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Editorial on the Research Topic
 Aging, peripheral inflammation, and neurodegeneration





1 Editorial overview

Aging is the major risk factor for a multitude of diseases including neurodegenerative diseases such as Parkinson's disease (PD) and Alzheimer's disease (AD). Understanding aging-related biological changes is crucial to identifying why some individuals develop neurodegenerative diseases while others do not. Aging is a heterogeneous process, both in regard to individuals within a population, and within tissues and organs affected in an individual. As such, considerable effort has been put toward understanding the biological age of systems as opposed to relying on chronological age. Biological aging is characterized by 12 hallmarks (López-Otín et al., 2023), many of which are linked to neurodegenerative disease mechanisms. However, many of these hallmarks have bidirectional relationships with each other. Indeed, a recent review highlights the bidirectional relationship of chronic inflammation with each of the other 11 hallmarks (Baechle et al., 2023). An integrated view of aging and inflammation could aid in bettering the understanding of neurodegenerative diseases and identifying new avenues of research and effective therapeutic strategies. We have arranged this Research Topic into three broad subjects, as follows: (A) Oxidative stress and metabolic dysregulation in neurodegenerative diseases; (B) Immune system and inflammatory mechanisms in neurodegenerative and systemic diseases; and (C) Genetics, aging, and systemic conditions related to neurodegenerative risk.



2 Oxidative stress and metabolic dysregulation in neurodegenerative diseases

A recent study examined the directional relationships in which the biological age of one organ selectively affects the biological age of other organ systems and found that the advanced age of several body systems explained advanced brain age (Tian et al., 2023). In the review by Kong et al., the authors explore how oxidative stress links brain and lung health. Oxidative stress has damaging effects on lipids, proteins and DNA all of which are affected in pulmonary diseases, such as chronic obstructive pulmonary disease (COPD) and fibrosis as well as brain diseases such as stroke, traumatic brain injury (TBI), and neurodegenerative diseases. They also examine the role of reactive oxygen species (ROS) in brain-lung crosstalk, identifying amongst other things, iron homeostasis disruption, breakdown of the blood brain barrier, and activation of the immune system. In their bibliometric analysis, Liu et al. map the research landscape of ferroptosis, an iron-dependent form of cell death, within neurodegenerative diseases. The study shows that ferroptosis research, particularly related to AD and PD, has grown significantly. This cell death pathway is associated with oxidative stress and lipid peroxidation, suggesting it may be a target for therapeutic intervention across neurodegenerative diseases. The role of iron dysregulation in neuroinflammation is further examined by Ashraf et al.. In this study, the authors examined the effects of lipopolysaccharide (LPS)-induced inflammation on cognitive performance and regional brain metabolism following mild iron priming. They reported that iron priming had different metabolic effects on the hippocampus and cortex but induced hyperramification of microglia in both regions following LPS administration. The nuanced, region-specific brain responses to iron priming-both alone and when combined with LPS-induced inflammation underscore the need for comprehensive analyses in such studies, and reinforce a link between iron dysregulation, inflammation, and neurodegenerative disease. Perturbation of iron (and copper) homeostasis is also discussed in Wimalasena et al.'s article. Here, the authors propose a new hypothesis to account for the selective vulnerability of neuromelanin-containing dopaminergic neurons in the substantia nigra pars compacta and noradrenergic neurons in the locus coeruleus. They argue that these neurons' high energy demands and complex metabolic roles render them more susceptible to oxidative stress and metal dysregulation (particularly iron and copper), which, in turn, promotes alpha-synuclein aggregation. This aggregation is a critical factor in Parkinson's disease pathology, providing a comprehensive framework for understanding selective neurodegeneration.



3 Immune system and inflammatory mechanisms in neurodegenerative and systemic diseases

Kitchener et al. studied a lysosomal enzyme, beta-galactosidase, the overexpression of which has previously been implicated in AD. Using immortalized BV-2 cells and primary mixed glial-neuronal cultures, as well as in vivo studies of young and aged mice, they show an upregulation of microglial beta-galactosidase cell-surface activity and extracellular release in response to inflammation which in turn promotes microglial activation-dependent neurotoxicity. This could be attenuated with the use of beta-galactosidase inhibitors, highlighting a potential target for neurodegenerative disease interventions, especially in conditions like AD and PD. Using differential gene expression analyses, An et al. identified shared crosstalk genes between AD and atherosclerosis, particularly related to complement activation and microglia signaling, emphasizing the role of immune pathways in both. They identified diagnostic genes which had over 80% predictive accuracy. They could also observe increased macrophage infiltration in both AD and atherosclerotic disease cohorts compared to healthy controls. In a single-center study, Alster et al. analyzed inflammatory markers in the cerebro-spinal fluid (CSF) and plasma of patients with supranuclear palsy, an atypical parkinsonism characterized by tauopathy, and healthy controls and correlated changes with brain volumes as examined by magnetic resonance imaging (MRI). IL-1 and IL-6 correlated variably with different brain regions, suggesting that the role of inflammatory factors in neurodegenerative disease may not be unequivocal and rather dependent on the type of inflammatory factor and selective vulnerability of certain tissues. This sentiment is echoed in Song, Li, Han, Xu, Ding et al.'s study where two-sample Mendelian randomization was employed to identify peripheral immune cells both positively and negatively associated with PD. The authors emphasize that different cell types may play different roles through the varying stages of PD and that potential therapeutic targets may be relevant at different times through the course of the pathogenesis. Similarly, Qin et al. utilized Mendelian randomization to evaluate the correlations between the plasma lipidome, circulating inflammatory proteins and risk of PD. The results show potential mediation by inflammatory proteins in the link between lipids and PD, adding to predictive markers and possible targets for PD treatment. When this method was employed by Xiao et al., to study the effects of inflammatory proteins on amyotrophic lateral sclerosis (ALS), they identified a bidirectional relationship between inflammatory markers and ALS, suggesting that ALS could also impact inflammatory protein levels, adding depth to ALS pathophysiology and potential therapeutic targets. Further examining the link between ALS and circulating inflammatory markers, Du et al. created a predictive model linking mitophagy and immune cell infiltration to ALS. They identified 40 genes with prognostic value and 4 genes with diagnostic value. They validated their differential expression in plasma from ALS patients and healthy controls. This work lays the groundwork for understanding progression of ALS and its immune and mitochondrial dynamics, potentially guiding early diagnostics and therapeutic developments.



4 Genetics, aging, and systemic conditions related to neurodegenerative risk

Aging is linked to altered microbiome composition, though its role in inflammation remains uncertain (Falony et al., 2016). Importantly, chronic inflammation and dysbiosis are both key features of neurodegenerative diseases and IBD. Several studies have examined the link between inflammatory bowel disease (IBD)- Crohn's disease, ulcerative colitis- and PD, yet controversy exists whether the correlation is real. Adding to this field, Wang et al. performed a large-scale cohort study and found no significant link between risk of IBD and risk of PD in general; however, specific subgroups, such as females with ulcerative colitis, did show a slight increased risk of PD. This finding provides evidence for a potential, but not universal, relationship between IBD and PD. Systemic lupus erythematosus (SLE) is an autoimmune connective tissue disease in which neuropsychiatric, particularly cognitive dysfunction, can be prevalent. Histological examination has highlighted neuronal loss resulting in loss of volume of both white and gray matter areas and elevated levels of neurofilament light protein and glial fibrillary acidic protein (GFAP) in the CSF indicating the neurodegenerative nature of these changes. Kuchcinski et al. utilized a deep learning method called BrainAGE that estimates the age gap, i.e., the difference in chronological age vs. biological age of the brain, using magnetic resonance images of patients with SLE and age matched controls. They found a higher brain age gap in SLE patients, particularly those with higher disease activity, linking SLE's inflammatory effects with accelerated brain aging and cognitive decline. There is an epidemiological association between frailty-an increased state of vulnerability- and insomnia, both of which increase with age and are risk factors for neurodegenerative diseases. Song, Li, Han, Xu, Wang et al. utilized GWAS data to determine a positive genetic correlation between the two. They identified 2 SNPs at 3p21.31 mapping to genes related to sleep regulation and inflammation. Interestingly, they found tissue specific SNP heritability enrichment with the anterior cingulate cortex and cerebral amygdala.

This editorial collectively emphasizes the interconnected nature of aging, inflammation, immune responses, and systemic factors in neurodegeneration. By synthesizing findings across these three themes, the articles provide a comprehensive view of current research, offering promising avenues for targeted interventions in aging-related neurodegenerative diseases.
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Introduction: Systemic lupus erythematosus (SLE) is an autoimmune connective tissue disease affecting multiple organs in the human body, including the central nervous system. Recently, an artificial intelligence method called BrainAGE (Brain Age Gap Estimation), defined as predicted age minus chronological age, has been developed to measure the deviation of brain aging from a healthy population using MRI. Our aim was to evaluate brain aging in SLE patients using a deep-learning BrainAGE model.

Methods: Seventy female patients with a clinical diagnosis of SLE and 24 healthy age-matched control females, were included in this post-hoc analysis of prospectively acquired data. All subjects had previously undergone a 3 T MRI acquisition, a neuropsychological evaluation and a measurement of neurofilament light protein in plasma (NfL). A BrainAGE model with a 3D convolutional neural network architecture, pre-trained on the 3D-T1 images of 1,295 healthy female subjects to predict their chronological age, was applied on the images of SLE patients and controls in order to compute the BrainAGE. SLE patients were divided into 2 groups according to the BrainAGE distribution (high vs. low BrainAGE).

Results: BrainAGE z-score was significantly higher in SLE patients than in controls (+0.6 [±1.1] vs. 0 [±1.0], p = 0.02). In SLE patients, high BrainAGE was associated with longer reaction times (p = 0.02), lower psychomotor speed (p = 0.001) and cognitive flexibility (p = 0.04), as well as with higher NfL after adjusting for age (p = 0.001).

Conclusion: Using a deep-learning BrainAGE model, we provide evidence of increased brain aging in SLE patients, which reflected neuronal damage and cognitive impairment.

KEYWORDS
 systemic lupus erythematosus, brain, aging, deep learning, magnetic resonance imaging


1. Introduction

Systemic lupus erythematosus (SLE) is an autoimmune connective tissue disease that affects 0.1% of the general population, with a large female predominance. Neuropsychiatric symptoms are commonly observed in individuals with SLE, with reported frequencies ranging from 20 to 95%, depending on the classification criteria used (Brey et al., 2002). These symptoms have been associated with increased morbidity and mortality and decreased quality of life (Brey et al., 2002). The array of neuropsychiatric symptoms is diverse, encompassing conditions such as headaches, epilepsy, focal neurological deficits, mood disorders, and psychosis (Brey et al., 2002). Among these, cognitive dysfunction is particularly prevalent, affecting approximately 75% of patients (Leslie and Crowe, 2018). The pathophysiology of these symptoms remains widely debated.

Brain abnormalities observed in SLE patients are frequent and heterogeneous. Beyond the vascular and/or inflammatory lesions identified through MRI (Jennings et al., 2004) and histopathological studies (Hanly et al., 1992; Cohen et al., 2017), mounting evidence suggests an ongoing neurodegenerative process. Histological examinations have highlighted substantial and widespread neuronal loss among patients displaying neuropsychiatric symptoms (Ercan et al., 2016). Initial longitudinal imaging studies have confirmed progressive reductions in brain volume, affecting both white and gray matter, over relatively short time spans (19 months) (Appenzeller et al., 2007). The neurodegenerative nature of these changes has been further supported by elevated levels of CSF and plasma biomarkers associated with ongoing neuronal damage (neurofilament light protein [NfL] and glial fibrillary acidic protein) (Trysberg et al., 2003, 2004; Lauvsnes et al., 2022), even among patients without neuropsychiatric symptoms. Interestingly, this phenomenom has also been observed at the cellular level, with the accumulation of senescent neural cells in the hippocampus of murine models of SLE (MRL/Ipr mice) (Saito et al., 2021).

Nonetheless, these lesions lack specificity, exhibiting a continuum across patients with and without neuropsychiatric symptoms. In approximately 60% of cases, symptoms may be independent of brain damage, and instead attributed to chronic pain, altered sleep quality or corticosteroid therapy (Magro-Checa et al., 2016). The broad range of symptoms presented and the absence of a reliable biomarker therefore make diagnosis and management challenging in a large number of cases (Kalinowska-Lyszczarz et al., 2018).

Recently, an artificial intelligence method, called BrainAGE (Brain Age Gap Estimation), has been developed to measure the deviation in brain aging within a cohort of patients experiencing cognitive decline, in comparison to a healthy population without cognitive or psychiatric disorders (Franke and Gaser, 2019). The approach involves training a model to predict the age of healthy individuals based on MR images of their brain. Subsequently, this model can be applied to a group of patients with cognitive and/or psychiatric disorders, aiming to reveal the discrepancy between the predicted age generated by the algorithm and the actual age of the patient - termed BrainAGE score. A BrainAGE score near 0 indicates typical brain aging, while a BrainAGE score significantly higher than 0 suggests increased brain aging. This quantitative, cross-diagnostic marker effectively reflects the extent of disease-related structural changes. Notably, BrainAGE is sensitive to volume loss related to cerebral atrophy, but also to signal changes induced, for instance, by white matter lesions (Bretzner et al., 2023).

Our main objective was to evaluate brain aging in SLE by using a deep-learning BrainAGE model within an established cohort of extensively characterized SLE patients and matched healthy controls (Cannerfelt et al., 2018; Langensee et al., 2022; Zervides et al., 2022b). Our secondary objectives were to identify neuropsychological correlates and clinical factors contributing to increased brain aging.



2. Materials and methods


2.1. Population

The present study is a cross-sectional post-hoc MRI analysis of a well described single-center prospective SLE cohort (Cannerfelt et al., 2018; Langensee et al., 2022; Zervides et al., 2022b). The study cohort was approved by the regional ethics committee (reference #2012/254, #2012/677, #2014/778). The study was conducted in accordance with the Declaration of Helsinki. Written informed consent was obtained from the patients prior to data collection.

Between 2013 and 2016, consecutive prevalent patients with a diagnosis of SLE, attending the Department of Rheumatology, were prospectively enrolled. Inclusion criteria were as follows: diagnostic of SLE meeting at least 4 criteria of the American College of Rheumatology (ACR) classification (Tan et al., 1982), female gender, age between 18 and 55 years and right-handedness. Patients with any contra-indication to MRI were excluded (e.g., pace-maker, pregnancy).

During the same time period, female control subjects within the same age range, free of autoimmune, neurological or psychiatric disorders were recruited in a control group among health care workers and university employees at our institution. Seventy-one patients and 25 age-matched controls constituted the cohort population. Two participants (1 SLE patient and 1 healthy control) were secondarily excluded from the present analysis because of they had a focal brain lesion (meningioma, n = 1; cystic lesion, n = 1).



2.2. Clinical and neuropsychological evaluation

All patients were evaluated by a rheumatologist and a neurologist, as previously described (Zervides et al., 2022b). Neuropsychiatric manifestations were defined according to the Systemic Lupus International Collaborating Clinics (SLICC) attribution models (more stringent “SLICC A” and less stringent “SLICC B”) (Hanly et al., 2007). Organ damage was recorded according to the SLICC/ACR damage index (SLICC/ACR-DI) (Gladman et al., 1996), and disease activity was assessed using the Systemic Lupus Erythematosus Disease Activity Index 2000 (SLEDAI-2 K) (Gladman et al., 2002).

All subjects underwent neuropsychological testing by a neuropsychologist using a standardized neurocognitive test battery (CNS Vital Signs; Gualtieri and Johnson, 2006), described elsewhere (Langensee et al., 2022). CNS Vital Signs has been previously tested and validated in SLE patients (Langensee et al., 2022), as well in traumatic brain injury, dementia and attention deficit hyperactivity disorder (Gualtieri and Johnson, 2006; Littleton et al., 2015). Briefly, seven established tests (verbal memory, visual memory, finger tapping, symbol digit coding, Stroop, shifting attention and continuous performance) were used to compute age-adjusted scores in several cognitive domains. For the purpose of this study, we recorded composite memory, psychomotor speed, reaction time, complex attention and cognitive flexibility. These scores have a mean of 100 and a standard deviation of 15 in a normative sample provided by the CNS Vital Signs software. A psychologist, who remained present for the duration of the session, tested participants individually. A brief oral introduction by the psychologist, explaining the testing procedure was given to each participant. Following this, they completed the test battery independently according to the instructions that were given on the screen prior to each of the tests (Langensee et al., 2022). Additional clarifications were provided when requested. Each of the individual tests had to be performed for a predetermined amount of time and most tests were in turn timed internally, so that a response had to be given within the provided time window. Completing the entire test battery took approximately 30 min (variations occurred due to participants taking varying amounts of time to read the instructions).

Psychomotor speed was evaluated using two tests, the Finger Taping Test and the Symbol Digit Coding test (Gualtieri and Johnson, 2006). For the Finger Taping test, subjects are asked to press a space bar with left and right index finger as many times as they can in 10 s. For the Symbol Digit Coding test, the subject is given a training session to learn how to link numbers to digits. During the test session, the subject types in the number that corresponds to each symbol that is presented on the screen during 120 s. Psychomotor speed is a composite score calculated automatically by the software by adding the total of right and left taps from the Finger Taping Test and the total of correct responses during the Symbol Digit Test.

Reaction time was evaluated during a Stroop Test (Gualtieri and Johnson, 2006). During the first part of the test, the words RED, YELLOW, BLUE, and GREEN appear on the screen, printed in color. The subject is asked to press the space bar when the color of the word matches what the word says. This generates a complex reaction time score. During the second part of the test, the subject is asked to press the space bar when the color of the word does not match what the word says. This part also generates a complex reaction time score, called the “color-word reaction time.” Averaging the two complex reaction time scores from the Stroop test generates a composite score for “reaction time.”



2.3. Laboratory analyses

Serum and plasma samples were obtained from all patients within two weeks before or after MRI. Routine biochemical and immunological analyses were performed at the Departments of Laboratory Medicine and Immunology, including measurements of serum levels of complement factors, anti-double-stranded DNA antibodies, and antiphospholipid antibodies (including serum IgG anti-cardiolipin antibodies, serum IgG anti-beta-2-glycoprotein-1 antibodies and Lupus Anticoagulant). The concentrations of protein S100A8/A9 in serum were measured with the Bühlmann MRP8/14 ELISA kit, Switzerland, according to the manufacturers’ instructions (Zervides et al., 2022b). Plasma NfL concentrations were measured using a single-molecule array (Quanterix; Billerica, MA) and the commercially available NfL assay was utilized (NF-light™ # 103186) (Zervides et al., 2022a).



2.4. Neuroimaging


2.4.1. MRI acquisitions

MRI acquisitions were performed on a 3T MRI (Siemens MAGNETOM Skyra, Erlangen, Germany), using a 20-channel head coil. The protocol included a 3D-T1 MPRAGE (magnetization-prepared rapid gradient-echo) (voxel size = 1 mm3 isotropic, matrix = 256 × 256 × 176, TE = 2.54 ms, TR = 1900 ms, TI = 900 ms, flip angle = 9°) and a FLAIR sequence (voxel size = 0.7 × 0.7 × 3 mm, matrix = 280 × 320 × 33, TE = 81 ms, TR = 9000 ms, TI = 2500 ms, flip angle = 150°).



2.4.2. MRI visual analysis and white-matter hyperintensities segmentation

All scans were visually evaluated by a board certified neuroradiologist. A complete description of morphological abnormalities in this cohort has been reported elsewhere (Cannerfelt et al., 2018). For the purpose of this study, we reported only vascular lesions susceptible to influence BrainAGE prediction: previous ischemic or hemorrhagic lesions and white matter hyperintensities. White matter hyperintensities were automatically segmented by the lesion growth algorithm implemented in the Lesion Segmentation Toolbox (LST, version 2.0.14),1 using 3D-T1 and FLAIR images (Schmidt et al., 2012).



2.4.3. BrainAGE preprocessing

Minimal preprocessing steps were applied on 3D-T1 brain images. First, images were corrected for magnetic field inhomogeneity effects and skull-stripped using VolBrain software version 1.0 (RRID:SCR_021020)3 (Manjón and Coupé, 2016). Brain extractions were systematically checked, and manual corrections were performed by a neuroradiologist, when deemed necessary. Then, preprocessed 3D-T1 images were linearly registered and resampled into the MNI space using SPM software version 12 (RRID:SCR_007037). Finally, intensity normalization was performed using min–max normalization. Gray matter, white matter and CSF volumes were automatically calculated using VolBrain software.



2.4.4. Deep-learning BrainAGE model

For the prediction of chronological age based on brain images, our model was based on a 3D convolutional neural network architecture, as previously published (Gautherot et al., 2021). For the purpose of this study, the model was trained and validated on a dataset of brain MRI volumes from 1503 healthy female participants between 18 and 70 years (training n = 1,295, validation n = 208).

The training dataset was constituted of data compiled from several publicly available sources: IXI (Information eXtraction from Images),4 HCP (Human Connectome Project),5 OBRE (Center of Biomedical Research Excellence),6 MCIC (Mind Clinical Imaging Consortium),7 NMorphCH (Neuromorphometry by Computer Algorithm Chicago),8 NKI-RS (Enhanced Nathan Kline Institute-Rockland Sample),9 PPMI (Parkinson’s Progression Markers Initiative)10 and ADNI (Alzheimer’s Disease Neuroimaging Initiative).11

The model input was preprocessed 3D-T1 images with dimensions of 182 × 218 × 182 voxels. The model was based on a 3D convolutional neural network using an architecture previously described (Gautherot et al., 2021). The weights of the model were determined by minimizing the cost function, here the mean absolute error between chronological age and predicted brain age. To optimize the weights, we used a stochastic gradient descent optimization algorithm (Sutskever et al., 2013) with a learning rate of 0.001, a momentum of 0.1, and a learning rate decay of 5e-05. We used a batch size of 8 during 150 iterations. During the training phase, we performed a data augmentation strategy on-the-fly consisting of performing translation and rotation of the MR images. This technique generated additional artificial training images to prevent the model from overfitting and was empirically found to yield better performance (Shorten and Khoshgoftaar, 2019). We used a 5-fold cross-validation procedure on our training set for optimizing hyperparameters. The mean absolute error of the model on our validation dataset was 4.4 years.

As recommended in BrainAGE studies, we removed any common variance with chronological age before submitting the residualized version of BrainAGE, using linear regression (Liang et al., 2019):

[image: image]

α is the regression coefficient associated with the chronological age, and in our study α = 0.13.

Weights from the pre-trained model were used for the prediction of brain age for our SLE patients and matched controls. BrainAGE was calculated as the difference between predicted brain age and chronological age at the acquisition time, and converted in z-score taking the control group as reference (Gautherot et al., 2021).

To understand which brain regions were mainly used by the BrainAGE model, we computed attention maps using an occlusion sensitivity method adapted from Petsiuk et al. (2018). A sliding mask of 8 × 8 × 8 voxels was used to hide part of the input images and probe the model. The final attention map was generated as a linear combination of the binary masks where the combination weights come from the amplitude of the difference between predicted age with and without masking.




2.5. Statistical analysis

Statistical analyses were performed using SPSS version 26 (RRID:SCR_002865). Continuous variables are presented as mean (± standard deviation) and categorical variables are presented as numbers (percentage). The normality of the distribution of quantitative variables was assessed visually. Plasma NfL concentrations were log-transformed to satisfy the normality assumption. First, BrainAGE (z-score) and brain volumes were compared between controls and SLE patients using a student-t test. WMH volumes were compared using a Mann–Whitney U test. Then, in order to estimate the risk factors for increased BrainAGE, SLE patients were divided into 2 groups (high vs. low BrainAGE). To define the cut-off value between High and Low BrainAGE, we used the “reaction time” performance. Increased reaction time is one of the main neuropsychological landmarks of brain aging. We performed a ROC-analysis and calculated the Youden Index. The optimal threshold to identify patients with low “reaction time performance” (standardized score < 80) was BrainAGE z-score = 0.9. We therefore used this threshold to separate high and low BrainAGE groups. Group comparisons for biomarkers of neurodegeneration between high and low BrainAGE patients and healthy controls were done using a ANOVA (or Kruskal-Wallis ANOVA). As plasma concentrations of NfL increase with age, group comparisons were adjusted for age using an ANCOVA procedure. We also performed correlation analyses and calculated Pearson correlation coefficient (or Spearman correlation coefficient for non-normally distributed variables) in patients and healthy controls. Finally, to identify the clinical/biological predictors of high BrainAGE, group comparisons between high and low BrainAGE patients were done using a student t-test for continuous variables and a chi-square test for categorical variables. Parameters associated with BrainAGE with a value of p <0.2 in univariate analysis were included in a multivariate logistic regression model with BrainAGE as a binary depend variable (high vs. low). To avoid multicollinearity, correlations between variables were checked and variables with r > 0.6 were excluded (disease duration and ongoing prednisolone treatment). A threshold of p < 0.05 was used for all statistical significance.




3. Results


3.1. BrainAGE is significantly increased in SLE patients

As described in material and methods, 70 right-handed female SLE patients and 24 age-matched controls were included in the present study. Table 1 displays the study population details. SLE disease activity (SLEDAI-2 K) and organ damage (SLICC/ACR-DI) scores were low. Sixteen (22.9%) to 22 (31.4%) had a neuropsychiatric presentation according to “SLICC A” and “SLICC B” models, respectively. A detailed description of ongoing medications and neuropsychiatric manifestations is provided in Supplementary Tables S1, S2.



TABLE 1 Clinical, neuropsychological and biological characteristics of the SLE patients.
[image: Table1]

Mean chronological age of SLE patients and controls was 35.9 (±9.0) and 37.0 (±9.4) years, respectively (p = 0.62). BrainAGE z-score was significantly higher in SLE patients, revealing an increased brain aging (0.6 [±1.1] vs. 0 [±1]) (Figure 1 and Table 2). SLE patients had brains looking on average 3.6 years older than age-matched controls. Standard volumetry demonstrated a discrete brain atrophy with slightly increased cerebrospinal fluid volumes in SLE patients (11.96% [±2.50] vs. 10.80% [±2.13], p = 0.045) (Table 2). The volume of WMH was modest but significantly higher in SLE patients (0.179 [±0.339] vs. 0.061 [±0.156]). The visual assessment demonstrated no previous ischemic lesion.

[image: Figure 1]

FIGURE 1
 BrainAGE distribution in SLE patients and age-matched healthy controls. Violin plot of BrainAGE (z-score) distribution in SLE patients and age-matched controls. Mean BrainAGE is significantly higher in SLE (0.6 [±1.1] vs. 0 [±1], p = 0.02). BrainAGE, Brain Age Gap Estimation; SLE, systemic lupus erythematosus.




TABLE 2 MRI characteristics of SLE patients and comparison with healthy controls.
[image: Table2]

Attention maps demonstrated that BrainAGE prediction was mainly based on the following brain areas: right lenticular nucleus, left and right medial prefrontal cortex, left dorso-lateral prefrontal cortex and inferior frontal cortex, posterior part of the body of the corpus callosum, pons, left and right cerebellum hemispheres (Figure 2).

[image: Figure 2]

FIGURE 2
 Average attention map for BrainAGE prediction. Average attention map (color-coded) for the entire population (n = 94) overlayed on an anatomical T1 image.




3.2. In SLE patients, high BrainAGE is associated with biomarkers of neurodegeneration and poorer cognitive performance

To validate that BrainAGE was reflecting neurodegeneration in SLE patients, we analyzed the association between high BrainAGE (BrainAGE z-score > 0.9) and well-established biomarkers of neuronal damage (Table 3). Compared to low BrainAGE and healthy controls, high BrainAGE patients had brain atrophy with increased CSF volume (p = 0.001). White matter volume was also lower in high BrainAGE vs. low BrainAGE patients (p = 0.02). High BrainAGE patients had higher plasma NfL concentrations after adjusting for age, compared to low BrainAGE patients and healthy controls (p < 0.001) (Table 3). WMH volume was higher in high BrainAGE patients compared to healthy controls (p = 0.03), but there was no significant difference between high and low BrainAGE patients.



TABLE 3 Comparison of biomarkers of neurodegeneration in high BrainAGE, low BrainAGE SLE patients and healthy controls.
[image: Table3]

Then, we explored the neuropsychological correlates of increased BrainAGE.

Neuropsychiatric involvement according to the SLICC attribution models were not more prevalent in high BrainAGE patients (“SLICC A”: 6/24 [25%] vs. 10/46 [21.7%], p = 0.76 and “SLICC B”: 8/24 [33.3%] vs. 14/46 [30.4%], 0.80). Nevertheless, SLE patients with high BrainAGE had poorer performance compared to low BrainAGE (BrainAGE z-score ≤ 0.9) and/or healthy controls in several cognitive domains (Table 3 and Figure 3): psychomotor speed (p = 0.001), reaction time (p = 0.02) and cognitive flexibility (p = 0.04). Illustrative cases are presented in Figure 4.

[image: Figure 3]

FIGURE 3
 Neuropsychological profile of SLE patients according to BrainAGE. Graphical representation of mean standardized scores in five cognitive domains for healthy controls (gray), high BrainAGE (orange), and low BrainAGE patients (blue). BrainAGE, Brain Age Gap Estimation; SLE, systemic lupus erythematosus.


[image: Figure 4]

FIGURE 4
 Illustrative cases with high versus low BrainAGE. Skull-striped 3D-T1 images from 40-year patients with high (left) and low BrainAGE (right). Visual inspection demonstrates a higher level of atrophy in the high BrainAGE patient, with enlarged ventricles and sulci. The patient with high BrainAGE has also longer reaction time and higher level of neurofilament light chain (NfL) in plasma.


Correlation analyses were consistent with the above-mentioned results (Supplementary Table S3). In SLE patients, higher BrainAGE was significantly correlated with lower grey and white matter volume, higher CSF volume, higher level of NfL in plasma, lower cognitive performance for psychomotor speed and reaction time. No significant correlations were found in healthy controls.



3.3. Clinical and biological risk factors of high BrainAGE in SLE patients

Finally, we evaluated the association between BrainAGE and the clinical and biological characteristics of disease, to identify the main determinants of increased brain aging (Table 4). In univariate analysis, BrainAGE was associated with some indirect markers of active systemic inflammation. Patients with high BrainAGE were significantly younger at MRI (30.5 [±9.1] vs. 38.8 [±7.5] years, p < 0.001), had shorter disease duration (8.4 [±6.8] vs. 12.6 [±8.4] years, p = 0.04) and were more likely to have a non-malarial disease-modifying antirheumatic drug (DMARD) (19/24 [79.2%] vs. 22/46 [47.8%], p < 0.001). High BrainAGE tended to be associated with higher disease activity (SLEDAI-2K score = 3.1 [±4.2] vs. 1.9 [±2.5], p = 0.15), higher prednisolone daily dose (6.1 [±5.6] vs. 4.3 [±3.8], p = 0.11) and low complement levels (17/24 [70.8%] vs. 23/46 [50%], p = 0.11). We did not find any association between BrainAGE and the presence of anti-phospholipids antibody. In multivariate analysis (Table 5), age at MRI and non-malarial DMARD remained independently associated with BrainAGE (p = 0.001 and p = 0.01, respectively).



TABLE 4 Clinical/biological characteristics of SLE patients according to BrainAGE group: univariate analysis.
[image: Table4]



TABLE 5 Association between BrainAGE and clinical/biological characteristics of SLE patients: multivariate analysis.
[image: Table5]




4. Discussion

In this retrospective cross-sectional analysis, we provided evidence of increased brain aging in SLE by applying a deep-learning model to brain MR images. We demonstrated that high BrainAGE was associated with established markers of neurodegeneration and with worse performance in several cognitive domains. Interestingly, higher BrainAGE scores were observed in younger patients and patients with ongoing non-malarial DMARD, suggesting a more active SLE phenotype.

One of the main strengths of our study lies in the use of a deep-learning model to compute a fully automated and time-efficient measurement of brain aging. This approach enables an individualized and non-invasive assessment, which could be implemented into clinical practice. Unlike conventional machine learning models based on brain parcellation and quantification of regional grey matter and white matter volumes, the use of a 3D CNN architecture allowed us to work directly on MR images registered in the MNI space, without introducing any prior assumptions. Processing steps were deliberately limited minimized, using a rigid co-registration method to preserve anatomical details. Notably, our model’s performance to predict the age of healthy controls on the validation sample was in the range of other established models (Franke and Gaser, 2019). This approach has previously demonstrated efficacy in tracking the progression of neurodegeneration in Alzheimer’s disease (Gautherot et al., 2021). Using attention maps, we demonstrated that BrainAGE prediction was based on widespread brain regions where age-related changes have been extensively documented, including the frontal lobe, lenticular nucleus, corpus callosum and cerebellum (Lemaitre et al., 2012; Tullo et al., 2019).

In this study, the utilization of a deep-learning model allowed us to capture brain changes indicative of neurodegeneration in SLE, even within the context of an average low disease activity and subtle differences in brain volumetry between patients and controls. We found that increased brain aging in SLE patients predominantly correlated with a reduction in white matter volume. This observation is consistent with standard MRI analyses showing white matter lesions in 60% of SLE patients with neuropsychiatric symptoms (Jennings et al., 2004). Beyond these clearly apparent lesions, advanced diffusion MRI techniques (such as diffusion tensor imaging) have unveiled widespread alterations even in normal-appearing white matter regions (Kornaropoulos et al., 2022). NfL is another well-established biomarker of axonal damage (Khalil et al., 2018). Lauvsnes et al. (2022) reported a correlation between a loss of cerebral white matter (in the corpus callosum) and plasma NfL concentrations in SLE patients. Similarly, we found a correlation between brain aging and plasma NfL levels.

In our population, increased brain aging in SLE patients resulted in poorer cognitive performance. While SLE patients displaying low BrainAGE had cognitive test scores within the normal range, those with high BrainAGE performed significantly worse in several cognitive domains, reaction time and psychomotor speed being mostly affected. Processing speed is one of the main cognitive domains affected by normal ageing, which has been attributed to a decreased efficiency of interregional communication within the brain (Salthouse, 2016). Indeed, age-related cognitive slowing has been consistently associated with white matter volume reduction, white matter hyperintensities or altered white matter integrity assessed through DTI (Bendlin et al., 2010; Kochunov et al., 2010). Although complex attention was impaired in our SLE patients, in line with a recent meta-analysis (Leslie and Crowe, 2018), the association between complex attention and increased brain aging did not reach statistical significance in our study. Interestingly, neuropsychiatric involvement was not more prevalent in high BrainAGE patients. As already suggested, neuropsychiatric manifestations in SLE may hinge on functional alterations rather than structural modifications (Faust et al., 2010; Steup-Beekman et al., 2013).

Finally, we aimed at identifying the main risk factors of increased brain aging. We found that the clinical phenotype of SLE patients with high BrainAGE was a young subject, with short disease duration, high disease activity and low complement level, treated by non-malarial DMARD and high dose of prednisolone. Drawing from these exploratory results, we can speculate that increased brain age was mainly driven by persistent inflammatory activity under medication. Typically, disease activity in SLE tends to peak early in the disease course and subsequently decline over time (Zhang et al., 2010). Peschken et al. (2019) demonstrated that very high disease activity was associated with shorter disease duration, higher prednisolone dosage and use of DMARD. This initial active phase could be responsible for brain modifications, leading to a disproportionally high BrainAGE in younger patients. A link between chronic peripheral inflammation and modifications of brain structure has been established through murine models of SLE (Chesnokova et al., 2016; Schwartz et al., 2019). The suggested pathway is that ongoing systemic inflammation affects the communication between the peripheral immune system and the brain by activating resident microglial cells. Subsequent abnormal development of neuroprogenitor cells in the corpus callosum and increase neuronal death in the cortex and hippocampus have been observed (Leung et al., 2016; Shi et al., 2018). Direct immunologically mediated neuronal affliction is also involved in neuropsychiatric manifestations of SLE. Anti-NMDA receptor and anti-ribosomal P protein antibodies are considered to target especially the limbic system and are associated with diffuse neuropsychiatric presentations of SLE, while antiphospholipid antibodies are responsible for autoantibody mediated thrombosis and neurovascular manifestations (Schwartz et al., 2019). Of note, the brain changes could be partially reversible under treatment, as illustrated by Mak et al. (2016). Their longitudinal MRI study documented increased brain volume in SLE patients receiving immunosuppressive treatment to mitigate disease activity. We can therefore speculate that BrainAGE scores would decrease over time under a treatment that effectively controls disease activity.

Conversely, we did not find any association between increased brain age and antiphospholipid antibodies or WMH volume. A higher risk of ischemic and hemorrhagic stroke is attributed to SLE with a twofold increase compared to the general population (Wiseman et al., 2016b). Interestingly, ischemic brain changes in SLE patients have been associated with antiphospholipid antibodies (Kaichi et al., 2014; Magro-Checa et al., 2019), independently of SLE activity (Wiseman et al., 2016a). Although BrainAGE is sensitive to vascular lesions (Bretzner et al., 2023), these did not emerge as the main determinants of increased brain aging in our SLE population. The relatively low WMH burden in our population may account for this apparent discrepancy.

The main limitation of our study was its relatively small sample size, which currently curtails the applicability of BrainAGE on an individualized basis and precludes a comprehensive analysis of the intricate interplay between distinct neuropsychiatric manifestations and brain aging. We also acknowledge that the association with disease activity scores was close but did not reach statistical significance. This could be explained by the overall low disease activity observed in our cohort and it warrants validation across populations with a more severe phenotype. Future longitudinal studies will also provide additional insight into the association between age, disease duration and brain aging, as well as the role of glucocorticoids and immunosuppressive treatment.

In conclusion, using a deep-learning BrainAGE model, we provide evidence of increased brain aging in SLE patients, which reflected neuronal damage and cognitive impairment. BrainAGE could be evaluated as an adjunctive diagnostic tool for assessing brain involvement in SLE.
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Beta (β)-galactosidase is a lysosomal enzyme that removes terminal galactose residues from glycolipids and glycoproteins. It is upregulated in, and used as a marker for, senescent cells. Microglia are brain macrophages implicated in neurodegeneration, and can upregulate β-galactosidase when senescent. We find that inflammatory activation of microglia induced by lipopolysaccharide results in translocation of β-galactosidase to the cell surface and release into the medium. Similarly, microglia in aged mouse brains appear to have more β-galactosidase on their surface. Addition of β-galactosidase to neuronal-glial cultures causes microglial activation and neuronal loss mediated by microglia. Inhibition of β-galactosidase in neuronal-glial cultures reduces inflammation and neuronal loss induced by lipopolysaccharide. Thus, activated microglia release β-galactosidase that promotes microglial-mediated neurodegeneration which is prevented by inhibition of β-galactosidase.
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Introduction

The mammalian enzyme β-galactosidase hydrolyses terminal galactose residues from glycolipids and glycoproteins. In humans, β-galactosidase deficiency causes neurodegeneration and death during development due to accumulation of the glycolipid/ganglioside GM1, which is normally metabolized by β-galactosidase to the ganglioside GM2 (Bonten et al., 2014). Almost all cellular β-galactosidase is located within the lysosomes, where it forms a complex with neuraminidase-1 (Neu1) and Protective Protein/Cathepsin A (PPCA), which protects β-galactosidase from degradation within the lysosomes (Bonten et al., 2014). Neu1 hydrolyses terminal sialic residues from glycolipids and glycoproteins, to reveal terminal galactose residues, which are then hydrolyzed by β-galactosidase (Puigdellívol et al., 2020).

Senescent cells are known to have an increased β-galactosidase activity; the β-galactosidase activity of cells measured at pH 6.0 (known as “senescence-associated beta-galactosidase activity”) is commonly used as a marker of senescent cells, often detected by histochemical X-gal staining (Dimri et al., 1995). This was originally thought to be a β-galactosidase activity unique to senescent cells, but subsequently was shown to be due to the normal lysosomal β-galactosidase (i.e., the only β-galactosidase in mammals), which was found to be overexpressed in senescent cells, accounting for the increased X-gal staining of senescent cells (Lee et al., 2006).

The expression of lysosomes in cells (including expression of β-galactosidase) is regulated by transcription factor EB (TFEB), which also promotes the translocation of β-galactosidase to the plasma membrane/cell surface by lysosomal exocytosis (Magini et al., 2013). We recently reported that activation of microglia resulted in the translocation of Neu1 to the cell surface and extracellular space by lysosomal exocytosis (Allendorf and Brown, 2022). As Neu1 can be structurally and functionally coupled to β-galactosidase (Bonten et al., 2014), we were interested here in whether β-galactosidase was also released by activated microglia, and, if so, whether this had any functional consequences.

Microglia are resident brain macrophages and the main innate immune cell of the central nervous system. As such, microglia survey the brain for infection or damage, and if they detect these, become inflammatory activated in order to resolve the threat. However, chronic activation of microglia can be damaging to neurons and is implicated in many brain pathologies, including neurodegenerative diseases, such as Alzheimer’s disease and Parkinson’s disease (Thameem Dheen et al., 2007). Senescent microglia, overexpressing β-galactosidase, have been implicated in Alzheimer’s disease (Greenwood and Brown, 2021). And β-galactosidase associated with the neuronal membrane is increased in Alzheimer’s disease (Magini et al., 2015). β-galactosidase is increased in the CSF of Parkinson’s disease patients, indicating an increase in extracellular β-galactosidase in the brain (van Dijk et al., 2013). Extracellular and cell surface β-galactosidase can potentially degrade cell surface GM1, which is neuroprotective (van Dijk et al., 2013). GM1 also potently inhibits microglial activation (Galleguillos et al., 2022), and decreases in Parkinson’s disease (Chowdhury and Ledeen, 2022), potentially due to increased extracellular β-galactosidase in the PD brain (van Dijk et al., 2013).

In this study, we examined whether activated microglia release β-galactosidase, and, if so, whether β-galactosidase promoted inflammatory neurodegeneration.



Materials and methods


Cell culture and treatments

The immortalized cell line BV-2 (ECACC Cat# 0356, RRID:CVCL_0182) was maintained as previously described (Blasi et al., 1990; Shen et al., 2016). Neither cell line is listed as a commonly misidentified cell line by the International Cell Line Authentication Committee. Primary mixed neuron-glial cultures were prepared from the cerebellum of 3–5 day old Wistar rats (Charles River, RRID:RGD_2312511), following procedures described elsewhere (Carrillo-Jimenez et al., 2018; Allendorf et al., 2020). All animal experiments were approved by the Cambridge University Local Research Ethics Committee and undertaken in accordance with the UK Animals (Scientific Procedures) Act (1986).

Cells were treated as follows: adenosine triphosphate (ATP) was used at 1 mM and A23187 was used at 10 μM. LPS (100 ng/mL) and PMA (100 nM) were added over 18 or 72 h where indicated. Exogenous β-galactosidase from bovine liver (Sigma, St Louis, MO, USA) was used at 20 mU/mL for 72 h. For heat inactivation, β-galactosidase was first incubated at 70 °C for 5 min. For depletion experiments, mixed neuronal-glial co-cultures were treated 3 DIV with 5 μM PLX-3397 (PLX). β-galactosidase inhibitors, D-galactono-1,4-lactone (DGL, BioSynth, Staad, Switzerland) and 1-Deoxygalactonojirimycin (hydrochloride) (DGJ, Cambridge Bioscience) were used 1 mM or 10 mM for 72 h. Treatments were compared to a vehicle treated control group. The most appropriate vehicle was chosen for each experiment. Dimethyl sulfoxide (DMSO) for PLX treatments and phosphate buffered saline (PBS) for all other experiments.



β-galactosidase activity assays

BV-2 microglia were seeded at 1 × 105 cells/well in black, clear-bottom 96-well plates (Greiner) and treated as above. β-galactosidase activity on live cells was assessed in assay buffer adjusted to pH 7.0 or pH 4.0 for supernatant activity assays. The supernatant activity was assayed at final pH 4.7 as a result of diluting DMEM (which uses a sodium bicarbonate buffer system) with pH 4.0 assay buffer at a 1: 1 ratio. For the assay, media was removed from live cells and immediately replaced with 50 μL PBS. For supernatants, debris was removed by centrifugation 150 RCM, 5 min and 50 μL used for the assay. The assay was initiated by the addition of 50 μL of 2X assay buffer. Assay buffer (1X) contained 100 mM sodium phosphate (pH 7.0) or 100 mM citric acid/200 mM sodium phosphate buffer (pH 4.0), 1 mM MgCl2, 50 μM β-mercaptoethanol and 0.5 mg/mL 4-Methylumbelliferyl-β-D-galactopyranoside (MUG, GlycoSynth) in distilled water. 0.2 mU/mL β-galactosidase from bovine liver (Sigma, St Louis, MO, USA) was used as a positive control. Kinetic experiments were performed using a plate reader (FlexStation 3, Molecular Devices), pre-heated to 37°C, with fluorescence determinations beginning immediately upon the addition of assay buffer and taken every minute for 2 h, using 360/40 nm excitation and 460/40 nm emission filters. A standard curve was produced using 4-methylumbelliferone (MUB) which was used to convert arbitrary fluorescent units and calculate concentration of MUB produced in μM.

For assessing inhibitors of β-galactosidase, D-galactono-1,4-lactone and DGJ were diluted to 2X the indicated concentrations (1 mM or 10 mM) in PBS containing 2X the final concentration (0.2 mU/mL) of β-galactosidase from bovine liver, then the assay was initiated as above.



Cell viability and density quantification

After treatment some culture media was removed and saved for analysis where necessary, then cell viability, defined as % necrotic (PI-positive) cells, was measured at indicated endpoints by differential dye uptake of propidium iodide (identifying necrotic cells) and Hoechst 33342 (identifying all cells) using a fluorescent microscope (EVOS M5000). Cell densities were quantified as described previously (Birkle and Brown, 2023). Briefly, Alexa Fluor-488 NeuO (Stemcell Technologies, Cambridge, UK) was used to identify neurons and Alexa Fluor-594 IB4 (Invitrogen, Paisley, UK) was used to identify microglia. Cultures were imaged using 10× objective, with four images taken in consistent positions around each well. Image sets were analyzed for the number of each cell type using a custom CellProfiler (Stirling et al., 2021b)/CellProfiler Analyst (Stirling et al., 2021a) pipeline.



BV-2 cell viability and density quantification

BV-2 microglia were seeded at 5 × 103 in 96-well plates and treated with vehicle or 20 mU/mL β-galactosidase from bovine liver (Sigma, St Louis, MO, USA) for 48 h. Density and cell viability, defined as % necrotic (PI-positive) cells, was measured at 0, 24, and 48 h by differential dye uptake of propidium iodide (identifying necrotic cells) and Hoechst 33342 (identifying all cells) using a fluorescent microscope (EVOS M5000). Cultures were imaged using a 10× objective, with four images taken in consistent positions around each well. Images were analyzed using FIJI.



Measurement of β-galactosidase and inflammatory cytokines

Following treatments, β-galactosidase concentration from BV-2 supernatants and β-galactosidase concentration from mixed neuronal-glial cultures was determined using Mouse Beta-Galactosidase (GLB1) ELISA Kit (Abbexa, Cambridge, UK) and Rat Beta-Galactosidase (GLB1) ELISA Kit (Abbexa, Cambridge, UK), respectively, according to the manufacturer’s instructions. TNFα and IL-6 detection was achieved by ELISA as per the manufacturer’s instructions (BioLegend, San Diego, CA, USA).



Immunohistochemistry and imaging of free-floating brain slices

Transcardial perfusion, tissue sectioning, tissue staining, image acquisition and analysis were done as previously described (Dundee et al., 2023). Briefly, 25 μm serial coronal sections were prepared using a sliding microtome and stored in PBS containing 0.025% sodium azide as free-floating sections. For each of five wild-type (WT) mice, aged 4 and 17 months old, three sections were used, taken 300 μm apart per mouse. Sections were incubated with mouse anti-Iba1 (1:200, Sigma, St Louis, MO, USA), rabbit anti-β-galactosidase (1:200, Thermo Fisher, Waltham, MA, USA) and rat anti-CD68 (1:200, Thermo Fisher, Waltham, MA, USA) antibodies in blocking solution for 2 h at 37°C (Xiao et al., 2017), then washed with PBS and incubated for 2 h at 37°C with secondary antibodies, Alexa Fluor-488 goat anti-mouse (1:200, Thermo Fisher, Waltham, MA, USA), Alexa Fluor-568 goat anti-rabbit (1:200, Thermo Fisher, Waltham, MA, USA) and Alexa Fluor-647 goat anti-rat (1:200, Thermo Fisher, Waltham, MA, USA). Sections were washed with PBS and mounted on poly-L-lysine treated glass slides in DAPI-containing Vectashield mounting medium (Vector Laboratories, Newark, CA, USA) and imaged on a confocal microscope (Nikon C2si, 63×, 1.35 NA oil immersion objective using 405, 488, and 561 nm lasers). For imaging, Z-stacks (0.5 μm step intervals) were taken of the somatosensory cortex. Fifteen microglia were analyzed across the three sections from each mouse. Image analysis was done in FIJI and Imaris (version 9.1.2). Briefly, background subtraction and intensity normalization were done, then microglial surface rendering (using Iba1 staining) and β-galactosidase staining intensity within Iba1+ structures was analyzed in Imaris. The results for the surface-rendered objects were represented as volume (μm3) and β-galactosidase intensity as MFI.



Statistical analysis

Statistical analysis was performed using GraphPad Prism (version 9.0) and data was collected from a minimum of 3 independent experiments. Shapiro–Wilk test of normality was performed. Statistical significance was assessed by t-test, or repeated measures one-way or two-way ANOVA, followed by Šídák’s or Dunnett’s post-hoc test (see figure legends). Error bars represent the standard error of the mean of experiments (SEM). p-values refer to the probability of the null hypothesis that the means do not differ. p < 0.05 was considered significant, and p ≥ 0.05 not significant.




Results


Activation of microglia induces β-galactosidase release

It is unknown whether intact microglia can release β-galactosidase, so we measured this with BV-2 microglia and primary microglia in various conditions. To measure cell surface β-galactosidase activity, we added the β-galactosidase substrate, 4-methylumbelliferyl-β-D-galactopyranoside (MUG), to a monolayer of live BV-2 cells in the well of their cell culture plate, and followed the rate at which MUG was converted to the fluorogenic product 4-methylumbelliferone (MUB) in a plate reader. MUG is cell impermeant, so when added to intact cells, the assay only measures the cell surface or extracellular activity (Aureli et al., 2009). The culture medium was changed to PBS just prior to the assay, so that only cell surface or acute release of β-galactosidase was measured by the assay. In the absence of cells, there was no measurable β-galactosidase activity, but in the presence of live BV-2 cells, there was a significant β-galactosidase activity, which very slowly increased with assay time (Figure 1A). This indicates that there is a β-galactosidase activity present on the surface of BV-2 microglia. Addition of β-galactosidase isolated from bovine liver to the assay in the absence of cells resulted in steady activity (Figures 1A, B). The cell surface β-galactosidase activity was measured at pH 7.0, and therefore is likely to be active extracellularly.
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FIGURE 1
Chronic and acute activation of BV-2 microglia induces β-galactosidase release. β-galactosidase activity on the surface of BV-2 cells and released into the supernatant was determined using the rate of MUG to MUB conversion when added to a monolayer of cells or to the cleared supernatant from these cells. β-galactosidase activity on live cells was assessed in assay buffer adjusted to pH 7.0 or pH 4.0 for supernatant activity assays. Buffer refers to the 1X assay buffer containing 0.5 mg/mL MUG in the absence of cells (negative control). β-galactosidase (0.2 mU/mL) from bovine liver was used as a positive control for the assay. (A) Cells were acutely treated with ATP (1 mM) or A23187 (10 μM) 1 h after the initiation of the MUG assay and the rate of MUG-MUB conversion after treatment addition was calculated in (B). (C) BV-2 cells were treated with LPS (100 ng/mL) or PMA (100 nM) for 18 h, then supernatant was removed and β-galactosidase activity was assayed on the cell surface. (D) The rate at which MUG was converted to MUB was determined from (C). (E) The supernatants of LPS and PMA treated cells from (C) were cleared and assayed for β-galactosidase activity and rate determined in (F). Data represents mean values ± SEM of at least 3 independent experiments. Statistical comparisons were made by repeated measures one-way ANOVA with Dunnett’s post hoc comparisons test. Asterisk (*) indicate significance compared to untreated control (*p < 0.05, **p < 0.01, ***p < 0.001).


One potential cause of β-galactosidase release from lysosomes is lysosomal exocytosis (Magini et al., 2013), which can be induced by a rise in intracellular calcium (Reddy et al., 2001). To induce a rise in intracellular calcium, we added A23187 (a calcium ionophore) or ATP (a P2X7 agonist) to BV-2 microglia. Addition of A23187 induced an immediate, artifactual increase in fluorescence due to the fluorescence of the compound itself, then an increase in rate for 5–10 min, and finally a return to baseline rate. ATP induced an increase in rate for about 60 min (Figure 1B). This is consistent with an intracellular calcium rise causing β-galactosidase release by lysosomal exocytosis.

To test whether β-galactosidase is released from inflammatory activated microglia, we treated BV-2 microglia for 18 h with lipopolysaccharide (LPS). LPS induced a significant increase in β-galactosidase activity on the surface of the cells, compared to cells not treated with LPS (Figures 1C, D). We also measured the β-galactosidase activity released from the cells into the cell culture medium during the course of the 18 h incubation ± LPS, and we found that LPS induced a significant increase in extracellular β-galactosidase activity (Figures 1E, F), consistent with LPS-induced release from microglia.

Phorbol 12-myristate 13-acetate (PMA) is a protein kinase C activator that has been reported to induce β-galactosidase and senescence of microglia (Cao et al., 2020). So, we tested whether PMA treatment of microglia could induce β-galactosidase release, and found that BV-2 microglia cultured with PMA had significantly more β-galactosidase activity on the cell surface (Figures 1C, D) and released significantly more β-galactosidase activity into the culture medium (Figures 1E, F).

The above assay measured β-galactosidase activity, but not protein. To measure whether β-galactosidase protein was released from activated microglia, we assayed β-galactosidase protein by ELISA in the cell culture media of BV-2 microglia pretreated with LPS or PMA. We found that PMA increased extracellular β-galactosidase protein 3 fold, and LPS increased extracellular β-galactosidase protein 7 fold, as measured by ELISA (Figure 2A). As cell death might, in principle, release β-galactosidase from lysosomes into the medium, we also checked whether LPS or PMA induced cell death, but there was no such increase in cell death (Figure 2B). Thus, activated microglia can release β-galactosidase to their surface and into their extracellular environment.
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FIGURE 2
Microglial activation induces release of β-galactosidase protein without affecting cell death. (A) BV-2 cells were treated with LPS (100 ng/mL) or PMA (100 nM) for 18 h, then supernatant was collected and β-galactosidase concentration was determined by ELISA. (B) Cell viability of BV-2 microglia, post-treatment ± LPS or PMA, was assessed by propidium iodide uptake and presented as % of total cells (determined by Hoechst staining). Data represents mean values ± SEM of 3 independent experiments. Statistical comparisons were made by repeated measures one-way ANOVA with Dunnett’s post hoc comparisons test. Asterisk (*) indicate significance compared to untreated control (ns: p ≥ 0.05, *p < 0.05, ***p < 0.001).


As BV-2 microglia release β-galactosidase into their extracellular medium, we tested the effect of adding isolated β-galactosidase to the extracellular medium of BV-2 microglia. We added 20 mU/mL β-galactosidase (isolated from bovine liver) to proliferating cultures of BV-2 cells, and measured cell density and cell death over 48 h. β-galactosidase had no significant effect on cell density or the increase in cell density caused by proliferation, and induced no cell death, as measured by propidium iodide staining of the cells (Supplementary Figure 1).

Having found that microglial activation can induce β-galactosidase on the microglial cell surface in culture, we wanted to test this in vivo. Microglia are known to become activated and senesce with age in mice (Matsudaira et al., 2023). So, we examined sections from the brains of mice at 4- and 17-months-old. For this, coronal brain slices were immunostained using antibodies to β-galactosidase and Iba1 (microglial marker) (Figures 3A, B). There was no significant difference with age in microglial Iba1 volume, indicating no effect of age on microglial size (Figure 3C). We then analyzed the staining intensity of β-galactosidase in Iba1-positive cells in the somatosensory cortex using confocal microscopy. We found that the intensity of β-galactosidase on Iba1-positive structures was significantly increased in 17-month-old compared with 4-month-old mice (Figure 3D), indicating a significant increase in β-galactosidase levels with age. Much of the β-galactosidase staining appeared to be on the microglial surface in aged brains, rather than in intracellular lysosomes (Figure 3A), consistent with translocation to the cell surface. This was further supported by staining of slices with Iba1 and the lysosomal marker, CD68 (Supplementary Figure 2). This confirmed that although lysosomes appear larger in aged brains, the lysosomes are still largely confined to the perinuclear cell body (Supplementary Figure 2), and their distribution is distinct from that of β-galactosidase in aged brains (Figure 3).
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FIGURE 3
Microglia in aged brains have increased levels of β-galactosidase. (A) Representative confocal microscopy images of microglia from 4- to 17-month-old mice stained for Iba1 (green, microglial marker) and β-galactosidase (red) in the somatosensory cortex. Scale bar = 2 μm. (B) Representative renders of microglia from confocal images generated in Imaris. Scale bar = 2 μm. (C) Microglial volume as measured by area (μm3) of Iba1 staining. (D) Mean fluorescence intensity (MFI) of β-galactosidase within Iba1-positive microglia. Each point represents one animal comprised of 15 microglia analyzed across three equidistant sections. Error bars represent SEM and statistical comparisons were made via unpaired t-test. Asterisk (*) indicate significance (ns: p ≥ 0.05, *p < 0.05).




Primary cultures release β-galactosidase, and added β-galactosidase promotes neuronal loss and microglial activation

As activated microglia released β-galactosidase, we were interested in whether this released β-galactosidase could contribute to neurodegeneration in primary neuronal-glial cultures. These cultures were isolated from the cerebellum of P3-P5 rats and cultured for 7 days (Carrillo-Jimenez et al., 2018), and contain 83 ± 3% neurons, 11 ± 2% astrocytes and 4 ± 1% microglia (Kinsner et al., 2005). We first measured whether LPS or PMA would induce β-galactosidase release in these cultures. We found that addition of 100 ng/mL LPS or 100 nM PMA induced a significant increase in β-galactosidase protein in the culture medium (Figure 4A).
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FIGURE 4
β-galactosidase promotes neuronal loss and microglial activation. (A) Mixed neuronal-glial cultures were treated with LPS (100 ng/mL) or PMA (100 nM) for 72 h and supernatants were assessed for β-galactosidase levels by ELISA. (B) Mixed neuronal-glial cultures were treated with β-galactosidase (20 mU/mL) and LPS (100 ng/mL) for 72 h then cultures were stained with Hoechst 33342 (to identify nuclei and apoptotic cells), isolectin B4 (to identify microglia), NeuO (to identify live neurons) and live neuronal cell numbers quantified using CellProfiler. (C) Microglial cell numbers quantified by fluorescent microscopy using CellProfiler. (D) Microglial cell area was quantified in CellProfiler. (E) Mixed neuronal-glial cultures were treated with β-galactosidase (20 mU/mL), heat inactivated β-galactosidase (20 mU/mL) and LPS (100 ng/mL) for 72 h then supernatants were assessed for TNFα levels by ELISA. Data represents mean values ± SEM of 3 independent experiments. Statistical comparisons were made by repeated measures one-way ANOVA with Dunnett’s post hoc comparisons test. Asterisk (*) indicate significance compared to untreated control (ns: p ≥ 0.05, *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001).


As LPS and PMA induced an increase in extracellular β-galactosidase, we next tested whether addition of isolated β-galactosidase affected neuronal viability and microglial activation in mixed neuronal-glial cultures. We added 20 mU/mL β-galactosidase (or 100 ng/mL LPS for comparison) to these cultures for 72 h. Addition of β-galactosidase induced a loss of about 25% of the neurons over 72 h (Figure 4B and Supplementary Table 1), and doubled the number of microglia in the cultures, compared to the untreated control (Figure 4C and Supplementary Table 1). β-galactosidase also changed microglial area and morphology in a similar way (but lower extent) to LPS (Figure 4D and Supplementary Figure 3).

