

[image: image1]
Associations of Polygenic Risk Score for Late-Onset Alzheimer's Disease With Biomarkers












	
	MINI REVIEW
published: 14 April 2022
doi: 10.3389/fnagi.2022.849443






[image: image2]

Associations of Polygenic Risk Score for Late-Onset Alzheimer's Disease With Biomarkers

Qiaojun Li1*, Xingping Lv2, Fei Jin3, Kun Liao2, Liyuan Gao2 and Jiayuan Xu4


1School of Information Engineering, Tianjin University of Commerce, Tianjin, China

2School of Sciences, Tianjin University of Commerce, Tianjin, China

3Department of Molecular Imaging, Qingdao Central Hospital, Qingdao University, Qingdao, China

4Department of Radiology and Tianjin Key Laboratory of Functional Imaging, Tianjin Medical University General Hospital, Tianjin, China

Edited by:
Panteleimon Giannakopoulos, Université de Genève, Switzerland

Reviewed by:
Keeley Brookes, Nottingham Trent University, United Kingdom
 Anbupalam Thalamuthu, University of New South Wales, Australia

*Correspondence: Qiaojun Li, liqiaojun@tjcu.edu.cn

Specialty section: This article was submitted to Alzheimer's Disease and Related Dementias, a section of the journal Frontiers in Aging Neuroscience

Received: 06 January 2022
 Accepted: 14 March 2022
 Published: 14 April 2022

Citation: Li Q, Lv X, Jin F, Liao K, Gao L and Xu J (2022) Associations of Polygenic Risk Score for Late-Onset Alzheimer's Disease With Biomarkers. Front. Aging Neurosci. 14:849443. doi: 10.3389/fnagi.2022.849443



Late-onset Alzheimer's disease (LOAD) is a common irreversible neurodegenerative disease with heterogeneous genetic characteristics. Identifying the biological biomarkers with the potential to predict the conversion from normal controls to LOAD is clinically important for early interventions of LOAD and clinical treatment. The polygenic risk score for LOAD (AD-PRS) has been reported the potential possibility for reliably identifying individuals with risk of developing LOAD recently. To investigate the external phenotype changes resulting from LOAD and the underlying etiology, we summarize the comprehensive associations of AD-PRS with multiple biomarkers, including neuroimaging, cerebrospinal fluid and plasma biomarkers, cardiovascular risk factors, cognitive behavior, and mental health. This systematic review helps improve the understanding of the biomarkers with potential predictive value for LOAD and further optimizing the prediction and accurate treatment of LOAD.
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INTRODUCTION

Alzheimer's disease (AD) which accounts for about 70% of dementia is an irreversible progressive polygenic neurodegenerative disease with insidious onset (Kametani and Hasegawa, 2018; Breijyeh and Karaman, 2020; Tank et al., 2022). By age at onset, AD can be classified into early-onset AD (EOAD) and late-onset AD (LOAD). EOAD is an autosomal dominant disease with heritability of more than 70% (Gatz et al., 2006; Wingo et al., 2012) and three responsible mutated genes, the amyloid protein precursor gene (APP), presenilin-1 gene (PSEN1), and presenilin-2 gene (PSEN2), were found to mainly dominate the production, aggregation, and clearance of amyloid β-protein (Aβ) (Cacace et al., 2016). Unlike the EOAD, LOAD occurs in more than 95% of the AD patients with a relatively complex polygenetic mechanism (Zhu et al., 2015; Xiao et al., 2017), and the related external phenotype changes in the very early stage. Although aducanumab can reduce the amyloid deposition in the brain and has been approved by Food and Drug Administration to treat Alzheimer's disease lately, however, controversy about it still exists (Selkoe, 2021; Servick, 2021). Therefore, identifying the biomarkers with the potential to predict the conversion from normal controls to LOAD and the progression of LOAD is clinically very important for early interventions.

