subtypes. Second, the fact that not all patients had PiB PET, thereby the likelihood of mixed clinical superposition cannot be ruled out, because of the clinical and pathological heterogeneity of these two types of neurodegenerative dementia. Finally, it is worth mentioning that when we summarized the multimodal imaging features, we did not stratify the different subtypes and different disease stages of the two groups. The heterogeneous composition of populations with different disease stages and baseline levels will partly affect the parameter analysis between clinical characteristics and neuroimaging biomarkers. Since the cross-sectional approach is not conducive to establishing a direct correlation between each clinical scale and neuroimaging changes, longitudinal studies are needed to reflect the direct correlation between the longitudinal performance of each scale, as well as the longitudinal neuroimaging evaluation of MRI parameters during the course of the disease and disease severity.




Conclusion

We performed a detailed clinical, neuropsychiatric, and multimodal neuroimaging analysis of AD patients compared with FTLD patients. We identified several differences, most importantly, the initial symptoms of the disease and clinical features in the progression of the disease. In addition, medical history, especially vascular disease and associated risk factors, involved brain regions and WMH burden and regional distribution gained from multimodal neuroimaging, may provide valuable supplements for early differential diagnosis. Further studies are warranted to investigate the genetics, neuropathology, biomarkers, and mechanistic pathways to track the course of the disease.
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SUPPLEMENTARY FIGURE 1
Sulcus depth, gyrification index and fractal dimension alterations in different groups assessed by surface-based morphometry. (A) Comparison between AD patients and healthy controls; (B) Comparison between FTLD patients and healthy controls; (C, D) FTLD patients compared with AD patients. Color overlay shows punc < 0.001 for family-wise error = 0.05.


Footnotes

1  http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FSL

2  http://stnava.github.io/ANTs/

3  https://cloud.drbrain.net

4  https://neuro-jena.github.io/software.html#vbm
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Neurological biomarkers are particularly valuable to clinicians as they can be used for diagnosis, prognosis, or response to treatment. This field of neurology has evolved considerably in recent years with the improvement of analytical methods, allowing the detection of biomarkers not only in cerebrospinal fluid (CSF) but also in less invasive fluids like blood. These advances greatly facilitate the repeated quantification of biomarkers, including at asymptomatic stages of the disease. Among the various informative biomarkers of neurological disorders, neurofilaments (NfL) have proven to be of particular interest in many contexts, such as neurodegenerative diseases, traumatic brain injury, multiple sclerosis, stroke, and cancer. Here we discuss these different pathologies and the potential value of NfL assay in the management of these patients, both for diagnosis and prognosis. We also describe the added value of NfL compared to other biomarkers currently used to monitor the diseases described in this review.

Keywords: neurofilament, biomarkers, neurological and neurodegenerative diseases, cut-off, biological fluids


INTRODUCTION

Neurofilaments (Nf) belong to the family of intermediate filaments and their localization is exclusively neuronal. Nf differ from other types of intermediate filaments by the complexity of their structure and the composition of their subunits. Three subunits of Nf can be identified (and differentiated on SDS gel according to their molecular weight): NfH (heavy chain, 200 kDa), NfM (medium chain, 160 kDa), and NfL (light chain, 68 kDa; Yuan et al., 2017; Figure 1). Each protein subunit consists of a globular head, an alpha helix portion and a C-terminal domain of variable length, thus determining the molecular weight of each of these subunits (Yuan et al., 2006, 2012). Nf are involved in the radial growth of the axon during neuron development and in the maintenance of its structure and diameter, which are necessary for the transmission of nerve impulses. Nf are also involved in the organization and docking of the different components of the axon to the microtubule network.


[image: image]

FIGURE 1. Structure and organization of neurofilaments (Nf), adapted from Gaetani et al. (2019).



Because of their enrichment in axons and their release into blood and cerebrospinal fluid (CSF) during neuronal damage, the measurement of NfL in these biological fluids as potential biomarkers of axonal damage, axonal loss and neuronal death raises many hopes in terms of diagnosis and prognosis (Figure 2).
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FIGURE 2. NfL release after axonal damages. NfL are detectable in CSF and blood.



NfL thus appears as one of the biomarkers of neurodegeneration, non-specific, but indirectly involved in the pathogenesis of many neurological diseases. These biomarkers are therefore being actively investigated and several assays for their quantification are currently available: the first one is based on an ELISA immunoassay (marketed by Uman Diagnostic, Umeå, Sweden), the second one is based on Simoa (single molecule array) technology and is implemented on the Quanterix® (Billerica, MA, USA) SimoaTM device, and the third one is an immunoassay, based on a microfluidic approach, which can be implemented on the EllaTM device from the Protein Simple® company. These three approaches use the same detection antibodies. A fourth approach, based on electro-chemiluminescence, can be implemented on the Mesoscale Discovery (MSD) devices (Rockville, MD, USA). However, the cut-offs for NfL measurement remain to be homogenized, or even defined, depending on the method, the clinical contexts and the physiological parameters influencing the concentrations such as age, body mass index or renal function (see Table 1). The objective of this article is to overview the interest of NfL in various neurodegenerative diseases and in other contexts of neurological impairment. We present the prognostic or diagnostic implications of measuring this biomarker in biological fluids. We also discuss the place and informative value of NfL in relation to other biomarkers commonly used to monitor the described pathologies.

TABLE 1. Diagnostic/prognostic blood NfL’s threshold in neurological pathological context, according to various technological approaches.
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NFL AND NEURODEGENERATIVE DISEASES


Alzheimer’s disease


Background and state of the art

Alzheimer’s disease (AD) is the most prevalent cognitive neurodegenerative disease with approximately 900,000 people affected in France and more than 225,000 new cases per year (Helmer et al., 2006). From a pathophysiological point of view, AD is characterized by neurodegeneration due to the development of neurofibrillary tangles (NFTs, formed by aggregates of hyperphosphorylated tau protein) and amyloid plaques [formed by agglomerates of amyloid peptides Aβ produced by the cleavage of amyloid precursor protein (APP)]. The diagnosis of AD is based on clinical examination, interview with the patient and relatives, neuropsychological tests (e.g., mini-mental state examination, MMSE), imaging (structural Magnetic Resonance Imaging, MRI, FDG-PET, amyloid PET), and finally lumbar puncture with the quantification of CSF biomarkers Aβ42, Aβ40 (together with the ratio of Aβ42/Aβ40), total tau (t-tau), and phosphorylated tau on threonine 181 (p-tau). These CSF biomarkers perform well in the diagnosis of AD at the dementia stage (Hansson et al., 2006) but also allow diagnosis of the disease at early stage (MCI, mild cognitive impairment; Jack et al., 2013).

The number of publications related to the determination of NfL in AD is very high, both in CSF and in blood (546 referenced in Pubmed on 01/06/2022). As for almost all neurodegenerative diseases, NfL is increased in blood and CSF of AD patients (Gaetani et al., 2019; Mattsson et al., 2019; Delaby et al., 2020). Thus, AD patients can be differentiated from healthy controls with very good accuracy, by measuring NfL in both the CSF (Lista et al., 2017) and the blood (Forgrave et al., 2019; Mattsson et al., 2019). However, several studies reported absence of direct correlation between NfL concentrations in CSF or plasma and amyloid pathology (Aβ+ and Aβ−) as assessed by amyloid PET (Dhiman et al., 2020; Verberk et al., 2020). This suggests that changes in NfL concentration are independent of amyloid pathology in AD, whereas they are correlated with neurodegeneration and tauopathy (Dhiman et al., 2020).



Diagnostic and prognostic values

This almost systematic increase of NfL in neurodegenerative diseases limits the diagnostic interest of this biomarker in AD. However, it is noteworthy that the increase in NfL levels (both in blood and CSF) of AD patients remains more moderate than in most other neurodegenerative diseases (Gaetani et al., 2019). NfL may be differentially involved in the pathological processes of these disorders, in particular, neuronal death may be greater in some of them than in AD (which is chronic), thus generating higher levels of sNfL. In addition, pathologies associated with motor neuron death, such as ALS, might also exhibit higher levels of NfL than others.

Thus, for frontal forms of AD (e.g., primary progressive logopenic aphasia), the measurement of NfL could be of interest in the differential diagnosis with other primary progressive aphasias and, more generally, with frontotemporal lobar degeneration (FTLD), where NfL levels are higher (Pijnenburg et al., 2015; Disanto et al., 2016; Steinacker et al., 2017a; Paterson et al., 2018; Lleó A et al., 2019). The elevated levels of NfL in prion diseases would also allow a differential diagnosis between prions and AD (Steinacker et al., 2016; Thompson et al., 2018).

Changes in blood NfL appear to precede the first clinical manifestations of AD by about 16 years, as shown in longitudinal studies of AD mutation carriers (Preische et al., 2019): NfL could thus be used to monitor subjects with genetic risk factors for AD. Indeed, serum NfL has been shown to correlate with the estimated number of years before symptoms appear in carriers of autosomal dominant AD mutations (Sánchez-Valle et al., 2018) or in Down syndrome (Fortea et al., 2018, 2020).

Elevated CSF NfL is also associated with faster brain atrophy and cognitive decline in AD patients followed up longitudinally (Zetterberg et al., 2016; Osborn et al., 2019; Dhiman et al., 2020). Therefore, elevated CSF NfL in the early clinical stages of AD may predict accelerated cognitive decline and conversion to dementia in AD (Zetterberg et al., 2016; Lim et al., 2021). Thus, NfL assay could serve as a prognostic marker of worsening cognitive function in AD.



Position of NfL compared to other biomarkers and cut-off value

NfL measurement in CSF does not seem to provide further information to the amyloid biomarkers, t-tau and p-tau, already used to predict conversion to dementia in AD (Fortea et al., 2018).

Measurement of NfL in blood could be useful as a first line, i.e., screening test for AD and other neurodegenerative diseases. This would indeed be a straightforward implement due to the less invasive nature of blood collection compared to lumbar puncture.

Thresholds for the use of the blood NfL for diagnosis have been proposed in some studies, although the areas under the curve never reach 0.8. Two large studies found similar cut-off values with the Simoa technique, around 37 pg/ml: the first study being based on the comparison of amyloid+ vs. amyloid− subjects (defined on the basis of Aβ1–42 assays in CSF or amyloid PET imaging, N = 805; Ashton et al., 2021) and the second being based on a pathology cohort (N = 312) comparing Braak 0_II vs. Thal 4–5 and Braak V–VI subjects (Braak being the scale measuring DNF pathology and Thal amyloid pathology by brain region immunohistochemistry techniques; Smirnov et al., 2022). Using Ella technique, thresholds of 19.3 pg/ml and 42.7 pg/ml were reported to differentiate AD from controls and AD from FTD, respectively (Oeckl et al., 2022). When using the MSD technique, a threshold of 26.6 pg/ml was found to discriminate AD from controls (Gaiottino et al., 2013). These cut-offs are not comparable since the techniques are not standardized, but all studies agree in finding areas under the curve in the range of 0.7, which is insufficient for diagnostic use. But these blood thresholds might however be of interest for a first screening step. In addition, age-dependent cut-offs should increase the performance of the test. Finally, the combination of this test with blood measurements of amyloid and tau could also be interesting.




Parkinson’s syndromes and synucleopathies


Background and state of the art

Parkinson’s disease (PD) is the second most common neurodegenerative disease in France (after AD) and the first leading cause of motor disorders. In France, 150,000 people are affected and 25,000 new cases are diagnosed every year (Elbaz et al., 2016). PD is due to the progressive loss of dopaminergic neurons of the nigro-striatal pathway in association with the formation of Lewy bodies corresponding to alpha-synuclein aggregation (Elbaz et al., 2016). Other neurodegenerative pathologies present alpha-synuclein aggregates, such as Lewy body disease (LBD), Parkinson’s dementia, multisystem atrophy (MSA) or idiopathic orthostatic hypotension (IOH). All these pathologies are part of the so-called synucleinopathies. The differential diagnosis between these synucleinopathies is complex and is compounded by diseases with atypical Parkinsonian syndromes, such as progressive supranuclear palsy (PSP) or corticobasal degeneration (CBD), making the differential diagnosis sometimes challenging. To date, no specific biomarkers can be used for such differential diagnosis.

The determination of NfL, both in CSF and in blood, has been intensively studied in the context of PD (156 results in Pubmed as of 01/06/2022). Interestingly, NfL levels do not seem to increase in the CSF of PD patients and several publications have reported similar levels to those of healthy controls (Gaetani et al., 2019).



Diagnostic and prognostic values

While NfL levels are not increased in either blood or CSF of parkinsonian patients, it is noteworthy that they rise in atypical forms of parkinsonian syndromes such as PSP, MSA, and CBD in both CSF (Bäckström et al., 2015; Herbert et al., 2015) and blood (Hansson et al., 2017; Lin et al., 2018; Marques et al., 2019; Ashton et al., 2021). This discrepancy could be due in part to milder and less extensive axonal degeneration in PD than in these atypical forms of parkinsonian syndromes. NfL levels are indeed related to severity, motor neurons scores, and stratification of PD.

Of note, while LBD patients (or those with parkinsonian dementia) also have significant elevated levels of NfL in CSF compared to healthy and PD patients, they have lower levels than PSP, MSA, and CBD patients (Hall et al., 2012). On the other hand, NfL levels in CSF are not very specific and do not differentiate LBD and AD patients (de Jong et al., 2007). The assessment of NfL in CSF or blood could thus be useful for the differential diagnosis of PD vs. atypical parkinsonian syndromes.

The prognostic value of NfL has been evaluated in PD and PSP, but no data are available on its prognostic value in MSA and CBD. In PD, baseline CSF NfL values are associated with mean change per year in Dementia rating scale scores (Olsson et al., 2019; Aamodt et al., 2021). The determination of NfL in CSF (Bäckström et al., 2015) and blood (Aamodt et al., 2021) thus predicts the risk of conversion to parkinsonian dementia in the following years, with not only cognitive but also motor impairment (Lerche et al., 2020; Mollenhauer et al., 2020). In PSP, higher baseline NfL values in CSF and blood appear to be associated with accelerated worsening of motor and cognitive symptoms (Rojas et al., 2016). Furthermore, some patients with HOI evolve to synucleinopathies with motor or cognitive impairment such as PD, LBD or MSA and the level of NfL in the CSF could help predict this conversion (Singer et al., 2021).



Position of NfL compared to other biomarkers and cut-off value

NfL assessed alone appears to have modest performance in predicting conversion from normal cognition to MCI or parkinsonian dementia individually, suggesting that NfL should be integrated into a multi-marker panel to improve prediction of clinical conversion to dementia. Some studies propose to incorporate, for example, Aβ1–42 assay in CSF for this purpose (Bäckström et al., 2015). Some articles have attempted to determine a threshold value using ROC curve to support the differential diagnosis of parkinsonian syndromes. Interestingly, all these studies achieved NfL quantification using the Simoa technique. Thus, a cut-off value of NfL at 21 pg/ml in plasma would allow a satisfactory discrimination of MSA patients and healthy subjects, with a sensitivity of 81% and a specificity of 93% (AUC = 0.912; Zhang et al., 2022). Similarly, NfL cut-off value in serum of 14.8 pg/ml (assessed by the Simoa approach) allows a clear discrimination (AUC = 0.91) between PD patients and those with atypical forms of parkinsonism (MSA and PSP), yielding a sensitivity of 86% and a specificity of 85% (Marques et al., 2019). Thus, among patients whose serum NfL concentration is above the cut-off value, the probability of having an atypical parkinsonism syndrome is 76% (positive predictive value), and patients whose serum NfL amount is below this cut-off value have a 92% probability of having PD (negative predictive value). In the same study, a cut-off value of 13.6 ng/L was used to differentiate patients with atypical parkinsonism from control subjects with a sensitivity of 93% and a specificity of 71% (AUC = 0.88; Marques et al., 2019). One study further detailed the differences in threshold values (assessed by Simoa) according to parkinsonian syndromes (Quadalti et al., 2021): for example, to differentiate PD from MSA, the best cut-off value for plasma NfL is at 17.2 pg/ml for a sensitivity of 90.3% and specificity of 96.4% (AUC = 0.972), and to differentiate a group of PD patients from a group of PSP/DCB patients, the optimal cut-off value is 16.6 pg/ml with a sensitivity of 88.7% and specificity of 87.8% (AUC = 0.936). When grouping atypical parkinsonian syndromes (MSA, PSP, DCB) vs. PD, the cut-off value of plasma NfL is 17.2 pg/ml for a sensitivity of 90.3% and a specificity of 91.7% (Quadalti et al., 2021). These results highlight the interest of NfL measurement in clinical setting, however, prospective validation and real-life clinical use are still needed to confirm such value.




Fronto-temporal dementia (FTD)


Background and state of the art

Frontotemporal dementia (FTD) is a heterogeneous group of neurodegenerative diseases characterized by behavioral disorders and deficits in executive and language functions. It is the third most common cause of neurocognitive impairment after AD and LBD. In clinical practice, the challenge is to differentiate FTD patients with various primary psychiatric disorders (PPD), because of the overlap of some behavioral symptoms with FTD. To date, there is no validated biomarker to distinguish PPD from FTD but NfL, as a non-specific biomarker of neuronal death, appears to be promising to fill this gap in diagnosis.

Several studies have investigated NfL levels in FTD subjects: a total of 19 publications reporting NfL results in CSF (Goossens et al., 2018) and seven in serum were identified. Among these studies, three described NfL levels in patients with a definite diagnosis of FTD on post-mortem pathology analysis and 14 of them described this marker for an FTD population including also familial forms (Steinacker et al., 2018).



Diagnostic and prognostic values

The existing studies describe increased NfL concentrations in both matrices (CSF and serum) in FTD groups compared to PPD and control groups (Forgrave et al., 2019), with sensitivity and specificity values above 80%. The highest concentrations of NfL are observed in FTD associated with Amyotrophic Lateral Sclerosis (ALS, or Charcot disease; Pijnenburg et al., 2015). Thus, according to recently published international recommendations (Ducharme et al., 2020), NfL measurement in CSF or blood could be used in practice for the differential diagnosis between FTD and SPD, as long as validated thresholds are available.

Cut-off values found in studies comparing FTD vs. controls or FTD vs. PPD are similar (Davy et al., 2021), which suggests that NfL amounts are comparable in patients with PPD and healthy subjects; this is confirmed by studies comparing PPD and controls (Eratne et al., 2020).

Studies investigating the prognostic performance of NfL in the context of FTD described a 5-year survival estimate respectively at 36% in FTD patients with a high NfL concentration in the CSF (>3,675 pg/ml) and at 73% in patients whose NfL level was lower than 1,989 pg/ml (both measures determined by ELISA; Meeter et al., 2018). CSF NfL achieved an AUC of 0.87 (95% CI 0.81–0.92, p < 0.001), with a sensitivity of 79% and specificity of 89% (cutoff ≥1,613 pg/ml) to discriminate patients from controls (Meeter et al., 2018).

In a second study, high serum NfL concentrations were also associated with shorter patient survival and these concentrations were correlated with cortical atrophy of the prefrontal, temporal and parietal brain regions (Benussi et al., 2020). Interestingly, serum NfL concentrations showed a high accuracy in discriminating between FTD and healthy controls (area under the curve (AUC): 0.86, p < 0.001; Benussi et al., 2020). In subjects with genetic mutations in the C9ORF72, GRN or MAPT genes (pre-symptomatic subjects), increased serum NfL has been described during the conversion phase corresponding to the onset of symptoms (Wilke et al., 2022). Finally, as in ALS, serum NfL determination seems to be particularly relevant for monitoring future therapies in FTD (Toft et al., 2020; Saracino et al., 2021).



Position of NfL compared to other biomarkers and cut-off value

Low blood progranulin level is a validated biomarker used to predict the presence of GRN mutations for hereditary FTD (van Swieten and Heutink, 2008). Biomarkers are however lacking for the other etiologies and analysis of AD biomarkers in CSF (t-tau, p-tau, amyloid peptides) remains recommended to exclude this pathology as it is the main differential diagnosis for degenerative dementia (Ducharme et al., 2020). On the other hand, no difference in t-tau and p-tau concentrations was found between DFT and control groups (Abu-Rumeileh et al., 2018) and no difference in the concentration of other Nf subunits (NfM and NfH) is observed between FTD patients and PPD (Escal et al., 2022).

To date, no consensual NfL threshold value has been validated for the differential diagnosis between FTD and PPD. However, the studies mentioning cut-offs and using the UmanDiagnostics ELISA kit range from 1,063 pg/ml to 1,877 pg/ml in the CSF (Forgrave et al., 2019) and for the Simoa technique from 19.5 pg/ml to 33 pg/ml in blood (Forgrave et al., 2019). As the assay is not standardized, it is therefore necessary to assess and validate this threshold in each laboratory according to the technique used. This is not so easy, as it requires samples with a probable diagnosis, which is quite rare in this type of uncommon neurocognitive disorder.




Other neurodegenerative proteinopathies

Creutzfeld-Jakob disease (CJD), the most common form of prion disease, is responsible for extremely rapid cognitive decline. Its diagnosis is based on clinical criteria, EEG and the detection of the 14.3.3 protein in the CSF. Alternatively, a very large increase in t-tau concentration, with a high t-tau/p-tau ratio are strong arguments for the diagnosis. Recently, studies have shown the interest of NfL measurement in CSF (Abu-Rumeileh and Parchi, 2021) and in blood (Schmitz et al., 2022) to help in the early diagnosis of the disease and to differentiate it from other causes of dementia, in particular from progressive forms of AD. Of note, CSF NfL, either alone or in combination with other biomarkers, yielded a performance similar to t-tau in the distinction of prion disease from other neurodegenerative diseases (AUC 0.926 vs. 0.939) and showed even a higher diagnostic value than t-tau in the specific comparisons between atypical prion disease and other rapidly progressive neurodegenerative dementias (AUC 0.839 vs. 0.722; Abu-Rumeileh and Parchi, 2021). As for the blood, NfL shows lower values compared to blood t-tau for the discrimination between CJD and non-prion rapidly progressive dementias (AUC 0.497–0.724 and AUC 0.722–0.837, respectively; Abu-Rumeileh and Parchi, 2021).

Huntington’s disease is a rare, inherited disorder of the CNS. It is manifested by motor, cognitive, and psychiatric disorders. The mutated huntingtin (HTT) protein becomes abnormal and toxic to the neurons of the striatum when the number of CAG repeats is greater than 35. Mean concentrations of NfL in plasma at baseline were significantly higher in HTT mutation carriers than in controls [3.63 (SD 0.54) log pg/ml vs. 2.68 (0.52) log pg/ml, p < 0.0001] and the difference increased from one disease stage to the next, thus correlating with the severity of symptoms (Byrne et al., 2017, 2018; Rodrigues et al., 2020). Interestingly, the elevation of NfL precedes the clinic in children with the mutation (Byrne et al., 2018). Concentrations of NfL in CSF and plasma were correlated in mutation carriers (r = 0.868, p < 0.0001; Byrne et al., 2017).



Amyotrophic lateral sclerosis


Background and state of the art

Amyotrophic lateral sclerosis (ALS) is a neurodegenerative disease of central and peripheral motor neurons, resulting in rapidly progressive amyotrophy and a greatly reduced life expectancy. Diagnosis can be challenging due to the heterogeneity of clinical presentations and the criterion of evolutivity. Therefore, it is common for patients initially identified as having ALS to have their diagnosis reconsidered as a slowly evolving motor neuron disease. In recent years, the NfL assay has emerged as a promising biomarker for the diagnosis and prognosis of ALS.

Published studies first focused on the determination of NfL in CSF (Zetterberg et al., 2007), then in blood (Gaiottino et al., 2013) but also on drying blood or plasma spots (Lombardi et al., 2020). To our knowledge, 36 articles illustrating the interest of NfL blood determination in the context of ALS have been published since 2013.



Diagnostic and prognostic values

Increased blood and/or CSF NfL levels have been reported in ALS patients (Xu et al., 2016; Verde et al., 2019), reflecting axonal damage of motor neurons during disease progression. The mean increase of NfL is significantly greater in ALS patients compared to patients with slowly progressing amyotrophy (Gaiani et al., 2017).

More recently, the interest of blood NfL in predicting the course of the disease has become apparent due to the correlation of this biomarker with the severity of clinical signs (Kojima et al., 2021) and/or the course of the disease (Thouvenot et al., 2020). Monitoring NfL blood levels could also allow the detection of pre-symptomatic forms of ALS in subjects at risk (Benatar et al., 2018). Finally, although no cure for ALS is yet available, NfL blood levels have been suggested as a monitoring marker for potential future therapies (Benatar et al., 2018; Witzel et al., 2021).



Position of NfL compared to other biomarkers and cut-off value

Diagnostic performance of blood NfL for ALS is superior to other biomarkers of axonal degeneration [such as S100B and progranulin (Steinacker et al., 2017b) or neuroinflammation (Brodovitch et al., 2021)]. This can be partly explained by the severity of the disease, but also by the fact that the degeneration affects large myelinated axons that have a strong expression of NfL. The combination of NfL and C-reactive protein in blood (De Schaepdryver et al., 2020) or ferroptosis markers (Devos et al., 2019) have been proposed for the prognostic evaluation of ALS. Determination of TDP-43 and t-tau proteins levels in CSF has also been described in this context (Kojima et al., 2021). A recent study described optimal cut-off values to discriminate between ALS and controls at 500 pg/ml (a sensitivity of 88.5% and specificity of 83.3%), using ELISA assay (Shi et al., 2022). When evaluating the ROC curves in discriminating patients with ALS and subjects with an alternative ALS-mimicking disease, sNfL (measured through Simoa) yields a diagnostic value of 0.873 ± 0.036 (sensitivity 84.7%, specificity 83.3%), for a cut-off 32.7 pg/ml (Vacchiano et al., 2021).




Multiple sclerosis


Background and state of the art

Multiple sclerosis (MS) is a chronic inflammatory disease of the central nervous system (CNS), which can cause significant physical and cognitive disability and is responsible for a significant deterioration in quality of life. It is the most common neurological disease affecting young adults, three women for one man, with onset occurring mainly between the ages of 20 and 40. It is a multifactorial disease linked to genetic susceptibility factors in association with environmental risk factors and epigenetic factors leading to immune dysfunction (Reich et al., 2018). Eighty-five percent of multiple sclerosis evolves in the form of relapses alternating with phases of remission (so-called relapsing-remitting MS or RRMS). After 10–15 years of disease, RRMS may progress, especially without treatment, to a phase where disability progresses (so-called secondarily progressive MS or SPMS). Fifteen percent of patients present a progressive form from the start (so-called primary progressive MS or PPMS). Relapses are related to CNS invasion by pro-inflammatory peripheral immune cells causing multifocal demyelinating lesions and secondary axonal degeneration. Later phases of the disease are associated with diffuse microglial activation and the formation of ectopic lymphoid meningeal follicles (Cree et al., 2021). Although great progress in the accuracy of diagnostic criteria and immunotherapies for RR forms of MS has been achieved, no blood or CSF biomarkers to monitor disease activity or prognosis or finally to monitor response to treatment are available to date. NfL could be a useful biomarker in these indications, and more than 300 studies related to the measurement of NfL in MS have been published in CSF and since 2016 in serum (n = 178) or plasma (n = 49).



Diagnostic and prognostic values

Measurement of NfL is not relevant for the differential diagnosis of neuroinflammatory CNS pathology. However, various parameters related to the neuro-axonal damage induced by the inflammatory activity of MS are correlated with increased NfL levels in the CSF and in the blood: presence of a relapse (Barro et al., 2018), presence and number of gadolinium-enhancing lesions on gadolinium injection on MRI (Gd+), indicating “active” lesions (Novakova et al., 2017; Varhaug et al., 2018), increase in the number of new lesions on MRI (Bittner et al., 2020), and the brain volume (Barro et al., 2018). Interestingly, sNfL levels were described to be higher in RRMS than in clinically isolated syndrome patients (p = 0.001), thus suggesting sNfL might serve as a biomarker from very early stages of MS (Bittner et al., 2020). Importantly, the prediction accuracy of OCB (presence of oligoclonal bands in the CSF) and/or Gd+ (sensitivity: 72%, specificity: 76%, accuracy: 79%) were increased by including the 90th percentile of sNfL in addition to the above two variables (sensitivity: 73%; specificity: 79%, accuracy: 84%). These findings pointed towards a potential value of especially high sNfL levels (>31 pg/ml) at time of first demyelinating event as indicators of ongoing chronic CNS neuroinflammation and may be considered for inclusion in a future refinement of the McDonald criteria (Bittner et al., 2020). In the context of relapse occurrence or so-called “active” lesions, this increase may persist for a few weeks to a few months. Blood NfL levels also seem to correlate with markers of B cell activity in the CSF, such as the CD80 + marker or the CD20 +/CD14 + ratio (Engel et al., 2019; Uher et al., 2021).

In the short term, elevation of NfL blood levels above the 80th percentile of measured samples correlates with worsening disability within 1 year, as measured by the Expanded Disability Status Scale (EDSS) score. This elevation is also predictive of the occurrence of relapses and progression of brain atrophy in the short term (Disanto et al., 2017; Barro et al., 2018; Calabresi et al., 2021a; Thebault et al., 2022). In the long term, elevated blood NfL levels seem to be predictive of increased brain atrophy at 5 or even 10 years (Kuhle et al., 2017; Barro et al., 2018; Chitnis et al., 2018; Cantó et al., 2019; Jakimovski et al., 2019; Srpova et al., 2021). Contrast enhancing and new/enlarging lesions were independently associated with increased serum neurofilament light chain (17.8% and 4.9% increase per lesion respectively; P < 0.001; Barro et al., 2018). The association with disability progression, however, is inconsistent across studies (Manouchehrinia et al., 2020a). One hypothesis that may explain the weaker long-term predictive value is that part of the increase in NfL blood levels related to chronic neurodegenerative processes (associated with the progression of disability in the long term) could be masked by neuro-axonal damage/injury due to the acute inflammatory activity of MS.



Blood NfL as a marker of treatment response

Numerous studies have reported decreased blood NfL levels following initiation of MS immunotherapies (Pop and Viuleţ, 1985; Disanto et al., 2017; Novakova et al., 2017; Varhaug et al., 2018; Cantó et al., 2019; Bittner et al., 2020; Calabresi et al., 2021a, b), so that this assay is currently included in most pharmaceutical clinical trials as a secondary measure of treatment effectiveness. The decrease appears to be greater upon initiation of high efficacy therapy (Delcoigne et al., 2020), compared to moderate or basic therapy (p < 0.05). This indicates that longitudinal sNfL changes rather than absolute sNfL values at a given time point might be indicative of disease activity and treatment stratification (Bittner et al., 2020). Longitudinal and individual measurement of NfL blood levels to assess the effect of initiated treatment on MS inflammatory activity is therefore promising. Early detection of a suboptimal response to treatment could indeed help to individualize therapeutic decisions, and some treatment strategies are already proposed on the basis of measured NfL values (Bittner et al., 2021; Thebault et al., 2021).



Position of NfL compared to other biomarkers and cut-off value

Astrocytic biomarkers [such as GFAP and chitinase-3-like protein 1 (CHI3L1)] are currently being studied to discriminate RRMS from SPMS patients (Selner, 1988; Huss et al., 2020). However their determination is not a substitute for other markers currently used in clinical routine (such as determination of the presence of CSF-specific IgG oligoclonal bands or visualization of lesion progression on MRI).

Comparison of ELISA and electrochemiluminescence techniques showed better sensitivity of the SimoaTM platform for the determination of blood NfL in this context (Kuhle et al., 2016) and comparison between Simoa and Ella technologies showed similar results (Gauthier et al., 2021).

NfL levels increase with age (Gauthier et al., 2021) and fluctuate with body mass index and total blood volume (Manouchehrinia et al., 2020b), but are not influenced by gender (Harp et al., 2022). Renal function only influences NfL levels when the glomerular filtration rate is below 60 ml/min/1.73 m2 (Benkert et al., 2022). A meta-analysis in MS and independent cohort studies of young patients (between 18 and 50 years of age) did not show any association between CSF NfL level and age, in contrast to healthy subjects or those with other neurodegenerative diseases. This suggests that in younger patients, inflammatory activity may mask the effect of age on measured NfL levels (Bridel et al., 2019; Bittner et al., 2020; Manouchehrinia et al., 2020a; Rosso et al., 2021; Uher et al., 2021). Nevertheless, a recent study of more than 10,000 blood samples confirms that NfL level varies with age, with an increase of 2.5% per year, but that this increase is greater after 50 years of age (Benkert et al., 2022). This study enabled the determination and validation in independent cohorts of cut-off values expressed as percentile/Z-scores that quantify the deviation of serum NfL level from the control group, adjusted for age and body mass index: in this study, a sNfL Z score above 1.5 was associated with an increased risk of future clinical or MRI disease activity in all people with multiple sclerosis (odds ratio 3.15, 95% CI 2.35–4.23; p < 0.0001) and in people considered stable with no evidence of disease activity (2.66, 1.08–6.55; p = 0.034; Benkert et al., 2022). A freely available web application allows calculation of the adjusted percentile/Z-score from an individual NfL value1.





NFL AND NEUROLOGICAL DAMAGES


Traumatic brain injuries


Background and state of the art

Traumatic brain injury (TBI) is a major public health problem (more than 500 per day in France). About 80% of cases of TBI are classified as mild head injury (also called concussions). The morbidity associated with head trauma is considerable. Nearly 50% of victims have residual disabilities that may include progressive neurodegeneration, cognitive impairment, and dementia. Head injuries must be carefully diagnosed to foresee, anticipate, and treat the medical and/or social after-effects they cause. Blood and CSF biomarkers of neurodegeneration, particularly NfL, could help in the diagnosis and prognosis assessment.



Diagnostic and prognostic values

The number of publications regarding the interest of NfL in TBI is growing rapidly (391 articles in PubMed as of 01/06/2022). An increase in NfL levels in the CSF and blood is found during TBI, reflecting the axonal damage suffered (Khalil et al., 2018). Following TBI, whether severe or mild in athletes, NfL is detectable from the first hour and continues in a linear fashion with a maximum at Day 12 in the CSF and blood (Zetterberg et al., 2013; Zetterberg and Blennow, 2016; Shahim et al., 2017; McDonald et al., 2021).

The 24-h assessment of this biomarker could also be of prognostic interest. The NfL increase seems to be correlated with the severity of the damage found on the brain scan and with the severity of the neurological sequelae at 1 year, as well as with the survival of the patients (Shahim et al., 2016, 2018; Graham et al., 2021). Measurement at 24 h allows prediction of the long-term evolution of patients and high values are observed in case of unfavorable evolution. In athletes, NfL blood levels are correlated with the number of concussions and their impact (Verduyn et al., 2021). A recent study in rugby players showed that those who have suffered more than three concussions in a year maintained high NfL levels after the off-season, indicating chronic suffering. Chronically elevated levels of this biomarker have also been associated with the development of frontotemporal cognitive deficits and damage to the blood-brain barrier (Verduyn et al., 2021). Thus, a persistent increase in NfL could indicate the presence of progressive post-traumatic neurodegeneration. These results have yet to be confirmed by larger studies but suggest that NfL blood determination may be useful to identify patients at risk of developing chronic traumatic encephalopathy and to adapt their follow-up.



Position of NfL compared to other biomarkers and cut-off value

The monitoring of serum biomarkers, such as S100B protein in TBI patients is of great interest for rapid and inexpensive diagnosis and prognostic evaluation. Other blood biomarkers are being studied and the NfL assay could be a complementary tool to enhance its diagnostic performance. Indeed, the cellular origin and the kinetics of these biomarkers are different (Figure 3): the determination of S100B must be performed within 3 h after the TBI [because of its half-life of 2 h (Jackson et al., 2000)], and the serum determination of NfL (whose half-life is longer and whose levels remain high several days after the TBI) would thus present a real informative added value in case of delayed patient management (Blomquist et al., 1997; Shahim et al., 2016; Thelin et al., 2017). A mean diagnostic serum threshold of 20 pg/ml is found in several studies in this context (Thelin et al., 2017). Other biomarkers of interest in this context are emerging, such as neuron-specific enolase (NSE), glial fibrillary acidic protein (GFAP), t-tau, and ubiquitin C-terminal hydrolase L1 (UCH-L1; Figure 3). Further studies comparing the diagnostic and prognostic performance of these markers are needed for their clinical use, alone or in combination, as well as for the advancement of CE and IVD labeling, which are essential for their use in clinical care. In the field of mild TBI (MTBI) and the interest of blood biomarkers in the reduction of unnecessary brain scans prescriptions, a recent study compared the diagnostic performances of S100B and NfL in the early management (blood samples within 3 h post-trauma) of 179 MTBI patients referred to an emergency department. S100B predicted intracranial lesions with a sensitivity of 100% and a 36% specificity. The NfL measurement did not enhance the predictive value. At a threshold of 8.38 ng/L, NfL predicted intracranial lesions with a 28% specificity. On the other hand, in the same population, NfL proved to be a high effective marker for the detection of patients with degenerative neurological pathologies, as shown by the data collected in this study (area under the ROC curve of 0.87 compared with only 0.57 for the S100B protein; Kahouadji et al., 2022).


[image: image]

FIGURE 3. Cellular origin (A) and kinetics (B) of NfL increase following traumatic brain injury (TBI) compared with other biomarkers: S100B, UCH-L1, Tau, NSE, and GFAP.



Considering the extensive literature in this area, NfL is likely to be of greater interest for prognostic assessment. However, no cut-off value has yet been determined to predict the secondary occurrence of cognitive disorders.




Stroke


Background and state of the art

Stroke is the worldwide leading cause of death and long-term morbidity. NfL may be of interest as a predictive biomarker for the outcome of ischemic stroke, and for the long-term consequences. Indeed, only one third of patients recover with minimal or no deficit, whereas the majority remain moderately or severely disabled for life. As life expectancy and population ages increase, stroke management has become a societal issue and efforts are underway to identify appropriate prognostic indicators for optimizing patient management.



Diagnostic and prognostic values

CSF and blood NfL levels are both increased after stroke, involving both small and large vessels, and several studies have investigated the relationship between this increase and the prognosis of ischemic stroke (Gattringer et al., 2017; Pujol-Calderón et al., 2019; Peters et al., 2020). A recent meta-analysis confirmed existence of a correlation between serum NfL level and the volume of the cerebral infarct area (Liu et al., 2020), with a pool adjusted odds ratios (ORs) from multivariate regression models, = 1.71 (95% CI: 1.17–4.29), representing that the patients with higher sNfL had a 1.71 times higher risk of poor functional outcome during follow-up (compared with lower sNfL patients; Liu et al., 2020). Kinetic assays reveal that the highest concentration would be reached 1 week after stroke (Tiedt et al., 2018; Gendron et al., 2020). Patients with the highest levels between 1 and 7 days after stroke were 1.7 times more likely to have sequelae within 3 months than those with low NfL levels. A large prospective study (n = 1,694 patients) recently confirmed that NfL levels at 48 h were an independent risk factor for cognitive sequelae within 3 months after stroke (Wang Z. et al., 2021), p < 0.001. Levels also correlated with the Rankin score used to measure disability secondary to stroke in the acute phase. Other studies show that initial NfL levels predict longer-term patient outcomes, particularly cognitive decline at 1 year (Wang J.- H. et al., 2021) and mortality (Gendron et al., 2020), regardless of whether the stroke was ischemic or hemorrhagic. The optimal cut-off value of the sNfL concentration was 46.12 pg/ml, which yielded a sensitivity of 71.0% and a specificity of 81.5%, with the area under the curve (AUC) at 0.785 (95% CI 0.762–0.808, p < 0.001; Wang Z. et al., 2021). These results demonstrate the value of early NfL determination as a prognostic biomarker.