Having found that microglia proliferate and undergo morphological changes with β-galactosidase addition, both indicators of activation, we tested whether β-galactosidase can induce release of pro-inflammatory cytokines by measuring the amount of extracellular TNFα (tumor necrosis factor alpha) by ELISA. Untreated cultures had no detectable TNFα; LPS-treated cultures had a high level of TNFα; while cultures treated with 20 mU/mL β-galactosidase had an intermediate level of TNFα (1342 pg/mL) (Figure 4E). To test whether the effects of added β-galactosidase were due to the β-galactosidase activity, rather than the protein or potential contaminants, we added heat-inactivated β-galactosidase, and found this had no effect on TNFα release (Figure 4E), neuronal or microglial count, or microglial morphology (Supplementary Figure 4). Hence, exogenous β-galactosidase activity promotes neuronal loss and activates microglia to a pro-inflammatory state.

To investigate whether the effects of β-galactosidase on neurotoxicity and inflammation require microglia, we depleted microglia in the mixed neuronal-glial cultures using PLX-3394, a colony stimulating factor 1 receptor (CSF1R) inhibitor, prior to β-galactosidase treatment. PLX treatment depleted the microglia in these cultures by at least 50% both in the absence and presence of exogenous β-galactosidase treatment, as measured using fluorescent isolectin-B4 to specifically label and quantify microglia (Figure 5A and Supplementary Table 2). And PLX treatment completely prevented the dramatic increase in TNFα levels induced by addition of β-galactosidase (Figure 5B). Furthermore, depletion of microglia prevented the loss of neurons induced by addition of β-galactosidase (Figure 5C and Supplementary Table 2). Together, these results suggest β-galactosidase is not directly neurotoxic, but that β-galactosidase induced neuronal loss is mediated by the activation of microglia and subsequent inflammation.
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FIGURE 5
Microglial depletion prevents β-galactosidase-induced TNFα release and neuronal loss. Mixed neuronal-glial cultures were treated with PLX-3397 (5 μM) 3 DIV, then ± β-galactosidase (20 mU/mL) 7 DIV for 72 h. Cultures were then stained with Hoechst 33342 (to identify nuclei and apoptotic cells), isolectin B4 (to identify microglia), NeuO (to identify live neurons). (A) Microglial cell numbers were quantified by fluorescent microscopy using CellProfiler. (B) Supernatants were assessed for TNFα levels by ELISA. (C) Live neuronal cell numbers were quantified by fluorescent microscopy using CellProfiler. Data represents mean values ± SEM of 3 independent experiments. Statistical comparisons were made by repeated measures two-way ANOVA with Šídák’s post hoc comparisons test. Asterisk (*) indicate significance compared to untreated control (ns: p ≥ 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001).




Inhibiting β-galactosidase protects against LPS-induced neuronal loss and microglial activation

As LPS induced β-galactosidase release in primary cultures, and added β-galactosidase induced microglial activation and neuronal loss, we wanted to test whether inhibiting β-galactosidase activity would affect LPS-induced microglial activation and neuronal loss. To do this, we tested the ability of several commercially available β-galactosidase inhibitors to inhibit the activity of isolated bovine β-galactosidase, and found two structurally dissimilar inhibitors, D-galactono-1,4-lactone (DGL) and 1-deoxygalactonojirimycin (hydrochloride) (DGJ), which significantly reduced activity of exogenous β-galactosidase (Supplementary Figure 5). We then tested whether these inhibitors affected the neuronal loss induced by LPS. Addition of LPS to mixed neuronal-glial cultures for 72 h resulted in neuronal loss as expected, but co-treatment with 10 mM D-galactono-1,4-lactone significantly protected against this loss (Figures 6A, B). D-galactono-1,4-lactone also reduced the effects of LPS on: TNFα levels (Figure 6C) and IL-6 levels (Figure 6D). Thus, inhibition of β-galactosidase by D-galactono-1,4-lactone reduced LPS-induced neuronal loss and microglial activation.
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FIGURE 6
D-galactono-1,4-lactone protects against neuronal loss and microglial activation. Mixed neuronal-glial cultures were treated with LPS (100 ng/mL) ± 10 mM D-galactono-1,4-lactone (DGL) for 72 h then cultures were stained with Hoechst 33342 (to identify nuclei and apoptotic cells), isolectin B4 (to identify microglia), NeuO (to identify live neurons). (A) Live neuronal cell numbers and, (B) microglial cell numbers were quantified by fluorescent microscopy using CellProfiler. Supernatants were assessed for TNFα (C) and IL-6 (D) levels by ELISA. Data represents mean values ± SEM of 3 independent experiments. Statistical comparisons were made by repeated measures two-way ANOVA with Šídák’s post hoc comparisons test. Asterisk (*) indicate significance compared to untreated control (ns: p ≥ 0.05, *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001).


Similarly, we assessed the effects of the β-galactosidase inhibitor DGJ on mixed neuronal-glial cultures. Again, addition of LPS for 72 h resulted in neuronal loss, and co-treatment with 10 mM DGJ substantially protected against this loss (Figure 7A). DGJ caused no significant change in microglial numbers (Figure 7B), but reduced LPS-induced release of TNFα (Figure 7C) and LPS-induced release of IL-6 (Figure 7D).
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FIGURE 7
1-Deoxygalactonojirimycin protects against neuronal loss and microglial activation. Mixed neuronal-glial cultures were treated with LPS (100 ng/mL) ± 10 mM 1-Deoxygalactonojirimycin (DGJ) for 72 h then cultures were stained with Hoechst 33342 (to identify nuclei and apoptotic cells), isolectin B4 (to identify microglia), NeuO (to identify live neurons). (A) Live neuronal cell numbers and, (B) microglial cell numbers were quantified by fluorescent microscopy using CellProfiler. Supernatants were assessed for TNFα (C) and IL-6 (D) levels by ELISA. Data represents mean values ± SEM of 3 independent experiments. Statistical comparisons were made by repeated measures two-way ANOVA with Šídák’s post hoc comparisons test. Asterisk (*) indicate significance compared to untreated control (ns: p ≥ 0.05, *p < 0.05, **p < 0.01, ****p < 0.0001).





Discussion

It has previously been shown that LPS induces β-galactosidase protein and activity in BV-2 microglia (Yu et al., 2012; Borgonetti and Galeotti, 2022). We found that inflammatory activation of BV-2 microglia with LPS induced release of β-galactosidase onto the cell surface of microglia and into the medium, as measured by β-galactosidase protein or β-galactosidase activity. LPS also induced β-galactosidase release in primary neuronal-glial cultures, and addition of isolated β-galactosidase to these cultures induced microglial activation and neuronal loss, which was prevented by depleting microglia from these cultures. LPS-induced microglial activation and neuronal loss in these primary cultures was substantially reduced by two different β-galactosidase inhibitors. Overall, this suggests that LPS-activated microglia release β-galactosidase, which promotes microglial toxicity to neurons.

We did not investigate the mechanism by which LPS induces β-galactosidase release, but it has previously been shown that β-galactosidase can be released by lysosomal exocytosis (Magini et al., 2013), and that LPS can induce lysosomal exocytosis by microglia (Liu et al., 2008; Allendorf and Brown, 2022). Consistent with this, A23187 and ATP, which can induce a calcium rise and lysosomal exocytosis (Jaiswal et al., 2002), caused an acute increase in cell surface β-galactosidase activity. However, confirming that release was by lysosomal exocytosis would require further study.

Addition of β-galactosidase to primary cultures caused: increased microglia, altered microglial morphology, release of TNFα, and loss of neurons. We do not know why β-galactosidase increased microglial numbers, but microglial proliferation is commonly associated with microglial activation, and the TNFα release induced by addition of β-galactosidase is a potent mitogen for microglia (Mander et al., 2006). Hence, β-galactosidase might indirectly promote microglial proliferation by inducing microglial activation. However, a proliferative effect of β-galactosidase would need to be confirmed using a proliferation marker, such as Ki67. β-galactosidase altered microglial morphology as indicated by a flattening down of the microglia onto the culture well, but it might be useful to further characterize this morphological transition, for example by Scholl analysis.

Depletion of microglia from the primary cultures using PLX, prevented β-galactosidase-induced release of TNFα and loss of neurons. PLX is known to specifically deplete microglia without affecting astrocytes (Van Zeller et al., 2022), and we confirmed a depletion of microglia with no significant effect on neurons (Figure 5C) or astrocytes (Supplementary Figure 6). Therefore, β-galactosidase-induced neuroinflammation and neuronal loss requires microglia. This suggests that β-galactosidase activated microglia in a way that promoted neuronal loss. We did not further investigate the mechanism of this microglial activation or neuronal loss. However, mammalian β-galactosidase functions to remove terminal galactose residues from glycolipids and glycoproteins, including particularly the ganglioside GM1 (Li and Li, 1999). GM1 is anti-inflammatory in microglia and neuroprotective, both in culture and in vivo (van Dijk et al., 2013; Galleguillos et al., 2022). Thus, it is possible that cell surface β-galactosidase degrades GM1, resulting in microglial activation and neuronal loss. However, testing this would require further investigation, for example by staining for GM1 on microglia, and extracellular β-galactosidase may remove terminal galactose residues from receptors and other cell surface glycoproteins to change microglial and neuronal function. The mechanism of neuronal loss induced by β-galactosidase in these cultures was not further investigated, but possibilities include: (i) release of TNFα and IL-6, which are both sufficient to induce neuronal loss (Conroy et al., 2004; De Lella Ezcurra et al., 2010; Smith et al., 2012; Neniskyte et al., 2014), (ii) microglial phagocytosis of the neurons, induced by microglial activation (Neher et al., 2011), and (iii) exposure of N-acetylglucosamine residues on the cell surface, which may induce phagocytosis or complement activation (Cockram et al., 2021).

Lipopolysaccharide (LPS) induced β-galactosidase release in primary mixed neuronal-glial cultures, and two different β-galactosidase inhibitors reduced LPS-induced neuronal loss in these cultures. This suggests that β-galactosidase, in particular extracellular β-galactosidase, may be a good target to prevent inflammatory neurodegeneration. Unfortunately, these two inhibitors, D-galactono-1,4-lactone and DGJ, had to be used at millimolar levels, as this was the concentration at which they inhibited isolated β-galactosidase activity. We found no other commercially-available inhibitors of mammalian β-galactosidase that were more potent. Thus, further testing and translating the role of β-galactosidase may require the development of more potent inhibitors or other methods. Targeting all β-galactosidase may be toxic long-term, because lysosomal β-galactosidase is beneficial by degrading glycolipids and glycoproteins (Bonten et al., 2014), and lysosomes may be upregulated in microglia in a variety of conditions, for example to degrade cellular debris or amyloid beta. However, it might in principle be possible to specifically target extracellular β-galactosidase, using drugs that do not enter cells, or to target inhibitors to specific cell types, using for example myeloid-specific nanosystems (Zhu et al., 2022). For example, cell-impermeant β-galactosidase inhibitors could be injected into the brain with LPS to test whether inhibition of extracellular β-galactosidase prevents LPS-induced neuronal loss in rodents (Neher et al., 2014).

Senescent cells are characterized by the overexpression of β-galactosidase and lysosomes generally (Dimri et al., 1995; Kurz et al., 2000). This can be driven by the transcription factor TFEB, which can also promote lysosomal exocytosis (Magini et al., 2013). Thus, it is possible that part of the β-galactosidase in senescent cells could end up on the cell surface. This is at least consistent with our findings that: (i) PMA and LPS induce β-galactosidase release [as both PMA and LPS are reported to induce microglial senescence (Yu et al., 2012; Cao et al., 2020)], and (ii) microglia in the brains of aged mice appear to have β-galactosidase on their cell surface. Note, however, that we do not know whether PMA or LPS induced microglial senescence in our cultures, and much more work would be required to confirm that senescent microglia expose β-galactosidase. If so, this might provide an explanation of why senescent microglia appear to promote neurodegeneration (Bussian et al., 2018; Martínez-Cué and Rueda, 2020).

Aberrant and chronic microglial activation and neuroinflammation are implicated in many neurodegenerative disorders including AD and PD (Perry et al., 2010). In PD patients, GM1 deficiency has been reported, and GM1 replacement may provide some clinical benefit in PD patients (Wu et al., 2012; Schneider et al., 2013). Moreover, β-galactosidase activity is increased in the CSF of PD patients (van Dijk et al., 2013). Thus, it is possible that cell surface or extracellular β-galactosidase degrades protective GM1, resulting in microglial activation and neuronal loss. Furthermore, removal of the terminal galactose residue of GM1, generates GM2 ganglioside, which can be pro-inflammatory (Mizutani et al., 1999). In AD, accumulation of GM2 has been reported (Kracun et al., 1992). Thus, it could be that activated microglia release β-galactosidase that degrades neuroprotective and anti-inflammatory GM1, to produce pro-inflammatory GM2, resulting in chronic inflammation and microglia-mediated neurodegeneration. However, this is a hypothesis that requires testing in vivo.

Overall, we have shown that activated microglia can release β-galactosidase, and extracellular β-galactosidase can induce neuronal loss via microglia, such that inhibiting β-galactosidase can prevent inflammatory neuronal loss in culture. Thus, extracellular β-galactosidase is a potential target to prevent neurodegeneration induced by inflammation or aging.
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Introduction: Inflammatory Bowel Disease (IBD) and Parkinson’s disease (PD) are both chronic, progressive disorders. As such, given the inconclusive results of extensive research on the association between IBD and PD, our study intends to examine this relationship further using the UK Biobank database.

Methods: We conducted a prospective cohort study using the Cox proportional hazards model, analyzing data from the UK Biobank to investigate the relationship between IBD and PD, following subjects until PD diagnosis, loss to follow up, death or study termination on 30 June, 2023.

Results: The results show that IBD had no effect on the risk of PD (HR: 1.356, 95% CI: 0.941–1.955, p = 0.103), and the effect remained consistent in specific Crohn’s disease, ulcerative colitis or unclassified IBD populations. In addition, after sensitivity analysis using propensity matching scores and excluding patients diagnosed with PD 5 or 10 years after baseline, IBD had no effect on the risk of PD. However, in the subgroup analysis, we found that in females (HR: 1.989, 95% CI: 1.032–3.835, p = 0.040), the polygenic risk score was highest (HR: 2.476, 95% CI: 1.401–4.374, p = 0.002), and having ulcerative colitis without hypertension (HR: 2.042, 95% CI: 1.128–3.697, p = 0.018) was associated with an increased risk of PD.

Conclusion: In conclusion, over an average follow-up period of 13.93 years, we found no significant association between IBD and PD.
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 Parkinson’s disease; inflammatory bowel disease; prospective cohort study; propensity score matching; polygenic risk score


1 Introduction

Parkinson’s disease (PD) ranks as the second-most prevalent neurodegenerative disorder globally (Tolosa et al., 2021). With the anticipated influx of elder populations, both the prevalence and associated global healthcare burden of PD are expected to rise substantially (Collaborators, 2019). Classified as a multifactorial condition, PD emerged from the interaction of genetic predispositions, environmental factors, and immune mechanisms. In addition to being characterized by motor symptoms, including resting tremor, bradykinesia, muscular rigidity, and postural instability (Hawkes et al., 2007), a range of non-motor manifestations, including gastrointestinal dysfunction, anxiety, and insomnia, have been observed to precede the onset of the aforementioned motor symptoms in PD by several years (Gallagher et al., 2010). The hallmark features of PD include the progressive loss of dopaminergic neurons within the substantia nigra and the emergence of Lewy bodies, which are aggregates primarily composed of abnormally folded α-synuclein (α-syn) (Kalia and Lang, 2015). Intriguingly, Lewy bodies have been observed to manifest at early stages within the gastrointestinal tract of individuals diagnosed with PD, thereby lending credence to existing theories regarding gastrointestinal origins of the disease (Guarino et al., 2008; Lebouvier et al., 2010; Shannon et al., 2012). According to Braak’s pioneering hypothesis, the gastrointestinal tract is proposed as the initial site of PD pathogenesis, where an unidentified pathogen penetrates the gastric mucosal barrier, initiating the aggregation of α-syn. Subsequently, this aggregation is believed to propagate to the central nervous system via the vagus nerve in a manner akin to prions, traveling retrograde along neuronal axons, ascending from the lower brain stem through the medulla oblongata and midbrain, and eventually reaching the cerebral cortex (Braak et al., 2003). Significant changes in the gut microbiome (Rogers et al., 2016; Cryan et al., 2019; Morais et al., 2021), which is crucial to the gut-brain axis and observed in both PD and Inflammatory Bowel Disease (IBD) (Burokas et al., 2015; Weingarden and Vaughn, 2017; Lee et al., 2021; Wang et al., 2021), suggest a potential impact on the progression of these conditions, lending further support to this hypothesis.

IBD is characterized by chronic, recurrent inflammation of the intestines (Zhang, 2014), encompassing ulcerative colitis (UC) and Crohn’s disease (CD) (Harris and Chang, 2018; Younis et al., 2020). The etiology of IBD is considered multifactorial, likely stemming from the complex interplay among genetic predisposition, environmental influences, and altered gut microbiota (Torres et al., 2017), all of which contribute to dysregulation in both innate and adaptive immune responses, contributing to the current upward trajectory of IBD (Larsen et al., 2023). Individuals diagnosed with PD demonstrate an increase in pro-inflammatory factors within the gastrointestinal tract. Both IBD and PD exhibit similar alterations in gut microbiota, including changes in key bacterial communities and reduced butyrate levels, which in turn contribute to the impairment of intestinal mucosal integrity (Romano et al., 2021). Mutations in leucine-rich repeat kinase 2 (LRRK2), which are associated with PD (Myasnikov et al., 2021), have also recently been reported to connected with IBD (Lee et al., 2021). In addition to gastrointestinal symptoms, IBD can also cause neurological effects in both the central and peripheral nervous systems, potentially coinciding with such conditions as PD, Multiple Sclerosis, and stroke (Ferro and Oliveira, 2021). Furthermore, the observed correlation between IBD and PD, particularly in terms of genetic overlap, inflammatory processes, and intestinal permeability, may suggest a link between the two conditions (Devos et al., 2013; Li et al., 2021).

Utilizing participant data from the UK Biobank, we conducted a large-scale prospective cohort study employing Cox proportional hazard model to investigate the association between IBD and PD. In addition, propensity score matching (PSM) was implemented to adjust for confounding variables and to mitigate their interference in the analysis (Figure 1). Consequently, after excluding participants who developed PD within 5 or 10 years following the baseline, the data were subsequently reanalyzed.
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FIGURE 1
 Analytical workflow for the research. PD, Parkinson’s disease; IBD, inflammatory bowel disease.




2 Materials and methods


2.1 Study population

The UK Biobank is a large prospective cohort study that collected genetic, physical and health data from more than 500,000 participants aged 40 to 69 from 22 assessment centers across the UK between 2006 and 2010, with a response rate of 5.47 percent. The richness and comprehensiveness of the data enable investigators to conduct an extensive array of epidemiological research, and we can browse the data of UK Biobank through its website.1 In addition, the UK Biobank study was approved by the Northwest Multi-Center Research Ethics Committee, and all participants signed written informed consent.

Among all 502,364 participants in the UK Biobank study, we first excluded participants (n = 49,535) with other gastrointestinal diseases (Supplementary Table 1). Further, after calculating the time interval between PD or IBD diagnosis and inclusion in the study, we further excluded participants who had PD at the baseline (n = 804) and who were diagnosed with IBD during the follow-up period (n = 1,846), so all IBD patients were diagnosed before baseline and participants were diagnosed with PD during follow-up, establishing that all recorded instances of PD transpired subsequent to an IBD diagnosis. Finally, we excluded participants with incomplete baseline data (n = 25,067), leaving 425,112 participants in total to be included in the final study.



2.2 Definition of IBD and PD

IBD, encompassing CD (K50) and UC (K51), along with PD (G20), was identified based on the International Classification of Diseases, Tenth Revision (ICD-10) codes. The diagnostic records were sourced from primary care databases, self-reported medical histories and hospital admission records, and we divided the participants into a healthy control group and an IBD group. Thereafter, the IBD group was further categorized into three distinct subgroups based on specific diagnostic criteria: “CD”, “UC”, and “IBD-U”, where the latter refers to participants diagnosed with both CD and UC concurrently.



2.3 Covariates

In the baseline characteristics section, information on participants’ age (a continuous variable), gender (male/female), and Townsend Deprivation Index score (a continuous variable) is available. The Townsend Deprivation Index is calculated based on the most recent national census output areas, employing the postal codes available at the time of participant enrolment in the UK Biobank study. This provides a corresponding deprivation score for each respective geographic location, offering a measure for assessing the level of socioeconomic deprivation in a population, where higher index values indicate greater socioeconomic deprivation. The data collected via the Assessment Centre’s touchscreen interface also include such variables such as ethnicity (White/Non-White), education level (University/Non-University), smoking status (Never/Previous/Current), and frequency of alcohol intake (0/1/2/3/4), where scoring for the latter is determined as follows: ‘0’ denotes abstinence or drinking only on special occasions; “1” indicates 1–3 instances per month; “2” suggests 1–2 instances per week; “3” implies 3–4 instances per week; and “4” represents daily or near-daily consumption. Regarding education level, we define a “university” education as possessing a “college or university degree”, whereas all other categories are defined as “non-university”. In addition, covariates also include Body Mass Index (BMI, a continuous variable) as well as the presence of diabetes (coded as E10-E14) and hypertension (coded as I10-I15) based on the ICD-10 classifications.

In addition, the UK Biobank contains polygenic risk scores (PRSs) for 25 quantitative traits and 25 diseases, demonstrating a good and stable performance in predicting individual disease risk (Lewis and Vassos, 2020). The PRS serves as an effective tool for clinical risk prediction, functioning by evaluating individual variations in multiple genetic loci to predict the risk of specific diseases (Lu et al., 2022), where the higher the score, the greater the risk of developing related diseases. We used the Standard PRS for PD to assess an individua’s risk of developing PD at the genetic level, and risk categories were stratified among all 502,364 participants, the top 25% of whom were defined as low risk, 25–75% as moderate risk, and the bottom 25% as high risk. Ultimately, we included 11 covariates in total.



2.4 Statistical analysis

Continuous variables of the baseline characteristics are presented as means and standard deviations, and categorical variables are presented as percentages. For continuous variables, the analysis of variance was used, while for categorical variables, the chi-square test was used to compare the baseline characteristics of the two groups, and a baseline table was drawn.

Cox proportional hazards models were used to test the association between IBD and PD, with end point events including the first PD diagnosis, loss to follow-up, death or end of the study (June 2023), after which, the time interval from baseline to end point events was calculated. In our analysis, the hazard ratio (HR) value of the first level of the categorical variables was normalized to 1, serving as a reference for comparison with other levels. Then, we performed a survival analysis of the healthy control and IBD groups, drew survival curves using the Kaplan–Meier method and used the Log-rank test to examine the difference. Univariate Cox regression analysis was conducted to include variables that were statistically significant, which were then incorporated into a multivariate Cox regression model, and forest plots were drawn. Three multivariate Cox regression models were further constructed: Model 1 adjusted for age, gender, and ethnicity; Model 2 incorporated additional variables, including education level, frequency of alcohol consumption, smoking status and BMI; Model 3 included all 11 covariates for a comprehensive analysis. In the multivariate Cox regression analysis, we compared the incidence of PD among CD, UC and IBD-U and healthy controls, respectively. In addition, an interaction term between IBD status and PRS was created to examine whether the risk of PD is modified when genetic predisposition are considered. Further stratified analyses were performed by age and categorical variable to explore how the relationship between IBD status and PD risk might vary across subgroups. Finally, a sensitivity analysis was performed using PSM (nearest neighbor ratio of 1:1 without replacement and a caliper width of 0.02) to ensure robustness of the findings after adjusting for confounding factors. In addition, prodromal symptoms of PD, such as REM sleep behavior disorder, olfaction dysfunction, and autonomic nerve impairment, often appear years before a formal clinical diagnosis, so it is possible that some PD patients were prodromal at baseline and were assigned to be healthy controls (Berg et al., 2021). Then after excluding participants who developed PD within 5 to 10 years following the baseline, we re-conducted our analysis using multivariable Cox regression models. The Schoenfeld residual test was used to validate the proportional hazards assumption, and all statistical analyses were executed in R version 4.3.0, with p < 0.05 considered significant.




3 Results


3.1 Baseline characteristics

In the present study, 425,112 participants in total were included, comprising 421,825 individuals in the healthy control group and 3,287 patients in the IBD group (Supplementary Table 2). The latter group included 956 individuals with CD, 1,980 with UC, and 351 with IBD-U, whereas 29 participants from the IBD cohort were diagnosed with PD during the follow-up period. Over an average follow-up period of 13.92 years, there were 2,821 newly diagnosed cases of PD; however, no statistically significant differences were observed between the two groups in terms of gender, Townsend Deprivation Index or PRS. The proportion of White individuals (96.8% vs. 94.8%) and those with a non-university education level (70.3% vs. 66.5%) was higher in the IBD group compared to the healthy control group, which exhibited a larger proportion of individuals who never smoked (55.4% vs. 47.8%) and had a higher frequency of alcohol consumption (20.7% vs. 18.4%) compared to the IBD group. Moreover, within the healthy control group, a greater percentage of participants were without diabetes (91.8% vs. 88.9%) and hypertension (70.3% vs. 65.6%).



3.2 Association between IBD and PD

Based on the Kaplan–Meier method, during an average follow-up period of 13.93 years, there was no significant difference in the risk of developing PD between the healthy control group and the IBD group (Log-rank: p = 0.1) (Figure 2). Further, the Schoenfeld residual test indicated that the proportional hazards assumption was met in both groups. According to the results of the univariate Cox regression analysis (Figure 3), the IBD group exhibited an elevated but statistically non-significant risk of developing PD compared to the healthy control group (HR: 1.356, 95% CI: 0.941–1.955, p = 0.103), whereas in the three IBD subgroups (CD, UC, and IBD-U), we independently investigated their respective associations with PD employing multivariable Cox regression models for each subgroup, and consistent conclusions were obtained across all three categories.
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FIGURE 2
 Kaplan–Meier plot for the cumulative probability of PD risk.
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FIGURE 3
 Forest plot for univariate Cox regression analysis.


The subgroup analysis (Figure 4) revealed that within the overall IBD population, the risk of developing PD was elevated among females, those categorized at a high risk of PRS and participants without a history of hypertension and diabetes. The presence of IBD amplified the risk of PD in these specific subgroups. Consequently, we further examined the risk of developing PD within the UC (Supplementary Figure 1) and CD (Supplementary Figure 2) populations. Our findings suggest that the occurrence of PD was not influenced by the presence of CD. However, among UC patients, we still observed an increased risk of PD among females, those categorized as “High Risk” in the PRS, and individuals without hypertension. Nonetheless, the interaction term created to examine the effects of having CD (Figure 5) or UC (Figure 6) along with the genetic risk did not yield significant results for interactive effects.
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FIGURE 4
 Forest plot for subgroup analysis between IBD and PD.
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FIGURE 5
 Bar Chart for the impact of the interaction term created by UC status and PRS on the risk of PD. UC, ulcerative colitis; PRS, polygenic risk score.
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FIGURE 6
 Bar Chart for the impact of the interaction term created by CD status and PRS on the risk of PD. CD, Crohn’s disease.


The sensitivity analysis was conducted utilizing PSM to attenuate the impact of confounding variables. The 1:1 matching was successfully executed for all 3,287 participants (Supplementary Table 3). Aside from drinking frequency and BMI, no statistically significant difference was observed in the baseline characteristics between the matched healthy control and IBD groups. In addition, a subsequent survival analysis revealed that even among the matched cohorts, there remained no statistically significant divergence in the risk of developing PD between the two groups (Supplementary Figure 3). In addition, upon excluding patients who were diagnosed with PD within 5 (n = 411) or 10 years (n = 1,576) of the baseline, our analysis also did revealed no connection between IBD and PD (Supplementary Tables 4, 5), which might suggest that even when considering a longer period prior to diagnosis, there is no association between IBD and PD.




4 Discussion

Throughout disease progression, the motor symptoms (tremor, myotonia, motor retardation and postural balance disorders, etc.) and non-motor symptoms (sleep disorders, autonomic nervous dysfunction, mental and behavioral abnormalities, etc.) of PD will gradually increase, seriously affecting the quality of life of PD patients (Santos Garcia et al., 2021). Meanwhile, IBD encompasses two primary subtypes: CD and UC (Miyoshi and Chang, 2017), where the latter restricted to the colon, characterized by superficial mucosal inflammation that extends continuously proximally, potentially resulting in ulcers, significant bleeding, and toxic megacolon. In contrast, CD can affect any part of the digestive tract and is typically marked by discontinuous lesions. Its hallmark is transmural inflammation, which can lead to complications such as fibrosis, stenosis, fistulae and abscesses (Khor et al., 2011; Wright et al., 2018). Pathophysiological changes in the gastrointestinal system have also been implicated in the onset of PD (Böttner et al., 2012; Fasano et al., 2015), where, increasingly, empirical evidence supports the hypothesis that PD may have its etiological origins in the gastrointestinal tract (Sampson et al., 2016; Knudsen et al., 2018). Beyond the potential common risk gene LRRK2, a genome-wide association study (GWAS) identified an overlap of seven genes presenting a risk for PD with CD (MROH3P, HLA, CCNY, LRRK2, APT, SYMPK and RSPH6A) and four with UC (GUCY1A3, HLA, BTNL2 and TRIM10, Witoelar et al., 2017). Biological pathways involving gut microbiota, autoimmunity, mitochondrial functionality, autophagy and lysosomal activity may forge a close connection between IBD and PD (Lee et al., 2021), but despite the inconclusive role of IBD in predisposing individuals to PD in the present study cohort, the association between these two disorders remains an open question warranting further investigation.

During the 13.93-year follow-up period in this study, 2,821 new cases of PD in total were diagnosed. In response, a univariate Cox regression analysis indicated no significant association between IBD and PD (HR:1.356, 95% CI: 0.941–1.955, p = 0.103). When further dissecting the IBD group into CD, UC, and IBD-U, no significant relationships with PD were observed, findings that are consistent even after adjusting for confounding variables across three distinct multivariate models. IBD and PD also show marked differences in clinical presentations among different genders (Cerri et al., 2019). Nonetheless, in subgroup analyses, distinct populations with IBD showed an elevated risk of PD, especially females (HR: 1.855, 95% CI: 1.094–3.143, p = 0.022). Based on previous research, UC is more prevalent in male patients (Goodman et al., 2020), while in the case of PD the incidence rate in males is more than double that in females. The reasons for the observed increase in PD risk among females remain unclear, but similarly, in two analogous studies that performed subgroup analyses, an elevated incidence of PD was noted among female with IBD (Park et al., 2019; Villumsen et al., 2019). Existing studies present an inconclusive correlation between hypertension and PD risk (Paganini-Hill, 2001; Ng et al., 2021), the use of antihypertensive agents, specifically calcium channel blockers (Becker et al., 2008), has been implicated in reducing the incidence of PD. Meanwhile, diabetes might elevate the risk of PD (Hu et al., 2007; Pagano et al., 2018), but this association appears to be potentially linked to BMI (Foltynie and Athauda, 2020). In our research, those without hypertension (HR: 1.801, 95% CI: 1.100–2.949, p = 0.019) or diabetes (HR: 1.579, 95% CI: 1.080–2.307, p = 0.018) also face an increased risk, possibly indicating that unique inflammatory or immune pathways in IBD contribute to neurodegenerative changes. The specific mechanisms remain unclear, warranting further investigation, but nterestingly, this elevated risk was not observed in the CD subgroup, despite remaining significant in the UC subgroup.

Our findings are consistent with several previous studies. For instance, existing Mendelian randomization studies do not support a causal relationship between UC, CD, and PD (Freuer and Meisinger, 2022; Li and Wen, 2022; Zeng et al., 2023). Further, one cross-sectional study found no difference in the co-occurrence of PD between IBD patients and non-IBD controls (Bahler et al., 2017), whereas a nationwide epidemiological survey from Sweden examined the risk of developing PD subsequent to autoimmune diseases and found that neither CD nor UC increased the incidence of subsequent PD diagnosis (Li et al., 2012). Another nationwide cohort study in Sweden from 2002 to 2004, which included 39,652 IBD participants, suggested that UC increases the risk of PD (HR: 1.3, 95% CI: 1.0–1.7, p = 0.04), but this association disappeared upon adjusting for the number of medical visits as a covariate (Weimers et al., 2019). Further, one retrospective cohort study using the Truven Health Markets can database included 154,051 IBD patients and an equal number of controls. After adjusting for age, gender, residence type, US region, comorbidities, and behavior, they found no statistically significant association between the two diseases (Coates et al., 2022). However, several studies have reached conflicting conclusions. In another retrospective cohort study, 144,018 patients with IBD were matched with a healthy control group at a 1: 5 ratio, based on age, gender, and the index year of IBD diagnosis and the findings suggest that IBD patients had a higher incidence rate of PD compared to matched controls (RR: 1.28, 95% CI: 1.14–1.44, p < 0.001) (Peter et al., 2018). In addition, in a study conducted on the Korean population, which included 24,830 patients with IBD and 99,320 non-IBD controls (Kim et al., 2022), the analysis revealed an increased risk of PD among IBD patients. Meanwhile, in two independent national cohort studies from Danish and Taiwan (Lin et al., 2016; Villumsen et al., 2019), after adjusting for key confounding factors such as age, gender and comorbid conditions, the results from both studies converged to indicate an increased risk of PD among patients with IBD. In another study that included 38,861 individuals with IBD and a control group —matched at a 1:3 ratio for the age and gender—consistent results were obtained. Further, a case–control study and another Spanish cross-sectional study, which utilized 5-aminosalicylic acid (5-ASA) as a proxy for possible IBD groups, proposed that IBD might exert a protective effect against PD (Camacho-Soto et al., 2018; Pinel Rios et al., 2019). Finally, we summarized the previous studies into a table (Supplementary Table 6). Given the inconsistencies in previous studies, our research contributes to the existing body of knowledge. Thus, future endeavors are essential to delve deeper into the specific mechanisms involved.

Compared to previous studies, our research utilized participant data from the UK Biobank and employed Cox Proportional Hazards Model to explore the association between IBD and PD. In addition, we carried out case–control matching and adopted an extended follow-up time. At the time of inclusion, we excluded patients with related gastrointestinal diseases to minimize confounding factors, such as irritable bowel syndrome, colorectal tumors and steatorrhea, whereas in the Cox regression analysis, we adjusted for multiple confounding factors such as age, gender, BMI, and the Townsend Deprivation Index. Furthermore, we separately investigated the relationships of UC and CD with PD. Subgroup analyses were employed to examine disparities in disease risk among different populations, and PSM was used to control for confounding factors. However, while our study adds to the body of literature examining the relationship between IBD and PD, certain limitations should be considered when interpreting our findings and designing future research. First, the sample size of IBD patients was relatively small, consisting of only 3,287 participants. Second, some baseline characteristics of the participants may have changed during the follow-up period, such as BMI, smoking status, and alcohol consumption, which could introduce bias. In addition, both IBD and PD were identified based on ICD-10 coding, which may introduce potential coding biases.

In summary, we confirm no significant association between IBD and PD, except in females (HR:1.989, 95% CI: 1.032–3.835, p = 0.040), PRS is at high risk (HR:2.476, 95% CI: 1.401–4.374, p = 0.002), participants without hypertension (HR:2.042, 95% CI: 1.128–3.697, p = 0.018), C was associated with an increased risk of PD.
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Background: The epidemiological association between frailty and insomnia is well established, yet the presence of a common genetic etiology is still uncertain. Further exploration is needed to ascertain the causal relationship between frailty and insomnia.

Methods: Utilizing data obtained from genome-wide association studies (GWAS) summaries, we utilized the linkage disequilibrium score regression (LDSC) to determine the genetic correlation existing between frailty and insomnia. The determination of causality was achieved through the application of two-sample Mendelian randomization. We investigated the enrichment of single nucleotide polymorphism (SNP) at various tissue types utilizing stratified LD score regression (S-LDSC) and multimarker analysis of genome annotation (MAGMA). Common risk SNPs were identified using Multi-Trait Analysis of GWAS (MTAG) and Cross-Phenotype Association (CPASSOC). We further investigated the expression profiles of risk genes in tissues using Summary-data-based Mendelian randomization(SMR) based on pooled data, to explore potential functional genes.

Results: Our findings indicated a significant genetic correlation between frailty and insomnia, highlighting SNPs sharing risk (rs34290943, rs10865954), with a pronounced correlation in the localized genomic region 3p21.31. Partitioned genetic analysis revealed 24 functional elements significantly associated with both frailty and insomnia. Furthermore, mendelian randomization revealed a causal connection between frailty and insomnia. The genetic correlation between frailty and insomnia showed enrichment in 11 brain regions (S-LDSC) and 9 brain regions (MAGMA), where four functional genes (RMB6, MST1R, RF123, and FAM212A) were identified.

Conclusion: This study suggests the existence of a genetic correlation and common risk genes between frailty and insomnia, contributing to a deeper comprehension of their pathogenesis and assists in identifying potential therapeutic targets.
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 frailty; insomnia; shared genetic architecture; Mendelian randomization; causal relationship


1 Background

Frailty, a common geriatric syndrome, is defined as an age-related state characterized by impaired biological reserves, a reduced ability to maintain physiologic homeostasis, and an increased vulnerability to adverse outcomes (Dent et al., 2019). With the increasing rate of population aging, concerns about frailty and its impact on the global health burden are intensifying. Frailty is commonly assessed using the frailty index (FI) (Atkins et al., 2021), defined as the proportion of accumulated health deficits (signs, symptoms, dysfunctions, and laboratory abnormalities) over a lifetime. FI is better at identifying frailty in its low to mid-range spectrum compared to the frailty phenotype (FP), rendering it more sensitive in younger individuals. Additionally, FI is considered predictive of the risk of falls, fractures, disability, and death (Shi et al., 2021). Insomnia, a prevalent sleep disorder, affects approximately 10% of adults chronically and an additional 20% experience occasional insomnia symptoms (Perlis et al., 2022). Insomnia prevalence is higher among women, the elderly, and individuals facing economic hardship. Growing evidence suggests that individuals with insomnia may experience multiple somatic and psychological disorders, impaired quality of life, and higher all-cause mortality rates (Ge et al., 2019). Evidence indicates that insomnia can result in sleep dysfunction, fatigue, unsteady gait, and decreased physical activity, all factors that elevate the risk of frailty (Fan et al., 2022). Furthermore, the variety of psychological and somatic disorders induced by insomnia may heighten vulnerability to frailty. Recently, there has been an increasing body of evidence suggesting the coexistence of frailty and insomnia. A recent meta-analysis encompassing 12 observational studies (Pourmotabbed et al., 2020) suggests an association between sleep disturbances and frailty. However, prior studies exploring the potential association between frailty and insomnia have produced inconsistent results (Nemoto et al., 2021; Tang et al., 2021; Wen et al., 2023), making it challenging to establish causality.

Frailty and insomnia both possess a substantial genetic basis. Studies have shown that frailty has a genetic foundation, with estimates of heritability varying from 30 to 45% (Livshits et al., 2018). A recent extensive GWAS study identified 202 common genetic loci associated with insomnia (Jansen et al., 2019). Few studies to date have explored the link between frailty and insomnia at a genetic level, and it remains unclear as to whether and how their genetic structures overlap. Based on the established link between frailty and insomnia in epidemiological studies, we hypothesize that frailty and insomnia could share a common genetic structure and that their relationship might entail a causal connection. Based on this hypothesis, it is anticipated that this study will yield new insights into the pathophysiological mechanisms underlying the co-morbidity of frailty and insomnia, and identify new therapeutic targets for the two diseases, whether occurring individually or in combination, thereby contributing to healthier, more independent aging.

Cross-trait analysis (Zhu et al., 2021) employs various meta-analytic methods to integrate summary statistics of distinct yet potentially related traits. This approach aims to identify specific loci with shared associations within a meta-analytic framework. It contributes significantly to the comprehension of the genetic architecture of complex traits, facilitating the exploration of genetic sharing, trait interactions, and potential biological mechanisms. Multi-trait analysis of GWAS (MTAG) (Turley et al., 2018) represents a methodology for concurrent multi-phenotypic analyses, utilizing GWAS generalized new data. This approach enables the leveraging of information from associated phenotypes to augment the statistical power of tests for target phenotypes, offering an advantage over single-phenotype GWAS. Cross-Phenotype Association (CPASSOC) (Zhu et al., 2021) employs aggregated single SNP-trait associations from GWAS to ascertain which variants are associated with at least one trait. It exhibits several benefits in identifying cross-phenotypic associations, including the ability to accommodate opposite risk effects and various types of phenotypic traits. Cross-trait analyses are currently being applied in the field of neurology. For example, Tian et al. (2023) have demonstrated a shared genetic framework between amyotrophic lateral sclerosis and Parkinson’s disease, encompassing 9 single-nucleotide polymorphisms, 3 risk loci, and 7 genes. These genes are linked to neuronal projection development pathways. In another study, Zeng et al. (2023) discovered a notable positive genetic link between body mass index and multiple sclerosis, indicated by 39 common risk SNPs. Such results provide new perspectives on the mechanisms driving their co-morbidities and guide upcoming treatment strategies.

Mendelian randomization has been utilized in studies of frailty and insomnia, leveraging its ability to mitigate the effects of confounders and diminish reverse causal inference (Emdin et al., 2017). For instance, Deng et al. (2023) demonstrated a bidirectional causal relationship between frailty and depression from a genetic standpoint via Mendelian randomization. This suggests that routine frailty screening for depressed patients is necessary, and treating depression may also moderately reduce the risk of frailty. Utilizing Mendelian randomization, researchers have determined that various sleep characteristics (short sleep, long sleep, continuous sleep duration) not only are associated with but also causally influence the prognosis of ischaemic stroke, potentially serving as a therapeutic target to enhance stroke prognosis (Zhang et al., 2023).

In our research, we explored the genetic links and the possibility of a causal connection between frailty and insomnia, using extensive GWAS data. Initially, to comprehend the shared genetic bases of frailty and insomnia, we established the genetic correlations and local genetic correlations. Subsequently, we utilized cross-trait GWAS meta-analyses for identifying common SNPs. Moreover, we implemented two-sample Mendelian randomization analyses to examine the causative link between frailty and insomnia. Furthermore, our study involved analyzing the tissue-specific enrichment of genetic associations linking frailty and insomnia. Summary data-based Mendelian randomization (SMR) (Zhu et al., 2016) utilizing pooled data, is a methodology that merges summary data from GWAS with data from expression quantitative trait loci (eQTL) studies in order to identify genes whose expression levels are linked to complex traits owing to pleiotropy. Utilizing SMR, we pinpointed genes with shared functionality between frailty and insomnia. The STROBE-MR guidelines (Skrivankova et al., 2021a,b) were followed throughout the course of the study. Figure 1 presents a flowchart depicting our analytical strategy.
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FIGURE 1
 Overview of analytical strategy performed in the study.




2 Materials and methods


2.1 Study samples

The genesis of the GWAS data on frailty can be traced to a study led by Atkins et al. (2021). This research involved a GWAS on frailty indices among participants from the British Biobank of European descent (n = 164,610, aged between 60 and 70) and those from the Swedish TwinGene project (n = 10,616, aged 41–87). Calculations for the FI were based on 49 or 44 self-reported elements, including symptoms, disabilities, and diagnosed illnesses. The complete GWAS summary statistics are available for download from the GWAS catalog (project number: GCST90020053). Meanwhile, the summary statistics for insomnia were derived from a GWAS using UK Biobank data (project number: ukb-b-3957), which included 462,341 participants.



2.2 Heritability and genetic correlation

Utilizing GWAS summary statistics and LD scores from European lineage reference data in the 1,000 Genomes Project, we applied the linkage disequilibrium score regression (LDSC) (Bulik-Sullivan et al., 2015) to ascertain the heritability of frailty and insomnia, as well as to determine the genetic correlation between these traits. Heritabilities of SNPs for frailty and insomnia were measured using S-LDSC (Finucane et al., 2015) in combination with the baseline LD model (Gazal et al., 2017). This baseline LD model approach distinctly determines SNP heritabilities based on continuous, rather than binary, annotation sets. The use of S-LDSC (Finucane et al., 2015) facilitates the analysis of the genetic structure of complex traits by dividing heritability among various genomic annotations. Following this, bivariate LDSC with unconstrained intercepts was utilized to gauge genetic correlations between frailty and insomnia (rg). Considering the population overlap in the GWAS data for frailty and insomnia, an LDSC with constrained intercepts was also conducted as part of a sensitivity analysis.



2.3 Local genetic correlation analysis

Heritability Estimation from Summary Statistics (ρ-HESS) (Shi et al., 2017) is employed for estimating local SNP heritability and genetic correlation from summary statistics. Local genetic correlations were estimated using ρ-HESS to determine whether frailty and insomnia are genetically correlated in locally independent regions of the genome. Subsequently, the local SNP heritabilities and genetic correlations between the two traits were calculated, employing the 1,000 Genomes Project data provided on the ρ-HESS webpage as a reference. Subsequently, the Bonferroni correction method was utilized to adjust for multiple testing, considering the factor of 0.05 divided by the number of regions.



2.4 Partitioned heritability

Our study provided further insight into the genetic correlation between frailty and insomnia through the analysis of various genomic functional elements via S-LDSC (Okamura et al., 2016), which operates by categorizing SNPs into functional groups and subsequently calculating LD scores for each categorized SNP. The calculated LD scores were subsequently utilized to estimate the genetic correlation within each functional category. Consequently, this approach enabled the estimation of genetic correlations across over 30 functional components, thereby elucidating the contribution of diverse components to the overarching genetic correlation between frailty and insomnia.



2.5 Tissue specific enrichment of SNP heritability


2.5.1 S-LDSC

We conducted a GTEx tissue enrichment analysis using S-LDSC to determine the tissues most strongly associated with shared genes (Finucane et al., 2015). GTEx (version 8) offers insights into 53 distinct tissue types, encompassing data on SNP mutations linked to quantitative traits of gene expression across various tissues.



2.5.2 MAGMA

For a sensitivity analysis of S-LDSC, tissue-specific enrichment and gene set enrichment analyses were performed using MAGMA (de Leeuw et al., 2015). The process began with a gene-level association analysis to assess the relationship between genes and phenotypes, utilizing the p-values of SNPs in proximity to the genes in question. Subsequently, gene set enrichment analyses were performed using the designated gene set of FUMA (MSigDB_20231Hs_MAGMA). Finally, for the assessment of the tissue specificity of the phenotype, MAGMA gene characterization was employed. This analysis investigated the relationship between tissue-specific gene expression profiles and disease gene associations, utilizing data from GTEx v8 (gtex_v8_ts_avg_log2TPM), which encompasses information from 54 distinct tissues.




2.6 Cross-trait GWAS meta-analysis

In order to pinpoint shared risk SNPs associated with frailty and insomnia, cross-trait meta-analyses were conducted employing MTAG (Turley et al., 2018) and CPASSOC (Zhu et al., 2021). In MTAG analyses, the estimation of SNP effects for each trait can be enhanced by including related, distinct traits (Yoshida and Yáñez, 2021). Additionally, a paired cross-trait meta-analysis was executed using CPASSOC to consider the variance in heritability of the two phenotypes. CPASSOC operates on the assumption that cross-trait heterogeneity effects exist, and it calculates cross-trait statistical heterogeneity (SHet) and p-values via a meta-analysis weighted by sample size. SHom is typified as a fixed-effects meta-analysis approach with diminished efficacy when faced with between-study heterogeneity. In cases of heterogeneous effects, SHet serves as an expansion of SHom, providing enhanced statistical stability and power. We utilized SHet to combine summary statistics for frailty and insomnia.

SNPs of significance were identified based on their notable associations with both phenotypes, characterized by a p-value less than 5 × 10^-8 in both MTAG and CPASSOC analyses. The summary statistics for frailty and insomnia were merged using SHet, followed by clustering them using parameters in PLINK (1.9). Independent SNPs, significantly associated with the phenotype, were identified by applying specific parameters through PLINK’s “clustering” function: -clump-p1 5e-8 -clump-p2 1e-5 -clump-r2 0.2 - clump-kb 500.



2.7 Mendelian randomization

To investigate the potential causal relationship between frailty and insomnia, the “TwoSampleMR” and “GSMR” R packages were employed to analyze associations suggestive of causality (p < 0.05). Mendelian stochastic analyses were conducted using six principal MR methods, namely MR-Egger (Burgess and Thompson, 2017), inverse variance weighting (IVW) (Burgess et al., 2017), weighted median, weighted mode, simple mode, and GSMR, with varying assumptions regarding the level of multinomiality. Evaluations of horizontal pleiotropy and heterogeneity were performed using the MR-Egger intercept test and Cochran’s Q statistic. MR-PRESSO (Verbanck et al., 2018) were utilized to identify pleiotropy and outliers. Variant selection was predicated on three fundamental assumptions: that the variants are (1) exposure-related, (2) not influenced by confounders, and (3) devoid of a direct impact on the outcomes.



2.8 Summary-data-based Mendelian randomization

SMR (Krishnamoorthy et al., 2023) uses genetic variation as an instrumental variable for estimating the impact of a gene’s expression level on the phenotype. To identify shared functional genes in tissue enrichment, both the Benjamini-Hochberg FDR test and the HEIDI-outlier test (Yang et al., 2021) were utilized.




3 Results


3.1 Genetic correlations

The liability-scale SNP heritability (without constrained intercept) was determined to be 11.69% (95% CI = 11.68–11.70%) for frailty and 6.65% (95% CI = 6.65–6.65%) for insomnia, with a significantly positive genetic correlation between frailty and insomnia (rg = 1.14, p = 0.00). Additionally, LDSC with constrained intercepts was conducted (rg = 0.61, p = 4.63E-189), and the findings continued to be significant (Supplementary Table S1).



3.2 Local genetic correlations

After applying multiple corrections, the ρ-HESS method was employed to determine a significant local genetic correlation between frailty and insomnia. A significant local correlation was identified in a singular region between frailty and insomnia at 3p21.31 (chr3:47727212 … 0.49316972) (p = 9.45e-06) (Supplementary Figure S1; Supplementary Table S2).



3.3 Partitioned genetic correlations

SNPs partially genetically related to frailty demonstrated enrichment in 31 of 98 functional categories, with the leading category being GERP.RSsup4L2_0 (enrichment = 12.8, p = 0.00). SNPs associated with insomnia showed enrichment in 36 of 97 functional categories, notably led by GERP.RSsup4L2_0 (enrichment = 16.6, p = 0.00). Twenty-four functional categories exhibited significant associations with both frailty and insomnia (Figure 2; Supplementary Table S3).
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FIGURE 2
 Partitioned genetic correlation between frailty and insomnia. The display highlighted genomic functional elements common to both frailty and insomnia. The vertical axis depicted estimates of enrichment, and error bars indicated the standard error of enrichment.




3.4 Cross-trait GWAS meta-analysis

Cross-trait analyses were conducted using both MTAG and CPASSO, resulting in 124 shared independent SNPs achieving genome-wide significance (Supplementary Table S4). In the screening of SNPs at 3p21.31, after excluding SNPs that were only significant in GWAS for frailty or insomnia, or those in linkage disequilibrium (LD r2 ≥ 0.02) with previously significant SNPs, two SNPs were identified as being associated with both frailty and insomnia (Table 1). The rs34290943 SNP was mapped to the DALRD3 gene, and locus rs10865954 to the MIR191 gene.



TABLE 1 Shared risk regions in different analyses.
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3.5 Mendelian randomization

Two-sample Mendelian randomization was conducted using loci significantly associated with either the frailty or insomnia phenotype as instrumental variables (F > 10). Given the genetic commonalities identified in the preceding section, causality may arise from instrumental variables exhibiting pleiotropic effects. Upon exclusion of potentially biased polytropic instrumental variables, MR was reanalyzed, revealing a strong causal relationship (OR 1.14, p < 0.001) (Figure 3; Supplementary Table S5). The Egger intercept did not deviate from 0, indicating that the remaining instrumental variables (IVs) were not affected by polytropy. Conversely, the causal relationship between insomnia and frailty was found to be unstable. Insomnia potentially played a role in elevating the risk of frailty (OR 1.98, p = 0.00), yet the presence of horizontal pleiotropy could not be discounted (Egger intercept = 0.004, p = 0.007) (Supplementary Table S6).

[image: Figure 3]

FIGURE 3
 Bi-directional Mendelian randomization (MR) analyses between frailty and insomnia. (Causal effect of frailty on insomnia). Estimates and 95% confidence intervals (CI) are shown using square plots and error bars.




3.6 Tissue-level SNP heritability enrichment

The enrichment of SNP heritability for frailty and insomnia at the tissue level was evaluated using S-LDSC analysis, which involved GTEx data across different tissues. Tissues exhibiting significant SNP heritability enrichment for frailty and insomnia, predominantly located in the brain, were identified. Specifically, SNPs associated with frailty showed notable enrichment in 11 different brain regions, primarily in the anterior cingulate cortex (BA24) and cerebellar hemispheres.

In the case of insomnia, distinct enrichment of SNPs was noted in 19 different brain regions, predominantly concentrated in the anterior cingulate cortex (BA24) and the cerebral amygdala. SNPs co-associated with frailty and insomnia exhibited enrichment in 11 brain regions, mainly in the anterior cingulate cortex (BA24) and cerebral amygdala (Figure 4; Supplementary Table S7). Furthermore, MAGMA tissue-specific analyses revealed that SNPs linked to frailty showed specific enrichment in 11 distinct brain regions, whereas for insomnia, such enrichment was observed in 14 different brain areas. SNPs co-associated with frailty and insomnia were enriched in 9 brain regions, primarily in the cerebellum and cerebellar hemispheres (Figure 5; Supplementary Table S8).

[image: Figure 4]

FIGURE 4
 Tissue specific enrichment of SNP heritability for frailty and insomnia through S-LDSC. The x-axis represents negative log10 p-values of enrichment for each individual test.
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FIGURE 5
 Tissue specific enrichment of SNP heritability for frailty and insomnia through MAGMA. The x-axis represents negative log10 p-values of enrichment for each individual test.




3.7 Identification of shared functional genes

SMR was utilized to pinpoint shared functional genes related to frailty and insomnia by jointly analyzing GWAS summary data for these conditions and eQTL summary data from GTEx. The S-LDSC and MAGMA analyses indicated associations with enriched SNP heritability in both diseases. Among these genes, four were shared between weakness and insomnia following HEIDI outlier testing. RMB6 was detected in various brain regions including the caudate basal ganglia (pSMR = 1.34E-06, pHEIDI = 0.99; pSMR = 2.99E-07, pHEIDI = 0.05), the frontal cortex (BA9) (pSMR = 1.28E-06, pHEIDI = 0.74; pSMR = 3.03E-07, pHEIDI = 0.07), and the cerebral hypothalamus (pSMR = 4.31E-06, pHEIDI = 0.74; pSMR = 1.26E-06, pHEIDI = 0.09). MST1R was identified in the cerebellar hemisphere (pSMR = 9.11E-06, pHEIDI = 0.58; pSMR = 4.50E-06, pHEIDI = 0.15), cerebellum (pSMR = 2.49E-06, pHEIDI = 0.75; pSMR = 6.30E-07, pHEIDI = 0.12), and the basal ganglia of the nucleus ambiguus (pSMR = 3.35E-05, pHEIDI = 0.95; pSMR = 2.14E-05, pHEIDI = 0.40). RF123 and FAM212A were detected in the cerebellar hemisphere, cerebellum, and cerebral hemisphere (Figure 6; Supplementary Table S9).
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FIGURE 6
 Overlap of significant genes associated with both frailty and insomnia in SMR in enriched tissues. Cyan plots indicate significant genes that met the FDR threshold of <5% in SMR analyses with GWAS for both frailty and insomnia, and also cleared the HEIDI-outlier test (p > 0.05).





4 Discussion

To our knowledge, this study is the first genome-wide cross-trait analysis to systematically assess the shared genetic foundations of frailty and insomnia. Our research, leveraging a detailed GWAS dataset along with tissue-specific expression data, reveals potential genetic connections between frailty and insomnia. This is supported by several critical observations: Initially, we found that specific genomic regions and functional elements are linked to both frailty and insomnia. Second, bidirectional MR analyses indicate that frailty exerts a causal effect on insomnia, albeit not reciprocally. Finally, our investigation into genetic commonalities between frailty and insomnia, particularly in brain tissue, led to the identification of numerous potential functional genes impacting both phenotypes.

A path-analysis study revealed that poor sleep quality contributes to increased frailty susceptibility in older adults, potentially linked to poor physical functioning (Tang et al., 2021), and indicated that over half of pre-frail and frail older adults exhibit insomnia symptoms (Nemoto et al., 2021). The association between insomnia and aging is believed to initiate a chronic low-grade inflammatory state in older adults, leading to alterations in the immune system, a phenomenon termed inflammatory aging (Besedovsky et al., 2019; Irwin, 2019). Transitioning from a state of homeostasis to low-grade inflammation induces an inflammatory response, the severity of which is predictive of mortality in older adults (Ingiosi et al., 2013). Prolonged activation of a low-grade inflammatory state may impede the return to homeostasis during sleep repair, potentially leading to disease in older adults (Pak et al., 2020). Furthermore, extended sleep latency is known to elevate insulin resistance via the activation of inflammatory markers (Kim et al., 2016), thereby exacerbating protein synthesis impairment and muscle loss, potentially worsening limb movement.

To date, there has been no comprehensive analysis of the genetic link between frailty and insomnia in any study. Following a local genetic correlation analysis, the independent region 3p21.31 (chr3:47727212 … 0.49316972) was identified. One study reported a correlation between 3p21.31 and the incidence of gliomas and glioblastomas in women (Ostrom et al., 2018). Additionally, the TMIE gene located at 3p21.31 is believed to be significantly associated with sleep duration (Meng et al., 2022). Considering the notable gene-level correlations, a cross-trait GWAS analysis was conducted to identify 124 SNPs co-associated with frailty and insomnia, including two SNPs at 3p21.31: rs34290943 and rs10865954. The SNP rs34290943 was mapped to the DALRD3 gene, while rs10865954 was located in the MIR191 gene locus. The protein encoded by the DALRD3 gene possesses a DALR anticodon binding domain, akin to that found in the leucyl aminoacyl tRNA synthetase class. It has been shown that the expression level of DALRD3 in the brain tissue of patients with insomnia is significantly lower compared to controls, and significant dynamic changes in the expression level of this gene were observed in the mouse cerebral cortex during sleep and sleep deprivation states (Sun et al., 2020). Previous studies have suggested that significantly reduced plasma levels of MIR191 in elderly patients are associated with age-related frailty syndrome, with its notable age-related downregulation in plasma aligning with prior observations in monocytes (Serna et al., 2012). Furthermore, miR-191 is a component of a distinctive circulating 7-miRNA signature that differentiates Alzheimer’s disease patients from normal controls (Nagpal and Kulshreshtha, 2014).

Subsequent analyses of functional components uncovered 24 annotated regions linked to frailty and insomnia. It is suggested that the Coding_UCSCL2_0 region may have associations with neuropsychiatric disorders including Alzheimer’s disease, major depression, bipolar disorder, and sporadic Creutzfeldt-Jakob disease (de Souza et al., 2010). In the study by Hnisz et al. mutations in MAFbin1L2_0 were found to be associated with Alzheimer’s disease (Hnisz et al., 2013). Animal experiments demonstrated that increased H3K27ac enrichment in early gene promoters of neurons enhances memory capacity in mice, thereby influencing aging (Li et al., 2021). Intron_UCSCL2_0 is crucial for forebrain inhibitory neuronal differentiation and exhibits a strong association with restless legs syndrome (RLS) and insomnia (Lam et al., 2022). These functional components linked to frailty and insomnia require additional experimental validation.