In recent years, genome-wide association studies (GWAS) have been widely applied to study complex neuropsychiatric disorders (Ripke et al., 2014; Lello et al., 2019; van der Merwe et al., 2019; Levey et al., 2021; Peyrot and Price, 2021) and more than 200 susceptibility genetic variants have been identified to characterize the polygenetic architecture of LOAD (Chen et al., 2021). To overcome the small effect size of a single genetic variant, some polygenic methods have been developed to quantify the cumulative effects of multiple genetic variants related to complex diseases (Tan et al., 2018; Altmann et al., 2020; Choi et al., 2020), of which the polygenic risk score (PRS) is the most representative and widely used method (Wray et al., 2021). With the release of large-sample GWAS summary statistics for LOAD (Lambert et al., 2013; Weiner et al., 2015; Kunkle et al., 2019), AD-PRS, which measures the cumulative genome-wide-weighted effects of LOAD-risk genetic variants, is being increasingly used with multiple biomarkers to identify the underlying neurobiological mechanisms of LOAD.

In this review, we summarized the research progress of the associations of AD-PRS with multiple biomarkers, including neuroimaging, cerebrospinal fluid, and plasma, cardiovascular risk factors, cognitive behaviors, and mental health. This review is helpful to identify the biomarkers with the potential to predict the occurrence and development of LOAD, which is clinically important for the early diagnosis and interventions of this complex disease. A schematic summary of the related work in this review is shown in Figure 1 and Table 1.


[image: Figure 1]
FIGURE 1. Association of AD-PRS with various biomarkers for LOAD.



Table 1. The work progress in the associations of AD-PRS with multiple biomarkers.
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ASSOCIATIONS OF AD-PRS WITH NEUROIMAGING BIOMARKERS

Exploring the structural and functional changes through medical imaging techniques is crucial for understanding LOAD development. Because of the advantages of safety and information abundance, magnetic resonance imaging (MRI) has become prominent among various medical imaging techniques. Of the various modalities of MRI, structure MRI (sMRI), diffusion tensor MRI (dMRI), and functional MRI (fMRI) have been mostly applied to study the underlying neural mechanism of LOAD and its clinical diagnosis and treatment by exploring the correlation between AD-PRS and brain phenotypes.

sMRI is one of the most important avenues to illustrate the brain morphological measures, for example, gray matter volume, cortical surface area, and cortical thickness. Studies have found that AD-PRS was associated with reduced gray matter volume (GMV) in the hippocampus (Axelrud et al., 2018) and its subregions (Heidi et al., 2021), left precuneus and right cingulate gyrus cortex (Li et al., 2018), whereas with increased GMV in the right superior frontal gyrus and caudate (Li et al., 2018). Meanwhile, AD-PRS was found to be associated with decreased surface area in the frontal pole (Xiao et al., 2017), decreased cortical thickness in the bilateral medial temporal cortices (Lee et al., 2021), posterior cingulate cortices (Sabuncu et al., 2012), and bilateral entorhinal cortices (Harrison et al., 2016). The changes of these brain regions are some of the most prominent early pathological features of LOAD and can be used as reliable predictive measures for the conversion from normal controls or mild-cognitive impairment to LOAD (Yang et al., 2012).

dMRI is mainly used to measure the microstructural integrity of the white matter through modeling-water diffusivity in the tissue microstructure (Kilimann et al., 2013), with fractional anisotropy (FA) and mean diffusivity as the two most used indices. AD-PRS is associated with decreased FA in the right cingulum bundle in healthy adults (Foley et al., 2017). AD-PRS was also found to be associated with reduced FA and increased mean diffusivity across the whole brain white matter tracts, notably in the inferior occipitofrontal fascicle, superior longitudinal fascicle, cingulum and corpus callosum in the AD patients (Harrison et al., 2020a). Recently, Mirza-Davies et al. (2021) found the visual subnetwork constructed based on dMRI was also correlated with AD-PRS.

fMRI was used to evaluate brain activity by detecting changes associated with blood flow (Smitha et al., 2017), referred to as the blood-oxygen-level-dependent (BOLD) signal in the brain-resting or task-based state. AD-PRS was found to be associated with increased functional connectivity between the right precuneus and the right superior temporal gyrus in the youths, which might impact memory performance and inhibitory control in early life (Axelrud et al., 2019). AD-PRS was also found to be associated with decreased functional connectivity within the temporal cortex in mild-cognitive impairment patients (Su et al., 2017). The hippocampal activation, mostly responsible for episodic memory processing, was severely impaired in the LOAD patients (Zhan et al., 2016; Xiao et al., 2017). However, contrary research findings have been reported between the AD-PRS and hippocampal activation. Chandler et al. (2020) found a significantly positive correlation and Xiao et al. (2017) found a significantly negative correlation during the episodic memory. This divergence may be due to the different task codings and sample size of the studies.