CSF NfL levels are also increased in subarachnoid hemorrhage due to aneurysm rupture (Nylén et al., 2006; Gendron et al., 2020). As in stroke, the levels correlate with a poor prognosis, and in particular with 3-month mortality (Gendron et al., 2020; Hviid et al., 2020). The area under the receiver operating characteristic curve (ROC AUC) for discrimination of day-30 mortality was significant on admission [AUC = 0.83, 95% confidence interval (CI): 0.56–1.0] and increased on 24-h follow-up (AUC = 0.93, 95% CI: 0.84–1.0; Hviid et al., 2020).

NfL levels may remain elevated for up to 6 months after stroke. The sustained high levels could be explained by secondary Wallerian degeneration affecting motor neurons and by the poststroke inflammatory and immune response. High 6-month NfL levels correlate with the presence of secondary lesions and quantitative measure of secondary neurodegeneration detected by MRI (Tiedt et al., 2018; Peng et al., 2021).



Position of NfL compared to other biomarkers and cut-off value

Other biomarkers are studied in the stroke context: GFAP and Tau levels increase after stroke and are correlated with lesion volume and the NIHSS clinical score used for diagnosis and severity assessment. The kinetics of these biomarkers are different from NfL with a much faster rise and fall. The time between stroke and the determination of each of these biomarkers should be evaluated for optimal use (Pujol-Calderón et al., 2022). Although the place of blood NfL remains to be confirmed, it will undoubtedly improve, in combination with the available tools (biomarkers, clinical, and imaging scores), a better assessment of the prognosis of stroke patients. After an acute stroke, prophylaxis is implemented to prevent or reduce subsequent events, and a blood biomarker that captures subclinical events would help both monitor and determine the best treatment for this purpose (Campbell et al., 2019). Thus, blood levels of NfL are related to the risk of developing stroke in the years after the acute event and low NfL could be a real-time biomarker of the effectiveness of prophylactic treatment (Uphaus et al., 2019).

There is no validated consensus cut-off value for the assessment of stroke prognosis by blood NfL. Only one study proposes a threshold value of 46 pg/ml, determined by the Simoa approach, to identify patients who will remain with cognitive sequelae at 3 months [sensitivity of 71% and specificity of 81.5% (AUC 0.79; Wang Z. et al., 2021)]. This value should be adjusted according to the assay technique used, the patient’s history (neurodegenerative diseases) and age.




Neurological damages in oncology


Background and state of the art

Neurological disorders in cancerology are numerous and varied in terms of both their etiology and the symptoms observed. They can be due to the primary cerebral localization of a tumor (glioblastoma, oligodendroglioma, medulloblastoma‥.), to the cerebral or medullary localization of metastases of an extra-cerebral cancer (lung, breast, melanoma, digestive cancer, lymphoma‥.), to a carcinomatous meningitis (inflammation by meningeal invasion by cancerous cells) or to autoimmune reactions triggered (paraneoplastic neurological syndrome). The treatment of these cancers is also responsible for neurological complications, and this neurotoxicity is in most cases dose-dependent. Neurological damage may affect the central nervous system (CNS), the peripheral nervous system (PNS) or both simultaneously. Early diagnosis of these disorders can often reduce symptoms and prevent permanent neurological deficits. Imaging tests such as MRI or electromyography (EMG) are used to identify these disorders, but there are no blood biomarkers (except for anti-neuronal antibodies) that can be useful for the diagnosis of these pathologies. Moreover, the currently available markers do not allow the evaluation of lesion progression and response to treatment. Various studies have explored the use of NfL in these indications.



Diagnostic and prognostic values

Primary CNS tumors and brain metastases are major causes of morbidity and mortality. The earlier the diagnosis, the better the management of the patients and the survival rates, which are anyway low in these cases. Several publications have thus focused on the use of NfL as a diagnostic and prognostic blood marker. High blood levels of NfL in brain metastases (Hepner et al., 2019; Kim et al., 2021; Lin et al., 2022) was reported, these levels being correlated with the number and size of metastases (Lin et al., 2022). A decrease in levels of NfL was also detected following treatment (Kim et al., 2021).

Interestingly, Winther-Larsen et al. demonstrated an increase in NfL in the blood (35 vs. 16 pg/ml, p = 0.001) early, even before the diagnosis of brain metastases (median 3 months before; Winther-Larsen et al., 2020). sNfL discriminated these patients with an area under the curve of 0.77 (0.66–0.89; Winther-Larsen et al., 2020). An increase in NfL could be measured median 3 months (range: 1–5) before the brain metastasis diagnosis. A very high level of NfL at the time of diagnosis seemed to be correlated with a lower survival, with an inferior survival [hazard ratio: 2.10 (95% confidence interval: 1.11–3.98; Winther-Larsen et al., 2020)]. Of note, these findings were recently confirmed in a cohort of lung cancer patients (Lin et al., 2022).

NfL determination may also have prognostic value in primary CNS tumors. Thus, Hepner et al. showed in a cohort of glioma patients that blood levels of NfL varied closely with tumor activity (Hepner et al., 2019), and that patients with progressive disease had on average 10-fold higher levels than those with stable disease.



Response to cancer therapy

Iatrogenic neurological complications can appear as early as the first days of treatment or even years later. Some alkylating agents are well known to be responsible for adverse effects with neurological manifestations (e.g., neuropathy and platinum salts). The increase in treatment lines and the development of new therapeutic modalities increase the risk of neurotoxicity. It can be challenging to make the diagnosis, but it is essential to get it done as soon as possible. Several studies have shown that the concentration of NfL correlates with the development and severity of toxicity resulting from various treatments. Thus, patients treated with paclitaxel, known to induce peripheral neurological manifestations, show an increase in blood NfL concentration 4 weeks after chemotherapy (compared to controls), resulting in an 86% sensitivity and 87% specificity (Huehnchen et al., 2022). An increase of sNFL of +36 pg/ml from baseline was associated with a predicted CIPN probability of more than 0.5 (Huehnchen et al., 2022).

The increase correlated with the development and severity of polyneuropathy (Huehnchen et al., 2022; Karteri et al., 2022). However, no association between increased blood NfL and cognitive impairment could be demonstrated in this context (Argyriou et al., 2022).

Emerging therapies such as antibody immunotherapy and CAR-T cells may also induce neurotoxicity, particularly autoimmune encephalitis, and the Immune Cell Associated Neurotoxicity Syndrome (ICANS), 1 week after treatment. In the case of post-immunotherapy autoimmune encephalitis, blood and CSF NfL rises and this result might be useful for tolerance monitoring (Piepgras et al., 2021). A very recent study reports that patients with ICANS after CAR-T therapy had elevated NfL levels (Schoeberl et al., 2022) and increased levels correlated with severity of the symptoms [(ICANS grade 0–1: 28.4 pg/ml (IQR, 19.2–49.7 pg/ml); ICANS grade 2–4: 60.0 pg/ml (IQR, 31.7–109.0 pg/ml); p < 0.01; Schoeberl et al., 2022)]. More surprisingly, patients who developed this neurotoxicity had already elevated pre-transplant levels of NfL (60 pg/ml vs. 28 pg/ml in the group that developed no or little neurotoxicity, as assessed by Simoa technology; Schoeberl et al., 2022).

These initial results are promising in terms of the usefulness of NfL in oncology but remain to be validated on larger and longer-term cohorts for neurotoxicity.



Position of NfL compared to other biomarkers and cut-off value

For metastases diagnosis, NfL threshold values may be defined according to age: for example, NfL levels >22 pg/ml (measured by the Simoa approach) in cancer patients aged 51–60 years may predict the presence of brain metastases (Kim et al., 2021). Other biomarkers are also being evaluated, in particular the GFAP protein which would, according to Darlix et al. (2021) outperform NfL as a diagnostic and prognostic factor for brain metastases in breast cancer patients. Further studies will determine whether the combination of the two biomarkers is worthwhile, but studies have already described increased levels of sNfL and GFAP in patients with CNS tumors with disease in progression vs. CNS with stable disease (p = 0.03 and p = 0.01, respectively; Hepner et al., 2019). Regarding chemotherapy toxicity, an increase in serum NfL concentration (assessed by Simoa) of more than 36 pg/ml (Huehnchen et al., 2022) or an elevated level at 3 or 4 weeks (>50 pg/ml and >85 pg/ml) is associated with high risk of developing polyneuropathy (Huehnchen et al., 2022; Karteri et al., 2022). In addition, high level of blood NfL could predict the occurrence of ICANS in case of CAR-T cell treatment (a threshold value of 75 pg/ml determined by the Simoa approach has been proposed; Schoeberl et al., 2022).




Other NfL applications

It is difficult to be exhaustive on the use of NfL as this marker is in full expansion. For example, Nf could be of interest in other peripheral neuropathies, such as TTR amyloidosis (Ticau et al., 2021) and AL amyloidosis (Louwsma et al., 2021). Growing literature also highlights the predictive value of NfL concentrations in the intensive care setting, as it may be used to assess the risk of neurological events following either resuscitation (Fisse et al., 2021; Page et al., 2022) or cardiac arrest. Thus, high levels of blood NfL 48 h after cardiac arrest (>500 pg/ml) were described to predict neurological complications related to cerebral ischemia/hypoxia with high sensitivity (100%, 95%CI 70.0–100%) and specificity (91.7%, 95%CI 62.5–100%; Adler et al., 2022; Hoiland et al., 2022) and were correlated with EEG abnormalities, p < 0.001 (Grindegård et al., 2022).

Recent research has focused on the determination of NfL values in children, and norms could be proposed in the pediatric population (Nitz et al., 2021). Increased NfL is described to be correlated with the development of motor neurological disorders or retinopathy in premature infants (Goeral et al., 2021; Sjöbom et al., 2021). The value of NfL in CSF and blood also appears to be associated with the severity of inherited diseases with neurological impairment, such as SMA (Johannsen et al., 2021; Nitz et al., 2021), cerebral adrenoleukodystrophy (Wang et al., 2022) or mitochondrial diseases (Sofou et al., 2019). Finally, NfL could be relevant for monitoring treatment response (Ru et al., 2019).





CONCLUSION

Development of ultrasensitive immunoassays has made it possible to detect biomarkers of neuronal damage in easily collected blood samples, even though the concentrations are lower than in CSF. This opens a promising new avenue for the development of neurological biomarkers. Neurofilaments (Nf) are proteins selectively expressed in the cytoskeleton of neurons, the increase of which is a marker of neuronal damage. NfLs are highly specific to neurons but increase in many clinical settings and other candidates for neurological damage are currently under development. Indeed, neuronal damage is common and can be observed both during neurodegenerative diseases (such as AD, PD, FTD) but also in other neurological contexts (such as head injury, stroke or cancer). In this review, we have provided an overview of these different contexts, showing that the determination of NfL in biological fluids has a wide range of potential uses, sometimes for differential diagnosis, but more often for prognosis or monitoring of the therapeutic response of many neurological diseases (Figure 4). We discuss the place and informative added value of NfL compared to other commonly used biomarkers for monitoring neurodegenerative or no-neurodegenerative pathologies.


[image: image]

FIGURE 4. Physiological and pathological factors modifying the NfL levels in CSF and blood (non-exhaustive). A rise in NfL is not specific for a specific disease factor and may be caused by both neurodegenerative diseases or a head impact during sports for example.



The NfL assay may be particularly relevant for the diagnosis of ALS or PD dementia for example. It would also be useful for the differential diagnosis between FTD and psychiatric disorders, between different Parkinsonian syndromes, or between Alzheimer’s disease and Prion disease, for which the levels of circulating NfL are very different. It is important to note that the level of NfL is a good marker of severity: its level is indeed correlated with a poor prognosis in many neurodegenerative diseases (ALS, Parkinson’s disease syndromes, MS, Huntington’s,‥.) and predicts the cognitive decline following repeated head trauma and stroke. The signs and symptoms on which the clinical diagnosis is based sometimes appear late in the course of the disease compared to the time of onset; the dynamics of blood NfL in the preclinical phases of neurological diseases and the possibility of detecting blood levels of NfL in an ultrasensitive manner could be used to identify diseases at an earlier stage. Finally, NfL can also be used to monitor the response to therapies and the neurotoxicity that such treatments may cause.

Nonetheless, it is important to keep in mind that NfL is a marker of neuroaxonal destruction independent of the mechanism causing the neuronal damage. The specific diagnosis will require consideration of a great deal of information, including the patient’s history, physical examination, imaging, and other laboratory tests. It seems essential to define reference ranges of normality for this biomarker, depending on the biological sample considered (CSF or blood), the analytical test performed, age and BMI for each medical indication in order to correctly interpret NfL results according to the context. Indeed, many factors other than the primary neurological disease, including age, BMI, cardiovascular risk factors, unrecognized head injury, etc., may be confounding factors that influence blood NfL and should therefore be taken into account when evaluating this biomarker in patients.

The homogenization of the thresholds of this biomarker according to the assay methods would allow a rapid development of its use in clinical routine for an optimized management of the patients. The extent of its use means that NfL could soon become a must for the clinical activity of the neurologist (Giovannoni, 2018; Lambertsen et al., 2020).
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 AD, Alzheimer’s disease; AUC, area under the curve; CBD, corticobasal degeneration; CJD, Creutzfeldt Jakob disease; CNS, central nervous system; CSF, cerebrospinal fluid; FTD, fronto-temporal dementia; Gd+, gadolinium lesions; GRN, progranulin; HTT, hungtintin; ICANS, Immune Cell Associated Neurotoxicity Syndrome; LBD, Lewy body disease; MCI, mild cognitive impairment; MS, multiple sclerosis; MSA, multisystem atrophy; NfL, neurofilament light; OCB, oligoclonal bande in the CSF; PD, Parkinson’s disease; PPD, primary psychiatric disorders; PS, Parkinson’s syndromes; PSP, progressive supranuclear palsy; ROC, receiver operating characteristic; TBI, traumatic brain injury.
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WDR43 is a potential diagnostic biomarker and therapeutic target for osteoarthritis complicated with Parkinson’s disease
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Osteoarthritis (OA) and Parkinson’s disease (PD) are on the rise and greatly impact the quality of individuals’ lives. Although accumulating evidence indicates a relationship between OA and PD, the particular interactions connecting the two diseases have not been thoroughly examined. Therefore, this study explored the association through genetic characterization and functional enrichment. Four datasets (GSE55235, GSE12021, GSE7621, and GSE42966) were chosen for assessment and validation from the Gene Expression Omnibus (GEO) database. Weighted Gene Co-Expression Network Analysis (WGCNA) was implemented to determine the most relevant genes for clinical features. Then, Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) were carried out to explore the biological processes of common genes, and to display the interrelationships between common genes, the STRING database and the application Molecular Complex Detection Algorithm (MCODE) of Cytoscape software were leveraged to get hub genes. By intersecting the common genes with the differentially expressed genes (DEGs) acquired from GSE12021 and GSE42966, the hub genes were identified. Finally, we validated the diagnostic efficacy of hub genes and explored their correlation with 22 immune infiltrating cells. As a consequence, we discovered 71 common genes, most of which were functionally enriched in antigen processing and presentation, mitochondrial translation, the mRNA surveillance pathway, and nucleocytoplasmic transport. Furthermore, WDR43 was found by intersecting eight hub genes with 28 DEGs from the two validation datasets. Receiver Operating Characteristic (ROC) implied the diagnostic role of WDR43 in OA and PD. Immune infiltration research revealed that T-cell regulatory (Tregs), monocytes, and mast cells resting were associated with the pathogenesis of OA and PD. WDR43 may provide key insights into the relationship between OA and PD.
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INTRODUCTION

OA is a progressive and degenerative joint disease, which is a chronic disease and disability caused by various pathological changes such as synovial inflammation, cartilage degradation, and subchondral bone changes (McDonough and Jette, 2010; Neogi, 2013). OA has been reported in 10 percent of men and 18 percent of women over the age of 60 (Roseti et al., 2019). This degenerative disease primarily affects the weight-bearing joints of the lower extremities (hips, knees, and ankles). Patients with OA have a reduced quality of life due to limited joint mobility, pain, swelling, and deformity (Ma et al., 2014). A complex interplay between many genetic and environmental risk factors (developmental disorders, obesity, metabolic factors, and pre-existing joint damage) accelerates the onset and progression of OA (Egloff et al., 2012). Furthermore, one of the important risk factors for the degenerative process of OA is the inflammatory response. Elevated levels of inflammatory mediators have been detected in almost every OA joint tissue (synovium, subchondral bone, and cartilage, etc.; Orlowsky and Kraus, 2015).

PD is a progressive neurodegenerative disease caused by the loss of dopaminergic neurons (Bhat et al., 2018) and is characterized by motor (e.g., resting tremor, muscle stiffness, and bradykinesia) and nonmotor symptoms (e.g., apathy, orthostatic hypotension, and olfactory dysfunction; Modugno et al., 2013; DeMaagd and Philip, 2015). The global prevalence of PD is 0.1%–0.2% (Tysnes and Storstein, 2017), and the prevalence has gradually increased over the past few decades (Aktas et al., 2007; Aid and Bosetti, 2011). PD is often characterized by neuroinflammation, with glia-mediated responses and increased expression of proinflammatory substances (Cebrian et al., 2015).

Recent studies have shown that arthritis is the most common comorbidity of PD (Jones et al., 2012). OA significantly affects the joints of the hip, knee, and spine, resulting in joint inflammation, wear, and stiffness (Loeser et al., 2012; Jacob et al., 2021). Neurologically healthy individuals with lower extremity OA frequently exhibit slower pace, shortened stride length, reduced single-limb support, and reduced mobility compared with healthy controls (Brandes et al., 2008; Zasadzka et al., 2015). Similar to patients with PD, patients with OA also show increases in falls, disease severity, gait dysfunction, and mobility impairment throughout aging (Guideline for the prevention of falls in older persons, 2001; Astephen et al., 2008; Centers for Disease Control and Prevention, 2013). Furthermore, a growing body of literature reports that peripheral inflammation may induce neuroinflammation in the brain, leading to neurodegeneration (Perry, 2004; Träger and Tabrizi, 2013; Wang J. et al., 2018). Therefore, we hypothesized that having OA might increase the risk of developing PD.

In this study, on the basis of previous studies, we used bioinformatics methods to gradually identify common genes related to OA and PD, and preliminarily confirmed the relationship between OA and PD. The correlation between the occurrence and development of diseases, and the correlation between the two in terms of function and immune infiltration were found, thus providing new targets and references for the clinical research of OA and PD in the later stage.



MATERIALS AND METHODS


Data collection

GSE55235 (Woetzel et al., 2014) and GSE7621 (Lesnick et al., 2007) gene expression profiles were obtained from the GEO database1 (Edgar et al., 2002), which is a comprehensive microarray and high-throughput sequencing dataset encompassing all research submissions. The two datasets were based on the GPL96 platform (Affymetrix Human Genome U133A Array) and the GPL570 platform (Affymetrix Human Genome U133 Plus 2.0 Array). The GSE55235 dataset contains synovial tissue samples from 10 patients with OA and 10 normal volunteers. The GSE7621 dataset contains 16 samples from Parkinsonian patients with postmortem human substantia nigra and nine samples from normal volunteers.



Data transformation and visualization

The “limma” R package was used to screen significative genes between OA and PD samples (Ritchie et al., 2015). The DEGs with an adjusted p < 0.05 and |log2FC| > 1 were considered statistically significant. Then, the “ggplot2” (Lott et al., 2009) and “pheatmap” R package were used to plot the volcano diagram and heatmap.



WGCNA-based module and gene screening

To identify common genes linked with OA and PD, the “WGCNA” R package (Langfelder and Horvath, 2008) was used to generate two weighted gene co-expression networks from the two expression matrices. First, merging all the samples ensured a trustworthy network. Second, we computed Pearson correlation coefficients between each pair of genes to measure expression similarity and create a correlation matrix. We also utilized the soft threshold method to create a weighted neighborhood matrix. We utilized a soft connectivity technique to identify the best soft threshold to guarantee gene correlations were scale-free. The neighborhood matrix becomes a topological overlap matrix (TOM). Using dynamic tree cutting and a minimum of 50 genes per module, co-expression modules were produced. Gene significance (GS) and module membership (MM) were computed to link modules to clinical characteristics. Finally, we mapped eigengenes. Venn diagram was carried out by R (version 4.2.0) to overlap the genes between OA and PD.



Analysis of the enrichment of function in common genes

To get a deeper understanding of the principal biological functions of common genes for OA and PD, we analyzed the GO and KEGG pathways via the “ClusterProfiler” R package (Wu et al., 2021), P < 0.05 was deemed statistically significant.



Identification of hub genes in OA-related PD

Search Tool for the Retrieval of Interacting Genes (STRING2; version 11.5; Franceschini et al., 2013) may search for interactions between proteins of interest, such as direct binding associations, to form a protein-protein interaction (PPI) network with complicated regulatory linkages. Interactions with a combined score over 0.4 were considered statistically significant. Cytoscape3 (version 3.9.1; Shannon et al., 2003) was used to visualize this PPI network of DEGs. And the MCODE (Bader and Hogue, 2003) was executed to build PPI network modules with the following parameters: degree cutoff = 2, node score cutoff = 0.2, k-core = 2, and max. depth = 100. The GeneCards database4 was then applied to uncover further information on the hub genes by identifying the related genes, proteins, and disease interactions.



Validation of hub genes and prediction of diagnostic efficiency

To verify the hub genes, we investigated the expression variation of these genes in other OA and PD datasets (GSE12021 and GSE42966; Huber et al., 2008; Quan et al., 2021). Data from two datasets were compared using “limma” R package to find the DEGs. The cutoff value was |log2FC| >0.8, P value < 0.01. Cluster analysis with the R package “pheatmap.” DEGs from the OA and PD datasets were merged using the web tool draw Venn diagram5. Moreover, ROC analysis of GSE55235, GSE12021, GSE7621, and GSE42966 was performed to evaluate whether hub genes could differentiate OA and PD samples from their control samples by using the “pROC” R package (Robin et al., 2011).



Analysis of immune infiltration

Analysis of integrated gene expression data (GSE55235 and GSE7621) using the CIBERSORT algorithm reveals the proportion of 22 immune cell types (Xue et al., 2021). Correlation heatmap was generated after detection of association between immune cells in OA and PD samples with the “corrplot” R package (Serang et al., 2017). Then, the “vioplot” R package was used to illustrate the expression differences of 22 immune cell types in two datasets.



WDR43 and infiltrating immune cells correlation analysis

The Spearman correlation analysis on WDR43 and Infiltrating immune cells was performed with the use of the “ggpubr,” “ggExtra” and “reshape2” (Zhang, 2016) R packages. The above results were then visualized using the barplot function in R (version 4.2.0).




RESULTS


Visualization of data variance analysis results

Figure 1 depicts the flowchart for this study. After standardizing the microarray results, the “pheatmap” and “ggplot2” R packages were chosen to generate heatmaps and volcano maps of top 30 significantly changed genes (Figures 2A–D).
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FIGURE 1. Research design flow chart.
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FIGURE 2. (A,B) The volcanoes map of GSE55235 and GSE7621. (C,D) The heatmaps of GSE55235 and GSE7621.





Identification of co-expression gene modules

We applied WGCNA to discover gene modules co-expressed in OA and PD datasets. Following the exclusion of sample outliers from both datasets, the remaining data were grouped into control and disease groups. Then, nine and three were selected as the soft threshold power for GSE55235 and GSE7621 based on scale independence greater than 0.90 to assure physiologically significant scale-free networks (Figures 3A,B). Using the dynamic branching cut method on GSE55235 and GSE7621, the genes were put into 40 and 44 modules, respectively (Figures 3C,D).
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FIGURE 3. (A,B) Definition of soft threshold power through Weighted Gene Co-Expression Network Analysis (WGCNA). Scale-free indices and mean connectivity were analyzed for various soft threshold powers (β). (C,D) A gene dendrogram was created by averaging the results of a chain hierarchy clustering algorithm. The colorful rows underneath the tree diagram indicated the assignment of modules based on dynamic tree cutting.





Acquisition of common genes

Key modules related to OA and PD were found by calculating GS and MM to connect modules with clinical characteristics. The association of clinical characteristics in the control and disease groups was represented in the figures. The module eigengene (ME)black and MEivory modules were strongly associated with OA (Figure 4A), whereas the MEpurple and MEthistle2 modules were significantly associated with PD (Figure 4B). Then, we overlapped the genes of those modules to get 71 common genes (Figure 4C).
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FIGURE 4. (A,B) Each module eigengene (ME) was represented by a row in the heatmaps, and each clinical trait was shown in the columns. (C) Venn diagram of 71 common genes in the osteoarthritis (OA) and Parkinson’s disease (PD) datasets.





Investigation of the biological functions of common genes

The functional expression distribution of common genes was studied by looking at the GO and KEGG pathways. At first, GO analysis showed these common genes were mainly involved in intestinal epithelial cell differentiation, mitochondrial translation, positive regulation of cell cycle G2/M phase transition, and nuclear-transcribed mRNA catabolic process of the biological process. Moreover, these common genes were mainly associated with the RNA polymerase II transcription regulator complex, transcription regulator complex and intercellular bridge of the cellular component (Figure 5A). Furthermore, the findings of the KEGG analysis demonstrated that these common genes were enriched in antigen processing and presentation, mRNA surveillance pathway, and nucleocytoplasmic transport (Figure 5B).
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FIGURE 5. (A) Gene Ontology (GO) enrichment results for the top eight common genes. (B) Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway result of the top eight common genes. P-value < 0.05 was considered significant.





Protein-protein interaction (PPI) network analysis of common genes in OA-associated PD

Cytoscape was used to generate the PPI network of common genes with a composite score larger than 0.4. After we explored the upstream and downstream genes. In the PPI network, there were 124 nodes and 163 edges, where nodes represent genes and edges represent their interactions, and the MCODE algorithm identified eight hub genes, including PRS11, UTP25, RPS15A, RPS13, DDX52, NOP58, SKIV2L2, and WDR43 (Figure 6). Based on the GeneCards database, Table 1 shows their full names and related disorders.
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FIGURE 6. Protein-protein interaction (PPI) network constructed using the STRING database. The eight genes with the most connectivity under Molecular Complex Detection Algorithm (MCODE) were visualized using Cytoscape software.



TABLE 1. Details of the hub genes.
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Validation of the core hub gene

First, we validated hub genes using the GEO datasets GSE12021 for OA and GSE42966 for PD. The clustering heatmaps of DEGs from the GS12021 and GSE42966 datasets were shown in Figures 7A,B. Second, after using Venn diagrams to compare the DEGs from the OA and PD datasets, we found that WDR43, a common gene, was still different (Figure 7C). Moreover, the core hub gene of WDR43 may play a significant role in OA and PD. Finally, this study examined diagnostic performance of WDR43 in four datasets by applying the “pROC” R package, the result as follows: AUC = 0.880 in GSE55235, AUC = 0.826, AUC = 0.911, and AUC = 0.778 (Figures 8A–D).
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FIGURE 7. (A) A heat map illustrating the hierarchical clustering of differentially expressed genes (DEGs) within the GSE12021 datasets. (B) A heat map illustrating the hierarchical clustering of DEGs within the GSE42966 datasets. (C) The GSE12021 and GSE42966 datasets were analyzed for the overlap of DEGs. WDR43 were also DEGs in genes shared by the GSE42966 (blue) and GSE12021 (red) datasets.
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FIGURE 8. (A–D) Receiver Operating Characteristic (ROC) curves of WDR43 in GSE55235, GSE7621, GSE12021, and GSE42966 datasets.





Immune infiltration in OA and PD

The CIBERSORT technique was used to construct the infiltration abundance matrix of 22 immune cell types from the dataset. On the one hand, the heatmap of 22 immune cell types in GSE55235 indicated: Eosinophils and NK cells activated had a crucial positive correlation, T cells CD4 naive were emphatically correlated with Eosinophils, Dendritic cells resting and B cells memory also had a vital positive correlation, and T cells regulatory and Mast cells resting also positively correlated. While T cells CD4 memory resting and T cells regulatory had a passive correction. Mast cells activated and Mast cells resting also negatively correlate (Figure 9A). Moreover, the heatmap of 22 immune cell types included in the dataset GSE7621 revealed that the relationship between B cells naive and Eosinophils was favorable, T cells gamma delta and T cells memory activated had an actively corrected. While T cells CD4 memory resting and T cells CD8 were negatively relevant, eosinophils and monocytes had a passively correlated, and T cells follicular helper and NK cells resting were contrasted (Figure 9B). On the other hand, T cells follicular helper, T cells regulatory, Macrophages M0 and Mast cells resting were highly expressed and significant in the OA group, T cells CD4 memory resting, Mast cells activated and eosinophils were low expression and meaningful in control group (Figure 9C). At the same time, Monocytes demonstrated statistically significant and strong expression in PD groups. Eosinophil immune cells’ expression was low in control groups (Figure 9D).
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FIGURE 9. Immune cell infiltration analysis. (A,B) The correlation heat map depicted the link between 22 invading immune cells. Red squares indicate positive correlations, while blue squares indicated negative correlations. The size of the squares indicated the strength of the association. (C,D) The violin plot showed the distinction of 22 infiltrating immune cells among the OA and PD samples.





Analysis of WDR43 and immune infiltrating cells for correlation

The correlation study indicated that WDR43 was positively connected with Mast cells activated (r = 0.574, p = 0.008), T cells CD4 memory resting (r = 0.466, p = 0.040). Moreover, WDR43 was negatively associated with T cells follicular helper (r = −0.520, p = 0.019), Mast cells resting (r = −0.560, p = 0.010), and T cells regulatory (r = −0.627, p = 0.003) in the dataset of GSE55235 (Figures 10A,B).
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FIGURE 10. (A,B) Correlation analysis of WDR43 and immune infiltrating cells, the size of the circle determined the intensity of the correlation’s absolute value. P values less than 0.05 was highlighted in red, with smaller and smaller P values progressing from yellow to dark green.






DISCUSSION

The current study has initially confirmed that the risk of PD in patients with OA is 41% higher than that in patients without OA. The relationship between OA and PD may involve common risk factors, such as inflammation (Scanzello, 2017; Pajares et al., 2020) and vitamin D deficiency (Zhang et al., 2014; Garfinkel et al., 2017; Sleeman et al., 2017), as well as several mediating factors, such as physical inactivity (Shih et al., 2006; Fang et al., 2018), hypertension (Veronese et al., 2018; Chen et al., 2019), and depression (Veronese et al., 2017; Wang S. et al., 2018).

Recent studies have shown that inflammatory mediators play a key role in the development of OA (Goldring and Otero, 2011; Berenbaum, 2013). Levels of interleukin-6 (IL-6) and tumor necrosis factor-α (TNF-α), both key pro-inflammatory cytokines that induce cartilage catabolism, are elevated in OA patients (Chow and Chin, 2020; Osteoarthritis linked to higher parkinson’s disease risk, 2021). In addition, IL-6 and TNF-α can also activate microglia in the brain to produce pro-inflammatory cytokines in the brain, which may lead to further neuroinflammation in the brain, thereby accelerating neurodegeneration (Dufek et al., 2015; Le et al., 2016; Roper et al., 2020). Studies have found that a large number of microglia are present in the substantia nigra, and that midbrain dopaminergic neurons are particularly susceptible to inflammatory stimulation (Obeso et al., 2010; Tansey and Goldberg, 2010; Teder-Braschinsky et al., 2019). Therefore, we hypothesized that the higher PD risk observed in OA patients might be mediated through cytokine-induced neuroinflammation.

Furthermore, lower vitamin D levels are associated with the development of PD (Lv et al., 2014). Recent studies have shown that vitamin D can promote dopamine synthesis by increasing tyrosine hydroxylase activity. Vitamin D also promotes the production of glial cell-derived neurotrophic factor, a key protein for dopaminergic neuron survival (Pertile et al., 2018). In addition, high levels of vitamin D receptors are found in dopaminergic neurons within the substantia nigra (Cui et al., 2013; Feng et al., 2021). Therefore, chronic insufficiency of vitamin D may accelerate the degeneration of dopaminergic neurons, especially in the substantia nigra region, thereby promoting the development of PD. Studies have shown that patients with OA have lower serum vitamin D levels (Veronese et al., 2015; Bassiouni et al., 2017) and a higher prevalence of vitamin D deficiency (24%–81%; Jansen and Haddad, 2013; Goula et al., 2015). Therefore, OA-related vitamin D deficiency may also increase the risk of PD.

In addition to these two common risk factors, the relationship between OA and PD may involve several mediators, such as physical inactivity, high blood pressure, and depression. Because physical activity may temporarily increase pain and disability, patients with OA are less likely to receive physical activity recommendations than the general population (Herbolsheimer et al., 2016). At the same time, studies have shown that there is a dose-response negative correlation between physical activity and PD, which may be caused by the increased production of various growth factors and reduced oxidative stress caused by physical activity (Fang et al., 2018). Interestingly, some data suggest that OA is also a risk factor for hypertension (Veronese et al., 2018), and hypertensive patients may contribute to PD through basal ganglia hypertensive vascular disease (Chen et al., 2019). Finally, patients diagnosed with OA have a significantly higher risk of depression compared with patients without OA (Veronese et al., 2017). At the same time, there is a significant correlation between depression and the incidence of PD because they share common physiopathological features (e.g., brain atrophy and decreased GABA levels; Wang S. et al., 2018).

Through PPI network analysis of OA-related PD common genes and hub gene identification analysis, we found that WDR43 may play an important role in OA and PD. WDR43 is associated with congenital growth disorder 3-M syndrome, which causes mutations in three proteins (CUL7, OBSL1, and CCDC8), a congenital short stature disorder with a head deformity that exhibits only growth-related defects (Hanson et al., 2014). Some studies have used siRNA and shRNA virus to silence WDR43 to confirm the function of WDR43 in nucleolar fusion. After mitosis, multiple small nucleoli are formed around transcriptionally active NOR. As the cell cycle progresses, these small nucleoli fuse to form larger nucleoli (Hernandez-Verdun et al., 2010; Moore et al., 2022). Although the mechanism of action of WDR43 in nucleolar fusion is unclear, based on the fact that inhibition of NOL11 results in the formation of a large nucleolus, preventing nucleolar fusion may not be a common phenomenon in all ribosomal biogenesis protein mutations (Freed et al., 2012). One possible explanation is that WDR43 deletion might lead to structural changes in rDNA, which in turn might interfere with nucleolar fusion. In addition, studies have shown that WDR43/UTP5 is required for the proper formation of the nucleolus and for the organization and function of the subnucleolus (Sullivan et al., 2001).

We found differential expression of a variety of immune cells through immune infiltration in OA and PD, suggesting that immune regulation plays a crucial role in the occurrence and development of OA and PD. The cells distributed in the OA synovium are mainly T lymphocytes and macrophages, which, together with activated synovial cells, are responsible for the production of cytokines and increased angiogenesis, inducing the secretion of metalloproteinases and proteolytic enzymes, and sustaining cartilage degradation (Kapoor et al., 2011; Wojdasiewicz et al., 2014; Prieto-Potin et al., 2015; Klein-Wieringa et al., 2016). Synovial macrophage activation is a prerequisite for the overexpression of matrix metalloproteinases and an important step prior to the upregulation of cytokine production and subsequent cartilage degradation and destruction (Blom et al., 2007; Haseeb and Haqqi, 2013). In vitro experiments have shown that depletion of synovial macrophages can significantly reduce the synthesis and release of MMP-1 and MMP-3, as well as the synthesis and release of IL-1β as well as TNF-α, IL-6, and IL-8 (Bondeson et al., 2006). Synthesis of cartilage-specific collagens (e.g., types II and IX) by chondrocytes is inhibited by IL-1β, while proteolytic enzymes (e.g., MMP-13 and ADAMTS-4) are upregulated (Mengshol et al., 2000; Moore et al., 2022). In addition, lower numbers of T cells and B cells were also detected in synovial mononuclear cell infiltration in patients with OA.

Neurovascular units in PD patients are altered to not only activate innate immune responses but also recruit and activate adaptive responses (Bartels et al., 2008; Brochard et al., 2009). Oxidative modification of specific proteins associated with PD (α-Syn nitration) generates novel epitopes capable of initiating peripherally driven CD4+ and CD8+ T cell responses (Benner et al., 2008). Furthermore, activated microglia induce the expression of MHC class I molecules in human catecholaminergic neurons, making them susceptible to cell death in the presence of cytotoxic T lymphocytes (Cebrian et al., 2014). Notably, elevated levels of cytokines, including IL-1β, IL-2, IL-6, IFN-γ, and TNF-α, as well as CD4+ lymphocyte counts, have been detected in the serum and cerebrospinal fluid of PD patients (Brodacki et al., 2008; Reale et al., 2009). The ratio of CD4+ to CD8+ lymphocytes and the number of Treg lymphocytes were reduced in patients compared with controls (Baba et al., 2005). In mouse models of PD, in addition to microglia and astrocyte activation, there is a marked infiltration of B cells, CD4+ T cells, CD8+ T cells, and natural killer cells (Kustrimovic et al., 2019).

In this study, we analyzed immune cell infiltration and core genes that may play key roles in OA and PD tissues. However, our study also has certain limitations. This is a bioinformatics study that has not been experimentally validated. Although the results of some previous studies are consistent with our analysis, the reliability of the results of this study needs further experimental verification. In order to deeply understand the relationship between OA and PD, further animal experiments and clinical studies are very necessary. Through bioinformatics research, we have discovered target gene from the dataset that is simultaneously related to OA and PD. In the following investigations, we will examine the impact of the target gene on the survival and function of brain nigrostriatal dopaminergic neurons and articular chondrocytes, as well as establish the correlation between target gene and these two diseases. Furthermore, by establishing mouse models of PD and OA (control and target gene deficient groups), the key regulatory roles of target genes in the development of the two diseases were clarified. Finally, clinical trials are organized to finally clarify the diagnostic and therapeutic value of the target gene.



CONCLUSIONS

Chronic inflammation can directly or indirectly contribute to the progression of OA and PD. However, therapeutic intervention for OA and PD remains an urgent challenge. Due to the central role of inflammation in OA and PD, immunomodulatory therapy is a major target of current research. But this may not alter the underlying cause of the disease, only by reducing the production of inflammatory mediators, resulting in clinical benefit. In this study, we used a variety of bioinformatics methods to unearth the common genes between the pathogenic mechanisms of OA and PD, thus providing a new research direction for future clinical interventions.
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Background and objective: Blood-based biomarkers represent a promising approach to help identify early Alzheimer’s disease (AD). Previous research has applied traditional machine learning (ML) to analyze plasma omics data and search for potential biomarkers, but the most modern ML methods based on deep learning has however been scarcely explored. In the current study, we aim to harness the power of state-of-the-art deep learning neural networks (NNs) to identify plasma proteins that predict amyloid, tau, and neurodegeneration (AT[N]) pathologies in AD.

Methods: We measured 3,635 proteins using SOMAscan in 881 participants from the European Medical Information Framework for AD Multimodal Biomarker Discovery study (EMIF-AD MBD). Participants underwent measurements of brain amyloid β (Aβ) burden, phosphorylated tau (p-tau) burden, and total tau (t-tau) burden to determine their AT(N) statuses. We ranked proteins by their association with Aβ, p-tau, t-tau, and AT(N), and fed the top 100 proteins along with age and apolipoprotein E (APOE) status into NN classifiers as input features to predict these four outcomes relevant to AD. We compared NN performance of using proteins, age, and APOE genotype with performance of using age and APOE status alone to identify protein panels that optimally improved the prediction over these main risk factors. Proteins that improved the prediction for each outcome were aggregated and nominated for pathway enrichment and protein–protein interaction enrichment analysis.

Results: Age and APOE alone predicted Aβ, p-tau, t-tau, and AT(N) burden with area under the curve (AUC) scores of 0.748, 0.662, 0.710, and 0.795. The addition of proteins significantly improved AUCs to 0.782, 0.674, 0.734, and 0.831, respectively. The identified proteins were enriched in five clusters of AD-associated pathways including human immunodeficiency virus 1 infection, p53 signaling pathway, and phosphoinositide-3-kinase–protein kinase B/Akt signaling pathway.