We investigated the causal relationship between frailty and insomnia using a GSMR approach, an extension of the SMR approach that utilizes all SNPs of the highest genome-wide significance levels associated with the exposure as IVs for causal testing. The GSMR method excelled in efficacy for discovering causal effects, surpassing methods such as IVW and MR-Egger. It also demonstrated considerable robustness in the face of pleiotropy in the instrumental variables and linkage disequilibrium among instrumental variables (Zhu et al., 2018). Two-sample Mendelian randomization analyses disclosed a causal effect of frailty on insomnia and indicated horizontal pleiotropy in the causal effect of insomnia on frailty. This implies that older frail patients are more prone to insomnia symptoms, that the onset of insomnia leading to frailty could be impacted by other confounders, and that a shared genetic risk exists between frailty and insomnia. One meta-analysis suggested that insomnia independently correlates with frailty among older adults in the community or nursing homes; however, the inclusion of six studies using the FP to identify frailty partly accounts for the inconsistency in findings (Wen et al., 2023). Compared to randomized controlled trials (RCTs), Mendelian randomization offers the benefits of lower cost, diminished confounding, and lessened reverse causal inference, thus serving as a ‘natural’ RCT that mitigates traditional observational study biases and is superior in deducing causality (Emdin et al., 2017).

Tissue enrichment analysis for key genes associated with frailty and insomnia was conducted, revealing significant enrichment in brain tissues for both conditions. S-LDSC analysis demonstrated that SNPs co-associated with frailty and insomnia were enriched in 11 brain regions, mainly in the anterior cingulate cortex (BA24) and the amygdala. Similarly, MAGMA tissue-specificity analyses indicated enrichment in 9 brain regions, especially in the cerebellum and cerebellar hemispheres. This enrichment, particularly in the cerebellum and cerebellar hemispheres, suggests a potential mechanism for the co-morbidity of frailty and insomnia in brain structures. Aligned with our findings, a genome-wide analysis of insomnia (involving 593,724 cases and 1,771,286 controls) demonstrated that genes linked to insomnia were primarily enriched in brain tissues [including cerebellar hemispheres, cerebellum, frontal cortex (BA9), cerebral cortex, anterior cingulate cortex (BA24)] (Watanabe et al., 2022). A GWAS study with 386,565 participants of European ancestry from the UK Biobank revealed that genes related to frailty were predominantly enriched in specific brain areas (cerebellar hemispheres, frontal cortex BA9, cerebellum, anterior cingulate cortex BA24, nucleus ambiguus in the basal ganglia) (Ye et al., 2023). Neuroimaging meta-analyses on insomnia have suggested a critical role for the anterior cingulate cortex and amygdala in insomnia disorders (Reimann et al., 2023). Voxel-based studies have revealed that frailty is associated with multiple brain regions, potentially leading to reduced grey matter volume in areas such as the hippocampus, amygdala, fusiform gyrus, and several cortical regions (Nishita et al., 2019). Additionally, reduced grey matter in the cerebellum is recognized as a neurological feature of frailty (Chen et al., 2015). Through SMR exploration of functional genes linked to frailty and insomnia in specific enriched tissues, four genes were identified: RMB6, MST1R, RF123, and FAM212A. In line with our study, MST1R and RF123 are considered to be associated with brain function or psychiatric disorders, exhibiting upregulated expression in various brain regions (Qiu et al., 2022). The role of these identified genes in frailty and insomnia necessitates further experimental verification.

Our study presents several limitations. Firstly, the genetic data on frailty and insomnia in this study originated exclusively from European populations, potentially diminishing the heterogeneity of the results to some extent. However, this aspect also restricts the generalization of our results to other ethnic populations, and therefore, future analyses should incorporate data from diverse ethnicities. Secondly, the genetic data encompassed a large cohort of patients with insomnia symptoms, thereby enlarging the sample size of the data, but also introduced a certain level of heterogeneity in the findings. Incorporating additional GWAS data that integrate genetic information with comprehensive clinical characteristics (e.g., varying severities of insomnia, duration of symptoms, frequency of occurrence) in subsequent studies may yield a more nuanced comprehension of the role genetic factors play in the varied clinical manifestations of frailty and insomnia. Thirdly, our analyses were confined to the genetic characteristics of the traits, acknowledging that epigenetic influences on these traits are equally crucial.



5 Conclusion

In conclusion, our research revealed a notable genetic link between frailty and insomnia, highlighted by the identification of shared risk SNPs. This correlation was found to be more distinct in certain genomic areas. Partitioned genetic analyses revealed 24 functional elements significantly linked to both frailty and insomnia. Mendelian randomization was additionally employed to demonstrate a causal relationship between frailty and insomnia. The genetic correlation was found to be enriched in 11/9 brain regions, within which 4 functional genes were detected. These findings may offer insights into the shared genetic architecture of frailty and insomnia, contributing to an enhanced understanding of their pathogenesis and the development of therapeutic targets aimed at alleviating insomnia symptoms and potentially preventing or reversing aging.
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Metabolic energy decline coupled dysregulation of catecholamine metabolism in physiologically highly active neurons: implications for selective neuronal death in Parkinson’s disease
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Parkinson’s disease (PD) is an age-related irreversible neurodegenerative disease which is characterized as a progressively worsening involuntary movement disorder caused by the loss of dopaminergic (DA) neurons in substantia nigra pars compacta (SNpc). Two main pathophysiological features of PD are the accumulation of inclusion bodies in the affected neurons and the predominant loss of neuromelanin-containing DA neurons in substantia nigra pars compacta (SNpc) and noradrenergic (NE) neurons in locus coeruleus (LC). The inclusion bodies contain misfolded and aggregated α-synuclein (α-Syn) fibrils known as Lewy bodies. The etiology and pathogenic mechanisms of PD are complex, multi-dimensional and associated with a combination of environmental, genetic, and other age-related factors. Although individual factors associated with the pathogenic mechanisms of PD have been widely investigated, an integration of the findings to a unified causative mechanism has not been envisioned. Here we propose an integrated mechanism for the degeneration of DA neurons in SNpc and NE neurons in LC in PD, based on their unique high metabolic activity coupled elevated energy demand, using currently available experimental data. The proposed hypothetical mechanism is primarily based on the unique high metabolic activity coupled elevated energy demand of these neurons. We reason that the high vulnerability of a selective group of DA neurons in SNpc and NE neurons in LC in PD could be due to the cellular energy modulations. Such cellular energy modulations could induce dysregulation of DA and NE metabolism and perturbation of the redox active metal homeostasis (especially copper and iron) in these neurons.
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1 Introduction

Parkinson’s disease (PD) is an age-related irreversible neurodegenerative disease which is the second most common among all neurodegenerative diseases. PD is largely characterized as a progressively worsening involuntary movement disorder caused by the loss of dopaminergic (DA) neurons in substantia nigra pars compacta (SNpc). Two main pathological hallmarks of PD are the accumulation of inclusion bodies in the cytosol of affected neurons known as Lewy bodies and the predominant loss of neuromelanin-containing DA neurons in substantia nigra pars compacta (SNpc) and noradrenergic (NE) neurons in locus coeruleus (LC) (Zecca et al., 2004, 2006; Zucca et al., 2006; Rommelfanger and Weinshenker, 2007; Vila, 2019). The Lewy bodies contain misfolded and aggregated α-synuclein (α-Syn) fibrils [however, precise role of α-SYN in PD or its regular physiological function is not fully understood, at present; for recent reviews see (Sulzer and Edwards, 2019; Bernal-Conde et al., 2020; Sharma and Burré, 2023)]. Although environmental, genetic, and other age-related causes of PD have been studied for several decades, an integration of the findings to a unified causative mechanism has not been achieved. Most experimental observations to date suggest that the causes of PD are multidimensional and thus, any integrated mechanism must satisfy the key findings in all relevant areas. Here we envision an integrated mechanism for the degeneration of DA neurons in SNpc and NE neurons in LC in PD using available experimental data.


1.1 The hypothesis

The proposed hypothetical mechanism is primarily based on the unique high metabolic activity coupled elevated energy demand of these neurons. We reason that the high vulnerability of a selective group of DA neurons in SNpc and NE neurons in LC in PD could be due to the cellular energy modulations induced dysregulation of DA and NE metabolism and perturbation of the redox active metal homeostasis (especially copper and iron) in these neurons as argued below.




2 Critical evaluation and discussion of the evidence for the hypothesis


2.1 Catecholamine biosynthesis, storage, and recycling

Numerous studies suggest that oxidatively labile cytosolic catecholamines, their metabolic intermediates, and biosynthetic precursors such as L-3,4-dihydroxyphenylalanine (L-DOPA) could collectively contribute to the degeneration of SNpc DA and LC NE neurons in PD. The intrinsic oxidative lability of the 3,4-dihydoxy phenyl functionality of DA, NE, their biosynthetic precursors and metabolites make them selectively and significantly more vulnerable to autoxidation under cytosolic conditions (Umek et al., 2018), particularly in the presence of redox active transition metals such as iron or copper, with an elevated tendency to produce increased oxidative stress (Miller et al., 1990). Thus, the perturbations of DA and NE metabolisms leading to increase cytosolic concentrations could cause increased oxidative stress and degeneration of affected neurons. Therefore, it is logical to focus on the biochemical, bioenergetic and biophysiological aspects of biosynthesis, storage, and cellular distributions of DA and NE in their respective neurons, initially [for a general rev. see ref. (Eisenhofer et al., 2004)]. Briefly, the first step in the catecholamine biosynthetic pathway is the conversion of aromatic amino acid, tyrosine, to L-DOPA by iron containing monooxygenase, tyrosine hydroxylase (TH), in the cytosol of catecholaminergic neurons (Scheme 1). TH reaction is the first and rate-limiting step in the catecholamine biosynthetic pathway and is under tight short-term regulation by cytosolic catecholamine mediated feedback inhibition (especially DA) in conjunction with the phosphorylation/dephosphorylation of the regulatory domain Ser residues (40, 31, and 19) by a number of protein kinases/phosphatases (Dickson and Briggs, 2013). In the second step, cytosolic L-DOPA is effectively decarboxylated by a pyridoxal phosphate dependent enzymes, DOPA decarboxylase or non-specific aromatic amino acid decarboxylases (AADC) (Bertoldi, 2014) to DA in the cytosol and, cytosolic DA is actively sequestered into the synaptic vesicles for transient storage through a H+ coupled transmembrane antiporter, vesicular monoamine transporter-2 (VMAT2) (Scheme 2; Wimalasena, 2011). The intragranular H+ ion gradient required for functioning of VMAT2 mediated active vesicular uptake of DA against a steep concentration gradient is generated by an inward H+ translocating V-ATPase in the synaptic vesicle membrane (Wimalasena, 2011). In NE and E neurons, DA is converted to NE by the copper enzyme, dopamine β-monooxygenase (DβM), located inside the synaptic vesicles, employing ascorbic acid as the physiological reductant (Schemes 3, 4; Gonzalez-Lopez and Vrana, 2020). In adrenergic neurons, NE is transported back to the cytosol from the synaptic vesicles and N-methylated by phenyl ethanolamine N-methyltransferase (PNMT) using S-adenosylmethionine (SAM) as a CH3 donor (Ziegler et al., 2002) to produce epinephrine (E) in the cytosol and sequestered back into adrenergic synaptic vesicles by a process analogous to DA, employing VMAT2. Furthermore, a fraction of DA and NE released by exocytosis is taken up back into the corresponding presynaptic neurons through Na+ and Cl– co-transport coupled plasma membrane DA transporter (DAT) in DA neurons (Scheme 5) or NE transporter (NET) (Torres et al., 2003) in NE neurons (Scheme 6) for recycling. Cytosolic DA or NE derived from re-uptake pathway is combined with newly synthesized cytosolic DA or NE and effectively sequestered into the corresponding synaptic vesicles through VMAT2 as above (Schemes 5, 6).


[image: image]

SCHEME 1
Major pathways of DA and NE metabolism. Enzymes: AADC, aromatic amino acid decarboxylase; ADH, aldehyde dehydrogenase; COMT, catechol O-methyl transferase; DβM, dopamine β-hydroxylase; MAO, monoamine oxidase; TH, tyrosine Hydroxylase Cofactors: ASC, Ascorbic acid; BH4; Tetrahydrobiopterin; SAM S-adenosylmethionine Substrates and products; DA, dopamine; DOPA, L-3,4-dihydroxyphenylalanine; DOPAC, 3,4-dihydroxyphenyacetic acid; DOPAL, 3,4-dihydroxyphenylacetaldehyde; HVA, Homo-vanillic acid; MHPG, 3-methoxy-4-hydroxyphenylglycol; MOPAL, 3-methoxy-4-hydroxyphenyl acetaldehyde; MOPEGAL, 3-methoxy-4-hydroxyphenylglycolaldehyde; MTY, 3-methoxy tyramine; L-NE, L-norepinephrine; L-Tyr, L-tyrosine; VMA, 3-methoxy-4-hydroxymandelic acid.
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SCHEME 2
Transient storage of cytosolic DA in dopaminergic synaptic vesicles.
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SCHEME 3
Conversion of DA to NE by dopamine β-monooxygenase (DβM).
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SCHEME 4
Conversion of DA to NE in synaptic vesicles of adrenergic/noradrenergic neurons.



[image: image]

SCHEME 5
Exocytotic release and recycling of DA in dopaminergic neurons.
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SCHEME 6
Exocytotic release and recycling of NE in noradrenergic neurons.




2.2 SNpc DA and LC NE neurons require a large investment of metabolic energy because of their specialized physiological functions in comparison to other DA and NE neurons

The biosynthesis outlined above suggest that catecholaminergic neurons generally require a relatively high investment of metabolic energy for their regulated transmitter biosynthesis, storage, and recycling, in comparison to other types of neurons. For example, energy stored in synaptic vesicle transmembrane pH gradients (Schemes 2, 4) and neuronal plasma membrane Na+ and Cl– ion gradients (Schemes 5, 6) are vital for effective synaptic vesicle sequestration and recycling of DA and NE in their respective neurons (Eisenhofer et al., 2004). More importantly, most these processes are interdependent and must be integrated and collectively regulated for optimal functioning of these neurons. Thus, perturbations of one or more of these processes could lead to dysregulation of DA and NE metabolisms leading to harmful downstream effects. For example, our previous studies have shown that the inhibition of V-ATPase or reduction of cytosolic ATP levels dissipate intragranular pH gradients and DA (or NE) gradients within a brief period in resealed chromaffin granule ghosts in vitro (Wimalasena et al., 2007). In addition to these general bioenergetic requirements of most DA and NE neurons, unique and specific characteristic of SNpc DA neurons and LC NE neurons require additional metabolic energy for their optimal physiological functions. For example, autonomous pacemaking and L-type Ca2+ channel activities (Guzman et al., 2009; Putzier et al., 2009; de Oliveira et al., 2019) specifically associated with these neurons require additional metabolic energy (Ni and Ernst, 2022) for their survival. This is because a continuous influx of extracellular Ca2+ into neurons during specialized processes requires efflux back into the extracellular medium through plasma membrane Ca2+ ATPase. Alternatively, it can be compartmentalized into endoplasmic reticulum (ER) or mitochondrial Ca2+ stores through membrane Ca2+ ATPases. These processes occur against steep concentration gradients, ensuring the maintenance of physiological cytosolic Ca2+ levels essential for optimal neuronal functioning (Gleichmann and Mattson, 2011; Duda et al., 2016). In addition, extensive axonal arborization with multiple synaptic neurotransmitter release of DA neurons in SNpc and NE neurons in LC require even more metabolic energy to maintain their normal physiological activities (Oertel et al., 2019). Therefore, SNpc DA and LC NE neuronal demand for metabolic energy are even higher than that of regular DA or NE neurons. Thus, an efficient and continuous mitochondrial metabolic energy production is essential for functioning of SNpc DA and LC NE neurons, since energy requirements of these neurons are generally met by the mitochondrial electron transport coupled oxidative phosphorylation (Exner et al., 2012; Hall et al., 2012). Consequently, reduction of mitochondrial energy production efficiency due to the inhibition of electron transport chain components by environmental toxins, loss of function mutations in various mitochondrial proteins and factors, or age-related general reduction of the mitochondrial metabolic energy production efficiency could be detrimental to the physiological functions of these neurons. Reduced cellular energy supply (Exner et al., 2012) could result in the dysregulation of SNpc DA and LC NE metabolisms leading to increased oxidative stress associated downstream adverse effects. Thus, the selective degeneration of SNpc DA and LC NE neurons in PD could be due to a combination of environmental (Ball et al., 2019), genetic (Klein and Westenberger, 2012), and age-related factors associated with inefficient mitochondrial metabolic energy production (Bose and Beal, 2016) leading to dysregulation of DA and NE metabolism in these neurons.



2.3 NM was spontaneously produced from oxidized DA or NE in metabolically highly active SNpc DA and LC NE neurons as a defensive mechanism against the metabolic energy coupled frequent dysregulation of DA and NE metabolism

As mentioned above, neuromelanin (NM)-containing DA neurons in SNpc and NE neurons in LC are the most vulnerable in PD (Vila et al., 2019). However, the role of NM in PD or the molecular details of NM biosynthesis is not fully understood at present. On the other hand, limited structural information available to date suggest that the initial step of NM biosynthesis is the oxidation of cytosolic DA or NE (but, not synaptic vesicle DA or NE) to the corresponding quinones (Scheme 7; Wakamatsu et al., 2003, 2012, 2019). Although, relatively well understood peripheral melanin biosynthesis is initiated with tyrosinase (or TH) catalyzed oxidation of tyrosine to DOPA and then to dopaquinone (Bisaglia et al., 2007; Nagatsu et al., 2022), since significant levels of tyrosinase expression in SNpc, LC or other areas of the brain has not been detected (Tribl et al., 2007), transition metal (most likely copper or iron) assisted catalytic autoxidation of cytosolic DA or NE to corresponding quinones has been proposed as the initial step in NM production (Sulzer et al., 2000; Zhang et al., 2019). Thus, NM is most likely produced non-enzymatically, from oxidized cytosolic DA or NE and other protein and non-protein components (Sulzer et al., 2000). [Although some derivatives of dopaquinones are neurotoxic (i.e., aminochrome), their toxicity could be mitigated through the reduction by DT-diaphorase which is in turn converted to NM in dopaminergic neurons. In addition, these derivatives stimulate expression of glutathione S-transferase μ 2 (GSTM2) which is then released by astrocytes into inter-synaptic space where it gets internalized by dopaminergic neurons. GSTM2 converts dopaquinone and its derivatives into stable products and eventually to NM and therefore DT-diaphorase and GSTM2 could moderate the neurotoxicity of dopaquinone and its derivatives (Scheme 7 and for a recent review see Segura-Aguilar et al., 2022)]. Interestingly, insoluble NM particles are also known to bind redox active metals including iron and copper (Zecca et al., 2001) and cationic mitochondrial toxins such as MPP+ and Paraquat (Capucciati et al., 2021).
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SCHEME 7
Possible major oxidative pathways for the formation of neuromelanin from dopamine and norepinephrine: AC, aminochrome DA, dopamine; DAL, leuco-dopamine chrome; DAQ, dopamine quinone; DHI, 5,6- hydroxy indole; DOPA L-3,4-dihydroxyphenylalanine; NE, norepinephrine; NEQ norepinephrine quinone; 5SCNE, 5-S-cysteinylnorepinephrine Enzymes: TH, tyrosine hydroxylase; AADC, aromatic amino acid decarboxylase; DβM, dopamine beta-monooxygenase; [O], autoxidation in the presence of transition metal ions; NM, neuromelanin.


According to the above envisioned high metabolic activity coupled elevated energy demand hypothesis, NM production from the oxidized cytosolic DA or NE could be defined as a defensive mechanism against the low metabolic energy coupled frequent dysregulation of DA and NE metabolism in SNpc DA and LC NE neurons. Metabolically highly active SNpc DA and LC NE neurons with a high demand for metabolic energy (Ni and Ernst, 2022), could be significantly more susceptible to frequent low metabolic energy coupled dysregulation of DA and NE metabolism resulting in high levels of NM production. On the other hand, frequent DA and NE metabolism dysregulations could also lead to cytosolic DA and NE accumulations, making these neurons more susceptible to increased oxidative stress and eventual degeneration. This occurs when the net rate of cytosolic DA and NE accumulations (biosynthesis plus recycling) exceed the rates of NM production plus VMAT2 mediated synaptic sequestration. Even if these rates were similar, and no net accumulation of cytosolic DA or NE occurs, progressive and prolong cytosolic accumulation of insoluble NM complexes above a certain threshold could interfere with the regular physiological functions of these neurons (e.g., exocytotic release of transmitters and free movement of intracellular organelles such as mitochondria and synaptic vesicles), leading to their malfunctions and degeneration. This proposal is also consistent with the recent demonstration (Carballo-Carbajal et al., 2019) that over-expression of human tyrosinase in rat SNpc DA neurons result in age dependent progressive accumulation of NM and their degeneration above specific threshold of accumulation similar to that of PD. Thus, while the production of neuromelanin (NM) from cytosolic dopamine (DA) or norepinephrine (NE) may initially offer neuroprotection, persistent dysregulation of DA or NE metabolism due to frequent low metabolic energy could result in the accumulation of cytosolic DA or NE. This accumulation, especially beyond a critical threshold, may lead to progressive and selective death of neuromelanin-containing DA and NE neurons in PD. Thus, metabolically highly active, NM containing SNpc DA and LC NE neurons could be selectively more vulnerable to degeneration in PD. Furthermore, the ability of NM to sequester redox active metal and mitochondrial toxins from the soluble cytosolic milieu will help to maintain the cellular copper and iron homeostasis and to protect electron transport complexes in these neurons form environmental toxins. However, under degenerative conditions, NM containing neurons could release intracellular NM complexes containing redox metals to the extra neuronal space stimulating the progression of neural death to the adjacent neurons and activation of microglia induced inflammation (Liddelow et al., 2017; Tansey et al., 2022), further stimulating the neural death pathways.



2.4 The physiological role of α-SYN could be to assist the maintenance of cellular toxic metal homeostasis

The early observation that misfolded and aggregated α-SYN containing inclusion bodies (Lewy bodies) are present in SNpc DA neurons of most PD patients has led to the proposal that the accumulation of α-SYN containing Lewy bodies contribute to the dopaminergic degeneration in PD (Lücking and Brice, 2000; Mehra et al., 2019; Srinivasan et al., 2021). However, whether α-SYN containing Lewy body accumulation is the cause, or it is a downstream symptom of PD pathology has not been convincingly established yet and many questions remain unanswered at present. For example, total α-SYN levels were consistently reduced in PD patient brains compared to non-PD controls (Stefanis, 2012). Similarly, PD therapies and diagnostic tools developed based on targeting spread, production, aggregation, and degradation of α-SYN have provided a limited or variable success in curing, halting, or diagnosing the progression of PD (Brundin and Olsson, 2011). On the other hand, the ability of α-SYN to bind numerous redox active metals, especially in the context of PD, has been widely studied (Binolfi et al., 2006; Mezzaroba et al., 2019). Among many metals known to bind α-SYN, copper (Wang et al., 2010; Valensin et al., 2016) and iron (Peng et al., 2010) has taken center stage due to the high affinities of these metals toward α-SYN and the general consensus is that these metals are closely associated with the pathophysiology of PD (Montes et al., 2014). The high affinity binding site of α-SYN binds both Cu(I) and Cu(II) with dissociation constants in the nanomolar range [Kd ∼ 1.10 × 10–10 M for Cu(II) (Dudzik et al., 2013) and 3.9 × 10–9 M for Cu(I)] (Gentile et al., 2018). Although Fe(II) binds weakly (Kd = 1.7 × 10–4 M), Fe (III) binds strongly (Kd = 8.3 × 10–14 M) to α-SYN (Peng et al., 2010). More importantly, both copper and iron binding to α-SYN increases its tendency to aggregation and formation of insoluble amyloid fibrils in vitro (Wang et al., 2010). Additionally, in contrast to the previous proposals that α-SYN bound copper is more effective in redox oxygen activation in the presence of biological reductant such as ascorbate or catecholamines (Valensin et al., 2016), recent studies suggest that binding to α-SYN, reduces oxygen activation efficacy of free copper (Dell’Acqua et al., 2015; Bacchella et al., 2023) further validating the significance of copper binding characteristics of α-SYN. Thus, it is conceivable that α-SYN could be a physiologically relevant auxiliary in vivo copper/iron buffering system that could contribute to the maintenance of cellular copper/iron homeostasis in SNpc DA and LC NE neurons, especially under stressed conditions. For example, copper/iron α-SYN interaction could effectively complement other neuronal copper buffering systems such as glutathione [Kd = 9 × 10–12 M (Banci et al., 2010)] and metallothionein, and ferrous binding systems such as ferritin [Kd = 4.7 × 10–9 M (Hulet et al., 1999)]. Based on these arguments, we propose thatα-synuclein (α-SYN) in dopamine (DA) and norepinephrine (NE) neurons may play a physiological role by serving as an auxiliary cytosolic copper/iron detoxifying/buffering system. These functions protect DA and NE neurons from heightened oxidative stress induced by free copper and iron, particularly in situations where copper/iron homeostasis and/or catecholamine metabolism are dysregulated. However, as discussed below copper-α-SYN interaction could be physiologically more relevant to the protection of LC NE neurons (in comparison to SNpc DA neurons) from copper/NE induced oxidative stress and downstream adverse effects.



2.5 Copper binding properties of α-SYN could be especially critical to maintain copper homeostasis in LC NE neurons

As mentioned above, the copper enzyme, DβM, catalyzes the conversion of DA to NE in NE and E synaptic vesicles [for reviews see refs (Stewart and Klinman, 1988; Gonzalez-Lopez and Vrana, 2020; Schemes 4, 5)]. Early estimates have demonstrated that equal amounts of sequentially and structurally related (Stewart and Klinman, 1988; Gonzalez-Lopez and Vrana, 2020) membrane bound (mDβM) and soluble (sDβM) forms of DβM are present in NE and E synaptic vesicles (Lewis and Asnani, 1992). After exocytotic release, while sDβM is discarded (Scheme 6), mDβM is recycled through synaptic membrane recycling pathway (Wimalasena and Wimalasena, 2004). The observation that free copper concentration in the synaptic cleft area of NE neurons is relatively higher in comparison to other aminergic neurons under normal physiological conditions (Rihel, 2018) suggest that disposed sDβM may contribute to the increase of free copper in synaptic cleft areas of these neurons. Thus, exocytotic release of the synaptic content of NE neurons must be accompanied by a decrease in intracellular copper levels. Thus, the synaptic release must be coupled with a suitable copper re-uptake system to maintain the overall copper homeostasis in NE neurons. A major portion of extracellular copper enters into neurons through a highly abundant copper transporter 1 (CTR1) (Davies et al., 2013; An et al., 2022) as Cu(I) (An et al., 2022; Scheme 6). Since cytosolic free copper is toxic, especially in the presence of catecholamines, it must be immediately and transiently recruited by medium-affinity intracellular copper buffering systems such as glutathione (Kd = 9 × 10–12 M) or metallothionines (Scheme 6). Subsequently, it is selectively transferred to high affinity copper chaperones (i.e., Atox1, Cox 1, and CCS) in the cytosol (Hatori and Lutsenko, 2016) and eventually recruited for the synthesis of various copper containing proteins. Since metabolically highly active LC NE neurons (see above) must be highly susceptible to frequent dysregulation of cellular copper homeostasis, the copper binding tendency of α-SYN could provide an additional avenue to maintain the neuronal copper homeostasis reducing their vulnerability to produce cytosolic copper/catecholamine induced high oxidative stress. In fact, copper binding and buffering characteristics of α-SYN could be even more critical in PD, since PD pathology is intimately associated with high oxidative stress and significant depletion of cellular reduced glutathione levels (Sian et al., 1994; Martin and Teismann, 2009).




3 Conclusion

Salient features of the above envisioned integrated causes of PD are: (1) The high metabolic activity associated elevated energy demand of DA neurons in SNpc and NE neurons in LC makes them selectively more vulnerable to inadequate energy supply associated dysregulation of catecholamine metabolism, increased oxidative stress, and degeneration. (2) Frequent inadequate metabolic energy supply for these neurons could be a consequence of low mitochondrial metabolic energy output, most likely due to the continuous exposure to environmental mitochondrial toxins, age related decline of overall mitochondrial energy production efficiency, or specific mutations in vital mitochondrial proteins and other factors affecting the normal physiological functions of the mitochondria. (3) The selective NM production in PD sensitive DA and NE neurons could be an initial defense mechanism against the inadequate metabolic energy supply coupled dysregulation of catecholamine metabolism. This is because spontaneous insoluble NM production transiently removes toxic cytosolic DA/NE and redox active iron/copper from the soluble cytosolic medium leading to their detoxification. However, frequent dysregulation of DA/NE metabolism leading to their cytosolic accumulations or increased synthesis of insoluble NM complexes above a certain threshold obstructing the normal functions of these neurons could lead to their malfunctions and degenerations. (4) Major physiological function of α-SYN in metabolically highly active SNpc DA and LC NE neurons could be to transiently buffer the redox active cytosolic transition metals (especially, copper and iron). Metal binding stimulated aggregation of insoluble α-SYN/copper/iron complexes facilitate maintenance of the copper and iron homeostasis and lessen the tendency for cytosolic copper/iron/catecholamine induced increase oxidative stress in these neurons. However, progressive, and excessive accumulation of insoluble α-SYN/iron/copper complexes above a specific threshold may interfere with the normal physiological functions of these neurons leading to their malfunctions and degeneration. Taken together, integrated causes envisioned here suggest that long-term preventive strategies of PD must include an adequate continuous supply of cellular metabolic energy to these neurons to minimize the frequent dysregulation of DA and NE metabolisms.
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Background: Immunity and neuroinflammation play crucial roles in the pathogenesis of Parkinson’s disease (PD). Nonetheless, prior investigations into the correlation between immune inflammation and PD have produced varying results. Identifying specific immune cell phenotypes that are truly associated with PD is challenging, and the causal relationship between immune cells and PD remains elusive.

Methods: This study conducted a comprehensive two-sample Mendelian randomization (MR) analysis, employing five distinct analytical approaches, to clarify the causal connection between immune cell characteristics and the risk of PD. Utilizing GWAS data, we investigated the causal relationship between 731 immune cell traits and PD. These immune cell phenotypes encompass absolute cell (AC) counts, median fluorescence intensity (MFI), and relative cell (RC) counts for B cells, cDCs, mature stage T cells, monocytes, myeloid cells, TBNK (T cells, B cells, and natural killer cells), and Tregs, as well as the logistic parameter (MP) for cDCs and TBNK.

Results: The inverse variance weighted (IVW) analysis indicated that Myeloid DCs (p = 0.004), HVEM expression on CD45RA− CD4+ T cells (p = 0.007), CD62L− CD86+ Myeloid DCs (p = 0.015), and HLA DR expression on monocytes (p = 0.019) were associated with a reduced risk of PD. CD14+ CD16+ monocytes (p = 0.005), HLA DR+ NK cells within CD3− lymphocytes (p = 0.023), and CD28 expression on activated & secreting Tregs (p = 0.032) were associated with an increased risk of PD.

Conclusion: This study establishes a causal link between immune cell phenotype and the pathogenesis of PD, identifying several specific immune cell characteristics associated with PD. This could inspire researchers to delve into the pathogenesis of PD at the cellular subtype level, and aid in the identification of potential pharmacological protein targets for PD.
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1 Background

Parkinson’s disease (PD) is a progressive neurodegenerative disorder primarily characterized by the progressive loss of dopaminergic neurons in the substantia nigra and abnormal α-synuclein aggregation in Lewy vesicles (Bloem et al., 2021). In 2016, it was estimated that over 6 million individuals worldwide were affected by PD, a number that is projected to increase as the population ages (GBD 2016 Neurology Collaborators, 2019). The precise cause of PD remains elusive; however, research has indicated that neuroinflammation significantly contributes to PD’s development, with central nervous system (CNS)-resident immune cells (microglia, astrocytes) engaging in interactions with peripheral immune cells (macrophages, lymphocytes, etc.), leading to neuroinflammation, which markedly influences PD’s progression (Tansey et al., 2022).

Prior research has established the role of immune dysfunction, characterized by alterations in cytokine levels and irregularities in immune cell functionality, in the development of PD. Furthermore, PD shares numerous genetic risk factors with other autoimmune diseases, and several of the over 90 risk variants for PD identified by genome-wide association studies (GWAS) are related to immune function genes (Nalls et al., 2019). Furthermore, the identification of shared genetic variants in PD patients and those with other autoimmune diseases (Witoelar et al., 2017) further underscores the role of immunity in the pathogenesis of PD. Immune system dysregulation may occur in patients with autoimmune diseases, who are more likely to develop PD compared to the general population. A national epidemiological study involving 310,522 patients with autoimmune diseases revealed that 932 of these patients developed PD during the follow-up period (De Virgilio et al., 2016). Inflammatory cells (e.g., microglia, CD4+ and CD8+ T cells; Marogianni et al., 2020) and inflammatory factors (e.g., IL-1α, IL-2, IL-1β, TNF-α, IL-6, TGF-β, IFN-γ, and IL-9; Karpenko et al., 2018) serve as key mediators between the brain and the immune system and play a pivotal role in the pathogenesis of PD. In the brain tissue of PD patients, the levels of activated microglia and CD3+ T cells were found to be higher compared to those in control patients (Lin et al., 2019; Li et al., 2022). Studies have also demonstrated that PD patients exhibit elevated serum levels of pro-inflammatory cytokines, such as TNF, IFNγ, IL-1β, IL-6, IL-2, CXC-chemokine ligand 8 (CXCL 8), and CCL 2, which correlate with disease severity and disability (Wang et al., 2015). In recent research, it has been discovered that immune cells (NK cells, monocytes/macrophages, neutrophils, and T cells) from the peripheral system can penetrate the blood–brain barrier in individuals with PD (Huang et al., 2022). However, the role of immune cells in PD remains controversial; they may play a protective role in the acute phase of neuroinflammation in PD through the production of trophic factors and inhibition of inflammation (Hoogland et al., 2015), and in the chronic phase of neuroinflammation through inflammatory factors and autoantibodies that may exert toxic effects on neurons (Channer et al., 2023), which explains to some extent that one type of immune cell may lead to different conclusions in different studies about the pathogenesis of PD. While previous research has identified numerous associations between immune cells and PD, the exploration of the causal relationship between various immune cell phenotypes and the pathogenesis of PD is still pending. Furthermore, the specific phenotypic characteristics through which immune cells influence the course of PD have yet to be elucidated.

Mendelian Randomization (MR) employs variations in genetics as a pivotal instrument for evaluating the causal relationships between exposures and subsequent outcomes (Bowden and Holmes, 2019), and is primarily employed for etiological inference in epidemiology, aiding researchers in reducing bias in experimental results and in drawing conclusions about causality (Emdin et al., 2017). Although randomized controlled trials (RCTs) are effective tools for causal inference, their implementation can be resource-intensive and is often limited by sample size and ethical issues. However, MR offers advantages such as lower cost, reduced confounding, and diminished reverse causal inference compared to observational study (Sekula et al., 2016), and is thus regarded as a “natural” RCT that aids in mitigating the traditional bias inherent in observational studies (Emdin et al., 2017). The primary objectives of this study involve assessing the causal relationship between various immune phenotypes and PD, while the secondary objectives include identifying potential key immune cell phenotypes, deepening the understanding of PD pathogenesis, and providing new directions and strategies for PD treatment and drug development.



2 Materials and methods


2.1 Study design

Throughout its duration, the study was conducted in strict adherence to the STROBE-MR guidelines (Skrivankova et al., 2021). In this study utilizing two-sample Mendelian Randomization, loci of single nucleotide polymorphism (SNP) from the database of genome-wide association analysis (GWAS) were employed as instrumental variables for examining the influence of risk between immune phenotypes and PD. A total of 731 immune cell characteristics were defined as exposure factors in relation to the occurrence of PD, constituting the study outcome. The analysis utilizing MR adheres to three foundational principles: firstly, the exposure (immune phenotype) maintains a robust association with the chosen SNPs; secondly, these SNPs are not influenced by external confounding factors; and thirdly, while these polymorphisms do not have a direct relationship with the outcome (PD), their causal connection is exclusively through the immune phenotype (Burgess and Labrecque, 2018). The design and hypotheses and flow chat of the MR study are outlined in Figure 1.
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FIGURE 1
 Flowchart of the study. Assumption 1, the exposure (immune phenotype) maintains a robust association with the chosen single-nucleotide polymorphisms (SNPs); Assumption 2, SNPs are not influenced by external confounding factors; Assumption 3, SNPs do not have a direct relationship with the outcome (PD), their causal connection is exclusively through the immune phenotype. SNP, Single-nucleotide poly-morphism; MR, Mendelian randomization.




2.2 Source of exposure data

Publicly available immune trait data were obtained from Valeria Orrù’s study (Orrù et al., 2020), encompassing a total of 731 immunophenotypes. This dataset includes a total of 118 cell counts, 389 median fluorescence intensities (MFIs) associated with surface antigens, in addition to 32 cell morphology parameters, and 192 relative counts, which refer to the ratio among different cells. This data were sourced from a cohort of 3,757 Sardinians, encompassing 20,143,392 SNPs (Orrù et al., 2020).



2.3 Collection of outcome data

Extensive GWAS genetic data were obtained from the International Parkinson’s Disease Genomics Consortium (IPDGC), encompassing 7.8 million SNPs from 37,700 cases, 18,600 proxy cases (individuals without PD yet having a familial history of the condition), and 1.4 million controls (Nalls et al., 2019). This constitutes one of the largest GWAS studies to date on PD patients of European ancestry, with data from the United Kingdom Biobank being openly accessible.



2.4 Identification of SNPs

The causal relationship between immunophenotype and PD was assessed. The specific screening steps included using the TwoSampleMR package to extract relevant SNPs (Woolf et al., 2022). SNPs that exhibited significant differences across the genome (p < 1*e−5) (VanderWeele et al., 2014) were selected and tested for linkage disequilibrium (r2 = 0.001, kb = 10,000), followed by the elimination of linkage disequilibrium SNPs and the removal of echo sequences. To reduce bias due to weak instruments, SNPs displaying F-statistics (a measure of the SNP’s robustness; Burgess et al., 2016; indicative of the SNP’s strength) lower than 10 were omitted.



2.5 Statistics and sensitivity analyses

In this study, R 4.3.2 software (Yavorska and Burgess, 2017) was primarily utilized to conduct Inverse Variance Weighted (IVW), MR Egger, Weighted Median, Simple Mode, and Weighted Mode analyses. The IVW method served as the principal analytical approach to ascertain the causal relationship between immunophenotypes and PD. Additionally, reverse Mendelian randomization was employed to investigate the influence of PD onset on immunophenotype (Davey Smith and Hemani, 2014). The heterogeneity among the estimated effects of SNPs was assessed by calculating both the Q-value and p value, following Cochran’s method. In the presence of heterogeneity, causal inference was conducted using the IVW random effects model (Burgess et al., 2017). The MR-Egger intercept examination and the MR-PRESSO approach were applied to investigate horizontal pleiotropy. Subsequently, a Leave-one-out sensitivity analysis (Burgess and Thompson, 2017) was performed to evaluate the impact of individual SNPs on the overall causal effect. Moreover, funnel plots and scatter plots were produced to visually illustrate the possible presence of horizontal pleiotropy.




3 Results


3.1 SNP screening and MR analysis results

Following the aforementioned steps, which involved matching data on immunophenotypes and PD and excluding SNPs with low F-statistics (< 10), a total of 147 SNPs were ultimately included in the study.



3.2 Exploration of the role of immunophenotype on the pathogenicity of PD

At a significance threshold of p < 0.05 using the IVW method, it was observed that Myeloid DC within the DC (cDC group), CD14+ CD16+ monocytes (monocyte group), HVEM on CD45RA− CD4+ T cells (Maturation stages of T cell group), CD62L− CD86+ myeloid DC within the DC (cDC group), HLA DR on monocytes (monocyte group), HLA DR+ NK cells in CD3− lymphocytes (TBNK group), and CD28 on activated & secreting Treg cells (Treg group) demonstrated significant associations with PD (Figure 2). Results derived from five distinct MR methods are presented in Figure 2. MR analyses employing a random-effects model with the IVW method yielded the following results: myeloid DC of DC (OR = 0.924, 95%CI: 0.876–0.975, p = 0.004), HVEM on CD45RA− CD4+ T cell (OR = 0.945, 95%CI: 0.907–0.985, p = 0.007), CD62L− CD86+ myeloid DC of DC (OR = 0.945, 95%CI: 0.903–0.989, p = 0.015), and HLA DR on monocyte (OR = 0.951, 95%CI: 0.911–0.992, p = 0.019) indicated a protective effect against reduced PD risk. The CD14+ CD16+ monocyte (OR = 1.091, 95%CI: 1.027–1.158, p = 0.005), HLA DR+ NK cell in CD3− lymphocytes (OR = 1.062, 95%CI: 1.008–1.119, p = 0.023), and CD28 on activated & secreting Treg (OR = 1.043, 95%CI: 1.004–1.083, p = 0.032) were identified as being associated with an increased risk of PD. Four additional analytical methods—MR Egger, Weighted Median, Simple Mode, and Weighted Mode—were employed to ascertain the stability of the results, yet the Simple Mode method did not substantiate a causal relationship for Myeloid DC within DCs (OR = 0.975, 95% CI: 0.848–1.120, p = 0.725), CD14+ CD16+ Monocytes (OR = 0.982, 95% CI: 0.831–1.161, p = 0.837), HVEM on CD45RA− CD4+ T cells (OR = 0.905, 95% CI: 0.819–0.999, p = 0.063), or HLA DR+ NK cells within CD3− lymphocytes (OR = 1.049, 95% CI: 0.889–1.237, p = 0.576) in relation to PD. Furthermore, the MR Egger method also failed to demonstrate a causal relationship between CD62L− CD86+ Myeloid DCs within DCs (OR = 0.956, 95% CI: 0.897–1.019, p = 0.185) and PD, additionally, numerous analyses did not corroborate a causal relationship between HLA DR+ NK cells within CD3− lymphocytes and CD28 on activated and secreting Tregs in relation to PD, but the IVW results were significant, with no detected pleiotropy or heterogeneity, and the outcomes of all five analytical methods aligned in the same direction, suggesting a positive result overall (Birney, 2022; Figure 2).
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FIGURE 2
 Forest plots showed the causal associations between immune cell traits and PD by using different methods. SNP, Single-nucleotide poly-morphism; OR, Odd radio; and CI, Confidence interval.


Concurrently, a reverse Mendelian randomization analysis was carried out to evaluate the influence of PD manifestation on immunophenotypes. Although the results varied significantly across different analysis methods, they failed to satisfy both the MR-Egger intercept test and the MR-PRESSO method, indicating the presence of horizontal pleiotropy and leading to an unreliable result.



3.3 Sensitivity analyses

During the analysis of these seven causal links, all p values derived from Cochran’s Q test for heterogeneity surpassed the significance level set at 0.05. This suggests the absence of substantial heterogeneity among the SNPs associated with PD, as detailed in Table 1. Additionally, our MR-Egger-intercept analysis revealed the absence of significant directional pleiotropy for each immunophenotype (p > 0.05). This implies included SNPs were not associated with the outcome via confounding factors. Causal effects, as estimated by the MR-PRESSO method, remained significant both prior to and following outlier correction. Furthermore, global analyses did not uncover any evidence of horizontal pleiotropy (global test p > 0.05). The leave-one-out analysis illustrates that none of the individual SNP exert a significant effect on the overall causal estimate, thereby bolstering the reliability of the MR results (Figure 3). Additionally, the funnel plot exhibited a predominantly symmetrical distribution of causal effects, indicating minimal bias (Figure 4). Scatter plots showed that the regression lines illustrating the connection between immunophenotypes and PD risk, as obtained from different analytical approaches, were broadly consistent (Figure 5).



TABLE 1 Sensitivity analysis for immune cell traits vs. PD by MR analysis.
[image: Table1]
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FIGURE 3
 Leave-one-out analysis of each immunophenotype on the risk of PD. The error line represents a 95% confidence interval. (A) Myeloid DC of DC; (B) CD14+ CD16+ monocyte of monocyte; (C) HVEM on CD45RA− CD4+ T cell; (D) CD62L− CD86+ myeloid DC of DC; (E) HLA DR on monocyte; (F) HLA DR+ NK of CD3− lymphocyte; and (G) CD28 on activated & secreting Treg.
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FIGURE 4
 Funnel plots are utilized in sensitivity analysis to examine the causal relationship between immunophenotype and the risk of PD. (A) Myeloid DC of DC; (B) CD14+ CD16+ monocyte of monocyte; (C) HVEM on CD45RA− CD4+ T cell; (D) CD62L− CD86+ myeloid DC of DC; (E) HLA DR on monocyte; (F) HLA DR+ NK of CD3− lymphocyte; and (G) CD28 on activated & secreting Treg.
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FIGURE 5
 Scatter plots of sensitivity analysis for the causal relationship between immunophenotype and the risk of PD. (A) Myeloid DC of DC; (B) CD14+ CD16+ monocyte of monocyte; (C) HVEM on CD45RA− CD4+ T cell; (D) CD62L− CD86+ myeloid DC of DC; (E) HLA DR on monocyte; (F) HLA DR+ NK of CD3− lymphocyte; and (G) CD28 on activated & secreting Treg.





4 Discussion

Peripheral immunity may contribute to PD pathogenesis through mechanisms including inflammatory responses, cellular infiltration, dysregulation of lymphocyte subsets, and autoimmune responses. The findings from the two-sample Mendelian randomization indicated that CD14+ CD16+ monocytes, HLA DR+ NK cells in CD3− lymphocytes, and CD28 on activated & secreting Tregs were positively correlated with an increased risk of PD. Furthermore, it was observed that Myeloid DCs, HVEM on CD45RA− CD4+ T cells, CD62L− CD86+ Myeloid DCs, and HLA DR on monocytes exerted a protective causal effect against the development of PD. Sensitivity analyses and quality control affirmed the robustness of these findings. Exposure factors in this study, derived from peripheral blood immune cell phenotypes as detected by flow cytometry, partially substantiate the causal relationship between peripheral immunity and PD’s development.

In the evolving process of immune-brain crosstalk, it appears that the systemic immune response constitutes an integral component of the pathogenesis of PD, wherein myeloid-derived dendritic cells (Myeloid DCs) assume a pivotal role (Tansey et al., 2022). In PD, a subset of myeloid-derived dendritic cells, which have metastasized from the peripheral blood, may infiltrate the brain, harvesting cerebrospinal fluid (CSF) brain antigens in the choroid plexus or meninges. This process induces immune cells to adopt dysregulated phenotypes, thereby contributing to an inflammatory environment that plays a pathological role in neurodegeneration (Bossù et al., 2015). A Ciaramella et al. observed that PD patients showed significantly lower levels of peripheral blood Myeloid DCs compared to control subjects, with the number of peripheral blood Myeloid DCs being negatively correlated with the severity of motor symptoms (Goldeck et al., 2016). This is consistent with our findings, suggesting that Myeloid DC might play a protective role in the pathogenesis of PD. We hypothesized that a reduction in the level of peripheral blood Myeloid DC is associated with increased recruitment of this cell from the circulatory system to the brain, potentially explaining the more active cellular infiltration and inflammatory response in the brain of PD patients. Consequently, peripheral blood myeloid cells reflect, to some degree, the extent of neuroinflammation and may serve as a potential biomarker for evaluating PD’s progression.

Our results suggest that an elevation in the levels of CD14 + CD16+ monocyte subsets is associated with an increased risk of PD. The peripheral immune system, particularly its monocytes, has been implicated in the neuroinflammation associated with PD. α-Synuclein, identified as a damage-associated molecular pattern (DAMP) released by neurons, contributes to the in vivo activation of monocytes. This activation prompts the monocytes to produce pro-inflammatory mediators (Grozdanov et al., 2019). Monocytes, a heterogeneous group of cells, are primarily characterized by variations in the expression of CD14 and CD16 molecules. In PD patients, alterations in the phenotype and function of these monocytes are evident, as indicated by a rise in the number of CD14 + CD16+ monocyte subpopulations in the blood. This particular subpopulation may exhibit high expression of TLR10 (da Rocha Sobrinho et al., 2021). Emerging data suggest a correlation between the frequency of CD14 + CD16 + TLR10+ monocytes and the severity of PD (da Rocha Sobrinho et al., 2021), these observations align with the results of our findings. The role of CD14 + CD16+ monocytes in PD continues to be a topic of debate in the scientific community. Conversely, Schlachetzki et al. (2018) observed no change in the frequency of CD14 + CD16+ monocyte subpopulations in PD patients compared to healthy controls. However, Grozdanov et al. (2014) reported a decrease in the number of CD14 + CD16+ monocytes in PD patients. Variations in the age of onset, duration, and severity of PD among patient populations, as well as the overall sample sizes of the studies, may contribute to the divergent findings. The use of MR in our study helped to partially negate the effects of confounding factors and reverse causality.

CD4+ T cells potentially play a critical role in neurodegeneration associated with PD. Prior research has demonstrated that CD4-deficient mice exhibit attenuated dopaminergic neuronal death due to α-synuclein overexpression. IFN-γ-producing CD4+ T cells are crucial for CNS myeloid MHCII responses and TH nerve neuronal loss attributed to α-synuclein overexpression (Deng et al., 2021). Additionally, it has been observed by some researchers that CD4+ and CD8+ T cells infiltrate the brain parenchyma in brain tissue samples from PD patients, as well as in mouse models of PD (Sanchez-Guajardo et al., 2010). A meta-analysis of 21 case–control trials (Jiang et al., 2017), encompassing 943 PD cases, indicated that the number of peripheral blood CD4+ T cell subsets is reduced in PD patients, aligning with our findings. Furthermore, HVEM, a member of the tumor necrosis factor receptor (TNFR) superfamily (Aubert et al., 2021), inhibits T-cell proliferation when bound to the B and T lymphocyte attenuator (BTLA). This inhibition occurs through the phosphoacyl esterase SHP-1 and SHP-2 downstream signaling pathways, ultimately suppressing T cell activation and immune responses (Deng et al., 2021). Zhong et al. provided evidence that elevated HVEM expression in CD4+ T cells could act as a protective factor in myasthenia gravis. Our study echoes these findings, proposing that HVEM expression in CD45RA− CD4+ T cells might play a protective role in the development of PD by attenuating the immune response.

Prior research has demonstrated that PD patients exhibit reduced levels of peripheral blood myeloid DC (Ciaramella et al., 2013). Conversely, our current study reveals that CD62L− CD86+ myeloid DC within the dendritic cell (DC) genus play a protective role in preventing PD. DCs are critical in initiating T cell responses and coordinating immune responses, while CD86, a co-stimulatory molecule, is believed to promote the Th2 response. In vitro studies have shown that IFN-β upregulates CD86 expression on DCs and inhibits the Th1 response via these cells (Tekguc et al., 2021). DCs are crucial in initiating T cell responses and coordinating immune reactions. Peng et al. (2022) reported that extracellular vesicles derived from mesenchymal stromal cells may suppress the Th2 response in allergic rhinitis patients by inhibiting CD86 expression on DCs. Furthermore, numerous investigators have noted diminished levels of CD86 expression in the blood DCs of individuals with multiple sclerosis (MS), suggesting that CD86+ myeloid DCs may have a protective effect in MS (Huang et al., 2001). Limited research exists on the association between CD62L− CD86+ myeloid DC of DC and PD; it is hypothesized that these cells may mitigate PD risk by modulating the Th2 response.

Parkinson’s disease have identified changes linked to innate immune abnormalities in CSF (Wijeyekoon et al., 2020a,b) and peripheral blood, notably in monocyte subtypes and their marker expression (Su et al., 2022). Our results indicate that HLA-DR expression on monocytes within the Monocyte genus plays a protective role in the pathogenesis of PD. In a study by Wijeyekoon et al. (2020a,b), it revealed no significant variance in the overall count of serum monocytes between PD patients and controls, however, the phenotype of these monocytes had changed. The surface expression levels of monocyte HLA-DR were found to be associated with better cognitive function, semantic fluency, and motor function. Therefore, reduced levels of HLA-DR may result in ineffective clearance of pathological proteins, potentially triggering neuronal dysfunction and ultimately leading to cognitive and motor deficits (Wijeyekoon et al., 2020a,b). However, this finding contrasts with some animal models of PD, where increased HLA-DR has shown negative effects (Harms et al., 2013). The expression of the MHCII complex plays a crucial role in α-synuclein-induced microglia activation within the pathological framework of PD (Harms et al., 2013), with HLA-DR being a component of the MHCII complex. Inconsistent findings concerning HLA-DR might stem from microglial activation triggered by HLA-DR during acute toxin/protein injections or pathology in PD animal models, where the deleterious effects of pro-inflammatory cytokine release surpass the benefits of enhanced pathological protein clearance. Conversely, in chronic clinical disease scenarios, the benefits of increased antigen presentation and α-synuclein clearance by HLA-DR may exceed its potential deleterious impacts.

Natural killer (NK) cells, a crucial component of innate immunity, modulate neuroinflammation when infiltrated into the CNS (Earls and Lee, 2020). Research conducted by Sun et al. (2019) demonstrated that the proportion of NK cells was significantly higher in PD patients compared to controls. Additionally, individuals with peripheral blood NK cell levels exceeding the reference range had a significantly increased risk of developing PD. This aligns with our observation that HLA-DR+ NK cells in CD3− lymphocytes could potentially increase the risk of developing PD. In a mouse model of amyotrophic lateral sclerosis (ALS), NK cells within the spinal cord prompt microglia to transition to the M1 type, releasing inflammatory mediators via interferon γ (IFN-γ) (Garofalo et al., 2020). Additionally, HLA-DR+ NK cells have been linked to substantial IFN-γ production (Erokhina et al., 2018). IFN-γ could potentially exacerbate neuroinflammation in the mid and late stages of PD, resulting in further deterioration of neuronal damage (Panagiotakopoulou et al., 2020). Therefore, we hypothesize that the heightened risk of PD development due to HLA-DR+ NK cells in CD3− lymphocytes might be linked to neuroinflammation, potentially mediated by elevated levels of inflammatory cytokines like IFN-γ.

Prior research has shown that CD4 + CD25 + Foxp3+ regulatory T cells (Treg) uphold immune homeostasis via their immunosuppressive action on effector T cells (Teff) (Ohkura and Sakaguchi, 2020). Additionally, observations that PD patients commonly exhibit a decreased ability of Treg to suppress Teff (DeMaio et al., 2022), indicate that the development of PD may lead to a significant reduction in Treg’s ability to suppress inflammation. However, there remains a debate in the literature regarding how the ratio of peripheral blood Treg changes in PD patients. Findings by Kustrimovic et al. (2018) indicated that the number of circulating Treg cells was significantly lower in PD patients, with CD4+ T cells showing a preferential differentiation toward the Th1 lineage. On the other hand, a study conducted by Cen et al. (2017) showed that there was no significant disparity in Treg ratios between the PD group and the control group; however, the Treg/Th17 ratio was significantly higher in female PD patients compared to female controls. These discrepancies could be attributed to biases arising from differences in the race of the PD patients included in the study, the severity of the disease, and the overall sample size. Additionally, CD28 receptor, expressed on Treg cells, acts as a co-stimulatory molecule, providing a secondary signal crucial for full T cell activation. In the hαSyn mouse model of PD, Treg activation and expansion occur through binding to the CD28 receptor via a hyper-excitable anti-CD28 monoclonal antibody (CD28SA). This process attenuates neuroinflammatory responses and mitigates dopaminergic neuronal degeneration (Badr et al., 2022), evidencing neuroprotective effects. Notably, our results indicate that CD28 on activated and secreting Treg may increase the risk of developing PD. We contend that Mendelian randomization analysis, which employs genetic variants as instrumental variables, is not influenced by extraneous factors such as the environment, since these variables are established at the time of conception. Therefore, the results of MR are indicative of the effects of lifetime perturbations of risk factors (Larsson et al., 2023), potentially leading to a distinct acute effect compared to that observed in animal models with CD28. In other words, the impact of enhanced Treg immunosuppression, resulting from increased CD28 signaling in PD, may vary during different stages of PD onset and progression. Enhanced Treg function in the initial stages of the disease might aid in controlling the brain’s inflammatory response, potentially slowing PD progression. Conversely, prolonged Treg activation could lead to excessive immune suppression, impacting neural tissue clearance and repair, and indirectly advancing disease progression. Future research should focus on conducting more prospective studies to further explore the molecular role of CD28 on activated and secreting Treg in PD and other neuroinflammatory diseases.

The current study found insufficient statistical evidence to support an inverse relationship between immune cell phenotype and PD. While the IVW method indicated a correlation and differential significance between PD development and various immune phenotypes, the pronounced multiplicity of these associations contravenes the exclusionary assumptions of MR. This indicates that certain SNPs might influence changes in the immune phenotype via confounding factors other than PD (Skrivankova et al., 2021).

This study investigates immune cell phenotypic characteristics that could assist researchers in identifying potential drug targets. For instance, elevated CD27 expression on memory B cell subsets is associated with an increased risk of Crohn’s disease; therapeutic targeting of CD27 on B cells may aid in reducing this risk (Zheng et al., 2017). Secondly, this study facilitates the development of personalized prevention and treatment strategies for PD: immune cell phenotypes, reflecting individual variations, enable the identification of individuals at elevated risk of the disease. Initiating interventions or targeted treatments at an early stage can significantly enhance an individual’s quality of life. For instance, individuals exhibiting low HLA-DR expression on monocytes, who are at a heightened risk for PD, could benefit from early lifestyle modifications, including changes in diet, increased exercise, and minimizing exposure to environmental hazards, to mitigate PD risk. This study’s primary advantage is its position as the most extensive genetic analysis conducted thus far in exploring the causal connection between immune cell phenotypes and PD. Unlike previous research focusing on a single cell type (Jensen et al., 2021) or limited immune cell phenotypes (Tian et al., 2022), our study encompasses a broad range of immune cell types.

This study has certain limitations. Firstly, our data selection was limited to studies measuring immune cell phenotypes in blood samples, despite evidence suggesting elevated levels in CSF samples of PD patients (Guan et al., 2022). However, this approach offers significant insight into the role of peripheral immunity in PD. Secondly, while two-sample Mendelian randomization offers a robust approach for causal inference, further validation via randomized controlled trials and animal studies is essential. Finally, the selection of immune cell data from Sardinians, due to the higher prevalence of certain immune-related genetic variants in Sardinia (Steri et al., 2017), necessitates validation of our study’s conclusions in broader population-based data.



5 Conclusion

Variants correlated with clinical outcomes frequently influence a multitude of immune phenotypes, rendering the identification of the specific immune phenotype genuinely associated with the disease process challenging. This study delves into the immune-related mechanisms of PD from the perspective of cellular subtypes, utilizing GWAS data analysis to identify immune phenotypes genuinely associated with PD. This facilitates the identification of potential druggable protein targets and lays a theoretical foundation for the development of future therapeutic strategies with immunomodulatory effects.
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Introduction: Amyotrophic Lateral Sclerosis (ALS) is a neurodegenerative disease with poorly understood pathophysiology. Recent studies have highlighted systemic inflammation, especially the role of circulating inflammatory proteins, in ALS.

Methods: This study investigates the potential causal link between these proteins and ALS. We employed a two-sample Mendelian Randomization(MR) approach, analyzing data from large-scale genome-wide association studies to explore the relationship between 91 circulating inflammatory proteins and ALS. This included various MR methods like MR Egger, weighted median, and inverse-variance weighted, complemented by sensitivity analyses for robust results.

Results: Significant associations were observed between levels of inflammatory proteins, including Adenosine Deaminase, Interleukin-17C, Oncostatin-M, Leukemia Inhibitory Factor Receptor, and Osteoprotegerin, and ALS risk. Consistencies were noted across different P-value thresholds. Bidirectional MR suggested that ALS risk might influence levels of certain inflammatory proteins.

Discussion: Our findings, via MR analysis, indicate a potential causal relationship between circulating inflammatory proteins and ALS. This sheds new light on ALS pathophysiology and suggests possible therapeutic targets. Further research is required to confirm these results and understand the specific roles of these proteins in ALS.
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1 Introduction

Amyotrophic Lateral Sclerosis (ALS), also known as Lou Gehrig’s disease, is a neurodegenerative condition that primarily affects motor neurons. This disease is characterized by the progressive degeneration of motor neurons, leading to fatal paralysis. ALS manifests in two forms: familial and sporadic, differentiated by family history. Despite significant research efforts, the underlying pathogenesis of ALS remains elusive, and effective treatments are scarce (Ralli et al., 2019; Masrori and Van Damme, 2020; Yang et al., 2021).