Arterial spin labeling was a functional MRI technology for measuring tissue perfusion to quantify the cerebral blood flow (CBF) in a given period with high time resolution (Rostami et al., 2014). There is a hypothesis proposing that insufficient CBF increases the risk of developing LOAD, leads to the decline of consciousness and dysfunction of LOAD, and even can be treated as an early antecedent of LOAD (Chandler et al., 2021). AD-PRS was found to be negatively correlated with CBF on many brain regions across the younger and older participants, including the frontal pole, middle frontal gyrus, inferior frontal gyrus, insular, frontal medial cortex, and orbitofrontal cortex (Chandler et al., 2019, 2021). These studies may shed light on exploring the key molecular processes that underpin LOAD.

All of the above findings together revealed the close relationship between the cumulative genetic risk of LOAD and the changes in the brain structure and function, providing new perspectives to explain the pathophysiology of LOAD. The combination of the neuroimaging biomarkers with AD-PRS to predict the LOAD development is attracting attention (Harrison et al., 2016, 2020b; Williams et al., 2021) and this is thought to be a promising step toward improving the very early identification of LOAD (Williams et al., 2021).



ASSOCIATIONS OF AD-PRS WITH CEREBROSPINAL FLUID AND PLASMA BIOMARKERS

The concentration determination of Aβ, total tau (T-tau), and phosphorylated tau (P-tau) in the cerebrospinal fluid (CSF) are three classical biomarkers for the clinical diagnosis of LOAD (Lee et al., 2019; Shen et al., 2021). The changes of these measures in the brain occur more than 15 years before the onset of symptoms in LOAD patients (Bateman et al., 2012; Dementia, 2021). More studies devoted to the association analysis of AD-PRS and these biomarkers found that AD-PRS was not only correlated with the CSF levels of Aβ42, Aβ42/Aβ40, T-tau, and P-tau in the older adults (Porter et al., 2018a; Li et al., 2020), but could also predict the incidence rate of LOAD and the age at onset (Li et al., 2020). In addition, there was an interaction between AD-PRS and the Aβ42 pathology status to the neurofilament light (NfL) (Skoog et al., 2021). Moreover, the A/T/N criteria including a combined accumulation of amyloid plaques (A), neurofibrillary tangles composed of tau (T), and neurodegeneration (N) can predict the cognitive decline and clinical progression of LOAD (Soldan et al., 2019; Ebenau et al., 2020) and are recommended to be included in the diagnostic categories of LOAD (Foley et al., 2017). AD-PRS also showed a significant correlation with the A/T/N profiles (Ebenau et al., 2021). A study found that the integration of genetic risk across the AD biomarkers like A/T/N may improve the prediction of the disease progression (Moore et al., 2019).

Various inflammations occur in pathologically vulnerable brain regions in LOAD patients (Akiyama, 2000) and many plasma biomarkers of inflammation are useful for early diagnosis and monitoring the progression of LOAD (Kinney et al., 2018; Naveed et al., 2019). AD-PRS was found to be associated with various increased inflammatory biomarkers in the plasma, such as clusterin, complement receptor 1 inhibitor and C-reactive protein (Morgan et al., 2017), osteopontin and neurocan core protein (Zhou et al., 2020), and P-tau 181 (Zettergren et al., 2021). Similar to other biomarkers, the integration of AD-PRS and inflammatory biomarkers can also greatly improve the sensitivity and specificity of predicting LOAD. These findings not only facilitate the development of genetic tools for assessing the individual risk of LOAD but could also improve our understanding of the underlying mechanisms of this disease.