Conclusion: Combined with age and APOE genotype, the proteins identified have the potential to serve as blood-based biomarkers for AD and await validation in future studies. While the NNs did not achieve better scores than the support vector machine model used in our previous study, their performances were likely limited by small sample size.

KEYWORDS
 Alzheimer’s disease, plasma proteomics, amyloid β, tau, neurodegeneration, machine learning, artificial neural networks


Introduction

Alzheimer’s disease (AD) is a growing public health concern with no disease-modifying treatment available (Apostolova, 2016). The core criteria for clinical diagnosis of AD are based on behavioral and cognitive symptoms, but neuropathological changes in the central nervous system initiate years before the onset of cognitive impairment (Jack et al., 2013). The preclinical stage when pathologies develop in the absence of clinical symptoms presents an opportunity for early intervention with drugs to slow down or even halt disease progression. Currently, the well-established biomarkers for AD are cerebrospinal fluid (CSF) amyloid-β peptide (Aβ) and amyloid positron emission tomography (PET). They both highly correlate with pathologies found in brain autopsy (Strozyk et al., 2003; Curtis et al., 2015) and can identify early AD with high accuracy (Palmqvist et al., 2015). However, collecting CSF requires a lumbar puncture, an invasive practice that could lead to complications including post-dural puncture headache (de Almeida et al., 2011). PET imaging is expensive and requires specialist equipment that is not easily available. Thus, these two approaches have limited clinical utility. Blood-based biomarkers offer a desirable strategy to aid early diagnosis of AD. As blood-based test is minimally invasive, economical, and widely available, they can serve as efficient prescreening tools in a multi-stage diagnostic process (O’Bryant et al., 2016). Earlier research has provided evidence of alterations of proteomic profiles in blood samples associated with AD state (Hye et al., 2006; Ray et al., 2007), validating the feasibility of blood-based biomarkers.

The development of blood-based biomarkers is facilitated by advances in not only targeted approaches (e.g., plasma phosphorylated tau measurements; Ashton et al., 2021; Milà-Alomà et al., 2022) but also untargeted large-scale omics technologies. Researchers have adopted high-resolution mass spectrometry for proteomic profiling of blood and discovery of AD protein signatures (Lopez et al., 2005; Dey et al., 2019). Highly sensitive multiplexed immunoassay platforms, such as Olink (Whelan et al., 2019; Jiang et al., 2022), and aptamer-based assay platforms, such as SOMAscan (Kiddle et al., 2014; Sattlecker et al., 2014), have further allowed researchers to capture the complexity of plasma proteome and identify prospective biomarkers by measuring thousands of proteins simultaneously in thousands of individuals with a single platform. In analyzing the rich omics data, machine learning (ML), a subdomain of artificial intelligence, has proven an invaluable tool (Li et al., 2021). Previous studies have had great success in finding blood analytes that predict AD-related measures using traditional ML algorithms such as support vector machines (Voyle et al., 2015; Shi L. et al., 2019; Karaglani et al., 2020), decision trees (Pérez-Grijalba et al., 2019; Shi Y. et al., 2019), and random forests (Goudey et al., 2019; Beltrán et al., 2020; Lin et al., 2020; Zhao et al., 2020).

Deep learning neural networks (NNs) are the last iteration of ML methods and have significant advantages when compared to the older ML methods both in terms of classification accuracy and versatility, yet fewer studies have explored their utility in blood-based AD biomarker discovery. As they are capable of learning data representations in multiple hierarchies, they have often outperformed conventional models in various applications including predicting clinical diagnoses (Durstewitz et al., 2019). Thus, in the current study, we implement deep NNs to analyze plasma proteomics measured by SOMAscan. Our objective is to identify candidate plasma protein panels to detect amyloid, tau, and neurodegeneration (AT[N]) pathologies in AD.



Materials and methods


Participants

European Medical Information Framework (EMIF, www.emif.eu) is funded by the Innovative Medicines Initiative to support the reuse of existing healthcare data. As part of this project, EMIF-AD set up the Multimodal Biomarker Discovery (MBD) study by integrating multi-omics data to facilitate the development of AD biomarkers. Participants of the current study were from the EMIF 1000 sub-cohort assembled in a previous study (Bos et al., 2018). The original sub-cohort included 1,221 participants from 11 single- or multi-center studies across Europe. In the current study, we included only subjects who had available plasma samples, resulting in a subset of 881 participants from 10 studies. Among them, 311 had normal cognition (CN), 386 had mild cognitive impairment (MCI), and 184 had a diagnosis of AD dementia.

All 881 participants underwent measurement of the concentration of the 42 amino acid-long Aβ protein, Aβ42, in CSF, sometimes in a ratio with the 40 amino acid-long form, Aβ40, or amyloid PET as the primary AD outcome. A previous study has classified the amyloid burden of each participant as high or low based on z-score cutoffs (Bos et al., 2018). In addition, a subgroup of 787 subjects underwent measurement of CSF phosphorylated tau (p-tau), and a subgroup of 791 subjects underwent measurement of CSF total tau (t-tau). CSF p-tau and t-tau levels were both measured locally, and their statuses were classified as high or low with local cutoffs. Mini-mental state examination (MMSE) was administered to a majority of participants to assess cognitive function. All participants were genotyped to determine whether they were apolipoprotein E (APOE) risk allele ε4 carriers or non-carriers. Lastly, proteins in plasma samples were measured by the SOMAscan assay (SomaLogic Inc.) in a previous study (Shi L. et al., 2019). SOMAscan is an aptamer-based platform which transforms individual protein signals into corresponding chemically-modified nucleotide signals that can be quantified by relative fluorescence on DNA microarrays (Gold et al., 2010). Plasma samples were divided into two groups, and each group was processed independently. Forty samples were tested in both batches to normalize the measurements across assay runs. A total of 3,635 plasma proteins were quantified.



Statistical analysis

All statistical analyses were performed using Python (version 3.9.7). We compared the demographic and clinical characteristics of patients with different diagnoses. Continuous variables were compared between groups by the Kruskal-Wallis one-way ANOVA test followed by Mann–Whitney U-tests for pairwise comparisons. Categorical variables were compared between groups by Chi-square test.



Building NNs

NNs were implemented using the Python package PyTorch (version 1.10.1). The network (Figure 1) consisted of three fully connected hidden layers with sizes 8, 16, and 8. Dimension of the input layer varied depending on the number of features: one for age, one for APOE status, and one for each protein. The output layer had one dimension to encode the binary outcome. Dropout was applied to the output of the first hidden layer at a rate of 0.5. Each hidden layer was followed by a rectified linear unit (ReLU) activation function. The loss function was binary cross-entropy with sigmoid. Learning was implemented using the Adam stochastic optimization algorithm with a learning rate of 0.01.

[image: Figure 1]

FIGURE 1
 Structure of the NN model. The dimension of the input layer was determined by the number of features including age, APOE status, and/or protein levels. The hidden layers consisted of three fully connected layers of size 8, 16, and 8 connected by ReLU activation function. Dropout of rate 0.5 was applied to the output of the first hidden layer. The final output was transformed by a sigmoid function. Four AD-related measures were independently tested as outcomes: Aβ, p-tau, t-tau, and AT(N).


Training and testing were implemented with 5-fold cross-validation. The dataset was shuffled across samples before splitting between training and testing. On each training/testing split, the parameters of the NN (i.e., weights) were reinitialized, and the NN was trained for 15 epochs. In each epoch, data was fed into NN in minibatches of size 128. The outputs were transformed by a sigmoid function to compare with the binary ground-truth values.



Discrimination of AT(N)

The dataset was preprocessed for analysis. Age was power-transformed and z-scored. All protein levels were power-transformed and z-scored to have zero mean and unit variance. The effects of study and blood freeze–thaw cycles on proteins were removed by linear regression, and the resulting residuals replaced raw protein levels.

We aim to predict Aβ burden (high vs. low), p-tau burden (high vs. low), t-tau burden (high vs. low), and AT(N) profile (high Aβ/p-tau/t-tau vs. low Aβ/p-tau/t-tau) from plasma proteins along with age and APOE genotype. For each of these classification objectives, we first performed logistic regression analysis to measure the linear association between each protein and the target and ranked the proteins by ascending p values. We then selected from 1 to 100 top-ranked proteins along with age and APOE status as input features for NN classification and compared their performance with that of age and APOE ε4 status alone. For each unique set of features and the target, we repeated training–testing 10 times to obtain the average receiver operating characteristic (ROC) curve and the area under the curve (AUC). AUC ROC scores resulting from different features were compared using independent t-tests.



Enrichment analysis

The proteins that achieved the best performance in NN classification along with age and APOE status in differentiating high and low Aβ, p-tau, t-tau, and AT(N) were aggregated and nominated for pathway enrichment and protein–protein interaction enrichment analysis. The analysis was performed using the Metascape software (Zhou et al., 2019). The complete set of proteins was provided as “background.” The inputs were searched against KEGG Pathway database for pathway enrichment analysis and STRING, BioGrid, OmniPath, and InWeb_IM databases for protein–protein interaction analysis.




Results


Demographic and clinical variables

The current study included 881 participants from the EMIF 1000 sub-cohort. The demographic and clinical variables for each diagnostic group are described in Table 1. Patients with AD or MCI were older than CN subjects (AD vs. CN: odds ratio [OR] = 1.08, p < 0.001; MCI vs. CN: OR = 1.08, p < 0.001). CN subjects had higher MMSE scores than MCI subjects (OR = 2.08, p < 0.001), and MCI subjects had higher MMSE scores than AD subjects (OR = 1.44, p < 0.001). AD patients also had a higher prevalence of APOE ε4 carriers (AD vs. MCI: OR = 1.67, p < 0.001; AD vs. CN: OR = 2.54, p < 0.01). There was no statistical difference in sex distribution between diagnostic groups (AD vs. MCI: OR = 1.01, p = 1.00; MCI vs. CN: OR = 0.85, p = 0.31; AD vs. CN: OR = 1.01, p = 0.44). For AT(N) biomarkers, AD subjects had a higher prevalence of low CSF Aβ42 or Aβ42/40 or positive amyloid PET, high CSF p-tau, and high CSF t-tau than MCI subjects (Aβ: OR = 5.00; p-tau: OR = 2.03; t-tau: OR = 3.23; all p < 0.001) and CN subjects (Aβ: OR = 20.36; p-tau: OR = 9.69; t-tau: OR = 17.43; all p < 0.001).



TABLE 1 Demographic and clinical characteristics of the study population.
[image: Table1]



Discrimination of AT(N) markers using NNs

We first used regression analysis to find the linear association between each protein and Aβ. Binary Aβ burden (high: N = 503; low: N = 378) was defined by z-score cutoff of CSF Aβ42/40 at 0.061 or local cutoffs of CSF Aβ42 and amyloid PET. Out of all proteins, 1,793 reached statistical significance (uncorrected p < 0.05), and 1,492 of them reached the false discovery rate after correction for multiple comparisons (corrected p < 0.05). We then sought to find the optimal set of proteins that differentiate high vs. low Aβ burden using NNs. The combination of age and APOE ε4 alone achieved an AUC of 0.748 (95% confidence interval [CI] 0.745–0.750). With protein features alone, a panel of 15 proteins achieved the highest AUC of 0.727 (95% CI 0.722–0.732). After the combination of age, APOE ε4, and proteins as input features, we found a panel of 11 proteins (see Supplementary Table 1) that achieved the highest predictive value with an AUC of 0.782 (95% CI 0.779–0.785). This was significantly higher than AUCs from using only age and APOE ε4 status (p < 0.001; Figure 2A).

[image: Figure 2]

FIGURE 2
 AUC ROCs of using age and APOE alone, age and APOE with proteins, and proteins alone to differentiate high vs. low (A) Aβ, (B) p-tau, (C) t-tau, and (D) combined AT(N) burden. For each target, the panel of proteins with the best performance were selected.


Binary p-tau burden (high: N = 373; low: N = 414) was defined by local cutoffs of CSF p-tau levels. For p-tau, 690 proteins reached statistical significance (uncorrected p < 0.05) while none passed the false discovery rate (corrected p < 0.05). In classifying high and low p-tau, age and APOE ε4 alone achieved an AUC of 0.662 (95% CI 0.658–0.666). With protein features alone, the set of 99 proteins achieved the highest AUC of 0.626 (95% CI 0.615–0.636). After the combination of age, APOE ε4, and proteins, we found that the addition of 2 proteins (see Supplementary Table 1) achieved the highest AUC of 0.674 (95% CI 0.669–0.678), which was significantly greater than the AUCs from age and APOE alone (p < 0.001; Figure 2B).

Binary t-tau burden (high: N = 415; low: N = 376) was defined by local cutoffs of CSF t-tau levels. For t-tau, 1,437 out of all proteins reached statistical significance (uncorrected p < 0.05), and 1,038 of them reached the false discovery rate (corrected p < 0.05). Age and APOE ε4 together achieved an AUC of 0.710 (95% CI 0.708–0.713). With protein features alone, a panel of 33 proteins achieved the highest AUC of 0.668 (95% CI 0.660–0.675). Combining with age and APOE ε4, a panel of 29 proteins (see Supplementary Table 1) achieved the highest AUC of 0.734 (95% CI 0.729–0.738), significantly exceeding that of age and APOE alone (p < 0.001; Figure 2C).



Discrimination of A + T + N+ from A – T – N − using NNs

We further used proteins to differentiate subjects with extreme AT(N) profiles using NNs. High and low AT(N) levels (A + T + N+: N = 298; A − T − N−: N = 229) were defined using the cutoffs of binary Aβ, p-tau, and t-tau burden. In logistic regression analysis, 1,638 proteins reached statistical significance (uncorrected p < 0.05) in association with A + T + N+ and A − T − N−. 1,317 of them passed the false discovery rate (corrected p < 0.05). The correlations of protein p values between each pair of AD-related outcomes are listed in Supplementary Table 2.

In differentiating A + T + N+ and A − T − N−, age and APOE ε4 alone achieved an AUC of 0.795 (95% CI 0.793–0.798). Using the top 100 proteins as input features, we found that 86 proteins achieved the highest AUC of 0.770 (95% CI 0.765–0.774). The combination of age, APOE ε4, and proteins showed that a panel of 7 proteins (see Supplementary Table 1) reached the highest AUC of 0.831 (95% CI 0.827–0.835), which was significantly better than those obtained from age and APOE ε4 alone (p < 0.05; Figure 2D). All NN classification results are summarized in Table 2. NN performance scores of using from 1 to 100 top proteins with or without age and APOE status to classify each outcome are shown in Supplementary Figure 1.



TABLE 2 Summary of AUC scores (95% CI) of NN classification.
[image: Table2]



Enriched terms

Aggregately, 35 proteins were nominated for the pathway enrichment analysis. They were matched to 34 unique genes. The background list consisted of 3,306 unique proteins in UniProt identifiers, which were matched to 3,268 genes. A total of 11 pathways were identified (Table 3). They were grouped into five clusters based on their membership similarities. Each cluster was represented by its most significant pathway: human immunodeficiency virus 1 infection (uncorrected p < 0.001), p53 signaling pathway (uncorrected p = 0.001), phosphoinositide-3-kinase–protein kinase B/Akt (PI3K-Akt) signaling pathway (uncorrected p = 0.009), complement and coagulation cascades (uncorrected p = 0.018), and mitogen-activated protein kinase (MAPK) signaling pathway (uncorrected p = 0.045). The enriched pathways were not significant after correction for multiple comparisons (corrected p > 0.05). The protein–protein interaction analysis revealed three significant terms (Table 4): PI3K-Akt signaling pathway (p < 0.001), complement and coagulation cascades (p < 0.001), and proteoglycans in cancer (p < 0.005).



TABLE 3 Pathway enrichment analysis revealed 11 significantly enriched pathways.
[image: Table3]



TABLE 4 Protein–protein interaction enrichment analysis revealed three significantly enriched terms.
[image: Table4]




Discussion

In this study, we used regression analysis and NNs to obtain the optimal sets of protein features that discriminated high and low AT(N) burdens in AD. Age and APOE ε4 status alone achieved an AUC of 0.748 in predicting Aβ, an AUC of 0.662 in predicting p-tau, an AUC of 0.710 in predicting t-tau, and an AUC of 0.795 in predicting AT(N) abnormality. The addition of proteins significantly improved prediction of Aβ (AUC = 0.782), p-tau (AUC = 0.674), t-tau (AUC = 0.734) and AT(N) profiles (AUC = 0.831).

We selected the variables age and APOE genotype for comparison as advanced age and presence of the APOE ε4 allele are two of the strongest risk factors for AD (Riedel et al., 2016). In addition, our previous study confirmed that among age, sex, education, and APOE genotype, the combination of these two characteristics best predicts Aβ pathologies in the current cohort (Shi Y. et al., 2019). The previous study also classified amyloid burden using plasma proteomics and obtained similar results: the combination of age, APOE ε4 status, and proteins achieved the highest AUC score of 0.78, outperforming demographic variables alone. But as different protein ranking methods were employed, our panel of 11 proteins predicting Aβ has little overlap with the previously identified 44 proteins and provides novel candidates for validation. In the previous study, top proteins were selected through Lasso which uses a regularization technique to choose features that correlate with the outcome but not with each other, thus reducing redundant inputs. While this method can enhance prediction accuracy in an independent testing set, it may exclude proteins that have linearly redundant association with the outcome but nonlinear effects that can be detected by neural networks. As logistic regression does not penalize feature collinearity, the proteins selected using this method may retain meaningful information for neural network training. Their performance corroborates the utility of plasma proteomics in predicting Aβ pathology demonstrated in other recent studies (Ashton et al., 2019; Park et al., 2019; Westwood et al., 2020). Considering that AD is a complex disorder with mixed pathologies, we further evaluated the potential of plasma proteomics in predicting the other two components of the AT(N) framework. In accordance with previous findings (Shi et al., 2021), our results suggest that blood-based protein panels can reflect brain tau burden and neurodegeneration in addition to Aβ abnormality. Finally, a panel of proteins showed satisfactory performance in predicting combined AT(N) profiles, supporting the potential of plasma proteomics to act as comprehensive biomarkers for core AD pathologies. Interestingly, the statistical significance measures of the association between proteins and each AD-related outcomes have high correlations, suggesting that these pathological features are closely related, which is consistent with our previous finding showing that Aβ has a causal relationship with tau pathology (Shi L. et al., 2019).

We performed a pathway enrichment analysis on proteins in identified panels and found 5 clusters of pathways. One of them is the complement and coagulation cascades, which have been reported previously in a systematic review of blood-based protein biomarkers (Kiddle et al., 2014). Neuroinflammation is implicated as having substantial involvement in the pathogenesis of AD (Heneka et al., 2015). As part of the innate immune system, the complement system is activated by Aβ deposits and in turn damages the neurons via self-attack (McGeer and McGeer, 2002). Its activation is accompanied by an upregulation of coagulation factors (Amara et al., 2010) associated with the neurovascular damages observed in AD brain. A previous study supports the association between the peripheral activation of this pathway and AD-specific pathologies (Pillai et al., 2019). Notably, the complement protein C4 was nominated in multiple panels. A previous study has found that C4 could discriminate rapidly and slowly progressing AD (Thambisetty et al., 2010), suggesting that it might be indicative of AD severity and is a potentially promising biomarker for early stages of AD. Another significant pathway identified is the MAPK pathway, which has been recognized in the AlzPathway, a comprehensive map of pathways related to AD (Mizuno et al., 2012). In AD, activation of the serine/threonine MAPK in response to extracellular stimuli promotes neuronal apoptosis (Munoz and Ammit, 2010). C-Jun N-terminal kinases (JNK) and p38, two members of the MAPK family, are involved in the hyperphosphorylation of tau (Goedert et al., 1997; Reynolds et al., 2000). JNK is also thought to regulate the phosphorylation and degradation of amyloid precursor proteins (Muresan and Muresan, 2007; Colombo et al., 2009). Our results provide further evidence for the dysregulation of the MAPK cascade proteins in AD.

This study leveraged the advancement of ML. While traditional ML models have been predominant in previous investigation of AD biomarkers, deep NNs are expected to play a more significant role moving forward. They are capable of detecting complex nonlinear patterns in raw data and are highly sensitive to the relevance of information received (LeCun et al., 2015). Recent studies have demonstrated the superior performance of deep learning in detecting AD disease stage and predicting longitudinal progression of AD using multimodal information (Venugopalan et al., 2021; El-Sappagh et al., 2022). In agreement, our study indicates the great potential of deep learning approaches to capture the complexity of blood-based omics data and facilitate the discovery of candidate biomarkers. While the performance of NNs in this study did not exceed that of the support vector machine used in our previous study (Shi L. et al., 2019), this might result from scarcity of data as training of deep learning models typically benefits from extremely large sample sizes (Ellis and Morgan, 1999). A similar study found that the more conventional random forests outperformed deep learning models in differentiating AD from CN using plasma metabolomics and reached the same conclusion (Stamate et al., 2019). While NN behavior has been much less explored in bioinformatic data, extensive deep learning research in imaging, video, audio, and natural language processing has consistently shown that model performance increases with data size, a phenomenon now known as the scaling laws (Brown et al., 2020; Wei et al., 2022). In light of these observations, it is plausible that a similar effect would become apparent in omics as data sizes grow orders of magnitude larger than thousands of samples still typically used in present-day studies. Model architecture should also be considered in the future development of AD biomarkers. More complex NNs can be adopted to take advantage of an increasing quantity of heterogeneous clinical and biological data. Recently, TabNet has been proposed as a NN architecture specializing in tabular data processing by applying sequential attention to select the best features at each decision step (Arık and Pfister, 2021). It would be interesting to see whether innovative models like TabNet could be applied to explore the predictive power of putative biomarkers and integrated into the biomarker development pipeline.

One limitation of the current study is that no data was withheld for validation of the effect of the nominated proteins. However, this helps minimize overfitting and optimize the generalizability of those proteins at the discovery stage. To assess their applicability in the larger population, future validation using independent cohorts is preferred. In addition, it is important to note that participants with AD were significantly older than MCI or CN participants in this study, so age and age-related changes in plasma profiles might contribute to most of the predictive accuracy. As development of AD is not always associated with age in the larger population, it is important to test the validity of candidate biomarkers among patients and controls of similar ages.

In conclusion, the opportunity of the clinical implementation of blood-based biomarkers for AD is exciting. The current study supports the use of proteomics measured by SOMAscan for the discovery blood-based biomarkers. In addition, NNs show great utility in predicting disease pathologies from proteomics which encourages the adoption of more advanced ML approaches in future investigation. Using these state-of-the-art technologies, we identified several proteins that are involved in AD-related pathways and can potentially serve as prescreening tools for the early detection of AD-specific pathologies when combined with demographic information.
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Endothelin-1 (ET-1), a secreted signaling peptide, is suggested to be involved in multiple actions in various tissues including the brain, but its role in amyotrophic lateral sclerosis (ALS) remains unknown. In this study, we detected the expression changes as well as the cellular localization of ET-1, endothelin A (ET-A) and endothelin B (ET-B) receptors in spinal cord of transgenic SOD1-G93A (TgSOD1-G93A) mice, which showed that the two ET receptors (ET-Rs) expressed mainly on neurons and decreased as the disease progressed especially ET-B, while ET-1 expression was up-regulated and primarily localized on astrocytes. We then explored the possible mechanisms underlying the effect of ET-1 on cultured NSC34-hSOD1G93A cell model. ET-1 showed toxic effect on motor neurons (MNs), which can be rescued by the selective ET-A receptor antagonist BQ-123 or ET-B receptor antagonist BQ-788, suggesting that clinically used ET-Rs pan-antagonist could be a potential strategy for ALS. Using proteomic analysis, we revealed that 110 proteins were differentially expressed in NSC34-hSOD1G93A cells after ET-1 treatment, of which 54 were up-regulated and 56 were down-regulated. Bioinformatic analysis showed that the differentially expressed proteins (DEPs) were primarily enriched in hippo signaling pathway-multiple species, ABC transporters, ErbB signaling pathway and so on. These results provide further insights on the potential roles of ET-1 in ALS and present a new promising therapeutic target to protect MNs of ALS.
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Introduction

Amyotrophic lateral sclerosis (ALS) is a neurodegenerative disease featured with selective loss of motor neurons (MNs). The symptoms often manifest at first in distal muscles of a single limb and then spread throughout the body, which ultimately cause total paralysis (Maniatis et al., 2019; Masrori and Van, 2020). Although plenty of studies have been performed until now, the mechanisms through which it becomes pervasive, and the processes that initiate ALS pathology remain unclear. Transgenic mice overexpressing the G93A mutation in human SOD1 (hSOD1G93A) (Gurney et al., 1994) was widely used, which can recapitulate the typical phenotype of ALS patients (Beqollari et al., 2016). NSC34 cells transfected with hSOD1G93A (NSC34-hSOD1G93A cells) (Cashman et al., 1992) were also put to use for the reason that they can show decreased viability, lowered proliferation rate, mitochondrial dysfunction, and greater vulnerability to oxidation-induced cell death (Gomes et al., 2008). The above two models are classic for ALS studies.

Endothelin (ET) is a vasoactive peptide, consisting of three secreted ET peptide ligands (ET-1, ET-2 and ET-3). The three isoforms are 21-amino acid cyclic peptides which all contain an N-terminal that determines the affinity for their receptor and a C-terminal which mediates the receptor binding itself (Khimji and Rockey, 2010). Multiple functions of ET were postulated, especially the function of ET-1 in nervous system. For example, ET-1 plays roles in neurotransmission and induces excitation of neurons in the spinal cord and trigeminal system. In addition, ET-1 is implicated in many central nervous system (CNS) pathologies that involve reactive gliosis (Koyama, 2013; Jain et al., 2022). ET-1 can produce biological actions by acting on two types of receptors (ET-A and ET-B) (Arai et al., 1993; Haryono et al., 2022). In brain, high concentrations of ET-1 are generated by neurons, astrocytes and other glial cells and involved in neuronal proliferation, survival, and differentiation (Marola et al., 2022; Ranjan and Gulati, 2022). Meanwhile, both ET-A and ET-B receptors are implicated regulators of homeostatic conditions in the CNS, which adjust the sympathetic nervous system and cerebral blood flow (CBF) (Vidovic et al., 2008). Stimulation of different ET-1 receptors confers different pathogenetic functions, including the increase of free radical generation and subsequent mitochondrial dysfunction (Aliev, 2011), enhancing cerebral perfusion and behavioral results in rats suffered from traumatic brain insult (Kreipke et al., 2011) or resulting in activation of astrocytes proliferation, hypertrophy and cytoskeletal reorganization, eventually astrogliosis (Rogers et al., 2003).

ET-1 was involved in neurologic diseases including Alzheimer’s disease (AD) and multiple sclerosis (MS). Tam et al. (2019) identified that overexpression of astrocytic ET-1 reinforced memory deficits in aged mice or in APPK670/M671 mutant mice and induced cofilin rod formation thus producing toxic effects similar to Aβ on neurons. Meanwhile, ET-1-upregulated astrocytes exhibited amyloid secretion after hypoxic/ischemic injury through phosphoinositide 3-kinase (PI3K)/serine/threonine kinase (Akt)-dependent way, revealing the negative role of ET-1 (Hung et al., 2015). ET-1 released from such astrocytes may reach smooth muscle cells of the cerebral microvasculature and reduce cerebrospinal fluid (CBF). The presence of white matter lesions in AD was indeed associated with significantly reduced CBF compared to AD patients without these lesions. Compared to the age-match controls, increased ET-1 was detected in the frontal, temporal and occipital lobes of the post-mortem brain of AD patients with a more significant influence marked in the neurons, reactive astrocytes and cerebral vessel walls (Palmer et al., 2012). Similar to AD, the increasing ET-1 can explain why patients with MS have a reduced CBF in both white and gray matter. Treatment with the mixed ET receptor antagonist bosentan in MS patients restored CBF to levels found in controls. The possible source of this ET-1 production are reactive astrocytes in focal MS lesions that express high levels of ET-1, however, resting astrocytes in human brain visually do not exhibit ET-1 immunoreactivity (D’haeseleer et al., 2013). Besides, ET-1 signals indirectly inhibited oligodendrocyte progenitor cells (OPC) differentiation and remyelination through ET-B receptor in MS injury model (Hammond et al., 2014, 2015).

Recently, Ranno et al. (2014) found that expression of ET-1 was increased in the spinal cord reactive astrocytes of ALS mice and sporadic ALS patients, and its toxic effect was proved on cultured motor neurons through a series of in vitro experiments (Ranno et al., 2014). In addition, microarray analysis of fibroblasts from familial ALS patients with C9orf72p mutations identified ET-1 as one of the core genes in the protein-protein interaction network (Kotni et al., 2016). However, the exact mechanism of ET-1 is still unknown and there is a great interest in studying the physiological localization and pathological changes of ET-1 related signaling elements as well as its underlying molecular pathways in ALS.

In this study, we investigated the expression changes of ET-1/ET-Rs in the SOD1-G93A mouse model of ALS. Additionally, the effects of ET-1 on NSC34-hSOD1G93A cells were also assessed and potential molecular mechanism was explored using the strategy of integrated quantitative proteomics. Our findings help us better understand the detailed effect of ET-1 and give us more consideration to the possible neuroprotective strategies against ALS.



Materials and methods


Animals

Transgenic human SOD1-G93A mice and their non-transgenic (NTG) littermates were produced by breeding female B6SJLF1 hybrids with male hemizygous carriers [B6SJL-Tg (SOD1-G93A) 1Gur/J], which were purchased from the Jackson Laboratory (Bar Harbor, ME, USA). The SOD1-G93A mouse genotyping was performed as described previously (Li et al., 2017). All animals were group-housed (4–5 mice/cage) under identical conditions (12 h light/dark cycle with free access to food and water). Since the clinical phenotype of SOD1-G93A mice, characterized by an adult onset of motor symptoms in the hind limbs, was first manifested around 12 weeks of age, and pathological changes in spinal cord begin to be observed around 60 days which progresses continuously to end stage at 17–20 weeks (Weydt et al., 2003; Ludolph et al., 2007), SOD1-G93A mice at three predefined stages were used in this study: (1) Pre-symptomatic: 40 days, postnatal, no signs of motor deficit; (2) Onset: 80 days, postnatal, initial signs of motor deficit; (3) End: animals can no longer right themselves 30 s after being placed on their backs or sides. The experiments were conducted in accordance with the regulations of laboratory animal management promulgated by the Ministry of Science and Technology of the People’s Republic of China, and approved by the Ethics Committee of the Second Hospital of Hebei Medical University. All mice were narcotized under 1.0–3.0% (vol/vol) isoflurane (RWD, Shenzhen, China), and we made all efforts to minimize suffering.



Neuroblastoma/spinal cord hybrid cell line cells culture and endothelin-1 intervention

The mouse neuroblastoma/spinal cord hybrid cell line (NSC34) is a motoneuron-like cell line through the fusion of embryonic mouse spinal cord motor neurons and mouse neuroblastoma cells. NSC34 cells stably transfected with GFP-empty vector (E), GFP-human SOD1 wild type (hSOD1WT), or GFP-human SOD1G93A (hSOD1G93A) were established as previously described in our laboratory (Bai et al., 2021). The cell lines were incubated in Dulbecco’s modified Eagle’s medium (DMEM), including 10% heat-inactivated fetal bovine serum (FBS) and 1% penicillin streptomycin. To maintain the stable cell lines, 0.2 mg/mL Geneticin 418 sulfate (G418) was used. Cells were cultured at 37°C under a 5% CO2 humidified atmosphere, refreshing the medium every 1–2 days. When 80–90% confluence was reached, cells were passaged using a 0.25% trypsin/EDTA solution for subsequent experiments. The cells were starved in serum-free DMEM for 24 h, and then incubated in medium containing ET-1 (1 nM, 10 nM, 100 nM, 1,000 nM) for 24 h or with a fixed 100 nM ET-1 concentration for different lengths of time (12 h, 24 h, 48 h). For rescue experiments, 100 nM ET-1 in combination with BQ123 or BQ788 was added to the cells and then incubated for 24 h.



Cell counting kit-8 assay

The measurement of cell viability was performed by a cell counting kit-8 (CCK-8) assay (BOSTER Biological Technology Co., Ltd., Wuhan, China) (Liu et al., 2014). In short, after a 24 h exposure to the respect treatment, we added 10 μL of CCK-8 solution to each well and incubated the cells at 37°C for 1 h in the dark. Then, a microplate reader was used to measure the absorbance at a wavelength of 450 nm (Tecan Spark 10 μM, Switzerland). All experiments were performed at least three times independently.



Immunohistochemistry

The SOD1-G93A mice and NTG mice at different disease stages were perfused with 0.1 M ice-cold phosphate buffered saline (PBS), followed by perfusion with 4% paraformaldehyde (PFA). The spinal cords were collected and lumbar segments (L3-5) were post-fixed in 4% PFA/PBS at 4°C for 24 h. The following day, the tissues were cryoprotected in 30% sucrose at 4°C overnight and then embedded in optimum cutting temperature (OCT) compound. The lumbar segments (L3-5) were sliced into coronal sections (25 μm thick) with a Leica cryostat (CM1850). Sections were treated with 3% hydrogen peroxide (H2O2) for 10 min and then washed in PBS with gentle agitation for 10 min. Afterward, the sections were permeabilized/blocked with 5% goat serum and 0.3% Triton X-100 in PBS and then co-immunostained for primary antibodies diluted in blocking solution at 4°C overnight. The primary antibodies include: rabbit anti-Endothelin-1(Abbiotec, 250633, 1:100), rabbit anti-ETA (Bioss, bs-1757R, 1:300) and rabbit anti-ETB (Abcam, ab117529, 1:500). After incubation, the tissues were washed in PBST (0.2% Tween 20 in PBS) three times, and then incubated with a corresponding biotin-conjugated secondary antibody (1:1,000). Next, after washing three times in PBS, incubating in Vectastain ABC Reagent (Vector Laboratories, Burlingame, CA, USA, PK-6100) for 40 min, color development was performed to the sections by the immPACT DAB Peroxidase Substrate Kit (Vector, SK-4105). At last, the slices were loaded onto slides and dried appropriately. The slides were soaked in anhydrous ethanol for 5 min, xylene for 10 min and finally sealed with Permount TM Mounting Medium (ZSGB-BIO, ZLI-9516). All images were photographed under an Olympus BX51 microscope equipped with a DP72 digital camera system (Olympus, Tokyo, Japan).



Immunofluorescence

For immunofluorescence, spinal cord sections (25 μm thick) were pretreated with 1% Triton X-100 in PBS for 30 min, and blocked with solution containing 5% donkey serum, 0.3% Triton X-100 and 0.2% dry milk in PBS for 30 min. The sections were then incubated with primary antibodies in blocking buffer overnight at 4°C. Primary antibodies include goat anti Iba-1 (Wako, 019-19741, 1:250), mouse anti-GFAP (Millipore, MAB360, 1:400), mouse anti-NeuN (Millipore, MAB377, 1:100), mouse anti-APC (Millipore, OP80, 1:400), rabbit anti-SOD1 (Immunoway, YT4364, 1:100), rabbit anti-cFOS (Abcam, ab222699, 1:100), rabbit anti-MAP1B (Proteintech, 21633-1-AP, 1:100), mouse anti-SMI32 (Biolegend, 801701, 1:100), rabbit anti-GFP (Life tech, G10362, 1:100), rabbit anti-Endothelin-1 (Abbiotec, 250633, 1:100), rabbit anti-ET-A (Bioss, bs-1757R, 1:300) and rabbit anti-ET-B (Abcam, ab117529, 1:500). Thereafter, the sections were washed for 30 min followed by incubation with the appropriate secondary antibody (Alexa Fluor 488, 594 or 647, Invitrogen) at room temperature for 2 h. After further rinsing in PBS for 30 min, sections were stained with mounting medium containing DAPI (VECTOR, VECTASHIELD H-1200) and sealed with nail polish.

Quantitative assessment of motor neuron labeling was performed as follows: Three representative images of the lumbar ventral horns from each tested animal were used for quantitative measurements of motor neurons. Motor neurons were defined according to the following criteria: (1) neurons were located in the anterior horn of the spinal cord and were NeuN+ and (2) neurons with a diameter of 20 μm or larger had a distinct nucleolus (Manabe et al., 2003). The images from immunofluorescence staining were captured using an Olympus FV1000 confocal microscopy or Zeiss Vert. A1, German confocal microscopy. The numbers of motor neurons in the ventral horn area and quantification of fluorescence intensity were analyzed using ImageJ software (Java 8, National Institutes of Health, USA) (Jensen, 2013).



Western blotting

Total protein from frozen tissues was extracted using a protein extraction kit and phenylmethylsulfonyl fluoride protease inhibitors (Beijing Solarbio Science and Technology Co., Ltd., China). 30 μg of protein lysates from each sample were electrophoresed through a 10% or 12% SDS–PAGE and then transferred onto polyvinylidene fluoride (PVDF) membranes. The membranes were blocked with 5% non-fat milk, and, respectively incubated with primary antibodies overnight at 4°C, including rabbit anti-SOD1 (Immunoway, YT4364, 1:1,000), rabbit anti-GFP (Life tech, G10362, 1:1,000), rabbit anti-Endothelin-1 (Abbiotec, 250633, 1:300), rabbit anti-ET-A (Bioss, bs-1757R, 1:1,000), rabbit anti-ET-B (Abcam, ab117529, 1:4,000), and rabbit anti-GAPDH (Proteintech, 10494-1-AP, 1:5,000). After incubation, the membranes were washed three times (each for 10 min), and incubated with relevant fluorescence-conjugated secondary antibodies for 2 h at room temperature. Finally, the membranes were detected by an Odyssey Infrared Imaging System (LI-COR, Lincoln, NE, USA), and quantitatively analyzed by ImageJ (Java 8, National Institutes of Health, USA).



LC-MS/MS analysis

The detailed experimental methods for sample preparation before LC-MS/MS analysis can be found in 1Supplementary Files. For whole-cell proteome analysis, the tryptic peptides were loaded on an EASY-nLC1200 UPLC system (ThermoFisher Scientific). Tryptic peptides were dissolved in solvent A (0.1% formic acid, 2% acetonitrile/in water), separated with solvent B (0.1% formic acid in 90% acetonitrile) via a gradient from 8 to 23% (0–68 min), 23–32% (68–82 min) and climbing to 32–80% (82–86 min) then holding at 80% (86–90 min). Separation was analyzed in Orbitrap Exploris™ 480 (Thermo Fisher Scientific) using a nano-electrospray ion source. The electrospray voltage applied was 2.3 kV and the full MS scan range was set from 400 to 1,200 m/z. Then, more than 25 most abundant precursors were selected for further MS/MS analyses by 20 s dynamic exclusion. The HCD fragmentation was operated at normalized collision energy (NCE) of 27%. The resolution for fragments were 15,000 in the Orbitrap and fixed first mass was set as 110 m/z. Automatic gain control (AGC) target was set at 100%, along with an intensity threshold of 2E4 and a maximum injection time of Auto.



Database search

The resulting MS/MS data were processed by Proteome Discoverer (v2.4.1.15) search engine (v.1.6.15.0). Tandem mass spectra were searched against the Mus musculus SwissProt database (20,387 entries) and concatenated with reverse decoy database. The detailed parameter settings are shown in Supplementary Files.



Bioinformatics analysis-protein function enrichment and cluster analysis

To further analyze hierarchical clustering based on functional classification of differentially expressed proteins (such as: GO, Domain, Pathway), all the categories obtained after enrichment along with their P-values were collated, and those categories that were at least enriched in one of the clusters with P < 0.05 were filtered. We transformed the filtered P-value matrix by the function × = –log10 (P-value). At last, these × values were z-transformed for each functional category, and then clustered by one-way hierarchical clustering (Euclidean distance, average linkage clustering) in Genesis. A heat map with the “heatmap.2” function from the “gplots” R-package can visualize the cluster membership finally.