In the last decade, substantial progress has been made in understanding the genetic architecture, pathophysiological mechanisms, and potential biomarkers of ALS (Yang et al., 2021; Witzel et al., 2022; Mead et al., 2023). These advancements have opened new avenues for therapeutic intervention, particularly in the domain of neuroinflammation, which is increasingly associated with ALS. Recent focus in ALS research has centered on systemic inflammation, especially the role of circulating inflammatory proteins (Henkel et al., 2004; Murdock et al., 2015; Zondler et al., 2016). Studies have linked proteins like PIKFYVE kinase and TDP-43 to neuronal damage in ALS, associating their inhibition or misfolding with neuronal injury (Gleixner et al., 2022; Shao et al., 2022; Tejwani et al., 2023). This growing body of evidence underscores the importance of these proteins as both biomarkers and potential therapeutic targets (Akiyama et al., 2022; Jiang et al., 2022; Hosaka et al., 2023).

Concurrently, the application of bioinformatics, molecular biology, and genetics in ALS research has significantly enhanced our understanding of the disease’s complexity (Sankaran et al., 2021; Carroll, 2022; Sari et al., 2022). Innovations in these fields have led to the identification of new genetic and molecular pathways in ALS, laying the groundwork for targeted therapies (Lehrach et al., 2011; Akinduro et al., 2021; Wu and Lin, 2022). One key methodology employed in this context is Mendelian Randomization (MR). MR leverages genetic variations as instrumental variables to establish causal relationships between exposures (inflammatory proteins) and outcomes (ALS), thus enhancing the credibility of causal inferences drawn from observational studies by reducing common confounders and reverse causation (Song et al., 2022; Lee et al., 2023; Liu et al., 2023; Rajasundaram and Gill, 2023).

Our study employs a two-sample MR approach, utilizing multiple p-value thresholds to increase the accuracy of our findings while acknowledging the trade-offs involved. Lower p-values, such as <5.0E−08, are typically used to ensure robustness of associations, reduce heterogeneity, and improve study precision. However, such stringent criteria may also exclude potentially meaningful associations. Therefore, by adopting different p-value thresholds, our analysis aims to strike a balance between minimizing false positives and not overlooking significant associations that could be crucial for understanding the pathophysiology of ALS (Liu et al., 2023; Soremekun et al., 2023).



2 Methods

The research process is illustrated in the flowchart figure (Figure 1).
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FIGURE 1
 Flowchart figure.



2.1 Data sources

Data on 91 circulating inflammatory proteins were sourced from GWAS data measured using the Olink Target Inflammation panel across 11 cohorts, involving a total of 14,824 European ancestry participants (Zhao et al., 2023). Data on Amyotrophic Lateral Sclerosis were derived from a meta-analysis of GWAS by van Rheenen et al., “GCST90027164”,1 including 27,205 ALS cases and 110,881 European ancestry controls (van Rheenen et al., 2021) (Supplementary Table S1). The ALS validation group comprises two GWAS datasets curated by van Rheenen and Nicolas. The initial dataset consists of sporadic ALS cases, while the validation sets include one sporadic ALS dataset and another dataset that does not differentiate between familial or sporadic ALS (Supplementary Table S1). Specific details regarding data curation are thoroughly explained in the original articles.



2.2 Mendelian randomization

We utilized a two-sample MR (TSMR) analysis to explore the causal relationship between circulating inflammatory proteins and ALS. In our MR analysis, inflammatory proteins were the exposure of interest, ALS was the outcome, and SNPs were used as instrumental variables. The TSMR approach was based on the following assumptions: (I) instrumental variables are closely associated with the risk of inflammatory proteins; (II) instrumental variables affect ALS risk only through their impact on inflammatory proteins; (III) instrumental variables are independent of confounding factors (Davey Smith and Hemani, 2014).

We selected SNPs associated with inflammatory proteins across the whole genome (p < 5 × 10−8), (p < 5 × 10−7), and (p < 5 × 10−6) for forward TSMR analysis. For reverse TSMR analysis of ALS GWAS instrumental variables, we used SNPs (p < 5 × 10−8). Additionally, PLINK clumping was employed to calculate linkage disequilibrium between each exposure’s SNPs on the basis of the 1,000 Genomes European panel, using an r2 < 0.01 (clumping distance = 5,000 kb) as the threshold for SNPs in linkage equilibrium. The F-statistic was calculated using F = beta2/se2, with all F-statistics >10, indicating robustness of the instrumental variables.

Several MR methods were used, including MR Egger, weighted median, IVW, Wald ratio, simple mode, and weighted mode. IVW was selected as the primary analysis method, using Wald ratio when snp < 2, with a p-value <0.05 considered significant (Burgess et al., 2013; Verbanck et al., 2018). Cochran’s Q statistic was used to assess heterogeneity between individual SNPs. If no significant heterogeneity was observed (p < 0.05), a fixed-effect model was adopted (Hemani et al., 2018); otherwise, the causal significance relationship needed cautious interpretation. Sensitivity analyses were also conducted to verify the robustness of our results. Furthermore, MR-Egger and MR-PRESSO methods were employed to determine the presence of pleiotropy. The intercept obtained from MR-Egger regression was used to measure directional pleiotropy, and MR-PRESSO was used for enhanced detection of pleiotropy (Bowden et al., 2016). Steiger testing was performed to determine the direction of causality. Leave-one-out sensitivity analysis was conducted to determine whether individual SNPs had a significant impact on MR results.



2.3 Statistical software

All statistical analyses were performed using R software version 4.3.0.2 MR analysis and Steiger filtering were performed using the “TwoSampleMR” R package (Smith and Ebrahim, 2003; Emdin et al., 2017; The Telomeres Mendelian Randomization Collaboration et al., 2017). MR-PRESSO was carried out using the “MRPRESSO” R package.



2.4 Selection of external datasets for validation

During the initial exploration phase of the study, we refrained from using p-value correction to capture more potential associations. To ensure the reliability of our preliminary results, we chose to validate them using two external datasets. One dataset focuses on sporadic ALS, while the other does not distinguish between familial or sporadic ALS. By including both sporadic ALS and non-differentiated familial or sporadic ALS datasets, we can comprehensively assess the generalizability of our findings. In the preliminary screening process, we incorporated potentially key proteins previously identified, including 12 inflammation-related proteins. By utilizing these datasets, we are able to validate the associations observed in our study (van Rheenen et al., 2016; Nicolas et al., 2018).




3 Results


3.1 Forward Mendelian randomization results

Using the threshold of SNPs (p < 5 × 10−8), instrumental variables were extracted for 73 inflammatory proteins for TSMR analysis. The results indicated that increased levels of Adenosine Deaminase are associated with a higher risk of ALS (OR = 1.068, PIVW = 0.048). This analysis showed no significant heterogeneity (MR Egger Q = 5.658, Q p-value = 0.059) and no horizontal pleiotropy (P Egger Intercept = 0.806, P MR Presso = 0.361). An increase in Interleukin-17C levels was also found to increase ALS risk (OR = 1.199, PIVW = 0.047) (SNPs <3). Higher Oncostatin-M levels were associated with a decreased risk of ALS (OR = 0.84, PIVW = 0.016), with the analysis showing no significant heterogeneity (MR Egger Q = 0.359, Q p-value = 0.836) and no horizontal pleiotropy (P Egger Intercept = 0.596, P MR Presso = 0.864). Increased levels of Leukemia inhibitory factor receptor were associated with a decreased risk of ALS (OR = 0.903, PIVW = 0.017), with no significant heterogeneity (MR Egger Q = 2.064, Q p-value = 0.151) or horizontal pleiotropy (P Egger Intercept = 0.913) observed (Figure 2) (Supplementary Tables S2, S3, S8).
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FIGURE 2
 Adopt a significance threshold for selecting SNPs of p < 5 × 10−8. In this Mendelian randomization analysis, inflammatory proteins are analyzed as the exposure factor, with ALS as the resultant outcome. Significant findings are denoted by a P_IVW value less than 0.05.


Due to the initial selection criteria, some proteins did not yield SNPs, leading us to relax the conditions. We selected SNPs with a threshold of p < 5 × 10−7 as instrumental variables, and conducted TSMR analysis on 86 inflammatory proteins. The results revealed the following:

Adenosine Deaminase Levels: an increase in Adenosine Deaminase levels was associated with an increased risk of ALS (OR = 1.07, PIVW = 0.025). The analysis showed no significant heterogeneity (MR Egger Q = 6.654, Q p-value = 0.084) and no evidence of horizontal pleiotropy (P Egger Intercept = 0.820, P MR Presso = 0.339).

Interleukin-5 Levels: higher levels of Interleukin-5 were also linked to an increased risk of ALS (OR = 1.5, PIVW = 0.015), with fewer than three SNPs involved.

SIR2-like Protein 2 Levels: an elevation in SIR2-like protein 2 levels was correlated with an increased risk of ALS (OR = 1.24, PIVW = 0.024), again with fewer than three SNPs.

Neurturin Levels: increased levels of Neurturin were found to raise the risk of ALS (OR = 1.237, PIVW = 0.040), with fewer than three SNPs.

Leukemia Inhibitory Factor Receptor Levels: conversely, an increase in Leukemia inhibitory factor receptor levels was associated with a decreased risk of ALS (OR = 0.912, PIVW = 0.029). This analysis also showed no significant heterogeneity (MR Egger Q = 2.966, Q p-value = 0.227) and no horizontal pleiotropy (P Egger Intercept = 0.713, P MR Presso = 0.566).

Osteoprotegerin Levels: higher levels of Osteoprotegerin were linked to a reduced risk of ALS (OR = 0.89, PIVW = 0.020). The analysis indicated no significant heterogeneity (MR Egger Q = 16.163, Q p-value = 0.064) and no horizontal pleiotropy (P Egger Intercept = 0.979, P MR Presso = 0.118) (Figure 3) (Supplementary Tables S2, S4, S9).
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FIGURE 3
 Adopt a significance threshold for selecting SNPs of p < 5 × 10−7. In this Mendelian randomization analysis, inflammatory proteins are analyzed as the exposure factor, with ALS as the resultant outcome. Significant findings are denoted by a P_IVW value less than 0.05.


In an effort to include more inflammatory proteins, the criteria were adjusted by setting the SNP threshold to p < 5 × 10−6. This enabled the extraction of instrumental variables for all 91 inflammatory proteins, which were then analyzed using TSMR. The findings were as follows:

ADA (Adenosine Deaminase) Levels: an increase in ADA levels was associated with an increased risk of ALS (OR = 1.072, PIVW = 0.037). This analysis indicated the presence of heterogeneity (MR Egger Q = 29.224, Q p-value = 0.004) and no evidence of horizontal pleiotropy (P Egger Intercept = 0.735, P MR Presso = 0.389).

TNF-beta Levels: elevated TNF-beta levels were associated with a reduced risk of ALS (OR = 0.951, PIVW = 0.012). The analysis showed heterogeneity (MR Egger Q = 34.518, Q p-value = 0.184) and no horizontal pleiotropy (p = 0.454, P MR Presso = 0.723).

Osteoprotegerin Levels: an increase in Osteoprotegerin levels was linked to a decreased risk of ALS (OR = 0.916, PIVW = 0.031). The analysis did not show significant heterogeneity (MR Egger Q = 27.915, Q p-value = 0.085) and no horizontal pleiotropy was found (P Egger Intercept = 0.440, P MR Presso = 0.125).

Interleukin-10 Levels: higher levels of Interleukin-10 were associated with a decreased risk of ALS (OR = 0.901, PIVW = 0.011). This analysis indicated no significant heterogeneity (MR Egger Q = 11.062, Q p-value = 0.853) and no horizontal pleiotropy (P Egger Intercept = 0.751, P MR Presso = 0.056) (Figure 4) (Supplementary Tables S2, S5, S10).
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FIGURE 4
 Adopt a significance threshold for selecting SNPs of p < 5 × 10−6. In this Mendelian randomization analysis, inflammatory proteins are analyzed as the exposure factor, with ALS as the resultant outcome. Significant findings are denoted by a P_IVW value less than 0.05.


From the three sets of analyses conducted, we can draw several conclusions:

ADA Levels: an increase in ADA levels was found to heighten the risk of ALS. This finding was significant across all three sets of analyses (P IVW < 0.05). Although there was heterogeneity in the results with the threshold at p < 5 × 10−6, the IVW results were relatively stable.

Leukemia Inhibitory Factor Receptor Levels: higher levels of the Leukemia inhibitory factor receptor were associated with a decreased risk of ALS. This was significantly observed in the first two sets of analyses (P IVW < 0.05).

Osteoprotegerin Levels: an increase in Osteoprotegerin levels also appeared to reduce the risk of ALS. This outcome was significant in the latter two sets of analyses (P IVW < 0.05).

Next, we conducted a leave-one-out analysis on the three key results mentioned above. This involved sequentially excluding each SNP and estimating the effect sizes for the remaining SNPs. For both Leukemia inhibitory factor receptor levels and Osteoprotegerin levels, the analysis showed no significant difference in effect size before and after exclusion, indicating that no single SNP had a significant impact on the MR estimates. However, in the three sets of analyses for ADA levels, the exclusion of the SNP “rs112665079” led to a deviation in results, suggesting that rs112665079 has a significant influence on the MR estimation results (Figure 5) (Supplementary Table S7).
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FIGURE 5
 Displays the leave-one-out analysis results using the IVW method, assessing the impact of individual SNPs on the overall MR findings by sequentially excluding each SNP. The Y-axis corresponds to each excluded rsID and the aggregate IVW method result without any SNP exclusions. The X-axis represents the specific IVW values, where black and red dots denote beta effect values, and the lines indicate the confidence intervals of the beta values. Specifically, (A,B) illustrate the leukemia inhibitory factor receptor levels as the exposure, with SNP thresholds set at p < 5 × 10−8 and p < 5 × 10−7, respectively. (C,D) focus on osteoprotegerin levels as the exposure, applying SNP thresholds of p < 5 × 10−7 and p < 5 × 10−6. Finally, the levels of adenosine deaminase as the exposure factor are examined in (E–G), with SNP thresholds set at p < 5 × 10−8, p < 5 × 10−7, and p < 5 × 10−6, respectively.


After excluding rs112665079 and reanalyzing TSMR with ADA levels as the exposure and ALS as the outcome, the results were contrary to the previous findings, showing no significant correlation. This indeed demonstrates the significant impact of rs112665079 on the MR estimation results (Figure 6).
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FIGURE 6
 MR Results with Adenosine Deaminase Correction. SNP selection thresholds are applied with p-values <5 × 10−8, p < 5 × 10−7, and p < 5 × 10−6, respectively. Adenosine Deaminase protein is considered as the exposure factor, and ALS as the outcome in the Mendelian randomization analysis.




3.2 Reverse Mendelian randomization results

In the reverse Mendelian randomization analysis involving ALS and 91 inflammatory proteins, the following results were obtained:

C-C Motif Chemokine 20 Levels: an increase in the risk of ALS was associated with elevated levels of C-C motif chemokine 20 (OR = 1.089, PIVW = 0.020). The analysis showed no significant heterogeneity (MR Egger Q = 9.884, Q p-value = 0.626) and no horizontal pleiotropy (P Egger Intercept = 0.742, P MR Presso = 0.725).

Tumor Necrosis Factor Ligand Superfamily Member 12 Levels: similarly, an increased risk of ALS was associated with higher levels of Tumor necrosis factor ligand superfamily member 12 (OR = 1.097, PIVW = 0.010). No significant heterogeneity was observed in this analysis (MR Egger Q = 7.787, Q p-value = 0.802), and there was no evidence of horizontal pleiotropy (P Egger Intercept = 0.127, P MR Presso = 0.586).

Interleukin-5 Levels: in contrast, an increased risk of ALS was associated with decreased levels of Interleukin-5 (OR = 0.915, PIVW = 0.031). This analysis also showed no significant heterogeneity (MR Egger Q = 10.272, Q p-value = 0.592) and no horizontal pleiotropy (P Egger Intercept = 0.898, P MR Presso = 0.686) (Figure 7).
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FIGURE 7
 Reverse MR Results. Mendelian randomization analysis with ALS as the exposure factor and inflammatory proteins as the outcome, considering significance with p_ivw < 0.05.


A sensitivity analysis using the leave-one-out approach demonstrated robust results (Figure 8) (Supplementary Tables S2, S6, S11).
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FIGURE 8
 Leave-One-Out Analysis Results for Various Outcomes with ALS Exposure. This series illustrates the influence of ALS as an exposure factor on different inflammatory markers, using the leave-one-out methodology to assess the impact of individual SNPs on the overall results. (A): C-C motif chemokine 20 levels as the outcome, with ALS as the exposure; (B): Interleukin-5 levels as the outcome, with ALS as the exposure; (C): Tumor necrosis factor ligand superfamily member 12 levels as the outcome, with ALS as the exposure.




3.3 Validation group results

We selected three SNP thresholding tool variables (p < 5 × 10−8, p < 5 × 10−7, p < 5 × 10−6) and 12 inflammatory proteins as exposures, with ALS as the outcome, for two-sample Mendelian randomization analysis. The clumping conditions are the same as those for the test set. We were surprised to find that, whether in the initial exploration phase or in the validation set, the levels of osteoprotegerin showed significance for sporadic ALS (OR < 1, PIVW < 0.05) (Figure 9) (Supplementary Tables S2–S4). This result suggests that there may be an association between Osteoprotegerin levels and sporadic ALS, where Osteoprotegerin levels may play a protective role.
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FIGURE 9
 Significant Mendelian Randomization Results of Inflammatory Proteins with ALS Validation Sets (p_ivw < 0.05 denotes significance). “Sporadic” denotes a cohort of sporadic ALS, while “Mixed” refers to a combined cohort of familial and sporadic ALS.


Another remarkable discovery is the correlation of Tumor Necrosis Factor Ligand Superfamily Member 12 levels with the sporadic ALS validation set across three different SNP threshold groups, with a potential association observed with the mixed ALS set at SNP (p < 5 × 10−6) (OR > 1, P IVW < 0.05) (Figure 9) (Supplementary Tables S2–S4). This suggests that an increase in Tumor necrosis factor ligand superfamily member 12 levels may be a risk factor for ALS. However, we observed the opposite causal relationship in the initial GWAS set.

These results suggest complex interactions between ALS and Tumor Necrosis Factor Ligand Superfamily Member 12 levels, possibly involving bidirectional causal relationships.




4 Discussion

This study utilized the TSMR approach to explore the potential causal relationship between circulating inflammatory proteins and ALS. Our analysis revealed several significant associations between inflammatory proteins and the risk of ALS, offering new insights into the pathophysiology of ALS and potentially unveiling new therapeutic targets.

In our study, different p-value thresholds significantly impacted the results. Lower p-value thresholds (e.g., < 5.0E−08) are commonly employed to ensure robustness of associations, reduce heterogeneity, and enhance the accuracy of the research. However, such stringent criteria might also exclude potentially meaningful associations (Bottigliengo et al., 2022; Chen et al., 2023; Liu et al., 2023; Ren et al., 2023). Our analysis indicated that some associations, previously insignificant, became significant when the p-value threshold was relaxed, underscoring the importance and complexity of p-value selection in research on the relationship between inflammatory proteins and ALS.

Our study employed both forward and reverse MR analyses, a method that allows for a more comprehensive exploration of the potential causal relationship between inflammatory proteins and ALS (Perry et al., 2021; Huimei Huang et al., 2022; Wang et al., 2022; Yin et al., 2023). The forward MR analysis revealed associations between increased levels of specific inflammatory proteins and an increased risk of ALS, whereas the reverse MR analysis provided evidence that an increased risk of ALS could lead to changes in certain inflammatory protein levels. These findings suggest a possible bidirectional causal relationship between inflammatory proteins and ALS, further complicating their interaction.

In our research, multiple inflammatory proteins identified across various p-value thresholds showed significant positive results related to ALS risk. For instance, increased levels of ADA were significantly associated with an increased risk of ALS. Previous studies have suggested that ADA may play an important role in neurodegenerative diseases, linked to neuronal damage and inflammatory responses. Allen et al. identified a defect in adenosine to inosine deamination in astrocytes of ALS patients caused by reduced ADA expression. This defect led to increased sensitivity to adenosine-mediated toxicity (Allen et al., 2019). Supplementing inosine could reverse motor neuron toxicity observed in co-cultured patient astrocytes (Allen et al., 2018). Song et al. explored gene therapy for ALS by upregulating ADAR2 in mouse motor neurons using adeno-associated viral vectors. This treatment prevented progressive motor dysfunction and rescued motor neurons from death by normalizing TDP-43 expression, suggesting a potential gene therapy approach for ALS (Song and Pan, 2014).

In summary, this section of the study discusses the significant associations found between changes in Leukemia inhibitory factor receptor and Osteoprotegerin levels and the risk of ALS. It highlights the diverse roles of cytokines, including LIFR, in skeletal muscle physiology and their impact on muscle cell growth, differentiation, metabolism, nerve innervation, and inflammatory cell recruitment to muscle injury sites (Hunt and White, 2016). The research also touches on the limited but emerging findings linking AIFR and Osteoprotegerin to ALS, as well as their roles in neuropsychiatric disorders, emphasizing the importance of inflammation and immune mechanisms in these conditions (Ham et al., 2018; Hashioka et al., 2019; Novellino et al., 2020; Xu et al., 2023).

Furthermore, the study finds significant correlations between ALS risk and changes in levels of various inflammatory proteins, such as Interleukin-17C, Oncostatin-M, Interleukin-5 levels, SIR2-like protein 2 levels, Neurturin levels, TNF-beta levels and Interleukin-10, under different p-value thresholds. Reverse MR analysis suggests that increased ALS risk could lead to changes in certain inflammatory protein levels, such as motif chemokine 20 levels, Tumor necrosis factor ligand superfamily member 12 levels and Interleukin-5 levels. These findings offer new perspectives for research into the roles of these proteins in neuroprotection, neuroregeneration, and inflammation, potentially contributing to understanding and treating ALS and related neuropsychiatric disorders.

In summary, our study, based on GWAS data from European populations, suggests that Osteoprotegerin levels confer a protective effect against sporadic ALS, validated in two datasets. Additionally, we observed a complex bidirectional relationship between Tumor Necrosis Factor Ligand Superfamily Member 12 levels and sporadic ALS. Furthermore, some correlations were found in the GWAS dataset combining Tumor Necrosis Factor Ligand Superfamily Member 12 with familial and sporadic ALS, highlighting the potential complex bidirectional association between Tumor Necrosis Factor Ligand Superfamily Member 12 levels and ALS. Future research can delve into the specific roles of Osteoprotegerin and Tumor Necrosis Factor Ligand Superfamily Member 12 in the pathogenesis of ALS, assess their potential as biomarkers, and explore therapeutic strategies targeting them.

The findings of this study rely on data from the European population, implying that the applicability of its conclusions may have certain limitations. Although these inflammatory proteins show significant associations for some ALS patients within the European population, we must acknowledge that ALS patients in other populations worldwide may exhibit different levels of correlation and significance. Therefore, to comprehensively understand the role of these inflammatory proteins and their differences across diverse populations, future research should focus on collecting and analyzing data from more varied population groups. Such research endeavors will help uncover the population-specific aspects of ALS pathogenesis, thereby laying the groundwork for the discovery of universally applicable therapeutic strategies.



5 Conclusion

In summary, our study offers new insights into the role of circulating inflammatory proteins in ALS and paves the way for future research and the development of therapeutic strategies. Future research should focus on validating these findings and exploring the relationships between other potential inflammatory proteins and ALS. Furthermore, a deeper investigation into the specific roles of these inflammatory proteins in ALS pathophysiology will be crucial.
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Background

Amyotrophic lateral sclerosis (ALS) is a fatal neurodegenerative disease, which leads to muscle weakness and eventual paralysis. Numerous studies have indicated that mitophagy and immune inflammation have a significant impact on the onset and advancement of ALS. Nevertheless, the possible diagnostic and prognostic significance of mitophagy-related genes associated with immune infiltration in ALS is uncertain. The purpose of this study is to create a predictive model for ALS using genes linked with mitophagy-associated immune infiltration.





Methods

ALS gene expression profiles were downloaded from the Gene Expression Omnibus (GEO) database. Univariate Cox analysis and machine learning methods were applied to analyze mitophagy-associated genes and develop a prognostic risk score model. Subsequently, functional and immune infiltration analyses were conducted to study the biological attributes and immune cell enrichment in individuals with ALS. Additionally, validation of identified feature genes in the prediction model was performed using ALS mouse models and ALS patients.





Results

In this study, a comprehensive analysis revealed the identification of 22 mitophagy-related differential expression genes and 40 prognostic genes. Additionally, an 18-gene prognostic signature was identified with machine learning, which was utilized to construct a prognostic risk score model. Functional enrichment analysis demonstrated the enrichment of various pathways, including oxidative phosphorylation, unfolded proteins, KRAS, and mTOR signaling pathways, as well as other immune-related pathways. The analysis of immune infiltration revealed notable distinctions in certain congenital immune cells and adaptive immune cells between the low-risk and high-risk groups, particularly concerning the T lymphocyte subgroup. ALS mouse models and ALS clinical samples demonstrated consistent expression levels of four mitophagy-related immune infiltration genes (BCKDHA, JTB, KYNU, and GTF2H5) with the results of bioinformatics analysis.





Conclusion

This study has successfully devised and verified a pioneering prognostic predictive risk score for ALS, utilizing eighteen mitophagy-related genes. Furthermore, the findings indicate that four of these genes exhibit promising roles in the context of ALS prognostic.





Keywords: amyotrophic lateral sclerosis, mitophagy, immune infiltration, gene, prediction model, prognosis




1 Introduction

Amyotrophic lateral sclerosis (ALS) is a neurodegenerative disease affecting upper and lower motor neurons, characterized by progressive muscle weakness, atrophy leading to paralysis, and eventual fatality. ALS has insidious onset, rapid progression, heterogeneous clinical manifestations, and currently lacks effective treatment options. The majority of patients succumb to respiratory failure within 3-5 years of onset (1, 2), imparting a heavy burden on patients, their families, and society. Presently, ALS diagnosis primarily relies on neurophysiological and neuroimaging examinations, yet early diagnosis and treatment remain challenging. Thus, the identification of practical early diagnostic markers and the construction of a more accurate ALS diagnostic and prognostic model may offer new hope for ALS patient treatment.

Mitophagy is a crucial process for mitochondrial quality control, its malfunction leads to the accumulation of defective mitochondria, posing a risk of damage to high-energy-demanding neuronal cells. Studies have indicated that mitophagy dysfunction is a key factor in the occurrence and progression of various neurodegenerative diseases such as ALS, Parkinson’s disease, and Alzheimer’s disease (3). Furthermore, research has pointed out that energy metabolism disturbances resulting from mitochondrial dysfunction are central to the pathophysiology of ALS (4, 5). To date, nearly 40 ALS-related genes have been identified. Some of these genes (OPTN, SQSTM1/p62TBK1, SOD1, C9ORF72, VCP) are directly or indirectly associated with the mitophagy pathway, influencing different stages of the mitophagy process (6, 7). The findings of these studies indicate that mitophagy is a significant factor in the pathogenesis of ALS. Nevertheless, the specific involvement of mitophagy-related genes (MRGs) in the progression of ALS remains largely unexplored. Consequently, a comprehensive investigation into mitophagy-related markers in ALS using bioinformatics tools may facilitate the discovery of novel biomarkers with therapeutic potential for ALS. Furthermore, it has been observed that mitophagy also contributes to the regulation of the immune response. Mitophagy has the potential to exert an anti-inflammatory effect by suppressing the excessive production of interleukin (IL)-1β and IL-18 (8). Dysregulation of mitophagy, on the other hand, triggers inflammation by activating the pyrin domain-containing protein 3 (NLRP3) inflammasomes, resulting in an overexpression of IL-1β and IL-18 (9, 10). Additionally, the release of mitochondrial DNA has been shown to promote the transcription of various inflammatory cytokines, including tumor necrosis factor (TNF-α) and IL-6 (11). The unique anatomy of spinal motor neurons makes ALS particularly susceptible to peripheral immune responses (12). Blood monocytes and macrophages react to degenerating motor nerves, producing cytokines that can act locally or travel through the blood-brain barrier to the central nervous system. These cytokines are being studied as potential early biomarkers for ALS (13). A meta-analysis on ALS revealed a consistent trend towards elevated blood levels of pro-inflammatory cytokines, including IL-1B, IL-6, and TNF, which are known to be produced by reactive monocytes/macrophages (13–15).

The objective of this study is to conduct multifaceted analyses of different datasets related to ALS in the GEO database. Limma and Spearman correlation analyses were used to identify mitophagy-related DEGs in ALS and filter for mitophagy genes. Subsequently, machine learning methods (forest plot, univariate analysis, and least absolute shrinkage and selection operator (LASSO) regression) were used to filter and identify prognostic markers and construct a risk model. Finally, we used Gene Set Enrichment Analysis (GSEA) and Receiver Operating Characteristic (ROC) curve analysis to create and evaluate the prediction model molecule drugs. We also collected ALS mouse models and ALS patients to confirm the expression levels of the model’s feature genes. The study aimed to elucidate the relationship between mitophagy, ALS, and immune infiltration by constructing a mitophagy-associated prediction model and examining its association with immune infiltration. Our study sheds new light on the role of mitophagy and immune inflammation in predicting the prognosis and diagnosis of ALS.




2 Materials and methods



2.1 Acquisition and preprocessing of expression profiling data

The ALS patient dataset was sourced from the Gene Expression Omnibus (https://www.ncbi.nlm.nih.gov/geo/), with the candidate dataset being selected based on specific inclusion criteria, including ALS diagnosis, human gene expression profile, availability of follow-up information (survival information), and related clinical data. The gene expression data from GSE112676 and GSE112680, obtained from Illumina HumanHT-12 V3.0 and HumanHT-12 V4.0 expression bead chip arrays, were incorporated into the study. The dataset GSE112676 consisted of 233 ALS samples and 508 control (CON) samples, while the dataset GSE112680 cohort, comprised 164 ALS samples and 137 control samples. Survival information was available for all 397 ALS patients. Demographic details of the cohorts have been previously documented (16). In summary, the ALS and CON groups exhibited a higher proportion of male participants (≥58.54%) with mean ages of 63.92 and 63.58, respectively. The majority of patients (>60%) presented with spinal-onset ALS rather than bulbar-onset ALS. The GSE112680 cohort had a higher percentage of individuals with C9orf72 repeat expansions (12.8% vs. 5.2%). Survival was operationally defined as the duration from disease onset to death, tracheostomy, or noninvasive ventilation (16). According to this operationalization, the median survival time was 2.42 years, with 50% of patients surviving. As shown in Table 1.


Table 1 | Baseline characteristics.



The methodology employed by Swindell et al. (16) was consulted for a comprehensive account of the data processing procedures and outcomes, with particular attention to mitigating platform-specific biases and batch confounders. The relevant GSE dataset was obtained by directly downloading the preprocessed and standardized probe expression matrix. Gene probes were converted to gene symbols utilizing the respective annotation profiles within each dataset. Normalization of gene expression values and the generation of normally distributed expression values were achieved using the ‘limma’ package in R software. In cases where multiple probes corresponded to the same gene, the final gene expression value was determined by calculating the average expression value.




2.2 Differential expression pattern analysis

The differential expression analysis between the ALS and CON groups was conducted utilizing the GSE112676 dataset. This analysis was performed employing the R package limma (version V-3.84.3, https://www.bioconductor.org/packages/release/bioc/html/limma.html) within R version 4.3.0. Gene-specific information, including P-values and logFC values, was obtained and analyzed using the Benjamini & Hochberg method to account for multiple tests. This method yielded adjusted p-values (adj.P.Value). Differentially expressed genes (DEGs) were identified using significant differences in fold change and statistical significance, with a threshold set at adj.P.Val < 0.05.




2.3 Mitophagy-related gene screening

To investigate the correlation between mitophagy genes and DEGs, a collection of thirty-four mitophagy genes associated with ALS was identified based on the Relevance score > 1.5 in the Genecards database (http://www.genecards.org/), searched using the keyword “Mitophagy”. Further analysis was performed to investigate the relationship between these mitophagy genes and the identified DEGs. the corrplot package (v-0.90, https://cran.r-project.org/web/packages/corrplot/vignettes/corrplot-intro.html) was utilized. Genes that exhibited a significant correlation (P<0.05) and a correlation coefficient (r) exceeding 0.3 were deemed relevant and selected as relevant genes. These relevant genes, in conjunction with the mitophagy genes, were designated as mitophagy-related genes for subsequent analysis.




2.4 Identification of prognostic significance genes

Utilizing the aforementioned mitophagy-related genes, conducted univariate Cox regression analysis using the survival-V3.2.13 package (https://github.com/therneau/survival) to identify potential genes associated with ALS. The corresponding P-value for each gene was assessed, and a threshold of P<0.05 was established for evaluation purposes.




2.5 Development and validation of risk scoring

The glmnet package (V-4.1-2, https://cran.r-project.org/web/packages/glmnet/index.html) was utilized to perform LASSO Cox analysis on the candidate prognostic genes obtained from the training set GSE112676. This analysis aimed to select feature genes with nonzero regression coefficients to construct a risk-scoring model. To assess the accuracy of the risk scoring model, the prognostic model construction method was followed, wherein the Risk score for each diseased sample was calculated by adding the expression level of each gene multiplied by its corresponding coefficient (e.g., Risk score = (expression level of gene A * coefficient of gene A) + (expression level of gene B * coefficient of gene B) +…), the Risk score values were calculated for each diseased sample in the training dataset GSE112676. Subsequently, employing the optimal threshold value derived from the median Risk score, the diseased samples within the training dataset GSE112676 were partitioned into two groups: High_Risk (comprising samples with a Risk score greater than or equal to the median Risk score) and Low_Risk (comprising samples with a Risk score lower than the median Risk score). The survival package in R4.1.0 was utilized to generate survival prognostic curves, enabling the evaluation of the relationship between the aforementioned grouping of High_Risk and Low_Risk samples and the actual survival prognosis information. The log-rank test was used to determine the statistical significance of the survival prognosis disparity among the two groups. Furthermore, the prognostic significance of the feature genes in the training dataset GSE112676 was assessed by calculating the Area Under Curve (AUC) values of the ROC curve at 5, 7, and 10 years. It should be noted that the AUC for validation sets at 1, 2, and 3 years is 0, as the classification data for survival time in these sets consists solely of either all 1 or all 0. Similarly, the accuracy of the risk scoring model was confirmed in the external validation dataset GSE112680 from GEO using the appropriate signature construction method.




2.6 The relationship between high- and low-risk groups and immune infiltration

Mitophagy and immunity are closely related, and peripheral immune cells play a significant role in disease progression in ALS patients (17). Therefore, it is meaningful to link with immune infiltration in the study. CIBERSORT analysis (accessible at https://cibersortx.stanford.edu/) was used to estimate the proportions of 22 human immune cell subsets based on gene expression data. Finally, the disparities in the distribution of TMB scores and proportions of immune cell infiltration between the high-risk and low-risk groups were evaluated using the Wilcoxon test.




2.7 Prognostic model genes and immune correlation analysis

Conducting correlation analysis on the feature genes and immune infiltration proportions was performed using the corrplot package (v-0.90, https://cran.r-project.org/web/packages/corrplot/vignettes/corrplot-intro.html).




2.8 Differences in checkpoint genes and HLA family genes between high-risk and low-risk groups

The expression data of common immune checkpoint genes and the Human Leukocyte Antigen (HLA) gene family, which comprises 17 HLA genes, were extracted from the training set GSE112676. The differential expression of immune checkpoint genes and the HLA gene family between the high-risk and low-risk groups was compared using the Wilcoxon test.




2.9 Analysis of molecular mechanisms between high- and low-risk groups

To conduct a more comprehensive examination of the molecular mechanisms underlying the distinction between high- and low-risk groups in ALS, 50 hallmark gene sets from the MSigDB database (http://www.gsea-msigdb.org/gsea/index.jsp) were obtained. The hallmark enrichment scores were computed using the GSEA function from the clusterProfiler package (V-4.6.2, https://www.bioconductor.org/packages/release/bioc/html/clusterProfiler.html).




2.10 Differential gene selection between high- and low-risk groups

Differential expression analysis was conducted on the high- and low-risk groups using the GSE112676 dataset. The limma package (V-3.84.3, available at https://www.bioconductor.org/packages/release/bioc/html/limma.html) in R version 4.3.0 was employed to obtain gene-specific information, including P-values and logFC values. Furthermore, multiple testing correction was performed using the Benjamini & Hochberg method to derive adjusted p-values (adj.P.Value). DEGs were identified using the following criteria: adj.P.Value < 0.05 and |logFC| > 1.5.




2.11 Enrichment analysis of differential genes between high- and low-risk groups

The DEGs obtained from the high- and low-risk groups were subjected to Gene Ontology (GO) analysis using the clusterProfiler package (V-4.6.2, https://www.bioconductor.org/packages/release/bioc/html/clusterProfiler.html). This analysis encompassed the categories of cellular component (CC), molecular function (MF), and biological process (BP). Additionally, the Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis was conducted. A significance threshold of P-value < 0.05 was applied to ascertain significant enrichment.




2.12 Diagnostic analysis of model genes

The differential expression of the feature genes between the ALS and CON groups was assessed through the utilization of the Wilcox test on both the training dataset GSE112676 and the validation dataset GSE112680. The pROC package (V-1.18.2, https://www.rdocumentation.org/packages/pROC/versions/1.18.2) was employed to generate ROC curves for the feature genes.




2.13 Real-time polymerase chain reaction

A group of 10 patients diagnosed with ALS and 10 healthy individuals of the same age and gender were selected for the study. Blood samples were collected from both groups to investigate the gene expression patterns of specific genes in a diagnostic model using real-time quantitative polymerase chain reaction (RT-qPCR). The ALS mouse model (B6SJL-Tg(SOD1G93A)) was acquired from The Jackson Laboratory in the United States, and RT-qPCR was conducted on the lumbar spinal cord of SOD1G93A mice to evaluate the gene expression trends of characteristic genes in the disease model. The procedure for collecting the samples was approved by the Ethics Committee of the First Medical Center of Chinese PLA General Hospital. Total RNA was isolated from peripheral blood and spinal cord tissues using the RNAprep Pure High-Efficiency Total RNA Extraction Kit and the RNAeasy Fast Animal Tissue/Cell Total RNA Extraction Kit, respectively. RT-PCR was conducted using the FastKing One-Step RT-PCR Kit. Gene primers were designed using Primer 5 and synthesized by Biomed. GAPDH expression was utilized as an internal control, and relative expression was determined using the 2–ΔΔCt method.




2.14 Statistical analysis

All statistical analyses were conducted using R software (version 4.1.0 and 4.3.0) and R studio (Version 3.84.3). The Wilcoxon test was utilized to compare the proportions of immune cell infiltration between the high- and low-risk groups and to analyze the differential expression of the feature genes in the ALS and CON groups. LASSO-Cox regression was used for feature gene selection. The log-rank test was then conducted to compare the survival rates of low- and high-risk groups. Univariate Cox regression analyses were also performed to identify genes that may be associated with ALS. A two-tailed P value<0.05 was considered statistically significant, with some exceptions where a specific P value was set.





3 Results



3.1 Acquisition and preprocessing of expression profile data

The study’s schematic diagram is presented in Figure 1. The training set, GSE112676, was acquired and comprised 508 control samples and 233 ALS samples, all of which had survival information available. The validation set, GSE112680, consisted of 137 control samples and 164 ALS samples, all of which had survival information available. To explore the association between mitophagy genes and differentially expressed genes (DEGs), a set of thirty-four mitophagy genes (Supplementary Materials 1) linked to ALS was identified using a Relevance score > 1.5 in the Genecards database (http://www.genecards.org/), utilizing the keyword “Mitophagy”. Subsequent analysis was conducted to examine the connection between these mitophagy genes and the identified DEGs, employing the corrplot package (v-0.90, https://cran.r-project.org/web/packages/corrplot/vignettes/corrplot-intro.html). Genes demonstrating a significant correlation (P<0.05) and a correlation coefficient (r) greater than 0.3 were considered pertinent and chosen as relevant genes. These relevant genes, in conjunction with the mitophagy genes, were designated as mitophagy-related genes for subsequent analysis.




Figure 1 | Overview of the schematic diagram of this study.






3.2 Identification of prognostic significance genes in mitophagy-related genes

Firstly, the limma package was used to analyze the DEGs between CON and ALS on all expression matrices of the training set GSE112676, with adjust P-value <0.05 as a significance threshold. A total of, 5256 DEGs were identified from this analysis, including, 2822 upregulated genes and, 2434 downregulated genes (Figure 2A). Similarly, we analyzed differentially expressed genes in the validation set. A total of 1079 genes were down-regulated and 1300 genes were up-regulated (Supplementary Figure 1). Additionally, a heatmap was employed to visually represent the DEGs (Figure 2B). According to the mitophagy database, a total of 34 genes involved in the process of mitophagy were obtained (Supplementary Material 1). After comparing training set GSE112676 genes with all mitophagy-related genes, 25 overlapping genes were identified (Supplementary Material 2). A Spearman correlation analysis was performed on a set of 25 genes associated with mitophagy. The correlation among these 25 mitophagy-related genes is depicted in Figure 2C, while an examination of the expression levels of these 25 mitophagy genes in the CON group compared to the ALS group is presented in Figure 2D. Among them, the expression level of eight genes (ATG12, ATG5, MAP1LC3B, MFN1, OPTN, SRC, TOMM20, TOMM7) was upregulated, while the expression level of four genes (CDC37, MFN2, SQSTM1, TOMM40) were downregulated. Using the corrplot package, Spearman correlation analysis was conducted between the, 5256 DEGs and the 25 mitophagy genes. In light of the extensive number of genes, a correlation heatmap analysis specifically targeted the top 20 DEGs with the highest logFC values, as well as the genes associated with mitophagy (Figure 2E). Subsequently, employing a significance threshold of P < 0.05 and |r| > 0.3, 4405 genes were identified, comprising, 4383 DEGs and 22 mitophagy genes (MFN2, OPTN, MAP1LC3B, ATG12, PINK1, MFN1, TOMM20, TOMM7, TOMM40, ULK1, ATF5, CDC37, CSNK2A1, UBC, VDAC1, UBA52, SQSTM1, TOMM22, CSNK2B, VPS13C, UBB, CSNK2A2) (Supplementary Material 3). To further investigate their prognostic potential, univariate Cox analysis on the aforementioned, 4405 genes, led to the discovery of 40 genes with significant prognostic value, as indicated by a P-value < 0.05 (Figure 2F).




Figure 2 | Identification of Prognostic Significance Mitophagy-Related Genes in ALS. (A) Differential analysis volcano plot (red represents significantly upregulated genes, blue represents significantly downregulated genes, and black represents non-significant genes). (B) Heatmap of differentially expressed mitophagy-related genes between ALS and control samples. (C) The correlation of 25 mitophagy-related genes. (D) The expression levels of 25 mitophagy genes in the CON group vs. the ALS group. (E) Scatter plot showing the correlation between the top 20 DEG genes with the largest logFC and mitophagy genes. The redder the point, the stronger the positive correlation; the bluer the point, the stronger the negative correlation. The larger the shape of the point, the smaller the p-value; the smaller the shape, the larger the p-value. (F) Forest plot displaying the results of the univariate Cox analysis. ****P<0.0001, ***P<0.001, **P<0.01, *P<0.05, ns P>0.05.






3.3 Construction and validation of risk score

Through the utilization of LASSO-Cox regression analysis on the aforementioned candidate genes, a subset of 18 genes (VPS3TA, TR1M46, TIGD6, TAF1B, SEH1L, PARVB, NCK1PSD, MRS2, MMP21, KYNU, JTB, IFNW1, GTF2H5, FUBP1, DNAJB14, CDK5RAP1, BCKDHA, ATG2B) was identified for the development of a prognostic risk score based on the minimal criteria of λ (Figures 3A, B). The risk score for each sample was calculated using the formula: Risk score = [(2.298 x VPS3TA expression value) + (-1.112 x TR1M46 expression value) + (1.835 x TIGD6 expression value) + (1.409 x TAF1B expression value) + (0.846 x SEH1L expression value) + (1.177 x PARVB expression value) + (0.027 x NCK1PSD expression value) + (2.525 x MRS2 expression value) + (0.087 x MMP21 expression value) + (0.228 x KYNU expression value) + (-1.391 x JTB expression value) +(1.456 x IFNW1 expression value) + (0.247 x GTF2H5 expression value) + (3.198 x FUBP1 expression value) + (0.043 x DNAJB14 expression value) + (-0.7 x CDK5RAPI expression value) + (0.623 x BCKDHA expression value) + (0.828 x ATG2B expression value)] (Figure 3C). Subsequently, the 164 patients were stratified into two risk groups based on the median risk score, with 113 patients categorized as low-risk and 51 patients as high-risk (Figure 3D). Patients in the high-risk group exhibited higher mortality rates (Figure 3E), as evidenced by the Kaplan-Meier curve demonstrating superior survival rates among patients in the low-risk group (P < 0.0001, Figure 3F). Time-dependent ROC analysis of the risk score revealed that the area under the curve (AUC) was 0.933, 0.966, and 1 for 5-, 7-, and 10-year survival, respectively (Figure 3G).




Figure 3 | Construction and Validation of Risk Score Model. (A) Each curve in the figure represents the trajectory of each independent variable coefficient. The y-axis represents the coefficient values, while the lower x-axis represents log(λ) and the upper x-axis represents the number of non-zero coefficients in the model at that time. (B) The lowest point on the curve indicates the optimal lambda, which is the intersection between the yellow line and the red dot. (C) The histogram shows the distribution of coefficient values for the selected features. The distribution of risk scores (D) and survival times for each patient sample (E) in the training set GSE112676 is shown. The Kaplan-Meier survival curves (F) and time-dependent ROC curves (G) are presented for both high and low-risk groups.



To Validate the prognostic risk score, patients in the validation set, GSE112680, were divided into two groups based on the median risk score (Figure 4A). Patients in the high-risk groups experienced a higher incidence of mortality (Figure 4B), as evidenced by the Kaplan-Meier curve demonstrating significantly greater survival rates among patients in the low-risk group compared to those in the high-risk group (validation set: P = 0.0058 Figure 4C). These findings demonstrate the reliability of the ROC analysis and indicate that the risk scoring model is highly feasible, with AUC values of 0.643, 0.709, and 0.63 for 5-year, 7-year, and 10-year predictions, respectively (Figure 4D).




Figure 4 | Validation of Risk Score Model in GSE112680 geneset. Risk scores (A) and survival time distribution (B) for each patient sample in the validation set GSE112680 were plotted. Kaplan-Meier survival curves (C) for the high and low-risk groups, as well as time-dependent ROC curves (D), were generated.






3.4 Relationship between high- and low-risk groups and immune response

An investigation was conducted to determine the connection between immune-related genes and ALS High- and Low-Risk groups through the analysis of immune cell infiltration. The CIBERSORT algorithm was used to estimate the relative infiltration abundance of immune cell types in each sample (Figure 5A). Additionally, the differences in immune cells between the two risk groups were compared and their significance was assessed using the Wilcoxon test. A total of 22 immune cells infiltrating between the ALS high- and low-risk groups were screened with values of p<0.05, as shown in (Figure 5A). Patients with higher scores exhibited significantly elevated levels of CD4 memory resting Tcells, gamma delta Tcells, and M1 Macrophages while showing relatively lower proportions of CD8 Tcells, M0 macrophages, and NK cells, Mast cell activated and regulatory Tregs T cells. Additional examination of the 18 mitophagy-related genes that were chosen, along with their association with immune cells (Figure 5B), unveiled a noteworthy inverse association between MRS2 and M0 macrophages (r=-0.47, P<0.001, Figure 5C). Conversely, there was a noteworthy positive correlation between DNAJB14 and resting memory CD4 T cells(r=0.47, P<0.001, Figure 5D). Further analysis of eight immune checkpoint genes showed that the expressions of HAVCR2, CD274, PDCD1, and CD86 were elevated and the expressions of CD80 were relatively lower in the high-risk group of ALS (Figure 5E). Since HLA family genes play a crucial role in immune response, we also analyzed the association between HLA family genes and high- and low-risk groups. we found that patients with higher scores exhibited significantly elevated levels of HLA-DPB1, HLA-DRA, and HLA-DMB while showing relatively lower proportions of HLA-G (Figure 5F).




Figure 5 | Relationship Between High- and Low-Risk Groups and Immune Response. The infiltration abundance distribution using the CIBERSORT algorithm (A). (B) Scatter plot illustrating the correlation between the expression levels of model genes and the levels of immune cell infiltration. The color of the points indicates the strength of positive correlation (red) or negative correlation (blue). The size of the points reflects the p-value, with larger points indicating smaller p-values. (C) MRS2 showed a marked negative correlation with M0 macrophages. (D) DNAJB14 exhibited a significant positive correlation with T cells CD4 memory. Box plots displaying the expression levels of immune checkpoint genes (E) and HLA genes (F) between high- and low-risk groups. ****P<0.0001, ***P<0.001, **P<0.01, *P<0.05, ns P>0.05.






3.5 Molecular mechanism analysis between high- and low-risk groups

The enrichment scores for multiple hallmark pathways were calculated using GSEA. Among these pathways, a total of 10 showed significant enrichment, with normalized enrichment scores (NES) greater than 0 indicating activation in the high-risk group and NES less than 0 indicating inhibition in the high-risk group (Figure 6A). To further analyze the high- and low-risk groups in the training set (GSE112676), differential analysis was performed using the limma package with the criteria of adj.P.Val < 0.05 and |logFC| > 1.5. This analysis identified 100 DEGs, including 23 upregulated and 77 downregulated genes (Figure 6B). GO and KEGG pathway enrichment analyses were performed on these 100 DEGs using R software to explore their potential biological functions and pathways. The results of GO functional analysis revealed that the most significant items of GO enrichment included leukocyte mediated immunity, leukocyte cell-cell adhesion, regulation of immune effector process in biological process (BP), secretory granule lumen, cytoplasmic vesicle lumen, mitochondrial outer membrane in cellular component (CC) and transcription coactivator activity in molecular function (MF) (Figures 6C–E). The results of KEGG pathway enrichment analysis showed that they were mainly enriched in Thermogenesis, NOD-like receptor signaling pathway, and Amino sugar and nucleotide sugar metabolism (Figure 6F).




Figure 6 | Molecular mechanism analysis between high- and low-risk groups. (A) GSEA Enrichment Analysis Plot. (B) Volcano plot depicting the differential expression between high- and low-risk groups. GO (C–E) and KEGG (F) enrichment analysis results are displayed, with stronger significance indicated by redder color and lower significance indicated by bluer color.






3.6 Diagnostic analysis of model genes and validation of the four key DEGs in SOD1G93A mice lumbar spinal cord tissue and clinical samples

To verify whether the model genes we screened have significant differences in diagnosis, ROC curves were drawn based on the expression levels of 18 feature genes both in the GSE112676 and GSE112680 datasets. According to it, four of eighteen genes (BCKDHA, JTB, KYNU, GTF2H5) have good diagnostic value in the diagnosis of ALS with AUC>0.6 in both the GSE112676 and GSE112680 dataset (Figures 7A, B), suggesting that these four genes not only have the prognostic effect but also have the potential diagnostic value.




Figure 7 | Diagnostic analysis of model genes and Validation of the four key DEGs in the lumbar spinal cord tissue of SOD1G93A mice and clinical samples. In the training set GSE112676, the ROC plot to assess disease prediction performance (A), as well as box plots were used to depict the differential distribution of model genes (C). (B, D) The same analysis was performed in the validation set GSE112680. Additionally, the expression levels of four key genes were validated by RT-qPCR in ALS mice lumbar spinal cord (E) and peripheral blood samples from ALS patients (F). ****P<0.0001, ***P<0.001, **P<0.01, *P<0.05, ns P>0.05.



Branched Chain Keto Acid Dehydrogenase E1 Subunit Alpha (BCKDHA), Jumping Translocation Breakpoint (JTB), KYNU, and General Transcription Factor IIH Subunit 5 (GTF2H5) (Figures 7C, D) exhibited notable variations in both peripheral blood of ALS patients and the lumbar spinal cord of SOD1G93A mice. Analysis of mRNA expression in SOD1G93A lumbar spinal cord tissue samples revealed an increase in JTB and KYNU expression, while BCKDHA and GTF2H5 expression were found to be downregulated (Figure 7E). Furthermore, to enhance the credibility of these four genes that exhibit differential expression, peripheral blood samples were procured from a cohort of 10 individuals diagnosed with ALS and 10 healthy volunteers to conduct RT-qPCR. The outcomes revealed a significant reduction in mRNA expression levels of BCKDHA and GTF2H5 in the ALS group as compared to the control group (P<0.05), whereas JTB and KYNU exhibited upregulation (P<0.05) (Figure 7F). These findings strongly imply that these four genes possess the potential to function as diagnostic and prognostic biomarkers for ALS.





4 Discussion

ALS is a complex pathological process, that involves oxidative stress, mitochondrial dysfunction, excitotoxicity, and neuroinflammatory responses (18). The exact pathogenesis of ALS remains unclear, leading to a lack of practical early diagnostic markers and treatment options, posing challenges for clinical management. Although ALS primarily affects motor neurons in the brain and spinal cord, peripheral blood analysis may provide noninvasive biomarkers. Hence, it is still important to explore new biomarkers and provide new insight.

In our analysis of the GEO dataset, we found two large patient cohorts (GSE112676 and GSE112680) with prognostic information: a microarray dataset from peripheral blood of ALS patients and controls, with a total of, 1117 participants (19). This dataset is the best resource for identifying ALS blood biomarkers. Swindell et al. conducted a meta-analysis and found 752 ALS-increased DEGs with consistent differential expression in both cohorts (GSE112676 and GSE112680) (16). Genes most strongly elevated in ALS blood included ribosomal protein L9 (RPL9), ribosomal L24 domain containing 1 (RSL24D1), vanin 2 (VNN2), mitochondrial amidoxime reducing component 1 (MARC1) and kynureninase (KYNU).

In this study, genes from the GSE112676 dataset with those involved in the mitophagy process to screen, 4383 DEGs and 22 mitophagy-related DEGs using selection criteria. Subsequently, through single-factor Cox regression analysis of these, 4405 mitophagy-related genes, identified 40 prognosis-related genes. After conducting further LASSO Cox regression analysis, we identified 18 signature genes and used them to establish a risk-scoring model. By stratifying patients into high- and low-risk groups, the relationship between the prognostic model genes and immune infiltration was elucidated. Finally, GSEA and GO/KEGG analyses clarified the pathways enriched by DEGs. ROC curve analysis on the validation set demonstrated the good predictive capability of the model. Finally, we found that four out of the eighteen genes also have prognostic and diagnostic value for ALS. To further determine the expression of these four genes in the disease, we used animal models and clinical samples for the four overlapping genes in the test and training sets. Consistently, JTB and KYNU were upregulated, while BCKDHA and GTF2H5 were downregulated in the ALS group compared to the control group.

Increasing evidence suggests that mitochondrial dysfunction resulting in disrupted energy metabolism is a key pathological feature of ALS (4, 5). The accumulation of impaired mitochondria is regarded as a catalyst for ALS, and concomitantly, deficiencies in mitophagy are also evident in ALS models (20).To date, various genes associated with ALS have been identified to participate in the degradation of damaged mitochondria through the process of mitophagy, such as p62, OPTN, and TBK1 as discussed previously (21, 22). A study showed that mutant SOD1 affects mitophagy by preventing autophagy receptors from binding to damaged mitochondria (23). Wang et al. found that C9ORF72 helps regulate energy balance by stabilizing mitochondrial complex I (24). Mutations in TARDBP lead to TDP-43 buildup in mitochondria. A recent study by Yu et al. suggests a link between TDP-43, mtDNA, and inflammation in ALS development (25). The VCP protein is crucial for maintaining mitochondrial quality control and mutant VCP disrupts the labeling of mitochondria for mitophagy (26, 27). These discoveries suggest that impaired mitochondrial transport may play a role in the development of ALS. However, investigations into mitophagy in ALS have been limited to morphological examinations of autophagosomes and mitochondrial changes. The connection between mitophagy and ALS is not fully understood, and mitophagy-related genes in ALS have not been thoroughly studied using bioinformatics analysis. This study aims to create a prediction model related to mitophagy and explore the relationship between mitophagy-related genes and immune infiltration in ALS to uncover potential immune mechanisms and identify new biomarkers.

JTB regulates cell proliferation during mitosis and can inhibit TGFB1-induced apoptosis (28). Moreover, JTB affects cell proliferation and growth by increasing AURKB activity (29), and its overexpression induces mitochondrial swelling and reduces mitochondrial membrane potential. The results revealed increased mRNA levels of JTB in the serum of ALS patients and the lumbar spinal cord of SOD1G93A mouse models, consistent with the bioinformatics analysis. Other studies have also reported mitochondrial defects and impairment of the autophagy pathway in ALS patients (23, 30). Furthermore, research has shown that overexpression of JTB in cells leads to perinuclear aggregation and swelling of mitochondria, accompanied by a significant decrease in membrane potential, as detected by JC-1 staining (28). Thus, the overexpression of JTB in ALS may induce mitochondrial damage, suggesting a novel key factor in mitochondrial dysfunction associated with ALS.

BCKDHA, together with BCKDHB, forms the E1 subunit of the mitochondrial branched-chain alpha-keto acid dehydrogenase (BCKD) complex (31). This study showed decreased mRNA levels of BCKDHA in the serum of ALS patients and the lumbar spinal cord tissue of SOD1G93A mouse models, consistent with the bioinformatics analysis. BCKDHA and VDAC1 are both mitochondrial proteins that jointly participate in lipid metabolism processes. Research has indicated that BCKDHA and VDAC1 can undergo immunoprecipitation with APOE in mouse liver extracts (32). This interaction plays a crucial role in the energy production processes of mitochondria and helps the liver to adapt to its energy demands. Furthermore, additional studies suggest that BCKDHA (33) induces β-cell mitochondrial dysfunction, stress signal transduction, and cell apoptosis related to type 2 diabetes mellitus (T2DM). Since there are a limited number of studies on BCKDHA and ALS, our study may provide some insights for future research.

KYNU is an enzyme involved in the kynurenine pathway (KP), which generates metabolites with immunomodulatory properties. The activation of the KP and the subsequent overproduction of the KP metabolite quinolinic acid due to neuroinflammation are prevalent characteristics in various neurodegenerative disorders, such as ALS. Mutations in the WARS and KYNU genes negatively impact protein synthesis and cell viability, and cause neurite degeneration in neuronal cells and rat motor neurons (34). The experimental results indicate elevated mRNA levels of KYNU in serum from ALS patients and lumbar spinal cord tissue of SOD1G93A mouse models compared to healthy individuals. This result ties well with previous studies wherein the presence of a functional KP in NSC-34 cells, with KYNU and TDO2 being among the components of the KP in these cells (35). Jennifer et al. identified five genes within the KP (AFMID, CCBL1, GOT2, KYNU, HAAO) that exhibit either unique protein-altering variants or an accumulation of rare protein-altering variants in sporadic ALS cases compared to controls (34). Swindell found KYNU genes most strongly elevated in ALS blood (16). Our results were consistent with these findings and we also showed that a higher expression of KYNU is associated with a better prognosis. Further studies are still needed to clarify why the expression patterns of those genes are different even though they trigger the same canonical pathway of pyroptosis.

GTF2H5 encodes a subunit of the transcription/repair factor TFIIH, which plays a role in gene transcription (36). GTF2H5 and PINK1 are involved in gene expression, transcription pathways, and RNA polymerase II transcription. The results indicate decreased mRNA levels of GTF2H5 in serum from ALS patients and lumbar spinal cord tissue of SOD1G93A mouse models compared to healthy individuals. PHB2 depletion disrupts the stability of PINK1 in mitochondria, thereby blocking the recruitment of PRKN/Parkin, ubiquitin, and OPTN to mitochondria, resulting in inhibited mitophagy (37). Furthermore, GTF2H5 deficiency leads to resistance to free celastrol, a compound derived from Tripterygium (TP) (38). Therefore, decreased expression levels of GTF2H5 in ALS patients may lead to impaired mitophagy.