ASSOCIATIONS OF AD-PRS WITH CARDIOMETABOLIC RISK FACTORS

Many cardiometabolic risk factors are implicated in the etiology of LOAD and are thought to lie on the pathways linking the genetic variants of LOAD (Korologou-Linden et al., 2019b). Of these factors, cardiovascular risk factors are found to increase the incidence of LOAD (Lin et al., 2019), which may be due to the high genetic association between LOAD and many cardiovascular diseases, such as hypertension (Baumgart et al., 2015), coronary heart disease (Elman et al., 2019), diabetes, and diastolic blood pressure (Richardson et al., 2019). AD-PRS was also found positively associated with other cardiometabolic risk factors such as traumatic brain injury, obesity, and hypertension in adults (Baumgart et al., 2015). However, these associations are not consistent throughout the whole life trajectory. For example, Korologou-linden et al. did not detect evidence to suggest that AD-PRS acts through childhood and adolescent cardiometabolic risk factors (Korologou-Linden et al., 2019b). More studies should be conducted in other large-birth cohorts to examine whether the genetic risk for Alzheimer's disease can be captured in early childhood. If not, further studies should examine whether and why these associations emerge only later, in adulthood, when the variation in the cardiometabolic risk factors is likely to be greater.

The combination of the genetic accumulation risk of LOAD and some vascular risk factors increased the predictive potential of LOAD for the shared genetic heritage (Li et al., 2016). The coronary artery disease (CAD) interacting with the LOAD pathology is highly heritable and CAD-PRS has been widely used to improve cardiovascular risk prediction (Wehby et al., 2018; Elliott et al., 2020; Levin and Rader, 2020). A healthy adult group with higher CAD-PRS and AD-PRS showed a significantly increased risk of developing amnestic mild-cognitive impairment (aMCI) (Elman et al., 2019), which is a state of cognitive deficit that is not severe enough to fulfill the criteria of dementia (Bennett et al., 2002) and showed a much higher probability of developing into LOAD (Chaudhury et al., 2019). In summary, AD-PRS, combined with the PRS of cardiovascular risk factors, has shown a superior predictive value of onset of aMCI and LOAD compared to the independent application of AD-PRS, indicating the importance of infusing multiple PRSs and their interactions.



ASSOCIATION OF AD-PRS WITH COGNITIVE BEHAVIORS AND MENTAL HEALTH

The impairment of episodic memory and decline in advanced cognitive functions are the earliest and most characteristically clinical manifestations of LOAD (Bäckman et al.,2004). In the early stage, cognitive behaviors and mental health of the LOAD patients are partially impaired, which complicate and intertwine with the occurrence and progression of LOAD. Exploring the association between AD-PRS and cognitive functions has aroused many important findings. For example, AD-PRS was reported to be associated with lower total, verbal, and performance intelligence quotients in childhood and adolescence (Korologou-Linden et al., 2019a), whereas no significant associations were identified in the cognitively normal adult individuals (Li et al., 2018). Moreover, increasing studies showed that AD-PRS had a significant negative correlation with immediate memory and verbal episodic memory, which increases the predictive efficiency of conversion from healthy controls to LOAD (Marden et al., 2016; Porter et al., 2018b). It is worth noting that, in a study of Chinese samples, a significant correlation between AD-PRS and episodic memory ability was not found (Li et al., 2018). The inconsistency may be caused by ethnic differences or the evaluation efficiency of different memory scales.

AD-PRS was found to be closely associated with economic behaviors. Individuals with different levels of AD-PRS showed different saving behaviors and wealth composition (Shin et al., 2019), for instance, individuals with higher AD-PRS are more likely to hold less wealth in the Individual Retirement Accounts and to have simpler managed assets, such as fixed deposits, whereas individuals with lower AD-PRS have more complex managed assets, such as stocks (Shin et al., 2019). In addition, it was suggested that the interaction between higher AD-PRS and lower wealth levels would lead to the early-onset age of LOAD and accelerate its development (Ajnakina et al., 2020).