Parallel reaction monitoring analysis

Parallel reaction monitoring (PRM), a technique based on high-resolution and high-precision mass spectrometers (such as Q Exactive™ Plus) can screen the remaining samples of LC-MS/MS proteome for further verification. The sample was slowly added to the final concentration of 20% v/v TCA to precipitate protein, then vortexed to mix and incubated for 2 h at 4°C. The precipitate was collected by centrifugation at 4,500 g for 5 min at 4°C. The precipitated protein was washed with pre-cooled acetone for 3 times and dried for 2 h. The protein sample was then redissolved in 200 mM TEAB and ultrasonically dispersed. Trypsin was added at 1:50 trypsin-to-protein mass ratio for the first digestion overnight. The sample was reduced with 5 mM dithiothreitol for 30 min at 56°C and alkylated with 11 mM iodoacetamide for 15 min at room temperature in darkness. The tryptic peptides were dissolved in 0.1% formic acid (solvent A), and were mounted to a home-made reversed-phase analytical column directly, with a gradient of 6–20% solvent B (0–40 min), then 23–35% (14 min), 20–30% (40–52 min), 30–80% (52–56 min) then 80% (56–60 min) on an EASY-nLC1000 UPLC system using the flow rate of 500 nL/min constantly. Later, risk assessment was performed in the proteins with fold change no less than 1.2 and P < 0.05, according to peptide hits, coverage, signal strength and number of second order maps. Risk was divided into high, medium and low risk of three gradients. After grading the peptide residues, they were ionized into the NSI ion source and then analyzed by Q ExactiveTM Plus mass spectrometry. The resulting MS data were processed using Skyline (v.21.1). Each protein in the experiment applied one, two or more unique peptides for quantitative analysis (Chai et al., 2020). Additional Methods showed the full details in Supplementary Files.



Statistical methods and analyses

Unpaired t-test was used to calculate significant differences between two groups and one-way ANOVA was used to assess significant differences within multiple groups. Data were analyzed by SPSS-23 software (IBM SPSS Statistics 23, USA) and GraphPad Prism software (5.0.0; GraphPad Software, USA) were applied to graphing. Statistical significance was defined as P < 0.05. Data were expressed as the mean ± SEM.




Results


Expression changes of endothelin-1 and ET-A/B receptors in the lumbar spinal cord of SOD1-G93A mice

To evaluate whether ET-1/ET-Rs signaling axis prompt neuron degeneration in ALS, we first observed the expression of ET-1, ET-A, and ET-B receptors in the spinal cords of SOD1-G93A mice at different disease stages using immunohistochemistry (Figure 1). An obvious increase of ET-1 positive cells, which were clearly glia-like cells (Figure 1A, arrows), was observed in the lumbar spinal cord of SOD1-G93A mice, especially at the end stage of disease. In NTG mice, ET-A receptor was observed mainly in nucleus, both neurons (Figure 1A, arrowheads) and glial cells (Figure 1A, arrows). With disease progression, ET-A-positive motor neurons reduced, while the total number of ET-A-positive nuclei increased. In addition, we found that ET-B receptor was mainly located in the cytoplasm of neurons (Figure 1A, arrowheads), and an obvious decrease of ET-B expression was observed with disease progression (Figure 1A). Consistent with morphological findings, western blotting results revealed an increase of ET-1 expression and decrease of two ET-Rs expression with disease progression (Figure 1B). Apparently, significant expression changes of ET-1 and ET-B receptor were observed at the end stage of SOD1-G93A mice (Figures 1C,E). For ET-A expression, although a decreasing trend was observed, statistically significant difference was not reached even at the end stage (Figure 1D). Together, above-mentioned results indicate that both glial cells and neurons play a vital role in ET-1/ET-Rs pathway thus contributing to ALS pathogenesis.
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FIGURE 1
Expression changes of ET-1, ET-A, and ET-B receptors at the end stage of SOD1-G93A mice. (A) Immunohistochemical detection of ET-1, ET-A, and ET-B receptors in the lumbar spinal cord of non-transgenic (NTG) mice and SOD1-G93A transgenic mice at 40 days (d), 80 days (d) and end stage. (B) Western blot analysis of ET-1, ET-A, and ET-B receptor levels in the lumbar spinal cord of NTG mice and SOD1-G93A transgenic mice at 40d, 80d and end stage. (C–E) Quantitative analysis of B. Statistical significance was assessed by one-way ANOVA followed by LSD-t test. Data represent the mean ± SEM. P (ET-1, end stage vs. NTG) = 0.037; P (ET-A, end stage vs. NTG) = 0.159; P (ET-B, end stage vs. NTG) = 0.004. n = 3. *P < 0.05. The arrows indicate glial cells, and the arrowheads indicate neurons. Bar = 100 μm.




Cellular localization of endothelin-1, endothelin A and endothelin B receptors in the lumbar spinal cord of SOD1-G93A mice

To further test the cellular localization of ET-1 and ET-Rs, we then performed double immunofluorescence staining. ET-1 positive cells were mainly observed in proliferating GFAP-positive astrocytes in lumbar spinal cord of ALS mice (Supplementary Figure 1), which was in line with the previous opinions (D’haeseleer et al., 2013; Hostenbach et al., 2016). In normal spinal cord of NTG mice, ET-A expression was primarily located in the nucleus of neurons and glial cells, especially motor neurons. In the spinal cord of ALS mice at end stage, ET-A-positive motor neurons decreased obviously (Figure 2A, arrowheads). However, obvious expression of ET-A was identified in mature oligodendrocytes (APC-positive) (Figure 2A, arrows). Furthermore, just as reported (Ranno et al., 2014), increased ET-A expression was also notably observed on proliferating astrocytes in SOD1-G93A mice compared with NTG mice. In addition, certain ET-A positive microglia was also observed in the spinal cord of SOD1-G93A mice (Figure 2A, arrows).
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FIGURE 2
Cellular localization of ET-A and ET-B in the lumbar spinal cord of non-transgenic (NTG) mice and SOD1-G93A transgenic mice at end stage. (A,B) are photographed by Olympus FV1000 confocal microscopy, (C,D) are photographed by Zeiss Vert. A1, German confocal microscopy. (A) Colocalization of ET-A (green) with NeuN (red) in MNs and APC (red) in mature oligodendrocytes of NTG and SOD1-G93A mice; ET-A (green) colocalization with GFAP (red) in astrocytes and Iba1 (red) in microglia of NTG and SOD1-G93A mice. (B) Colocalization of ET-B (green) with NeuN (red) in MNs and APC (red) in mature oligodendrocytes of NTG and SOD1-G93A mice; ET-B (green) colocalization with GFAP (red) in astrocytes and Iba1 (red) in microglia, respectively, in the lumbar spinal cord of NTG and SOD1-G93A mice. (C–E) The statistical analysis of NeuN+ motor neuron numbers, and the fluorescence intensity of ET-A, ET-B in the NeuN/ET-A or NeuN/ET-B co-labeled sections. Data represent the mean ± SEM, statistical significance was assessed by Unpaired t-test. *P < 0.05. The arrows indicate glial cells, and the arrowheads indicate neurons. Bar = 50 μm.


Similarly, we detected the cellular localization of ET-B and found that ET-B was expressed primarily in the cytoplasm of motor neurons, which was in line with the previous study (Michinaga et al., 2013; Figure 2B, arrowheads). Sparse expression of ET-B in APC was also observed in the lumbar spinal cords of SOD1-G93A mice (Figure 2B, arrows). Interestingly, colocalization of ET-B with GFAP-positive astrocytes was occasionally seen in SOD1-G93A mice (Figure 2B, arrows) and no obvious colocalization of ET-B with Iba1-positive microglia was detected in our experiments either in SOD1-G93A mice or NTG mice (Figure 2B).

Since motor neurons are the main cells expressing both ET-A and ET-B receptors in the normal NTG spinal cord and they degenerate and loss with disease progression, we further ask whether the decrease in ET-A and ET-B expression reflects the general loss of motor neurons. Quantitative analysis showed that the loss of NeuN+ motor neurons was parallel with the reduce of both ET-A and ET-B expressions in the spinal cord of SOD1-G93A mice at end stage (Figures 2C–E), which to a great extent explains that the reduce of ET-A and ET-B is largely due to the degeneration of motor neurons in SOD1-G93A mice. However, expression of ET-A and ET-B in proliferating glial cells may partly compensate this reduce.



Identification of the motor neuronal cell model of amyotrophic lateral sclerosis and its expression of ET receptors

Based on the above results, we proposed that astrocytic ET-1 might have an effect on motor neurons through ET-Rs. To assess the role of ET-1 on motor neurons, we used NSC34 cells stably expressing human SOD1, either wildtype (NSC34-hSOD1WT) or G93A mutated form (NSC34-hSOD1G93A), and NSC34 cells expressing only GFP (NSC34-E) was used as control and conducted a series of experiments (Figure 3A). In order to avoid interference of GFP fluorescence at channel 488, the appropriate secondary antibody (Alexa Fluor 647 or 594, Invitrogen) was used in the cell model.
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FIGURE 3
NSC34-hSODG93A cells as the in vitro model of ALS. (A) Schematic overview of cell experiments. (B) Cell viability of NSC34-E, NSC34-hSOD1WT and NSC34-hSOD1G93A cells. (C) Cells were seeded in culture dishes, differentiated for additional 24 h and photographed by phase contrast microscopy. Data represent the mean ± SEM, statistical significance was assessed by one-way ANOVA followed by LSD-t test. *P < 0.05, vs. NSC34-E cells; #P < 0.05, NSC34-hSOD1WT cells vs. NSC34-hSOD1G93A cells. Bar = 100 μm.


First, reliability of the cell line model of ALS was confirmed. Western blotting showed that both NSC34-hSOD1 and NSC34-hSOD1G93A expressed GFP-human SOD1 (GFP-hSOD1) fusion proteins, while only GFP was observed in NSC34-E cells (Supplementary Figure 2). Successful transfection was further confirmed by tracing GFP-positive NSC34 cells through immunofluorescence staining for GFP and DAPI. The proportion of GFP-positive NSC34 cells is on average 61 ± 3% (NSC34-E), 66 ± 4% (NSC34-hSOD1WT), and 55 ± 9% (NSC34-hSOD1G93A) (Supplementary Figure 2). CCK-8 assay showed significantly lower cell viability in NSC34-hSOD1 cells, especially NSC34-hSOD1G93A cells compared with NSC34-E cells (Figure 3B). In addition, NSC34-hSOD1G93A cells displayed worse morphological differentiation characterized by less extending neurites which were clearly distinguishable after 24 h compared with NSC34-hSOD1WT or NSC34-E cells (Figure 3C).

Second, we examined the expression of MAP1B, which had been proved to influence the organization and dynamics of microtubules in growing and regenerating axons and growth cones (Vaz et al., 2015; Bora et al., 2021; Strohm et al., 2022), to evaluate the ability of differentiation of different cell lines. Even though the three cell groups extended neurites after 24 h, this characteristic was damaged in NSC34-hSODG93A cells. NSC34-E and NSC34-hSOD1WT cells revealed evident increase of neurites upon differentiation, while the neurites of NSC34-hSOD1G93A cells were not obvious (Figure 4A). By the concentric circle (Sholl’s) analysis (Yang et al., 2016), we found that the neurite arborization of NSC34-E and NSC34-hSOD1WT cells had no significant changes while NSC34-hSODG93A cells were poorly differentiated (Figure 4D). The above results demonstrated that the constitutive expression of hSOD1G93A damaged the differentiate ability of NSC34 cells. Meanwhile, it was reported that cFOS can be activated after different stimuli in the CNS. For example, seizure induction caused expression changes of cFOS in the brain (Yang et al., 2019). Simultaneously, cFOS and c-jun take effect in the pathogenesis of AD, which might reflect the initiation of a cell death program in some neurons (Herrera and Robertson, 1996). Therefore, we wonder whether transfection of mutant SOD1 cause expression change of cFOS. Indeed, a remarkably high expression of cFOS was observed in NSC34-hSODG93A cells suggesting that mutant hSOD1G93A may be a kind of stimuli to cells (Figures 4B,E). We further investigated the expression of GFP-hSOD1 via immunofluorescence. Different from the uniform hSOD1 distribution in NSC34-hSOD1WT cells, dots indicating protein aggregates was observed in NSC34-hSOD1G93A cells (Figures 4C,F). In addition, consistent with that observed in vivo, double-labeling revealed that ET-A and ET-B receptors were both expressed in NSC34 cells (anti-SMI-32 labeled), but no significant expression difference of the two receptors was found among the three cell groups (Figures 4G,H).
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FIGURE 4
NSC34-hSOD1G93A cells display a series of injured features and ET-A and ET-B receptors are both expressed in the cell model. (A) Immunofluorescence labeling of MAP1B showing different neurites of the three cell groups (NSC34-E, NSC34-hSOD1WT and NSC34-hSOD1G93A). (B) Immunofluorescence staining indicates increased cFOS expression in NSC34-hSOD1G93A cells. (C) Immunofluorescence staining shows hSOD1-positive aggregates in NSC34-hSOD1G93A cells. (D) Quantification of neurite length from multiple fields of view was analyzed by the Sholl analysis. (E,F) Bar graphs showing quantification of cFOS and hSOD1 fluorescence intensities from multiple fields of view. *P < 0.05, a pairwise comparison marked by a horizontal line. Data represent the mean ± SEM, statistical significance was assessed by one-way ANOVA followed by LSD-t test. (G,H) Similar ET-A and ET-B expression are observed in the three cell groups. Bar = 50 μm in (A,B,G,H). Bar = 20 μm in (C).




Endothelin-1 is toxic for NSC34-hSOD1G93A cells in a time and concentration dependent manner and endothelin A as well as endothelin B receptors are both implicated in NSC34-hSOD1G93A cell injury

ET-1 in the brain is believed to be deeply involved in the central autonomous control and the subsequent cardiac respiratory homeostasis. It may play a role as a neuromodulator or hormone in the way of autocrine/paracrine locally, or be widely transmitted through cerebrospinal fluid (CSF). The concentration of ET-1 in CSF is higher than that in plasma. Through literature review, we have learned about the physiological, the pathological range of ET-1 in the brain, or the comparison of both (Tu et al., 2015). In a previous study, ET-1 exerted a toxic effect on the motor neuron cultures in a time- and concentration-dependent manner, with an exposure to 100–200 nM ET-1 for 48 h resulting in 40–50% cell death, which can indirectly illustrate the sensitive concentration range of neurons for ET-1 (Ranno et al., 2014). To further examine the effect of ET-1 on MNs survival in our experiment, cells were treated for different lengths of time and with different concentrations of the peptide. An exposure to 1, 10, 100, 1,000 nM ET-1 for 24 h revealed a concentration-dependent toxic effect on the three cell groups (Figure 5A). The CCK-8 results showed that the viability of NSC34-hSOD1G93A cells as well as NSC34-hSOD1WT cells decreased as the ET-1concentration increased, and the same ET-1 intervention caused a slight but no statistically significant decrease of cells viability in NSC34-E group. The relatively low concentrations (100 nM) which had been used frequently (Ranno et al., 2014) to study the toxic effects of ET-1 was also approximate near the median inhibitory concentration (IC50) in our experiment, therefore, 100 nM was chosen for further experiments. Furthermore, an exposure to 100 nM ET-1 for 12, 24, and 48 h revealed a time-dependent toxic effect to MNs reaching a plateau at 24 h (Figure 5B). To validate the involvement of ET-A and ET-B in the process of MNs death, the ET-A competitive receptor antagonist BQ123 and ET-B competitive receptor antagonist BQ788 were used. A treatment of BQ123 or BQ788 together with ET-1 rescued the decrease of cell viability caused by ET-1 (Figure 5C) suggesting the involvement of ET-A and ET-B receptors. The ET-1 effect was obviously reversed by BQ123 (2 μM) and BQ788 (2 μM). Then, we asked whether ET-1 influenced the expression of ET-Rs on the cell model. Double-labeling revealed that ET-1 impaired ET-A and ET-B expression in NSC34-hSOD1G93A cells. When BQ123 or BQ788 was added, ET-Rs expression was greatly preserved (Figures 5D,E). For further quantification, western blot analysis was performed. No significant difference of ET-A or ET-B expression was observed among NSC34-E, NSC34-hSOD1WT and NSC34-hSOD1G93A cells. ET-1 treatment on NSC34-hSOD1G93A cells caused significant decrease of ET-B expression while no significant effect was reached on ET-A expression. In addition, BQ788 rescued the ET-B reduction caused by ET-1 treatment (Figures 5F–H).
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FIGURE 5
ET-1 decreased NSC34-hSOD1G93A cells viability and ET receptors were responsible for ET-1 toxicity. (A) Cell viability of NSC34-E, NSC34-hSOD1WT and NSC34-hSOD1G93A cells treated with ET-1 (1, 10, 100 or 1,000 nM) for 24 h. *P < 0.05, vs. NSC34-E cells in control; #P < 0.05, vs. NSC34-hSOD1WT cells in control; &P < 0.05, vs. NSC34-hSOD1G93A cells in control. (B) Cell viability of NSC34-hSOD1G93A cells treated with 100 nM ET-1 for 12, 24, or 48 h. *P < 0.05, vs. NSC34-hSOD1G93A cells. (C) Cell viability of NSC34-hSOD1G93A cells after 24 h treatment with ET-1 (100 nM) in the presence of BQ123 (1 μM, 2 μM, 4 μM) or BQ788 (1 μM, 2 μM, 4 μM). *P < 0.05, vs. NSC34-hSOD1G93A cells; #P < 0.05, vs. NSC34-hSOD1G93A cells with 100 nM ET-1 treatment. (D,E) Confocal images of ET-A and ET-B expression after 24 h intervention of ET-1 (100 nM), ET-1 + BQ123 (2 μM), or ET-1 + BQ788 (2 μM). Bar = 50 μm. (F–H) Western blot analysis showing the expression of ET receptors in three cell groups and ET-1 effect on ET-A and ET-B expression. *P < 0.05, a pairwise comparison marked by a horizontal line. Data represent the mean ± SEM of at least three independent experiments, statistical significance was assessed by one-way ANOVA followed by LSD-t test and Tamhane’s T2 test.


The present results suggested that pathologically increased ET-1 might have a potential risk of inducing neuronal death and via using pharmacological approaches could potentially reverse the harmful effect. However, caution needs to be paid to further investigate the changes of downstream signaling pathways and function-specificity behind ET-1/ET-Rs signaling axis.



Quantitative proteomic analysis among NSC34-hSOD1WT, NSC34-hSOD1G93A, and NSC34-hSOD1G93A cells treated with endothelin-1

To investigate the underlying pathogenesis of ET-1/ET-Rs signaling axis, we performed label-free LC-MS/MS proteomics analysis on NSC34-hSOD1WT (WT) cells, NSC34-hSOD1G93A (C) cells and NSC34-hSOD1G93A treated with 100 nM ET-1 (S) cells (Figure 6A). The above three groups were analyzed, and heatmap graphs of the hierarchical cluster were constructed to visualize the overall broad modulations of proteomes (Figure 6B). For confirmation of differentially expressed proteins (DEPs), the cutoffs for the fold change of abundance and P-value were set to 1.5 and 0.05, respectively. In this experiment, compared with WT cells, there were 322 up-regulated and 206 down-regulated DEPs in C cells (Figure 6C). 110 proteins (54 up-regulated proteins and 56 down-regulated proteins) were significantly modulated in S cells vs. C cells (Figure 6D). Interestingly, between the two comparable C/WT and S/C groups, 5 common up-regulated proteins (Figure 6E) and 2 common down-regulated proteins (Figure 6F) were identified. However, when the opposite tendency was analyzed, 11 common DEPs were found between the two comparable C/WT and S/C groups (Figures 6G,H). A total of 29 common proteins were identified in the C/WT and S/C groups and listed in the table (Supplementary Table 1). Subsequently, we found that some of the common proteins-ATP synthase protein 8 (Mtatp8) (Supplementary Figure 3), BCL2/adenovirus E1B 19 kDa protein-interacting protein 3-like (Bnip3l) (Figure 7D), ATP synthase-coupling factor 6, mitochondrial (Atp5pf) (Figure 7D), Valine-tRNA ligase, mitochondrial (Vars2) (Supplementary Figure 3) and Protein KIBRA (Wwc1) (Figure 7D) were strongly enriched in reactive oxygen species (Figure 7D), oxidative phosphorylation (Supplementary Figure 3), mitophagy-animal (Figure 7D), Alzheimer disease (Figure 7D), Parkinson disease (Figure 7D), Huntington disease (Figure 7D), Prion disease (Figure 7D), aminoacyl-tRNA biosynthesis (Supplementary Figure 3), ABC transporters (Figure 7D), Hippo signaling pathway (Figure 7D) and so on through Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis, which revealed that ET-1 treatment might play a role in these signaling pathways.
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FIGURE 6
Differentially expressed proteins (DEPs) were evaluated by label-free proteomics. (A) Schematic diagram of experimental flow for quantitative proteomic analysis based on the ALS cells models. For each treatment, three biological replicates were prepared. (B) Heatmap showing DEPs in WT, C and S cells. (C,D) Volcano plots comparing protein abundance in WT, C and S cells. Each dot represents a single quantified protein. Proteins differentially expressed with fold change over 1.5 and P < 0.05 were marked in color (n = 3 independent biological samples). (E–H) Venn diagrams of enriched proteins identified in both C/WT and S/C groups. WT, NSC34-hSOD1WT cells. C, NSC34-hSOD1G93A cells. S, NSC34-hSOD1G93A cells treated with 100 nM ET-1. Pink represents the C/WT comparison group and blue represents the S/C comparison group.
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FIGURE 7
GO enrichment cluster analysis and KEGG pathways cluster analysis of differentially expressed proteins (DEPs) between C/WT and S/C group. (A) GO enrichment cluster analysis of DEPs based on cell component. (B) GO enrichment cluster analysis of DEPs based on molecular function. (C) GO enrichment cluster analysis of DEPs based on biological process. (D) KEGG pathway enrichment cluster of DEPs. WT, NSC34-hSOD1WT cells. C, NSC34-hSOD1G93A cells. S, NSC34-hSOD1G93A cells treated with 100 nM ET-1.


To investigate the associated functions of the identified DEPs in the cells model based on ALS disease, we obtained distinctive KEGG pathway and Gene Ontology (GO) terms analysis between the two comparable groups of C/WT and S/WT (Supplementary Figure 3 and Figure 7). The KEGG pathway is used for analyzing the correlation among known molecular functions such as metabolic pathways, formation of complexes, and biochemical reactions (Wang et al., 2019). As it may be seen in Supplementary Figure 3 of C/WT group, KEGG pathway analysis suggested that the up- and down-regulated DEPs were enriched in oxidative phosphorylation, reactive oxygen species, various neurodegenerative disease such as Parkinson disease and Alzheimer disease. For proteins that enriched in the S/C group, the KEGG analysis showed a strong interaction with a series of pathways related with neurodegenerative disease, such as Hippo signaling pathway-multiple species (Gogia et al., 2019), ABC transporters (Pahnke et al., 2021), oxidative phosphorylation, and ErbB signaling pathway (Supplementary Figure 3; Sun et al., 2020). In summary, these results suggest that ET-1 could induce a series of events in the cells model. In the part of GO enrichment analysis, C/WT group was highly enriched in extracellular region and synaptic cleft based on cellular component while S/C group was related to Gul4-RING E3 ubiquitin ligase complex and nuclear euchromatin (Figure 7A). In C/WT comparable group, significant changes occurred in some molecular functions like protein tyrosine kinase inhibitor activity, sphingomyelin phosphodiesterase activity while more DEPs were associated with xenobiotic transmembrane transporter activity, chromatin DNA binding and MAP kinase activity in the S/C group (Figure 7B). According to biological process enrichment, in C/WT group, mitochondrial membrane organization, mitochondrial transmembrane transport and organophosphate biosynthetic process were greatly enriched, while cellular response to laminar fluid shear stress, mitotic cell cycle phase transition and drug export were significantly involved in the S/C group (Figure 7C). KEGG pathway analysis showed that DEPs are located in important pathways such as allograft rejection and prion disease in C/WT group, however, in S/C group, DEPs were specifically enriched in Hippo signaling pathway-multiple species, ErbB signaling pathway and so on (Figure 7D).



Proteomic analysis revealed endothelin-1 affects neuron survival through the functions of differentially expressed proteins

The results of proteomic analysis exhibited that compared with C cells group (as positive control), there were 54 upregulated and 56 downregulated proteins after ET-1 intervention (Figure 8A). Gene ontology (GO) functional classification analysis showed that the DEPs in S/C comparable group mainly fell into cellular process, biological regulation, metabolic process, response to stimulus, multicellular organismal process, developmental process, localization and other biological process (Supplementary Figure 4). The main results of the GO enrichment analysis are shown in Figures 8B–E. In particular, the DEPs based on cell components were enriched mainly in nuclear euchromatin and proton-transporting ATP synthase complex (Figure 8B). Molecular functions were enriched mainly in terms related to xenobiotic transmembrane transporter activity, MAP kinase activity, translation repressor activity and chromatin DNA binding (Figure 8C). Then, the DEPs were enriched in drug export, regulation of intestinal absorption, cellular response to laminar fluid shear stress, positive regulation of necrotic cell death, C2-steroid hormone metabolic process, hormone biosynthetic process, hippo signaling and other biological process (Figure 8D). Meanwhile, KEGG analysis showed that the DEPs were primarily enriched in Hippo signaling pathway-multiple species and ABC transporters (Figure 8E). By combining the results, we found that ET-1 significantly modulated protein metabolic process, signal transduction and response to stimulus. The subcellular localization analysis showed that most of the DEPs were distributed in the nucleus (27.46%, 30 proteins), cytoplasm (23.3%, 27 proteins), mitochondria (17.42%, 19 proteins), extracellular (12.88%, 14 proteins), and plasma membrane (10.98%, 12 proteins). The data revealed that except for the nucleus, the largest proportion of DEPs was located in cytoplasm, followed by mitochondria and extracellular (Supplementary Figure 4).
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FIGURE 8
Proteomic analysis of the S/C comparable group. (A) In the S/C comparable group, we identified 110 DEPs, including 54 up-regulated and 56 down-regulated genes (using a 1.5-fold cutoff, P < 0.05). (B) The top 20 enriched GO terms of DEPs (fold change > 1.5) based on cellular component. (C) The top 20 enriched GO terms of DEPs (fold change > 1.5) based on molecular functions. (D) GO enrichment analysis of DEPs based on biological process (fold change > 1.5). (E) KEGG enrichment analysis following S/C group (fold change > 1.5). C, NSC34-hSOD1G93A cells. S, NSC34-hSOD1G93A cells treated with 100 nM ET-1.




Mass spectrometry analysis of parallel reaction monitoring validation candidate peptides

To further confirm the cells proteome results related with ET-1 treatment, we performed PRM assay rather than the traditional western blot, which selected specific peptides or target peptides and then made the target protein quantified (Xu et al., 2018). According to risk assessment and limited to characteristics and abundances of 110 DEPs in the S/C comparable group, 16 target proteins were evaluated and then quantified in the experiment. At present, a total of 16 DEPs which had not previously been clearly reported to be relevant with ET-1 intervention on NSC34-hSOD1G93A cells was verified, including 9 up-regulated proteins and 7 down-regulated proteins identified in the basis of label-free quantitative analysis. The fragment ion peak of one peptide and corresponding proteins were displayed in Supplementary Table 2. 16 of identified proteins presented the same changing trend and the former 13 proteins that were identified significantly altered, demonstrating the consistency between PRM and LC-MS/MS proteome (Supplementary Table 3). These results suggested that the related effects of ET-1 on the NSC34-hSOD1G93A cells may closely connected with the functions of these proteins. Thus, ET-1 might influence kinds of signaling pathways to impose MNs damaging effects.

Among these verified differential proteins, we noticed that Cdkn1b (Figures 9A,B) and Eif4ebp1 (Figure 9C), significantly down-regulated when treated with ET-1, were particularly enriched in ErbB signaling pathway (pathway ID# mmu04012, Supplementary Figure 5). ErbB pathway dysregulation has been proposed to play a pathogenic role in ALS, especially ErbB4, a member of the epidermal growth factor (EGF) subfamily of receptor tyrosine kinases (RTKs) (Casanovas et al., 2017). These results suggest that the effects of ET-1 on NSC34-hSOD1G93A cells are closely concerned with the functions of mentioned proteins above and ET-1 can exert the related effects mainly through cell cycle and protein synthesis regulation. These proteins are anticipating targets for the study of ALS pathogenesis (Figure 10).
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FIGURE 9
Differentially expressed proteins (DEPs) quantification by mass spectrometry-based targeted proteomics-parallel reaction monitoring (PRM). (A) Fragment ion peak area distribution of TEENVSDGSPNAGTVEQTPK peptide for Cdkn1b (P27). (B) Fragment ion peak area distribution of VLAQESQDVSGSR peptide for Cdkn1b (P27). (C) Verification of peptide VALGDGVQLPPGDYSTTPGGTLFSTTPGGTR targeting protein Eif4ebp1.
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FIGURE 10
A proposed model of ET-1/ET-Rs axis interacts with the downstream molecular-P27 or Eif4ebp1 and the dysfunction of these genes may result in motor neurons injury (ErbB signaling pathway: pathway ID# mmu04012).





Discussion

The loss of upper and lower motor neurons in the structures such as cortex, brain stem and spinal cord, is a major contributor to the pathogenic mechanism of ALS, while neither highly effective treatments nor potent protective approaches have yet been identified (Yamanaka and Komine, 2018). In this study, we focused on exploring the location and expression of ET-1/ET-Rs on ALS mice then defining the effects of ET-1 intervention on NSC34-hSOD1G93A cells, and attempted to elucidate the mechanism of MNs injury through proteomics analysis. In general, our results showed ET-1 was mainly up-regulated in astrocytes, especially at the end stage of SOD1-G93A mice, which was in consistence with the previous study (Ranno et al., 2014). However, ET-A and ET-B receptors were mainly located in neurons and ET receptors-positive neurons were greatly reduced in end stage SOD1-G93A mice in spite of the expression of two receptors found in some kind of non-neuron cells occasionally. This provided a theoretical foundation for our following in vitro study on defining the effects of ET-1/ET-Rs on MNs and the expression profiles of critical proteins mediated by the exposure of ET-1.

Both ET-A and ET-B receptors were expressed on the motoneuron-like cells model, which is consistent with our in vivo cellular localization of ET-Rs on ALS mice model. ET-1 induced MNs death in vitro and the toxic effect could be partially blocked by specific antagonists BQ123 and BQ788, revealing an involvement of ET-A and ET-B receptors. Interestingly, we observed that ET-1 intervention decreased the expression of ET-A and ET-B receptors and reduced the cell viability of NSC34-hSOD1G93A cells. From these, we speculate that the increase of ET-1 expression in the spinal cords of SOD1-G93A mice may be per se toxic for MNs. Meanwhile, ET-1 could be an important indicator of changes in response to certain diseases and a potential candidate as a therapeutic target (Koyama et al., 2019). In this study, proteomics approach (Monti et al., 2019) was used to understand the possible molecular mechanism of ET-1 induced MNs damage in the in vitro ALS model. Proteins highly enriched in the S/C comparable group play a significant role in pathways such as Hippo signaling pathway-multiple species, ATP-binding cassette (ABC) transporters. According to previous studies, Hippo signaling pathways seem to be interesting therapeutic targets, which can alleviate the onset or progression of neurodegenerative diseases like ALS (Gogia et al., 2019). Hippo signaling dysregulation has also been identified in models of Alzheimer’s disease and neuronal stem cells (Wu et al., 2003; Gogia et al., 2021; Xu et al., 2021). Thus, ET-1/ET-Rs/Hippo can be an interesting link in the neurodegenerative disorder like ALS. For another, one mechanism causing difficulties in remedying CNS diseases using pharmacotherapy (e.g., epilepsy and HIV-related neurological conditions) is the obstacle provided by the activity of ABC transporters in brain barrier tissues (Eng et al., 2022). The transporters are ATP-driven efflux pumps with remarkably broad substrate specificity and are answerable for the high urine-to-plasma and bile-to-plasma concentration ratios seen for some xenobiotics (excretory function) and inhibit many xenobiotics to enter the CNS (barrier function) (Hagos et al., 2019). In light of the DEPs enriched in ABC transporters in the proteomic results of in vitro ALS model, understanding the alterations in ABC transporters induced by ET-1 intervention becomes increasingly relevant.

In order to validate the proteomic data, we selected several DEPs for more accurate quantitative evaluation by PRM. We found that 13 of these DEPs showed the significantly same expression tendency as that inferred through Label-free proteomics analysis. Strikingly, our results revealed that among these verified proteins, the protein expression of Eif4ebp1 and P27 was significantly down-regulated after ET-1 treatment on NSC34-hSOD1G93A cells and they were particularly enriched in ErbB signaling pathway through KEGG enrichment analysis (pathway ID# mmu04012). ErbB pathway dysregulation has been proposed to play a pathogenic role in ALS, especially one of the subtypes-ErbB4 (Sun et al., 2020). ErbB4 forms a homodimer or a heterodimer with ErbB2 or ErbB3 and is activated upon binding of neuregulins (NRGs) to the extracellular ligand-binding domain of ErbB4 (D’Antoni et al., 2017). ErbB4 could also mainly contribute to downstream signaling pathways phosphoinositide 3-kinase (PI3K)/Akt serine/threonine kinase (Akt) pathway activation (pathway ID# mmu04012), which had been tested for the possible involvement of its toxic action in ALS (Codeluppi et al., 2009). Studies suggested the existence of a causal relationship between PI3K/Akt pathway and mechanistic target of rapamycin kinase (mTOR) signaling in neurodegeneration and CNS injury. For instance, in a model of spinal cord injury, there was mTOR activation by Akt (Granatiero et al., 2021). Further, members of the PI3K family are lipid kinases participated in multiple cellular processes, such as proliferation, differentiation, migration, metabolism and survival (Li et al., 2022). Subsequently, PI3K will activate the downstream Akt to inner membranes and phosphorylates Akt on its serine/threonine kinase sites (Thr308 and Ser473). Recruited Akt participates in the downstream mTORC1 mediated response to biogenesis of protein and ribosome (Fan et al., 2018). Moreover, mTOR activation leads to the phosphorylation of Eif4ebp1/4EBP1 at Thr37/46 (Morita et al., 2015), a pivotal regulator of protein translation and cell growth (Fan et al., 2018), which simultaneously could be seen as its implication in transducing survival signals based on our proteomic results. Importantly, our results also showed PI3K/Akt signaling pathways activated cyclin-dependent kinase inhibitor p27kip1 (Cdkn1b/P27) after ET-1 treatment on NSC34-hSOD1G93A cells, a critical determinant target for cell cycle progression, which was a vital regulation target of mitogenic signals (Muñoz et al., 2008). The alterations in P27 signaling molecules had been detectable in lymphoblasts from Alzheimer’s disease (AD) patients, a kind of neurodegenerative disorders (Bartolomé et al., 2009).

From what has been discussed above, we clarify the importance of Cdkn1b (P27) and Eif4ebp1, as biomarkers for more comprehensively understanding and identifying the pathogenesis of ALS responding to ET-1 intervention. Thus, we drew a diagram of ET-1/ET-Rs axis inducing MNs damage through the ErbB4-PI3K/Akt-mTOR-Eif4ebp1 or ErbB4-PI3K/Akt-P27 pathway (Figure 10). By combining our proteomic data with our preliminary observational data, the latter bioinformatics analysis provides us with a more comprehensive understanding of the mechanism of ET-1 intervention on ALS in vitro model, which no studies so far have addressed. In the future study, more attention should be paid to identify regulatory mechanisms of ErbB4-PI3K/Akt-mTOR-Eif4ebp1 or ErbB4-PI3K/Akt-P27 pathways and the potential role of ET-1 in the treatment of ALS.

There are several limitations of this study, requiring further examination and additional research. First, NSC34-hSOD1G93A cells model treated with ET-1 do not represent real in vivo ALS models. Further in-depth analysis of the ET-1 intervention effects in vivo models of ALS will be indispensable to prove preclinical efficacy by attenuating ET-1 induced neuronal toxicity. Second, the exact molecular pathways conducting the effect of ET-1/ET-Rs needs to be further verified.



Conclusion

ET-1/ET-Rs pathway plays a role in the pathogenesis of ALS. ET-1 induction of activated astrocytes may be toxic to ET-R-expressing motor neurons and multiple molecular mechanisms contribute to this damaging effect. Targeting ET-1 could be a potential therapeutic strategy for ALS.



Data availability statement

The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found below: ProteomeXchange: PXD037555.



Ethics statement

The animal study was reviewed and approved by the Ethics Committee of the Second Hospital of Hebei Medical University.



Author contributions

YG designed the study. YZ performed the research, analyzed the data, and wrote the manuscript. LC, ZL, and YW assisted some of the experiments. DL analyzed the data and revised the manuscript. YG and YZ revised the manuscript. All authors have read and approved the final version of the manuscript.



Funding

This study was supported by funds from the National Natural Science Foundation of China, China (Grant No. 81971200) and the Beijing Municipal Natural Science Foundation, China (Grant No. 7222082).



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher’s note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fncel.2022.1069617/full#supplementary-material



References

Aliev, G. (2011). Oxidative stress induced-metabolic imbalance, mitochondrial failure, and cellular hypoperfusion as primary pathogenetic factors for the development of Alzheimer disease which can be used as an alternate and successful drug treatment strategy: Past, present and future. CNS Neurol. Disord. Drug Targets 10, 147–148. doi: 10.2174/187152711794480492

Arai, H., Hosoda, K., Shirakami, G., Yoshimasa, T., and Nakao, K. (1993). Nihon rinsho. Jpn. J. Clin. Med. 51, 1530–1539.

Bai, L., Wang, Y., Huo, J., Li, S., Wen, Y., Liu, Q., et al. (2021). Simvastatin accelerated motoneurons death in SOD1G93A mice through inhibiting Rab7-mediated maturation of late autophagic vacuoles. Cell Death Dis. 12:392. doi: 10.1038/s41419-021-03669-w

Bartolomé, F., Muñoz, U., Esteras, N., Esteban, J., Bermejo-Pareja, F., and Martín-Requero, A. (2009). Distinct regulation of cell cycle and survival in lymphocytes from patients with Alzheimer’s disease and amyotrophic lateral sclerosis. Int. J. Clin. Exp. Pathol. 2, 390–398.