Neuroinflammation serves as one of the pathological hallmarks of ALS. After central nervous system (CNS) injury, various types of innate and adaptive immune cells from the peripheral circulation, including granulocytes, monocyte-derived macrophages, lymphocytes, and natural killer (NK) cells, can be recruited across the blood-brain barrier (BBB) (39, 40). Post-mortem analysis of ALS patient tissue revealed infiltration of peripheral cells, such as CD4+ and CD8+ T cells, macrophages, and NK cells, into multiple CNS regions, indicating the involvement of immune-mediated events in ALS pathogenesis (41, 42). An annotation-based enrichment analysis revealed that DEGs associated with neutrophils were increased in patients with ALS (16).Our study identified peripheral blood immune cells potentially associated with ALS prognosis, including B naive cells, CD4 naive T cells, CD8 T cells, M0 and M2 macrophages, and neutrophils. Shi et al. also used the GSE112676 and GSE112680 datasets to construct a risk model involving four genes (TRPM2, ROCK1, HSP90AA1, and HSPA4) (43). Moreover, external validation from dataset GSE112681 confirmed the predictive power of the model. TRPM2 down-regulation and ROCK1 up-regulation were also found at the initial stage of our study, but they were not aggregated into further studies due to different directions of subsequent research. Currently, the establishment of prediction models for ALS solely considers DEGs as a single factor, disregarding the variability of the disease. By constructing a gene model, this study not only improves the accuracy of feature gene selection but also enhances the specificity of gene screening.

Currently, there is limited research on mitophagy and immune infiltration in ALS. The expression levels of four key genes in peripheral blood and lumbar spinal cord tissues of ALS mic and found statistically significant expression differences, indicating that JTB, KYNU, BCKDHA, and GTF2H5 in peripheral blood can serve as practical clinical biomarkers for diagnosing ALS patients. However, this study also has some limitations (1): Even though the prognostic risk score performed well, large prospective cohort studies are still needed to validate it; (2) As mitophagy-related genes continue to be discovered, the model needs constant improvement; (3) The expression levels of four prognostic model genes were verified using qRT-PCR in vitro through the collection of clinical samples and mouse models, without delving into the underlying mechanism. Hence, additional research is warranted to elucidate the molecular mechanisms involved.

In conclusion, we have created and verified a new prognostic predictive risk score for ALS based on four mitophagy-related genes. This risk score demonstrated its independence as a prognostic factor for ALS outcomes. Furthermore, the analysis of the correlation between these four genes and immune infiltration in ALS indicated a potential involvement of the interaction between mitophagy-related genes and immune cell infiltration in the regulation of ALS pathogenesis. These results offer a fresh perspective on the roles of mitophagy and immune infiltration in ALS and lay the groundwork for further investigations.
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Oxidative stress is caused by an imbalance between the production of reactive oxygen species (ROS) and the body’s ability to counteract their harmful effects, playing a key role in the pathogenesis of brain and lung-related diseases. This review comprehensively examines the intricate mechanisms by which oxidative stress influences cellular and molecular pathways, contributing to neurodegenerative, cardiovascular, and respiratory disorders. Emphasizing the detrimental effects on both brain and lung health, we discuss innovative diagnostic biomarkers, such as 8-hydroxy-2′-deoxyguanosine (8-OHdG), and the potential of antioxidant therapies. For these topics, we provide insights into future research directions in the field of oxidative stress treatment, including the development of personalized treatment approaches, the discovery and validation of novel biomarkers, and the development of new drug delivery systems. This review not only provides a new perspective on understanding the role of oxidative stress in brain and lung-related diseases but also offers new insights for future clinical treatments.
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1 Introduction

Oxidative stress, characterized by the imbalance between the production of reactive oxygen and nitrogen species (ROS/RNS) and the detoxification capacity of the body toward these reactive intermediates, plays a crucial role in various diseases including the brain and lungs. In the cellular environment, oxidative stress disrupts cell signaling, gene expression, and protein function through the accumulation of ROS and RNS, leading to cell damage and death (Forman and Zhang, 2021; Jelinek et al., 2021). Under physiological conditions, ROS and RNS indeed play pivotal roles in cellular signaling, immune function, and the homeostasis of the cellular environment. They act both as signaling molecules that promote physiological responses and, when in excess, can lead to oxidative stress pathologies characterized by cellular and biochemical complexities (Zarkovic, 2020). However, an excess of ROS and RNS can indeed have deleterious effects, including the oxidative damage to DNA, proteins, and lipids, thereby compromising cellular function and integrity (Schieber and Chandel, 2014).

In the brain, oxidative stress is closely associated with a range of neurodegenerative diseases, stroke, and traumatic brain injury (TBI). Accumulation of ROS can result in neuronal damage and loss, making significant contributions to the pathophysiology of these diseases. Furthermore, oxidative stress is also linked to neuroinflammation and blood–brain barrier dysfunction, which are key features in the progression of neurological disorders (Jelinek et al., 2021). Accumulation of ROS in the brain can cause oxidative damage to DNA, proteins, and lipids, leading to neuronal injury and loss (Radak et al., 2011). In addition, oxidative stress is closely associated with neuroinflammation, which serves as a defensive but potentially harmful response of the brain’s immune system to various damages (Teleanu et al., 2022). Oxidative stress also disrupts the integrity of the blood–brain barrier, resulting in increased permeability and functional impairment. This disruption allows inflammatory cells and potentially harmful substances to infiltrate the brain, further contributing to neuronal damage and the progression of neurodegenerative diseases (Katsi et al., 2020).

Similarly, in the lungs, oxidative stress is a critical factor in the pathogenesis of diseases such as chronic obstructive pulmonary disease (COPD), pulmonary fibrosis, and acute respiratory distress syndrome (ARDS). Oxidative damage in lung tissue can lead to disruption of cellular barrier function, enhanced inflammatory response, and aggravated fibrosis process (Hecker, 2018; Bezerra et al., 2023). This pathological condition arises when there is an imbalance between the production of ROS and the lung’s ability to detoxify these harmful compounds or to repair the resulting damage (Snezhkina et al., 2019). Reactive oxygen species, such as free radicals and peroxides, are generated as byproducts of normal cellular metabolism; however, their levels can become excessively elevated due to environmental factors such as pollution, cigarette smoke, or infections (Sies and Jones, 2020).

Despite the anatomical and functional differences between the brain and lungs, they engage in complex bidirectional communication under conditions of oxidative stress. For instance, brain injury can activate the neuroimmune lung axis, potentially leading to pulmonary pathology (Ziaka and Exadaktylos, 2021). Conversely, lung diseases can impact neural function through oxidative stress and inflammatory pathways (Bezerra et al., 2023). These interactions emphasize the importance of considering the health of two organs in the context of a disease that may initially affect one organ, implying that when one organ experiences stress or damage, it can trigger a cascade of reactions in another organ.

Based on the information presented above, this review aims to delve into the molecular mechanisms of oxidative stress in the interplay between the brain and lungs, with a specific focus on dynamic changes under healthy and disease conditions. By synthesizing existing research, we aim to elucidate how oxidative stress affects the interaction between these two critical organ systems and its potential implications for future therapeutic strategies.



2 Basic concepts of oxidative stress


2.1 The generation and regulation of free radicals and ROS

Free radicals and ROS are molecules with at least one unpaired electron, making them highly reactive. These substances include oxygen free radicals (such as superoxide anion, hydroxyl radical, perhydroxyl radical, and singlet oxygen) as well as nitrogen free radicals. Under physiological conditions, ROS are produced in liver cells and macrophages through cellular processes such as aerobic respiration or inflammatory processes. ROS primarily function as signaling molecules and also participate in cell differentiation and apoptosis, thereby promoting the natural aging process (Jakubczyk et al., 2020). Excessive production of ROS may be caused by prolonged exposure to UV radiation, chronic stress, intense physical activity, improper diet, and the use of irritants (Lushchak, 2015).



2.2 The effects of oxidative stress on cell function

Reactive oxygen species are chemically reactive molecules containing oxygen that play a dual role within biological systems, acting both as vital signaling molecules and as detrimental agents when present in excess. They interact with several molecules within cells, significantly affecting cell function. Specifically, ROS can react with three major classes of macromolecules: lipids, proteins, and DNA.

Lipids are susceptible to ROS through a process known as lipid peroxidation, where ROS attack the polyunsaturated fatty acids in cell membranes (Kim et al., 2023). This attack leads to the formation of lipid peroxides, disrupting the membrane’s integrity and fluidity, and can result in cell lysis or apoptosis. Additionally, proteins can also be modified by ROS through oxidation of amino acid residues, particularly cysteine and methionine, leading to changes in protein structure and function (Kim et al., 2014). This modification can affect enzyme activity, receptor function, and signal transduction pathways, altering the cell’s normal operations and responses. DNA is another critical target of ROS. Oxidative damage to DNA includes base modifications, strand breaks, and cross-linking, which can result in mutations and chromosomal aberrations. These genetic alterations can disrupt normal cell cycle progression, affect gene expression, and lead to carcinogenesis (Lovell and Markesbery, 2007; Tung et al., 2012). Moreover, ROS influence cellular processes such as proliferation, differentiation, and apoptosis by modulating various signal transduction pathways and gene expression mechanisms. For instance, ROS can activate or inhibit transcription factors like NF-κB and AP-1, which are involved in the regulation of genes responsible for cell survival, growth, and death (Fujioka et al., 2004; Morgan and Liu, 2011). However, the accumulation of excessive ROS within cells can trigger cellular stress responses, such as the activation of antioxidant defense mechanisms or the induction of programmed cell death pathways. When the balance tips toward an overproduction of ROS, it can lead to oxidative stress, resulting in significant cell damage or death. This oxidative stress is a key pathogenic factor in the development of various diseases, including neurodegenerative disorders, cardiovascular diseases, and cancer (Schieber and Chandel, 2014).

In summary, ROS interact with and can damage key cellular molecules like lipids, proteins, and DNA, thereby disrupting normal cellular functions and contributing to disease pathogenesis. The body’s ability to counteract or repair such damage is crucial for maintaining cellular health and preventing disease progression. Table 1 demonstrates an overview of ROS interactions with cellular macromolecules and their biological roles.


TABLE 1 Reactive oxygen species interactions with cellular macromolecules and their biological effects.
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2.3 The association between oxidative stress and disease

A myriad of intricate connections between oxidative stress and diseases has been substantiated. Oxidative stress is a state that can lead to damage to cellular structure and function, characterized by the involvement of oxygen-containing free radicals capable of undergoing oxidation reactions. These radicals are produced during normal cellular metabolism and play crucial roles in vital physiological processes such as cell signaling and immune function (Chaudhary et al., 2023). However, when the accumulation of free radicals surpasses the scavenging capacity of antioxidants within the body, oxidative stress ensues, potentially leading to damage to proteins, lipids, and DNA, thereby precipitating the development of various diseases (Chaudhary et al., 2023). Consequently, a close association exists between oxidative stress and diseases related to the brain and lungs. For instance, an acute increase in ROS production following ischemic stroke overwhelms antioxidant defenses, leading to further tissue damage. Reperfusion therapy, despite facilitating blood reflow, results in the generation of highly detrimental ROS, culminating in oxidative stress that contributes to the majority of ischemic reperfusion injuries and, consequently, brain tissue damage (Allen and Bayraktutan, 2009). Furthermore, oxidative stress and inflammation play significant roles in both acute and chronic lung injury, where new therapeutic targets include mitochondrial ROS, NLRP3 inflammasomes, DNA sensors, cell death pathways, and IL-1 inhibitors (Wiegman et al., 2020).

In the progression of cancer, oxidative stress also plays a pivotal role. Oxidative stress can promote the onset and progression of tumors, including brain and lung cancers. Regarding brain cancer, oxidative stress can accelerate tumor cell proliferation and invasion through mechanisms such as DNA damage, promotion of inflammatory responses, and alteration of cell signaling pathways. For instance, glioblastoma multiforme (GBM), a highly aggressive form of brain cancer, is associated with oxidative stress-related DNA damage (Rezatabar et al., 2019). Moreover, by altering the tumor microenvironment, such as affecting angiogenesis around the tumor, oxidative stress further promotes the growth and metastasis of brain cancer (Aboelella et al., 2021). Similarly, oxidative stress plays a key role in lung cancer. Smoking, a major risk factor for lung cancer, produces a significant amount of free radicals, leading to oxidative stress. This not only directly damages the DNA of lung cells, increasing the risk of mutations and thus promoting carcinogenesis, but also activates inflammatory responses, facilitating the establishment of a tumor microenvironment conducive to the development of lung cancer (Caliri et al., 2021). Additionally, oxidative stress, including that mediated by the nicotinamide adenine dinucleotide phosphate (NADPH) oxidase family, can further promote cancer progression through mechanisms affecting apoptosis, cell cycle regulation, and intercellular signaling, potentially following the same mechanisms in lung cancer (Vermot et al., 2021).




3 Role of oxidative stress in the lung


3.1 The biological basis of oxidative stress in the lungs

In the pathophysiology of asthma, recruitment and activation of inflammatory cells such as neutrophils, macrophages, and eosinophils lead to increased levels of ROS and RNS, triggering oxidative/nitrosative stress and reducing antioxidant enzyme activity. This process activates transcription factors such as nuclear factor erythroid 2-related factor 2 (NRF2) and nuclear factor-kappa B (NF-κB). The pathophysiology of COPD is influenced by oxidative substances, resulting in chronic inflammation and the development of diseases such as emphysema and bronchitis. Gao et al. (2015) emphasized the decreased expression of Klotho in airway epithelial cells of COPD patients and its impact on inflammation and oxidative damage in their study. Sokolowska et al. (2019) investigated the effects of ozone exposure on the respiratory barrier in a mouse model, revealing how oxidative stress triggers inflammation and airway remodeling. Additionally, Wiegman et al. (2015) explored how oxidative stress-induced mitochondrial dysfunction drives inflammation and airway smooth muscle remodeling in COPD patients. Antioxidant mechanisms play a crucial role in the lung’s response to inflammation caused by tobacco smoke and other substances (Wiegman et al., 2015). In idiopathic pulmonary fibrosis (IPF), factors such as age and environmental exposure promote its development. Oxidative stress and inflammation play important roles in tissue repair and remodeling. Over-oxygenation of healthy lungs leads to injury and inflammation, exacerbating lung inflammation under existing conditions and activating pathways such as mitogen-activated protein kinase (MAPK), c-Jun N-terminal kinase (JNK), and NF-κB (Alharbi et al., 2022).



3.2 The role of oxidative stress in lung diseases


3.2.1 COPD

Oxidative stress plays a crucial role in the pathogenesis of COPD. COPD is characterized by chronic airway inflammation, and oxidative stress exacerbates this process by promoting the activation of inflammatory cells and the release of inflammatory mediators. Accumulation of ROS is considered a key factor in airway remodeling in COPD, leading to epithelial cell damage, fibrosis, and airway smooth muscle proliferation (Rahman, 2005). In addition, oxidative stress is associated with systemic inflammation and lung function impairment in COPD patients (Nucera et al., 2022).

Long-term smoking is a major cause of COPD, providing an important source of chronic inhaled oxidants. Additionally, several inflammatory and structural cells in the lower airways of COPD patients act as endogenous sources of oxidants, even in ex-smokers (Mumby and Adcock, 2022). A systematic review have indicated that oxidative stress in the lower airways increases during stable and exacerbation periods in COPD patients compared to age-matched smokers (Zinellu et al., 2021). Therefore, antioxidant therapy strategies such as N-acetylcysteine and antioxidant supplementation have been shown to be beneficial in COPD patients, suggesting that reducing oxidative stress can improve disease symptoms and quality of life (Nucera et al., 2022). Figure 1 depicts these mechanisms.
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FIGURE 1
The role of oxidative stress in lung disease with associated and therapeutic strategies. This figure provides an overview of the oxidative stress mechanisms and improvement strategies for lung-related diseases and conditions. The major diseases and conditions include COPD, pulmonary fibrosis, asthma, and ARDS. By reducing ROS/RNS levels and increasing antioxidant capacity, using antioxidants and medications, and making lifestyle changes, oxidative stress in these diseases and conditions can effectively be reduced.




3.2.2 Pulmonary fibrosis

Pulmonary fibrosis is a disease characterized by abnormal repair and fibrosis of lung tissue, in which oxidative stress plays a crucial role in its development. During the process of pulmonary fibrosis, there is an increased production of ROS, resulting in damage and death of alveolar epithelial cells, subsequently triggering activation of fibroblasts and excessive deposition of collagen. This process involves various molecular mechanisms, including cell apoptosis and alteration of extracellular matrix. Studies have indicated that environmental toxins, activation of mitochondria/NADPH oxidase, and depletion of antioxidant defense are the main sources of oxidative stress in pulmonary fibrosis (Mastruzzo et al., 2002).

Furthermore, oxidative stress also promotes inflammation, exacerbating lung tissue damage and the fibrotic process. For instance, NRF2 plays a role in regulating oxidative stress levels in the lungs and T helper type 1/T helper type 2 (Th1/Th2) balance, which may have important implications in the development of pulmonary fibrosis (Walters et al., 2008).

Antioxidant therapy has shown potential in managing pulmonary fibrosis. For example, the use of antioxidants such as N-acetylcysteine may help slow down the progression of the disease and improve lung function in patients. The effectiveness of this treatment approach may be attributed to its role in neutralizing ROS and enhancing antioxidant defense mechanisms (Walters et al., 2008). Figure 2 depicts these mechanisms.
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FIGURE 2
Main manifestations of oxidative stress in the brain and protection strategies. This figure illustrates the oxidative stress mechanisms and improvement strategies of brain-related diseases. The main diseases and conditions include stroke, AD, PD, MS, and TBI. The main improvement strategies involve the use of antioxidants, uric acid, albumin, silicic acid (for maintaining cell vitality), and promoting neural regeneration.




3.2.3 Other pulmonary diseases

In addition to COPD and pulmonary fibrosis, oxidative stress also plays a crucial role in other pulmonary diseases. The role of oxidative stress varies greatly among different pulmonary diseases. In the case of asthma, oxidative stress promotes its development by affecting redox-sensitive signaling pathways. Low levels of oxidative stress activate the Keap1-NRF2-ARE signaling pathway, inducing the expression of antioxidant and detoxification enzyme genes to eliminate excessive ROS (Liu K. et al., 2022). On the other hand, higher levels of oxidative stimulation activate the NF-κB, Toll-like receptors (TLRs), and MAPK signaling pathways, leading to the upregulation of inflammatory mediators, including pro-inflammatory cytokines and pro-oxidant enzymes, such as NADPH oxidase (NOX) and inducible nitric oxide synthase (iNOS), resulting in excessive ROS production. Additionally, TLRs also promote increased ROS production by mitochondria (Liu K. et al., 2022).

In the pathogenesis of asthma, the imbalance between excessive ROS production and reduced antioxidant defense mechanisms leads to the generation of oxidative stress. Oxidative stress plays an important role in the development and progression of asthma, which is characterized by the accumulation of inflammation and immune events. In asthma, the generation of oxidative stress occurs due to the imbalance between excessive ROS production and reduced antioxidant defense mechanisms (Liu K. et al., 2022; Michaeloudes et al., 2022).

In addition to the well-established mechanisms of oxidative stress in asthma, recent studies have expanded our understanding of nitrosative stress and its biomarkers in other pulmonary conditions. For instance, Galiniak et al. (2023) explored biomarkers of nitrosative stress in cystic fibrosis, revealing significant findings in the serum of patients, which underscores the complex interplay between oxidative and nitrosative stress in pulmonary diseases. Another study highlights the critical roles of oxidative stress in pulmonary disease progression, further emphasizing the need for detailed investigations into these mechanisms across a range of conditions (Pinzaru et al., 2023).

In ARDS, oxidative stress has been studied from a multidisciplinary perspective regarding its role in cellular metabolism in lung health and disease. For instance, a study investigated the effects of Taxus cuspidata ethanol extract (TO) and TO-mediated photodynamic therapy (TO-PDT) on A549 lung cancer cells. Morphological changes in the cell nucleus and cell membrane were observed in cells treated with TO and TO-PDT. These findings suggest that TO can serve as a photosensitizer during PDT to enhance its direct cytotoxic effects on cancer cells (Arunachalam et al., 2022; Liu K. et al., 2022).




3.3 Therapeutic strategies for oxidative stress

In the treatment of oxidative stress-related diseases, such as brain and lung diseases, therapeutic strategies indeed involve reducing the generation of ROS/RNS and enhancing the body’s antioxidant defense capacity. These diseases include neurodegenerative diseases, cardiovascular diseases, and cancer, among others. In this regard, traditional antioxidants, such as vitamin E, vitamin C, and beta-carotene, have been used to neutralize free radicals in the body and reduce oxidative stress. These antioxidants lower the levels of ROS/RNS by directly reacting with free radicals, thereby protecting cells from oxidative damage (Firuzi et al., 2011). Certain drugs, such as n-acetylcysteine (NAC) (Zhang et al., 2011)and thiazolidine derivatives (TZDs) (Sá et al., 2017), can increase the intracellular levels of glutathione, an important intracellular antioxidant that helps neutralize ROS (Firuzi et al., 2011).

Recent research has shown that antioxidant delivery systems based on nanotechnology are being studied to more effectively deliver antioxidants to cells and tissues affected by oxidative stress. These systems enhance treatment efficacy by improving the bioavailability and targeting of the drugs. For instance, antioxidant-based nanotherapy has demonstrated advantages in alleviating oxidative stress in neurodegenerative diseases, effectively neutralizing oxidative stress by improving the half-life and bioavailability of antioxidants and enhancing their ability to cross the blood–brain barrier (Ashok et al., 2022).

In addition, lifestyle improvements such as a balanced diet, regular exercise, and avoiding smoking are also considered effective means of reducing oxidative stress. These changes help enhance the natural antioxidant defense system and reduce the risk of chronic diseases caused by oxidative stress (Sorriento et al., 2018). Targeted treatments for specific diseases, such as alleviating the condition of COPD or neurodegenerative diseases using certain medications, may also involve reducing oxidative stress. These therapies may include specific antioxidants or anti-inflammatory drugs (Firuzi et al., 2011; Gonçalves and Romeiro, 2019). These are briefly depicted in Figure 1.




4 Oxidative stress in the brain


4.1 Biological basis of brain oxidative stress

In the brain, oxidative stress is a condition caused by an excessive production of free radicals and ROS, which are effectively neutralized under normal physiological conditions through antioxidant mechanisms. When this balance is disrupted, oxidative stress occurs in the brain. Enzymes such as NOX, xanthine oxidase (XO), nitric oxide synthase (NOS), superoxide dismutase (SOD), myeloperoxidase (MPO), catalase (CAT), and glutathione peroxidase (GSH-Px) are major contributors to oxidative stress (Jelinek et al., 2021).

Oxidative stress in the brain involves multiple mechanisms, including neurotransmitter auto-oxidation, lipid peroxidation, and redox signaling. For example, dopamine auto-oxidation produces semiquinone radicals, which further generate superoxide anions and hydrogen peroxide. Lipid peroxidation involves a multistep process, including generation of free radicals, oxidation, and propagation of chain reactions, all of which can lead to cell damage in the brain (Cobley et al., 2018).

Furthermore, oxidative stress in the brain is closely associated with neurofunction, pathological changes, and aging. Redox biology plays a crucial role in neurofunction, dysfunction, and aging. Studies have shown that redox signaling plays an important role in neurotransmitter release, cognitive function, and aging processes (Franco and Vargas, 2018).



4.2 Oxidative stress in neurological disorders


4.2.1 Stroke

Ischemic stroke is a severe neurological disorder, and its pathogenesis is mainly related to oxidative stress. Oxidative stress plays a crucial role in the occurrence of stroke, directly affecting the severity of the condition and the recovery process of function.

Hydroxyl radicals are potent oxidants that rapidly oxidize neighboring molecules, leading to cell damage. Lipid peroxidation chain reactions are important oxidative stress reactions, which are initiated by hydroxyl radicals (Lushchak, 2014). Superoxide not only directly causes oxidative stress reactions but also acts as a precursor for hydrogen peroxide and peroxynitrite, further exacerbating the extent of oxidative damage (Quijano et al., 2007). Lipid peroxidation reactions result in damage to the brain cell membrane and play a vital role in the stroke process, intensifying cell injury (Manzanero et al., 2013). Additionally, superoxide promotes the release of iron from iron-sulfur proteins, catalyzing the production of more oxidative stress reactions (Kurtz, 2004). Peroxynitrite is a non-radical strong oxidant that can cause protein nitration, altering its function and leading to cell damage (Pisoschi and Pop, 2015).

All these mechanisms collectively contribute to the aggravation of oxidative stress reactions in stroke, resulting in neuronal damage and death. Studies have shown that the levels of malondialdehyde (MDA), a biomarker of lipid peroxidation, are related to the severity of stroke and functional recovery. Mendioroz et al. (2011) found that 59.9% of stroke patients showed a moderate to severe NIHSS score (16–20) at admission, while Mansour et al. (2015) reported a median NIHSS score of 22 (16–30) within 24 h and 20 (11–30) after 72 h (Elsayed et al., 2020). Moreover, the generation of superoxide and the formation of peroxynitrite are the main sources of oxidative stress in stroke. Studies have indicated that peroxynitrite, the non-radical form of peroxynitrite, is a very strong oxidant with reactivity of its decomposition intermediate, capable of rapidly causing protein nitration and altering protein function (Forman and Zhang, 2021).

Overall, these mechanisms collectively contribute to the exacerbation of oxidative stress during the stroke process, thereby affecting the pathophysiology of stroke and the recovery of patients. These aspects are all reflected in Figure 2.



4.2.2 Neurodegenerative diseases

Neurodegenerative diseases such as Alzheimer’s disease (AD), Parkinson’s disease (PD), Huntington’s disease (HD), and multiple sclerosis (MS) exhibit significant effects of oxidative stress throughout their progression.

Reactive oxygen species production is a crucial process in neurodegenerative diseases. These ROS, including superoxide anions, hydroxyl radicals, hydroxide ions, and hydrogen peroxide, are the main mediators of oxidative stress (Kim et al., 2015). Oxidative stress leads to the oxidation of nucleic acids, proteins, and lipids, resulting in the formation of advanced glycation end products, impairment of mitochondrial function, activation of glial cells, deposition of amyloid-β plaques, cell apoptosis, cytokine production and inflammatory response, as well as dysfunction of proteasomes (Yaribeygi et al., 2018). Oxidative stress is considered a major factor contributing to neurodegeneration and cell death in AD, PD, and other neurodegenerative diseases. These diseases typically manifest as progressive loss of neurons and impaired motor or cognitive function (Niedzielska et al., 2016). Mitochondrial dysfunction is closely associated with oxidative stress, especially in the context of neurodegenerative diseases. Mitochondrial damage leads to cellular metabolic imbalance and reduced energy production, further exacerbating oxidative stress (Liu et al., 2017). Intriguingly, research into MS has revealed the pivotal role of oxidative stress in its pathogenesis. One article has demonstrated that ROS play a significant role in the etiology of MS, leading to demyelination and axonal damage, as well as the activation and proliferation of T cells (Ohl et al., 2016). Furthermore, an increase in oxidative and glycoxidative damage to serum proteins in MS patients has been identified, offering potential biomarkers for monitoring therapeutic efficacy and understanding the role of oxidative stress in the pathophysiology of MS. These biomarkers include protein carbonyls, advanced oxidation protein products (AOPP), dityrosine, glycophore, kynurenine, N′-formylkynurenine, and thiol groups, among others (Sadowska-Bartosz et al., 2013).

Due to the key role of oxidative stress in neurodegenerative diseases, antioxidant therapeutic strategies are considered potential approaches for these diseases. However, the effectiveness of these strategies is still controversial, and further research is needed to clarify their role in the treatment of neurodegenerative diseases. The above content is briefly outlined in Figure 2.



4.2.3 TBI

In recent years, oxidative stress has increasingly been acknowledged as a key factor in the pathophysiology of TBI. Research has revealed the potential value of antioxidant therapy in mitigating the impact of TBI, particularly in combating the excessive generation of ROS and free radicals induced by brain injury (Hall et al., 2010). Additionally, mitochondrial dysfunction plays a significant role in the degradation of neuronal cytoskeleton following TBI, suggesting that targeting the mitochondrial pathway may be an effective intervention (Hill et al., 2017).

On the other hand, the administration of high-dose intravenous vitamin C as a novel approach for treating TBI has garnered considerable attention due to its demonstrated effectiveness in reducing oxidative stress and improving clinical outcomes (Leichtle et al., 2020). Furthermore, the development of novel antioxidant neuroprotective drugs has emerged as a crucial area of investigation, targeting specifically the oxidative stress pathway with the aim of protecting neurons from damage (Hall et al., 2019).

To comprehensively understand the impact of antioxidant therapy on TBI cases, a series of systematic reviews have been conducted. These evaluations extensively analyze how oxidative stress affects TBI patients and explore the potential benefits of antioxidant therapy (Shen et al., 2016). Moreover, research has identified an increased expression of mitochondrial deubiquitinase ubiquitin-specific protease 30 (USP30) following TBI, leading to impaired mitochondrial quality control. This finding suggests that targeting USP30 may be a novel strategy for alleviating secondary brain injury after TBI (Wu et al., 2023).

Overall, these studies collectively underscore the importance of addressing oxidative stress in the treatment of TBI and highlight the necessity of further exploring targeted therapeutic approaches to mitigate oxidative stress-induced damage to the brain. Therefore, oxidative stress holds crucial significance in the advancement of TBI research. Figure 2 reflects the above content.




4.3 Neuroprotection strategies

When oxidative stress damages the nervous system, various intervention strategies have shown potential effects. The application of antioxidants is considered a key approach. Studies have found a strong association between intake of vitamins C and E and delayed onset of AD in elderly individuals (Kontush and Schekatolina, 2004; Costanzi et al., 2008). Free radicals trigger neurodegenerative diseases through mechanisms such as lipid peroxidation, protein oxidation, and DNA damage (Franzoni et al., 2021). Kim et al.’s (2015) research further demonstrated that ROS cause cellular damage by disrupting the structure and function of biomolecules. Additionally, natural compounds such as quercetin possess neuroprotective properties. Arredondo et al.’s (2010) study revealed that quercetin can protect against oxidative stress-induced neuronal damage by promoting NRF2 nuclear translocation and increasing glutathione levels.

In the treatment of ischemic stroke, antioxidants such as uric acid and albumin have been proven to reduce stroke risk, with mechanisms involving the clearance of harmful ROS (Lee et al., 2020). Furthermore, maintaining cellular vitality during hypoxia is critical for neuroprotection strategies. Chtourou et al.’s (2012) research found that silibinin has a protective effect against manganese-induced neurotoxicity, achieved through improvements in cerebellar redox state and cholinergic functioning. Finally, significant progress has been made in research on neural regeneration in the field of neurodegenerative diseases. Despite the limited self-healing and regenerative capabilities in the central nervous system, current studies are exploring regenerative therapeutic approaches for neurodegenerative diseases (Simon and Standaert, 1999).

These research directions and findings provide a series of potential neuroprotection strategies, highlighting the potential value of antioxidants and natural compounds, as well as revealing new treatment targets and methods. These achievements lay a solid foundation for future research and clinical practice. Figure 2 depicts these treatment strategies.




5 Oxidative stress in brain–lung crosstalk


5.1 How oxidative stress impacts brain–lung communication

The significant role of oxidative stress in lung diseases has been established through research, particularly in the context of aging and chronic diseases such as COPD. Studies have highlighted the impact of cellular aging on respiratory tract infections and emphasized the importance of understanding plasma membrane repair mechanisms in pulmonary diseases (Cong et al., 2017; Yanagi et al., 2017). In addition, Cho and Stout-Delgado (2020) stressed the influence of aging on lung diseases, with oxidative stress potentially exacerbating this impact. Extensive literature supports the involvement of oxidative stress in neurodegenerative diseases. It contributes to the pathophysiology of conditions like AD, PD, and amyotrophic lateral sclerosis, promoting an imbalance in dopamine, iron, and alpha-synuclein in the brain, thereby generating oxidative stress (Bedard and Krause, 2007; Feitosa et al., 2018).

Research on oxidative stress genes associated with acute lung injury (ALI) has unveiled crucial biomarkers, highlighting the close relationship between oxidative stress and ALI and indicating the intertwining of immune response and oxidative stress in pulmonary diseases (Liu et al., 2023). The NOX, which generate ROS, play a significant role under both physiological and pathological conditions. Understanding the dynamics of these enzymes is essential for managing oxidative stress-related diseases affecting both the brain and lungs (Begum et al., 2022).

Oxidative stress-mediated disruption of the blood–brain barrier is a critical factor in neurological disorders. Iron metabolism, closely linked to oxidative stress, plays a crucial role in various neurological conditions. This aspect of oxidative stress has been demonstrated to impact diseases such as HD, PD, and AD (Song et al., 2020).

Thus, the relationship between oxidative stress and brain–lung crosstalk is intricate and multifaceted, involving a range of cellular and molecular processes. These studies provide a foundation for further exploration of oxidative stress-targeted therapeutic strategies in neurodegenerative and pulmonary diseases.



5.2 The role of ROS in brain–lung crosstalk: bridging neural, immune, and endocrine pathways

This section delves into the pivotal role of ROS in mediating brain–lung crosstalk through neural, immune, and endocrine pathways (Table 2). It illustrates how severe TBI can trigger pulmonary dysfunction via neuro-immune interactions facilitated by ROS, which disrupt the blood–brain barrier and enhance systemic inflammation, leading to conditions like ARDS. Furthermore, the immune pathways highlight ROS’s critical function in activating brain’s immune cells and macrophages, contributing to inflammation and influencing lung health. This is further compounded by endocrine pathways, where the hypothalamic-pituitary-adrenal (HPA) axis’s regulation by oxidative stress affects immune responses and susceptibility to lung infections and inflammation. Additionally, at a molecular level, ROS influence key signaling pathways such as NF-κB and MAPK, crucial for regulating inflammation and cellular stress responses, thus underscoring ROS’s comprehensive role in bridging neural, immune, and endocrine mechanisms affecting both brain and lung health.


TABLE 2 Detailed analysis of the role of ROS in brain–lung crosstalk: bridging neural, immune, and endocrine pathways.
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5.2.1 Neural pathways

Neurological injuries, particularly severe TBI, have been shown to induce pulmonary dysfunction through neuro-immune interactions. These interactions are mediated by ROS, which exacerbate lung inflammation by disrupting the blood–brain barrier, facilitating the systemic spread of inflammatory mediators. For instance, a study demonstrated that TBI can lead to ARDS, where ROS play a significant role in the pathogenesis by promoting inflammation and exacerbating lung damage (Qian et al., 2020).



5.2.2 Immune pathways

The immune response plays a crucial role in bridging brain and lung health, significantly influenced by ROS. ROS are highly reactive chemicals containing oxygen, produced either exogenously or endogenously, and are essential for various biological functions, including cell survival, proliferation, differentiation, and immune response. They are related to a wide variety of human disorders, such as chronic inflammation, age-related diseases, and cancers (Yang et al., 2013).

In the context of neuroinflammation, ROS activate microglia, the resident immune cells of the brain, leading to the production of inflammatory cytokines. This process exacerbates neuroinflammation and can affect pulmonary health by inducing a systemic inflammatory response (Morris et al., 2022). The activation of macrophages by ROS involves metabolic reprogramming and redox factors, leading to the activation of proinflammatory cytokines and chemokines, iNOS, and HIF1α, crucial for maintaining macrophage activation and M1 polarization (Morris et al., 2022). This shift is indispensable for increasing phagocytosis, production of ROS, and proinflammatory cytokines. Conversely, pulmonary infections increase ROS production in lung tissue, affecting the central nervous system by enhancing neuroinflammation through cytokine-mediated mechanisms.

Reactive oxygen species-associated immune response and metabolism are intricately linked to the pathophysiology of various diseases, highlighting the role of metabolic reprogramming in immune responses, particularly in macrophages (Banerjee et al., 2020). The regulation of oxidative stress by ROS is crucial for both initiating and resolving inflammation, underlining the complex role ROS play in immune responses and disease pathogenesis.



5.2.3 Endocrine pathways

Endocrine interactions, particularly those involving oxidative stress and the brain–lung crosstalk, are indeed complex and significantly influenced by the HPA axis. The regulation of the HPA axis and its interaction with oxidative stress mechanisms have profound implications for immune function and susceptibility to infections and inflammation in the lungs (Spiers et al., 2014; Leistner and Menke, 2020; Palma-Gudiel et al., 2021).

A study highlighted that HPA axis dysregulation is associated with altered immune function through epigenetic mechanisms, including DNA methylation changes in genes related to immune and HPA axis function. It found that higher cortisol levels, indicative of blunted HPA axis feedback, were associated with lower DNA methylation at certain gene sites involved in immune response regulation, suggesting a link between chronic stress, HPA axis function, and immune response modulation (Palma-Gudiel et al., 2021). Further research into the HPA axis’s role in stress responses elucidates how its dysregulation can contribute to various mental and physical health issues (Leistner and Menke, 2020). This research has identified distinct sex differences in the HPA axis’s regulation in response to stress, which might explain the variations in susceptibility to stress-related disorders between genders (Leistner and Menke, 2020). Moreover, the activation of the HPA axis and subsequent release of glucocorticoids have been shown to induce oxidative stress within cells, particularly affecting the redox system (Spiers et al., 2014). This system plays a crucial role in managing oxidative phosphorylation and maintaining cellular health. The exposure to glucocorticoids, particularly in the hippocampus, has been linked to increased oxidative stress, highlighting the intricate relationship between HPA axis activity, glucocorticoid release, and cellular oxidative balance (Spiers et al., 2014).

These findings collectively underscore the intricate interplay between the HPA axis, endocrine responses, oxidative stress, and immune function. Understanding these relationships is crucial for developing interventions aimed at mitigating the adverse effects of stress and oxidative stress on health, particularly in the context of lung health and susceptibility to infections and inflammation.



5.2.4 Molecular and cellular mechanisms

At the molecular level, ROS influence several key signaling pathways, including NF-κB and MAPK pathways, which play a significant role in the regulation of inflammation and cellular stress responses in various diseases affecting the brain and lungs. The activation of these pathways by ROS can lead to an increased expression of inflammatory cytokines, chemokines, and adhesion molecules, thereby promoting the recruitment of immune cells to sites of injury or infection.

Reactive oxygen species are produced by a variety of enzymes, including NADPH oxidase, which is crucial for cellular defense mechanisms. However, excessive ROS can lead to oxidative stress, damaging intracellular proteins, lipids, and nucleic acids. In response to ROS, cells may activate pathways such as NF-κB, promoting survival by increasing the expression of antioxidant proteins and preventing excessive inflammation and cellular damage (Morgan and Liu, 2011). Furthermore, the MAPK pathway is another key signaling cascade activated by ROS, leading to the phosphorylation and activation of transcription factors such as AP-1 and NF-κB. These factors regulate the expression of genes involved in cell survival, proliferation, and apoptosis, highlighting the complex balance between ROS production and cellular signaling mechanisms (Iqbal et al., 2024). Specifically, in lung diseases, urban particulate matter has been demonstrated to trigger lung inflammation through the activation of ROS-mediated MAPK and NF-κB signaling pathways, emphasizing the molecular mechanisms by which environmental pollutants can exacerbate inflammatory responses in respiratory diseases (Wang et al., 2017).

These findings collectively underscore the complex interplay between ROS and key cellular signaling pathways in regulating inflammation and stress responses, elucidating potential therapeutic targets for diseases characterized by aberrant inflammation and oxidative stress.




5.3 Oxidative stress and glycation in brain–lung crosstalk

Recent studies have underscored the intricate relationship between oxidative stress and glycation, notably through the generation of advanced glycation end products (AGEs) and their impact on brain–lung interactions. Oxidative stress, characterized by an imbalance between the production of ROS and antioxidant defense mechanisms, plays a pivotal role in initiating and accelerating the glycation process. Glycation, a non-enzymatic reaction where reducing sugars react with proteins, lipids, and nucleic acids, leads to the formation of AGEs. These AGEs accumulate in various tissues, including the brain and lungs, causing cellular dysfunction and disease progression (Xu et al., 2023).

In the context of brain–lung interactions, the accumulation of AGEs has been demonstrated to exacerbate oxidative stress, thereby creating a vicious cycle that promotes neurodegeneration and the development and progression of pulmonary diseases. For instance, AGEs can compromise the blood–brain barrier, leading to increased neuronal vulnerability and inflammation, hallmark features of several brain disorders (Dobi et al., 2021). Similarly, in the lungs, AGEs contribute to the pathogenesis of COPD and pulmonary fibrosis through the enhancement of oxidative stress and inflammatory responses (Otoupalova et al., 2020). Furthermore, the receptor for AGEs (RAGE) mediates many of the deleterious effects of AGEs in both the brain and lungs. Specifically, AGEs, through their interaction with RAGE, trigger signaling pathways that further promote oxidative stress, inflammation, and cellular damage (Tóbon-Velasco et al., 2014). This interaction underscores the critical role of the oxidative stress-glycation axis in regulating brain–lung interactions and highlights the potential of therapeutic interventions targeting this pathway. Strategies aimed at reducing AGE accumulation, inhibiting RAGE signaling, or enhancing antioxidant defense systems offer promising avenues for mitigating the adverse effects of oxidative stress and glycation in brain–lung interactions. Antioxidant therapies, AGE breakers, and RAGE antagonists represent some of the interventions currently under investigation, holding the potential to disrupt this harmful cycle and improve disease outcomes (Firuzi et al., 2011).

In summary, the interplay between oxidative stress and glycation represents a key mechanism influencing the pathophysiology of brain and lung diseases. Further understanding of this relationship and the development of targeted therapeutic strategies may significantly impact the management and treatment of conditions associated with oxidative stress and the accumulation of AGEs.




6 In-depth exploration of molecular mechanisms

In this chapter, we embark on a detailed exploration of the complex molecular mechanisms involved in oxidative stress, focusing on two key areas: the role of essential molecular pathways (see section “6.1 Role of key molecular pathways”) and the potential of biomarkers in biomedical research (see section “6.2 The potential of biomarkers in biomedical research”). In section “6.1 Role of key molecular pathways,” we delve into several pivotal molecular pathways such as NRF2-ARE, NF-κB, and MAPK pathways. These pathways play crucial roles in regulating the oxidative stress response. By examining their specific functions in brain and lung diseases, we gain insights into the pathogenesis of these conditions and identify important molecular targets for potential therapeutic strategies.

Following this, section “6.2 The potential of biomarkers in biomedical research” explores the significance of biomarkers in identifying and quantifying levels of oxidative stress. This section emphasizes the role of oxidative stress biomarkers in various diseases, particularly their applications in brain and lung disorders. Identifying these biomarkers allows researchers to more accurately monitor oxidative stress levels, thereby facilitating a more effective assessment of disease states and treatment outcomes.

Together, these two sections form the foundation for an in-depth exploration of the molecular mechanisms of oxidative stress, offering new perspectives for understanding and combating brain and lung diseases at the molecular level. Table 3 shows comparative overview of key molecular pathways and biomarkers of oxidative stress in various diseases.


TABLE 3 Comparative overview of key molecular pathways and biomarkers of oxidative stress in various diseases.
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6.1 Role of key molecular pathways

Central to the oxidative stress response is the NRF2-ARE pathway. NRF2, a pivotal transcription factor in combating oxidative stress, orchestrates cellular defense against ROS-induced harm by regulating the expression of genes responsible for antioxidation and detoxification. Within the cerebral context, activation of the NRF2-ARE pathway fortifies the antioxidative defense mechanism, attenuating neuronal injury caused by oxidative stress. Studies reveal that activation of the NRF2-ARE pathway post-cerebral injury diminishes mitochondrial oxidative stress triggered by singlet oxygen and superoxide radicals, thereby aiding in the recuperation of cognitive functions (Yan et al., 2008). In pulmonary conditions, NRF2 emerges as a critical defensive element, lessening pulmonary tissue damage from ROS by enhancing the expression of genes for detoxifying enzymes responsive to oxidative stress (Pall and Levine, 2015).

Another integral molecular pathway is the NF-κB pathway. NF-κB, a transcription factor, assumes a pivotal role in the oxidative stress response. In the brain, oxidative stress catalyzes NF-κB activation, leading to escalated production of inflammatory mediators and increased neuronal apoptosis. Investigations have demonstrated a correlation between cerebral oxidative stress and the NF-κB pathway, suggesting that inhibiting this pathway may alleviate brain injuries induced by oxidative stress (Chen et al., 2021). In pulmonary diseases, activation of the NF-κB pathway is thought to play a role in modulating oxidative stress-related inflammatory responses. Studies indicate that suppressing NF-κB pathway activity can reduce oxidative stress and inflammatory reactions in pulmonary fibrosis, thereby promoting repair of lung tissue (Lingappan, 2018).

In addition to the NRF2-ARE and NF-κB pathways, other critical molecular pathways also partake in the regulation of oxidative stress. The MAPK pathway, extensively studied and linked with oxidative stress, is one such example. In the brain, MAPK pathway activation due to oxidative stress can result in increased cell apoptosis and inflammatory responses. Research has shown that inhibiting MAPK pathway activation can mitigate the oxidative stress-induced damage to neural cells, thereby safeguarding the brain from oxidative injury (Fan et al., 2019). In pulmonary diseases, the MAPK pathway also contributes to the modulation of oxidative stress. Findings reveal that activation of the MAPK pathway induced by oxidative stress escalates the production of inflammatory and fibrotic factors, thus aggravating lung damage (Maselli et al., 2002; Rezatabar et al., 2019).

To gain a more comprehensive understanding of the molecular mechanisms underpinning oxidative stress in brain–lung interactions, further investigation into other key molecular pathways, such as heme oxygenase-1 (HO-1) (Ryter and Choi, 2005) and SOD (Méthy et al., 2004), which also play substantial roles in oxidative stress responses, is essential. Additionally, given the intricacy of brain–lung interplay, future research endeavors should embrace an integrative methodology, incorporating transcriptomics, proteomics, and metabolomics, to thoroughly unravel the molecular intricacies of oxidative stress within the brain–lung nexus.



6.2 The potential of biomarkers in biomedical research

Biomarkers are instrumental as molecular or indicative targets for the assessment of specific biological processes or states of disease. In exploring the molecular mechanisms of oxidative stress and its brain–lung interactions, identifying suitable biomarkers for measuring the degree and impact of oxidative stress is of paramount importance.

In the context of AD, an increase in the levels of 8,12-iso-prostaglandin F2α (8,12-iso-PGF2α), indicative of enhanced lipid peroxidation within the body, has been noted (Praticò et al., 2000). This lipid peroxidation, a consequence of oxidative stress, is a marker for inflammation and cellular damage (Praticò et al., 2000), suggesting that 8,12-iso-PGF2α could be a potential biomarker for determining the extent of oxidative stress in the brain. In neurodegenerative diseases such as AD and PD, oxidative stress leads to increased lipid peroxidation chain reactions and protein nitration (Mythri et al., 2011; Butterfield, 2020). Therefore, the by-products of lipid peroxidation and protein nitration, like oxidized lipids and nitrotyrosine, are viewed as potential biomarkers for assessing the severity of oxidative stress in these neurodegenerative conditions.

In pulmonary diseases, oxidative protein products such as AOPPs and oxidized low-density lipoprotein (Ox-LDL) are considered potential biomarkers for gauging the level of oxidative stress (Shen et al., 2013; Gao et al., 2021). Studies have shown that AOPP levels are elevated in lung diseases like pneumonia and COPD, while Ox-LDL is linked to pulmonary fibrosis and airway inflammation (Shen et al., 2013).

Additionally, oxidative stress can lead to oxidative modifications in DNA and RNA. Biomarkers such as 8-hydroxyguanosine (8-OHdG) and 8-hydroxyadenine (8-OHdA) are extensively used to indicate oxidative damage in DNA and RNA (Valavanidis et al., 2009; Guo et al., 2020). The levels of these biomarkers, measurable in urine, blood, or tissue samples, serve to assess the degree of oxidative stress. However, their role in the interplay between the brain and lungs remains to be further elucidated.




7 Clinical applications of oxidative stress in brain–lung crosstalk

This section elaborates on the progress and trends of oxidative stress diagnostic tools, treatment methods, and future treatment strategies. Regarding oxidative stress diagnostic tools, emphasis is placed on the role of 8-OHdG and other related biomarkers in monitoring oxidative stress under different health conditions, as well as the development of advanced 8-OHdG measurement methods. In terms of innovative treatments for oxidative stress-related diseases, approaches such as enhancing NRF2 synthesis or inhibiting its degradation to alleviate oxidative stress, and utilizing non-toxic electron-affine substances to bind KEAP1 are mentioned. Additionally, innovative methods for treating cardiovascular diseases, neurodegenerative diseases, and glioblastoma are introduced. Lastly, future strategies for treating oxidative stress-related diseases are pointed out, such as applying machine learning to drug discovery, developing targeted drugs for specific diseases, and regulating the role of ROS in the wound healing process. Table 4 demonstrates summary of treatment strategies for oxidative stress-related diseases.


TABLE 4 Summary of treatment strategies for oxidative stress-related diseases.
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7.1 Development of diagnostic tools

In recent years, oxidative stress biomarkers, particularly 8-OHdG, have received considerable attention due to their role in indicating oxidative DNA damage. This has been identified as a key biomarker of oxidative stress and has been shown to play an important role in the process of cancer development. Systematic reviews evaluating the assessment of 8-OHdG in various biological samples, including urine, have highlighted its utility in monitoring oxidative stress under different health conditions (Valavanidis et al., 2009; Graille et al., 2020). Further research has demonstrated the versatility of 8-OHdG in reflecting oxidative damage in occupational settings, particularly among workers exposed to nanomaterials (Omari Shekaftik and Nasirzadeh, 2021). Advanced methods for measuring 8-OHdG have been developed, such as the combination of terbium oxide nanoparticles and reduced graphene oxide, demonstrating progress in sensitive detection techniques for this biomarker (Manavalan et al., 2018).

Additionally, a non-invasive method for measuring another oxidative stress biomarker, 8-hydroxyguanine, in saliva, has been reported using high-performance liquid chromatography with electrochemical detection (HPLC-ECD). This method offers a simple and cost-effective option for monitoring oxidative stress (Kawai et al., 2018). In the context of specific diseases, MDA and 8-OHdG have been reported as reliable biomarkers of oxidative stress in ischemic stroke. The presence of these biomarkers in extracellular space, cerebrospinal fluid, and blood further validates their potential in diagnosing and monitoring neurodegenerative diseases (Tugasworo et al., 2023).

This new evidence on oxidative stress diagnostic tools, particularly focusing on 8-OHdG and related biomarkers, can provide important references for your review, offering comprehensive views on the current status and future prospects of oxidative stress diagnostics.



7.2 Innovation in treatment methods

In recent years, there have been numerous innovative treatment approaches in the field of oxidative stress-related diseases, aiming to alleviate oxidative stress through different mechanisms for the treatment or prevention of such diseases.

Nuclear factor erythroid 2-related factor 2, a key transcription factor within cells, protects cells from oxidative damage by regulating the expression of antioxidant genes. Studies have found that enhancing the synthesis of NRF2 or inhibiting its degradation could serve as a potential antioxidant treatment approach. Additionally, using non-toxic electrophiles to alkylate KEAP1 has also emerged as an important therapeutic means (Forman and Zhang, 2021). Furthermore, research has focused on how to prevent and treat diseases by targeting oxidative stress, including the utilization of innovative strategies such as identifying antioxidant lipid peptides through machine learning-integrated 3D-QSAR CoMSIA models (Vassalle et al., 2020).

In cardiovascular diseases, the imbalance of oxidative stress is one of the key factors leading to these diseases. It has been found that antioxidant treatment strategies, such as the use of antioxidants and drugs inhibiting oxidative stress generation, can serve as effective methods for treating these diseases (Pavlidis, 2022). Moreover, for neurodegenerative diseases like AD and PD, oxidative stress is considered a key driving factor in the pathological process. Treatment strategies involve the use of therapeutic agents like hydrogen sulfide to alleviate oxidative stress-induced neurodegeneration (Ienco et al., 2011). Additionally, in the treatment of glioblastoma, researchers are exploring potential therapeutic targets to modulate the extent of oxidative stress. This includes regulating the expression of key proteins like PKM2 to enhance resistance against oxidative stress (Liu S. et al., 2022).

These innovative treatment approaches demonstrate the rapid progress in the field of oxidative stress research, offering new perspectives and possibilities for the treatment of oxidative stress-related diseases. With further research, more innovative treatment strategies may emerge in the future.



7.3 Future strategies for oxidative stress-related diseases treatment

Researchers are exploring multiple novel strategies for the treatment of oxidative stress-related diseases in the future. These include applying machine learning techniques in drug discovery, specifically in the 3D-QSAR CoMSIA model for identifying antioxidant lipid peptides, which can improve the efficiency of antioxidant identification and design (Vassalle et al., 2020). Additionally, drugs targeting specific diseases such as Ebselen are being developed for inhibiting lung cancer cell growth through cell cycle arrest and cell death, as well as depleting glutathione (Vassalle et al., 2020). New anti-inflammatory and analgesic drugs such as LQFM291 have demonstrated their anti-inflammatory and analgesic effects, as well as good safety and toxicological properties (Vassalle et al., 2020). In intensive care units, the use of antioxidants has shown potential in counteracting oxidative stress (Vassalle et al., 2020). The regulation of ROS during wound healing process has also been shown to be an effective therapeutic pathway for promoting healing (Wang et al., 2023). Mitochondria-targeted therapeutic strategies, such as using light-sensitive NO-releasing molecules, are being studied for regulating mitochondrial oxidative stress (Yamada et al., 2020). Finally, modulating the role of oxidative stress in cancer and inflammation by controlling the production of endogenous ROS during tumor growth is a research focus (Fang et al., 2009). These studies demonstrate the innovative trends and potential strategies in the field of oxidative stress treatment, indicating the emergence of more innovative treatment methods in the future.




8 Conclusion


8.1 Summary of main findings

This comprehensive review has extensively explored the significance of oxidative stress in the brain–lung interaction, revealing its crucial role in various diseases. Biomarkers of oxidative stress, particularly 8-OHdG, have played important roles in the diagnosis and monitoring of this process. The medical community is striving to mitigate the impact of oxidative stress through various innovative therapeutic approaches, including drug therapies, machine learning techniques, and mitochondrial-targeted strategies. These findings offer new perspectives on the role of oxidative stress in brain and lung diseases and lay the foundation for future research and clinical interventions.



8.2 Discussion of future research directions

Future research should focus on further understanding the specific mechanisms of oxidative stress in brain–lung interactions and how to more effectively use this information to prevent and treat related diseases: (i) the impact of individual variations on oxidative stress responses should be considered, along with how to adjust treatment plans accordingly; (ii) the discovery and validation of novel biomarkers and the development of new drug delivery systems are also areas worth exploring; (iii) the application of machine learning and artificial intelligence technologies in drug discovery and disease prediction models is an important direction for future research; (iv) there is an urgent need for further research to dissect the molecular and cellular mechanisms that promote brain–lung interactions, with a special emphasis on the role of oxidative stress in mediating these interactions. This includes identifying key oxidative stress pathways common to brain and lung diseases; (v) the development of innovative therapeutic approaches targeting these oxidative stress pathways is expected to become a new treatment modality.

These strategies may include specially designed antioxidant therapies to alleviate oxidative stress in the brain and lungs, and the application of precision medicine approaches to tailor treatment methods according to the individual circumstances of patients. Exploring these areas will greatly promote our understanding of the complex relationship between brain and lung diseases, leading to more effective interventions.



8.3 Clinical and research implications of the review

This review emphasizes the clinical and research significance of oxidative stress in brain and lung diseases. A deeper understanding of oxidative stress can provide new strategies for early diagnosis and treatment of diseases. Furthermore, the mentioned treatment innovations, particularly advancements in drug development and the application of biomarkers, offer clinicians more treatment options and researchers new avenues to explore. These advancements not only help improve the quality of patients’ lives but also pave the way for new trends in scientific research.
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Iron dyshomeostasis and neuroinflammation, characteristic features of the aged brain, and exacerbated in neurodegenerative disease, may induce oxidative stress-mediated neurodegeneration. In this study, the effects of potential priming with mild systemic iron injections on subsequent lipopolysaccharide (LPS)-induced inflammation in adult C57Bl/6J mice were examined. After cognitive testing, regional brain tissues were dissected for iron (metal) measurements by total reflection X-ray fluorescence and synchrotron radiation X-Ray fluorescence-based elemental mapping; and iron regulatory, ferroptosis-related, and glia-specific protein analysis, and lipid peroxidation by western blotting. Microglial morphology and astrogliosis were assessed by immunohistochemistry. Iron only treatment enhanced cognitive performance on the novel object location task compared with iron priming and subsequent LPS-induced inflammation. LPS-induced inflammation, with or without iron treatment, attenuated hippocampal heme oxygenase-1 and augmented 4-hydroxynonenal levels. Conversely, in the cortex, elevated ferritin light chain and xCT (light chain of System Xc−) were observed in response to LPS-induced inflammation, without and with iron-priming. Increased microglial branch/process lengths and astrocyte immunoreactivity were also increased by combined iron and LPS in both the hippocampus and cortex. Here, we demonstrate iron priming and subsequent LPS-induced inflammation led to iron dyshomeostasis, compromised antioxidant function, increased lipid peroxidation and altered neuroinflammatory state in a brain region-dependent manner.
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Introduction

Iron is essential for crucial reactions in brain cells, including neurotransmitter, adenosine triphosphate (ATP), and myelin syntheses. If unregulated, excess iron enhances reactive oxygen species (ROS) production and oxidative stress, thus cellular iron levels are under strict homeostatic control. Iron import proteins that regulate cellular iron entry include the transferrin receptor (TfR) and divalent metal transporter 1 (DMT1) (Ashraf et al., 2018). Excess cellular iron is either sequestered by ferritin in a non-toxic yet bioavailable form or exported out of the cell via ferroportin aided by a ferroxidase, ceruloplasmin. In aging and neurodegenerative diseases, the iron homeostatic cascade appears to be disrupted (Ward et al., 2014). Ferroptosis, a recently discovered form of iron-induced cell death (Dixon et al., 2012), is thought to be a significant contributor to neurodegeneration, including in Alzheimer’s disease (AD) (Ashraf and So, 2020; Ashraf et al., 2020).

Previously, we established that iron dyshomeostasis and neuroinflammation are two facets of brain aging in C57Bl/6J mice (Walker et al., 2016; Ashraf et al., 2019a). Iron is known to stimulate microglia via NFκB activation and increase production of pro-inflammatory cytokines (Saleppico et al., 1996). Inflammation can induce iron dyshomeostasis through altering ferritin expression and other players implicated in iron homeostasis (Zhang et al., 2015; Ashraf et al., 2018; Ward et al., 2022). We propose the combination of increasing iron dysregulation and chronic neuroinflammation with aging contributes to advanced age being the major risk factor in neurodegenerative disease. However, the effect of peripheral administration of iron and/or lipopolysaccharide (LPS)-induced inflammation on the young adult mouse brain remains to be understood.

In this study, we initially administered (mild) iron injections into 8-week-old mice. From 8-weeks of age, iron has been shown to enter the mouse brain, albeit relatively slowly and accumulate as brain iron export is minimal (Holmes-Hampton et al., 2012). At this age, the mouse brain has not had the opportunity to accrete iron, or exhibit chronic neuroinflammation, as would be observed in older mice (Walker et al., 2016; Ashraf et al., 2019a). Contrary to previous iron dietary supplementation studies (Sobotka et al., 1996; Malecki et al., 2002), we chose to systemically administer relatively lower iron doses to represent the insidious brain accumulation of iron that is more representative of aging, similar to other previous studies (Maaroufi et al., 2009, 2014). Supplementation of iron via the diet has been as high as 20,000 parts of million (ppm) of carbonyl iron (Sobotka et al., 1996) which approximates to ingestion of 0.86–1.43 mmol iron per day as compared to approximately 0.0002 mmol iron per day as in our and other studies (Maaroufi et al., 2009, 2014). Two weeks after iron treatment, mice underwent a mild LPS dosing regime known to modify brain immunological responses (Ifuku et al., 2012). We induced an inflammatory insult sometime after the systemic iron injections to allow/mimic the accretion of brain iron and subsequent chronic neuroinflammation as seen with aging.