Mental health is also a vital risk factor affecting the onset and progression of LOAD, and up to 50% of LOAD patients have psychosis symptoms, such as hallucinations and delusions (Creese et al., 2019). Studies have shown that AD-PRS is positively correlated with neuroticism (Duberstein et al., 2011; Terracciano and Sutin, 2019) and hallucinations (Kusters et al., 2020). The association between AD-PRS and cognition was also mediated by these two personality traits (Stephan et al., 2018). Further, a combination between AD-PRS and major depression disorder-PRS has been used to study LOAD and their integration would significantly increase the ability to predict conversion from aMCI to LOAD (Xu et al., 2018). The above results indicated that LOAD shared a highly genetic association with mental health disorders.



OPPORTUNITIES AND CHALLENGES FOR AD-PRS APPLICATIONS

AD-PRS has been widely used in many different research fields and has exhibited a huge ability in the prediction of LOAD. However, there was large heterogeneity in AD-PRS considering the huge variations in the calculation pipeline (Choi et al., 2020).

First, the selection of a certain PT threshold from the GWAS summary statistics of the discovery sample was quite important for building PRS in the target sample, because it determined how many SNPs were included for calculation. In the classic AD-PRS calculation method, only those SNPs less than a predefined PT threshold were included (Axelrud et al., 2018). Recently, the optimal PT threshold method was applied widely, in which a series of AD-PRS were typically calculated over a range of thresholds, and the associations between the target trait and each AD-PRS were calculated to find out the best prediction model with the underlying PT threshold accordingly was set as the optimized PT threshold in the calculation of PRS (Choi et al., 2020). Second, after identifying the PT threshold, the calculation strategies of PRS in the target sample also varied. The simple AD-PRS only calculates the number of risk alleles assuming that all SNPs have the same effect on the disease. More commonly, an odds-ratio-weighted PRS was calculated for each individual as the sum of the count of risk alleles multiplied by the corresponding effect sizes across these SNPs. Third, the quality of the base sample and target sample including ethnicity, sample size, and the number of genetic variants used has a great impact on the AD-PRS and will exert the findings. To date, no consensus has been reached about these points and various strategies have been adopted by researchers, which of course will hamper the utility of the AD-PRS for a clinical diagnosis.

Besides the above points, another important question is whether the APOE-ε4 should be included for calculating AD-PRS, which is the largest risk factor for LOAD (Kim et al., 2009). At present, the accuracy of predicting the risk of LOAD by using the PRS method is 84% (Escott-Price et al., 2015, 2017). However, by far, the APOE-ε4 allele (risk) and the APOE-ε2 allele (protective) contributed the largest to this risk, where the predictive accuracy could reach 0.68 (APOE-ε4) and 0.69 (APOE-ε4+APOE-ε2) in the clinical samples (Escott-Price et al., 2015). An important practical and theoretical consideration is to understand how good AD-PRS is when excluding the APOE-ε4 gene risk and no consensus has been reached so far. Thus, associations of the AD-PRS with multiple biomarkers adjusting for APOE locus or not need to be tested.

It should be noted that, although some limitations about AD-PRS still need to be addressed, the advanced development of large-GWAS studies and data-sharing policies are driving the AD-PRS to be constantly optimized and updated for drawing unambiguous conclusions about LOAD. For example, many researchers have identified that AD-PRS was associated with lower hippocampal volume in different target samples using different PTwhen using the publicly available International Genomics of Alzheimer's Project (IGAP) as the base sample (Mormino et al., 2016; Axelrud et al., 2018; Heidi et al., 2021; Tank et al., 2022). The underlying reason may be that the base sample from IGAP or UK Biobank is very large which can reduce the deviation caused by a small sample, and also offer the same risk alleles for the AD-PRS calculation which makes the most important risk alleles always included.

In the future, more studies considering the causal inference between AD-PRS, biomarkers, and LOAD occurrence are needed to infer the underlying mechanism of LOAD. Moreover, the application of AD-PRS would also be critical for drug discovery, as drugs targeting proteins encoded in genetic risk loci would be more likely to be successful in phases II and III clinical trials (King et al., 2019). Thus, AD-PRS have a greater utility in biomedical research and personalized precision medicine in the future.
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