Beqollari, D., Romberg, C. F., Dobrowolny, G., Martini, M., Voss, A., Musarò, A., et al. (2016). Progressive impairment of CaV1.1 function in the skeletal muscle of mice expressing a mutant type 1 Cu/Zn superoxide dismutase (G93A) linked to amyotrophic lateral sclerosis. Skelet. Muscle 6:24. doi: 10.1186/s13395-016-0094-6

Bora, G., Hensel, N., Rademacher, S., Koyunoğlu, D., Sunguroğlu, M., Aksu-Mengeş, E., et al. (2021). Microtubule-associated protein 1B dysregulates microtubule dynamics and neuronal mitochondrial transport in spinal muscular atrophy. Hum. Mol. Genet. 29, 3935–3944. doi: 10.1093/hmg/ddaa275

Casanovas, A., Salvany, S., Lahoz, V., Tarabal, O., Piedrafita, L., Sabater, R., et al. (2017). Neuregulin 1-ErbB module in C-bouton synapses on somatic motor neurons: Molecular compartmentation and response to peripheral nerve injury. Sci. Rep. 7:40155. doi: 10.1038/srep40155

Cashman, N. R., Durham, H. D., Blusztajn, J. K., Oda, K., Tabira, T., Shaw, I. T., et al. (1992). Neuroblastoma x spinal cord (NSC) hybrid cell lines resemble developing motor neurons. Dev. Dyn. 194, 209–221. doi: 10.1002/aja.1001940306

Chai, Y. N., Qin, J., Li, Y. L., Tong, Y. L., Liu, G. H., Wang, X. R., et al. (2020). TMT proteomics analysis of intestinal tissue from patients of irritable bowel syndrome with diarrhea: Implications for multiple nutrient ingestion abnormality. J. Proteomics 231:103995. doi: 10.1016/j.jprot.2020.103995

Codeluppi, S., Svensson, C. I., Hefferan, M. P., Valencia, F., Silldorff, M. D., Oshiro, M., et al. (2009). The Rheb-mTOR pathway is upregulated in reactive astrocytes of the injured spinal cord. J. Neurosci. 29, 1093–1104. doi: 10.1523/JNEUROSCI.4103-08.2009

D’Antoni, S., Ranno, E., Spatuzza, M., Cavallaro, S., and Catania, M. V. (2017). Endothelin-1 induces degeneration of cultured motor neurons through a mechanism mediated by nitric oxide and PI3K/Akt pathway. Neurotox. Res. 32, 58–70. doi: 10.1007/s12640-017-9711-3

D’haeseleer, M., Beelen, R., Fierens, Y., Cambron, M., Vanbinst, A. M., Verborgh, C., et al. (2013). Cerebral hypoperfusion in multiple sclerosis is reversible and mediated by endothelin-1. Proc. Natl. Acad. Sci. U.S.A. 110, 5654–5658. doi: 10.1073/pnas.1222560110

Eng, M. E., Imperio, G. E., Bloise, E., and Matthews, S. G. (2022). ATP-binding cassette (ABC) drug transporters in the developing blood-brain barrier: Role in fetal brain protection. Cell. Mol. Life Sci. 79:415. doi: 10.1007/s00018-022-04432-w

Fan, Q. W., Nicolaides, T. P., and Weiss, W. A. (2018). Inhibiting 4EBP1 in glioblastoma. Clin. Cancer Res. 24, 14–21. doi: 10.1158/1078-0432.CCR-17-0042

Gogia, N., Chimata, A. V., Deshpande, P., Singh, A., and Singh, A. (2021). Hippo signaling: Bridging the gap between cancer and neurodegenerative disorders. Neural Regen. Res. 16, 643–652. doi: 10.4103/1673-5374.295273

Gogia, N., Sarkar, A., Mehta, A. S., Ramesh, N., Deshpande, P., Kango-Singh, M., et al. (2019). Inactivation of hippo and cJun-N-terminal Kinase (JNK) signaling mitigate FUS mediated neurodegeneration in vivo. Neurobiol. Dis. 140:104837. doi: 10.1016/j.nbd

Gomes, C., Palma, A. S., Almeida, R., Regalla, M., McCluskey, L. F., Trojanowski, J. Q., et al. (2008). Establishment of a cell model of ALS disease: Golgi apparatus disruption occurs independently from apoptosis. Biotechnol. Lett. 30, 603–610. doi: 10.1007/s10529-007-9595-z

Granatiero, V., Sayles, N. M., Savino, A. M., Konrad, C., Kharas, M. G., Kawamata, H., et al. (2021). Modulation of the IGF1R-MTOR pathway attenuates motor neuron toxicity of human ALS SOD1G93A astrocytes. Autophagy 17, 4029–4042. doi: 10.1080/15548627.2021.1899682

Gurney, M. E., Pu, H., Chiu, A. Y., Dal Canto, M. C., Polchow, C. Y., Alexander, D. D., et al. (1994). Motor neuron degeneration in mice that express a human Cu, Zn superoxide dismutase mutation. Science 264, 1772–1775. doi: 10.1126/science.8209258

Hagos, F. T., Adams, S. M., Poloyac, S. M., Kochanek, P. M., Horvat, C. M., Clark, R. S. B., et al. (2019). Membrane transporters in traumatic brain injury: Pathological, pharmacotherapeutic, and developmental implications. Exp. Neurol. 317, 10–21. doi: 10.1016/j.expneurol.2019.02.011

Hammond, T. R., Gadea, A., Dupree, J., Kerninon, C., Nait-Oumesmar, B., Aguirre, A., et al. (2014). Astrocyte-derived endothelin-1 inhibits remyelination through notch activation. Neuron 81:1442. doi: 10.1016/j.neuron.2013.11.015

Hammond, T. R., McEllin, B., Morton, P. D., Raymond, M., Dupree, J., and Gallo, V. (2015). Endothelin-B receptor activation in astrocytes regulates the rate of oligodendrocyte regeneration during remyelination. Cell Rep. 13, 2090–2097. doi: 10.1016/j.celrep.2015.11.002

Haryono, A., Ramadhiani, R., Ryanto, G., and Emoto, N. (2022). Endothelin and the cardiovascular system: The long journey and where we are going. Biology 11:759. doi: 10.3390/biology11050759

Herrera, D. G., and Robertson, H. A. (1996). Activation of c-fos in the brain. Prog. Neurobiol. 50, 83–107. doi: 10.1016/s0301-0082(96)00021-4

Hostenbach, S., D’haeseleer, M., Kooijman, R., and De Keyser, J. (2016). The pathophysiological role of astrocytic endothelin-1. Prog. Neurobiol. 144, 88–102. doi: 10.1016/j.pneurobio.2016.04.009

Hung, V. K., Yeung, P. K., Lai, A. K., Ho, M. C., Lo, A. C., Chan, K. C., et al. (2015). Selective astrocytic endothelin-1 overexpression contributes to dementia associated with ischemic stroke by exaggerating astrocyte-derived amyloid secretion. J. Cereb. Blood Flow Metab. 35, 1687–1696. doi: 10.1038/jcbfm.2015.109

Jain, A., Bozovicar, K., Mehrotra, V., Bratkovic, T., Johnson, M. H., and Jha, I. (2022). Investigating the specificity of endothelin-traps as a potential therapeutic tool for endothelin-1 related disorders. World J. Diabetes 13, 434–441. doi: 10.4239/wjd.v13.i6.434

Jensen, E. C. (2013). Quantitative analysis of histological staining and fluorescence using imageJ. Anat. Rec. 296, 378–381. doi: 10.1002/ar.22641

Khimji, A. K., and Rockey, D. C. (2010). Endothelin–biology and disease. Cell. Signal. 22, 1615–1625. doi: 10.1016/j.cellsig.2010.05.002

Kotni, M. K., Zhao, M., and Wei, D. Q. (2016). Gene expression profiles and protein-protein interaction networks in amyotrophic lateral sclerosis patients with C9orf72 mutation. Orphanet J. Rare Dis. 11:148. doi: 10.1186/s13023-016-0531-y

Koyama, Y. (2013). Endothelin systems in the brain: Involvement in pathophysiological responses of damaged nerve tissues. Biomol. Concepts 4, 335–347. doi: 10.1515/bmc-2013-0004

Koyama, Y., Sumie, S., Nakano, Y., Nagao, T., Tokumaru, S., and Michinaga, S. (2019). Endothelin-1 stimulates expression of cyclin D1 and S-phase kinase-associated protein 2 by activating the transcription factor STAT3 in cultured rat astrocytes. J. Biol. Chem. 294, 3920–3933. doi: 10.1074/jbc.RA118.005614

Kreipke, C. W., Rafols, J. A., Reynolds, C. A., Schafer, S., Marinica, A., Bedford, C., et al. (2011). Clazosentan, a novel endothelin A antagonist, improves cerebral blood flow and behavior after traumatic brain injury. Neurol. Res. 33, 208–213. doi: 10.1179/016164111X12881719352570

Li, D., Liu, C., Yang, C., Wang, D., Wu, D., Qi, Y., et al. (2017). Slow intrathecal injection of rAAVrh10 enhances its transduction of spinal cord and therapeutic efficacy in a mutant SOD1 model of ALS. Neuroscience 365, 192–205. doi: 10.1016/j.neuroscience.2017.10.001

Li, Z., Wang, J., Wu, J., Li, N., and Jiang, C. (2022). Long noncoding RNA LEMD1-AS1 increases LEMD1 expression and activates PI3K-AKT pathway to promote metastasis in oral squamous cell carcinoma. Biomed. Res. Int. 2022:3543948. doi: 10.1155/2022/3543948

Liu, Y., Duan, W., Guo, Y., Li, Z., Han, H., Zhang, S., et al. (2014). A new cellular model of pathological TDP-43: The neurotoxicity of stably expressed CTF25 of TDP-43 depends on the proteasome. Neuroscience 281, 88–98. doi: 10.1016/j.neuroscience.2014.09.043

Ludolph, A. C., Bendotti, C., Blaugrund, E., Hengerer, B., Löffler, J. P., Martin, J., et al. (2007). ENMC group for the establishment of guidelines for the conduct of preclinical and proof of concept studies in ALS/MND models. Guidelines for the preclinical in vivo evaluation of pharmacological active drugs for ALS/MND: Report on the 142nd ENMC international workshop. Amyotroph. Lateral Scler. 8, 217–223. doi: 10.1080/17482960701292837

Manabe, Y., Nagano, I., Gazi, M. S., Murakami, T., Shiote, M., Shoji, M., et al. (2003). Glial cell line-derived neurotrophic factor protein prevents motor neuron loss of transgenic model mice for amyotrophic lateral sclerosis. Neurol. Res. 25, 195–200. doi: 10.1179/016164103101201193

Maniatis, S., Äijö, T., Vickovic, S., Braine, C., Kang, K., Mollbrink, A., et al. (2019). Spatiotemporal dynamics of molecular pathology in amyotrophic lateral sclerosis. Science 364, 89–93. doi: 10.1126/science.aav9776

Marola, O. J., Howell, G. R., and Libby, R. T. (2022). Vascular derived endothelin receptor A controls endothelin-induced retinal ganglion cell death. Cell Death Discov. 8:207. doi: 10.1038/s41420-022-00985-8

Masrori, P., and Van, D. P. (2020). Amyotrophic lateral sclerosis: A clinical review. Eur. J. Neurol. 27, 1918–1929. doi: 10.1111/ene.14393

Michinaga, S., Ishida, A., Takeuchi, R., and Koyama, Y. (2013). Endothelin-1 stimulates cyclin D1 expression in rat cultured astrocytes via activation of Sp1. Neurochem. Int. 63, 25–34. doi: 10.1016/j.neuint.2013.04.004

Monti, C., Zilocchi, M., Colugnat, I., and Alberio, T. (2019). Proteomics turns functional. J. Proteomics 198, 36–44. doi: 10.1016/j.jprot.2018.12.012

Morita, M., Gravel, S. P., Hulea, L., Larsson, O., Pollak, M., St-Pierre, J., et al. (2015). mTOR coordinates protein synthesis, mitochondrial activity and proliferation. Cell Cycle 14, 473–480. doi: 10.4161/15384101.2014.991572

Muñoz, U., Bartolomé, F., Bermejo, F., and Martín-Requero, A. (2008). Enhanced proteasome-dependent degradation of the CDK inhibitor p27(kip1) in immortalized lymphocytes from Alzheimer’s dementia patients. Neurobiol. Aging 29, 1474–1484. doi: 10.1016/j.neurobiolaging

Pahnke, J., Bascuñana, P., Brackhan, M., Stefan, K., Namasivayam, V., Koldamova, R., et al. (2021). Strategies to gain novel Alzheimer’s disease diagnostics and therapeutics using modulators of ABCA transporters. Free Neuropathol. 2:33. doi: 10.17879/freeneuropathology-2021-3528

Palmer, J. C., Barker, R., Kehoe, P. G., and Love, S. (2012). Endothelin-1 is elevated in Alzheimer’s disease and upregulated by amyloid-β. J. Alzheimers Dis. 29, 853–861. doi: 10.3233/JAD-2012-111760

Ranjan, A. K., and Gulati, A. (2022). Sovateltide mediated endothelin B receptors agonism and curbing neurological disorders. Int. J. Mol. Sci. 23:3146. doi: 10.3390/ijms23063146

Ranno, E., D’Antoni, S., Spatuzza, M., Berretta, A., Laureanti, F., Bonaccorso, C. M., et al. (2014). Endothelin-1 is over-expressed in amyotrophic lateral sclerosis and induces motor neuron cell death. Neurobiol. Dis. 65, 160–171. doi: 10.1016/j.nbd.2014.01.002

Rogers, S. D., Peters, C. M., Pomonis, J. D., Hagiwara, H., Ghilardi, J. R., and Mantyh, P. W. (2003). Endothelin B receptors are expressed by astrocytes and regulate astrocyte hypertrophy in the normal and injured CNS. Glia 41, 180–190. doi: 10.1002/glia.10173

Strohm, L., Hu, Z., Suk, Y., Rühmkorf, A., Sternburg, E., Gattringer, V., et al. (2022). Multi-omics profiling identifies a deregulated FUS-MAP1B axis in ALS/FTD-associated UBQLN2 mutants. Life Sci. Alliance 5:e202101327. doi: 10.26508/lsa.202101327

Sun, L., Cheng, B., Zhou, Y., Fan, Y., Li, W., Qiu, Q., et al. (2020). ErbB4 mutation that decreased NRG1-ErbB4 signaling involved in the pathogenesis of amyotrophic lateral sclerosis/frontotemporal dementia. J. Alzheimers Dis. 74, 535–544. doi: 10.3233/JAD-191230

Tam, S. W., Feng, R., Lau, W. K., Law, A. C., Yeung, P. K., and Chung, S. K. (2019). Endothelin type B receptor promotes cofilin rod formation and dendritic loss in neurons by inducing oxidative stress and cofilin activation. J. Biol. Chem. 294, 12495–12506. doi: 10.1074/jbc.RA118.005155

Tu, Y. F., Lin, C. H., Lee, H. T., Yan, J. J., Sze, C. I., Chou, Y., et al. (2015). Elevated cerebrospinal fluid endothelin 1 associated with neurogenic pulmonary edema in children with enterovirus 71 encephalitis. Int. J. Infect. Dis. 34, 105–111. doi: 10.1016/j.ijid.2015.03.017

Vaz, A. R., Cunha, C., Gomes, C., Schmucki, N., Barbosa, M., and Brites, D. (2015). Glycoursodeoxycholic acid reduces matrix metalloproteinase-9 and caspase-9 activation in a cellular model of superoxide dismutase-1 neurodegeneration. Mol. Neurobiol. 51, 864–877. doi: 10.1007/s12035-014-8731-8

Vidovic, M., Chen, M. M., Lu, Q. Y., Kalloniatis, K. F., Martin, B. M., Tan, A. H., et al. (2008). Deficiency in endothelin receptor B reduces proliferation of neuronal progenitors and increases apoptosis in postnatal rat cerebellum. Cell. Mol. Neurobiol. 28, 1129–1138. doi: 10.1007/s10571-008-9292-z

Wang, Z., Kim, U., Jiao, Y., Li, C., Guo, Y., Ma, X., et al. (2019). Quantitative proteomics combined with affinity MS revealed the molecular mechanism of ginsenoside antitumor effects. J. Proteome Res. 18, 2100–2108. doi: 10.1021/acs.jproteome.8b00972

Weydt, P., Hong, S. Y., Kliot, M., and Möller, T. (2003). Assessing disease onset and progression in the SOD1 mouse model of ALS. Neuroreport 14, 1051–1054. doi: 10.1097/01.wnr.0000073685.00308.89

Wu, S., Huang, J., Dong, J., and Pan, D. (2003). hippo encodes a Ste-20 family protein kinase that restricts cell proliferation and promotes apoptosis in conjunction with salvador and warts. Cell 114, 445–456. doi: 10.1016/s0092-8674(03)00549-x

Xu, X., Liu, T., Yang, J., Chen, L., Liu, B., Wang, L., et al. (2018). The first whole-cell proteome- and lysine-acetylome-based comparison between trichophyton rubrum conidial and mycelial stages. J. Proteome Res. 17, 1436–1451. doi: 10.1021/acs.jproteome.7b00793

Xu, X., Shen, X., Wang, J., Feng, W., Wang, M., Miao, X., et al. (2021). YAP prevents premature senescence of astrocytes and cognitive decline of Alzheimer’s disease through regulating CDK6 signaling. Aging Cell. 20:e13465. doi: 10.1111/acel.13465

Yamanaka, K., and Komine, O. (2018). The multi-dimensional roles of astrocytes in ALS. Neurosci. Res. 126, 31–38. doi: 10.1016/j.neures.2017.09.011

Yang, H., Shan, W., Zhu, F., Yu, T., Fan, J., Guo, A., et al. (2019). C-Fos mapping and EEG characteristics of multiple mice brain regions in pentylenetetrazol-induced seizure mice model. Neurol. Res. 41, 749–761. doi: 10.1080/01616412.2019.1610839

Yang, Y., Wang, Z. H., Jin, S., Gao, D., Liu, N., Chen, S. P., et al. (2016). Opposite monosynaptic scaling of BLP-vCA1 inputs governs hopefulness-and helplessness-modulated spatial learning and memory. Nat. Commun. 7:11935. doi: 10.1038/ncomms11935












	
	TYPE Systematic Review
PUBLISHED 24 January 2023
DOI 10.3389/fncel.2023.1044634






Competing endogenous RNA (ceRNA) networks in Parkinson's disease: A systematic review

Mohammad Reza Asadi1, Samin Abed2, Ghazal Kouchakali2, Fateme Fattahi2, Hani Sabaie1, Marziyeh Sadat Moslehian2, Mirmohsen Sharifi-Bonab1, Bashdar Mahmud Hussen3,4, Mohammad Taheri5,6*, Soudeh Ghafouri-Fard7* and Maryam Rezazadeh1,2*


1Clinical Research Development Unit of Tabriz Valiasr Hospital, Tabriz University of Medical Sciences, Tabriz, Iran

2Department of Medical Genetics, Faculty of Medicine, Tabriz University of Medical Sciences, Tabriz, Iran

3Department of Biomedical Sciences, Cihan University-Erbil, Erbil, Iraq

4Department of Pharmacognosy, College of Pharmacy, Hawler Medical University, Erbil, Iraq

5Urology and Nephrology Research Center, Shahid Beheshti University of Medical Sciences, Tehran, Iran

6Institute of Human Genetics, Jena University Hospital, Jena, Germany

7Department of Medical Genetics, Shahid Beheshti University of Medical Sciences, Tehran, Iran

[image: image2]

OPEN ACCESS

EDITED BY
Dirk M. Hermann, University of Duisburg-Essen, Germany

REVIEWED BY
Sepideh Parsi, Massachusetts General Hospital and Harvard Medical School, United States
 Li Liu, The First Affiliated Hospital of Xi'an Jiaotong University, China
 Xiaoyong Li, Shanghai Jiao Tong University, China

*CORRESPONDENCE
 Mohammad Taheri, [image: yes] mohammad.taheri@uni-jena.de
 Soudeh Ghafouri-Fard, [image: yes] s.ghafourifard@sbmu.ac.ir
 Maryam Rezazadeh, [image: yes] rezazadehma@tbzmed.ac.ir

SPECIALTY SECTION
 This article was submitted to Cellular Neuropathology, a section of the journal Frontiers in Cellular Neuroscience

RECEIVED 14 September 2022
 ACCEPTED 06 January 2023
 PUBLISHED 24 January 2023

CITATION
 Asadi MR, Abed S, Kouchakali G, Fattahi F, Sabaie H, Moslehian MS, Sharifi-Bonab M, Hussen BM, Taheri M, Ghafouri-Fard S and Rezazadeh M (2023) Competing endogenous RNA (ceRNA) networks in Parkinson's disease: A systematic review. Front. Cell. Neurosci. 17:1044634. doi: 10.3389/fncel.2023.1044634

COPYRIGHT
 © 2023 Asadi, Abed, Kouchakali, Fattahi, Sabaie, Moslehian, Sharifi-Bonab, Hussen, Taheri, Ghafouri-Fard and Rezazadeh. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.



Parkinson's disease (PD) is a distinctive clinical syndrome with several causes and clinical manifestations. Aside from an infectious cause, PD is a rapidly developing neurological disorder with a global rise in frequency. Notably, improved knowledge of molecular pathways and the developing novel diagnostic methods may result in better therapy for PD patients. In this regard, the amount of research on ceRNA axes is rising, highlighting the importance of these axes in PD. CeRNAs are transcripts that cross-regulate one another via competition for shared microRNAs (miRNAs). These transcripts may be either coding RNAs (mRNAs) or non-coding RNAs (ncRNAs). This research used a systematic review to assess validated loops of ceRNA in PD. The Prisma guideline was used to conduct this systematic review, which entailed systematically examining the articles of seven databases. Out of 309 entries, forty articles met all criteria for inclusion and were summarized in the appropriate table. CeRNA axes have been described through one of the shared vital components of the axes, including lncRNAs such as NEAT1, SNHG family, HOTAIR, MALAT1, XIST, circRNAs, and lincRNAs. Understanding the multiple aspects of this regulatory structure may aid in elucidating the unknown causal causes of PD and providing innovative molecular therapeutic targets and medical fields.
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1. Introduction

Parkinson's disease (PD) is a neurological disorder that affects over 6 million individuals worldwide and whose incidence is anticipated to double by 2040 (Dorsey et al., 2018a,b). It is distinguished by a core set of movement (motor) problems, including slowness of movement, muscular stiffness, and tremors, as well as a variety of non-motor symptoms, including constipation, anxiety, and dementia (Blochberger and Jones, 2011). A prodromal period of non-motor symptoms often precedes motor symptoms by several years (Sebastian et al., 2019). The main pathologic feature of PD is the presence of Lewy bodies, which are clumps of misfolded α-synuclein protein (encoded by the SNCA gene) that cause the loss of dopamine-producing neurons in the midbrain. However, the only diagnostic criteria for PD are clinical symptoms (Hughes et al., 1992; Tomlinson et al., 2010). As a result, Parkinsonism may be regarded as a clinical condition with several aetiological paths that lead to the ultimate shared presentation of dopamine depletion and clinical Parkinsonism. There are currently no disease-modifying medications for PD and therapy is primarily focused on dopamine replacement to ameliorate symptoms. The most significant risk factor for PD development is age, and males are more vulnerable than women, with a prevalence ratio of around 3:2. Disease risk has a high hereditary component, with over 90 genetic risk loci already identified (Blauwendraat et al., 2020). Furthermore, PD often manifests sporadically; however, 15.7% of patients report an afflicted relative of the first degree (Bentley et al., 2018). Furthermore, some potentially modifiable environmental (e.g., pesticides, water pollutants) and behavioral variables (e.g., use of cigarettes, coffee, exercise, or head trauma) (Feigin and Collaborators, 2019) have been stated to have a role in the etiology of PD in various populations. While breakthroughs in etiology and epidemiology have been outstanding (Dickson et al., 2009; Poewe et al., 2017), the primary cause and fundamental mechanism of PD remain unknown, and no cure or preventative medication has yet been discovered. In this respect, focusing on the molecular mechanisms that have the potential to play a critical role in PD can be considered. The competing endogenous RNA (ceRNA) axis is one of the possible molecular mechanisms that attract much attention in PD.

CeRNAs are transcripts composed of messenger RNA (mRNAs) and non-coding RNAs (ncRNAs) that contest for shared microRNAs (miRNAs) to cross-regulate one another (Asadi et al., 2022). Franco-Zorrilla et al. reported a process known as “target mimicry,” which occurs when a non-coding RNA in plants sequesters miR-399 and de-represses its target (Franco-Zorrilla et al., 2007). Ebert et al. identified a similar phenomenon in animal cells not long after. Ectopic production of a miRNA with a large number of binding sites [also known as miRNA response elements (MREs)] leads to barely visible miRNA sequestration but a 1.5–2.5-fold overexpression of the miRNA's targets in this study (Ebert et al., 2007). Consequently, the term “RNA sponge” was coined to describe the process of miRNAs being absorbed by overexpressed MRE-containing transcripts. Afterward, the RNA sponge process was discovered in various cancers (Selbach et al., 2008; Poliseno et al., 2010). In 2011, the word “ceRNA” was coined to describe this extra layer of post-transcriptional regulation, which includes mRNAs and ncRNAs (Salmena et al., 2011).

ncRNAs are classified into two types depending on their length: small ncRNAs (200 nucleotides) and long ncRNAs (>200 nucleotides) (Amin et al., 2019). MiRNAs, around 22 nucleotides long and regulating gene expression post-transcriptionally in a sequence-specific way, stand out among short ncRNAs (Singh and Storey, 2021). Approximately 70% of the known miRNAs are expressed in the brain (Cao et al., 2006), and they have been regarded as critical regulators of neuronal homeostasis, with their dysregulation linked to CNS pathology (Quinlan et al., 2017). Long ncRNAs (lncRNAs) are the most abundant ncRNAs in the mammalian genome, and they are further subdivided into linear RNAs and circular RNAs (Amin et al., 2019). Linear lncRNAs (referred to as lncRNAs) exhibit transcriptional and post-transcriptional activity comparable to protein-coding mRNA (Amin et al., 2019). However, lncRNAs have a distinct biological function from mRNAs. Furthermore, they have been linked to brain development, neuronal function, maintenance, and differentiation (Asadi et al., 2021). Circular RNAs (circRNAs) are a relatively new family of RNAs distinguished by a covalent connection that connects the 5′ and 3′ ends and offers more remarkable persistence (half-life of 48 vs. 10 h for mRNAs) (Jeck et al., 2013). CircRNAs are prevalent in the brain, are abundant in synaptoneurosomes, and are increased during neuronal development (Rybak-Wolf et al., 2015). Furthermore, despite being considered dormant gene sequences, a significant fraction of pseudogenes may be translated into ncRNAs (Pei et al., 2012; Guo et al., 2014). Indeed, there is accumulating evidence that pseudogenes might influence the expression of both parental and unrelated genes (Pei et al., 2012; Guo et al., 2014). As a result, altering pseudogene transcription might disrupt gene expression homeostasis, resulting in disease (Guo et al., 2014).

Surprisingly, all of the ncRNAs stated above can be integrated into the ceRNA axis, and these ncRNA components have been examined in the form of ceRNA networks in several studies. Because ceRNA interaction networks are multifactorial, they may help identify therapeutic targets for complex disorders like PD. By targeting only one of them, numerous disease-related RNA levels simultaneously alter (Moreno-García et al., 2020). In this work, we conducted a systematic review to investigate the possibility of verified ceRNA loops in PD. Our research focused on the ceRNA axis, which has been linked to PD pathogenesis and might be used as a therapeutic target.



2. Methods


2.1. Search strategy

The present systematic review was carried out in accordance with the PRISMA guideline (Moher et al., 2010). The following electronic databases were searched without constraints in order to find all published research up to August 26, 2022: PubMed, Embase, Scopus, Web of Science, and Cochrane, utilizing keywords, MeSH, or Emtree terms discovered in the original search. Google Scholar and ProQuest searched for unpublished research and gray literature. In a systematic PubMed search for PD, the crucial keywords were “idiopathic Parkinson's disease,” “Parkinson*,” “primary Parkinsonism,” “Parkinsonian disorder,” “Parkinsonian syndrome,” “paralysis agitans,” and “Lewy body.”



2.2. Study selection and assessment of studies

Following the database search, all identified studies were imported into Endnote Version 20.2.1, and duplicates were eliminated. The remaining studies' titles and abstracts were reviewed, and all ceRNA axes in PD were included based on our inclusion criteria. The included publications satisfied the following criteria: they were (1) explicitly describing the ceRNA axis in PD, (2) published in English, and (3) original research. The following research was excluded: (1) non-PD or any neurodegenerative disease studies; (2) studies that did not include human specimens, cell lines, or animal models; and (3) studies that did not use a molecular method to validate the ceRNA loop components.



2.3. Data extraction

A self-conducted data extraction technique was used to obtain the necessary data from the research. It listed the authors, the year of publication, the origin, the type of study, human samples, cell lines, animal models, ceRNA(s), shared miRNA(s), major methods, and the major findings.



2.4. Bioinformatics analysis

Protein-protein interactions (PPI) were established based on target genes in the ceRNA axes in PD utilizing the Search Tool for the Retrieval of Interacting Genes (STRING) database (http://string-db.org/), which is a web-based tool for evaluating PPI data (Szklarczyk et al., 2021). Gene ontology (GO) enrichment analysis is a frequently used technique for assessing functional enrichment in high-throughput genomic or transcriptomic data. GO terminology is divided into biological process, molecular function, and cellular component. EnrichR, a web-based tool that gives various types of graphical representations of the collective functions of gene lists (Kuleshov et al., 2016), was utilized in this investigation to perform GO function enrichment analysis for ceRNA axis target genes.




3. Results

A total of 309 studies were discovered by searching the databases PubMed, Embase, Scopus, Web of Science, Google Scholar, ProQuest, and Cochrane, and 12 studies were identified by searching additional databases. After eliminating all duplicates, one hundred studies remained. The remaining articles' titles and abstracts were revised, and 16 studies were eliminated, leaving 86 studies. Each remaining article's full text was evaluated, and 46 studies were eliminated. Based on the given findings, the remaining 40 studies were all associated with our systematic review. The flowchart of the retrieval process utilized for the current study is shown in Figure 1.


[image: Figure 1]
FIGURE 1
 Flow chart of search strategy based on PRISMA flow diagram.


Eligible studies were published between 2017 and 2022, which are included in Table 1. Based on the declared number, these studies included 264 samples of PD patients and 195 healthy controls. The patients' and controls' gender is rarely mentioned. Two animal models (mice and C. elegans) were used in 21 studies; in the majority, mice were the only animals involved. SH-SY5Y, HEK293, Hela, HepG2, BV2 cells, SK-N-SH, SK-N-AS, MN9D, and PC-12 are the cell lines utilized in these studies. Figure 2 illustrates the frequency of the genes targeted in the studies. In particular, most studies are restricted to China, Italy, India, and Iran, each of which has one study on the ceRNA axes in PD.


TABLE 1 CeRNAs axes studies in PD.
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FIGURE 2
 A summary of the qualified studies' details. (A) The design of studies. The majority of studies utilized cell culture and animal models (42.5%), and 40% of studies only utilized cell culture in their study design. (B) Percentage of cell lines utilized in the studies. SH-SY5Y (43.75%), SK-N-SH (22.88%), and HEK293 (10.48%) were the most used cell lines in the studies. (C) Percentage of targeted genes involved in ceRNA axes in PD. RAB3IP, SP1, and IRS2 were among the most targeted genes studied in PD's ceRNA axes. However, most of the axes involved novel genes, as provided by the other genes in the figure.


The analysis of the PPI network of the target genes of the ceRNA axes using STRING-DB identified a PPI network with 29 nodes and 37 edges, as demonstrated in Figure 3A. Furthermore, GO functional enrichment analysis indicated that shared genes were significantly enriched in numerous common biological processes, cellular compartments, and molecular functions of GO with P < 0.05 (Figures 3B–D). Among those significant pathways in biological processes, cellular response to metal ion, cellular response to oxidative stress, positive regulation of macromolecules metabolic process, canonical Wnt signaling pathway, and cellular response to catecholamine stimulus were among the processes with the highest number of genes. Cellular components were dedicated to lytic vacuole, lysosome, lytic vacuole membrane, and exocytic vesicle. Molecular functions were enriched in syntaxin-1 binding, syntaxin binding, signaling receptor complex adaptor activity, and copper ion binding. The expression levels of target genes in cell lines were provided in Supplementary Table 1 using the ProteomicsDB (Schmidt et al., 2018) based on the RNA-Seq method and transcripts per million (TPM) normalization method (Table 2).


[image: Figure 3]
FIGURE 3
 The PPI interaction and GO enrichment analysis of target genes involved in ceRNA axes in PD. (A) The PPI interaction was established using the STRING-DB and includes 29 nodes and 37 edges. (B–D) The GO enrichment of target genes on the verified ceRNA axes. The P-values are used to rank the importance of each group, with the length of each bar indicating the significance level. The order of the bars is based on the p-value. Note that the higher the association with a certain category, the less intense the color of the bars.



TABLE 2 The expression levels of RAB3IP, IRS2, and MAPK1 in different cell lines.
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4. Discussion


4.1. ncRNAs mechanism of actions

In particular, the ncRNAs that were involved in the ceRNA network in this study included miRNAs, lncRNAs, circRNAs, and pseudogenes, each of which exerts its effect through specific mechanisms; One of these mechanisms is sponging the target miRNA, which is involved in ceRNA axes (Moreno-García et al., 2020). Most research has shown that miRNA binds to specific regions of the 3′ UTR of its target mRNA, causing translation suppression, as well as decomposition of the mRNA adenylation and capping structure (Ipsaro and Joshua-Tor, 2015). Other mRNA regions containing miRNA binding sites have been discovered, including the 5′ UTR and the coding sequence, as well as inside the promoter areas (Xu et al., 2014). MiRNAs bound to the 5′ UTR and coding regions were found to suppress gene expression (Forman et al., 2008; Zhang J. et al., 2018), while miRNAs bound to gene promoters were found to stimulate transcription (Dharap et al., 2013). Furthermore, lncRNAs can exert their influence as guides, signals, decoys, and scaffolds in gene expression regulation (Wang and Chang, 2011). As a guide, lncRNAs can be incorporated into proteins such as chromatin-modifying enzymes, leading them to specific targets, thus mediating epigenetic change, and may modify the direction of gene expression in cis or trans through this advance. For example, ANRIL, XIST, HOTAIR, and KCNQ1OT1 lncRNAs can be used as chromatin modification enzymes that changes the epigenetic state (Bhat et al., 2016). LncRNA can also be used as a molecular signal, changing the structure of the chromatin, and recruiting transcription factors into the target gene, thereby increasing gene expression (Wang and Chang, 2011; Bhat et al., 2016). The functional versatility of lncRNA as a decoy mechanism allows it to behave as a “molecular sink” of RNA binding proteins (RBPs), which these groups of lncRNAs may be negative modulators, including transcription factors, regulatory factors, and chromatin modulators (Balas and Johnson, 2018). One of the advantages of LncRNAs is that they act as scaffolds to attach multiple efficient molecular partners with the capability of triggering or suppressing transcription and transfer them simultaneously to specific locations during transcription (Wang and Chang, 2011; Bhat et al., 2016).

In addition, it has been discovered that circRNAs have many possible biological activities depending on their properties. Nuclear persistent circRNAs have the ability to influence transcription and splicing (Prats et al., 2020). CircRNAs may perform their functions via associating with proteins, such as functioning as a protein sponge, protein scaffolding, and protein recruiting (Huang et al., 2020). In particular, circRNAs are capable of being translated, However, due to this ability, it is possible that circRNAs are not considered as ncRNAs, which requires potential studies (Miao et al., 2021). On the other hand, pseudogenes can affect gene expression (not just the parent gene) at the transcription and post-transcription levels (Qi et al., 2015). A pseudogene may engage with a gene promoter at the transcriptional level. For example, pseudogene-generated antisense RNA interacts with mRNA with the same parent gene strand and blocks translation, and contributes to the creation of siRNA that can suppress the parent gene's expression (Hu et al., 2018).



4.2. ceRNAs axes potentials, from concepts to actual application

The ceRNA profile in PD may be different from the normal condition since the PD transcriptome differs significantly from the normal equivalents (Kurvits et al., 2021). Notably, ceRNA network regulation may be complicated. Predictions from the TargetScan database show that half of all miRNAs target 1–400 mRNAs and that a small percentage of miRNAs potentially target > 1,000 mRNAs. TargetScan also predicts that most ceRNAs include 1–10 MREs (Ala et al., 2013). As a result, multiple ceRNA-miRNA interactions result in very complex ceRNA networks (ceRNETs). It should be noted that studies in the field of ceRNA axes of PD are experiencing an upward trend, and since miRNAs are at the center of the ceRNA axes, it is fair to consider ceRNA related to PD as therapeutic targets, considering that miRNAs were introduced as a beneficial target in the measures of therapeutics of PD (Alieva et al., 2015; Nies et al., 2021). Feng et al. for example, used a synthetic sponge for miR-330 and suppressed miR-330, reducing chronic neuroinflammation in PD by decreasing inflammatory cytokines through the SHIP1/NF-B signaling pathway (Feng et al., 2021). In this regard, Titze-de-Almeida et al. thoroughly analyzed miRNAs as possible treatment targets for PD, analyzing their involvement in the disease's underlying processes, the approaches for suppressing aberrant expressions, and the existing technology for converting these small molecules from the laboratory to the clinic (Titze-de-Almeida et al., 2020).

In addition, the bioinformatic results of the current study, based on the enrichments of target genes involved in verified ceRNA axes, demonstrated that these genes are involved in critical pathways in PD. The cellular response to metal ion was the process in which most of the genes were enriched. It has been postulated that the toxicity of several peptides that aggregate may be connected to their capacity to attach ions of transition metals (Castellani et al., 2000). The involvement of metal ions in the pathogenesis of PD was reviewed in several studies (Castellani et al., 2000; Wei et al., 2021). Tosato and Di Marco also studied metal chelating treatment in PD, hypothesizing that around 250 metal-chelating characteristics toward Cu(II), Cu(I), Fe(III), Fe(II), Mn(II), and Zn(II) may be implicated in metal dyshomeostasis during PD (Tosato and Di Marco, 2019). Importantly, Deas et al. highlighted that α-synuclein oligomers' interactions with metal ions might lead to oxidative stress in neurons produced from human iPSCs (Deas et al., 2016). Another notable process in the GO enrichment of the targeted genes implicated in the ceRNA axis in PD was the cellular response to oxidative stress. Evidence suggests that oxidative damage and mitochondrial malfunction contribute to the chain of events that lead to dopaminergic neurodegeneration (Beal, 2005; Jenner and Olanow, 2006; Parker et al., 2008; Winklhofer and Haass, 2010; Schapira and Jenner, 2011). It should be emphasized that dopaminergic neuron loss is a crucial factor in PD development (Mamelak, 2018). Remarkably, the results of the bioinformatics study with enrichment in the pathways that play a vital role in the development of PD emphasize the importance of these ceRNA axes in the pathogenesis of PD. On the contrary, the bioinformatics part of this study only focused on the enrichment of genes targeted in the ceRNA axes. And future bioinformatics research may explore this subject more thoroughly to highlight these axes' significance.

However, various challenges must first be overcome in order to bring the notion to fulfillment. At first, it is better to select axes that play a vital role, are known as hubs, and are connected to many post-transcriptional regulatory components that cannot be supplanted by the cell. One of the topics to consider in the following is the preceding one's emphasis; it seems almost impossible to impact an axis without altering ceRNET. Non-specific modification of the ceRNA network is dangerous because it has the ability to alter regular gene expression in unexpected ways. Finally, more studies are required to create therapeutic techniques and delivery systems for ceRNAs. However, vectors developed for gene therapy studies have the potential to be widely used in ceRNA-related research.



4.3. NEAT1-associated ceRNA axes in PD

NEAT1 (Nuclear Enriched Abundant Transcript 1) lncRNA was first described in 2007 and later altered to Nuclear Paraspeckle Assembly Transcript (Hirose et al., 2014). In humans, NEAT1 is transcribed from the multiple endocrine neoplasia type I (MEN 1) gene that is located on chromosome 11 (Yu et al., 2017). There are two isoforms for NEAT1 transcription; the shorter NEAT1 (NEAT1S) is 3,684 nucleotides, while the longer NEAT1 (NEAT1L) is 22,743 nucleotides (Boros et al., 2021). Studies in humans and other models have shown that NEAT1 may participate as a critical factor in neurodegenerative diseases, human tumors, and cancers. It has the potential as a biomarker and as a therapeutic target for PD (Asadi et al., 2021; Boros et al., 2021). In PD, NEAT1 sponging five different ceRNA axes, through NEAT1/miR-212-3p (Liu et al., 2020), NEAT1/miR-1301-3p (Sun et al., 2021), NEAT1/miR-519a-3p (Wang S. et al., 2021), NEAT1/miR-212-5p (Liu et al., 2021), NEAT1/miR-1277-5p (Zhou S. F. et al., 2021; Figure 4).