We determined whether proteins involved in iron homeostasis and antioxidation, and lipid peroxidation protein adduct levels were modulated by systemic inflammation/neuroinflammation subsequent to previous acute mild iron doses. Furthermore, we assessed whether iron priming prior to inflammation/neuroinflammation modulates subsequent glial morphology and spatial learning ability. We focused on the hippocampus, cortex and basal ganglia regions, but in particular, the hippocampus and cortex as these regions play major roles in cognition, which is impaired in normal aging and neurodegenerative diseases such as AD (Devanand et al., 2012; Fjell et al., 2014). We also investigated possible changes in the basal ganglia as these brain regions accrete iron to a much greater extent than other brain regions with aging (Hallgren and Sourander, 1958; Ward et al., 2014) and are affected in neurodegenerative diseases (Guan et al., 2022). Prior to brain isolation for metal, western blot and immunohistochemical analyses, mice underwent spatial learning behavioral testing. Total reflection X-ray fluorescence (TXRF) and synchrotron radiation X-ray fluorescence (SRXRF) mapping were used for bulk and spatial iron (metals) analyses, respectively. Ferroptosis-related—iron regulatory and antioxidant proteins, glia-specific proteins, and lipid peroxidation protein adducts were assessed by western blotting. Ionized calcium-binding adaptor molecule 1 (Iba1) and glial fibrillary acidic protein (GFAP) immunohistochemistry, was used to assess microglial morphology and astrogliosis, respectively. Microglia and astroglia are key players in neuroinflammation, and microglial and astroglial measurements were used as putative indicators of neuroinflammation. We hypothesized that iron priming and subsequent neuroinflammation in a normal young mouse model would exhibit protein changes reminiscent of ferroptosis (iron accumulation/dyshomeostasis, impaired antioxidation, lipid peroxidation) in the brain to a greater extent than by systemic iron injections or inflammation alone.



Materials and methods


Animals and treatment

Young male C57Bl/6J mice (3-weeks of age, n = 56) were obtained from Envigo (Huntingdon, United Kingdom), housed in pairs on arrival, and acclimatized before experimentation. All experimental procedures were approved by the local ethical review panel of King’s College London in accordance with the U.K. Home Office Animals Scientific Procedures Act 1986.

After acclimatization, at 8-weeks of age, mice were injected intraperitoneally with saline (n = 27) or 3 mg/kg ferrous sulphate heptahydrate (423731000, Fisher Scientific, Leicestershire, United Kingdom; n = 29) daily for 5 days (Maaroufi et al., 2009). Saline- or iron-treated (n = 5/group) mice were euthanized two days after the final injection and brains isolated (see below) to study the acute effects of mild iron treatment on the brain (Cohort 1). Similarly, another cohort (saline, n = 7; iron-treated, n = 8) were killed at three weeks post-dose (aged 12 weeks) and brains isolated (see below) to determine the potential longer term/chronic effect of a single iron treatment (Cohort 2). The remaining saline- or iron-treated mice were subdivided and received either saline (10 mg/kg) or 0.25 mg/kg LPS (L2880, Sigma, Dorset, United Kingdom) intraperitoneally daily for a week, yielding four final groups (Cohort 3): saline only (control group, n = 7), iron only (n = 8), LPS only (n = 8) and iron + LPS group (n = 8). Two weeks after the final injection, mice (aged 15-weeks) underwent spatial learning behavioral (cognitive) assessment (see behavior testing) and then brains isolated (see below).

Brains were harvested after exsanguination by transcardial perfusion with phosphate-buffered saline (PBS) under terminal isoflurane-oxygen anesthesia. Hippocampus, cortex, striatum, and substantia nigra were dissected from the right-brain hemisphere and snap-frozen in liquid nitrogen and stored at −80°C for western blotting and TXRF (see below). (Note, the substantia nigra was not dissected out for Cohort 1.) The remaining left-brain hemisphere was fixed in 4% paraformaldehyde in PBS for 48 h before storage in PBS-0.025% sodium azide at 4°C for immunohistochemistry and SRXRF (see below). An overview of the study design and protocol is shown in Figure 1.
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FIGURE 1
 Overview of the study design and study protocol. i.p., intraperitoneally; LPS, lipopolysaccharide; SRXRF, synchrotron-radiation X-ray fluorescence; TXRF, total reflection X-ray fluorescence.




Behavioral (cognitive) testing

Novel object location (NOL) testing was used to evaluate learning and memory in mice, as described previously (Lueptow, 2017). Briefly, testing was performed in an opaque arena (40 cm × 40 cm, and 50 cm high walls), and exposed to light intensity of 50 lux and ambient noise, ~65 dB (supplied by a radio). All behavior trials were recorded using EthoVision XT software (Noldus information technology, VA, United States). Equipment between trials were wiped clean and treated with 0.1% acetic acid to eliminate residual odors.

Mice were placed into the arena and allowed to explore two identical objects for 10 min (training trial) and then returned to their home cage. An hour later, they were re-introduced into the arena after one of the objects had been moved to a novel location and allowed to explore again for 10 min (test trial). The total time each animal spends exploring each object, characterized by active sniffing, or rearing against the object with the nose directed towards the object within 2–3 cm of the object, was recorded. The center-point of the mice defined its position for analysis. We calculated the discrimination index for NOL using Eq. 1:
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where Tnovel and Tfamiliar are times spent exploring a novel and familiar location, respectively.

Mice with preserved spatial memory and curiosity will spend more time exploring the object placed in a novel location compared with the familiar location (Lueptow, 2017). A higher discriminatory index (DI) score implies a preference for the novel location, suggesting intact spatial memory and recognition of the change of object location.



Western blotting

For western blotting, lysates of hippocampus, cortex, and striatum were prepared as before (Ashraf et al., 2020), and stored at −80°C until further analysis. Brain lysates (40 μg protein) were mixed with Laemmli buffer (S3401; Sigma, Poole, United Kingdom) and heated (95°C, 5 min). Proteins were separated on NovexTM tris-glycine 4–20% gradient gels (XP04205BOX, Thermo Fisher; 150 V, 90 min), and then transferred onto a 0.45 μm nitrocellulose membrane (GE10600002, GE Healthcare, Amersham, United Kingdom) in tris-glycine buffer supplemented with 20% methanol (80 V, 1 h). Following incubation in a blocking solution (1 h, ambient temperature), membranes were incubated with primary antibodies (overnight, 4°C; Supplementary Table S1) for iron-homeostatic proteins: ferritin-light chain (FTL), ferritin-heavy chain (FTH), transferrin-receptor (TfR), DMT1, iron responsive element binding protein 2 (IRP2), ceruloplasmin, ferroportin, heme-oxygenase-1 (HO-1); for immune cells/inflammation, Iba1, GFAP, NADPH oxidase 2 (NOX2) and triggering receptor expressed on myeloid cells 2 (TREM2); and for ferroptosis, acyl-CoA synthetase long-chain family member 4 (ACSL4), light chain subunit of System Xc− (xCT), glutathione peroxidase 4 (GPX4) and the lipid-peroxidation marker 4-hydroxynonenal (4-HNE).

After incubation with primary antibodies, protein bands were visualized as described before (Ashraf et al., 2020) with horse-radish peroxidase (HRP)-conjugated secondary antibodies and imaged (BioRad ChemiDoc MP system). For protein quantification, membranes were stripped using Restore Western blot stripping buffer (20159; Thermo Fisher) and re-probed with HRP-conjugated β-actin. Band signal intensities were quantified by densitometry (ImageJ, NIH), and normalized to β-actin.



Total reflection X-ray fluorescence

Brain lysates (hippocampus, cortex and striatum) prepared as detailed above were thawed and diluted 1:5 v/v with Milli-Q distilled water and underwent TXRF as described previously (Ashraf et al., 2020). Briefly, following dilution with polyvinyl alcohol (2 μL, 0.3 g/L water; 843871, Merck, Gillingham, United Kingdom), gallium solution (10 μL, 440 μg/L; TraceCERT® gallium standard for inductive coupled plasma-mass spectrometry; 16639, Merck) was added (final gallium concentration of 200 μg/L). Resultant duplicate samples were placed on acrylic sample carriers for TXRF (PICOFOX, Bruker Nano GmbH, Germany) (Ashraf et al., 2019b). Elemental concentrations of iron, copper and zinc were calculated by reference to the internal gallium standard and normalized to protein concentrations (mg/kg protein) (Ashraf et al., 2020).



Synchrotron radiation X-ray fluorescence

Fixed brain samples were cryoprotected in 30% sucrose in PBS for 48 h and frozen at −20°C before cryosectioning. Cryosections (30 μm thick) were mounted onto 4 μm thick Ultralene film (Spex Sample-Prep, NJ, United States) secured to a customized holder and kept at room temperature prior to SRXRF.

Brain cryosections containing the hippocampus, cortex, striatum, and substantia nigra (n = 4/group in Cohort 2 and n = 7–8/group in Cohort 3) underwent SRXRF at the Diamond Light Source synchrotron radiation facility (microfocus beamline I18; Didcot, United Kingdom), as described previously (Ashraf et al., 2019a). Briefly, cryosections were mounted at a 45° angle with respect to the incoming X-ray beam and the detector, and scanned raster fashion with a beam of 100 μm diameter (resolution) and 11 keV energy. Full energy dispersive spectra were collected for each beam position, deconvolved and areas of the characteristic peaks of iron, zinc, and copper evaluated using PyMca (Solé et al., 2007) to produce elemental metal maps. For quantification, photon flux was estimated by measurement of a reference metal film (AXO, Dresden, GmbH). Regions of interest (ROIs) were placed on the elemental metal maps to obtain metal concentrations (mg/kg) in different brain regions (Supplementary Figure S1).



Immunohistochemistry

Immunohistochemistry was performed in the hippocampus, cortex, striatum and substantia nigra from all mice of all cohorts. Brain cryosections were prepared as detailed for SRXRF, albeit sectioned into wells of 96-well plates containing PBS-0.025% sodium azide (see above) and stored at 4°C prior to analysis. For immunohistochemistry, cryosections were treated with 1% hydrogen peroxide in PBS-0.2% TritonX-100, washed with PBS-0.2% Triton X-100 (2 × 5 min), and blocked in 10% BSA supplemented with PBS-0.2% Triton X-100. Antibodies for Iba1 (microglia, SAB2500042; Sigma) and GFAP (astrocytes; Z0334; DAKO) were incubated overnight (5% BSA in PBS-Triton X-100, 4°C), washed, and then incubated with a secondary biotinylated anti-rabbit antibody (5% BSA in PBS-0.2% Triton X-100, 2 h). Following enhancement with avidin-biotin complex (Vectashield, Vector Laboratories, Burlingame, United States) for 30 min, 3,3′-diaminobenzidine (DAB) was used to develop the staining for 4 min and the reaction was stopped by the addition of distilled water. The sections were then mounted on Superfrost slides (J1800AMNZ; Thermo Fisher Scientific), dehydrated sequentially in 70% ethanol (2 min), 90% ethanol (2 × 2 min), 100% ethanol (2 × 2 min), and xylene before mounting in DPX. Images were acquired with a Leica microscope using a 40× objective connected to a camera using Image-Pro software (National Institutes of Health, Bethesda, Maryland, United States). The stained images were quantified using Fiji/ImageJ software.

Microglial morphology was assessed of Iba1-stained brain tissue section images using the skeletonize plugin for ImageJ (Morrison and Filosa, 2013; Young and Morrison, 2018; Ali et al., 2019). The image of each hemisphere section was skeletonized, and microglial branch endpoints and lengths measured across the image (a cutoff value of 20 for endpoints and lengths was used). The endpoint measure assesses the number of microglial branches or processes, while branch length measures their length. Microglial endpoints and branch lengths were normalized to the microglial soma number to give endpoints/cell and branch length/cell, respectively.

For GFAP-stained brain sections, images were converted to an 8-bit greyscale image, a threshold applied, and then converted to binary format in ImageJ. Signal intensities in an optical field were obtained after applying a thresholding protocol using negative control sections (incubated with secondary antibody only) to identify non-specific background staining. Depending on the brain region analyzed, GFAP-immunoreactivity was analyzed in 2–4 optical fields (Walker et al., 2016).



Statistical analysis

Data normality was assessed using Q-Q, residual, and homoscedasticity plots: values violating these assumptions were identified as outliers and excluded from the analysis.

A two-tailed student’s t-test was performed on proteins and metals to monitor the acute and chronic effects of saline- and iron-treatment (Cohorts 1 and 2). To correct for multiple t-test comparisons, we used an adaptive linear set-up procedure to control the false discovery rate (FDR) at 5%. One-way ANOVA followed by Tukey post hoc correction was used to identify the effects of iron only, inflammation only, and iron-primed inflammation on behavioral performance; levels of iron regulatory, ferroptosis-related, and glial-specific proteins; and metals (Cohort 3). Adjusted p-value ≤0.05 were considered significant.

All statistical analyses were performed using IBM SPSS Statistics 26 and GraphPad Prism 9.




Results


Acute (Cohort 1) and chronic (Cohort 2) effects of iron

Changes in protein, glial cell, and metal measurements at 2 days (Cohort 1) or 3 weeks (Cohort 2) post-iron injection did not surpass FDR-correction in the different brain regions (Supplementary Tables S2–S9).



Effects of iron and/or inflammation treatment (Cohort 3)

The iron only treatment group showed improved NOL performance compared with iron + LPS group (p = 0.0440; Figure 2). However, NOL performance was not significantly improved with iron treatment when compared with saline (p = 0.0924) or LPS only (p = 0.1323) groups.
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FIGURE 2
 Effects of iron-priming and inflammation on the novel object location (NOL) assessment. *p < 0.05.


By western blot analysis, LPS-induced inflammation, with (p = 0.0061) or without iron treatment (p = 0.0149) was shown to attenuate hippocampal HO-1 compared with saline (Figure 3A and Supplementary Table S10). LPS only group and iron + LPS group demonstrated augmented 4-HNE levels compared with both saline (p = 0.0462, p = 0.0294, respectively) and iron only groups (p = 0.0220, p = 0.0132, respectively; Figure 3B and Supplementary Table S10). Hippocampal TREM2 levels were found to be higher in the LPS group compared to both saline (p = 0.0398) and iron + LPS (p = 0.0040) groups, while the iron + LPS group had lower TREM2 compared to the iron only group (p = 0.0218; Figure 3C). The LPS group showed increased levels of Iba1 compared with the saline (p = 0.0035) and iron (p = 0.0247) groups (Figure 3D). Similarly, LPS group demonstrated augmented levels of GFAP than saline (p = 0.0174) and iron (p = 0.0039) groups (Figure 3E). None of the other measured proteins were found to be altered by the various treatments (Supplementary Table S10). Similarly, metals—iron, zinc, and copper, as assessed by bulk and spatial analyses, TXRF and SRXRF, were comparable between groups in Cohort 3.
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FIGURE 3
 Effect of iron-priming and inflammation in the hippocampus (Cohort 3). Western blot analysis of (A) Heme oxygenase-1 (HO-1), (B) 4-hydroxynonenal (4-HNE), (C) triggering receptor expressed on myeloid cells 2 (TREM2), (D) ionized calcium-binding adaptor molecule 1 (Iba1) and (E) glial fibrillary acidic protein (GFAP). Immunohistochemical analysis of (F) microglial branch length/cell (assessed by Iba1 staining) and (G) GFAP signal intensity (SI, arbitary units, a.u.). (Proteins used in western blot were normalised against actin). *p < 0.05 and **p < 0.01. LPS, lipopolysaccharide.


Analysis of Iba-1 stained immunohistochemical stained images revealed longer hippocampal microglial branch length/cell in the iron + LPS group compared with saline (p = 0.0158) or iron (p = 0.0071) groups (Figures 3F, 4A). Similarly, augmented GFAP-immunoreactivity was observed in the iron + LPS group compared with either saline (p = 0.0022) or iron (p = 0.0251) groups (Figures 3G, 4B). However, microglial endpoints/cell were similar between groups (p = 0.25; Supplementary Table S10).
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FIGURE 4
 Effect of iron-priming and inflammation on micro- and astro-glial morphology in the hippocampus (Cohort 3). (A) ionized calcium-binding adaptor molecule 1 and (B) glial fibrillary acidic protein immunochemistry. Micrographs were acquired at 40× magnification. Scale bar represents 25 μm (top panels) and 12.5 μm (bottom panels, magnified images). LPS, lipopolysaccharide.


The cortex exhibited different changes compared with the hippocampus. Cortical FTL was significantly increased in response to LPS-induced inflammation, with p = 0.0498 and p = 0.0343, when comparing with and without iron priming to the saline group, respectively (Figure 5A). Meanwhile, IRP2 was higher in the iron + LPS group compared to saline (p = 0.0382) and iron (p = 0.0131; Figure 5B, Supplementary Table S11). Combinatorial iron + LPS treatment increased cortical DMT1 compared to LPS only treatment (p = 0.0299, Figure 5C). Increased xCT in the cortex was observed in response to LPS-induced inflammation, without and with iron-priming compared to saline (p = 0.0464 and p = 0.0306, respectively; Figure 5D). Surprisingly, the lipid peroxidation marker, 4-HNE, was attenuated in the iron + LPS group relative to iron (p = 0.0274, Figure 5E). Levels of other proteins or metals measured were similar irrespective of treatments (Supplementary Table S11).
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FIGURE 5
 Effect of iron-priming and inflammation in the cortex (Cohort 3). Western blot analysis of (A) ferritin light-chain (FTL), (B) iron regulatory protein 2 (IRP2), (C) divalent metal transporter 1 (DMT1), (D) light-chain subunit of system Xc− (xCT), (E) 4-hydroxynonenal (4-HNE). Immunohistochemical analysis of (F) microglial branch length/cell (assessed from ionized calcium binding adaptor molecule 1-immunohistochemistry) and (G) glial fibrillary acidic protein (GFAP) signal intensity (SI, measured in arbitrary units, a.u.). (Proteins measured by western blot analysis were normalized against actin.) Significant results were * and ** for p < 0.05 and 0.01, respectively. LPS, lipopolysaccharide.


By Iba1-immunohistochemistry, cortical microglial endpoints/cell were found to be comparable between groups (p = 0.35, Supplementary Table S11). However, longer microglial branch length/cell was observed in the iron + LPS group compared to saline (p = 0.0422) and iron only (p = 0.0081) groups (Figure 5F, 6A). Further, cortical GFAP-immunoreactivity was augmented in the iron+LPS group compared to the iron only group (p = 0.0187; Figures 5G, 6B).
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FIGURE 6
 Effect of iron-priming and inflammation on micro- and astro-glial morphology in the cortex (Cohort 3). (A) ionized calcium-binding adaptor molecule 1 and (B) glial fibrillary acidic protein immunochemistry. Micrographs were acquired at 40× magnification. Scale bar represents 25 μm (top panels) and 12.5 μm (bottom panels, magnified images). LPS, lipopolysaccharide.


The response of the striatum to iron and/or LPS treatment was different from that in both the hippocampus and cortex. Striatal ferroportin levels were decreased in response to LPS-induced inflammation without (p = 0.0315) and with iron priming (p = 0.0304) compared to saline treatment, respectively (Figure 7A). Levels of ACSL4 were increased in the iron + LPS group relative to the iron only group (p = 0.0474; Figure 7B and Supplementary Table S12). Striatal microglial endpoints/cell were decreased by iron-treatment compared to the saline group (p = 0.0315, Figure 7C). Conversely, microglial branch length/cell were longer in the iron+LPS treated mice compared to those only treated with iron (p = 0.0038; Figures 7D, 8A and Supplementary Table S12).
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FIGURE 7
 The effects of iron-priming and inflammation in the striatum and substantia nigra (Cohort 3). Western blot analysis of (A) ferroportin (Fpn) and (B) acyl-CoA synthetase long-chain family member 4 (ACSL4). Ionized calcium binding adaptor molecular 1-immunohistochemical analysis of (C) microglial endpoints/cell and (D) branch length/cell in the striatum and (E) microglial branch length/cell in the substantia nigra. (Proteins measured by western blot analysis were normalized against actin.) Significant results were *, ** and *** for p < 0.05, 0.01 and 0.001, respectively. LPS, lipopolysaccharide.
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FIGURE 8
 Effect of iron-priming and inflammation in the striatum (Cohort 3) on (A) ionized calcium-binding adaptor molecule 1 and (B) glial fibrillary acidic protein immunochemistry. Micrographs were acquired at 40× magnification. Scale bar represents 25 μm (top panels) and 12.5 μm (bottom panels, magnified images). LPS, lipopolysaccharide.


The substantia nigra also exhibited a regional-specific response to iron and/or LPS. Longer nigral microglial branch lengths were observed in the iron + LPS group compared to saline (p = 0.0004), iron (p = 0.0018), and LPS groups (p = 0.0403, Figures 7E, 8B and Supplementary Table S13). However, the microglial endpoints/cell (p = 0.53, Supplementary Table S14) and GFAP-immunoreactivity (p = 0.32, Supplementary Table S13) were similar between groups. Likewise, metal levels, including iron, were also similar between groups (Supplementary Table S14).




Discussion

We demonstrate iron dyshomeostasis, neuroinflammation, inhibition of System Xc− (cystine/glutamate antiporter), and modulation of lipid peroxidation in young C57Bl/6J mice exposed to peripheral iron and subsequent LPS-induced inflammation, in a brain region-dependent manner.

We reveal neuroprotective effects from a previous short duration of relatively mild systemic iron treatment in young C57Bl/6J mice (Cohort 3), with improved spatial learning on the NOL task, when compared with mice treated with both iron + LPS. We suggest that mild systemic iron injections in mice led to iron being partitioned beneficially towards fulfilling metabolic demands (e.g., iron-dependent brain maturation processes including synaptogenesis) rather than enhancing the labile iron pool and potentially, inducing iron toxicity via lipid peroxidation and oxidative stress. This is consistent with our molecular findings where iron only treatment demonstrated a significant attenuation of hippocampal lipid peroxidation 7-weeks after iron-treatment compared with iron + LPS and LPS only groups. Lipid peroxidation was assessed by measurement of 4-HNE, a reactive aldehyde that can detrimentally alter signaling pathways in aging (Zhang and Forman, 2017).

The brain is particularly susceptible to lipid peroxidation-mediated oxidative stress due to its high oxygen consumption and lipid-rich content. Mice subjected to LPS-induced inflammation, with or without iron-priming, demonstrated augmented lipid peroxidation. This may be attributed to the reduced HO-1 levels observed in LPS-treated mice, irrespective of prior treatment with iron or not. HO-1 is an antioxidant enzyme that catalyzes the detoxification/degradation of heme (from hemoglobin) to ferrous iron (to be sequestered by ferritin), biliverdin/bilirubin (lipid antioxidant), and carbon monoxide (Eskew et al., 1999; Sung et al., 2000; Vanacore et al., 2000; Wu and Hsieh, 2022). HO-1 attenuates the generation of ROS (e.g., superoxide) and lipid peroxidation (Chao et al., 2013), and an integral part of the antioxidant system: HO-1 null mice exhibit increased lipid peroxides (Ishikawa et al., 2012). Diminished HO-1 levels (and enzymatic activity) prevent heme-detoxification and increases heme availability for the generation of ROS, thereby increasing the susceptibility of cells to oxidative stress (Pirota et al., 2016; Righy et al., 2016; Chiabrando et al., 2018).

We showed that LPS only treatment increased hippocampal levels of Iba1 (microglia) and GFAP (astrocytes) compared with saline and iron only treatments. Increased numbers of microglia and astrocytes have been previously demonstrated in response to LPS administration in mice (Ifuku et al., 2012). LPS has been shown to augment pro-inflammatory cytokine secretion from microglia and astrocytes (Godbout et al., 2005; Qin et al., 2007; Henry et al., 2009; Ifuku et al., 2012; Wohleb et al., 2012). LPS likely induces microglia to secrete IL1β which in turn stimulates astrocytic levels/activation (Norris et al., 2005; Sama et al., 2008; Perry et al., 2010).

Mice receiving LPS after iron-priming exhibited longer microglial branch length/cell compared to saline and iron only groups. Little is known about the initiation of microglial hyper-ramification (i.e., branching) and how this phenotype relates to microglial functionality (Hinwood et al., 2013). However, exposure of mice to chronic psychological stress, e.g., depression or post-traumatic stress disorder, in the absence of injury or neurodegeneration, has been shown to increase microglial ramification (unaltered microglial numbers) in various brain regions (Hinwood et al., 2013; Walker et al., 2013; Hellwig et al., 2016; Smith et al., 2019). Anti-depressant treatment which ameliorates depression like-behavior was shown to attenuate microglial hyper-ramification and restore microglial morphology. Moreover, microglia exhibited hyper-ramification in a DNA-repair deficient model of accelerated aging (Ercc1 mutant mice) (Raj et al., 2014). Microglia in these mice displayed an exaggerated response to LPS stimulation with augmented expression of pro-inflammatory cytokines (IL1β, IL6, and TNFα) and generation of ROS. We suggest that a LPS challenge following iron-priming leads to hyper-ramified microglia which may represent a primed microglial state. Primed microglia are not acutely activated but may exhibit differential expression patterns, e.g., increased CD68, and mount an exaggerated inflammatory response to a subsequent immune challenge (Witcher et al., 2015). Notably, acute iron loading in mouse macrophages has been found to potentiate the inflammatory response to a consequent LPS challenge (Hoeft et al., 2017). Moreover, pre-treatment of macrophages with an iron-chelator in normal mice attenuated the LPS-induced inflammatory response (Wang et al., 2009). In primary cultured ventral mesencephalic (VM) neurons, augmented release of IL1β and TNFα was observed in LPS-activated microglia exhibiting iron overload (Wang et al., 2013). Iron treatment increases microglial secretion of proinflammatory cytokines which can augment ROS and lipid peroxidation (Yang et al., 2007, 2013; Hoeft et al., 2017; Yauger et al., 2019). Our study demonstrates that excess iron and subsequent inflammation alters hippocampal microglial morphology (observed as hyper-ramification of processes) alongside increased lipid peroxidation.

Decreased hippocampal TREM2 was observed following LPS treatment, but only with iron priming, suggesting that iron-primed hippocampal microglia may not be able to respond appropriately to a subsequent inflammation stimulus, e.g., attenuated phagocytosis. TREM2 is exclusively expressed by microglia and is known to promote phagocytic function and regulate inflammation (Takahashi et al., 2005, 2007; Hsieh et al., 2009). TREM2 is pivotal in sustaining trophic functions of microglial in the aging brain (Poliani et al., 2015) and microglial TREM2 expression has been to be reduced in aged mice (Hickman et al., 2013). Further, loss of function mutations of TREM2 is associated with Nasu-Hakola disease, an inflammatory degenerative disease of the brain and bone, leading to premature dementia and death (Bianchin et al., 2010). Rare variants of TREM2 have augmented risk of developing late-onset AD (Jonsson et al., 2013).

Hippocampal GFAP-immunoreactivity was also significantly increased in iron-primed mice subjected to a subsequent LPS challenge, which has also been observed in the aging mouse brain (Kohama et al., 1995). GFAP is not detectable in all astrocytes but a common feature of reactive/activated astrocytes (Zamanian et al., 2012). We suggest astrocytic phagocytosis may be detrimentally increased to compensate for microglial dysfunction we proposed above (Konishi et al., 2020). However, we did not measure proteins, e.g., ATP-binding cassette transporter A1, which are better surrogate measures of astroglial phagocytosis (Morizawa et al., 2017), compared to GFAP-immunoreactivity used in this study.

While iron only treatment unexpectedly improved hippocampal function compared with iron-primed inflammation group (see above), iron appeared to have detrimental effects in the cortex as evidenced by increased cortical lipid peroxidation, compared with iron-primed inflammation. We suggest regional differences in the brain arise from variable iron requirements, with the cortex being relatively iron-sufficient compared to the hippocampus, the latter being particularly vulnerable to iron deficiency (Rao et al., 2013). Moreover, higher cortical oxygen consumption renders the cortex particularly vulnerable to lipid peroxidation (Nair et al., 1987). We propose greater cortical oxygen consumption alongside iron over-sufficiency in the cortex explains greater lipid peroxidation in the cortex compared with the hippocampus following iron treatment.

Increased FTL expression was observed in the brain cortex of mice exposed to LPS, with or without iron-priming. Ferritin consists of two subunits, FTH and FTL, which have distinct functions. Predominantly found in oligodendrocytes and neurons, FTH is a ferroxidase that oxidizes ferrous iron to ferric iron for storage. Microglia and astrocytes are equipped with FTL, which better sequestrates iron (Meadowcroft et al., 2015; Ashraf et al., 2018). Augmented microglial hyper-ramification and GFAP-immunoreactivity were observed only in the cortex of iron-primed mice subjected to LPS-induced inflammation, comparable to that in the hippocampus. Iron priming prior to subsequent mild inflammation in the cortex appears to induce a (functional) cellular iron overload prompting glial cells to increase FTL expression. Further evidence for apparently increased cellular iron is indicated by elevated IRP2 levels with iron-primed inflammation, but not with inflammation only. IRP2 expression has been shown to be increased in a 6-hydroxydopamine (6-OHDA)-model of Parkinson’s disease (PD), concomitant with increased iron accumulation (Jiang et al., 2010). In conditions of increased iron, a lack of IRP2 binding (signified by increased IRP2 levels) to the iron-responsive element (IRE) of ferritin mRNA leads to increased translation and expression of FTL (Rouault, 2006; Leipuviene and Theil, 2007). The apparent elevated cellular iron in iron + LPS mice compared to those treated with LPS only may arise from increased cellular iron import since we demonstrated elevated DMT1 in the former mice. DMT1 mediates both cellular iron uptake and endosomal iron export to increase cellular iron (Moos et al., 2007).

Notably, we show inflammation, with and without iron-priming, increased expression levels of cortical xCT, which has been demonstrated when System Xc− is inhibited (Yu et al., 2017). System Xc− comprises the widely expressed 4F2 heavy chain subunit, common to several amino acid transporters, and a specific xCT light chain subunit (Sato et al., 1999). Predominantly in glia, System Xc− is responsible for importing cystine in exchange for glutamate at the plasma membrane and is also called a cystine/glutamate antiporter (Sato et al., 1999; Gasol et al., 2004). Cystine is reduced to cysteine, the rate-limiting substrate for glutathione synthesis and crucial for GPX4 function. Inflammation-mediated inhibition of System Xc− may compromise cellular uptake of cystine, attenuate GPX4 activity, and increase susceptibility to oxidative stress. However, deletion of the xCT gene attenuated production of pro-inflammatory cytokines including nitric oxide, TNFα, and IL-6, while the expression of anti-inflammatory cytokines, e.g., Tm1/Chil3 were augmented, suggesting xCT also regulates microglial functions (Mesci et al., 2015).

Responses to iron and/or LPS-induced inflammation, not only differed in the hippocampus and cortex, but also in the basal ganglia regions, the striatum and substantia nigra. Mice exposed to LPS-induced inflammation, with or without iron-priming, showed decreased striatal ferroportin levels. Decreased ferroportin may be caused by increased hepcidin, a peptide hormone that enhances cellular degradation of ferroportin. Previously, systemic injection of hepcidin has been shown to decrease striatal ferroportin (Wang et al., 2010). Further, elevated striatal hepcidin has been observed under inflammatory conditions including ischemia and systemic bacterial inflammation (Ding et al., 2011; Lieblein-Boff et al., 2013). Increased degradation of ferroportin, the only known cellular iron exporter, attenuates iron egress and may lead to (functional) cellular iron overload in the striatum. LPS used in the present study originates from bacteria and can explain the concordance between our results and previous studies (Ding et al., 2011; Lieblein-Boff et al., 2013).

Elevated ACSL4 was also observed in iron + LPS mice in the striatum. ACSL4 catalyzes the insertion of arachidonic acid into phospholipids, specifically phosphatidylethanolamines. Phosphatidylethanolamines appear to be particularly susceptible to lipid peroxidation and the major lipid source for lipid peroxidation in ferroptosis and shown to be significant contributors to elevated 4-HNE adducts/lipid peroxidation products (Doll et al., 2017). Interestingly, mice with ACSL4-ablation, with limited ability to insert arachidonic acid into phosphatidylethanolamines, exhibited attenuated lipid peroxidation (Killion et al., 2018). The increased ACSL4 in response to iron-primed inflammation suggests increased susceptibility of the striatum to ferroptosis.

The alterations in ferroportin and ACSL4 in the striatum were not observed in the hippocampus and cortex. The striatum is known to have higher iron and microglial content than the cortex and hippocampus (Ramos et al., 2014; Ward et al., 2014; Grabert et al., 2016; Keller et al., 2018; Saba et al., 2020), which may explain the differential regional response. Further, GFAP-immunoreactivity was unaltered in the striatum but was increased in both the hippocampus and the cortex. This is unsurprising as astrocytes from the mouse striatum and hippocampus display diversity as confirmed by transcriptomic, proteomic, morphological, and functional evidence (Chai et al., 2017). Further, cortical astrocytes have been shown to release greater amounts of TNFα in response to LPS stimulation than striatal astrocytes (Saba et al., 2020), consistent with our findings of increased astroglial immunoreactivity in the cortex but not in the striatum.

Regional molecular comparisons were not possible with the substantia nigra as only metal and histological analyses were performed. However, we observed hyper-ramified microglia in the iron + LPS group compared with saline, iron, and LPS treatment groups. We suggest that iron activates microglia in the substantia nigra but revert to their usual surveillance mode unless exposed to a subsequent inflammatory episode. The substantia nigral neurons contain neuromelanin, which is known to sequester excess iron and inhibit free radical production (Zecca et al., 2008a). However, iron-loaded neuromelanin itself can be a source of redox-active iron to induce microgliosis and impair dopamine neuronal functioning (Faucheux et al., 2003; Zecca et al., 2008b; Zhang et al., 2011; Ward et al., 2014). A caveat of the study was that a comprehensive protein analysis of the substantia nigra to investigate iron dyshomeostasis and ferroptosis-like changes was not performed to allow comparison with other brain regions. Moreover, a functional readout of this anatomical region would have been useful to associate with molecular changes.

The total iron levels in the current study were unchanged despite iron treatment. A limitation of our study is that both spatial and bulk iron analysis by SRXRF and TXRF, respectively, measure all forms of iron and were used as proxy measures for the labile iron pool. The labile iron pool is relatively small compared to the total iron content and such iron measurements may not be sensitive/accurate to subtle fluctuations in the labile iron pool (Ashraf et al., 2019a, 2020). Ideally, future studies should directly measure changes in the labile iron pool.

We did not evaluate the mechanism of microglial and astrocytic activation in inflammation, but LPS has been shown to induce inflammation via crosstalk between microglia and astrocytes (Norris et al., 2005; Sama et al., 2008). Moreover, it is challenging to translate glial morphological plasticity to functionality. A limitation of the study is the lack of measurement of relevant pro- and anti-inflammatory cytokines in the brain and plasma that can be correlated with microglial priming. Additional functional readouts from in vitro experiments evaluating changes in microglial phenotype by flow cytometry may offer deeper mechanistic insights. To ascertain the propositions in this exploratory study, future studies are warranted to measure pro- and anti-inflammatory cytokines to determine their association with different microglial morphological states.



Conclusion

We demonstrate inflammation following priming with systemic injections of mild iron doses in normal C57Bl/6J mice alters brain molecular profile suggestive of iron dyshomeostasis, lipid peroxidation, and neuroinflammation, in a region-dependent manner.
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Background: Ferroptosis, a newly proposed concept of programmed cell death, has garnered significant attention in research across different diseases in the last decade. Despite thorough citation analyses in neuroscience, there is a scarcity of information on ferroptosis research specifically related to neurodegenerative diseases.

Method: The Web of Science Core Collection database retrieved relevant articles and reviews. Data on publications, countries, institutions, authors, journals, citations, and keywords in the included studies were systematically analyzed using Microsoft Excel 2019 and CiteSpace 6.2.R7 software.

Result: A comprehensive analysis and visualization of 563 research papers on ferroptosis in neurodegenerative diseases from 2014 to 2023 revealed emerging research hotspots and trends. The number of annual publications in this field of study has displayed a pattern of stabilization in the early years of the decade, followed by a notable increase in the later years and peaking in 2023 with 196 publications. Regarding publication volume and total citations, notable research contributions were observed from countries, institutions, and authors in North America, Western Europe, and China. Current research endeavors primarily focus on understanding the intervention mechanisms of neurodegenerative diseases through the ferroptosis pathway and exploring and identifying potential therapeutic targets.

Conclusion: The study highlights key areas of interest and emerging trends in ferroptosis research on neurodegenerative diseases, offering valuable insights for further exploration and potential directions for diagnosing and treating such conditions.
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1 Introduction

The progressive loss of neuronal structure and function or neuronal death in the brain and spinal cord characterizes neurodegenerative diseases (ND). Common examples include Alzheimer’s disease (AD), Parkinson’s disease (PD), Huntington’s disease (HD), amyotrophic lateral sclerosis, and multiple sclerosis (Dugger and Dickson, 2017; Agnello and Ciaccio, 2022; Temple, 2023). Iron tends to accumulate in specific brain regions with advancing age, triggering oxidative stress in cells and contributing to the onset of ND (Chen, 2019). Epidemiological studies have identified ferroptosis markers such as reduced GSH levels, iron deposition, and glutathione peroxidase 4 (GPX4) downregulation in cell and animal models of AD and PD (Cozzi et al., 2019). A study finds that ALOX5-mediated ferroptosis acts as a distinct cell death pathway upon oxidative stress in HD, it provides potential new targets for the treatment of HD (Song et al., 2023). Other researchers also explored the susceptibility to ferroptosis in fused in sarcoma-amyotrophic lateral sclerosis cell models, uncovering mitochondrial disturbances and heightened vulnerability to ferroptosis in cells containing amyotrophic lateral sclerosis-causing fused in sarcoma mutations. This result indicates that ferroptosis could play a substantial role in amyotrophic lateral sclerosis (Ismail et al., 2024). Additionally, One study highlights the benefits of dabrafenib in the treatment of multiple sclerosis by showing its ability to inhibit ferroptosis in microglia through the up-regulation of the Axl receptor. This mechanism ultimately helps to slow down the progression of multiple sclerosis (Liu et al., 2024a). Numerous research results indicate that inhibition of ferroptosis may be a potential strategy for treating ND.

Ferroptosis is a newly identified type of iron-dependent cell death, distinguished by an accumulation of intracellular iron ions that disturb the equilibrium of the intracellular lipid peroxidation system, leading to lipid peroxidation and eventual cell demise (Nikseresht et al., 2019; Costa et al., 2023). In contrast to apoptosis, ferroptosis is an irregular and disordered way of cell death usually induced by external factors such as oxidative stress and drug impacts. Ferroptosis plays a significant role in a variety of diseases (Wang et al., 2023a), including nervous system diseases (Lei et al., 2020; Yao et al., 2021; Ou et al., 2022), cancers (Chen et al., 2021), lung diseases (Xu W. et al., 2021; Yu S. et al., 2021), cardiovascular diseases (Li N. et al., 2021; Yu Y. et al., 2021; Fang et al., 2023), liver diseases (Guo G. et al., 2023; Wang X. et al., 2023), and kidney diseases (Guo R. et al., 2023). The core mechanisms of ferroptosis (Figure 1) involve triggering cell death through the catalysis of lipid peroxidation of unsaturated fatty acids found in high levels on the cell membrane in the presence of divalent ferroptosis or ester oxygenase (Wu et al., 2021). The key enzyme responsible for this process is GPX4, which facilitates the conversion of phospholipid hydroperoxides into less harmful lipid alcohols, thereby safeguarding the cell from damage caused by lipid peroxidation. Inhibition or reduction of GPX4 activity enhances cellular susceptibility to ferroptosis (Bersuker et al., 2019; Xie et al., 2023). Additional regulatory factors of ferroptosis include disruptions in iron metabolism, accumulation of lipid peroxides, and imbalances in the antioxidant system. For instance, excessive iron intake or depleted iron reserves, along with heightened reactive oxygen species (ROS) generation through the Fenton reaction, can precipitate ferroptosis (Park and Chung, 2019). The mechanism of ferroptosis is intricate, involving the interplay of various factors and molecules. By modulating these factors, the sensitivity and response of cells to ferroptosis can be influenced. Pharmacological inhibition of ferroptosis by bioactive small-molecule compounds (ferroptosis inhibitors) could be effective for treatments of ND (Wang et al., 2023b). Aging is an unavoidable process of gradual deterioration of physiological functions caused by a combination of factors (Stockwell, 2022). As cellular senescence proceeds, the physiological functions of tissues and organs of the organism become progressively disturbed and decline, thereby increasing the risk of disease and death, such as ND, cancer and cardiovascular diseases (Goldsteins et al., 2022; Xu et al., 2024). At present, scholars have gradually discovered the intricate connection between ferroptosis and aging, and specific types of cellular senescence and aging-associated diseases are sometimes accompanied by features of cellular ferroptosis (Zheng et al., 2021).
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FIGURE 1
 Core mechanisms of ferroptosis.


Bibliometric analysis plays a vital role in assessing research performance and identifying influential papers within a specific field (Wang S. Q. et al., 2020). While citation analyses have been conducted in various areas of neuroscience, there is limited information on ferroptosis research related to ND, with only a few studies published. Citation counts significantly measure a study’s impact on a research field (Yi et al., 2022). Previous reviews have primarily relied on individual literature summaries and study extractions, which may not fully capture the spatial and temporal distribution of researchers, institutions, and journals. Additionally, visualizing the knowledge base’s internal structure and research focus has been challenging, with few systematic, comprehensive, and visual studies available. Current bibliometric analyses on ferroptosis primarily concentrate on specific diseases within the ND series, such as PD and AD. Researchers have identified pathogenesis and treatment (Chen et al., 2024) as key areas of interest in PD research, with ‘ferroptosis,’ ‘immunohistochemistry,’ ‘diagnosis,’ and ‘microenvironment’ being highlighted as frequent keywords (Lu et al., 2023). Similarly, in AD research, the focus lies on molecular mechanisms (Liu et al., 2024b), with ‘Ferroptosis in AD,’ ‘Pyrptosis in AD,’ and ‘Neoptosis in AD’ emerging as cutting-edge terms that indicate the present and future research directions in this field (Yeerlan et al., 2024). These studies have significantly contributed to the field of bibliometric analysis on ferroptosis and offer valuable research insights for further exploration in ND. Therefore, this study aims to perform a bibliometric analysis of papers published on ferroptosis in ND from 2014 to 2023, comprehensively analyzing the current research status, hot spots, and trends in this area. The goal is to identify journal publications, collaborators, keywords, and research trends that could enhance understanding of these diseases’ causes, mechanisms, and treatments. These findings offer valuable insights for future researchers conducting further research.



2 Materials and methods


2.1 Data source

This study utilized the Web of Science Core Collection (WoSCC) database, enriched by the Science Citation Index, as the primary data source. The WoSCC database is well-known for its comprehensive coverage, systematic methodology, and authoritative nature, spanning over 12,000 influential and high-quality journals globally. It is a commonly used resource in scientometric analyses and visualization of scientific literature across various research domains (Hassan et al., 2021; Ge et al., 2022). An advanced search was conducted in the WoSCC database using the search formula TS = (ferroptosis) AND TS = (Neurodegenerative Disease OR Neurologic Degenerative Disease OR Degenerative Neurologic Disease OR Nervous System Degenerative Diseases OR Neurodegenerative Disorder OR Neurologic Degenerative Condition OR Neurologic Degenerative Diseases OR Degenerative OR Neurologic Disorders OR Degenerative Neurologic Disorder) for a comprehensive investigation, focusing on articles and reviews in the English language published until December 2023. This search resulted in a total of 563 relevant documents.



2.2 Data import and merging

All data records from the WoSCC were extracted, including details such as annual research, countries/regions, funding agencies, source journals, institutions, authors, keywords, citations, impact factors, and Journal Citation Reports. Download the bibliographic record from the WoSCC database in Plain Text File format, selecting Record Content as Full Records and Cited References. Import the bibliographic record into NoteExpress and merge the entries in the fields manually after screening and verifying. We identified three situations where data needed to be merged and proposed solutions accordingly. These cases included: (1) full names or abbreviations of the same country name, such as different writing conventions for United States of America and USA; (2) different abbreviations of the same author’s name or variations in the order of the last name and the first name, which we solved by using ORCID information and author affiliation; and (3) different terms or expressions that refer to the same concept, for example, ND and neurodegenerative diseases will be merged into neurodegenerative diseases.



2.3 Data analysis and visualization

After data merging, the plain text was imported into Microsoft Excel 2019 and CiteSpace 6.2.R7 (Chen, 2004; Chen and Song, 2019) for analysis. Microsoft Excel was utilized to generate visualizations of the yearly publication volume, whereas CiteSpace was used to visualize collaborations among countries/regions, institutions, and authors. The analysis of cited literature primarily includes network maps, high-frequency co-cited literature, and keywords analysis comprising keywords co-occurrence analysis, keywords clustering analysis, and keywords citation burst analysis.




3 Results


3.1 Publication outputs and time trend

A total of 563 documents on ferroptosis in ND research were published between 2014 and 2023. The publication trend exhibited stability in the initial years, followed by a notable surge in later years, as illustrated in Figure 2. From 2014 to 2017, the number of publications remained relatively low and consistent, with an annual range of 2–6 articles. Subsequently, there was a significant rise in publications from 2018 to 2020, with an average annual growth of 30 articles. Although there was a slight decline in 2021, the numbers remained comparable to 2020, indicating a sustained high activity level. A rapid growth trend is observed in 2022–2023, with an average increase of 79 articles per year, matching the total publications in 2021. Furthermore, linear regression analysis reveals a positive correlation between the annual total of published articles and the years (y = 19.739x - 52.267, R2 = 0.822). These results indicate a promising outlook for ongoing growth and advancement in this research field.
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FIGURE 2
 Number of publications and the model fitting curve of total annual publications.




3.2 Distribution of journals

The dataset consists of 563 journal articles from 280 different journals. The journal ‘FREE RADICAL BIOLOGY AND MEDICINE’ has the highest number of publications with 24 articles, followed by ‘INTERNATIONAL JOURNAL OF MOLECULAR SCIENCES’ with 20 articles. 90 journals have published more than 2 articles, making up 32.14% of the total number of journals and accounting for 69.8% of the total articles. The top 15 journals contribute to 32.33% of the total articles. These figures indicate a concentrated distribution of articles among journals, with those having high-impact factors publishing a significant number of articles. The top 15 journals by publication volume can be seen in Figure 3.

[image: Figure 3]

FIGURE 3
 Top 15 journals of ferroptosis in ND research ranked by publication number.




3.3 Analysis of countries/regions and institutions

A total of 52 countries participated in the studies analyzed, with 11 countries publishing more than 10 studies each. China emerged as the leading contributor with 43.6% of the studies, followed by the United States at 15.82% and Germany at 5.09%. The top 10 contributing countries are detailed in Table 1. CiteSpace analysis was utilized to create a visualization of country collaborations; as depicted in Figure 4, the network consists of 52 nodes and 141 links, illustrating the interconnected academic collaborations among high-producing countries. The top five countries identified are China, the United States, Germany, Australia, and Japan. Among these, the United States, England, and China emerge as the top three countries in terms of centrality, with values of 0.53, 0.37, and 0.18. Analysis based on publication numbers and centrality metrics highlights the United States, China, England, and Germany as the significant research powerhouses in this study.



TABLE 1 Top 10 countries and institutions in the field of ferroptosis in ND among 563 included studies (2014–2023).
[image: Table1]
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FIGURE 4
 CiteSpace network visualization map of country/regions involved in ferroptosis of ND research.


A total of 486 institutions participated in publishing research papers, with 59 institutions (12.14%) contributing more than 5 papers. The top 10 institutions, detailed in Table 1, each produced at least 13 papers. The University of Melbourne and the Helmholtz Association led with 21 papers each. Collaborative institution mapping results, illustrated in Figure 5, showcased 486 nodes and 1,365 links, indicating cooperative solid relationships. The University of Melbourne, Helmholtz Association, Helmholtz-Center Munich-German Research Center for Environmental Health, Florey Institute of Neuroscience & Mental Health, and the University of Texas System emerged as the top five institutions in collaboration. Noteworthy is the joint top position in centrality rankings held by the University of Melbourne, Florey Institute of Neuroscience & Mental Health, University of Texas System, and Institut National de la Sante et de la Recherche Medicale.

[image: Figure 5]

FIGURE 5
 CiteSpace network visualization map of institutions involved in ferroptosis of ND research.




3.4 Analysis of authors and co-cited representative literature

There are 803 authors involved in Ferroptosis in ND. The top 10 most active authors and their related information are shown in Table 2. The top 10 authors collectively published 78 articles. Conrad Marcus published 14 papers and ranked first among all authors, followed by Maher Pamela (n = 10) and Hirata Yoko (n = 9). These top 10 authors were affiliated with 8 different research institutions. Table 3 displays the top 10 most cited original articles on ferroptosis in ND research. Nature Chemical Biology and Cell have had a significant scientific impact on researchers and scholars in this field, with nearly half of the top 10 highly cited original articles being published in these journals. All of the top 10 publications have collectively received over 1,030 citations. The study by Doll S et al., published in Nature Chemical Biology, is the most cited article with 182 citations (Doll et al., 2017). Figure 6 presents the results of the CiteSpace analysis of literature co-citations, which includes 646 nodes and 3,293 links. Both nodes and links show the richness of co-citations.



TABLE 2 Top 10 authors who published literature on ferroptosis in ND among 563 included studies (2014–2023).
[image: Table2]



TABLE 3 Top 10 co-citation representative literature of ferroptosis in ND among the 563 articles included (2014–2023).
[image: Table3]
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FIGURE 6
 CiteSpace network visualization map of co-cited references involved in ferroptosis of ND research.




3.5 Keyword analysis


3.5.1 Keywords co-occurrence analysis

Keywords related to ferroptosis in ND research papers were identified and analyzed using CiteSpace software. The keywords were analyzed over The publication period of 2014–2023. The Top five keywords were oxidative stress (n = 229), cell death (n = 206), lipid peroxidation (n = 150), AD (n = 115), and PD (n = 103). Larger values of centrality represent more cooperation of The node with other nodes. Centrality analysis revealed that cancer cells (n = 0.16), activation (n = 0.12), ferroptosis (n = 0.11), cell death (n = 0.09), and mechanisms (n = 0.09) exhibited high centrality and emerged as the most influential keywords.



3.5.2 Keywords clusters analysis

The keyword clustering graph reflects the structural features between clusters, highlighting their key nodes and essential connections (Qin et al., 2020). Based on the results of the co-occurrence analysis, a keyword clustering network map was generated with LLR. The network map has a rich clustering structure, and the structure is persuasive, as indicated by the Modularity Q= 0.4174 > 0.3 and Mean Silhouette= 0.7295 > 0.5 of the keyword clustering map, signifying that the clustering structure is clear and reasonable, with high credibility. As is shown in Figure 7, the top 9 clustered tag groups (#0-8), examined and filtered using clustered keywords, represent a general research framework for ferroptosis in ND research. Among the nine keyword clusters, the research topics can be categorized into three groups: (#0), (#1), and (#7) form the first group, mainly related to the study of diseases caused by ferroptosis; (#2), (#5), and (#6) form the second group, mainly related to the study of the effects of ferroptosis on body tissues and cells; (#3), (#4), and (#8) form the third group, mainly involved in the study of the primary mechanism of ferroptosis in ND. The number of labels in the keyword clusters is inversely proportional to the size of the clusters, with the most prominent clustered label being (#0) AD (n=76), indicating that AD is the primary disease in ferroptosis in ND research.
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FIGURE 7
 CiteSpace network visualization map of keywords clusters analysis involved in ferroptosis of ND research.




3.5.3 Keywords citation burst analysis

The analysis of keyword citation bursts can reveal the research trends within a specific timeframe (Wang Z. et al., 2020). Based on keyword co-occurrence analysis, Keyword citation burst analysis was utilized to determine the top 25 cited keywords, see Figure 8. In the Keywords citation burst analysis, “Begin” and “End” indicate the time of the burst. “Strength” means the strength of the burst, representing credibility over time. By focusing on keywords with a high burst rate, researchers can uncover the current hot topics in the field.

[image: Figure 8]

FIGURE 8
 Keywords citation bursts analysis of related literature. The red line shows the time frame during which the keyword bursts were discovered, while the blue line shows the time interval.


The Keywords citation burst analysis reveals three phases of results. The first phase, from 2014 to 2017, highlights keywords like ‘cancer cells, death, injury, 12/15 lipoxygenase, glutamate, gpx4, biomolecules, AD’, focusing on physiological changes and disease effects. For instance, the proliferation of cancer cells was linked to ferroptosis, which was also identified as a pathogenic mechanism in AD. The second phase, spanning 2017 to 2020, explores keywords such as ‘amyloid precursor protein, HD, neurofibrillary tangles, antioxidant, peroxidation, inactivation, cell death mechanisms, metabolism, toxicity, heme oxygenase 1, Friedreich’s ataxia,’ emphasizing the impact of ferroptosis on ND. Lastly, the third phase, from 2020 to 2023, concentrates on ‘homeostasis, cellular, binding, NLRP3 inflammasome, cancer therapy, ablation,’ indicating a sustained focus on mechanism and pathway studies. This phase also underscores the increasing significance of inhibition of ferroptosis for disease treatment. The keywords from the third phase remain relevant today and represent emerging trends and future research directions.





4 Discussion


4.1 General information

In the past decade, there has been a notable increase in scholarly interest and research on ferroptosis in ND, leading to a growing number of related studies annually. This bibliometric analysis employs CiteSpace to examine and illustrate 563 papers on the subject to identify critical research hotspots and trends. The evolution of research activity and output in publications related to this topic can be observed in three distinct phases. Before 2018, a relatively consistent and limited number of papers were published. In 2012, the discovery of a small molecule compound called erastin revolutionized the field by affecting a wide range of cells, including neurons and tumor cells. Erastin enhances the process of peroxide accumulation during Fe2+ synthesis, leading to intracellular mitochondrial atrophy and increased membrane density. This unique mechanism results in a distinctive form of cell death known as ferroptosis, setting it apart from other forms of cell death (Li et al., 2020). Initially, research on ferroptosis was limited. However, from 2018 to 2021, there was a substantial increase in the number of papers, indicating a broadening scope and depth of research. Post-2021, there has been a rapid growth trend, with an average annual increase of approximately 79 articles. This trend underscores the immense research potential of ferroptosis in ND, drawing increasing attention from scholars (Reichert et al., 2020; Xu et al., 2023). Consequently, it is foreseeable that this research area will continue to gain traction in the future.

Among the top 10 countries publishing papers in this research field, 9 are developed, while China is the sole developing country. Despite China having the highest number of publications, its low centrality score of 0.18 suggests limited connections with developed countries in the field, indicating a lack of international cooperation. The United States, Germany, the United Kingdom, and Australia dominate this area. Analysis of the institutional cooperation network reveals that national institutions in Australia, the United States, and Germany, such as the University of Melbourne, Helmholtz Association, Helmholtz-Center Munich - German Research Center for Environmental Health, Florey Institute of Neuroscience & Mental Health, and the University of Texas System, are leading in research on ferroptosis in ND. The most active and prominent institutions are predominantly renowned universities from developed countries with abundant academic resources, with China following closely behind. There is an imbalance in the exchange of academic resources between developing and developed countries. This disparity may be attributed to financial constraints and insufficient attention in developing countries, resulting in delayed research initiation and a lack of high-quality research outcomes.

The distribution of author clusters exhibits similarities to the distribution of country and institutional clusters. The top 10 authors listed in Table 2 are predominantly associated with research institutions in developed countries. Among these top 10 authors, Conrad Marcus, Maher Pamela, and Hirata Yoko emerge as the leading researchers in this particular field. Conrad Marcus has proposed that ferroptosis plays a significant role in the development of organ injuries and degenerative pathologies. He has also suggested that the manipulation of ferroptosis, through both its induction and inhibition, holds promise in treating drug-resistant cancers, ischaemic organ injuries, and other degenerative diseases characterized by high levels of lipid peroxidation (Jiang et al., 2021). Maher Pamela and her colleagues have emphasized the involvement of the oxytosis/ferroptosis is regulated with cell death pathway in aging and ND and the AMPK/ACC1 pathway in cell death induced by an oxytosis/ferroptosis inducer (Currais et al., 2022). Additionally, Hirata Yoko and his team discovered that N,N-dimethylaniline derivatives had been identified as potent inhibitors of ferroptosis. Despite not forming a chelating structure with Fe2+, N,N-dimethylaniline derivatives are capable of creating stable monodentate complexes with hydrated ferrous ions, with the assistance of aliphatic tertiary amine molecules to stabilize the complexes. Those discoveries could potentially aid in developing more effective lysosomal ferroptosis inhibitors for treating ND (Hirata et al., 2023).

Analysis of publication output and citations reveals that approximately one-third of the papers are published in the top 15 journals. Notably, ‘Nature Chemical Biology’ and ‘Cell’ have had a significant scientific impact on researchers and scholars in the field. For instance, ‘Nature Chemical Biology’, a journal under the NATURE PORTFOLIO, boasts an IF of 14.8 in 2022. The journal covers diverse research on the role of ferroptosis in ND, including lipid metabolism, autophagy, and mitochondria, which significantly advances people’s understanding of this field. An article in the journal investigated the relationship between the structure, activity, and distribution of compounds that modulate ferroptosis using fluorescence and stimulated Raman scattering imaging. The study found that lipid peroxidation triggering ferroptosis occurs across different subcellular membranes, with the endoplasmic reticulum membrane being identified as the primary site. The research revealed a sequential pattern of membrane peroxidation during iron metabolism, starting with accumulation on the endoplasmic reticulum membrane before spreading to the plasma membrane. By targeting inhibitors and inducers specifically at the endoplasmic reticulum, it may be possible to precisely regulate lipid peroxidation dynamics in cells undergoing ferroptosis. This targeted approach shows promise as a potential therapeutic strategy for drug-resistant cancers and could have implications for the pathogenesis of certain degenerative diseases (Von Krusenstiern et al., 2023). Furthermore, other prestigious journals like ‘Nature’, ‘Nature Reviews Molecular Cell Biology’, and ‘Cell Death and Differentiation’ have also made valuable contributions to the field of ferroptosis to ND research.



4.2 Important research findings

Based on a literature citation analysis, the paper ‘ACSL4 dictates ferroptosis sensitivity by shaping cellular lipid composition’ by Doll S et al. published in ‘Nature Chemical Biology’ in 2017 (Doll et al., 2017) has received the highest number of citations. The study highlights the crucial role of CoA synthetase long-chain family member 4 (ACSL4) in driving ferroptosis. GPX4-ACSL4 double-knockout cells displayed significant resistance to ferroptosis. Targeting ACSL4 with thiazolidinediones, a type of antidiabetic compound, reduced tissue damage in a mouse model of ferroptosis, suggesting that inhibiting ACSL4 could be a promising therapeutic approach for ferroptosis-related diseases. The second most cited work is a review by Stockwell BR et al. published in Cell in 2017 (Stockwell et al., 2017), which underscores that recent research indicates ferroptosis is triggered by integrating polyunsaturated fatty acids into cellular membranes. Sensitivity to ferroptosis is intricately linked to various biological processes, including amino acid, iron, and polyunsaturated fatty acid metabolism and the synthesis of glutathione, phospholipids, and coenzyme Q10. Ferroptosis has been implicated in pathological cell death in conditions such as ND, cancer progression, stroke, intracerebral hemorrhage, and traumatic brain injury.

In addition, in an article published in Nature Chemical Biology, Kagan et al. (2017) demonstrated that ferroptosis is characterized by a highly organized oxygenation center. They discovered that inhibiting ACSL4 can prevent the esterification of arachidonic acid or adrenic acid into phosphatidylethanolamine, serving as a specific pathway to rescue cells from ferroptotic cell death. Lipoxygenase was identified as the enzyme responsible for generating doubly and triply-oxygenated-diacylated phosphatidylethanolamine species, which signal cell death. Additionally, tocopherols and tocotrienols were found to suppress lipoxygenase activity and protect cells from ferroptosis, indicating a potential physiological role for vitamin E in maintaining cellular homeostasis. The authors propose that targeting this oxidative phosphatidylethanolamine death pathway could be a promising approach for drug development (Kagan et al., 2017).



4.3 Research hotspots and frontiers

Keywords play a crucial role in identifying emerging trends and guiding future research directions (Synnestvedt et al., 2005). In this instance, keywords citation burst analysis was conducted using CiteSpace. Five research frontier keywords burst from 2021. We summarize the existing research results and provide insights into the future research direction hotspots of ferroptosis on ND.


4.3.1 Cells

Ferroptosis is a unique type of regulated cell death characterized by the lethal buildup of lipid peroxides in plasma membranes (Martinez et al., 2020). This process is intricately linked to various biological pathways and has been implicated in the pathogenesis of cancer and ND. These discoveries have paved the way for developing innovative cytoprotective approaches aimed at safeguarding cells in conditions such as neurodegenerative, hematologic, and cardiovascular disorders through inhibiting ferroptosis (Qiu et al., 2020). The study of microglia has been increasingly emphasized by scholars, and research on microglia ferroptosis in ND has been carried out. A study found that human-induced pluripotent stem cell-derived microglia when cultivated in a tri-culture system, demonstrate heightened reactivity to iron and are prone to ferroptosis. Excessive iron levels cause a notable shift in the transcriptional profile of microglia, resembling a gene expression pattern seen in postmortem brain microglia of PD patients. This microglial reaction contributes to neurodegeneration, as evidenced by the delayed onset of iron-induced neurotoxicity upon microglia removal from the tri-culture setup. These results underscore the critical role of microglial iron overload and ferroptosis in the neurodegenerative process (Ryan et al., 2023).

Aberrations in programmed cell death signaling pathways, such as apoptosis, necroptosis, pyroptosis, ferroptosis, autophagy-associated cell death, and unprogrammed necrosis, are observed in the development of various neurological disorders. These mechanisms of cell death can be initiated by cellular stress and inflammatory reactions. The dysregulated activation of programmed cell death pathways is a common feature in neurodegenerative conditions, resulting in the unwanted loss of neuronal cells and their functionality (Moujalled et al., 2021). Mitochondria are pivotal in the process of apoptotic cell death, with mitochondrial outer membrane permeabilization (MOMP) typically leading to cell death (Vringer and Tait, 2023). MOMP triggers a range of pro-inflammatory signaling pathways, and recent research indicating cell survival after MOMP suggests that mitochondria-derived signaling from pro-apoptotic triggers may have non-lethal functions. Targeting MOMP to modulate cell death shows great promise for therapeutic interventions in ND (Bock and Tait, 2020). Research has been conducted on the cellular level of ferroptosis in the context of drug treatment for ND. Experimental animal studies have demonstrated that salidroside exhibits neuroprotective effects by inhibiting neuronal ferroptosis in Amyloid beta peptide (Aβ)1-42-induced AD mice and Glu-injured HT22 cells. This neuroprotective mechanism is associated with the activation of the Nrf2/HO1 signaling pathway. This area of research shows promise for future exploration (Yang et al., 2022).



4.3.2 Binding

GPX4 is identified as a crucial regulator of ferroptosis. Autoantibodies and interferon-α found in the serum have been shown to trigger neutrophil ferroptosis by increasing the binding of the transcriptional repressor CREMα to the GPX4 promoter. This results in reduced expression of GPX4 and an increase in lipid-ROS (Li P. et al., 2021). High mobility group box 1 (HMGB1) is a nonhistone nuclear protein known for its role as a DNA chaperone, maintaining chromosome structure and function. Additionally, HMGB1 can induce autophagy by interacting with the BECN1 protein. The secretion and release of HMGB1 are regulated by various factors, such as posttranslational modifications like phosphorylation and methylation, as well as cell death mechanisms like apoptosis, necroptosis, and ferroptosis (Chen et al., 2022).

The RNA-binding protein ZFP36 ring finger protein is essential in regulating ferroptosis in hepatic stellate cells (HSCs). Treatment with erastin and sorafenib in mice helped alleviate murine liver fibrosis by promoting HSC ferroptosis. Overexpression of ZFP36, specifically in HSCs, hindered the induction of HSC ferroptosis by erastin or sorafenib. In human HSCs, sorafenib treatment alone resulted in ZFP36 downregulation, activation of ferritinophagy, and induction of ferroptosis. These findings shed light on new molecular mechanisms and signaling pathways involved in ferroptosis (Zhang et al., 2020). Another study (Zhang et al., 2021) suggests that ferroptosis is a tightly regulated process suppressing tumors. The RNA-binding protein RBMS1 plays a role in lung cancer development by facilitating the evasion of ferroptosis, making it a crucial regulator of this process. Inhibiting RBMS1 led to decreased translation of SLC7A11, resulting in reduced cystine uptake mediated by SLC7A11 and ultimately promoting ferroptosis. Exploring the role of RNA-binding proteins in disease development through mediating ferroptosis evasion could be a promising area for further research.



4.3.3 NLRP3 inflammasome

Deferoxamine, an iron chelator, has demonstrated the ability to inhibit neuron degeneration by reducing the accumulation of iron, lipid peroxides, and ROS and modulating the expression of ferroptosis-related indicators. Furthermore, Deferoxamine has shown potential in reducing NLRP3 activation through the ROS/NF-κB pathway, influencing microglial polarization, decreasing neutrophil and macrophage infiltration, and inhibiting the release of inflammatory factors following traumatic brain injury. Moreover, Deferoxamine may also attenuate the activation of neurotoxic responsive astrocytes (Jia et al., 2023). It has been proposed that therapeutic interventions for neuropsychiatric disorders may benefit from targeting not only oxidative stress and inflammatory processes in general but also specific factors such as TNF-α, PARP-1, NLRP3 inflammasome, and RIP3. Activation of these factors can lead to peripheral inflammation and neuroinflammation, even in the absence of cell death, highlighting their potential as treatment targets (Morris et al., 2018).

Aβ has been identified as a key contributor to AD. In a study involving APP/PS1 mice, treatment with non-toxic tetrahydroxy stilbene glycoside (TSG) demonstrated a dose-dependent protection against Aβ-induced neuronal cell death by modulating ferroptosis-related proteins and enzymes. TSG was found to enhance the activation of GSH/GPX4/ROS and Keap1/Nrf2/ARE signaling pathways. Additionally, TSG administration led to a decrease in markers associated with ferroptosis, such as lipid peroxidation and neuroinflammation markers like NLRP3 and ACSL4 (Gao et al., 2021). Elevated expression of Heme oxygenase-1 in ND has been linked to the accumulation of neurotoxic ferric iron deposits. In mouse models, inflammation-induced stimulation leads to changes in various iron-related metabolic proteins, ultimately causing an upsurge in ferroptosis, iron deposition, and oxidative stress. Additionally, microglia demonstrate a primed phenotype with heightened levels of inflammatory markers, including iNOS, TNF-α, IL-1β, and NLRP3 (Fernández-Mendívil et al., 2021). Exploring the NLRP3 inflammasome pathway and its molecular interactions may reveal additional potential avenues for the development of inflammasome-targeting drugs.



4.3.4 Cancer therapy

Ferroptosis induction has recently gained attention as a promising approach to cancer treatment. Elevated iron levels within cells lead to increased production of ROS. Molecules that induce ferroptosis enhance ROS production and suppress the antioxidant defense system, thereby promoting ferroptosis in cancer cells (Maru et al., 2022). Cancer cells accumulate elevated levels of iron and ROS to enhance their metabolic activity and proliferation. Notably, the metabolic reprogramming of cancer cells is frequently linked with increased vulnerability to ferroptosis. This indicates that ferroptosis could serve as an adaptive reaction to metabolic dysregulation and potentially offer a novel approach to eliminating cancerous cells (Battaglia et al., 2020).

RSL3 and other small-molecule GPX4 inhibitors have been shown to induce ferroptosis in both cultured cancer cells and tumor xenografts in mice. Likewise, erastin and other system Xc- inhibitors can reduce intracellular glutathione levels necessary for GPX4 activity, resulting in lipid peroxidation and ferroptosis. Given that therapy-resistant cancer cells are particularly vulnerable to GPX4-targeted treatments, the potential of ferroptosis-inducing agents to enhance existing cancer therapies is promising (Wang L. et al., 2022). Glioblastoma is recognized as the predominant malignant tumor affecting the brain. The complexity of this cancer poses challenges in treatment, attributed to its significant heterogeneity and the presence of an immunosuppressive microenvironment. Recent research indicates that directing interventions toward ferroptosis could serve as a promising approach to addressing resistance to conventional tumor therapies and immune evasion strategies (Zhuo et al., 2022). The integration of ferroptosis-targeted therapies with existing treatments holds the potential to enhance the management of cancer.



4.3.5 Ablation

In various neurodegenerative disorders, the intracellular accumulation of TAU aggregates is a defining feature. When TAU was conditionally removed from excitatory neurons, it led to a decrease in epilepsy and the overactivation of the PI3K/AKT pathway (Shao et al., 2022). Using CRISPR to introduce point mutations and express human tau in AD model mice, it was demonstrated that the interaction between specific sites regulates both normal physiological phosphorylation and the development of amyloid-associated cognitive impairments. Furthermore, a combined approach targeting key phosphorylation sites and p38α synergistically ablated hyperphosphorylation (Stefanoska et al., 2022). Additionally, Shank3, a protein primarily found in the heart, plays a role in regulating age-related ND. Removal of Shank3 was found to increase the process of mitophagy, decrease the production of harmful superoxide from mitochondria, reduce cell death, and protect against heart dysfunction in older individuals. When aging heart cells treated with D-galactose were studied, it was observed that mitophagy decreased while Shank3 expression significantly increased. Knocking down Shank3 resulted in the restoration of mitophagy, leading to improved health of mitochondria, reduced oxidative stress within mitochondria, and decreased cell death. Conversely, overexpression of Shank3 mimicked the inhibitory effects of D-galactose on mitophagy and caused dysfunction in mitochondria (Wang Y. et al., 2022). Another study reported that aconitate decarboxylase 1 ablation abates Tumor-infiltrating neutrophils infiltration, constrains metastasis, and bolsters antitumor T cell immunity (Zhao et al., 2023). Previously, we mentioned GPX4’s research on cancer; in a new study, it was found that the loss of GPX4 leads to an excessive buildup of lipid peroxides and ferroptosis in Treg cells when T cell receptor/CD28 co-stimulation occurs. Additionally, Treg-specific ablation of GPX4 inhibits tumor growth and enhances the body’s ability to fight against tumors (Xu C. et al., 2021).

A recent study delved into the concept of ‘ablation’ within the realm of treatment technology (Pfannenstiel et al., 2022). Microwave ablation (MWA) is gaining attention as an alternative method for treating unresectable tumors. Studies suggest that MWA may impact the process of ferroptosis within tumors, potentially regulating cancer cell ferroptosis. This mechanism could play a role in the tumor-killing effects of MWA (Bozaykut et al., 2016). Research indicates that inducing ferroptosis is a promising therapy for cancer treatment, suggesting that combining MWA with ferroptosis inducers could be a novel approach in tumor therapy (Gai et al., 2020; Yu et al., 2023). In conclusion, the specific ablation of TAU, Shank3, and GPX4, along with utilizing MWA technology, presents new opportunities for studying ND and cancer induced by ferroptosis.




4.4 Limitations

This study utilized CiteSpace 6.2.R7 software to visualize and analyze the literature on ferroptosis in ND within the WoSCC database. However, several limitations were identified. Firstly, disparities in economic strength and population size among countries may influence research progress in this field, potentially leading to bias. Secondly, only English literature from the WoSCC database was included in the visualization analysis, suggesting that future studies should consider incorporating additional databases such as CNKI and Scopus. Lastly, since citations are expected to peak gradually 3–10 years after publication, the current analysis may not highlight recently published articles.




5 Conclusion

Research on ferroptosis for ND is still in its early stages of development. Based on the current global trend, there is expected to be a significant increase in publications on this topic and the number of researchers actively involved. Noteworthy advancements have been achieved in ferroptosis research related to ND, particularly in China, Europe, and the United States, with Europe and the United States emerging as leaders in this field. Existing literature can be broadly classified into two main categories: ‘mechanism studies’ and ‘treatment and effects’. Future research is likely to focus more on areas such as cells, binding, nlrp3 inflammasome, cancer therapy, and ablation, indicating potential new directions for investigation.
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Progressive Supranuclear Palsy is an atypical parkinsonism based on tauopathic pathology. Growing interest is associated with the pathomechanism of this disease. Among theories analyzing this issue can be mentioned the one highlighting the significance of inflammation. In this study authors examined 14 patients with PSP-Richardson syndrome (PSP-RS) and 13 healthy volunteers using laboratory testing based on the analysis of interleukins 1 and 6 (IL-1 and IL-6), tau in the cerebrospinal fluid (CSF) and non-specific parameters of peripheral inflammation in the serum (IL-1, IL-6, neutrophils, lymphocytes, monocytes, platelets and the ratios based on the factors). All of the patients underwent neuroimaging using magnetic resonance imaging using 3 Tesla. The serum levels of IL-1 were positively correlated with the area of the mesencephalon, suggesting that higher levels of IL-1 are not linked with atrophic changes in this region, whereas serum levels IL-6 was positively correlated with frontal horn width and negatively correlated with superior cerebellar area. Additionally IL-6 in the serum was found to be correlated with neutrophil-to-high density lipoprotein ratio. The observations were not confirmed in the analysis of the levels of interleukins in the CSF. To the best of our knowledge this work is one of the first analyzing this issue. The outcome of the work shows that the role of interleukins associated with microglial activation may possibly differ in the context of neurodegenerative changes, moreover the role of peripheral inflammation in PSP requires further analysis.
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Introduction

Progressive Supranuclear Palsy (PSP) is a four repeats tauopathy in the group of atypical parkinsonism (1). Clinically it is defined as a syndrome associated with postural deficiencies, oculomotor dysfunction, akinesia and cognitive/language disorders (1). The disease was discovered in the seventh decade of the twentieth century, primarily it was defined as a single entity, since the release of the most contemporary criteria of diagnosis in 2017, it is presented as a group of clinical subtypes differing in the context of correlation of primary features (1, 2). The two major subtypes of PSP – Richardson’s syndrome (PSP-RS) and Parkinsonism Predominant (PSP-P) comprise up to 90% of cases (3). The main subtypes significantly differ in the context of progression, clinical manifestation and response to levodopa treatment (4). Though the descriptions of PSP subtypes seem more and more detailed, the pathophysiology of PSP is not fully explored. It is not verified whether certain mechanisms, commonly associated with PSP, as inflammation, oxidative stress, vascular abnormalities are a cause or consequence of these processes (5, 6). It is also not specified whether these pathways affect certain regions of interest in the central nervous system more severely (7). The inflammatory hypothesis regarding the pathogenesis of PSP described in contemporary literature does not clearly indicate whether the mechanism should be directly associated with clinical deterioration or whether its certain aspect provide a protective role in the course of neurodegeneration. The example of chronic traumatic encephalopathy due to its certain overlaps in context of tauopathic pathology may suggest that repeated stimulation causing inflammatory activation could be a factor in the pathogenesis of neurodegenerative diseases (8). The McGeer theory rccognized the chronic impact of microglial activation as an aspect of neurodegeneration (9). Nevertheless though neurodegenerative processes may present certain similarities, the studies performed on patients with parkinsonisms, revealed that generally the inflammatory activation is more pronounced in atypical parkinsonisms, when compared to Parkinson’s disease (PD) (10, 11). The data concerning this issue is not sufficiently explored due to the small number of researches evaluating inflammatory processes in atypical parkinsonisms and the lack of such works evaluating correlations between the inflammatory factors and atrophic changes in neuroimaging as in this study.

Based on previous examinations of this research group concerning the role of interleukins and neurotrophic factors in the analysis of PSP, it was revealed that the agents may have a significant in the differential diagnosis of two major subtypes of PSP – PSP Richardson’s syndrome (PSP-RS) and PSP-Parkinsonism Predominant (PSP-P) (12, 13). The goal of this work was to verify whether the processes associated with inflammation can be linked with the neurodegenerative changes in the disease manifested by atrophy in neuroimaging.





Material and methodology

In this study 14 patients with PSP and 13 healthy volunteers aged 50-80 years old were recruited. All of the patients with PSP included in the study had possible or probable diagnosis of PSP according to the most contemporary Movement Disorders Society criteria of diagnosis released in 2017 (1). The deficits among patients were evaluated using the third part of Unified Parkinson’s Disease Rating Scale (UPDRS-III). The results of UPDRS-III of patients with PSP varied between 20 and 30. None of the patients received levodopa treatment or any drug associated with the impact on dopaminergic system. The duration of the disease among PSP patients varied from 3 to 6 years. Among exclusion criteria could be mentioned neoplasms, autoimmune disease, infectious diseases, dyslipidemia, other neurodegenerative disease, vascular changes in the central nervous system. Authors excluded from the study patients and healthy controls using drugs possibly impacting the inflammatory parameters, as well as using medications affecting the level of cholesterol (due to Neutrophil-to-High Density Lipoprotein Cholesterol evaluation) according to characteristics of medicinal product or literature were excluded from the study. The comorbidities were excluded due to their possible impact on the evaluated parameters in laboratory and neuroimaging examination. All of the participants included in the study were examined in the Department of Neurology and Department of Hepatology and Infectious and Tropical Diseases of the Medical University of Warsaw. The patients were examined by neurologists experienced in movement disorders. Each patient underwent blood collection, lumbar puncture and Magnetic Resonance Imaging (MRI). The MRIs were evaluated by a radiologist experienced in neuroimaging of parkinsonisms (14, 15).




Blood and cerebrospinal fluid (CSF) collection

The blood samples were obtained from 14 patients with PSP, all of whom were hospitalized in the Department of Neurology at the Medical University of Warsaw. Blood samples and CSF (5 mL) were drawn into test tubes without anticoagulant and then centrifuged. The resulting serum and CSF samples were subsequently frozen at −80°C until analysis. The analysis involved determining the levels of IL-6 and IL-1β using commercial enzyme-linked immunosorbent assays (ELISAs), employing human (h) IL-6 HS and IL-1β ELISA kits from Diaclon SAS and Tau protein ELISA kit from Cloud-Clone Corp). Absorbance readings were measured at 450 nm using a plate reader, and marker concentrations were calculated based on standard curves.

All patients underwent comprehensive laboratory examinations, including blood morphology analysis, assessment of C-reactive protein (CRP) levels, and biochemical analysis, which included lipids profile and ferritin levels. None of the patients exhibited elevated infection markers, such as CRP or leukocytosis. Several ratios, including the neutrophil-to-lymphocyte ratio (NLR), lymphocyte-to-monocyte ratio (LMR), neutrophil-to-high density lipoprotein cholesterol (HDL-C) ratio (NHR), platelet-to-lymphocyte ratio (PLR), and neutrophil-to-monocyte ratio (NMR) were calculated. These ratios were determined by dividing the number of neutrophils by the number of lymphocytes, the number of lymphocytes by the number of monocytes, the number of neutrophils by the number of HDL-C, the number of platelets by the number of lymphocytes, and the number of neutrophils by the number of monocytes from the same blood sample, respectively. The initial assessment of neutrophil and lymphocyte counts was conducted utilizing the Sysmex XT 4000i automated hematology analyzer within the Department of Laboratory Diagnostics at the Mazovian Bródno Hospital in Warsaw.





Magnetic resonance imaging

In the conducted study, all participants underwent magnetic resonance imaging (MRI) utilizing the Siemens 3.0T equipment, with subsequent assessment performed by a radiologist possessing over 5 years of expertise in neuroimaging, utilizing dedicated software (Syngovia Siemens) specialized software. Quantitative measurements were acquired from T2-weighted sequences, encompassing the evaluation of the pons (P) and midbrain (M) areas using freehand region of interest in the midsagittal plane, the average widths of the middle cerebellar peduncles (MCP) in the sagittal plane, the average widths of the superior cerebellar peduncles (SCP) in the coronal plane, the third ventricle based on three measurements (V3) in the axial plane at the level of anterior and posterior commissures, and the maximal width of the frontal horns of the lateral ventricles (FH). The Magnetic Resonance Parkinsonism Index (MRPI) was derived from the formula MRPI = (P/M) × (MCP/SCP), while the Magnetic Resonance Parkinsonism Index 2.0 (MRPI 2.0) was calculated as MRPI 2.0 = MRPI × (V3/FH), serving as quantitative measures for assessing parkinsonism based on structural ratios obtained from the MRI data.





Statistical analysis

Data analysis were performed by using GraphPad Prism 8 (GraphPad Software, San Diego, CA, USA). The arithmetic means (X) along with their standard deviations (SDs) were calculated. A significance level of p<0.05 was deemed statistically significant, and appropriate statistical tests were employed for comparisons between means. All the data were tested normally distribution (normality estimation) of analyzed variables was assessed using the Shapiro–Wilk W test. Pearson’s correlation coefficients were employed to evaluate the significance of correlations between the various laboratory and neuroimaging markers. Due to the limited number of patients, lack of neuropathological verification and the singular evaluation, authors considered a sharpened threshold regarding correlations (r above 0.5 or below -0.5).






Results




Clinical characteristics of PSP patients and HCs

The clinical characteristics of the patients are comprehensively described in Table 1. This study included patients with PSP 14 (9 males and 5 females) and 13 HCs (5 males and 8 females). The average age of the patients with PSP was 70 ± 3.6 years, and that of the HCs was 50 ± 8.8 years. There were significant differences between patients with PSP and HCs in age (p < 0.0001).


Table 1 | Characteristics of PSP patients and HCs.



Also, there were substantial differences between the PSP patients and HCs in terms of the lymphocyte, platelets count, NLR and PLR (p < 0.05). Patients with PSP had substantially similar plasma neutrophiles counts but lower NLR than HCs (p < 0.01). In addition, the plasma platelets count, and PLR were significantly elevated in patients with PSP than in HCs (p < 0.0001, p<0,05 respectively).





Pearson’s correlation analysis of the all variables in PSP patients

This study showed that the levels of IL-1 in the serum are positively correlated with the area of mesencephalon. The Pearson’s correlation coefficient between serum IL-1 levels and the area of the mesencephalon was found to be r=0.535208, p< 0.02. This positive correlation indicates that as IL-1 levels increase, there is no corresponding decrease in the mesencephalon area, implying a lack of detrimental impact on this region (Table 2). The concentration of IL-6 in is correlated positively with the frontal horn width (r=0.516973, p<0.02) and negatively and the area of superior cerebellar peduncle (r=-0.563613,p<0.01), which may suggest partial association with enhancement of neurodegenerative changes (Table 2). In the context of interleukins no other correlations were detected in the serum and CSF (Tables 2, 3). Ferritin was found to be positively correlated with the levels of interleukin-1 (r=0,539486, p<0,02) and interleukin-6 (r=0,547016, p<0,02). IL-6 was found to be positively correlated with NHR (r=0,5229, p<0,02). The observations were not confirmed among healthy volunteers. Additionally, tau evaluation in the CSF, which was performed due to the lack of neuropathological verification, revealed significantly increased levels in the CSF when compared to control group. No significant correlation was detected in the context of tau concentration in the CSF and atrophic changes in MRI (Table 4).


Table 2 | Correlation analysis of all variables in patients with PSP.




Table 3 | Correlation analysis between plasma IL-6, IL-1 beta.




Table 4 | Correlation analysis of CSF IL-6, IL1- beta and Tau with all variables in patients with PSP.








Discussion

The outcome of the study may suggest that inflammatory interleukins possibly play different roles depending on the regions of interest of the central nervous system. The unfavorable abnormalities within the SCP and FH, which were positively correlated with the level of IL-6, did not show any association with the levels of IL-1. On the other hand IL-1 was found to be positively correlated with the area of mesencephalon, which may suggest its role possibly counteracting neurodegeneration. Previous evaluations regarding the expression of IL-1 beta transcripts, revealed its increased levels in the substantia nigra (11). IL-1 beta and IL-6 as well as other cytokines secreted as a consequence of microglial activation were linked with neurodegeneration in atypical parkinsonisms (16). The increase of microglial derived cytokines was interpreted as a factor differentiating atypical parkinsonisms with PD (17).

The results obtained in this study may seem interesting in the context of staging of PSP based on MRI charts, which were indicated in a work by Planche et al. in 2024 (18). This work indicated major stages of progress in atrophic abnormalities. Among them could be mentioned: ventral diencephalon, pallidum, brainstem, striatum, amygdala, thalamus, frontal and occipital lobe (18). The outcome of this work and the discrepancies in the context of the impact of IL-1 and IL-6 on certain regions of interest may highlight the vulnerability to different factors depending on the stage. On the other hand previous studies performed by this research group on the possible role of IL-1 and IL-6 in the differential diagnosis of PSP subtypes – PSP-RS and PSP-P, showed that in the serum and cerebrospinal fluid the level of both interleukins was higher in the clinically more favorable subtype (PSP-P), than in PSP-RS which is affected by more rapid deterioration (13). A study by Nubling et al. indicated that though Cathepsin S is associated with the impact on tau oligomer formation through limited cleavage, the IL-6 serum levels correlated positively with disease severity in PSP (19). The outcome of the work by Nubling et al, combined with the results of this study, may suggest that IL-6 may have a role in the neurodegeneration of PSP. Additionally the fact that the level of IL-6 in the serum is positively correlated with NHR, may suggest that there is a possible link between peripheral inflammation and HDL (20). This seems possibly crucial in the context of previous studies regarding the permeability of brain-blood barrier in dyslipidemia and HDL abnormalities (21, 22). Both of the interleukins were found to be positively correlated with the concentration of ferritin. This fact combined by diversed links between the levels of interleukins in the serum and atrophic changes in MRI, highlights the limited feasibility of ferritin evaluation in the serum in the context of possible associations with commonly observed abnormalities in the neuroimaging of PSP.

The fact that no correlations were detected between the levels of interleukins in the CSF and atrophic changes evaluated in this study could be explained by the fact that the most significant impact of the inflammatory factors could be more pronounced in the initial year of the disease. In favor of this argument could be mentioned the results of the study regarding the assessment of interleukins in subtypes of PSP. In this the levels of both interleukins were higher in the serum and CSF among patients with PSP-P, the subtype linked with gradual deterioration and less pronounced atrophic changes of the brainstem. In this study the majority of patients were diagnosed with PSP-RS, in which the abnormalities in the context of levels of interleukins were found to be less deviated than in PSP-P in the previous study of this research group (13). Inflammatory factors may also play a role prior to initial symptoms of PSP, however these hypotheses cannot be verified using this study. Undoubtedly the role of certain interleukins associated with microglial activation may differ, this could be partly justified by the diversity of clinical manifestations in the initial years of PSP, which could likely be an effect of different profiles of cytokines affecting their pathomechanisms. Additionally possible evaluations of atrophic changes in other regions of interest associated with the pathogenesis of PSP e.g. pallidum, putamen, caudate, amygdala, supplementary motor cortex, thalamus, frontal pole, precentral gyrus, occipital fusiform gyrus could provide a broader perspective on the issue (17, 18, 23).

Due to the fact that the issue concerning inflammation in PSP is not widely explored, the work could not be sufficiently discussed in the context of consistencies and discrepancies in other studies. Apart from the study performed by this research group, which indicated interleukin-1 and interleukin-6 as factors possibly differentiating PSP-P and PSP-RS, there were several works evaluating inflammatory factors in PSP examination. The majority of these work were based on the examination of small numbers of patients. One of the studies showed the increase of expression of IL-1beta transcript in substantia nigra among patients with PSP (24). Other works revealed increased levels of interferon γ, IL-10, IL-18, IL-1β, IL-4, IL-6, transforming growth factor β1, and Tumor Necrosis Factor-α in PSP and Multiple System Atrophy when compared to PD (10). Evaluations concerning the possible significance of NLR on one hand showed significantly higher levels of PSP, when compared to PD, on the other no pronounced differences with Corticobasal Syndrome (CBS) were detected (11, 25). The possible modulation of microglial-derived factors may be interpreted as a target point in future therapies in neurodegenerative, however contemporarily the data on its significance in PSP is insufficient (26).

Authors are aware of the limitations of the study among which could be mentioned the limited number of patients, single evaluation and lack of neuropathological verification. The small number of patients is related to the rarity of the disease. Additionally the recruitment of patients with PSP is affected by pronounced cognitive and motor deterioration. Taking into account the fact that the median life expectancy of PSP-RS patients after diagnosis was estimated at the level of 5.6 years, the examination of patients with 3-6 years duration is on one hand initially affected by significant obstacles in recruitment, on the other the study though limited by its pilot character may provide information on the inflammatory profile of advanced stage patients (27). In this context obtaining a larger sample of advanced stage patients in a single center study is difficult. The generalizability of the results of this pilot study is undoubtfully affected by the limitations mentioned above, however due to its novelty, it can be interpreted as a point in further discussions, especially in exploring the pathogenesis and possible therapeutic binding factors. As the patients included in the study are alive, no neuropathological verification was performed, a verification of the increased level of tau among patients with PSP in the CSF due to the lack of neuropathological verification was performed. The work does not indicate subtypes of PSP. The assessment is based on the evaluation of non-specific inflammatory parameters. Moreover the imaging is based on selected regions of interest, which are most commonly evaluated in PSP. Due to the fact that authors intended to obtain a control group without significant comorbidities, based on the fact that the recruitment was partly performed during COVID-19 pandemic, authors were forced to obtain a control group significantly younger than the examined group, as the age-matched controls were excluded due to comorbidities possibly jeopardizing the results. Additionally some of the patients which could be age-matched with PSP patients were unwilling to perform examination during COVID-19 pandemic. Apart from the indicated limitations, this pilot study stresses an issue which is unexplored in contemporary literature.





Conclusion

The work, though presenting the outcome of a pilot study, may suggest that the role of inflammatory factors in neurodegenerative diseases is not unequivocal. The possible significance of certain peripheral agents may depend on the type of inflammatory factor and the vulnerability of regions of interest affected by PSP. The evaluation of peripheral inflammatory factors should be interpreted as an initiatory point in further discussions concerning the course of neurodegeneration in tauopathic atypical parkinsonisms. Additional evaluation of the issue based on larger groups of patients is required.
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Background

Advancements in modern medicine have extended human lifespan, but they have also led to an increase in age-related diseases such as Alzheimer’s disease (AD) and atherosclerosis (AS). Growing research evidence indicates a close connection between these two conditions.





Methods

We downloaded four gene expression datasets related to AD and AS from the Gene Expression Omnibus (GEO) database (GSE33000, GSE100927, GSE44770, and GSE43292) and performed differential gene expression (DEGs) analysis using the R package “limma”. Through Weighted gene correlation network analysis (WGCNA), we selected the gene modules most relevant to the diseases and intersected them with the DEGs to identify crosstalk genes (CGs) between AD and AS. Subsequently, we conducted functional enrichment analysis of the CGs using DAVID. To screen for potential diagnostic genes, we applied the least absolute shrinkage and selection operator (LASSO) regression and constructed a logistic regression model for disease prediction. We established a protein-protein interaction (PPI) network using STRING (https://cn.string-db.org/) and Cytoscape and analyzed immune cell infiltration using the CIBERSORT algorithm. Additionally, NetworkAnalyst (http://www.networkanalyst.ca) was utilized for gene regulation and interaction analysis, and consensus clustering was employed to determine disease subtypes. All statistical analyses and visualizations were performed using various R packages, with a significance level set at p<0.05.





Results

Through intersection analysis of disease-associated gene modules identified by DEGs and WGCNA, we identified a total of 31 CGs co-existing between AD and AS, with their biological functions primarily associated with immune pathways. LASSO analysis helped us identify three genes (C1QA, MT1M, and RAMP1) as optimal diagnostic CGs for AD and AS. Based on this, we constructed predictive models for both diseases, whose accuracy was validated by external databases. By establishing a PPI network and employing four topological algorithms, we identified four hub genes (C1QB, CSF1R, TYROBP, and FCER1G) within the CGs, closely related to immune cell infiltration. NetworkAnalyst further revealed the regulatory networks of these hub genes. Finally, defining C1 and C2 subtypes for AD and AS respectively based on the expression profiles of CGs, we found the C2 subtype exhibited immune overactivation.





Conclusion

This study utilized gene expression matrices and various algorithms to explore the potential links between AD and AS. The identification of CGs revealed interactions between these two diseases, with immune and inflammatory imbalances playing crucial roles in their onset and progression. We hope these findings will provide valuable insights for future research on AD and AS.
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1 Introduction

With the continuous progress of modern society and medical technology, human life expectancy is steadily increasing, which is a delightful development (1–3). However, this brings along a series of challenges, one of which is the rise in age-related diseases (4). Among these ailments, Alzheimer’s disease and atherosclerosis stand out as two significant focal points. Alzheimer’s disease leads to cognitive decline, while atherosclerosis triggers cardiovascular diseases, causing immense suffering not only to the patients themselves but also imposing a heavy burden on their families and society at large (5, 6).

Alzheimer’s disease (AD) is a progressive neurodegenerative disorder, typically characterized by memory loss, cognitive decline, and behavioral abnormalities (7). Currently, it affects a significant number of individuals globally, with a growing trend. Data shows that in the United States alone, there are approximately 6.7 million AD patients aged 65 and older, and this number is projected to exceed 13.8 million by 2060 (8). The exact cause of AD remains unclear, but research suggests that genetic factors, abnormal protein metabolism, and neuroinflammation may be involved in its pathogenesis, with neuronal death and abnormal protein accumulation likely playing significant roles (9, 10). Initial symptoms of AD typically include mild memory issues, such as forgetting important dates or events, progressing to severe memory loss and the inability to navigate familiar surroundings (11). As the disease progresses, patients may also experience language impairments, mood swings, social withdrawal, and other symptoms (12). Currently, there is no cure for Alzheimer’s disease, but some medications and non-pharmacological therapies can help slow disease progression and alleviate symptoms (13). Therefore, early diagnosis and intervention are crucial for managing this condition.

Atherosclerosis (AS) is a chronic, progressive arterial disease characterized by the deposition of lipid plaques within the blood vessel walls and thickening of the vessel walls (14). Rough estimates suggest that currently there are billions of individuals globally afflicted by this condition (15). The primary causes of AS include dyslipidemia, chronic inflammatory responses, and endothelial dysfunction within the blood vessels, among other factors (16). This disease has a wide-ranging impact, affecting various arteries throughout the body, including those of the heart, carotid, cerebral, and peripheral arteries, leading to cardiovascular diseases such as myocardial infarction, and cerebrovascular diseases such as stroke, making it a leading cause of death worldwide (17–19). When confronting AS, prevention, early diagnosis, and aggressive treatment are often paramount in controlling and managing the disease (20).

Advancements in molecular biology and genomics have significantly propelled scientists’ understanding of the genetic basis of complex diseases (21, 22). Gene expression represents the activity level of specific genes at particular times and under specific conditions, determining cellular characteristics and functions, and largely influencing the health and disease states of an organism (23). By studying gene expression, we can discern which genes are activated or suppressed under certain conditions, thus unveiling the biochemical reactions and signal transduction processes within cells (24). Transcriptomic analysis, by comprehensively examining all mRNA expression in a cell or tissue, provides a systematic understanding of gene expression regulatory networks (25). This research approach not only allows for the quantitative analysis of the expression levels of tens of thousands of genes but also captures the interactions and regulatory relationships between different genes. It holds significant importance in revealing gene expression differences under various physiological states and disease conditions, aiding scientists in identifying potential pathogenic genes and biomarkers (26, 27).

Currently, there is increasing evidence suggesting a close association between Alzheimer’s disease (AD) and atherosclerosis (AS) (28–30). They both belong to age-related diseases and are largely regulated by the immune system. Recent advancements in AD research have confirmed the significant role of peripheral immune dysfunction in its pathogenesis (31–33). Meanwhile, vascular aging and endothelial dysfunction also appear to be common triggers between the two diseases (34). However, there is relatively limited research on the correlation between these two diseases based on gene expression levels. To address this gap, we conducted in-depth analysis utilizing public online databases, involving 888 patients with either AD or AS, along with their corresponding healthy population. Our study aimed to explore the association between these two diseases, striving to identify shared crosstalk genes (CGs) and analyze the primary biological effects of these genes. Through the application of machine learning algorithms, we successfully identified the optimal diagnostic genes and hub genes shared by AD and AS. This finding was supported by consistent expression patterns across four databases, validating the accuracy of our results. Furthermore, we delved into understanding these two diseases through immune infiltration analysis and confirmed the associated networks of key genes. Finally, we successfully identified subtypes of these two diseases using CGs. In conclusion, through this study, we aim to provide new insights for future researchers in predicting these two diseases and exploring the mechanisms underlying their association.




2 Materials and methods



2.1 Data download and processing

We retrieved four gene expression datasets (GSE33000, GSE100927, GSE44770, and GSE43292) from the GEO database (https://www.ncbi.nlm.nih.gov/geo/). Among these, GSE33000 and GSE100927 were analyzed as disease experimental groups. The former includes 310 samples of Alzheimer’s disease patients and 157 samples of normal brain tissue, while the latter comprises 69 samples of atherosclerosis patients and 35 samples of normal arterial tissue. On the other hand, GSE44770 and GSE43292 were analyzed as disease validation groups. The former consists of 80 samples of Alzheimer’s symptomatic patients and 173 samples of normal brain tissue, whereas the latter includes 32 samples of atherosclerosis patients and 32 samples of normal arterial tissue. All gene expression datasets underwent standardization using the “normalizeBetweenArrays” package in R software.




2.2 Differential gene expression analysis

We utilized the “limma” package in R software to perform differential gene expression analysis on the standardized GSE33000 and GSE100927 datasets. For the GSE33000 dataset, the criteria for screening differential expression genes (DEGs) were set as |logFC|≥0.5 and p-value<0.05, while for the GSE100927 dataset, the criteria were |logFC|≥1 and p-value<0.05. Using volcano plots, we displayed the DEGs that met these criteria, highlighting genes with |logFC|≥1 in AD and |logFC|≥2 in AS. Additionally, gene expression heatmaps were generated to illustrate the top 30 upregulated or downregulated DEGs.




2.3 Weighted gene correlation network analysis identifies disease-related gene modules

Weighted gene correlation network analysis (WGCNA) is employed to discover highly correlated gene clusters (modules), and these modules are associated with external sample features and other modules through a module feature gene network approach (35). We utilized the “WGCNA” package in R software to construct the gene co-expression network. Firstly, the quality of samples and genes was inspected to ensure data quality met the requirements. Secondly, hierarchical clustering was performed on samples to detect outlier samples, and outliers were removed based on corresponding high values. Thirdly, the pickSoftThreshold function was used to compute an appropriate soft threshold, and a biologically meaningful scale-free network was established. Fourthly, the dynamic tree-cutting algorithm was employed to construct a topological overlap matrix, establish the gene co-expression network, and identify gene modules. Fifthly, by computing gene significance and module membership, gene modules were linked to clinical features, and the structure and associations of feature gene networks were visualized. Finally, genes from the respective modules were selected for subsequent analysis.




2.4 Identification and enrichment analysis of crosstalk genes

DEGs identified from GSE33000 and GSE100927, as well as gene modules obtained from WGCNA analysis from both datasets, were analyzed by taking their intersection. Overlapping genes were considered as crosstalk genes (CGs) related to both diseases. The CGs were uploaded to https://david.ncifcrf.gov/ for Gene Ontology (GO) analysis and Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis. Bubble plot tools were utilized to visually represent the results. Relevant immune processes were selected from the c5.all.v7.5.1 gene set, and Gene Set Variation Analysis (GSVA) from the R package “GSVA” was used to calculate enrichment scores for each patient. Heatmaps were generated using the “pheatmap” package for visualization.




2.5 Filtering potential diagnostic genes in CGs

The Least Absolute Shrinkage and Selection Operator (LASSO) is a regularization method for linear regression. It adds an L1 regularization term to the loss function of the regression model to limit the sum of the absolute values of the model parameters. This allows many model parameters to become zero, achieving the goal of feature selection and model sparsity (36). We used 5-fold cross-validation to determine the optimal regularization parameter for AD (GSE33000) and AS (GSE100927) respectively, and analyzed the two databases using the “glmnet” package. Ultimately, we selected their intersection as the best diagnostic genes in the CGs of the two diseases. The expression patterns of these genes in the two diseases were displayed through box plots, and their diagnostic effectiveness was observed by the area under the receiver operating characteristic (ROC) curve (37). We also included datasets GSE44770 and GSE43292 for validation.




2.6 Building disease prediction model based on diagnostic genes

We utilized the “Irm” package in R software to incorporate the three identified optimal diagnostic genes and constructed a logistic regression model for predicting the occurrence of the related disease, generating a nomogram (38). “Scores” represent the scoring situation of each identified gene, while “Total Score” indicates the sum of scores for each gene. The accuracy of the model in disease prediction was evaluated through ROC curves, while calibration curves and decision curves were employed to assess the consistency between prediction and actual observation, incorporating the corresponding validation group for comprehensive model evaluation.




2.7 Construction of PPI network and screening of hub CGs

The construction and analysis of PPI networks help uncover the interactions between important proteins underlying diseases, thereby inferring key functions and pathways in disease progression (39). We utilized the online analysis tool STRING (https://string-db.org/) to compute PPI networks of CGs and visualized the results using Cytoscape software. In the process of screening hub CGs, the cytoHubba plugin was employed, along with four topological analysis methods, including Maximal Clique Centrality (MCC), Degree, Maximum Neighborhood Component (MNC), and Edge Percolated Component (EPC), to jointly identify hub expression genes. The expression profiles of hub expression genes across four databases were demonstrated using violin plots.




2.8 Analysis of immune cell infiltration

Immune cells exhibit specific patterns of infiltration and residence during the onset and progression of diseases. These patterns provide crucial clues and guidance for understanding their roles in disease mechanisms and offer key information for the development of novel therapeutic approaches (40). Utilizing tissue-based gene expression matrices, we employed the CIBERSORT algorithm to compute the infiltration levels of 24 immune cell types. Through box plots, stacked bar charts, and correlation heatmaps, we presented the infiltration results of immune cells along with their associated features.




2.9 Gene regulation and network analysis of interactions with diseases, drugs, and chemical substances

NetworkAnalyst (http://www.networkanalyst.ca) is an online platform used for complex meta-analysis of gene expression (41). In this study, we utilized the NetworkAnalyst platform for multifaceted analyses. Construction of the Gene-miRNA interaction network was based on the TarBase v8.0 database, while the TF-Gene interaction network relied on the ChEA database, and the study of TF-miRNA crosstalk was based on the RegNetwork database. Additionally, we employed the DisGeNET database, DrugBank database, and Comparative Toxicogenomics Database (CTD) to analyze associations between genes and diseases, interactions between proteins and drugs, and interactions between proteins and chemical substances.




2.10 Consensus clustering analysis identifies disease subtypes associated with CGs

The consensus clustering method is an unsupervised algorithm that effectively distinguishes different subtypes or subgroups within a dataset by identifying and clustering individual samples. Using CGs, we employed the Pam algorithm from the “ConsensusClusterPlus” package to determine subtypes for both AD and AS (42). Subsequently, through immune infiltration analysis and the GSVA algorithm, we analyzed the relevant features of the subtypes for these two diseases separately and presented these results using box plots and heatmaps.




2.11 Statistical analysis and visualization processing

This study employed R software (version 4.2.3, Windows platform), in conjunction with various software packages, for statistical analysis and plotting. To assess significant differences between two groups of data, we utilized two-sided Wilcoxon tests for analysis; while for evaluating correlations between two groups of data, Pearson correlation analysis was employed. In statistical terms, we defined a p-value less than 0.05 as having significance.





3 Result



3.1 Identification of DEGs in AD and AS

After standardizing the required datasets, we identified 550 DEGs (Supplementary Table 1) in the AD dataset GSE33000, comprising 252 upregulated genes and 298 downregulated genes. In the AS dataset GSE100927, we identified 463 DEGs (Supplementary Table 2), including 326 upregulated genes and 137 downregulated genes. The volcano plots illustrate all DEGs in AD and AS (Figures 1A, B), while the heatmap displays the top 30 upregulated or downregulated DEGs with the highest differences between the two diseases (Figures 1C, D).




Figure 1 | Differential gene expression analysis. (A, B) Volcano plots depict the differential expression genes (DEGs) in GSE33000 and GSE100927. (C, D) Heatmaps illustrate the expression patterns of corresponding DEGs in GSE33000 and GSE100927.






3.2 Weighted gene correlation network analysis and key module selection

In the AD dataset GSE33000 and AS dataset GSE100927, we employed WGCNA to construct an unsigned co-expression network to identify the gene sets most associated with AD and AS, respectively. For the soft thresholding, we chose a value of 14 for both datasets (Figures 2A, D). Under the conditions of a minimum module size of 50 and a merge cut height of 0.25, we generated cluster dendrograms for AD and AS (Figures 2B, E). Through clinical correlation analysis, we obtained 9 gene module sets for both diseases (Figures 2C, F). Without considering the grey module, we selected the modules MEgreen and Meturquoise (Supplementary Table 3), which had the highest positive correlation with AD and AS, respectively, as well as the modules MEturquoise and MEblue (Supplementary Table 4), which had the highest negative correlation, for further analysis.




Figure 2 | Weighted gene co-expression network analysis. (A, D) Determination of soft threshold powers in GSE33000 and GSE100927, R² = 0.90. (B, E) Gene cluster trees in GSE33000 and GSE100927. (C, F) Relationships between gene modules and traits in disease and normal groups, with numbers in the modules representing correlation coefficients and p-values.






3.3 Identification and functional analysis of CGs in AD and AS

To identify the most closely associated crosstalk gene sets with AD and AS, we performed an intersection analysis between the differentially expressed genes in AD and AS and the relevant gene module sets determined through WGCNA, resulting in 31 CGs for both diseases (Figure 3A). Subsequently, we conducted GO functional enrichment analysis for CGs, displaying the results of various aspects sorted by ascending p-values (Figure 3B). Biological process analysis demonstrated enriched contents closely related to immune function, such as antigen processing and presentation of exogenous peptide antigen via MHC class II, innate immune response, neutrophil activation involved in immune response, and complement activation classical pathway. In addition, cellular component and molecular function analyses also revealed immune-related contents, including complement components C1 complex and MHC class II receptor activity. Most results from KEGG analysis were also related to the immune system, such as complement and coagulation cascades, antigen processing and presentation, and efferocytosis (Figure 3C). Therefore, we inferred a certain correlation between the pathogenesis of AD and AS in the immune system, further validated by GSVA. We selected immune-related biological processes of interest and calculated scores for each patient in the AD dataset GSE33000 and AS dataset GSE100927. The results (Figures 3D, E) clearly demonstrated varying degrees of activation of various immune responses in both diseases compared to the normal group.




Figure 3 | Functional and pathway enrichment analysis. (A) Venn diagram illustrates the intersection analysis of DEGs in AD and AS, as well as the gene sets associated with respective traits, determining the crosstalk genes (CGs) for AD and AS. (B, C) GO and KEGG enrichment analysis of CGs. (D, E) Gene set variation analysis (GSVA) in GSE33000 and GSE100927.






3.4 Identification of the optimal diagnostic genes in CGs through LASSO analysis

The CGs identified in the previous step were subjected to LASSO regression analysis using the AD dataset GSE33000 and the AS dataset GSE100927 (Figures 4A, B). The λ values were selected as lambda.min for both datasets, followed by intersection analysis. Eventually, we determined three optimal diagnostic genes: C1QA, MT1M, and RAMP1 (Figure 4C). To observe the expression patterns of these three genes in the diseases, we analyzed a total of four databases including GSE33000 and GSE100927 as experimental groups for AD and AS, respectively, and GSE44770 and GSE43292 as validation groups for AD and AS, respectively. In the AD dataset, all three genes were found to be highly expressed in the disease (Figures 4D, F). In the AS dataset, MT1M showed low expression in the disease, while the remaining genes exhibited high expression (Figures 4E, G). Furthermore, to evaluate the predictive accuracy of the three genes for the diseases, we plotted receiver operating characteristic (ROC) curves using the four databases. The area under the curve (AUC) values of the ROC curves were used as indicators of predictive accuracy. The results (Figures 4H–K) indicated that in all four databases, the AUC values of the three genes were mostly distributed above 80%, suggesting that the diagnostic genes we identified possess excellent disease prediction capabilities.




Figure 4 | Identifying potential shared disease diagnostic CGs. (A, B) LASSO algorithm screening for potential diagnostic CGs in GSE33000 and GSE100927, respectively. (C) Venn diagram shows the intersection of potential diagnostic CGs for AD and AS. (D-G) Expression patterns of potential shared diagnostic CGs in GSE33000, GSE44770, GSE100927, and GSE43292 for AD and AS. (H-K) ROC curve analysis demonstrates the disease prediction ability of shared diagnostic CGs in GSE33000, GSE44770, GSE100927, and GSE43292. ***p < 0.001; ****p < 0.0001.






3.5 Construction and evaluation of AD and AS diagnostic models

To further ascertain the predictive capabilities of the identified diagnostic genes, we intentionally incorporated the three diagnostic genes into the GSE33000 and GSE100927 databases to respectively construct AD and AS disease prediction models. Utilizing ROC curves, we assessed the disease prediction accuracy of the two models across four databases, and the results (Figures 5A–D) indicated that in both the corresponding experimental and validation groups for the two diseases, the AUC values exceeded 0.85. Moreover, in the calibration curves (Figures 5E–H), the deviation correction curves for the AD and AS cohorts closely approximated the ideal curve, indicating good model consistency. Additionally, clinical decision curve analysis (DCA) brought deeper clinical significance (Figures 5I–L). Across various databases, the net benefits of clinical intervention based on the predicted probabilities from the constructed models were higher within the majority of threshold probability ranges compared to intervening for all or none. Finally, we detailed the characteristics of the AD and AS disease prediction models constructed based on the three diagnostic genes through nomograms (Figures 5M, N). In summary, through the aforementioned study, we confirmed the excellent predictive abilities of C1QA, MT1M, and RAMP1 expression as well as the corresponding models in AD and AS.




Figure 5 | Construction of disease prediction models related to diagnostic CGs. (A, B) ROC curves demonstrate the predictive ability of the AD diagnostic model in GSE33000 and GSE44770. (C, D) ROC curves demonstrate the predictive ability of the AS diagnostic model in GSE100927 and GSE43292. (E, F) Calibration curves of the AD diagnostic model in GSE33000 and GSE44770. (G, H) Calibration curves of the AS diagnostic model in GSE100927 and GSE43292. (I, J) Clinical decision curves of the AD diagnostic model in GSE33000 and GSE44770. (K, L) Clinical decision curves of the AS diagnostic model in GSE100927 and GSE43292. (M, N) Disease prediction scoring models established based on diagnostic CGs for AD and AS.






3.6 Selection of hub genes in CGs

To identify potential interactions within CGs, we constructed a protein-protein interaction (PPI) network using the STRING database in Cytoscape software, resulting in a network comprising 31 nodes and 79 edges (Figure 6A). Simultaneously, we employed four topological analysis methods, including MCC, Degree, MNC, and EPC, to collectively explore hub genes within CGs. According to the results, all four topological analysis methods converged on four common genes: C1QB, CSF1R, TYROBP, and FCER1G (Figure 6B). Further analysis of disease expression patterns revealed that these four hub genes exhibited significantly high expression in both the experimental and validation groups for AD and AS (Figures 6C–F).




Figure 6 | Construction of PPI network and identification of hub CGs. (A) PPI network of CGs. (B) Hub CGs determined by MCC, Degree, MNC, and EPC algorithms. (C–F) Expression patterns of hub CGs in GSE33000, GSE44770, GSE100927, and GSE43292, respectively. ****p < 0.0001.






3.7 Immune cell infiltration analysis

In order to thoroughly investigate the mechanisms underlying disease pathogenesis, we explored the patterns of immune cell infiltration in AD and AS cohorts. Utilizing the CIBERSORT algorithm, we obtained infiltration scores of various immune cells in the relevant disease tissues. In the GSE33000 dataset, the distribution of immune cells revealed (Figures 7A, B) that compared to the normal group, the AD group exhibited a significantly elevated infiltration pattern of M2 macrophages, while B cell memory, B cell plasma, and Mast cell resting showed pronounced decreases in infiltration. In the GSE100927 dataset (Figures 7D, E), the AS group displayed an exaggerated increase in infiltration of M0 macrophages compared to the normal group, while B cell plasma, T cell CD4+ memory resting, and Monocyte showed noticeable decreases in infiltration. Correlation analysis (Figures 7C, F) demonstrated a high consistency between the identified hub genes in CGs and the relationship with immune cells observed in both diseases’ immune infiltration characteristics. This confirms the inseparable relationship between the expression of the hub genes identified earlier and the development of both diseases.




Figure 7 | Immune cell infiltration analysis of AD and AS. (A, D) Analysis of the proportions of various immune cell infiltrates in GSE33000 and GSE100927 using the CIBERSORT algorithm. (B, E) Comparison of levels of various immune cell infiltrates between disease and normal groups in GSE33000 and GSE100927. (C, F) Analysis of the correlation between hub CGs and various infiltrating immune cells, as well as among infiltrating immune cells. The upper panel represents AD, and the lower panel represents AS. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.






3.8 Construction of hub gene interaction networks

To confirm the upstream and downstream interactions of hub genes and their associated content, we separately constructed regulatory networks of hub genes and associated networks of diseases, drugs, and chemicals. The gene regulatory network includes gene-miRNA interaction network, TF-gene interaction network, and TF-miRNA co-regulation network (Figure 8A). It can be observed that C1QB occupies a central position in hub gene interactions, with regulatory factors TCF4, MYC, STAT3, and SCLY playing a co-regulatory role in hub genes. has-mir-146a-5p, has-mir-124-3p, has-mir-129-2-3p, and has-mir-99b-5p are important miRNAs in the hub gene network. In the protein-chemical, protein-drug, and gene-disease associated networks (Figure 8B), associated diseases and drugs mainly focus on the action of C1QB, while chemicals such as Nickel, Tretinoin, Calcitriol, Methotrexate, and Antirheumatic Agents are significant relevant substances. These findings demonstrate closely associated networks of actions with hub genes in both diseases.




Figure 8 | Building the interacting network of hub CGs. (A) Gene-miRNA interaction network, TF-gene interaction network, and TF-miRNA co-regulatory network. (B) Protein-chemical association, protein-drug association, and gene-disease association networks.






3.9 Identification and characteristic analysis of subtypes in two disease types based on CGs

Finally, to comprehensively understand the impact of CGs expression on AD and AS, we identified subtypes of CGs through consensus clustering analysis for each disease. Consensus clustering analysis of CGs expression profiles in AD identified two subtypes, C1 and C2, among AD patients in GSE33000 (Figures 9A–C). Similarly, consensus clustering analysis of CGs expression profiles in AS also identified two subtypes, C1 and C2, among AS patients in GSE100927 (Figures 9E–G). Heatmaps were generated to illustrate the expression patterns of CGs in the two subtypes of AD and AS (Figures 9D, H). Subsequently, we performed immune infiltration analysis and enrichment score calculation of disease-related pathways using the CIBERSORT algorithm and GSVA algorithm for the subtypes of both diseases. Results indicated that, compared to the C1 subtype, the C2 subtype in both AD and AS largely exhibited expression patterns of immune cell infiltration consistent with the inherent immune infiltration characteristics of the diseases, particularly in macrophage infiltration features (Figures 10A, B). Calculation of enrichment scores (Figures 10C, D) revealed a significant immune activation state in the C2 subgroups of both diseases, including activation of various immune cells and regulation of inflammatory cells. Furthermore, in their respective disease mechanisms, pathways such as amyloid precursor protein biosynthesis and positive regulation of neuroinflammatory responses in AD, as well as positive regulation of macrophage-derived foam cell differentiation in AS, showed significant activation in the C2 compared to the C1 subtype. Overall, these consistent pieces of evidence suggest a key role of CGs in the pathogenesis of AD and AS, indicating important connections between AD and AS at their core disease level.




Figure 9 | Identification of AD and AS disease subtypes related to consensus clustering of CGs. (A, B) Changes in the values of CDF and the corresponding area under the CDF curve in GSE33000 for k = 2-6. (E, F) Changes in the values of CDF and the corresponding area under the CDF curve in GSE100927 for k = 2-6. (C) Consensus matrix heatmap of AD subtype at k = 2. (G) Consensus matrix heatmap of AS subtype at k = 2. (D) Expression heatmap of different subtype CGs in AD cohort. (H) Expression heatmap of different subtype CGs in AS cohort.






Figure 10 | Relevant features of AD and AS disease subtypes. (A, B) Analysis of immune cell infiltration levels of C1 and C2 subtypes in AD and AS using the CIBERSORT algorithm. (C, D) GSVA demonstrates the enrichment status of different functional pathways in C1 and C2 subtypes. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.







4 Discussion

Alzheimer’s disease (AD) and atherosclerosis (AS), as two major diseases in the world today, pose significant challenges to human society due to their progressive courses and increasing prevalence (43, 44). Although they are different diseases, there are important associations and interactions between them. AD patients often have a higher risk of cardiovascular diseases, such as hypertension, high cholesterol, and diabetes, which may be related to the development of AS (45). AS may accelerate the progression of AD by damaging the vascular endothelium, allowing harmful substances to enter the brain (46). Additionally, some pathophysiological changes in AD, such as amyloid plaques and abnormal tau protein deposition within neurons, may be associated with blood supply insufficiency and disrupted neuronal energy metabolism caused by AS (47). It is important to note that both diseases are related to chronic low-grade inflammation caused by aging, and shared inflammatory responses and immune dysregulation mechanisms may be key links between them (34). Given the intricate interaction mechanisms between them, a thorough understanding of their potential comorbid mechanisms is crucial for the prevention of both diseases.

This study identified 31 CGs between AD and AS, and functional analysis results showed significantly enhanced immune and inflammatory responses in both diseases compared to healthy patients. Previous research on neurodegenerative diseases has shown that inflammation is not only a result of these diseases but also a key participant in the process (48). In the case of AS, chronic inflammation of the arterial wall has long been considered a key cause of its pathogenesis (33). Nowadays, there has been significant progress in understanding the inflammatory and immune responses in AD and AS, and targeted treatments for long-term immune and inflammatory responses have gained increasing consensus (49, 50). In our subsequent research, three biomarkers (C1QA, MT1M, and RAMP1) were finally identified and demonstrated good diagnostic capabilities for both diseases. C1q is an important component of the complement system, playing a crucial role in maintaining immune homeostasis (51). The A-chain peptide of serum subcomponent C1q is encoded by the C1QA gene, and research has shown that C1QA may promote synaptic loss and be associated with progressive neurodegeneration (52, 53). Furthermore, clinical research results confirm the involvement of C1q in the development of atherosclerosis, plaque instability, and obstructive coronary artery disease (54, 55). Metallothionein 1M (MT1M) is a zinc-binding protein belonging to the metallothionein family, rich in cysteine, and plays an important role in regulating oxidative stress (56, 57). It is widely expressed in various tissues and protects cells from oxidative stress damage by scavenging free radicals and releasing zinc into the cytoplasm (58, 59). Interestingly, previous studies have also shown the involvement of MT1M in the inflammatory process, as pro-inflammatory factors can increase MT1M expression (60). RAMP1 belongs to the receptor activity-modifying protein (RAMP) family, best known for its role in modulating the activity of the calcitonin receptor (CLR), which has significant implications in the treatment of migraines (61, 62). Recently, there have also been reports of a close association between RAMP1 and tumors (63). Although research on RAMP1 is limited, increasing evidence suggests that RAMP1 plays important roles in the nervous, immune, endocrine, and circulatory systems, making it a potential new hotspot for disease development (64–67). Subsequently, the disease risk prediction model based on C1QA, MT1M, and RAMP1 was thoroughly validated using a verification database, suggesting that these three biomarkers are worthy of further in-depth study.

In studying the CGs that play a central role, we incorporated four topological analysis methods to jointly identify four hub CGs (C1QB, CSF1R, TYROBP, and FCER1G). C1QB is a polypeptide chain of the serum complement subcomponent C1q, and the effects of C1q on the nervous system and atherosclerosis have already been described earlier. CSF1R is a transmembrane receptor that initiates signal transduction pathways within cells by binding with ligands CSF-1 and IL-34 (68–70). Studies have indicated that CSF1R signaling is involved in regulating the activity of immune cells, promoting cell survival, proliferation, and differentiation, especially in macrophages, microglia, osteoclasts, and bone marrow dendritic cells (71). Moreover, excessive CSF1R signaling can sustain microglial activation, leading to the occurrence of chronic neuroinflammation and subsequent neurodegenerative changes (72, 73). TYROBP, also known as DAP12, is a transmembrane adaptor protein widely expressed on immune cells, serving as a downstream adapter and presumed signaling partner for various receptors associated with AD, notorious for its role (74). Additionally, research suggests that TYROBP can promote lipid deposition and plaque inflammation during the AS process (75). FCER1G has been identified as a marker for human aging and neurodegenerative diseases in microglial cells (76). Recent studies have also confirmed the significant role of FCER1G in promoting immune cell infiltration into atherosclerotic plaques and intraplaque hemorrhage (77). Overall, these four hub CGs are intricately linked to both AD and AS.