[image: Figure 4]
FIGURE 4
 Validated ceRNA axes in PD. The red and gray colors of the squares indicate an increase and a decrease in the expression of lncRNAs, circRNAs, and pseudogenes, respectively. This schematic figure shows the importance of the constituent components of ceRNA axes. In addition, this figure shows that the studies around which of these components have been more extensive. NEAT1, the SNHG family, and LINC00943 were among the lncRNAs studied most on these axes. CircRNA, circular RNA; lncRNA, long non-coding RNA; miRNA, microRNA.


MiR-212-3p regulated the cell's progression by targeting AXIN1 (axis inhibition protein 1), which provides an interacting target for NEAT1. AXIN1 is a multifunctional scaffold protein whose functional role is related to the progression of many diseases (Li et al., 2013). Many current studies have shown that AXIN1 can act as a tumor suppressor to participate in the tumorigenesis (Saeed, 2018). Saeed identified that AXIN1 could serve as a new gene for PD through a GWAS meta-analysis (Saeed, 2018). Liu et al. found that NEAT1 was overexpressed in PD and that upregulation of AXIN1 resulted from the inhibition of miR-212-3p. As a result, the silencing of NEAT1 by affecting miR-212-3p/AXIN1 may hinder PD progression (Liu et al., 2021). Moreover, in the NEAT1/miR-1301-3p axis, GJB1 (Gap Junction Protein Beta 1), which encodes a member of the gap junction protein family, was regulated. Gap junction proteins are channels that facilitate the movement of ions and small molecules between cells (Zhang Z. et al., 2020). Recently, Reyes et al. have demonstrated that GJB1 is involved in the preferential uptake of α-syn oligomeric in neurons and that the upregulation of GJB1 is associated with α-syn accumulation in a PD model. This study indicated the potential and crucial role of GJB1 in the α-syn-induced neuronal apoptosis (Reyes et al., 2019). Sun et al. revealed that overexpression of NEAT1 was seen in PD while miR-1301-3p was down-regulated, and subsequent increased GJB1 and knockdown of NEAT1 may hinder PD progression (Sun et al., 2021). In addition, Wang et al. revealed that NEAT1 expression was significantly up-regulated in the NEAT1/miR-519a-3p axis in PD. In this axis, SP1 is overexpressed by down-regulation of miR-519a-3p (Wang S. et al., 2021). This gene produces a zinc-finger transcription factor that can activate or suppress transcription in response to stimuli. It binds to GC-rich motifs with high affinity and controls many gene expressions involved in various processes (Koutsodontis et al., 2002). Research revealed that SP1 might ameliorate PD-linked neuropathology by regulating leucine-rich repeat kinase 2 (LRRK2) transcription (Wang and Song, 2016). In addition, Chen et al. demonstrated that SP1 knockdown hindered the inhibitory impact of MPP+ exposure on endothelial protein C receptor (EPCR) in PD (Chen et al., 2015).

On the other axis, NEAT1/miR-212-5p, NEAT1 sponged miR-212-5p, and regulated RAB3A Interacting Protein (RAB3IP) expression (Liu et al., 2020). RAB3IP, a significant activator of Rab proteins, has been shown to affect neurite outgrowth and PD progression (Homma and Fukuda, 2016; Lin et al., 2019). Liu et al. reported that this lncRNA and RAB3IP were increased, whereas miR-212-5p was down-regulated in PD. Therefore, NEAT1 knockdown may play a protective role in PD (Liu et al., 2020). Likewise, NEAT1 regulated miR-1277-5p expression and targeted Rho GTPase Activating Protein 26 (ARHGAP26) (Zhou S. F. et al., 2021). Cell-extracellular matrix interactions initiate a signaling cascade that triggers integrin cell surface receptors and regulates actin cytoskeleton organization. One of the proteins implicated in these cascades is focal adhesion kinase, a GTPase-activating protein encoded by this gene that binds to focal adhesion kinase and intervenes in the activity of the GTP-binding proteins RhoA and Cdc42 (Lopez-Ilasaca, 1998). In this respect, Zhou et al. discovered that the upregulation of NEAT1 might contribute to MPP+-induced neuron injury through the NEAT1-miR-1277-5p-ARHGAP26 axis in PD. Hence, NEAT1 knockdown and miR-1277-5p overexpression can mitigate neuron injury (Zhou S. F. et al., 2021). Studies analyzing NEAT1 have revealed the significance of this lncRNA in PD due to its potential role in ceRNA expression axes and have certainly made it a challenging target.



4.4. SNHG1, SNHG7, SNHG10, and SNHG14-associated ceRNA axes in PD

Small molecule RNA host gene 1 (SNHG1), also known as linc00057, is a lncRNA that was recently found and transcribed from UHG and is present on the 11q12.3 chromosome (Zhao J. et al., 2020). It was observed that SNHG1 was up-regulated in diverse types of cancer and that it served as a prognostic factor (Zhao et al., 2018). SNHG1 is also proven to elevate inflammation and autophagy of neurons in PD (Sabaie et al., 2021). The participation of SNHG1 in PD has been studied along several ceRNA axes, including SNHG1/miR-7/NLRP3, SNHG1/miR-125b-5p/MAPK1, SNHG1/miR-153-3p/PTEN. It should be noted that SNHG1 experiences up-regulation in all three axes (Cao et al., 2018; Zhao J. et al., 2020). Nod-like receptor protein 3 (NLRP3) activation results in the activation of caspase-1, cleaving interleukin (IL)-1β, and IL-18 into their active forms in response to infectious agents and cellular damage (Cao et al., 2018; Kelley et al., 2019). Cao et al. revealed that neuroinflammation is promoted by SNHG1 through the miR-7/NLRP3 pathway (Cao et al., 2018). MAPK1, a serine/threonine kinase member of the MAPK family, participates in several biological functions, including the cell cycle, cell death, and cell survival (Dzamko et al., 2014). Previous research has shown a link between MAPK1 and the progression of PD (Triplett et al., 2015). MAPK has been identified as a potent activator of neuronal apoptosis, and its overactivation results in neuronal death in PD (Mielke and Herdegen, 2000; Choi et al., 2014). Xiao et al. revealed that SNHG1 sponges miR-125b-5p and that it suppresses MAPK1 (Xiao et al., 2021). Phosphatase and tensin homolog (PTEN) is a kind of tumor suppressor gene that adjusts cell growth and cell death in cancers and neurodegenerative diseases (Ismail et al., 2012). A potential therapeutic target for the neurodegenerative disease could be PTEN, which could function as a moderator of Reactive Oxygen Species (ROS) generation in the neuronal death (Zhao J. et al., 2020). Zhao et al. revealed that the PTEN/AKT/mTOR signaling pathway would be activated in SH-SY5Y cells by targeting miR-153-3p (Zhao J. et al., 2020).

SNHG7 is an oncogenic lncRNA on chromosome 9q34.2 and is highly expressed in cancer cells and tumors (Bian et al., 2020). Tumor necrosis factor receptor-associated factor 5 (TRAF5) is a cytoplasmic adapter that can trigger the NF-κB signaling pathway via its receptors and can take part in modulating nerve cell death, inflammatory reactions, and other neurological processes (Zhang et al., 2021). Zhang et al. demonstrated that in PD, SNHG7 works as a ceRNA by sponging miR-425-5p and promoting TRAF5 (Zhang et al., 2021). In addition, SNHG10 is a lncRNA located on chromosome 14q32.13 and is involved in advancing several types of cancer (Sun Z. M. et al., 2022). Insulin substrate receptor 2 (IRS2) is a cytoplasmic adaptor protein of the insulin signaling pathway and is a target of miR-1277-5p and shows a high expression level in the PD model. Sun et al. found that the knockdown of SNHG10 attenuates MPP+-induced damage in SH-SY5Y cells via the miR-1277-5p/IRS2 axis in PD (Sun Z. M. et al., 2022).

SNHG14 is detected on chromosome 15q11.2 and functions as an oncogene in cancers, kidney injury, and neurodegenerative diseases such as PD and AD, working as ceRNA (Qi et al., 2017; Wang et al., 2018; Zhuang et al., 2022). It was proved that SNHG14 is up-regulated in two ceRNA regulatory axes, including SNHG14/miR-519a-3p/ATG10 and SNHG14/miR-214-3p/KLF4 (Zhou et al., 2020b; Zhuang et al., 2022). Autophagy-related 10 (ATG10) is an E2-like enzyme involved in the autophagy (Zhang M.-Q. et al., 2018). Zhuang et al. revealed that the expression of ATG10 is positively regulated by SNHG14 through sponging miR-519a-3p (Zhuang et al., 2022). On the other hand, Krüppel-like factor 4 (KLF4) suppresses the cell cycle and is a kind of transcription factor, and it was shown that it could be pathogenic in AD and several human diseases (Zhou et al., 2020b). Zhou et al. disclosed that SNHG14, acting as a miR-214-3p sponge and up-regulating miR-214-3p, reduced damage to MPPCS-stimulated SK-N-SH cells by downregulating KLF4 (Zhou et al., 2020b). Altogether, studies have shown us that these members of the SNHG family can have a potential role as ceRNA in PD and can be promising in finding therapeutic approaches.



4.5. HOTAIR, MALAT1, and XIST associated ceRNA axes in PD

HOX antisense intergenic RNA (HOTAIR) is a 2.2 kb antisense transcript from the Homeobox C (HOXC) gene cluster located on 12q13.13 (Zhu and Zhu, 2022). HOTAIR has been shown to affect PD progression, although the exact function of this lncRNA remains unknown. In this respect, Lin et al. found that lncRNA HOTAIR is overexpressed in PD and influences the expression levels of RAB3IP by sponging miR-126-5p. The study shows that HOTAIR Knockdown has reduced the number of α-synuclein-positive cells (Lin et al., 2019). Similarly, Zhao et al. revealed that HOTAIR also experienced an up-regulation and regulated ATG10 expression by sponging miR-874-5p (Zhao J. Y. et al., 2020). The potential role of lncRNA HOTAIR makes it a challenging target for neurodegenerative diseases such as PD.

The metastasis-associated lung adenocarcinoma transcript 1 (MALAT1) lncRNA is located on human chromosome 11q13 (Zhang et al., 2017). Alternative splicing, transcriptional control, post-transcriptional control, and miRNA sponge interactions are just a few of the pathways in which lncRNA is implicated (Shi et al., 2015). MALAT1, which is abundantly expressed in brain tissues, is likely involved in forming synapses and other neurophysiological pathways (Abrishamdar et al., 2022). In this regard, Liu et al. reported that PD-related cell apoptosis is facilitated by MALAT1 through sponging miR-124. It is comprehended that MALAT1 is overexpressed in the PD model; however, additional research is necessary (Liu et al., 2017). X-inactive specific transcript (XIST) lncRNA is a crucial cell growth and development regulator. In addition to its original role in X-chromosome dosage adjustment, XIST acts as a ceRNA and contributes to the growth of tumors and other human disorders (Wang et al., 2021). Remarkably, Zhou et al. revealed that to regulate Sp1 expression, XIST sponges miR-199a-3p (Zhou Q. et al., 2021). Treatment with shXIST or miR-199a-3p successfully reduced behavioral signs of PD (Zhou Q. et al., 2021). Due to its crucial function in X-chromosome inactivation, XIST is a prominent lncRNA; nonetheless, more research is required to fully understand its function in PD.



4.6. linc-p21, LINC00943, LINC0938, and LINC001128 associated ceRNA axes in PD

Long intergenic non-coding RNAs (lincRNAs) are ncRNAs that are autonomously produced, have a length of more than 200 nucleotides, and do not overlap with identified coding genes. LincRNAs share characteristics with other members of the lncRNA family and account for more than half of all lncRNA transcripts in humans. LincRNAs were initially proposed by studies utilizing tiling arrays spanning genomic sequences, which discovered widespread transcription (Venter et al., 2001; Djebali et al., 2012) from areas with no identified coding genes (Kapranov et al., 2002; Rinn et al., 2003; Bertone et al., 2004; Maeda et al., 2006). The analysis of chromatin state signatures in murine cell types gave early evidence for the existence of functioning transcription units at the potential loci of these transcripts (Salditt-Georgieff and Darnell, 1982; Guttman et al., 2009). Because many lincRNAs overlap sequences with coding loci, they have been differentiated from the larger lncRNA class of transcripts. However, many publications fail to distinguish between these two types of transcripts and bundle them together as “lncRNAs.” The rapid discovery and annotation of intergenic and genic lncRNAs have led to a growing understanding of the non-coding RNA's roles (Salditt-Georgieff and Darnell, 1982; Carninci et al., 2005).

The long intergenic non-coding RNA p21 (linc-p21) is localized on chromosome 6p21 (Amirinejad et al., 2020). It was initially discovered by stimulating the mouse's p53-dependent apoptosis (Ding et al., 2019). According to Ding et al. the linc-p21/miR-625/TRPM2 axis has a role in the etiology of PD. TRPM2 expression is increased by linc-p21, which interacts with miR-625, and TRPM2 knockdown lowers the MPP+-induced neuroinflammation (Ding et al., 2019). Similarly, Xu et al. discovered that linc-p21 sponges, miR-1277-5p, and the axis altered cell survival and apoptosis in MPP+-treated SH-SY5Y cells (Xu et al., 2018). linc-p21 is overexpressed in both the former and latter axes, and the probable involvement of linc-p21 in PD requires further investigation.

Long intergenic non-protein-coding RNA 943 (LINC00943) is a recently identified epigenetic transcript shown to be aberrantly produced in PD (Zhou et al., 2018). Furthermore, it was found that the downregulation of LINC00943 had a useful function in decreasing MPP+-induced neurotoxicity in SK-N-SH cells in an in vitro cellular model of PD (Meng et al., 2021). LINC00943 suppresses miR-15b-5p while increasing RAB3IP expression in PD (Meng et al., 2021). According to Lian et al. LINC00943 worked as a miR-7-5p sponge and controlled CXCL12 expression in MPP+-induced SK-N-SH cells, and LINC00943 knockdown may partly alleviate neuronal damage caused by MPP+, as LINC00943 was raised in MPP+-induced PD models (Lian et al., 2021). Similarly, Sun et al. demonstrated that knocking down LINC00943 might reduce nerve cell damage in a model of PD animal model. Linc00943 may favorably regulate specificity protein 1 (SP1) by interacting with the ceRNA axis and inhibiting miR-338-3p (Sun X. M. et al., 2022). SP1 is a C2H2 zinc finger-structured DNA-binding protein that regulates gene transcription in some physiological and pathological processes (Chu, 2012). Monoamine oxidase B (MAO B) inhibitors, which block dopamine breakdown by inhibiting MAO B activity, are licensed and extensively used in the therapeutic treatment of PD (Yao et al., 2018). The promoter of the MAO B gene includes SP1 binding regions and its expression is directly regulated by SP1 (Shih et al., 2011).

Furthermore, Yousefi et al. investigated LINC0938 and LINC001128 involved in PD (Yousefi et al., 2022). Notably, LNC0938 was up-regulated, and on the other hand, LINC001128 was down-regulated. These two lincRNAs could be involved in ceRNA axes, including LINC0938/miR-24-3p/LRRK2, and LINC00112/miR-30c-5p/ATP13A2. Linc00938 could bind directly to hsa-miR-30c-5p, thus possibly regulating LRRK2 expression through the miR-30c-5p sponge (Yousefi et al., 2022). LRRK2 has a role in mitochondrial malfunction, intracellular ATP total, mitochondrial fission, mitochondrial transport, and oxidative stress (Sai et al., 2012; Park et al., 2018). Patients with the LRRK2 G2019S homozygous or R1441C heterozygous mutation have higher mitochondrial DNA (mtDNA) damage (Sanders et al., 2014). Another study found that LRRK2 is required to avoid ER stress and spontaneous neurodegeneration in C. elegans models missing the LRRK2 homolog (Sämann et al., 2009). On the other hand, on another axis, the increase in the ATP13A2 expression could be justified by two independent methods, one by binding hsa-miR-24-3p to ATP13A2 and the other by directly binding Linc01128 to ATP13A2. Therefore, the hsa-miR-24-3p and Linc01128 levels were decreased in PD; as a result, the ATP13A2 expression was increased in this disease (Yousefi et al., 2022). In this regard, the studies on the ceRNA axes involving lincRNAs must be continued in PD.



4.7. CircRNAs-associated ceRNA axes in PD

RNA sequencing is presently the only method that can provide a comprehensive landscape of circRNAs across the body and, in particular tissue locations (Philips et al., 2020). Specifically, ribo-minus RNA-Seq has enabled the identification of novel changes in circRNA expression as well as the investigation of these circRNAs' involvement in the condition of concern (Cooper et al., 2018). Circular RNAs are exceptionally stable regulatory molecules inside the cell because they are immune to exonuclease actions (Xie et al., 2017). CircRNAs have been characterized as protein decoys, scaffolds, and recruiters, as well as transcriptional regulators, miRNA sponges, and protein templates (Zhou W. Y. et al., 2020; Asadi et al., 2022). CircRNAs have an active role in muscular tissue formation (Legnini et al., 2017), synapse formation and activity field (Chen et al., 2019), neuronal gene expression regulation (van Rossum et al., 2016), and CNS differentiation and development (Mehta et al., 2020). CircRNAs are found in many different cell types but are especially abundant in neurons (Legnini et al., 2017; D'Ambra et al., 2019; Zhou W. Y. et al., 2020).

Notably, investigations into the involvement of circRNAs in PD are rising, and the roles of various circRNAs in the ceRNA axis have been established. In this regard, a circRNA derived from the SNCA gene (has_circ 0127305, commonly known as circSNCA) functions as a ceRNA of miR-7, up-regulating SNCA in PD. Moreover, pramipexol (PPX), a PD medication, suppresses circSNCA expression. Accordingly, Sang et al. demonstrated that inhibiting circSNCA and SNCA reduces apoptosis and promotes autophagy, reducing the development of PD (Sang et al., 2018). Furthermore, Chens et al. revealed increased circTLK1 expression in PD models (Chen W. et al., 2022). CircRNA circTLK1, encoded from TLK1 mRNA, was shown to be an oncogene in a renal cell cancer investigation. CircTLK1 acts as a molecular sponge for miR-136-5p, which increases CBX4 expression and promotes the development of renal cell carcinoma (Li et al., 2020). Afterward, Wu et al. discovered that circTLK1 had pro-ischemic stroke effects (Wu et al., 2019). Song et al. revealed the role of circTLK1 in myocardial ischemia/reperfusion damage (Song et al., 2020). The elimination of circTLK1 reduced PD-induced neuron damage. Overexpression of DAPK1 and suppression of miR-16a-5p abolished shcircTLK1's protective effect in neurons (Chen W. et al., 2022). Likewise, Cao et al. discovered that the expression of circ_0070441 increased in MPP+-treated SH-SY5Y cells (Cao et al., 2022). Furthermore, circ_0070441 suppresses miR-626 while increasing IRS2 expression levels through a ceRNA axis. Notably, circ_0070441 deficiency reduced MPP+-induced neuronal damage by regulating cell death and inflammation (Cao et al., 2022).

Unlike circSNCA, the circRNAs circzip-2 and circDLGAP4 have been identified to be changed in PD and to have a protective effect. On the one hand, Kumar et al. (2018) discovered circzip-2, a circRNA generated from the zip-2 gene, whose human homolog codes for CCAAT-enhancer-binding protein (C/EBP) which acted as bZIP transcription factor implicated in PD through regulating α-synuclein levels (Kumar et al., 2018; Valente et al., 2020). Cirzip-2 was predicted to sponge miR-60 using bioinformatic analysis. As a result, a reduction in circzip-2 may increase miR-60 activity, leading to downregulation of protective genes such as M60.4, ZK470.2, igeg-2, and idhg-1. On the other hand, Feng et al. (2020) reported in PD models (MPTP-induced animals and MPP+-induced cells) a reduction in the circDLGAP4 expression, which displayed neuroprotective effects in vitro. The authors expected that miR-134-5p might be a target for circDLGAP4 in both human and animal models, finding that this miRNA was elevated in both. Lastly, the same research established that the circDLGAP4/miR-134-5p axis influences CREB signaling and CREB downstream target gene transcription, including BDNF, Bcl-2, and PGC-1a, which are all neuroprotective proteins implicated in a variety of neurodegenerative diseases, including AD and PD (D'Orsi et al., 2017; Lv et al., 2018; Bawari et al., 2019).



4.8. Other ceRNAs axes

Under normal circumstances, the ceRNA axes within the cell are in equilibrium. Increasing or reducing the expression of each axis component might shift the direction in favor of abnormal circumstances (Sabaie et al., 2021). Remarkably, the majority of the remaining lncRNAs, which are the primary parts of the axes, are associated with increased expression. Xie et al. reported that SOX21-AS1 is overexpressed in MMP+-treated SH-SY5Y cells (Xie et al., 2021). In addition, SOX21-AS1 depletion weakened the cell injury induced by MMP+. Moreover, SOX21-AS1 knockdown decreased ROS generation and levels of TNF-α, IL-1β, and IL-6 but increased SOD activity. However, SOX21-AS1 up-regulation led to the opposite results. Further, SOX21-AS1 could bind with miR-7-5p, whose overexpression relieved MMP+-induced cell injury. Additionally, insulin receptor substrate 2 (IRS2) served as the target gene of miR-7-5p, and its expression was positively modulated by SOX21-AS1. Similarly, IRS2 knockdown also had alleviative effects on cell injury stimulated by MMP+ treatment (Xie et al., 2021). In this regard, Xu et al. also reported increased expression levels of ID2-AS1 in SH-SY5Y cells. Furthermore, ID2-AS1 down-regulation weakened MPP+-induced cytotoxicity in SH-SY5Y cells and alleviated the neuronal damage in PD by regulating the miR-199a-5p/IFNAR1/JAK2/STAT1 axis (Xu et al., 2021). Similarly, Zheng et al. concluded that UCA1 experienced overexpression in MPP+-induced cytotoxicity in SH-SY5Y cells, and silencing of UCA1 protects SK-N-SH cells from MPP+-evoked cytotoxicity by targeting the miR-423-5p/KCTD20 axis. The overexpression of UCA1 causes KTCD20 expression levels to increase through inhibition of miR-423-5p (Zheng et al., 2021). KCTD20 can activate the Akt signaling pathway (Nawa and Matsuoka, 2013), which plays a crucial role in the pathogenesis of PD rats and the PD neurodegeneration (Huang et al., 2018; Furlong et al., 2019). It should be noted that AL049437 is one of the lncRNAs that is overexpressed in MPP+-treated SH-SY5Y cells. Zhang et al. reported that the high levels of AL049437 reduce the expression of miR-205-5p and increase the expression of MAPK1 in SH-SY5Y cells (Zhang L. et al., 2020). MAPK1 is also involved in another ceRNA axis in PD, such as SNHG1/miR-125b-5p/MAPK1 (Xiao et al., 2021). Conversely, Zhou et al. discovered that the expression levels of NORAD as a PD protector are decreased in PD, and it was concluded that NORAD was able to up-regulate SLC5A3 with interacting miR-204-5p and protect neuroblastoma cells from MPP+-induced damage (Zhou et al., 2020a). Similarly, PART1 is a protecting factor for PD by sponging miR-106b-5p, and MCL1 is a direct target for miR-106b-5p, and consequently, PART1 reduced MPP+-induced damage to SHSY5Y cells (Shen Y. E. et al., 2021).

In a creative procedure, Feng et al. used a synthetic miRNA sponge to assess miR-330/SHIP1/NF-κB ceRNA axes. Notably, the miR-330 synthetic sponge inhibits miR-330 and suppresses LPS-induced chronic neuroinflammation in PD by down-regulating the activity of microglia with reduced inflammatory cytokines via the SHIP1/NF-κB signaling pathway (Feng et al., 2021). Recent research indicates that neuroinflammation, defined by abnormal activation of microglia, may play a critical role in PD (Raza et al., 2019). Remarkably, Shen et al. revealed the protective effects of another lncRNA. MIAT causes neuroprotective effects in PD by inhibiting miR-34-5p and regulating SYT1 expression. As a crucial intercessor, SYT1 governs the release of the calcium-dependent neurotransmitter and is closely linked to physiological and cognitive development (Baker et al., 2018). Local amyloid peptide buildup is thought to cause neuronal degeneration, memory impairments, synapse loss, and malfunction (Mihaescu et al., 2022). SYT1 modulates synaptic amyloid; hence it might be used to treat nervous system problems (Kuzuya et al., 2016). It should be noted that the ABCA1/miR-873/A20 ceRNA axes can be used to target neuroinflammation. Inhibition of miR-873 through increased ABCA1 may play a dual protective role in PD as it induces intracellular cholesterol homeostasis and improves neuroinflammation (Wu et al., 2017).

Conversely, Xu et al. reported the non-protective role of GAS5 in PD. GAS5 positively regulates NLRP3 by competitive sponging of miR-223-3p. In addition, GAS5 knocking down causes an increase in the expression levels of miR-233-3p, which reduces inflammatory factors (Xu et al., 2020). Similarly, Zhang et al. revealed that decreasing the expression levels of MIR17HG reduces inflammatory responses in microglia in PD models. MIR17HG experiences an increase in PD inhibits miR-153-3p, and causes an increase in SNCA, directly affecting the PD development (Zhang et al., 2022).




5. Limitations

The present study had several limitations. On the one hand, this study attempted to serve as a road map for future research in this field and generate interest and excitement for future ceRNA investigations in PD, and these studies will undoubtedly assist in finishing this path. On the other hand, in the section on significant results, we attempted to provide all of the details relevant to all of these regulatory axes in Table 1. All precautions were made to avoid missing a study during the screening process, and three people collaborated on this part to ensure that this study included all of the studies completed in the area of PD. However, this is possible due to an individual mistake that may have left a study out.



6. Conclusion

In recent years, several ceRNA axes have been found and examined in various diseases. Because ceRNA interaction networks are multifactorial, they may provide an advantage in investigations of these complex neurodegenerative diseases such as PD, both at the level of biomarkers (combined RNA biomarkers panels) and targeted therapies (regulate the multiple disease-associated RNA levels at once by just targeting one). This study collected evidence that the ceRNA axis has a remarkable influence on PD development, each of which has the potential to be a distinguishing feature of this neurodegenerative disease. The multitude of studies in the field of ceRNA axes and the results of bioinformatic analysis of the enrichment of genes targeted in ceRNA axes, including cellular response to the metal ion, cellular response to oxidative stress, and positive regulation of macromolecule metabolic processes, indicate the importance of these axes in the development of PD. The strength of these studies appears to lie in how these axes provide the ability to narrow the border between diagnosis and treatment in PD. To conclude, the upward trend of studies around ceRNA axes will lead to the evolution of ceRNET and the evolution of our knowledge of this network as one of the superior molecular mechanisms that enable the transformation of studies in the field of treatment with a unique look at ceRNA axes.
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hsa04151  PI3K-Akt signaling pathway 0,009 0.641

1505202 Transcriptional misregulation in 0013 0747
cancer

15204610 Complement and coagulation 0018 0770
cascades

hsa04936 _ Alcoholic liver disease 0029 1.000

hsa04010 MAPK signaling pathway 0045 1000

They are grouped into five clusters based on membership similarities. PISK-AK,
phosphoinositide-3-kinase-protein kinase B/Akt; MAPK, mitogen-activated protein kinase.
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Group MSA MSA-C MSA-P

«-Syn 253.69 [147.47, 30465 (176,13, 239.11[130.97, 288.31(182.30, 250.06 [130.64,
481.28] 507.72] 45433 500.93]

pS129 188.92(129.57, 203.13 (13196, 16359 (12217, 188.55(124.77, 188.92(135.78,
34238] 41213] 270.60) 343.46)

A-syn 4253(3040,  4263(3090, 40322873,  4261(2940,  41.60(30.82,

aggregates 60.04] 61.43] 59.8) 58.29]

MSA-OH MSA-NOH

462.04)

MSA vs
HCs
<0.001%

0.042¢

<0.0001%

P
MSA-Cvs
MSA-P
0294

0185

0426

MSA-OH vs
MSA-NOH

0422

0.856

MSA; Multple System Atrophy; HC; Healthy Controls; MSA-P, Multiple System Atrophy with predominant parkinsonism; MSA-C, Multiple System Atrophy with predominant
cerebellar ataxia; MSA-OH, MSA with orthostatic hypotension; MSA-NOH, MSA without orthostatic hypotensions a-Syn, a-synuclein; p$129, Phosphorylated a-Syn at Ser129; Data is

represented as median [25%-75%). *This value of p indicates a stati

ically significant difference.





OPS/images/fnagi-14-981451/ain.jpg





OPS/images/fnagi-14-981451/cross.jpg
@ Check for updates.





OPS/images/fnagi-14-981451/fnagi-14-981451-g001.jpg





OPS/images/fnagi-14-1010064/fnagi-14-1010064-g003.jpg
a-syn pg/mg

200

1500

1000

PpS129 pgimg

2000-

1500-

1000-

500,

a-syn aggregates pg/mg

150

100

B

srer






OPS/images/fnagi-14-1010064/fnagi-14-1010064-g004.jpg
a-syn pg/mg

1000

500

Disease duration (year)





OPS/images/fnagi-14-1010064/fnagi-14-1010064-g005.jpg
100+

80

Source of the Curve

201 =]
s oL
B e
o T T T T 1
L] 20 40 60 80 100

100% - Specificity%





OPS/images/fnagi-14-1010064/fnagi-14-1010064-t001.jpg
Group MSA, n=42 MSA-C,n=19  MSA-P,n=23 P
MSA vs HCs MSA-Cvs
MSA-P

Females/Males 2121 s/ 13710 3314 0.051 0.352
Age (year) 62(54.75,69) 56 (52,67) 65157,70) 57 (53, 6] 0.082 0.023%
Duration (year) 2(1,3.125) 15(1,2) 25(2,4) NA NA 0.067
MDS-UPDRS III 405(31,48.5) 36 (29,43) 43(36,57) NA NA 0.020%
MoCA 21 19,25 2219, 26) 21(19,24) 25(24,27) <0.001% 0.395
MMSE 26 (24,28) 26(25,27) 26(23,28) 28 (28,30] <0.001% 0721
OH/NOH 16/26 90 76 NA NA 0.266

MSA, Multple System Atrophy; HCs, Healthy Controls; MSA-P, Multiple System Atrophy with predominant parkinsonism; MSA-C, Multiple System Atrophy with predominant
cerebellar ataxia; MMSE, Mini-mental State Examination; MoCA, Montreal Cognitive Assessment; MDS-UPDRS I11, Movement Disorder Society Unified Parkinson's Disease Rating
Scale Part I1l; OH, Orthostatic Hypotension; NOH, No Orthostatic Hypotension; NA, not applicable. Data i represented as median [25%-75% . *This value of p indicates a statistically
ficant difference.
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Number

of
subjects
(high/
low)
Ap 503/378
P-tau 373/414
T-tau 415/376
AT(N) 298/229

only

0.748 (0745~
0.750)
0.662 (0658~
0.666)
0.710 (0708~
0713)
0.795 (0793~
0.798)

Age+APOE  Proteins

only

0727 0722
0.732)
0.626 (0615~
0.636)
0.668 (0.660-
0.675)
0.770 (0765~
0.774)

Proteins +
age+APOE

0.782(0.779~
0.785)
0.674 (0669~
0678)
0.734(0.729-
0.738)
0.831 (0827~
0.835)

AUC, area under the receiver operating characterisic curve; CI, confidence interval;
NN, neural networks; APOE, apolipoprotein Es Af, amyloid-f; p-tau, phosphorylated-
tau; t-tau, total tau; AT(N), amyloid/tau/neurodegeneration.
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Characteristic

N

Age, median (IQR)

Male sex, N (%)

MMSE, median
(IQR)

APOE e4+, N (%)

AP+, N (%)

P-taus, N (%)

T-tau+, N (%)

Sample
size

881
881

878

881

881

787

791

CN

Bt
660
(58.9-
70.0)
133
(42.8%)
290
(280~
30.0)
ns
(37.9%)
9
(30.0%)
2
(19.1%)
45
(20.1%)

MCI

386
705
(65.1-
75.5)
181
(46.9%)
265
(250~
280)
186
(48.2%)
25
(63.5%)
203
(53.0%)
21
(57.6%)

(46.7%)
220
(18.0-
25.0)

n2
(60.9%)
165
(89.7%)
128
(69.69%)
149
(81.4%)

P-value

<0.001°

0.509

<0.001°

<0.001°

<0.001°

<0.001°

<0.001°

CN, normal cognition; MCI, mild cognitive impairment; AD, Alzheimer’s disease; IQR,
interquartile range; MMSE, mini-mental state examination; APOE, apolipoprotein E;

AP, amyloid-fs

-tau, phosphorylated-tau

-tau, total tau. ‘p<0.05.





OPS/images/fnagi-14-1040001/fnagi-14-1040001-g002.jpg
AB P-tau

o
@
o
@

e
&
300
7
&
304
2
02 " age+APOE4 only (AUC=0.748) 02 " age+APOE4 only (AUC=0.662)
—— age+APOE4+proteins (AUC=0.782) —— age+APOE4+proteins (AUC=0.674)
—— proteins only (AUC=0.727) —— proteins only (AUC=0.626)
00 00
00 02 04 06 08 1.0 0.0 02 04 06 08
False Positive Rate False Positive Rate
¢ T-t: 0 AT(N,
1.0 Al 1.0 N

o
@
o
®

E} 2
4 &
5 06 s 06
H %
& &
504 304
2 2
S =
02 ~ age+APOE4 only (AUC=0.710) 02 ‘age+APOE only (AUC=0.795)
—— age+APOE4+proteins (AUC=0.734) —— age+APOE+proteins (AUC=0.831)
—— proteins only (AUC=0.668) —— proteins only (AUC=0.770)
00 0.0
00 02 04 06 038 1.0 0.0 02 04 06 08 10

False Positive Rate False Positive Rate





OPS/images/fnagi-14-1040001/fnagi-14-1040001-g001.jpg
p

FC8
dropout
ReLU | !
i FC16 | |
RelLU !
FC8 i

‘AD-related
outcome

AB  p-tau ttau AT(N)

output
layer






OPS/images/fnagi-14-1040001/crossmark.jpg
(®) Check for updates






OPS/images/fncel-16-1013745/fncel-16-1013745-t001.jpg
No. Gene
symbol

1 RPS11

2 UTP25

3 RPSI5A

4 PRS13

5 DDX52

6 NOP58

7 SKIV2L2

8 WDR43

Full name

Ribosomal Protein S11
UTP25 Small Subunit

Processome Component

Ribosomal Protein S15a

Ribosomal Protein S13

DExD-Box Helicase 52

NOP58 Ribonucleoprotein
Ski2 like RNA helicase 2

‘WD Repeat Domain 43

Gene-related
diseases

Cyclosporiasis,
Diamond-Blackfan Anemia

Tetraamelia Syndrome

Diamond-Blackfan Anemia
20, Diamond-Blackfan
Anemia, Macrocytic
Anemia

Gaucher Disease, Type Ii,
Sphingolipidosis, Gaucher’s
Disease, Neuroblastoma

Chromosome
17q12 Deletion Syndrome

Dyskeratosis Congenita

Trichohepatoenteric
Syndrome, Diarrhea,
Diarrhea 5, With Tufting
Enteropathy, Congenital,
Optic Disc Anomalies with
Retinal and/or Macular
Dystrophy

3 mc Syndrome, Treacher
Collins Syndrome 1
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MicroRNA CTE ALS CTE+ALS

miR-107
miR-181c-5p
miR-34c-5p
let-7b-5p
miR-9-5p
miR-125b-5p
miR-210-3p
miR-124-3p
let-7d-5p
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v’ denotes if a miRNA ACT was upregulated in its pathological group in relation to
the control group. Statistical analysis was done via ANOVA and Dunnett’s multiple
comparison testing.





OPS/images/fnagi-14-896848/cross.jpg
3,

i





OPS/images/fnagi-14-896848/fnagi-14-896848-g001.jpg
T1w/T2w  Myelin
content

Outer

Medium

Inner

T1w/T2w
B |

Low High White matter

DR e S






OPS/images/fnins-16-855096/fnins-16-855096-g004.jpg
MiR-100-5p

MiR-16-5p

o) N - =

abuey) aAneay

™ o~ - =
abuey) aAneoy

abueys aAne|ay

MiR-196a-5p

MiR-30e-5p

MiR-30c-5p

© < N <

abuey) aAneay

1
T
vy"a

(o)
™ N - =

abuey, aAne|oy

4

1 J !
N - =

abueyo aAne|ay

3-

p X
' 8 %
2 %
s
¥ - %
14 <
= o
\O.A\Q
I 1 1 1 I 1 K
n o wnw 9 v 9
M &N = O = =
abuey) aAneoy
# _|_ [ %VV‘
X
o K
v %
i b
T .
- o.vo
\nv.ﬂ\o
<t ™ N - °©
abueyo anneey
_
* $
7
o 5
8 X
e $
(o) VV‘
)
© N %
= =
\O.A\As
_ ! _ _ 0
™ N = o=t

abueys aAneRy

MiR-221-3p

&

P A R
abuey) aAne|oy





OPS/images/fnins-16-855096/fnins-16-855096-g005.jpg
A Pathway distribution in ALS

E Pathway distribution in CTE

Other
5%

C Pathway distribution in ALS+ CTE

Other
5%

Apoptosis
37%






OPS/images/fnins-16-855096/fnins-16-855096-t001.jpg
Controln = 20 ALS n =14

Age (years) 53.6 (2.5) 59.1 (1.4)
Age range (years) 39-70 48-64
CTE stage N/A N/A
RIN 6.8 (0.26) 6.93 (1.4)

Data are expressed as mean (SEM). Amyotrophic lateral sclerosis (ALS), chronic traumatic encephalopathy (CTE).

CTEn=16

64.9 (3.2)
34-89
2.56 (0.26)
6.56 (0.32)

CTE+ALS n = 21

59.1 (3.4)
29-87
2.62(0.2)
7.48 (0.29)
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MicroRNA Control CTE ALS CTE+ALS

ACT ACT P-value ACT P-value ACT P-value
miR-107 -0.07 —1.48 0.0100 -1.31 0.0337 -1.18 0.0342
miR-181c-5p —2.23 -3.40 0.0489 -2.89 0.4215 —2.99 0.2298
miR-34c-5p 6.60 5.18 0.0292 5.35 0.0765 5.31 0.0331
let-7b-5p 0.02 -1.43 0.0128 —1.18 0.0591 -1.23 0.0226
miR-9-5p —4.78 —6.06 0.0148 —5.76 0.0971 -5.94 0.0179
miR-125b-5p —5.17 —6.62 0.0098 —6.23 0.0948 —6.29 0.0387
miR-210-3p 3.54 2.45 0.0747 2.42 0.0789 245 0.0491
miR-124-3p —6.43 -7.49 0.0493 —7.01 0.4540 —7.22 0.1439
let-7d-5p -1.07 —2.03 0.1351 —2.12 0.1112 —1.68 0.4122
miR-146b-5p 1.47 0.32 0.0181 0.29 0.0184 0.89 0.3034
miR-197-3p —6.97 -8.02 0.0444 —7.89 0.1066 —7.78 0.1181
miR-148a-3p 1.59 0.52 0.0403 0.40 0.0262 0.64 0.0533
miR-26b-5p -3.99 —5.46 0.0069 —4.99 0.1147 -5.27 0.0129
miR-26a-5p —3.81 —5.36 0.0029 —4.72 0.1395 -5.04 0.0125
miR-128-3p —4.35 -5.79 0.0099 —5.41 0.0952 -5.45 0.0428
miR-23a-3p —2.89 —-3.90 0.0849 -3.73 0.2038 —3.69 0.1693
miR-34a-5p —-1.50 —5.51 0.0992 —-2.73 0.0418 —2.56 0.0552
miR-100-5p 0.68 —0.66 0.0271 —-0.24 0.2071 -0.26 0.1260
miR-16-5p —-1.34 -272 0.0138 —2.40 0.0920 —-2.29 0.0934
miR-19b-3p 0.039 -1.17 0.0333 —-0.92 0.1358 -1.11 0.0289
miR-30d-5p —-1.09 -2.13 0.0495 —1.93 0.15835 —-2.25 0.0142
miR-30e-5p —4.30 —5.35 0.0881 -5.57 0.0380 -5.78 0.0044
let-7i-5p —4.38 -5.80 0.0173 —5.48 0.1035 -5.69 0.0199
miR-15a-5p —2.02 -3.31 0.0161 -3.36 0.0161 -3.08 0.0399
miR-146a-5p 0.44 —0.69 0.0450 -0.93 0.0153 —0.68 0.0300
miR-30c-5p —4.78 —5.78 0.0553 —5.81 0.0581 -5.75 0.0434
miR-196a-5p 214 0.95 0.0866 0.68 0.0265 0.67 0.0171
miR-186 2.40 0.96 0.0112 1.44 0.1522 1.30 0.0475
miR-30a-5p —4.40 —4.81 0.8045 —5.62 0.2241 —5.47 0.0991
miR-132-3p -0.62 —1.37 0.2381 —1.29 0.3511 —0.91 0.8370
miR-221-3p —2.68 -3.94 0.0316 -3.96 0.0370 -3.99 0.0150
miR-10b 214 1.65 0.6900 0.195 0.0013* 1.10 0.0949
miR-212-3p —0.48 —1.06 0.3908 —1.30 0.1647 —1.26 0.1364
miR-153-3p —-1.32 —2.25 0.0742 —1.80 0.5561 —1.99 0.2126
miR-101-5p —1.66 -2.78 0.2891 -2.79 0.2913 —2.58 0.3736
miR-422a -0.72 —1.25 0.6501 —1.41 0.4741 —1.83 0.0803
miR-23b-3p —4.35 —4.71 0.8332 —5.01 0.4834 —5.33 0.1175
miR-133b 7.29 6.08 0.0686 6.32 0.2049 6.19 0.0772

ACTs of the 38 successtully amplified miRNAs are shown. P-values are from ANOVA with post-hoc Dunnett multiple comparison test between the disease and control
groups. All bolded values are significant with o = 0.05. Asterisks (*) indicate p-values that are below Bonferroni correction value of 0.0013.
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Variables

Enrolled patients (n)
Age (mean = SE, yrs.)
Gender (M/F)

Course of disease (mean = SE yrs.)