The results of immune cell infiltration analysis show a significant enrichment of M2 macrophages in the AD environment. It is believed that the recruitment of peripheral macrophages to the central nervous system is likely a potential therapeutic target for AD (78). Currently, activated macrophages are mainly divided into two subtypes: M1 and M2. M1 macrophages primarily promote inflammatory responses, while M2 macrophages mainly inhibit inflammatory responses (79). An interesting study found that in AD model rats, transplantation of M2 macrophages could reduce intracranial inflammatory responses, decrease neuronal loss, and improve cognitive dysfunction, suggesting that M2 macrophages have a protective role in AD (80). The enrichment of M2 macrophages in the brains of AD patients is hypothesized to be a form of self-protection by the body. How to utilize this phenomenon may be worth further in-depth research by future scholars. In the AS environment, M0 macrophages exhibit more significant infiltration. This aligns with the pathogenesis of AS, where macrophages engulf modified low-density lipoprotein particles and form foam cells (a hallmark of atherosclerosis), leading to the formation of early atherosclerotic lesions (81, 82). Nowadays, since lipid-lowering therapy cannot completely halt the progression of AS and macrophage polarization is involved in various stages of atherosclerosis, an increasing number of AS treatment strategies are focusing on targeting macrophages (83–85).

The construction of gene interaction networks provides a more detailed illustration of the regulatory mechanisms of hub CGs and their associated diseases, drugs, and chemicals, enhancing our understanding of disease onset and aiding in the development of treatment strategies. The regulatory factors TCF4, MYC, STAT3, and SCLY play the most extensive co-regulatory roles in CGs. TCF4, a member of the helix-loop-helix (HLH) protein family, is expressed in various cell types and tissues throughout the body (86). Research has shown that TCF4 is a key regulator of neural function and is closely associated with neurodevelopmental disorders such as intellectual disability and schizophrenia (87, 88). Recent studies have also indicated that TCF4 influences IL-17RA/IL-17RE signaling, which is involved in inflammatory feedback loops (89). Current research on MYC primarily focuses on its role in cancer (90). MYC is a super-transcription factor encoded by the MYC gene located on chromosome 8q24.21, playing a crucial role in cell growth, proliferation, and apoptosis (91, 92). STAT3’s mechanisms have been confirmed in Alzheimer’s disease (AD) model mice, where inhibiting STAT3 expression improves pathological and behavioral abnormalities (93). Additionally, STAT3 has been shown to promote the progression of ankylosing spondylitis (AS) through mechanisms such as interference with the Akt/mTOR signaling cascade and pyroptosis (94–96). Studies on SCLY indicate its involvement in selenium methionine metabolism and its potential role in oxidative stress and cellular protection (97). Chemical compounds such as Nickel, Tretinoin, Calcitriol, Methotrexate, and Antirheumatic Agents have been closely linked to pivotal CGs in analyses. These compounds may play significant roles in future research.

Consensus clustering analysis based on CGs revealed two distinct subtypes of immune and inflammatory activation intensities within AD and AS. This finding highlights the crucial role of CGs in the pathogenesis of AD and AS and underscores the importance of immune and inflammatory dysregulation in the occurrence and progression of these diseases.

Despite the aforementioned analyses, this study still has certain limitations. Utilizing online databases, we analyzed and identified CGs for both AD and AS; however, the database itself may not be comprehensive, and we lack experimental validation in aspects such as gene function and immune infiltration. Additionally, disease prediction models and disease subtypes built based on CGs may require further clinical validation before entering formal applications. Therefore, in the future, we hope to see more researchers joining this study.




5 Conclusion

In recent years, age-related diseases have garnered increasing attention. We are dedicated to filling the gap in understanding the interaction mechanisms between Alzheimer’s disease (AD) and atherosclerosis (AS) and have identified crosstalk genes between AD and AS. C1QA, MT1M, and RAMP1 have been identified as potential diagnostic biomarkers, and predictive models for both diseases have been constructed based on these genes. Additionally, C1QB, CSF1R, TYROBP, and FCER1G have been recognized as key genes in the crosstalk between AD and AS, showing close associations with immune cells in immune infiltration analysis. By establishing a gene interaction network, we have more clearly demonstrated the regulatory mechanisms and related functions of these key genes. Overall, we have identified seven important crosstalk genes, which have been confirmed in extensive studies to play significant roles in the immune process. However, the specific roles of these genes in AD and AS still require further research. In the future, these findings are expected to provide new clues for exploring targeted therapeutic approaches for both diseases.
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Background: Observational studies have suggested that plasma lipidome play a pivotal role in the occurrence of Parkinson’s disease (PD). However, it remains unknown which lipids among plasma lipidome affect PD and how they exert their influence. Clarity is lacking regarding the causal relationship between plasma lipidome and PD, as well as whether circulating inflammatory proteins serve as mediators.

Methods: Single nucleotide polymorphisms (SNPs) significantly associated with 179 plasma lipidome were selected as instrumental variables to assess their causal impact on PD. PD data, serving as the outcome, were sourced from the International Parkinson’s Disease Genomics Consortium, which boasts the largest sample size to date. The inverse variance weighted (IVW), Weighted median method, MR-Egger method, Simple mode method, Weighted mode method and MR-PRESSO were employed to evaluate the influence of the 179 plasma lipidome on PD. Heterogeneity, pleiotropy tests, and reverse causality analyses were conducted accordingly. Additionally, we analyzed the causal relationship between 91 circulating inflammatory proteins and PD, exploring whether these proteins serve as mediators in the pathway from plasma lipidome to PD.

Results: Among the 179 plasma lipidome, three were found to be associated with a reduced risk of PD: Phosphatidylcholine (14:0_18:2) (IVW, OR = 0.877; 95%CI, 0.787–0.978; p = 0.018), Phosphatidylcholine (16:0_16:1) levels (IVW, OR = 0.835; 95%CI, 0.717–0.973; p = 0.021), and Phosphatidylcholine (O-17:0_17:1) levels (IVW, OR = 0.854; 95%CI, 0.779–0.936; p = 0.001). Meanwhile, Sphingomyelin (d38:1) was linked to an increased risk of PD (IVW, OR = 1.095; 95%CI, 1.027–1.166; p = 0.005). Among the 91 circulating inflammatory proteins, three were associated with a lower PD risk: Fibroblast growth factor 21 levels (IVW, OR = 0.817; 95%CI, 0.674–0.990; p = 0.039), Transforming growth factor-alpha levels (IVW, OR = 0.825; 95%CI, 0.683–0.998; p = 0.048), and Tumor necrosis factor receptor superfamily member 9 levels (IVW, OR = 0.846; 95%CI, 0.744–0.963; p = 0.011). Two were associated with a higher risk of PD: Interleukin-17A levels (IVW, OR = 1.285; 95%CI, 1.051–1.571; p = 0.014) and TNF-beta levels (IVW, OR = 1.088; 95%CI, 1.010–1.171; p = 0.026). Additionally, a positive correlation was observed between Phosphatidylcholine (14:0_18:2) levels and Fibroblast growth factor 21 levels (IVW, OR = 1.125; 95%CI, 1.006–1.257; p = 0.038), suggesting that Fibroblast growth factor 21 levels may serve as a mediating factor in the pathway between Phosphatidylcholine (14.0_18.2) levels and PD. The mediation effect was estimated to be −0.024, accounting for approximately 18% of the total effect.

Conclusion: Both plasma lipidome and circulating inflammatory proteins demonstrate a causal relationship with PD. Additionally, circulating inflammatory proteins may serve as mediators in the pathway from plasma lipidome to PD. These findings may contribute to the prediction and diagnosis of PD and potentially pave the way for targeted therapies in the future.
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1 Introduction

Parkinson’s disease (PD) is a progressive neurodegenerative disorder characterized by the loss of dopaminergic neurons in the substantia nigra and the deposition of α-synuclein. Its typical manifestations include resting tremor, bradykinesia, postural instability, and rigidity of the limbs (Tansey et al., 2022). With the aging population, the prevalence of PD is expected to gradually increase (Beitz, 2014), potentially doubling over the next 30 years (Tolosa et al., 2021), posing a significant burden on patients’ daily activities and society’s healthcare system. However, the pathogenesis of PD remains unclear, early diagnosis is challenging, and current treatments are not curative. Therefore, it is crucial to explore predictive factors for PD to improve early diagnosis rates and develop better targeted therapies.

Lipids, an essential component of cell membranes, are primarily classified in mammals as glycerides, sphingolipids, and sterols. Initially regarded as structural components, lipids have been found to regulate various cellular physiological functions and play a crucial role in cell signaling and the production of bioactive metabolites (Cockcroft, 2021). Studies have shown that lipid metabolism is not only associated with immune diseases, cardiovascular diseases, and diabetes (Luo et al., 2008; Duan et al., 2022; Zhang et al., 2022), but also intimately linked to PD. Decreased catabolism of lipid substrates in lysosomes can affect lysosomal function, thereby impeding the clearance of α-synuclein (Galper et al., 2022). Additionally, lipids can mediate the onset of PD by regulating immune responses, oxidative stress, endolysosomal function, and endoplasmic reticulum stress (Xicoy et al., 2019). Notably, lipids are part of a complex network regulating numerous cellular and molecular processes, particularly inflammation, playing a significant role in modulating inflammatory factors (Gonçalves et al., 2012; Leuti et al., 2020).

Neuroinflammation is a key pathogenic mechanism in PD (Minchev et al., 2022; Morris et al., 2024). Numerous studies have demonstrated that inflammatory factors can modulate the occurrence of neuroinflammation, thus participating in the pathogenesis of PD (Wang et al., 2019; Gautam et al., 2023). Both neurohistological and neuroimaging studies support the persistent presence of neuroinflammatory processes throughout the development and terminal stages of PD. Inflammatory markers in peripheral blood and cerebrospinal fluid may also trigger or exacerbate neuroinflammation, leading to neurodegeneration (Tansey et al., 2022). Furthermore, Belarbi et al. (2020) suggested that metabolic dysregulation of glycosphingolipids may be associated with the occurrence of neuroinflammation in PD.

Research indicates altered plasma lipidome profiles in PD patients (Guo et al., 2015), suggesting a possible association between PD and plasma lipidome metabolism disorders (Hu et al., 2020). Although several meta-analyses have shown that serum triglyceride, low-density lipoprotein cholesterol, and total cholesterol levels have a protective effect on PD (Fu et al., 2020; Jiang et al., 2020; Lu et al., 2021; Hong et al., 2022), these are based solely on observational studies, and the causal relationship between these lipids and PD remains unclear. It is also unknown which other lipids are associated with PD and the underlying mechanisms involved. Additionally, meta-analyses have demonstrated significantly elevated IL-17 levels in PD patients (Gautam et al., 2023), leading us to speculate that circulating inflammatory proteins may mediate the pathway from plasma lipidome to PD. The identification of plasma lipidome may aid in the prediction and diagnosis of PD and potentially serve as therapeutic targets for PD in the future. Therefore, we conducted a Mendelian randomization study to address these questions.

Mendelian randomization (MR) is a genetic analytical approach that relies on the random allocation of parental alleles to offspring. It aims to estimate the causal relationship between a specific exposure and outcome by using genetic variations in exposure as instrumental variables. Serving as a natural randomized controlled trial (RCT), MR can reduce the confounding effects of environmental factors and reverse causality inherent in observational studies (Skrivankova et al., 2021). In this study, we conducted a comprehensive MR analysis using the latest and largest genome-wide association studies (GWAS) for 179 plasma lipidome, 91 circulating inflammatory proteins, and PD. This analysis aimed to reveal the causal relationship between these plasma lipidome and PD risk and explore whether the circulating inflammatory proteins serve as mediators in the pathway from plasma lipidome to PD.



2 Materials and methods

This study is a re-analysis of previously collected and published data and does not require additional ethical approval.


2.1 Study design

This study mainly comprises two parts. Firstly, we analyzed the causal effects of 179 plasma lipidome groups and 91 circulating inflammatory proteins on PD, respectively, and conducted sensitivity analysis and reverse analysis. Secondly, we employed a two-step and multivariate MR (MVMR) analysis to investigate the mediating role of circulating inflammatory proteins in the relationship between plasma lipidome and PD (Figure 1).
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FIGURE 1
 Study desige. Overview of the research design. It is mainly divided into two parts: MR primary analysis and mediation analysis.




2.2 Data source

The genetic data for plasma lipidome were derived from a 2023 GWAS summary dataset encompassing 7,174 Finnish individuals. This comprehensive dataset includes 179 lipid species belonging to 13 lipid classes covering 4 major lipid categories: glycerolipids, glycerophospholipids, sphingolipids, and sterols (Ottensmann et al., 2023). On the other hand, the genetic data for circulating inflammatory proteins were sourced from a 2023 GWAS study involving 14,824 European individuals across 11 cohorts. This dataset encompasses 91 inflammation-related plasma proteins (Zhao et al., 2023).

The GWAS summary data for PD were obtained from the International Parkinson’s Disease Genomics Consortium, which has been archived by the ieu open gwas project (GWAS ID: ieu-b-7). Representing the largest sample size available thus far, this dataset comprises 33,674 PD patients and 449,056 control cases, encompassing 14 cohorts (Nalls et al., 2019).



2.3 Instrumental variables selection

In MR analysis, the instrumental variables (IVs) selected must satisfy three assumptions: first, the genetic variant must be strongly associated with the exposure; second, it must be independent of confounding factors; and third, its effect on the outcome can only be mediated through the exposure (Skrivankova et al., 2021).

Using the R package TwoSampleMR (version 0.5.7), SNPs significantly associated with plasma lipidome were chosen with a threshold of p < 1 × 10−5, while SNPs significantly associated with circulating inflammatory proteins were selected using a threshold of p < 5 × 10−6. Subsequently, SNPs in linkage disequilibrium were excluded based on the criteria of r2 < 0.001 and a distance of >10,000 kb. After matching, palindromic SNPs were further removed. The resulting selected IVs were then utilized for MR estimation of the causal relationships between plasma lipidome or circulating inflammatory proteins and PD.

Additionally, we calculated the F-statistic for each IV and discarded weak IVs with an F-statistic <10 (Burgess et al., 2017).



2.4 MR primary analysis

To evaluate the causal impacts of plasma lipidome and circulating inflammatory proteins on PD, we conducted two-sample Mendelian randomization (MR) analyses using R version 4.3.1 and the TwoSampleMR package (version 0.5.7) for plasma lipidome and circulating inflammatory proteins, respectively. Inverse-variance weighted (IVW) analysis was employed as the primary analytical approach. Additionally, we complemented our findings using MR Egger, weighted median, simple mode, weighted mode and MR-PRESSO. Heterogeneity among the selected IVs was tested using the Cochran’s Q test. Multicollinearity was examined using the MR-Egger test, with a significant intercept term indicating horizontal pleiotropy (Burgess and Thompson, 2017). Furthermore, we employed the Mendelian randomization pleiotropy residual sum and outlier (MR-PRESSO) approach to assess pleiotropy and exclude outliers that could potentially bias our estimates (Verbanck et al., 2018). Finally, scatter plots, funnel plots, and leave-one-out sensitivity tests were generated to further validate our results. Statistical significance was considered when the p-value from IVW was less than 0.05 and the directions of IVW and MR Egger were concordant. These rigorous analytical approaches ensure the robustness and reliability of our findings.



2.5 Bi-directional causality analysis

To assess the impact of reverse causality on our findings, we performed MR analysis with PD as the exposure and plasma lipidome or circulating inflammatory proteins associated with PD as the outcomes. SNPs significantly associated with PD were selected using a threshold of p < 1 × 10−5, with the remaining steps identical to the forward analysis. Furthermore, the Steiger’s directional test was also conducted to further verify the correctness of the causal relationship direction.



2.6 Mediation analysis

After completing MR primary analysis, we incorporated those plasma lipidome and circulating inflammatory proteins that exhibited significant causal effects on PD without any reverse causality into step 2. we employed a two-step MR approach and further examined the causal relationships between PD-associated plasma lipidome and PD-related circulating inflammatory proteins. The threshold for selecting SNPs significantly associated with plasma lipidome was set at p < 1 × 10−5. Similarly, results were considered statistically significant when the p-value from IVW analysis was less than 0.05 and the directions of IVW and MR Egger were concordant. Under these conditions, the mediation effect was calculated as Beta(A) * Beta(B), and the proportion of mediation effect was expressed as a percentage of the total effect (Figure 1). Finally, a multivariate Mendelian randomization analysis was performed.

Additionally, we conducted a reverse causality analysis by treating the circulating inflammatory proteins as the exposure and plasma lipidome as the outcome, using the same MR analytical approach as in the forward analysis.




3 Results


3.1 The causal effects of 179 plasma lipidome on PD

The present study comprehensively analyzed the association between 179 plasma lipidome and PD, with 3,981 SNPs being selected as instrumental variables (IVs) for the 179 plasma lipidome (Supplementary Table S1). The results (Figure 2; Supplementary Table S2) revealed that three plasma lipidome were significantly associated with a reduced risk of PD. Notably, these three plasma lipidome belonged to different subtypes within the same category. Specifically, (1) higher levels of Phosphatidylcholine (14:0_18:2) exhibited a negative correlation with PD risk (IVW, OR = 0.877; 95%CI, 0.787–0.978; p = 0.018). (2) Similarly, increased Phosphatidylcholine (16:0_16:1) levels were inversely associated with PD risk (IVW, OR = 0.835; 95%CI, 0.717–0.973; p = 0.021). (3) Furthermore, Phosphatidylcholine (O-17:0_17:1) levels also demonstrated a negative association with PD risk (IVW, OR = 0.854; 95%CI, 0.779–0.936; p = 0.001).

[image: Figure 2]

FIGURE 2
 Forest plot of 179 plasma lipidome and PD. Forest plots showed the causal associations between plasma lipidome and PD by using different methods. IVW, inverse variance weighting; CI, confidence interval; OR, odds ratio.


Contrarily, one plasma lipidome was identified to be positively associated with an increased risk of PD (Figure 2). Specifically, higher levels of Sphingomyelin (d38:1) were positively correlated with PD risk (IVW, OR = 1.095; 95%CI, 1.027–1.166; p = 0.005). Finally, the results were further verified using MR-PRESSO, and all results showed p < 0.05 (Supplementary Table S3).



3.2 The causal effects of 91 circulating inflammatory proteins on PD

The present study comprehensively examined the association between 91 circulating inflammatory proteins and PD, with 1,435 SNPs selected as instrumental variables (IVs) for the 91 circulating inflammatory proteins (Supplementary Table S4). The results (Figure 3; Supplementary Table S5) revealed that three circulating inflammatory proteins were significantly associated with a reduced risk of PD. Specifically, (1) higher levels of Fibroblast growth factor 21 levels exhibited a negative correlation with PD risk (IVW, OR = 0.817; 95%CI, 0.674–0.990; p = 0.039). (2) Similarly, increased levels of Transforming growth factor-alpha levels were inversely associated with PD risk (IVW, OR = 0.825; 95%CI, 0.683–0.998; p = 0.048). (3) Furthermore, Tumor necrosis factor receptor superfamily member 9 levels also demonstrated a negative association with PD risk (IVW, OR = 0.846; 95%CI, 0.744–0.963; p = 0.011).
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FIGURE 3
 Forest plot of 91 circulating inflammatory proteins and PD. Forest plots showed the causal associations between circulating inflammatory proteins and PD by using different methods. IVW, inverse variance weighting; CI, confidence interval; OR, odds ratio.


Contrarily, two circulating inflammatory proteins were identified to be positively associated with an increased risk of PD (Figure 3). Specifically, (1) higher levels of Interleukin-17A levels were positively correlated with PD risk (IVW, OR = 1.285; 95%CI, 1.051–1.571; p = 0.014). (2) Additionally, TNF-beta levels also exhibited a positive association with PD risk (IVW, OR = 1.088; 95%CI, 1.010–1.171; p = 0.026). Finally, the results were further verified using MR-PRESSO (Supplementary Table S3).



3.3 Sensitivity analyses and reverse causal effects of PD on plasma lipidome and circulating inflammatory proteins

In the Cochran’s Q test, both MR-Egger and IVW yielded p-values greater than 0.05, indicating no heterogeneity. Furthermore, the MR-Egger intercept test showed a p-value above 0.05, and MR-PRESSO reported a global p-value also exceeding 0.05, collectively suggesting the absence of pleiotropy (Supplementary Table S6). No significant abnormalities were observed in the leave-one-out analysis, forest plots, Scatter plots, and funnel plots (Supplementary Figures S1–S8).

Additionally, a reverse causality analysis was conducted with PD as the exposure and four lipid profiles and five circulating inflammatory proteins as the outcomes. The results demonstrated no causal relationship between PD and these analytes (Supplementary Table S7).

Finally, the Steiger’s directional test was conducted to further validate the correctness of the causal relationship directions between plasma lipidome, circulating inflammatory proteins and PD, respectively. The results showed that snp_r2.exposure was greater than snp_r2.outcome, indicating a stronger association between SNPs and exposure variables. All correct_causal_direction values were TRUE, and p < 0.05, indicating that the inferred causal directions were correct (Supplementary Table S8).



3.4 Mediation analysis

A two-step MR analysis was conducted to explore the mediating effects of plasma lipidome on PD via circulating inflammatory proteins. The results (Supplementary Table S9), revealed a positive correlation between Phosphatidylcholine (14:0_18:2) levels and Fibroblast growth factor 21 levels (IVW, OR = 1.125; 95%CI, 1.006–1.257; p = 0.038). Notably, both Phosphatidylcholine (14:0_18:2) levels and Fibroblast growth factor 21 levels exhibited a negative association with the risk of PD. Based on these findings, this suggests that Fibroblast growth factor 21 levels may serve as a mediator in the pathway linking Phosphatidylcholine (14:0_18:2) levels and PD, with a mediation effect of −0.024 and total effect of −0.131, the mediation effect accounts for approximately 18% of the total effect.

Additionally, when the circulating inflammatory proteins were considered as the exposure and the plasma lipidome as the outcome, MR analysis did not reveal any reverse causal influence (IVW, p = 0.116). Moreover, the results of the Steiger’s directional test showed that snp_r2.exposure was 0.103, snp_r2.outcome was 0.009, correct_causal_direction was TRUE, and p value was 3.96E-57, indicating that the inferred causal direction was correct.

Finally, a multivariate MR analysis was performed with Phosphatidylcholine (14:0_18:2) levels and Fibroblast growth factor 21 levels as exposures and PD as the outcome. Unfortunately, both exposure results were negative (p = 0.889 and p = 0.395).




4 Discussion

The brain ranks second only to adipose tissue in terms of lipid concentration and diversity. Within the central nervous system, metabolic disturbances of lipids have been linked to the occurrence, progression, and severity of PD (Castellanos et al., 2021). Furthermore, research has identified a shared genetic risk between lipids, lipoproteins, and PD, where genetic variations associated with PD regulate the blood levels of specific lipid species that play crucial roles in the pathogenesis of PD (Klemann et al., 2017; Xicoy et al., 2021).

Investigations have shown that abnormal metabolism of lipids such as triglycerides, glycerophosphoethanolamine, diglycerides, polyunsaturated fatty acids, sphingolipids, gangliosides, glycerophospholipids, and cholesterol can lead to aberrant formation of α-synuclein, triggering neuroinflammation in PD through various innate and adaptive immune responses (Hatton and Pandey, 2022). Notably, glycerophosphoethanolamine has been found to facilitate the binding of acidic phospholipids with α-synuclein, thereby promoting its abnormal aggregation (Jo et al., 2000). Sphingolipids, a specialized class of lipids primarily confined to the nervous system, play a pivotal role in inflammatory diseases, including PD (Quinville et al., 2021). Ceramide, a central molecule in sphingolipid metabolism, serves as a crucial regulator of cellular functions and can be degraded into sphingosine (Ventura et al., 2019). Research has demonstrated that the synthesis of ceramide, sphingosine, and sphingosine-1-phosphate is associated with α-synuclein aggregation in PD patients (Gaspar et al., 2018). Low levels of ceramide have also been associated with α-synuclein aggregation in PD (Abbott et al., 2014), suggesting that the conversion of ceramide to sphingosine may be a crucial step in α-synuclein aggregation in PD (Hatton and Pandey, 2022).

Scholars such as Avisar et al. (2021) have employed machine learning algorithms to analyze 517 lipids across 37 categories and discovered that dihydrosphingomyelin (dhSM-20:0), plasmalogen phosphatidylethanolamine (PEp-38:6; 42:7), glucosylceramide (GlcCer-16:0; 24:1), dihydroglycosphingosine-based ceramide (dhGB3-22:0;16:0), and to a lesser extent, dihydroganglioside GM3 (dhGM3-16:0), can aid in predicting the severity of PD. Additionally, Avisar et al. (2021) have demonstrated that various lipids, such as those derived from vegetable oils, animal fats, or fatty acids, can suppress cytotoxicity induced by pathological processes including mitochondrial dysfunction, oxidative stress, apoptosis, and inflammation. Targeted use of these oils or fatty acids may thus contribute to the prevention of neurodegenerative diseases. Furthermore, Alarcon-Gil et al. (2022) have shown that linoleic acid exhibits neuroprotective and anti-inflammatory effects in PD models. Exploring the relationship between lipids and PD not only facilitates the identification of predictive factors for early diagnosis and treatment but also aids in discovering therapeutic targets for PD. However, the intricate interplay between PD and lipid metabolism precludes a straightforward analysis of the plasma lipidome that influence PD through observational studies. As a result, the exact causal relationships and underlying mechanisms remain elusive. To address this, we employed a two-sample MR analysis to investigate the causal relationship between 179 plasma lipidome and PD, identifying four plasma lipidome with significant causal associations. Reverse causation analysis was also conducted. Nevertheless, the precise mechanisms underlying how these plasma lipidome contribute to PD remain unknown. We hypothesize that circulating inflammatory proteins may mediate the relationship between these plasma lipidome and PD. Consequently, we further analyzed the causal relationships between 91 circulating inflammatory proteins and PD, discovering five circulating inflammatory proteins with significant causal associations, which were also subjected to reverse causation analysis. Moreover, our MR analysis revealed a causal link between PD-associated plasma lipidome and PD-related circulating inflammatory proteins, suggesting that these circulating inflammatory proteins may serve as mediators in the pathway between plasma lipidome and PD. However, further multivariate MR analysis showed no correlation between the phosphatidylcholine (14:0_18:2), Fibroblast growth factor 21 and PD, and in the future, we still need more data to verify this result.

The MR results indicated that elevated serum levels of phosphatidylcholine (14:0_18:2), phosphatidylcholine (16:0_16:1), and phosphatidylcholine (O-17:0_17:1) were associated with a reduced risk of PD. Phosphatidylcholine, a zwitterionic phospholipid composed of a hydrophilic head and hydrophobic tail, is a crucial component of eukaryotic cell membranes. Its anti-inflammatory properties have been implicated in the treatment of ulcerative colitis (Treede et al., 2007). Additionally, phosphatidylcholine plays a pivotal role in intracellular cholesterol transport and maintaining membrane lipid homeostasis (Lagace, 2015). Genetic studies have shown a shared etiology and significant negative correlation between PD and blood levels of phosphatidylcholine aa 32:3 (Xicoy et al., 2021). Farmer et al. (2015) observed downregulation of phosphatidylcholine and lysophosphatidylcholine lipid classes in the substantia nigra of a PD animal model. Consistently, Chang et al. (2022) reported a downregulation of phosphatidylcholine (35:6) in the plasma of PD patients. However, López de Frutos et al. (2022) found increased levels of phosphatidylcholine and decreased levels of lysophosphatidylcholine in the plasma of PD patients from the Iberian Peninsula, which may be attributed to the species diversity of phosphatidylcholine and its varying roles in different metabolic pathways.

Furthermore, through a more profound analysis, it has been revealed that Fibroblast growth factor 21 levels may serve as a mediating factor in the pathway between phosphatidylcholine (14:0_18:2) and PD. Elevated levels of phosphatidylcholine (14:0_18:2) promote the increase of Fibroblast growth factor 21 levels, thereby exerting a protective effect on PD. The mediating effect is estimated to be −0.024, accounting for approximately 18% of the total effect. Research has shown that the phospholipase/lysophospholipase PNPLA8-PNPLA7 axis can break down phosphatidylcholine, enabling the endogenous choline stored in hepatic phosphatidylcholine to be utilized for methyl metabolism and providing methyl groups for the methionine cycle. In PNPLA7-deficient mice, due to reduced phosphatidylcholine breakdown, methionine deficiency and disrupted methionine cycling trigger the expression of Fibroblast growth factor 21 levels, mediating metabolic alterations (Hirabayashi et al., 2023). Fibroblast growth factor 21 levels have been proven to ameliorate brain metabolic disorders and behavioral deficits in PD mouse models by promoting a favorable colonic microbiota composition and influencing the microbiota-gut-brain metabolic axis (Yang et al., 2023). Additionally, it regulates microglial polarization through the sirtuin 1 (SIRT1)/nuclear factor-κ B (NF-κB) pathway, thus alleviating neurodegeneration in PD mice models and PD cellular models (Yang et al., 2021). Therefore, We hypothesize that an increase in phosphatidylcholine (14:0_18:2) levels may lead to a reduction in the availability of methyl groups for the methionine cycle, impeding the regeneration of methionine and the methyl donor S-adenosylmethionine. This disruption in the methionine cycle, in turn, promotes an increase in Fibroblast growth factor 21 levels, exerting a protective effect against PD. Therefore, a decrease in phosphatidylcholine (14:0_18:2) levels may serve as a predictor for PD.

Our MR analysis revealed that the risk of PD increases with elevated serum levels of sphingomyelin (d38:1). Sphingomyelin, a sphingolipid composed of ceramide linked to phosphocholine (or phosphoethanolamine) at the C-1 hydroxyl group, is synthesized from palmitic acid and serine through the intermediate sphingosine, followed by conjugation with acyl-CoA and phosphocholine. Prior studies have demonstrated a shared genetic etiology and positive correlation between PD and blood levels of Sphingomyelin26:0 (Xicoy et al., 2021). Consistent with our findings, Gusev et al. (2020) observed increased concentrations of seven out of 12 sphingomyelins in the blood of preclinical subjects with PD risk. Xicoy et al. (2020a) also reported increased levels of three sphingomyelin species in a PD cell model. However, contrasting results have emerged from lipid and transcriptome analyses of putamen samples from PD patients, revealing decreased levels of most sphingomyelins, particularly saturated sphingomyelins (Xicoy et al., 2020b). Similarly, Chang et al. (2022) analyzed lipid changes in the plasma of PD patients and found downregulation of sphingomyelins (d30:1), (d32:1), and (d39:1). The differences in these results may be related to the species diversity of sphingomyelins.

Sphingomyelins play diverse roles in PD, yet their specific functions remain elusive due to the complexity of their metabolic pathways. Decreased levels of acid sphingomyelinase in PD may lead to sphingomyelin accumulation, causing cellular toxicity. In addition, reduced neutral sphingomyelinase activity may be associated with decreased exocytosis of α-synuclein-containing exosomes, leading to intracellular accumulation of α-synuclein (Signorelli et al., 2021). Mutations in the sphingomyelin phosphodiesterase (SMPD1) gene, which cleaves the phosphocholine head group of sphingomyelin to produce ceramide (Schuchman et al., 1992), have been identified as a risk factor for PD (Foo et al., 2013; Mao et al., 2017). Low ceramide levels are also associated with α-synuclein aggregation in PD (Abbott et al., 2014). These suggesting that SMPD1 mutations may disrupt the conversion of sphingomyelin to ceramide, leading to sphingomyelin accumulation, ceramide depletion, and subsequent α-synuclein aggregation, which may trigger neuroinflammation and the occurrence of PD.

We further explored the mediating role of circulating inflammatory proteins between sphingomyelin (d38:1) and PD, but unfortunately, no positive conclusions were obtained. The relationship between sphingomyelin (d38:1) and PD may involve an exceptionally complex metabolic network, necessitating further investigation.

To the best of our knowledge, this study is the first to utilize MR analysis to investigate the causal relationship between 179 plasma lipidome and PD, and it was discovered that circulating inflammatory proteins may serve as intermediates. Our findings are reliable, grounded in MR analysis of published large-scale GWAS results, which circumvents issues of reverse causality and confounding factors. We identified four plasma lipidome with a causal link to PD and demonstrated that phosphatidylcholine (14:0_18:2) levels may reduce PD risk by promoting fibroblast growth factor 21 levels. This discovery may lead to the development of predictive biomarkers for PD, enhancing early diagnosis rates and facilitating the development of targeted therapeutics. However, several limitations should be acknowledged. Firstly, as the GWAS data used in this study were derived from European populations, our findings may not be generalizable to other ethnic groups. Secondly, the 179 plasma lipidome and 91 circulating inflammatory proteins analyzed were measured in blood, not cerebrospinal fluid. Future studies should expand sample sizes, include cerebrospinal fluid analysis, and investigate diverse populations to further elucidate the mechanisms and pathways underlying the role of plasma lipidome in PD. Finally, our mediation analysis revealed that further multivariate MR analysis showed no correlation between phosphatidylcholine (14:0_18:2), fibroblast growth factor 21, and PD. More data are still needed in the future to validate this result.



5 Conclusion

Utilizing a comprehensive MR analysis, we delved into the causal relationships among plasma lipidome, circulating inflammatory proteins, and PD. Our findings revealed three negative and one positive causal effects between genetic predisposition to plasma lipidome and PD. Similarly, there were three negative and two positive causal effects between circulating inflammatory proteins and PD. Furthermore, we discovered that fibroblast growth factor 21 levels appear to mediate the pathway from phosphatidylcholine (14:0_18:2) levels to PD. Our research offers valuable insights into the intricate relationship between plasma lipidome and PD risk, which can not only guide future exploration of PD pathogenesis but also aid in the prediction, diagnosis, and even potential targeted therapy of PD.
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Rank  Count Count te (Country) Cou Centrality
1 CHINA 317 . University of Melbourne (Australia) 21 0.12
2 UsA 115 053 Helmholtz Association (Germany) 2 0.04

Helmholtz-Center Munich - German Research Center for
3 GERMANY 37 008 18 003
Environmental Health (Germany)

4 AUSTRALIA 2 015 Florey Institute of Neuroscience & Mental Health (Australia) 17 012

5 JAPAN u 0 University of Texas System (USA) 7 012
Institut National de la Sante et de la Recherche Medicale

6 ITALY 2 002 16 012
(France)

7 FRANCE 2 015 Harvard University (USA) 14 007

8 ENGLAND 20 037 China Medical University (China) 4 001

9 INDIA 17 008 Shanghai Jiao Tong University (China) 13 007

10 RUSSIA 14 0 Huazhong University of Science & Technology (China) 13 0.01
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Variables High BrainAGE = Low BrainAGE Healthy Pairwise

(n=24) (n=46) controls (n =24) (adjusted p <0.05)

BrainAGE (Z-score) 18(20.9) 0(206) 0(1) <0.001 High BA >Low BA and HC

MRI volumes

Gray matter volume 50.87 (+3.32) 5135 (£1.84) 5231 (2.64) 013 NA

(% of total intracranial volume)

‘White matter volume 35.99 (£2.26) 3731 (£1.70) 36.89 (£145) 0.02 Low BA>High BA
(% of total intracranial volume)

CSF volume 13.14 (2.92) 1134 (£2.02) 10.80 (+2.13) 0.001 High BA >Low BA and HC

(% of total intracranial volume)

WMH volume (mL) 0.190 (:0.327) 0.173 (£0.348) 0.061 (0.156) 003 High BA>HC
Laboratory markers
Age-adjusted log-transformed plasma NfL 0,89 (£0.03) 0.81(20.02) 070 (£0.03) <0.001 High BA>Low BA >HC

Cognitive performance

Composite memory (standardized score) 95.3 (£15.1) 96.2(£16.8) 1006 (£12.0) 0.42 NA

Psychomotor speed 91.6(29.6) 988 (£10.8) 1035 (£12.4) 0.001 Low BA and HC > High BA
(standardized score)

Reaction time 822(£19.9) 946 (£14.3) 931 (221.2) 0.02 HC>High BA
(standardized score)

Complex attention 938 (£28.0) 98.1(£19.3) 105.2 (£8.1) 0.14 NA

(standardized score)

Cognitive flexibility 890 (223.9) 1000 (£19.3) 1022 (£13.0) 0.04 HC>High BA
(standardized score)

High BrainAGE refers to BrainAGE z-score >0.9. Low BrainAGE refers to BrainAGE z-score <0.9. BA, BrainAGE; BrainAGE, Brain Age Gap Estimation; HC, healthy controls; NfL
neurofilament light chain; SLE, systemic lupus erythematosus. Values of p inferior to 0.05 are presented in bold.
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Rank Authol Institute Count

1 Conrad, Marcus Helmholtz Zentrum Munchen 14
2 Maher, Pamela Salk Institute for Biological Studies 10 0.00
3 Hirata, Yoko Gifu University 9 0.00
4 Devos, David Lille University 7 0.01
5 Furuta, Kyoji 7 0.00
6 Currais, Antonio Salk Institute for Biological Studies 7 0.00
7 Bush, Ashley I University of Melbourne 6 0.02
8 Ayton, Scott University of Melbourne 6 0.01
9 Tang, Daolin Guangzhou Medical University 6 0.00

10 Stockwell, Brent R. Columbia University 6 0.00
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Variables High BrainAGE (n = 24) Low BrainAGE (n = 46) P-value
Clinical

Ageat MRI(y) 305 (£9.1) 388 (7.5) <0.001
Disease duration (y) 8.4(£6.8) 12,6 (£8.4) 0.04
SLICC/ACR-Damage Index 0.6 (£1.0) 07 (£1.1) 077
SLEDAI-2K 31(242) 19(225) 013
Renal involvement, n (%) 11(45.8%) 15 (32.6%) 031
Smoking (ever), n (%) 9(37.5%) 16/(34.8%) 0.64
Prednisolone (ongoing), 1 (%) 21(87.5%) 34(73.9%) 019
Prednisolone daily dose (ongoing) (mg/day) 6.1(256) 43(3.8) on
Non-malarial DMARD (ongoing), n (%) 19.(79.2%) 22(47.8%) 0.01
Anti-hypertensive drug (ongoing), 1 (%) 8(33.3%) 12(26.1%) 056
Laboratory tests

Serum S100A8/A9 (ng/mL) 135 (20.86) 138 (£0.84) 088
Low complement (ever), 1 (%) 17.(70.8%) 23 (50%) o
Antibodies anti-double stranded DNA (ever), n (%) 15 (62.5%) 26 (56.5%) 063
Antiphospholipids antibodies (ever), 1 (%) 6(25%) 16 (34.8%) 037

‘According to SLICC SLE classification criteria. Values of p<0.05 are presented in bold. High BrainAGE refers to BrainAGE z-score >0.9. Low BrainAGE refers to BrainAGE z-score 0.9,
ACR, American College of Rheumatology: BrainAGE, Brain Age Gap Estimation; DMARD, disease-modifying antirheumatic drugs SLE, systemic lupus erythematosus; SLEDAI-2K, Systemic
Lupus Erythematosus Disease Activity Index 2000; SLICC, Systemic Lupus International Collaborating Clinics.
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Nature Chemical Dolletal
1 182 sensitivity by shaping cellular  Article 2017 0.04 Qi 148
Biology (2017)
lipid composition
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Death Nexus Linking Stockwell etal.
2 161 Review 2017 000 Cell Q 645
Metabolism, Redox Biology, (2017)
and Disease
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Bersuker etal.
3 120 acts parallel to GPX4 to in! Article 2019 002 Nature Q LI
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Nature Chemical Kagan etal.
4 9 adrenic PEs navigate cells to Article 2017 002 Q 148
Biology @017)
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Hambright
5 88 forebrain neurons promotes Article 2017 001 Redox biology Q 14 Lo
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Characteristics SLE (n =70

Clinical

Age at MRI (y) 35.9(£9.0)
Disease duration (y) 111 (#8.1)
SLICC/ACR-Damage Index 07 (£1.1)
SLEDAI-2K 23(£32)
Neuropsychiatric manifestations 16(229%)
SLICC A model, 1 (%) 22(31.4%)
SLICC B model, n (%)

Renal involvement, n (%) 26(37.1%)
Smoking (ever), n (%) 25 (35.8%)
Prednisolone (ongoing), (%) 55 (78.6%)
Prednisolone daily dose (mg/day) 49 (+45)
Non-malarial DMARD (ongoing), n (%) 41(58.6%)
Anti-hypertensive drug (ongoing), 1 (%) 21(30.0%)

Neuropsychological evaluation

Composite memory (standardized score) 95.9.(6.1)
Psychomotor speed (standardized score) 963 (£109)
Reaction time (standardized score) 903 (£17.4)
Complex atiention (standardized score) 96.6 (£22.6)
Cognitive flexibility (standardized score) 96.2(221.5)
Laboratory analyses

Log-transformed Plasma NiL (pg/ml) 0.84(20.17)
Serum S100A8/A9 (ng/ml) 137 (2084)
Low complement (ever), 1 (%) 40 (57.1%)
Antiphospholipid antibodies (ever), 1 (%) 22 (314%)
Antibodies anti-double stranded DNA (ever), n (%) 41(58.6%)

‘According to SLICC SLE classifcation criteria. ACR, American College of Rheumatology:
DMARD, disease-modifying antirheumatic drug; NfL, neurofilament light chain; SLE,

systemic lupus erythematosus; SLEDAI-2K, Systemic Lupus Erythematosus Disease Activity
Index 2000; SLICC, Systemic Lupus International Collaborating
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MRI characteristics SLE (n =71 Healthy controls (n = 24) Cohen's d Value of p
BrainAGE (z-score) 0.6 (£1.1) 01 0.56 002
Gray matter volume 5119 (£2.43) 5231 (£2.64) —0.45 006

(% of total intracranial volume)

White matter volume 3685 (£1.99) 36.89 (1.45) -0.02 094

(% of total intracranial volume)

CSF volume 11.96 (+2.50) 10.80 (£2.13) 0.48 0.045

(% of total intracranial volume)

WMH volume (mL) 0.179 (20.339) 0.061 (+0.156) 039 o0.01

BrainAGE, Brain Age Gap Estimation; SLE, systemic lupus erythematosus; WMH, white matter hyperintensities. Values of p inferior t0.0.05 are presented in bold.
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Section

Description

mechanisms

Neural pathways Explains how severe TBI induces pulmonary Neuro-immune interactions Qian et al., 2020
dysfunction through neuro-immune interactions Blood-brain barrier disruption
mediated by ROS. This leads to blood-brain
barrier disruption, systemic inflammatory
mediator spread, and conditions like ARDS.
Immune pathways Highlights ROS’s role in activating brain’s immune Activation of microglia and macrophages Yang et al., 2013; Banerjee

cells and macrophages, contributing to
inflammation and lung health. Discusses ROS’s
involvement in immune response, metabolic
reprogramming, and redox factors.

Metabolic reprogramming and redox factors in
immune response

et al., 2020; Morris et al., 2022

Endocrine pathways

Discusses the impact of oxidative stress and the
HPA axis on immune function and lung
susceptibility to infections and inflammation.
Highlights the regulation of oxidative stress by
ROS and its implications for health.

HPA axis regulation
Oxidative stress mechanisms in immune
function

Spiers et al., 2014; Leistner
and Menke, 2020;
Palma-Gudiel et al., 2021

Molecular and cellular
mechanisms

Details how ROS affect key signaling pathways
such as NF-«B and MAPK, crucial for
inflammation and cellular stress response
regulation. Also discusses the role of enzymes like
NADPH oxidase in ROS production and cellular
defense.

NF-«B and MAPK signaling pathways
Enzymatic production of ROS and cellular
defense

Morgan and Liu, 2011; Wang
etal, 2017; Igbal et al., 2024
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Disease Key molecular Biomarkers Level changes Significance References
pathways
Cerebral injury NRF2-ARE (regulates Mitochondrial oxidative Post-injury increase in Indicates oxidative stress Yan et al., 2008
genes for antioxidation stress indicators, oxidative markers and damage and efficacy of
and detoxification) 8-OHdAG 8-OHAG antioxidative therapies
Pulmonary NRF2 (reduces AOPPs, Ox-LDL, gene Elevated AOPPs, Reflects ROS impact and Pall and Levine, 2015
conditions pulmonary tissue expression of detoxifying Ox-LDL during oxidative | NRE2 activation
damage from ROS) enzymes stress effectiveness
Neurodegenerative NF-kB (linked to 8,12-Iso-PGF2a, Increased lipid Markers of Mythri et al., 2011;
diseases (AD and oxidative stress-induced oxidized lipids, peroxidation markers inflammation, cellular Butterfield, 2020
PD) brain injuries) nitrotyrosine, MDA (8,12-is0-PGF2a, MDA) damage in
and protein nitration neurodegeneration
Pulmonary fibrosis NF-kB (modulates Ox-LDL, AOPP levels, Elevated AOPP, Ox-LDL, Indicative of oxidative Shen et al., 2013; Gao
oxidative stress-related 8-OHdG, MDA 8-OHdG, and MDA stress and inflammation et al., 2021
inflammatory responses) levels in lung tissue
General oxidative MAPK pathway, HO-1, 8,12-Iso-PGF2a, Varies with oxidative General indicators of Maselli et al., 2002; Méthy
stress SOD 8-OHdG, 8-OHdA, stress levels oxidative stress and et al., 2004; Ryter and
oxidized lipids, damage Choi, 2005; Fan et al,,
nitrotyrosine 2019; Rezatabar et al.,

2019
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Treatment Description Application Mechanism of action References
strategy
Drug therapy Traditional pharmacological Used in various oxidative Often involves modulation of Firuzi et al,, 2011; Zhang
approaches targeting specific stress-related diseases like specific pathways or inhibition of etal, 2011; Sd et al,, 2017
symptoms or pathways of neurodegenerative diseases, pathological processes.
diseases. cardiovascular diseases, and cancer.
Antioxidant therapy Utilization of antioxidants Commonly used in conditions with Directly reacts with free radicals Sorriento et al., 2018;
like vitamin E, vitamin C, excessive oxidative stress, such as to reduce oxidative stress and Ashok et al., 2022
and beta-carotene to COPD and neurodegenerative protect cells from damage.
neutralize free radicals. diseases.
Mitochondrial targeting Strategies focusing on Emerging approach in diseases like Involves enhancing Cobley et al., 2018;
strategies protecting or repairing neurodegenerative disorders where mitochondrial resilience to Gongalves and Romeiro,

mitochondrial function to

mitochondrial dysfunction is

oxidative stress or repairing

2019

reduce oxidative stress. prominent. oxidative damage.
Machine learning in drug | Integration of machine Applied in the discovery of novel Improves efficiency and accuracy Vassalle et al., 2020
discovery learning techniques to drugs for treating oxidative in identifying potential

accelerate the identification stress-related conditions. therapeutic compounds.

and development of new

therapeutic agents.
NRF2 synthesis Enhancing the synthesis of Investigated in various oxidative NRF2 regulates the expression of Forman and Zhang, 2021
enhancement NRF2 or inhibiting its stress-related conditions for its antioxidant genes, thus protecting

degradation. antioxidant role. cells from oxidative damage.
Antioxidant lipid Identification of antioxidant A novel approach in antioxidant Aims to optimize antioxidant Forman and Zhang, 2021

peptides (via 3D-QSAR
CoMSIA)

lipid peptides through
computational models.

therapy, potentially applicable in
various diseases.

properties of peptides for
therapeutic use.
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Molecule class Interaction with ROS Effects References
Lipids ROS attack polyunsaturated fatty acids in cell Leads to the formation of lipid peroxides, Kim et al,, 2023
membranes through lipid peroxidation. disrupting membrane integrity and fluidity,
potentially causing cell lysis or apoptosis.
Proteins ROS modify proteins through oxidation of amino Changes in protein structure and function Kim etal,, 2014
acid residues, particularly cysteine and methionine. affecting enzyme activity, receptor function,
and signal transduction pathways.
DNA ROS cause oxidative damage to DNA, including Lead to mutations and chromosomal Tung et al.,, 2012

base modifications, strand breaks, and
cross-linking.

aberrations, disrupting cell cycle, affecting gene
expression, and potentially leading to

carcinogenesis.

Signal transduction pathways

ROS modulate various signal transduction
pathways and gene expression mechanisms,
influencing cellular processes like proliferation,

differentiation, and apoptosis.

Activation or inhibition of transcription factors
such as NF-kB and AP-1, regulating genes
responsible for cell survival, growth, and death.

Fujioka et al., 2004; Morgan
and Liu, 2011
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Variable

Overall, N = 397*

Cohort

Training cohort
N = 233 (59%)

Validation cohort
N = 164 (41%)*

Age of onset 63.78 [55.60,70.72] 63.92 [56.37,70.75] 63.58 [54.81,70.66] 0.696
Survival time (years) 242 [1.59, 352 250 [1.64, 3.79] 234 [156, 3.35) 0263
Sex 0.642
Female 158 (39.80%) 90 (38.63%) 68 (41.46%)

Male 239 (60.20%) 143 (61.37%) 96 (58.54%)

Site of onset 0.420
Bulbar 146 (36.78%) 90 (38.63%) 56 (34.15%)

Spinal 251 (63.22%) 143 (61.37%) 108 (65.85%)

Status 0.022
Dead 342 (86.15%) 209 (89.70%) 133 (81.10%)

Survival 55 (13.85%) 24 (10.30%) 31 (18.90%)

Median [IQR]; n (%).

*Wilcoxon rank sum test; Pearson’s Chi-squared test.
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D Nsnp Method

Myeloid DC %DC 25
25
25
25
25
CD14+ CD16+ monocyte %monocyte 23
23
23
23
23
HVEM on CD45RA- CD4+ 18
18
18
18
18
CD62L- CD86+ myeloid DC %DC 18
18
18
18
18
HLA DR on monocyte 16
16
16
16
16
HLA DR+ NK %CD3- lymphocyte 22
22
22
22
22
CD28 on activated & secreting Treg 25
25
25
25
25

Inverse variance weighted
MR Egger

Weighted median

Simple mode

Weighted mode

Inverse variance weighted
MR Egger

Weighted median

Simple mode

Weighted mode

Inverse variance weighted
MR Egger

Weighted median

Simple mode

Weighted mode

Inverse variance weighted
MR Egger

Weighted median

Simple mode

Weighted mode

Inverse variance weighted
MR Egger

Weighted median

Simple mode

Weighted mode

Inverse variance weighted
MR Egger

Weighted median

Simple mode

Weighted mode

Inverse variance weighted
MR Egger

Weighted median

Simple mode

Weighted mode

Pval
0.004
0.010
0.002
0.725
0.007
0.005
0.003
0.011
0.837
0.022
0.007
0.042
<0.001
0.063
0.025
0.015
0.185
0.014
0.024
0.023
0.019
0.446
0.431
0.760
0.979
0.023
0013
0.043
0.576
0.026
0.032
0.155
0.167
0618
0219

OR (95% CI)

0.924(0.876 - 0.975)
0.883(0.810-0.964)
0892 (0.829-0961)
0.975(0.848 - 1.120)
0894 (0.830 - 0.963)
1.091 (1.027 - 1.158)
1.182(1.073-1.301)
1.101(1.022 - 1.186)
0982 (0.831-1.161)
1105 (1.020- 1.197)
0.945 (0.907 - 0.985)
0.913(0.842-0.990)
0.906 (0.854 - 0.960)
0.905 (0819 - 0.999)
0.900 (0.827 - 0.979)
0.945 (0.903 - 0.989)
0956 (0.897 - 1.019)
0.931(0.880 - 0.986)
0854 (0.754 - 0.967)
0.936(0.889 - 0.986)
0951(0.911-0992)
0.972 (0.905 - 1.044)
0.973(0.910 - 1.041)
0.983 (0.880 - 1.097)
1.001 (0.931-1.077)
1.062(1.008 - 1.119)
1.129(1.035-1.232)
1.081(1.003 - 1.166)
1.049 (0.889 - 1.237)
1.100 (1.018 - 1.189)
1.043 (1.004 - 1.083)
1.037 (0.988 - 1.087)
1.039 (0.984 - 1.097)
1,019 (0.947 - 1.097)
1.031(0.983-1.082)
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Weighted mode
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Inverse variance weighted
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Variable IL-1 beta

IIT vent 0.020 0.47 0.319 0.13 0.07 0.39

V3 0.08 0.38 0.308 0.14 0.146 0.30

FH -0.02 0.46 0.04 0.44 0.021 0.47

P -0.278 0.46 0.266 0.17 0.096 0.37

M 0.113 0.34 0.309 0.14 0.038 0.44

MCP -0.152 0.30 -0.438 0.06 0.169 0.28

SCP 0.087 0.38 -0.260 0.18 0.074 0.40

M/P 0.145 0.30 0.289 0.15 0.013 0.48

MRPI -0.313 0.13 -0.341 0.11 -0.043 0.44

MREPI 2.0 -0.187 0.26 0.098 0.36 0.082 0.77
These data were assessed based on the Pearson correlation test. Pearson correlation was
performed to evaluate the relationship between two continuous variables; p < 0.05 was

considered to indicate statistical significance.

V3, 111 vent, the third ventricle; FH, the lateral ventricles; P, pons; M, midbrain areas; MCP,
the middle cerebellar peduncles; SCP, the superior cerebellar peduncles; MRPI, magnetic
resonance parkinsonism index; MRPI 2.0, magnetic resonance parkinsonism index 2.0.
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IL-1 beta

P
Neutrophils (x107/L) 0.379 0.08 0.435 0.05
Monocytes (x10°/L) 0.100 0.36 0.012 0.48
Lymohocytes (x10°/L) 0.398 0.07 0.398 0.14
Plateles (x10'/L)

PLR 0.387 0.08 0.242 0.20
NLR 0.177 7 0.27 0.435 0.05
LMR -0.238 0.20 0.347 0.11
NHR 0.522 0.02 0.387 0.08
NMR | 0.027 0.46 0.295 0.15

Pearson correlation was performed to

evaluate the relationship between two continuous

variables; p < 0.05 was considered to indicate statistical significance.

PLR, platelet to lymphocyte ratio; NLR, neutrophil to lymphocyte ratio; LMR, lymphocyte to
monocyte ratio; NHR, neutrophil to high density lipoprotein ratio NMR- neutrophil to

monocyte ratio.

Bolded - p values below 0.05 and r values below -0.5 or above 0.5.
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Neutrophiles Monocyte Lymphocytes

I vent 0072 040 0326 012 0.07 039 0267 017 | 0072 0.40 0195 025 0077 039 0436 0.05 0261 018
Vi 0137 032 0370 019 0.146 030 0416 005 | 0137 032 0076 039 0186 026 0405 007 0247 019
FH 002 047 008 078 0.021 047 -0.208 023 0020 047 0310 014 0101 036 0516 002 0331 012
P 002 093 0.107 035 0.9 037 0285 016 | 0022 0.46 0177 027 0,09 037 0342 ol 0391 0.08
M 0028 046 0326 012 0038 044 0235 020 | 0028 0.46 -0.09 037 0024 046 0082 039 0535 0.02
Mcp 0497 003 0272 017 0169 028 0295 015 | 0497 0.03 0263 018 0273 017 034 011 0225 021
scp o112 035 0162 028 0074 040 0.067 040 | 0112 035 0.402 0.07 0287 015 0563 001 0129 033
MP 002 046 0113 035 0013 048 -0.150 030 | 0022 0.46 0031 045 0078 039 0056 0.2 0.461 004
MRPI 0.08 038 0182 026 0043 044 0197 024 | 0087 0.38 0090 037 0108 035 0127 033 0311 013
MRPI 20 0162 028 0.047 043 0.082 077 0.488 003 | 0162 028 0014 048 005 042 0035 045 0184 026

‘These data were assessed based on the Pearson correlation test.
Pearson correlation was performed to evaluate the relationship between two continuous variables; p < 0.05 was considered to indicate staistical significance.

NLR, neutrophil to lymphocyte ratio; LMR, lymphocyte to monocyte ratio; NHR, neutrophil to high density lipoprotein ratio; PLR, platelet to lymphocyte ratio; V3; IIl vent, the third ventricle; FH, the lateral ventricle; P, pons; M, midbrain areas; MCP, the
cerebellar peduncles; SCP, the superior cerebellar peduncles; MRPL, magnetic resonance parkinsonism index; MRPI 2.0, the magnetic resonance parkinsonism index 2.0.

Bolded - p values below 0.05 and r values below -0.5 or above 0.5.
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Healthy controls

PSP

(n= 13) patients
(n=14)

Sex 5/8 9/5

(male:female)

Age (years) 50 + 8.8 70 £ 3.6 0.0001

Duration (years) 3-6

WBC (x10°/L) 629+ 39

Neutrophils 4.03 + 3.06 4.36 + 1.48

(x10°/L)

Monocytes 0.48 £ 0.17

(x10°/L)

Lymohocytes 1.25 £ 0.58 221+ 1.30 0.0001

(x10°/L)

Plateles 149 + 90.1 208.7 £ 49.8 0.0001

(x10"%/L)

RBC (x10'%/L) 3.44 + 0.68

NLR 2.82 +1.89 1.85 £ 0.62 0.01

LMR 4.53+ 1.14

NHR 0.15 +0.19 0.10 £ 0.05

PLR 92.5 + 60 107.3 + 37 0.05

NMR 928+ 2.1
WBC, white blood cells; RBC, red blood cells, NLR, neutrophil to lymphocyte ratio, LMR,
lymphocye to monocyte ratio, NHR, neutrophil to high density lipoprotein ratio, PLR, platelet
to lymphocyte ratio, NMR, neutrophile to monocyte ratio; the data shown are the means + SD;
a comparison of variables between PSP patients and HCs was performed by student’s t-test;

p <0.05 was considered to indicate statistical significance.
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\slariables Hazard Ratio(95%Cl) P value
ex
Female

Male 2.110(1.954-2.279) — <2e-16
Age
1.148(1.140-1.155) » <2e-16
Ethnicity
Non-white
White 1.647(1.335-2.032) — 3.18E-06
Education
Non-university
sl University 0.804(0.741-0.972) - 1.47€-07
1.018(1.010-1.026) 2.95E-06
Townsend deprivation index
4 0.987(0.975-0.999) 3.66E-02
SmokingStatus
Never
Previous 1.227(1.136-1.326) - 1.83€-07
Current 0.637(0.544-0.746) - 2.04E-08
Alcoholintake o
1 .749(0.648-0.865! - 8.16E-05
2 789(0.707-0.882 - 2.73E-05
3 0.835(0.746-0.933) el 1.50E-03
1 0.978(0.875-1.093) - 6.92E-01
PRS
Low Risk
Medium Risk 1.460(1.312-1.624) —-— 4.22E-12
High Risk 2.364(2.117-2.639) — <2e-16
Diabetes
1 2.494(2.262-2.750) —— <2e-16
Hypertension
1 3.042(2.824-3.277) —— <2e-16
status
Health
cD 1.137(0.541-2.386, —_— 7.35€-01
uc 1.466(0.934-2.302 — 964E-02
18D-U 1.322(0.426-4.101) —_—————————————  629E-01
Group
—

Health
1BD 1.356(0.941-1.955) 1.03-01
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Subgroup Numbers(%) Hazard Ratio(95%Cl) P value

Sex
Female 228,209 (53.7%)  1.855 (1.094 -3.143 ) —_—.——— 0.022
Male 196,903 (46.3%)  1.072 (0.645-1.782) —— 0789
Age
<60 245721(57.8%)  1.390 (0.622-3.107) —_— 0422
260 179391(42.2%)  1.243 (0.824-1.874) —_—— 0.300
Education
Non-university 282,931 (66.6%)  1.179 (0.751-1.853 ) —— 0.474
University ~ 142,181(33.4%)  1.831(0.982-3.416) —s————————— o057
PRS
LowRisk 106,526 (25.1%) 0.611(0.152-2449) +—@——————— 0.486
Medium Risk 212,691 (50.0%) ~ 1.105 (0.610-2.000) —— 0742
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