Age of onset (mean = SE, yrs.)
Marital status (n [%])
Married

Not married

Widow (er)

Dwelling state

Living with Family

Solitary

BMI (Mean = SE, kg/m?)
Education (Mean = SE, yrs.)
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IL-18, IL-6, IL-8, IL-12, IL-17, IL-18). Oxidative stress in various brain
regions such as BBB and neurons susceptible to cell death.

SNpr, substantia nigra pars reticulate; SNpc, substantia nigra pars compacta; IL, interleukin.
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Normal cognition Motoric cognitive risk Alzheimer’s F P-value Partial eta
(n=25) syndrome (n =27) disease (n =16) squared

Age (years) 743+74 752+ 6.4 782+ 6.6 0.204

Sex (male/female), n 16/9 13/14 3/13 0.018

BMI 249 +2.6 242+ 34 239 %39 0.586

Education level 7.8+ 4.7 6.4 +49 52+438 0.489

0 years, n 3 5 4

1-6 years, n 12 17 7

7-12 years,n 7 2 4

13 or more years, n 3 3 1

Hypertension, n 10 17 7 0.216

Diabetes mellitus, n 6 13 5 0.177

Heart disease, n 3 6 2 0.546

MMSE 26.6 £2.8 237 +46 15.3 £ 5.44%% 25.745 <0.001* 0.450
MoCA 222445 17.9 +6.2* 11.6 & 5.74** 11.911 <0.001* 0.274
CDR 0.0£0.0 0.3 £ 0.3 1.0 £ 0.00+# 156.595 <0.001* 0.833
Gait speed, m/s 11202 0.6 £ 0.2%* 0.8 & 0.3* 29.422 <0.001? 0.487
AB42, pg/ml 164 +£0.5 16.6 £ 0.6 16.8 £ 0.5 2.328 0.106* 0.069
t-tau, pg/ml 20,6 +1.7 22.7 £3.4* 24.2 +3.6** 9.583 <0.001* 0.233

BMI, body mass index; MMSE, Mini-Mental State Examination; MoCA, Montreal Cognitive Assessment; CDR, clinical dementia rating; AB42, amyloid beta 42; t-tau, total tau.

* Adjusted for age and sex.

* and **: Significance levels of <0.05 and <0.001 for intergroup comparisons between the normal cognition (NC) group and other groups.

# and **: Significance levels of <0.05 and <0.001 for intergroup comparisons between the motoric cognitive risk (MCR) syndrome group and the Alzheimer’s disease (AD) group.
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Normal cognition

(n=25)
Executive function
TMT-A, s 23.1+£15.1
TMT-B, s 62.0 £ 36.0
Category fluency test 11.3:%3.6
Attention and working memory
Digital symbol modality test 34.0413.3
Episodic memory
CVLT-SF 18.8'+:5.3
Visuospatial performance
Judgment of line orientation 13.6 3.6
Language
Boston naming test 235451
Depression
Geriatric Depression Scale-15 3128

Motoric cognitive risk
syndrome (n = 27)

42.6 £32.1
83.6 = 35.5
10.0 3.8
23.7 £ 15.6
15.9::i5.3
9.4 £ 4.3*

21.3+£45

3:.84+3.2

TMT, trail making test; CVLT-SE California Verbal Language Test-Short Form.

? Adjusted for age and sex.

Alzheimer’s
disease (n =16)

61.5 £ 40.2*
89.9£37.2
7.8+44
15,1.:2:715.3%
13.3 & 6:3*
73E5.0%

12.7 & 6.6%*%

2.6+27

* and **: Significance levels of <0.05 and <0.001 for intergroup comparisons between the normal cognition (NC) group and other groups.
*: Significance level of <0.001 for intergroup comparisons between the motoric cognitive risk (MCR) syndrome group and the Alzheimer’s disease (AD) group.
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4284
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7.591
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0.698

P-value

0.013*
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0.018*

0.016*

0.001*

<0.001*

0.5012

Partial eta
squared

0.129
0.057
0.061
0.120
0.122
0.194

0.325
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Outcomes

MMSE

MoCA

TMT-A

TMT-B

Category fluency test
CVLT-SE

Digital symbol modality test
Judgment of line orientation
Boston naming test

Geriatric Depression Scale-15

Normal cognition

Motoric cognitive risk

Alzheimer’s disease

(n=25) syndrome (n = 27) (n=16)
Ts P Ts P Ts P
0.232 0.264 —0.096 0.633 —0.221 0.412
—0.151 0.472 0.034 0.865 —0.105 0.699
0.038 0.855 0.067 0.741 0.353 0.180
0.042 0.842 —0.011 0.958 0.572 0.020
—0.156 0.457 0.227 0.254 0.341 0.197
—0.020 0.926 —0.052 0.795 —0.246 0.359
—0.260 0.210 —0.068 0.737 —0.387 0.139
0.053 0.801 —0.258 0.193 —0.006 0.983
—0.340 0.096 —0.091 0.653 —0.289 0.278
—0.017 0.935 0.145 0.471 0.408 0.116

APB42, amyloid beta 42; t-tau, total tau; MoCA, Montreal Cognitive Assessment; TMT, trail making test; CVLT-SE, California Verbal Language Test-Short Form; *p < 0.05.
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Outcomes

MMSE

MoCA

TMT-A

TMT-B

Category fluency test
CVLT-SE

Digital symbol modality test
Judgment of line orientation
Boston naming test

Geriatric Depression Scale-15

Normal cognition Motoric cognitive risk Alzheimer’s disease
(n=25) syndrome (n = 27) (n=16)
rs P rs P rs P

—0.121 0.564 —0.359 0.066 0.006 0.983
0.008 0.972 —0.484 0.011* 0.263 0326
0.073 0.730 0338 0.085 —0.287 0.280
0.001 0.999 0.194 0332 —0.143 0.598
—0.260 0.210 —0.061 0.764 0.163 0.545
0.055 0.793 —0.064 0.750 0.244 0.362
—0.163 0.436 —0.356 0.068 —0.074 0.786
0317 0.122 —0.358 0.067 0.091 0.736
0.132 0.528 —0.444 0.020 0.104 0.703
0.456 0.022* 0.141 0.483 —0.252 0.346

APB42, amyloid beta 42; t-tau, total tau; MoCA, Montreal Cognitive Assessment; TMT, trail making test; CVLT-SE, California Verbal Language Test-Short Form; *p < 0.05.
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References Type of Human Cell line(s) CeRNA(s) NET Major methods Major findings
study samples miRNA(s)
Liu etal. (2017) China Animal study - SH-SY5Y Mice (C57BL/6) MALATI t miR-124 | QRT-PCR, western blot, In mouse and in vitro models, MALAT1
Cell culture HEK293 miR-124 targets TUNEL assay, flow cytometry, | induces apoptosis by sponging miR-124,
caspase3 activity analysis, which can probably be applied to
luciferase assay treating PD
MALATI knockdown improved
miR-124 expression in MPTP/MPP+
initiated models of PD
Wu etal. (2017) China Animal study - SH-SY5Y Rat ABCAL { miR-873 1 IHC, qRT-PCR, Inhibiting A20 could aggravate the
Cell culture A20 immunoblotting, NF-«B signaling pathway by
dual-luciferase assay, up-regulating miR-873
transient transfection, and miR-873 sponge might be able to reduce
luciferase assays PD symptoms by up-regulating ABCA1
and A20
Inhibition of miR-873 may play a dual
protective role in PD as it induces
intracellular cholesterol homeostasis
and improves neuroinflammation
Straniero et al. Italy Case-control Post-mortem Hela = GBAP1 | miR-22-3p 1 QRT-PCR, luciferase assay, During dopaminergic differentiation,
(2017) Cell culture Brains (51 casesand | HEK293 GBA western blot, GCase enzyme GBA will increase, while miR-22-3p will
42 controls) HepG2 activity assays, analysis of the decrease
splicing pattern, and iPSC GBPAI (pseudogene) functioned as a
derivation GBA ceRNA and was identified as the
first microRNA controlling GBA
Confirmation of
GBA/GBAP1/miR22-3p dysregulation
in PD patients may lead to new
treatment strategies by modulating the
NMD pathway to increase GBAP1 levels
or directing
miRNA/pseudogene expression
Cao etal. (2018) China Animal study - BV2 cells Mice (C57BL/6) SNHGI1 1 miR-7 | Luciferase assay, RNA IP, Neuroinflammation is promoted by
Cell culture NLRP3 THC, qRT-PCR, western blot, SNHGI through the miR-7/NLRP3
ELISA, caspase-3 activity pathway
assay SNHGI downregulation increases
miR-7 expression and suppresses
dopaminergic neuron loss, microglial
activation, and NLRP3 inflammasome
expression in midbrain SNpc in
MPTP-treated mice
SHNG]1 may be a potential therapeutic
target for PD
Kumar et al. India Animal study - = C. elegans (N2 circzip-2 | miR-60 1 QRT-PCR, sanger sequencing, | Circzip-2 may have a protective role
(2018) and NL5901 zip-2 imaging of a-synuclein against PD
strain) protein aggregation, RNA-seq, | Losing circzip-2 enhances miR-60
quantification of ROS, activity, decreasing protective genes,
acetylcholine and and when ZIP-2 is silenced, the
acetylcholinesterase protective activity is restored through
estimation using amplex red, the daf-16 pathway
lifespan assay
Sang et al. (2018) China Cell culture = SH-SY5Y o CireSNCA | MiR-7 1 QRT-PCR, western blot, CircSNCA knockdown resulted in
SNCA Iuciferase assay, downregulation of alpha-synuclein
immunofluorescence (SNCA), which proved circSNCA
localization, MTT assay inhibition was effective in PD treatment
CircSNCA up-regulates SNCA through
miR-7 sponging, which decreased
apoptosis and endorsed cell autophagy
in PD
Xu etal. (2018) China Animal models & SH-SY5Y Mice (C57BL/6) lincRNA-p21 1 miR-1277-5p | QRT-PCR, cell nucleus, and In SH-SYSY cells treated with MPP+,
Cell culture miR-1277- cytoplasm fraction isolation, the lincRNA-p21/miR-1277-5p axis
5p target western blot, RIP assay, modulated cell viability and apoptosis
dual-luciferase activity assay, by targeting a-synuclein
cell viability assay, cell LincRNA-p21 may be a valuable target
apoptosis assay in the treatment of PD
Ding etal. (2019) China Cell culture = SH-SY5Y ~ linc-p21 ¢ miR-625 | QRT-PCR, TUNEL assay, TRPM?2 expression is positively
TRPM2 MTT assay, LDH assay, regulated by Inc-p21 that interacts with
caspase-3 assay, measurement | miR-625, and knockdown of TRPM2
of ROS generation, reduces MPP+-induced
measurement of SOD activity, | neuroinflammation
western blot, luciferase assay The Lnc-p21-miR-625-TRPM2
regulatory axis was identified as a
potentiating axis in the pathogenesis
of PD
Lin etal. (2019) China Animal models = SH-SY5Y Mice (C57BL/6) HOTAIR 1 miR-126-5p | Apoptosis assay, luciferase HOTAIR promotes PD by influencing
Cell culture RAB3IP assay, RIP assay, qQRT-PCR, cell proliferation and apoptosis by
western blot, CCK-8 assay, sponging miR-126-5p and regulating
flow cytometry, morris water RAB3IP
maze test, pole test, THC, Knockdown of HOTAIR decreased the
TUNEL assay number of a-synuclein-positive cells
while reducing the apoptosis rate among
dopaminergic neurons
Liu et al. (2020) China Cell culture = SK-N-SH = NEAT1 ¢ miR-212-5p | QRT-PCR, western blot, CCK8 In MPP+-treated SKN-SH cells,
RAB3IP assay, RIP assay, cell apoptosis NEATI, and RAB3IP were increased,
assay, flow cytometry, LDH whereas miR-212-5p was downregulated
release assay, ROS activity
assay, SOD activity assay, NEAT1 knockdown reduced
dual-luciferase assay MPP+-induced apoptosis,
inflammation, and cytotoxicity in
SK-N-SH cells via
up-regulating miR-212-5p
Xu etal. (2020) China Animal study = BV2 cells Mice (C57BL/6) GASS5 1 miR-223-3p |, QRT-PCR, cell viability test, GASS positively regulates NLRP3 by
Cell culture NLRP3 apoptosis test, dual-luciferase | competitive sponging of miR-223-3p
assay, western blot, IHC, GASS knocked down enhances the
expression of miR-223-3p, which
reduces inflammatory factors
GASS5 promotes PD development by
targeting the miR-223-3p/NLRP3 axis
Zhang L. etal. China Animal study - SH-SY5Y Mice (C57BL/6) | AL049437 1 miR-205-5p | QRT-PCR, CCK-8 assay, flow | By adjusting miR-205-5p/MAPKI in
(2020) Cell culture MAPKI1 cytometry, ELISA, ROS SH-SYS5Y cells, IncRNA AL049437
species assay, luciferase assay, | alleviates MPP--induced neuronal
RNA pull-down assay, injury
western blot A high level of AL049437 reduces the
expression of miR-205-5p in
SH-SYS5Y cells
Zhang X. etal. China Animal study = - Mice (C57BL/6]) LOC102633466 1 miR-505-5p |, QRT-PCR, RNA-seq, FastQC, LOC102633466, LOC102637865, and
(2020) LOC102637865 1 miR-188-3p | HE staining, bioinformatic LOC102638670 were significantly
LOC102638670 1 miR-873a-5p | analysis up-regulated in the aerobic exercise
Col6al and Wnt6 training group compared with the PD
group
Aerobic exercise may improve PD by
acting on these three IncRNAs with a
ceRNA mechanism
Meng etal. (2021) China Cell culture i SK-N-SH - Linc00943 1 miR-15b-5p | qRT-PCR, Cell transfection, The MPP+-stimulated SK-N-SH cells
RAB3IP western blot, MTT assay, flow led to an increase in LINC00943
cytometry, ELISA, abundance
dual-luciferase reporter Silencing LINC00943 prevented
analysis, and RIP MPP+-induced cell viability loss and
increased apoptosis, inflammatory
damage, and oxidative injury
LINC00943 suppressed miR-15b-5p,
and inhibiting miR-15b-5p reversed
LINC00943-mediated mitigation of
MPP+-induced neuronal injury.
RABS3IP is targeted by miR-15b-5p, and
LINC00943 might control RAB3IP
via miR-15b-5p
Zhao J. etal. China Animal study - SH-SY5Y Mice (C57BL/6) SNHGI1 1 miR-153-3p | qRT-PCR, western blot, MTT SNHGI expression was increased in
(2020) Cell culture PTEN assay, flow cytometry, both MPTP-induced PD mice and
luciferase assay, RNA MPP+-treated SH-SY5Y cells
pull-down analysis, apoptosis | SNHG1 knockdown inhibited
assay, RIP assay MPP--induced cytotoxicity in
SH-SY5Y cells through the
miR-153-3p/PTEN pathway
Zhao]. Y. etal. China Cell culture - SK-N-SH = HOTAIR 1 MIR-874-5P | QRT-PCR, Cell viability assay, Silencing of HOTAIR decreases
(2020) ATG10 flow cytometry, western blot, MPP+-triggered neuronal damage by
ELISA, measurement of LDH regulating ATG10, which inhibits the
activity, detection of ROS effect of miR-874-5p on it
generation, determination of
SOD activity, dual-luciferase
assay, RIP assay
Zhou et al. China Cell culture - SK-N-SH - NORAD | miR-204-5p 1 QRT-PCR, cell viability assay, | NORAD was able to up-regulate
(20202) SK-N-AS SLC5A3 cell apoptosis assay, western SLCS5A3 with interacting miR-204-5p
blot, detection of lactate and protected neuroblastoma cells from
dehydrogenase level, MPP+-induced damage As a result,
assessment of oxidative stress, NORAD is a PD inhibitor
enzyme-linked
immunosorbent assay,
dual-luciferase assay, RNA
immunoprecipitation
Zhou etal. China Cell culture - SK-N-SH Mice (C57BL/6) SNHG14 1 miR-214-3p | QRT-PCR, cell viability and
(2020b) Animal study KLF4 apoptosis assays, ELISA, SNHGI14 acts as a miR-214-3p sponge
bioinformatics and and up-regulates miR-214-3p to reduce
dual-luciferase assay, RIP damage to MPPCS-stimulated SK-N-SH
assay, western blot cells by downregulating KLF4
In PD models, SNHG14 was
up-regulated, and miR-2143-p
was down-regulated
Feng et al. (2021) China Cell culture - HEK293 Mice (C57BL/6) MiR-330 MiR-330 | Dual-luciferase assay, Treatment of the cells with miR-330
Animal study synthetic sponge inhibitor and agonist of sponge suppresses LPS-induced chronic
SHIP1, NF-xB SHIP1, western blot, neuroinflammation in PD by
qRT-PCR, down-regulating the activity of
AGO2-immunoprecipitation, microglia with reduced inflammatory
ELISA, immunofluorescence, cytokines via the SHIP1/NF-kB
flow cytometry signaling pathway
Lianetal. (2021) | China Cell culture = SK-N-SH - LINC00943 1 miR-7-5p | QRT-PCR, cell viability assay, | LINC00943 acted as a miR-7-5p sponge
CXCL12 cell apoptosis assay, western and regulated CXCL12 expression in
blot, measurement of ROS MPP+-induced SK-N-SH cells
generation and SOD activity, | LINC00943 knockdown may partially
dual-luciferase assay, RIP reduce neuronal damage caused by MPP
assay + due to that LINC00943 was increased
in MPP+-inducted PD models
Liu etal. (2021) China Cell culture - SK-N-SH Mice (C57BL/6) NEAT1 1 miR-212-3p | QRT-PCR, CCK-8 assay, flow
Animal study HEK293T AXIN1 cytometry, western blot Silencing of NEAT1 may hinder PD
analysis, ELISA, progression due to its up-regulation in
dual-luciferase reporter assay, | MPTP-treated PD mouse models and
RIP assay, statistical analysis | MpPp--stimulated PD cell models
MiR-212-3p regulated the cell
progression by targeting AXIN1, which
sponge with NEAT1
Shen Y. etal. China Cell culture - SH-SY5Y BALB/c mice MIAT t miR-34-5p | FISH, dual-luciferase assay, MIAT sponge miR-34-5p and then
(2021) Animal study SYT1 RIP assay, qQRT-PCR, western regulate the SYT1 expression, as a result,
blot, CCK-8 assays, annexin exerts neuroprotective effects in PD and
V-fluorescein isothiocyanate promotes the expression of Parkin in the
(FITC)/propidium iodide (PI) | SH-SYSY cells
dual label staining, IHC, MIAT expression is downregulated in
TUNEL assay, behavioral various brain regions and protects the
assays neural function of SH-SY5Y cells
Shen Y. E. etal. China Cell culture - SH-SY5Y Mice (C57BL/6) PART1 | miR-106b-5p 1 Western blot, qRT-PCR, PART1 is a protecting factor for PD by
(2021) Animal study MCL1 CCKS assay, apoptosis sponging miR-106b-5p, and MCL1 is a
detection, caspase 3 activity direct target for miR-106b-5p
detection, ELISA, ROS Consequently, PART reduced
detection, LDH detection, MPP+-induced damage to SHSY5Y
SOD detection, cells
dual-luciferase assay, RIP Reduced expression of PART1 is shown
assay, RNA pull-down assays | in PD
Sun etal. (2021) China Cell culture - SH-SY5Y - NEATI1 ¢ miR-1301-3p | QRT-PCR, western blot Knockdown of NEAT1 inhibits
GJB1 analysis, cell apoptosis MPP-+-Induced neuronal apoptosis in
analysis, IL-1B production PD via inhibition of a-Syn-Induced
analysis, dual-luciferase activation of the inflammatory form
activity assay NLRP3 through upgrading the
expression of miR-1301-3p and
downregulation of GJB1
NEAT1 acted as a therapeutic factor
in PD
Wang S. et al. China Cell culture = SK-N-SH = NEAT1 1 miR-519a-3p | QRT-PCR, MTT assay, flow NEAT1 expression is significantly
(2021) SK-N-AS SP1 cytometry analysis, western up-regulated in MPP+-induced
blot, dual-luciferase assay SK-N-SH and SK-N-AS cells in PD
Silencing of NEAT1 applied protective
effects in MPP+-induced
neuroblastoma cell injury via regulating
miR-519a-3p, which reduces
SP1 expression
Xiao etal. (2021) China Cell culture = SK-N-SH Mice (C57BL/6) SNHGI 1 miR-125b-5p | QRT-PCR, CCK-8 assay, MiR-125b-5p is sponged by SNHG1,
Animal study MN9D MAPKI apoptosis assay, caspase-3and | and it suppresses MAPK1
caspase-9 activity assay, LDH | Silencing of SNHG1 and overexpression
release, ROS and SOD activity | of miR-125b-5p applied neuroprotective
assay, ELISA, dual-luciferase actions in MPP-+-evoked neuronal
assay, western blot injury in SK-N-SH and MN9D Cells and
MPTP-Induced PD mice
Xie et al. (2021) China Cell culture = SH-SY5Y - SOX21-AS1 1 miR-7-5p |, QRT-PCR, cell viability assay, SOX21-AS1 seems to tie with miR-7-5p,
RS2 lactate dehydrogenase assay, whose overexpression diminished
TUNEL assay, flow cytometry | MPP-- initiated cell damage
apoptosis analysis, western IRS2 served as the target quality of
blot, measurement of ROS miR-7-5p, and its expression was
generation, measurement of positively modulated by SOX21-AS1
SOD activity,
nuclear-cytoplasmic
separation assay, fluorescent
in situ hybridization assay,
luciferase gene assay
Xu etal. (2021) China Cell culture = SH-SY5Y = ID2-AS1 1 miR-199a-5p | Lactate dehydrogenase assay, 1D2-AS1 down-regulation weakened
IENARIL flow cytometry, reactive MPP+ induced cytotoxicity in SH-SY5Y
oxygen species activity, cells
western blot, subcellular Down-regulation of ID2-AS1 alleviated
fraction analysis, RNA the neuronal damage in PD by
immunoprecipitation assay, regulating the
ELISA, dual-luciferase assay miR-199a-5p/[FNARI/JAK2/STAT]1 axis
Zhang et al. China Case-control PD patients (36 SH-SY5Y Rats SNHG7 1 miR-425-5p | Immunofluorescence, IHC, SNHG7 works as a ceRNA by sponging
(2021) Animal model cases and 20 TRAF5 QRT-PCR, western blot, MTT miR-425-5p and promoting TRAF5
Cell culture controls) NF-«B assay, measurement of MDA, Low expression of SNHG7 or
SOD, and GSH-PX, ELISA, miR-425-5p overexpression attenuates
RIP assay, luciferase assay neuronal apoptosis
Chen C. etal. China Case-control PD patients (99 SH-SY5Y - RMST t miR-150-5p | qRT-PCR, flow cytometry, Serum RMST is a potential biomarker
(2022) Cell culture cases and 93 miR-150- CCK-8 assay, luciferase for PD diagnosis
controls) Sp targets reporter assay Downregulation of RMST may
influence the onset and progression of
PD by suppressing neuron cell death
and the production of inflammatory
cytokines through miR-150-5p
Zheng etal. China Cell culture - SK-N-SH - UCAL 4 miR-423-5p | QRT-PCR, cell viability and MPP-+ causes PD-like symptoms, and
(2021) KCTD20 apoptosis assays, western blot, | the silencing of UCA1 protects
ELISA, dual-luciferase assay, SK-N-SH cells from MPP+-evoked
RIP assay cytotoxicity by targeting the
miR-423-5p/KCTD20 axis
Zhou Q. etal. China Cell culture - SH-SY5Y Mice (C57BL/6) XIST 1 miR-199a-3p | CCK-8 assay, flow cytometry, XIST sponges miR-199a-3p to modulate
(2021) Animal model PC-12 spl cell apoptosis analysis by Spl expression
annexin-V/PI staining, Behavioral indications of PD were
TUNEL assay, TUBB3, successfully lightened upon shXIST or
luciferase assay, RIP analysis, | miR-199a-3p treatment
TH detection by IHC, HXE
and TUNEL staining, western
blot, qRT-PCR
Zhou S. F. etal. China Cell culture - SK-N-SH - NEAT1 1 miR-1277-5p | qRT-PCR, MTT assay, flow NEAT1 knockdown and miR-1277-5p
(2021) SH-SY5Y ARHGAP26 cytometry, western blot, overexpression can mitigate
ELISA, measurement of MPP-+-induced neuron injury
MDA, LDH, SOD, and Upregulation of NEAT1 might
GSH-Px, dual-luciferase assay contribute to MPP+-induced neuron
injury through the
NEAT1-miR-1277-5p-ARHGAP26 axis
Chen C. etal. China Cell culture - SH-SY5Y Mice (C57BL/6) CircTLK1 1 miR-26a-5p | Histological analysis, circTLK1 expression increased in PD
(2022) Animal model DAPKI1 assessment of motor function, | models. The knockdown of cir¢TLK1
cell culture and treatment, alleviated the PD-induced neuron
western blot, qRT-PCR, LDH | injury.
cytotoxicity assay, cell Overexpression of DAPK1 and
viability and apoptosis, inhibition of miR-16a-5p rescinded the
dual-luciferase gene assay protective function of sheirc TLK1
in neurons
SunX. M. etal. China Cell culture - SK-N-SH Mice (C57BL/6) LINC00943 1 miR-338-3p | MTT assay, EdU staining, LINC00943 works as a ceRNA by
(2022) Animal model SP1 flow cytometry, western blot, sponging miR-338-3p and positively
ELISA assay, qQRT-PCR, regulating SP1
subcellular localization assay, Knockdown of LINC00943 could
dual-luciferase assay, RIP alleviate nerve cell injury
assay
Cao etal. (2022) China Cell culture - SH-SY5Y - circ_0070441 4 miR-626 | qRT-PCR, Western blot, In MPP+-treated SH-SY5Y cells,
IRS2 ELISA, CCK-8, flow circ_0070441, and IRS2 levels increased
cytometry, caspase-3 assay, while miR-626 expression decreased.
RIP Circ_0070441 depletion reduced
MPP--induced neuronal damage via
controlling cell death and inflammation.
IRS2 was a miR-626 target, and Circ
0070441 behaved as a sponge for it
SunZ. M. etal. China Cell culture - SH-SY5Y - SNHGI10 1 miR-1277-5p | qQRT-PCR, western blot, SNHG10 knockdown abates
(2022) IRS2 ELISA, CCK-8, apoptosis MPP+-induced damage in SH-SY5Y
detection by flow cytometry, cells through the miR-1277-5p/IRS2 axis
Iuciferase assay, RNA
pull-down Overexpression of IRS2 or inhibition of
miR-1277-5p reverses the effect of
SNHG10 knockdown
Zhuang et al. China Cell culture - SK-N-SH - SNHG14 1 miR-519a-3p | qRT-PCR, western blot, MTS SNHG14 and ATG10 were both ceRNAs
(2022) ATG10 cell viability assay, flow for miR-519a-3p, and ATG10 expression
cytometry, dual-luciferase may be favorably regulated by SNHG14
reporter assay, RIP by sponging miR-519a-3p
Targeting SNHG14 and reinstating
miR-519a-3p might protect DAn against
MPP+- toxicity through
ATG10 regulation
Zhangetal. China Case-control PD patient’s blood SH-SY5Y Mice (C57BL/6) MIRI7HG 1 miR-153-3p | APO-induced rotation test, MIRI7HG is overexpressed in PD
(2022) Animal model (40 cases and 20 Microglia BV2 SNCA rotarod test, passive tissues and cells, and reducing
Cell culture controls) avoidance test, tissue MIRI7HG expression reduces neuronal
immunofluorescence, IHC, apoptosis and inflammatory responses
QRT-PCR, Western blot, in microglia in PD models and regulates
ELISA, detection of oxidative PD progression by modulating the
stress. miR-153-3p/SNCA axis
Yousefi et al. Iran Cell culture PD patients PBMC HEK293T = 1inc0938 1 miR-24-3p |, Plasmid construction, 1inc001128, has-miR-24-3p, and
(2022) Case-control (38 cases and 20 LRRK2 miR-30c-5p | Dual-luciferase reporter assay, | miR-30c-5p expression were
controls) linc001128 | QRT-PCR downregulated in PD patients
ATP13A2 Expression of Linc00938, LRRK2, and

ATP13A2 were up-regulated in PBMC
of the PD patients

Linc00938 directly sponged miR-30c-5p
in PD patients.

The upward arrow indicates the increased expression. The downward arrow indicates the decreased expression.
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Tauopathy TDP-43

(n=9eyes, 5 Proteinopathy
subjects) (n =28 eyes, 14
subjects)
Clinical diagnosis, n
PSp 5 N/A
svPPA N/A 3
ALS N/A 11
Mean age, years (SD) 72.7:(52) 62.1 (9.8)
Sex, n (%)
Male 2 (40%) 10 (71.4%)
Female 3 (60%) 4(28.6%)
Eyes with pRNFL scans 8 27
Eyes with macular scans 8 28

PSP, progressive supranuclear palsy; svPPA, semantic variant primary progressive
aphasia; ALS, amyotrophic lateral sclerosis.
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Adjusted model*

Tauopathy

(n =9 eyes, 5 subjects)

TDP-43 proteinopathy
(n = 28 eyes, 14 subjects)

Difference

Non-adjusted model

Adjusted mean
(95% CI)
PRNFL thickness [nm]
Global 104.16 (93.53,114.80)

85.77 (72.98, 98.55)
137.83 (119.12,156.55)
162.88 (137.70,188.06)

85.97 (70.33,101.61)
108.27 (86.93,129.60)
132.13 (113.54,150.72)
Macular thickness [jLm]

Temporal
Superior-temporal
Inferior-temporal
Nasal
Superior-nasal

Inferior-nasal

Central 275.04 (255.85,294.23)
Superior 344.08 (327.37,360.79)
Inferior 337.93 (323.16,352.70)
Temporal 326.66 (313.46,339.85)
Nasal 344.06 (325.98,362.13)

*Model was adjusted for age, sex, and eye.

Adjusted mean
(95% CI)

100.71 (94.77,106.64)
70.31 (62.42, 78.20)
137.83 (127.51,148.14)
140.95 (125.76,156.15)
77.63 (69.00, 86.25)
105.12 (91.67,118.56)
113.45 (102.88,124.02)

271.49 (260.73,282.25)
337.45 (328.10,346.80)
334,98 (326.54,343.42)
325.13 (317.44,332.83)
341.59 (331.38,351.79)

Coefficient for group

(95% CI)

3.46(-9.23,16.15)
15.46 (0.32, 30.60)
0.01 (~22.52,22.54)
21.93 (-8.25, 52.10)
8.34 (~10.43,27.11)
3.15 (~21.36, 27.66)
18.68 (~3.68,41.04)

3.55(-19.61,26.71)
6.63 (~13.66,26.91)
2.95 (~14.62,20.52)
1.52 (~14.10, 17.15)
2.47 (~19.33,24.26)

P-value**

0.5703
0.0461
0.9994
0.1426
0.3598
0.7885
0.0956

0.7493
0.4976
0.7264
0.8397
0.8106

P-value

0.6438
0.0064
0.7989
0.7864
0.6358
0.7078
0.5725

0.7070
0.8315
0.9516
0.6632
0.7918

**Significance level after adjusting for multiple comparisons (Bonferroni correction) is 0.004 (=0.05/12). None of the differences were significant at the 0.4% level.
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Biomarker

GFAP

NFL

P-tau 181

UCH-L1

S100B

NSE

Inflammatory
cytokines

Source

Serum/
plasma

Serum/
plasma

Serum/
plasma

Plasma

Serum

Serum/
plasma

Serum

Function

Provides stability to

astrocytes influencing their

shape and movement.

Provide cytoskeletal
stability and allow for
radial growth of neurons.

Maintaining neuronal
microtubule integrity by
providing stability and
encouraging assembly.

Removing ubiquitin from
their target proteins
maintaining the nervous
system integrity.

Regulation of cell
proliferation and
cytoskeletal structure

Regulating neuronal
growth, differentiation,
survival.

Mobilization of immune
cells

Pathophysiology

Astrocytes damage and
inflammation

Neuroaxonal injury

Form neurofibrillary
tangles

Changes in regulating the
function of various
synapses influencing their
maintenance, transmission,
and plasticity.

Cause astrocyte damage
and injury

Cause axonal injury and
neuroinflammation

Cytokine storm implicated
in neurotoxicity, disruption
of the integrity of BBB,
neuroglial cells activation,
and neuroinflammation

Status in
neurodegenerative
diseases

AD- increased
PD- increased
MS- increased

AD- increased
PD- increased
ALS- increased
HD- increased
LBD- increased

AD- increased

PD- increased
AD-increased
FA- increased

AD- increased
PD- increased
ALS- increased
MS- increased

AD-increased
HD-increased
BPAN-increased

AD-increased

Patients’ information

1. 47 COVID-19 patients divided
into 3 groups related to systemic
disease severity.

2. 100 COVID-19 patients classified
into three main groups: mild,
moderate and severe patients.

3. 58 COVID-19 patients divided
into 3 groups related to disease
severity.

4. 251 hospitalized COVID-19
patients aged between 60-83 years
without a history of dementia

1. 104 COVID-19 patients

2. COVID-19 Patients classified into
3 groups according to the disease
severity: mild (n = 24), moderate

(n =28), and severe (n = 48).

3. 142 hospitalized COVID-19

4. 251 hospitalized COVID-19
patients aged between 60-83 years
without a history of dementia

5. 57 hospitalized Covid-19 patients
without major neurological
manifestations

1. 16 COVID-19 volunteers without
neurological symptoms and 8
COVID-19 volunteers with
neurological symptoms

2. 251 hospitalized COVID-19
patients aged between 60-83 years
without a history of dementia

1. 27 hospitalized COVID-19
patients aged 54-76 years without
major neurological manifestations
2. 251 hospitalized COVID-19
patients aged between 60-83 years
without a history of dementia

3. 104 COVID-19 patients aged 49-
67

1. 74 hospitalized COVID-19
patients

2. 64 COVID-19 patients (34 mild
cases; 30 severe cases)

3. 57 patients hospitalized with
COVID-19

4. 58 COVID-19 Patients classified
into mild (n = 17), moderate

(n =18), and severe (n = 23).

1. 252 COVID-19 patients classified
into 3 groups according to the disease
severity.

2. 128 hospitalized COVID-19
patients

3.57 COVID-19 hospitalized patients

1. 57 COVID-19 hospitalized patients
2.43 COVID-19 patients with
mild-moderate (n = 39) and severe
(n=14)

3.33 COVID-19 patients

4. 60 COVID-19 patients divided in
to two subgroup, clinical group

(n = 32), participants seeking care for
post-acute cognitive complaints and a
non-clinical group (n = 28),
participants patients who did not seek
care for post-acute COVID-19.

Status in
COVID-19

Significantly
increased

Significantly
increased

Significantly
increased

Significantly
increased

Significantly
increased

Significantly
increased

Significantly
increased

References

Eng et al., 2000; Elahi et al., 2020;
Kanberg et al., 2020, 2021; Frontera
et al., 2022; Heimfarth et al., 2022;
Kim et al., 2022; Sahin et al., 2022

Yuan et al.,, 2017; Gaetani et al.,
2019; Palermo et al., 2020; Rajan
etal., 2020; De Lorenzo et al., 2021;
Kanberg et al., 2021; Prudencio
etal,, 2021; Verde et al., 2021, 2022;
Chouliaras et al., 2022; Frontera

et al,, 2022; Thijssen et al., 2022;
Zanella et al., 2022

Metaxas and Kempf, 2016; Wang
and Mandelkow, 2016; Moscoso
etal,, 2021; Sun et al., 2021; Frontera
et al., 2022; Smirnov et al., 2022

Bishop et al., 2016; Zeitlberger et al.,
2018; Cooper et al., 2020; Ng et al.,
2020; De Lorenzo et al., 2021;
Bogdan et al., 2022; Frontera et al.,
2022

Steiner et al., 2007; Lam et al., 2013;
Barateiro et al., 2016; Serrano et al.,
2017; Cristovao and Gomes, 2019;
Aceti et al.,, 2020; Angelopoulou
etal,, 2021; Mete et al., 2021;
Savarraj et al., 2021; Sahin et al.,
2022

Chaves et al., 2010; Ciancarelli et al.,
2014; Polcyn et al., 2017; Takano
etal., 2017; Haque et al., 2018; Wei
et al., 2020; Cione et al., 2021;
Savarraj et al., 2021

Gupta et al., 2020b; Xin et al,, 2021;
Acosta-Ampudia et al., 2022;
Ferrando et al., 2022; Hirzel et al.,
2022; Lu et al., 2022; Schultheiss et al.,
2022; Zhang et al., 2022b

Ischemia stroke (IS), Alzheimer’s disease (AD), Parkinson’s disease (PD), Amyotrophic lateral sclerosis (ALS), Multiple sclerosis (MS), Multiple system atrophy (MSA), mild cognitive impairment (MIC), Huntington’s Disease (HD), Lewy body dementia
(LBD), Friedreich’s Ataxia (FA), beta-propeller protein-associated neurodegeneration (BPAN).
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miRNA Source Target genes

miR-146a Serum IRAK1, TRAF6

miR-155 Serum SOCSI, SHIP1,
STATS5, IL13Ral,
claudin-1,
annexin-2,
syntenin-1,
DOCK-1

Let-7b PBMC TLR7, HMGA2

RhoA, APP,
BACEL, PARK2,
GIGYF2

miR-31 Serum

miR-16 Plasma APP, BACEL, Tau

NE-«B,
PTEN/AKT,PI3K,
GSK-3p, mTORI,
STAT3

miR-21 Plasma/serum

Status in

neurodegenerative

diseases

IS- decreased
AD- decreased
PD- decreased

IS- increased
AD- increased
PD- increased
ALS- increased
MS- increased

AD- increased
PD-increased
MIC-increased

AD- decreased
PD- decreased
MSA- decreased

AD- decreased

AD- decreased
PD- decreased
IS-decreased

Status in
COVID-19

Patients’ information

1.Different grades of COVID-19
patients (n = 103)

2.13 COVID-19 patients,
characterized by multifocal

Significantly
decreased

interstitial pneumonia confirmed
by CT-scan and requiring oxygen
therapy.

1. 18 patients after diagnosis of Significantly

Covid-19 and in the recovery increased
period.

2. 20 patients with COVID-19

infection in the acute period and

in the recovery period.

3.150 COVID-19 patients

classified into two main groups:

moderate patients and severe

patients.

1. 18 patients after diagnosis of
COVID-19 and in the recovery
period.

2. 31 COVID-19 positive obese
female participants.

1.Different grades of COVID-19
patients (n = 103)

2. 122 COVID-19 patients with
different severity of illness.
3.10 COVID-19 patients

2-15 days (average 8 days) post

Significantly
increased

Significantly
decreased

symptomatic disease onset.

1. 84 COVID-19 patients divided
according to the severity of the

Significantly
decreased

disease.

2.94 COVID-19 patients

1. 10 COVID-19 patients
2.13 COVID-19 patients,
characterized by multifocal

Significantly
decreased

interstitial pneumonia confirmed
by CT-scan and requiring oxygen
therapy

3.122 COVID-19 patients with
different severity of illness.

4. 6 severe and 6 moderate
COVID-19 patients

References

Fan et al., 2020; Nakano et al.,
2020a,b; Keikha and Jebali,
2021; Keikha et al., 2021;
Sabbatinelli et al., 2021

Lopez-Ramirez et al., 2014;
Song and Lee, 2015; Donyavi
etal, 2021; Zingale et al.,
2021; Abbasi-Kolli et al.,
2022; Haroun et al., 2022

Coleman et al., 2017;
Donyavi et al., 2021; Huang
etal., 2021b; Qin et al., 2021;
Bellae Papannarao et al., 2022

Pearn et al., 2018;
Barros-Viegas et al., 2020; Li
et al., 2020; Tang et al., 2020;
Yan et al., 2020;
Bautista-Becerril et al., 2021;
Farr et al., 2021; Keikha and
Jebali, 2021; Keikha et al.,
2021

Liu et al., 2012; Parsi et al.,
2015; De Gonzalo-Calvo
etal., 2021; Li et al,, 2022b

Ma et al,, 2011; Feng et al.,
2018; Gao et al., 2020; Bai and
Bian, 2022; Blount et al., 2022

Ischemia stroke (IS), Alzheimer’s disease (AD), Parkinson’s disease (PD), Amyotrophic lateral sclerosis (ALS), Multiple sclerosis (MS), Multiple system atrophy (MSA), mild cognitive
impairment (MIC), Peripheral blood mononuclear cell (PBMC), interleukin-1 receptor-associated kinase 1 (IRAK1), receptor-associated factor 6 (TRAF6), Suppressor of Cytokine
Signaling 1 (SOCS1), SH2 Domain-Containing Inositol 5’-Phosphatasel (SHIP1), Signal Transducers and Activators of Transcription 5 (STAT5) and IL-13 Receptor Alpha 1 (IL13Ral),
Dedicator of cytokinesis 1 (DOCK-1), toll-like receptor 7 (TLR7), High-mobility group AT-hook 2 (HMGAZ2), amyloid precursor protein (APP), B-secretase (BACE1), parkin E3 ubiquitin-
protein ligase (PARK2), interacting GYF protein 2 (GIGYF2), Ras Homolog Family Member A (RhoA), tubulin associated unit protein (TAU protein), Nuclear factor kappap (NF-kp),
Phosphatase and tensin homolog (PTEN), Phosphoinositide 3-kinase (PI3K), Mammalian target of rapamycin complex 1 (mTOR1), Glycogen Synthase Kinase 3 Beta (GSK-3p), toll-like

receptor 4 (TLR4).
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“Measured” baseline FA values (group- and
subject-specific)

Measurement uncertainty
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Longitudinal FA decrease (subject-specific)
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Wpatients and Opatients from 80 patients with ALS

Vicontros and Gcontrls from 50 healthy controls

SEM from 14 test-retest normal data sets

Specification of g, and ap, based on previous studies
(Cardenas-Blanco et al,, 2016; Baldaranov et al., 20
Kassubek et al., 2018; Kalra et al., 2020)
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miRNA

miR-124

miR-128a

hsa-miR-323b-
3p

miR-432
miR-146a
miR-146a and
miR-19a

miR-27a

miR-34a

miR-101

miR-9*

miR-22

Pattern of
expression

decreased

Decreased

decreased

Increased

Decreased

Decreased

Decreased

Decreased

Decreased

Samples/
Animals

R6/2 HD mice
and their
wild-type
littermates

R6/2 HD mice

R6/2 HD mice

control, pre-
symptomatic
HD, and post-
symptomatic
HD human
striatum
samples/HD
monkeys
33 HD patients
and 49 matched
controls

R6/2 HD mice

R6/2 HD mice

36 HD patients

and 28 healthy
controls

Cell lines

HEK 293 cells

STHdh(Q111)/Hdh(Q111)
and STHdh(Q7)/Hdh(Q7)
cells

STHAh(Q111)/Hdh(Q111)
and control
STHAhQ7/HdhQ7cells

Primary neurosphere cells
from C57BL/6 mice

HEK293 cells

Primary cortical and striatal

neuron cultures from striata

or cerebral cortices of E16 rat
embryos

Targets/
Regulators/
Signaling
pathways

REST

CCNA2

HTT, HIP1

HTT

PCNA
CHEK1
CCNA2

mHtt, MDR-1

SIRT1, ps3

Rhes

HDACH, Reorl,
and Rgs2

Function

miR-124 reduces the
progression of HD via
promoting neurogenesis in
the striatum.
Overexpression of miR-124
reduced REST levels. But
Exo-124 treatment did not
lead to significant behavioral
improvement.
Low levels of miR-124 could
lead to high levels of CCNA2
in the cell and animal model
of HD, thus it participates in
the deregulation of the cell
cycle.
miR-128a has a role in
regulation of HTT and HIP1.

A significant
overconnectivity has been
found between
hsa-miR-323b-3p and HTT.
High expressions of these
miRNAs in
STHdh(Q111)/Hdh(Q111)
cells relieved the irregularities
in the cell cycle and
apoptosis.
miR-27a could decrease mHtt
levels of the HD cell by
increasing MDR-1 function,
thus playing a role in the
reduction of mHtt
aggregation in HD cells.

‘miR-34a was down-regulated
and SIRT1 and p53 were
up-regulated in HD, but,

there were no known
interactions between these
factors.

miR-101 was found to target
Rhes which plays an
important role in HD
development caused by
striatal anomalies.
miR-9* levels in peripheral
leukocyte may be an
indicator neurodegeneration
in HD patients.
miR-22 has multipartite
anti-neurodegenerative
activities such as the
inhibition of apoptosis via
targeting HDAC4, Reorl, and
Rgs2.

References
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Kocerha etal,,
2014

Ferraldeschi
etal, 2021

Dasetal, 2015

Banetal, 2017

Reynolds et al.,
2018
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‘Taketomi, 2018

Changetal,
2017

Jovicic etal,,
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miR-132

miR-214

miR-196a

hsa-miR-4324
and hsa-miR-
4756-5p

miR-302

miR-10b-5p

miR-10b-5p

Decreased

Increased

Increased

Increased

Decreased

Decreased

Increased

Decreased

Decreased

Increased

Increased

R6/2 HD mice

R6/2 HD mice

Analysis of
different
bioinformatics
tools, including
DAVID,
MSigDB,
TargetScan, and
MetaCore

Eight HD
patients and
four controls

D-Tg mice,
GHD mice, 1962
transgenic mice,

and WT mice

HD patients

12 HD patients
and nine control
samples

prefrontal cortex
samples of 26
HD patients and
36 controls

HD cell models

Q7and Q111 cells

STHAhQ7/Q7 and
STHAhQI11/Q111 cells

N2a mouse neuroblastoma
cells and primary neurons

WT-NPCs, HD-NPCs, and
HD-NCs

293 FT cells, N2a cells, and
HD-iPSCs

HEK293T cells and derived
fibroblast from HD patients

SK-N-MC neuroblastoma
cells

MEN2

Beta-catenin

Beta-catenin

RANBP10

HTT

Sirt1/AMPK-
PGCla
pathway

BDNF

miR-132 has a role in
neuronal maturation and
function in HD.
miR-214 could increase the
distribution of fragmented
mitochondria and change the
distribution of cells in
different phases of the cell
cycle by targeting MFN2.
Gain-of-function of mutant
Hit could reduce
beta-catenin levels via
upregulating miR-214.
miR-214 could reduce
Beta-catenin
post-transcriptionally, thus
transcriptional activity of
wnt/p-catenin signaling was
decreased.
miR-196a could increase
neuronal morphology to
provide neuroprotection in
HD via targeting RANBP10.
miR-196a could have
beneficial functions via the
alteration of cytoskeleton
structures.

miR-196a could reduce
cytotoxicity and apoptosis in
HD-NHP neural progenitor
cells and differentiated neural
cells.
miR-196a could reduce
mHTT in the brain and also
improve neuropathological
progression.
hsa-miR-4324 and
hsa-miR-4756-5p could
reduce HTT 3'-UTR reporter
activity and endogenous
HTT protein levels.
miR-302 could reduce
mHitt-induced cytotoxicity by
increasing insulin sensitivity,
leading to a reduction of
‘mHtt aggregates via the
increasing autophagy, besides
it could upregulate
Sirtl/AMPK-PGCla
pathway.
miR-10b-5p could reduce
BDNE expression which is
associated with neuronal
dysfunction and death.
miR-10b-5p expression in
brain tissues is correlated
with to age of onset and the
severity of striatal pathology.

Fukuoka et al.,,
2018

Bucha et al,,
2015

Ghatak and
Raha, 2018

Ghatak and
Raha, 2015

Heretal, 2017

Fuetal, 2015

Kunkanjanawan
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Cheng et al,,

2013
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2019
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IncRNA

DNM30S

NEAT1

Meg3 and
NEAT1

Abhdllos

Pattern of
expression

increased

Increased

Increased

Increased

Decreased

Samples/
Animals

R6/2 HD mice

HD mice

R6/2 HD mice

male C57BL/6]

mice

Cell lines

HD PC12 cells (httex1p—Q23
and httex1p—Q74)

neuro2A cells

STHdhQ7/Q7 cells and
STHdhQ111/Q111

STHdhQ7/HdhQ7 cells and
STHdhQ111/HdhQI111 cells

HEK293T cells

Targets/
Regulators/
Signaling
pathways

miR-196b-
Sp/GAPDH

mHTT, MeCP2

Description

Downregulation of DNM30S
leads to suppression of
aggregate formation
accompanied by a reduced
apoptosis and augmented
relative ROS levels and cell
viability.
Upregulation of NEAT1
could increase viability under
oxidative stress.

The elevation of NEAT1 was
mHTT dependent, as
knockdown of mHTT
restored Neat1L to normal
levels. It was found that
NeatlL is suppressed by
MeCP2 via RNA-protein
interaction.
Downregulation of Meg3 and
NEAT] could decrease
aggregate formation by
mHTT and downregulation
of Tp53 expression.
Upregulation of Abhd11os
protects neurons against an
N-terminal fragment of
mHTT, while Abhd11os
downregulation is protoxic.
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HC (n=44) MCI (n=63) AD (n=60) p value

Sex (f) 24 (54.5%) 29 (46%) 36 (60%) p=0294
Age 61.2(55.8,69.5) 699 (59.3,77.8) 69(613,75) p <001

MMSE na. 27(25,28) 20(14,23) P <0.001
APOE4 carrler n/ total n (%) 12/36 (33.3%) 22/54 (40.7%) 33/53 (62.3%) P <005

CSE AB42 (pg/ml)* na. 354(248,479.5) 3325 (2318, 4548) p=0322
CSF tTau (pg/ml)* na. 310(188, 504.5) (404.3, 1106.8) P <0.001
CSF pTau (pg/ml)* na. 53(335,79. 5(51.3,96.3) P <005

CSFIATI (pg/ml)* na. 0.6(0.3,08) 0.3(0.2,0. P <0.001
Amylold-PET positivity n/total n (%) na. 23/39 (59%) 39/41 (95 p <0001
Amylold positivity n/total n (%)™ na. 29/46 (63%) 4749 ( p <0001
Plasma NfL (pg/ml) 8.1(59,122) 12.9(8.5,204) 155 (118, 23.2) p <0001
Plasma GEAP (pg/ml) 79 (53.7, 120.6) 167.5 (93.8, 25 1819 (129.6, 269.6) p <0001
CSF NfL (pg/ml)*** 584.1 (449.6, 832.8) 807.7 (507.7, 1103.2) 1,559 (1026.6, 2513.9) P <0.001
CSF GFAP (pg/mD)*** 11,145.3 (69805, 14373.8) 8,946.2 (7028.8, 13842.7) 13,663.5 (99454, 21059.1) p <001

Data are presented a the median and interquartil range (IQR, 25th-75th percentil) or  (%). Demographic and clinicaldiferences were measured using the Kruskal- Wallis
test or the chi-square tests as appropriate. *CSF AD blomarkers (AB42, tTau, pTau, IATI) were available for 75 patients (37 MCI, 38 AD). **Amyloid positivity was defined
CSE IATI <1 pg/ml and/or positive amyloid-PET Imaging. ***CSF NL and GFAP levels were analyzed in 103 patients (36 HC, 30 MCI, 37 AD). HC, healthy controls; M
mild cognitive impairment; AD, Alzheimer’ disease; £, female; MMSE, mini-mental state examination; CSF, cerebrospinal fluid; AB42, amyloid-beta 42; tTau, total tau; pTau,
phosphorylated tau; IATI, Innotest Amyloid Tau Index; N/L, neurofilament light chain; GEAP, glial fibrillary acidic protein; .., not available; NfL, neurofilament light chain;
GFAP, glial fibrillary acidic protein.
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Microarry dataset GSES5235 Microarry dataset GSE7621
100A and 10 control samples [ 16PDand 9 conirol samples

A

DEGs of the two datasets were
identified by the'limma" package
adjusted p<0.05 and [log2FCl>1

A/

'WGCNA selected key modules
and genes

A/

71 common genes

O ——

GO and KEGG enrichment
analysis of the common DEGs. ";’ P]Pl é‘?ﬁ% e ;onduclad
were performed e a::w ase an
by ClusterProfiler R package ytoseape software

Cytoscapes plugin molecular

o ‘The genes of GSEI2021 and
technology(MCODE) was used to (GSE42966 were obtained by
select hub genes screening p<0.01 and [log2FC/>0.8
8 hub genes 28 DEGs
WDR43
Validation of WDR43's diagnostic Exploration of immune infiltration
efficacy and exploration of of the WDR43 gene and correlation
therapeutic potential with of the WDR43 gene with immune
GSES5235,GSE7621,GSE12021 cells using GSES5235 and
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Clinical contexts sNfL cut-off Technological Reference
value (pg/ml) approach
used for
cut-off
definition
Neurodegenerative Diseases
Alzheimer’s Disease (AD) AD vs. control subjects 37.0 Simoa Ashton et al. (2021) and
Smirnov et al. (2022)
19.3 Ella Oeckl et al. (2022)
26.6 MSD Gaiottino et al. (2013)
AD vs. FTD 427 Ella Oeckl etal. (2022)
Parkinson’s syndrome (PS) PS vs. control subjects 21.0 Simoa Zhang et al. (2022)
PD vs. atypical forms of parkinsonism (MSA, PSP) 14.8 Simoa Marques et al. (2019)
PD vs. atypical forms of parkinsonism (MSA, PSP, CBD) ~ 17.2 Simoa Quadalti et al. (2021)
PD vs. PSP/CBD 16.6 Simoa Quadalti et al. (2021)
PD vs. MSA 17.2 Simoa Quadalti et al. (2021)
Atypical forms of parkinsonism vs. control subjects 13.6 Simoa Marques et al. (2019)
Fronto-temporal dementia Fronto-temporal dementia vs. PPD 19.5-33.0 Simoa Forgrave et al. (2019)
Amyotrophic lateral sclerosis (ALS) ~ ALS vs. control subjects 500 Elisa Shi et al. (2022)
ALS vs. non-ALS patients 327 Simoa Vacchiano et al. (2021)
Multiple sclerosis (MS) OCB/Gd + occurence 31.0 Simoa Bittner et al. (2020)
Prognosis clinical disease activity 1.5 (z-score) Simoa Benkert et al. (2022)
Neurological Damages
Traumatic brain injury (TBI) ‘TBI diagnosis 20.0 Simoa Thelin et al. (2017)
Prediction of intracranial lesions 8.38 Simoa Kahouadji et al. (2022)
Stroke Stroke prognosis 46.12 Simoa Wang Z. etal. (2021)
Oncology Response to cancer therapy 28.0-60.0 Simoa Schoeberl et al. (2022)
Brain metastasis diagnosis >22.0 Simoa Kim et al. (2021)
Chemotherapy toxicity >36.0 Simoa Huehnchen et al. (2022)
ICANS occurence 75.0 Simoa Schoeberl et al. (2022)

AD, Alzheimer’s disease; PS, Parkinson's syndromes; PD, Parkinson’s disease; FTD, fronto-temporal dementia; MSA, multisystem atrophy; PSP, progressive supranuclear palsy;
CBD, corticobasal degeneration; PPD, primary psychiatric disorders; TBI, traumatic brain injury; MS, multiple sclerosis; ICANS, Immune Cell Associated Neurotoxicity
Syndrome; OCB, oligoclonal bande in the CSF; Gd + , gadolinium lesions.
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Age

Sex (F/M)

Education years

ApoE4 (yes/no)

MMSE

Memory Binding Test
Total free recall

Pairs in free recall

Total paired recall
Paired recall pairs

Total delayed free recall
Pairs in delayed free recall
Total delayed paired recall
Boston Naming Test
Phonological fluency
Semantic fluency
Trail Making Test-A
Trail Making Test-B
Tower of London
Plasma AB+ _42 (pg/ml)
Plasma NfL (pg/ml)

65+5.9
81/562
11.7+£45
31/102
28.6 +1.3

16.2 + 4.6
53+26

27.1+£49

9.8 + 4.1

161 £ 5.0

5.8+39

289 +5.4

124 £ 2.1

15.7 + 4.4

2204 17.0
4704215

119.5 + 67.7

319.3 + 113.2

124 £ 5.1 (2.4 -24)
12.9 +£7.2(2.3-39.6)

Results are expressed as mean =+ SD, unless otherwise stated. F/M,
females/males; MMSE, Mini Mental State Examination; NfL: neurofilament light.
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Vertex location with maximum statistic

Positive associations with AB4_42 (inner layer)
L fusiform (Dgiuster = 10~°)

L lateral occipital (Dauster = 107°)

L inferior temporal (D¢juster = 0.02)

R lateral occipital (Dguster = 107°)

R precuneus (D¢juster = 0.0004)

R lingual (pgjuster = 0.003)

Positive associations with ABq_42 (medium layer)
L fusiform (pgjuster = 0.0003)

R lingual (Poluster = 107°)

Positive associations with AB4_4o (outer layer)
L fusiform (Dgjuster = 107°)

L superior parietal (Pejyster = 0.0002)

R pericalcarine (peuster = 107°)

R lateral occipital (Pguster = 107°)

Negative associations with NfL (inner layer)

R insula (pguster = 0.04)

MNI
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7-602

-30-72-16
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-03-84 24
5-7812
20-89-8

4104

R2
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0.12
0.11
0.13
0.13

0.14
0.14

0.19
0.14
0.12
0.15

0.16

Fs,127

27.3
34.7
16.4
18.3
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19.4

13.2
16.7

13.2
18.8
5.5

21.3

25.4

f2

local

0.50
0.53
0.28
0.35
0.38
0.35

0.31
0.36

0.34
0.37
0.34
0.36

0.46

Clgs o

0.47-0.54
0.50-0.56
0.25-0.32
0.32-0.38
0.35-0.42
0.32-0.38

0.28-0.34
0.32-0.39

0.31-0.37
0.34-0.40
0.31-0.37
0.33-0.39

0.42-0.49

BF4o

220F
1234F
8 7VS
24365
61455
2047E

3.9M
4.2M

1817E
2643F
74728
3547E

3.4M

MNI coordinates are in MNI152 space. 2: measure of local effect size. Clgso: 95% confidence interval. BF1o: Bayes factor yielded by the Bayesian linear regression
analysis. The superscript of the BFyo indicates the qualitative interpretation of the evidence for the alternative hypothesis: M moderate; VS very strong; € extreme.

L: left; R: right.





OPS/images/fnagi-14-896848/fnagi-14-896848-g002.jpg
OUTER /

MEDIUM

T1w/T2w
|
0] 04






OPS/images/fnagi-14-896848/fnagi-14-896848-g003.jpg
Cuneus (T1w/T2w)

Cohen’s 2
e
0.08

Fusiform (T1w/T2w)

OUTER

r=0.40

15 <40

1.24
0.91
0.61
0.31
0.0+

0 5 10 15 20 25
AB1-42 (pg/ml)

0.23

Cohen’s 2

0.08 0.17
1.5 .
1.0- o ®o°**
0.5-
0.0 : oo =039
p<109%
-0.5- ] L] 1 ) 1 L
0O & 10 16 20 25
AB1-42 (pg/ml)

| (T1wW/T2w)

ingua

L

0.08

Fusiform (T1w/T2w)

Cohen’s 2
e

MEDIUM

r=0.41

1.5
127
0.9
0.6+
0.3-
0.0+

T L)

0 5 10 15 20 25
AB1-42 (pg/ml)

0.17

Cohen’s 2

|
008  0.16
2.0-
£3 .
1.2-
0.4
o %° r=0.35
¢ <104
-0.4-l .| I I I pl
0 5 10 15 20 25

AB1-42 (pg/ml)

Cuneus (T1w/T2w)

Fusiform (T1w/T2w)

Cohen’s 2
s
0.08

1
1

] ) L] v
0.4 .‘ o % v
0.6- . L
0.3 ° ,:’ -
0

INNER

5 r=0.42
p<10%

o

T L

0 5 10 15 20 25
AB1-42 (pg/mi)

0.24

Cohen'’s f2

e
0.08 0.15
0.9' ® ™Y
Y ®
0.6- ] ®
0.3
0.0 0.5 r=0.42
<106
-0.3- 1 . 1 1 I Ll pI
0O 5 10 15 20 25

AB1-42 (pg/mi)





OPS/images/fnagi-14-896848/fnagi-14-896848-g004.jpg
AB1_4p-related myelin (residuals) >

left hemisphere

—
.

N
o

p < 0.0001
1.4 ! '
p < 0.0001

right hemisphere

ABq.4o-related myelin (residuals)

0 0
= o8
&
%
-0.2 1
Quter Medium Inner Quter Medium Inner

Cortical depth Cortical depth

@)

NfL-related myelin (residuals)

right insula

0.3 -

p < 0.0001

p < 0.0001

Ou'ter Med'ium Inﬁer
Cortical depth





OPS/images/fnagi-14-896848/fnagi-14-896848-g005.jpg
Cohen’s 2

0.15

0.08

0.22

r

(MZ1/M 1) ensuj

)

NfL (pg/ml





OPS/images/fncel-16-1013745/fncel-16-1013745-g006.gif





OPS/images/cover.jpg
& frontiers | Research Topics

Trends in biomarkers for
neurodegenerative
diseases: Current research
and future perspectives

Edited by

Published in






OPS/images/fnins-16-929151/fnins-16-929151-g001.jpg
DATA SETS: PATIENTS WITH ALS +

HEALTHY SUBJECTS:
group means + standard
deviations

MODEL INPUT: DISTRIBUTION OF

SIMULATED
BASELINE FA VALUES

TEST-RETEST NORMAL

DATA SET:
standard error

MEASUREMENT
UNCERTAINTY

SIMULATION OF SUBIJECT-SPECIFIC

LONGITUDINAL DATA

TIME INTERVAL:
baseline » follow-up |

I_ §§\~~~~~

W oo

@ Ssa

< ~~“~~

L ‘~~~~~ @
FA DECREASE PER e B | FA decrease

YEAR ® ‘'real"value
® "measured" value
+ uncertainty
bas;Iine foIIo:N-up
Time
B MONTE CARLO RESAMPLING:
SIMULATION OF GROUP DATA
I
| |
SAMPLE SIZE PER —J g =
GROUP E — : -
O | —0—— o
\ :— e Patients
Controls
Time






OPS/images/fnins-16-929151/fnins-16-929151-e000.jpg
FAyi = FAoi + Bi

@)





OPS/images/fnins-16-929151/fnins-16-929151-e001.jpg
FAi = FAyi + &

@)





OPS/images/fnins-16-929151/fnins-16-929151-e002.jpg
FAi = FAgi—eo + Bi-t + &

3)





OPS/images/fnins-16-929151/fnins-16-929151-e003.jpg
SEM = —55_ . /lcc-(1=IcC @)
= T Ve )





OPS/images/fnagi-14-855776/fnagi-14-855776-g003.gif
i
l

ymphotoxin 8

LB

|

Beez





OPS/images/fnagi-14-855776/fnagi-14-855776-g004.gif





OPS/images/fnagi-14-855776/fnagi-14-855776-t001.jpg
References

Zhang et al.
(2022)

Karikari et al.
(2022)

Lai et al. (2021)

La Vitola et al.
(2021)

Mao et al. (2021)

Zhang et al.
(2021)

Williams et al.
(2021)

Trudler et al
(2021)

Huang et al.
(2020)

Sarkar et al.
(2020a)

Subbarayan
etal. (2020)

Iba et al. (2020)

Morales-Garcia
etal. (2020)

Sarkar et al.
(2020b)

Javed et al.
(2020)

LiY. etal (2019)

Kempuraj et al.
(2019)

Kempuraj et al
(2016)

Ikeda-Matsuo
etal. (2019)

GCao et al. (2012)

Yaoet al. 2019)

Panicker et al.
(2019)

Jo etal. (2019)

Earls et al.
(2019)

Hong et al.
(2018)

Neal et al. (2018)

Zhuetal. (2018)

Ambrosi et al.
(2017)

Kim B. W. et al
(2016)

Main et al. (2016)

Zhu et al. (2015)

Shin et al. (2015)

Paumier et al.
(2015)

Lietal (2013)

Kim et al. (2013)

Gueetal. (2010)

Fernagut et al.
(2007)

Brochard et al.
(2009)

Mikiossy et al.
(2008)

Giasson et al.
(2002)

Type of in
vitrofin vivo
models

N9 microgiial cells
C57BL/6 mice

Wildtype C578L/6
or Recombination-
activating gene 1
(RAGH)~/~ mice

Young adult
wild-type mice
(C57BL/GN)

C57BL/6 naive
mice and ASST
a-synuclein
transgenic PD
mice

PC12 cells

Invitro: BV2
murine microglial
cells

Human embryonic
Kidney (HEK) 293T
cells

Rat primary
microgla extracted
from the brains of
Sprague-Dawley
rats

Invitvo: Sprague-
Dawley rats
C578U6
(wild-type),
Torb™/-, Cdd~/=,
and Cd8~/~ mice

Human induced
pluripotent stem
cell
(nPSC)-derived
microglia (NMG)
hiMG with aSyn in
humanized
mouse brain

SH-SY5Y cells

C57/BL mice
Primary microglial
cells from
postnatal

mouse pups

T cell deficient
(athymic nude) and
T cell competent
(heterozygous) rats
a-syn transgenic
(tg) mice (e.g.,
Thyt promoter fine
1)

SH-SY5Y Cell
Culture, Primary
rat ventral
mesencephalic
neuron/glia
cultures, male
Wistar rats
Primary mouse
microgia

GMF knockout
(GMF~/=) and
C57BL/6 wild-type
W) mice

AS3T mice, Murine
microgiial cellline
BV-2 and murine
RAW 264.7 cell
ine, B

Brain tissue from
Neonatal and
3-month-old mice

Mouse bone
marrow-derived
mast cells
(BMMGCs),
astrocytes of
C57BL/6 fetal
mice.

Primary mouse
bone
marrow-derived
mast cells
(BMMGs), mouse
primary astrocyte
culture

mMPGES-1
knockout mice,
Male and female
wid-type mice
primary
mesencephalic
culture generated
from pregnant
MPGES-1 KO and
WT mice at 15
Primary microglial
cultures from
wild-type mice

BV2 microglia
cells, human DA
cell line, SH-SY5Y
cells

HEK-293T cells

C57BL/GN
wild-type (WT)

mice

C57BL/6J mice

C57BL/6 mice

C57 BL/6J mice

Mouse primary
astrocytes

Sprague-Dawley
rats

C57BL/6 mice

C57BI/6 widtype
mice and
IFNAR1~/~ mice
Cellculture from
ventral
mesencephalic
tissues of
embryonic
Sprague Dawley
rats

Sprague Dawley
(SD) rats, C57BL/6
mice

Sprague Dawley
rats

AST human
alpha-synuclein
transgenic mice
SH-SYSY human
neuroblastoma,
primary cortical
neurons, rat and
mouse primary
microgiia, BV2
murine microglial
cell lines, and
COS-7 cells
Sprague-Dawley
rats and
C57BL/6 mice
AST human
alpha-synuclein
transgenic mice

Thy1-aSyn mice
C57BL/6J mice

Rhesus monkeys
(Macaca mulatta)

wid-type and
AS3T human
alpha-synuclein
expressing
transgenic mice

Age and sex of
animal models

Age and sex not
specified

2.5-month-old
Male

8-week-old
C57BL/6 naive
mice
8-months-old
ASST mice

Sex not specified

0 or 1-day-old
Male

Sex and age not
specified

Sex and age not
specified

Sex and age not
specified

Sex and age not
specified

10-11 months old
Sex not specified

Age not specified

Sex and age not
specified

Brain tissue from
3-months-old
mice

Sex not specified

Male

Age not specified
Female

Age not specified

Male
Age not specified

8-week-old males
and females

Male
Age not specified

Sex and age not
specified

Male
Age not specified

8-12 weeks old
Male

Sex and age not
specified

Sex and age not
specified

Three-month-old
Male

Sex and age not
specified

Sex and age not
specified

Sex and age not
specified

10-12 weeks old
Sex not specified

Age not specified
Male

Sex and age not
specified

Sex and age not
speciied

Experimental ~ Methodused  Type of
design toinduce PD  immune cell
Invivo/invitro LPS Microglia
Invivo AAV-ASST- Beells
Stereotactically  a-syn
injection of
Adeno-
associated
Vector 1/2
serotype
(AAV1/2)
containing
AST a-syn to
the SN
Invivo The PFF Microglia
unilateral a-syn-injected
intracranial
injection
Invivo LPs Microglia and
astrocytes
Invitro LPs Microglia
Invitro/invivo  LPS Microglia
stereotaxic
injection of
LPs
Invivo The Myeloid cells
stereotaxic a-synuclein CD4 and
surgery overexpression  CD8T cells
mouse model,
Toel
deficiency
Invitro/invivo  AS3T a-syn Microglia
stereotactically  secreted from
injection hiPSC-derived
of hiMG A9-DA
neurons
Invitro plated  Paraquat
in10cm
dishes with
various doses
of PQ added
Invitro/invivo  aSynagg Microglia
pre-formed
fibrils
Invivo adeno-  AAVG-a-syn CD4+ and
associated CD8+ T cells,
virus (AAV) micoglia
asyn
Invivo a-syn CD3+/CDA+
Toeells
Invitro/invivo  6-OHDA
Injection of LPS
LPS into the
right side of
the SN.
Invitro Aggregated Microglia
aSyn
stimulation
Invivo MPTP:
1-methyl-4-
phenyl-
1.2,38-
tetrahydropyridine
Invivolinvitro a-syn Microglia
Stereotaxic surgery
Invitro MPTP Astrocytes,
Mast cells,
Microglia
Invitro MPTP Mast cells
Invivo/in vitro  6-OHDA
Administration
ofthe
neurotoxin
locally
andunilaterally
Invitro asyn Microglia
Invitro LPS Microglia
MPTP
Invitro AAV-aSyn Microglia
Invivo MPTP
Invivo PFF Microglia,
Intrastriatal asyn-injected  Astrocytes, B,
injection CD4+ T,
CD8+ T, and
natural killer
cells
Invivo MPTP Mast cells
Invivo MPTP Astrocyte
Intraperitoneal
injection
Invitro MPTP
Invivo 6-OHDA CD4+T
Unilateral reguiatory
infusion to (Treg) cells
the SN
Invivo MPTP Microglia
Intraperitoneal Astrocytes
injections
Invivo MPTP
Invitro LPs Astrocytes
Invivo Prothrombin Microglia
Intranigral kingle-2
injection
of pkr-2
Invivo asyn PFF
Intrastriatel injection
injection
Invivo AS3T a-syn
Invitro/invivo  a-syn Microglia
Stereotaxically
injection of
AAV-aSyn to
the putamen.
Transportation
of AAV-asyn
retrograciely
tothe
substantia nigra.
Invivo AS3T a-syn Astrocytes
Invivo Paraquat
Invivo MPTP CD4 + T cells
Invivo MPTP Astrocyte
Invivo ASST a-syn

Inflammatory
factors

NLRPS, caspase-1,
tumor necrosis
factor-a (TNF-o), IL-18
and inducible nitric
oxide synthase (NOS)

asyn

asyn

Lipoic acid

a-syn metabotropic
glutamate receptor 5
(MGIURS)

asyn major
histocompativilty
complex Il (MHCI)
IFNy

a-syn antibody
Caspase 1
TLR2

HMGB1

SyMagy

PDE7

Kv1.3: avoltage-gated
potassium channel

GMF
IL-1p and IL-18

a-syn
CxCL12

Interleukin-33
ERK1/2 MAPKs
NF-xB

GMF

38

ccL2
ucP4

mPGES-1
PGE2

Foy receptor
@SYN
NF-xB

P65

p38
p62

Fyn kinase
aSyn
NLRPS-inflammasome
cD36

Gintonin, a
ginseng-derived
glycolipoprotein

PFF a-syn

TG2

GPNMB

Drd2
NLRP3 inflammasome

LCN2

Type-1 IFNs

IL-10

TLR4

a-syn

TLR2
a-synuclein

coX-1
IL-1p

ICAM-1

Disease mechanism New
therapeutic
targets

/AMS-17 inhibits NLRP3 pathways
and microglial activation.

B cells do not protect neurons
from neurodegeneration

Neuroinfiammation may oceur
before a-syn pathologic
aggregation

Peripheral neurdinflammation
induces PD by a-syn
‘accumulation and causes motor
deficits in AS3T mice

Lipoic acid inhibits pS3/NF—«B
pathway

asyn causes
lysosome-dependent degradation
of MGIURS to ocour faster.
MGIURS regulates
neurainflammation

a-syn causes the major
histocompatibility complex Il
(MHCI) protein on CNS myeloid
cells to be upregulated and leads
to recruitment of CD4 and CD8T
cells into the CNS. These cells
produce IFNy

Invitro, NLRPS) inflammasome is
activated by a-syn through TLR2
leading to interleukin-18
secretion. aSyn-antibody
complexes had a positive effect
on this inflammation process. In
Vivo, a-syn antibody worsened
caspase-1 activation and
neurotoxicity

Paraquat induces an increase of
HMGB1 which results in cytokine
release through
RAGE-P38-NF-B signaling
pathway

Knockdown
of HMGB1

aSynagg causes downregulation
of progranulin (Gm) gene in
microglia demonstrating immune
oles of this gene in PD

D4+ and CDB+ T cells cause
overexpression of MHCII in
microglia and DA cell loss

CDB3+/CD4-+ T cells recruited into
the brain in synucleinopathies

An elevated level of PDE7
happens due to oxidative stress
caused by 6-OHDA or LPS.

Fyn kinase mediates Kv1.3
channels. Expression of Kv1.3
channels increases

GMF causes NLRP3
inflammasome inhibition and
decrease in the level of IL-1p and
IL-18

a-syn induces CXCL12
upregulation and its release from
microglia through
TLR4/IB-/NF-«B pathway.
Microglia migrate to the SN as a
result

Astrocytes and glia-neurons
affected by mast cell proteases
and mast cells affected by GMF
and MPP-+ are activated through
ERK1/2 MAPKS and NF-x8
pathways

and release IL-33

Abrogation of
ERK1/2
MAPKs and
NF-c8
pathways in
mast cells,
glia-neurons,

MPTP-induced mast cells secrete ~ and
astrocytes

COL2 and express UDP4 which
are both significant in the
pathogenesis of PD
MPTP-induced mast cells secrete
CCL2 and express UDP4 which
are both significant in the
pathogenesis of PD

6-OHDA induces PD in mice and
causes expression of MPGES-1
which subsequently results in
PGE2 production and neural cell
loss in the SN

FoyRs play an important role in

the &-SYN interaction with FoyRs
microglia.
The level of p38 and p62 elevates.  MicroRNA-
They cause pro-inflammatory 124 have an
cytokines secretion effect on p38
and p62
negatively
andon
autophagy
positively
B-Syn uptake in microgia is Inhibition of
regulated by Fyn and CD36 the NLRP3
a-syn activates inflammasome
NLRP3 inflammasome and Fyn

Gintonin reduces the level of
a-syn aggregation induced by
MPTP in the SN and striatum of
the mouse model

Intrastriatal injection of PFF a-syn
leads to the activation of
Microglia, Astrocytes, B, CD4+ T,
CD8+ T, and natural killer cells in
not only NS but also peripheral
lymphoid organs

Mast cells release TG2 after
activation of NF-«B pathway by
MPP+

GPNMB activates the CD44
receptor leading to an
anti-inflammatory phenotype in
astrocyte

Doparnine D2 receptor limits
NLRP3 inflammasome in
astrocytes

CD4+ T regulatory (Treg) cells are
decreased in the circulation

Expression of LCN2 increases in Abrogation of

the nigrostriatal DA system as LON2 in the

MPTP-induced PD in mice nigrostriatal

activates glia and astrocytes DA system

Type-1 IFNs contribute to

neurodegeneration in PD

LPS treatment results in neural 1L-10

cellloss and activates astrocytes.

to release IL-10

Prothrombin kringle-2 (pkr-2) Inhibition of

administration in rat and mouse pkr-2 induced

brains increases TLR4 expression increase of
TLR4

a-syn PFF injection leads to a-syn

accumulation and

neurodegeneration

ASBT a-syn causes mitochondial

damage

a-syn s aligand of TLR2 on Drugs that

microglia and causes a release of affect TLR2 or

cytokines from the activated extracelular

microglia wsyn

AB3T a-syn expressed in
astrocytes causes microglia
activation and release of
proinflammatory cytokines

a-syn aggregates in the
substantia nigra and is resistant to
proteinase K

GD4 + T cell-dependent
Fas/FasL cytotoxic pathway
causes DA cell death

ICAM-1 is upregulated in Administration

astrooytes which shows of anti-
inflammation s significant in the inflammatory
pathogenesis of PD agents
AS3T a-syn causes

neurodegeneration

TLR2, Tolllike receptor 2; GMF, glial maturation factor; CCL2, chemokine (C-C motif) ligand 2; UCP4, Uncoupling protein 4; LCN2, Lipocalin-2; mPGES-1, microsomal prostaglandin E synthase-1; PGE2, prostaglandin £2; HMGB1,

High-mobility group box 1; TG2, Transglutaminase 2; PDE7, Phosphodiesterase 7; Drd2, dopamine D2 receptor; ICAM-

intercellular adhesion molecule-1; COX-1, cyclooxygenase 1; IFN, Interferon.
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