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Abstract
Imaging genetics is one of the important keys to precision medicine that leads to personalized treatment based on a patient’s 
genetics, phenotype, or psychosocial characteristics. It deepens the understanding of the mechanisms through which genetic 
variations contribute to neurological and psychiatric disorders. This systematic review overviews the methods and applications 
of imaging genetics in the context of neurological diseases, mentioning its potential role in personalized medicine. Following 
PRISMA guidelines, this review systematically analyzes 28 studies integrating genetic and neuroimaging data to explore disease 
mechanisms and their implications for precision medicine. Selected research included multiple neurological disorders, including 
frontotemporal dementia, Alzheimer’s disease, bipolar disorder, schizophrenia, Parkinson’s disease, and others. Voxel-based 
morphometry was the most common imaging technique, while frequently examined genetic variants included APOE, C9orf72, 
MAPT, GRN, COMT, and BDNF. Associations between these variants and regional gray matter loss (e.g., frontal, temporal, 
or subcortical regions) suggest that genetic risk factors play a key role in disease pathophysiology. Integrating genetic and 
neuroimaging analyses enhances our understanding of disease mechanisms and supports advancements in precision medicine.
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Introduction

Precision medicine (PM) customizes diagnostics and treat-
ments to an individual’s genetic, biomarker, phenotypic, and 
psychosocial characteristics, moving beyond the generalized 

approach of traditional medicine (Pinker et al. 2018). It 
relies on methods such as imaging genetics, which merges 
genomic data such as genome-wide association studies 
(GWAS) (Bogdan et al. 2017; Elliott et al. 2018) with neu-
roimaging such as positron emission tomography (PET) or 
magnetic resonance imaging (MRI) to discover how gene 
variants influence brain structure and function (Chen and 
Coppola 2015; Ameis and Szatmari 2012; Lorenzi and Alt-
mann 2024; Zhang et al. 2024). Understanding these specific 
relationships between genes and their influence on the brain 
reveals how different neural pathways cause each behavior, 
cognitive trait, or predisposition to neurologic and mental 
diseases (Glahn, et al. 2015). However, despite advances in 
imaging genetics, important gaps remain. First, the hetero-
geneity of imaging techniques and genetic analyses compli-
cates direct comparisons across studies. Second, many imag-
ing-genetics studies rely on relatively small sample sizes, 
limiting generalizability. Finally, questions remain about 
how these findings can be translated into clinical practice to 
achieve truly personalized treatments. This review addresses 
these gaps by systematically analyzing how imaging genetics 
is applied across multiple neurological conditions.
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Imaging genetics has already shown promise in multi-
ple neurological conditions, including Alzheimer’s disease 
(AD) (Huang et al. Mar. 2016) (Gomar et al. 2016) (Hibar 
et al. 2015), schizophrenia (Cousijn et al. 2014) (Kalmady 
et al. 2014), autism spectrum disorders ((Martin-Brevet 
et al. 2018; Nisar and Haris 2023), and major depressive 
disorder (Dannlowski et al. 2015). Large consortia—such as 
ENIGMA (Thompson et al. 2014) and IMAGEN (Schumann 
et al. 2010)—have supported extensive research and findings 
in this domain. These efforts are critical for understanding 
how genetic factors drive structural and functional brain 
changes, ultimately informing personalized interventions.

The multi-step approach for imaging genetics research is 
shown in Fig. 1. The first step is the hypothesis formulation 
that should include the genetic variations and brain imag-
ing phenotypes of interest, followed by imaging and genetic 
data acquisition. Then, imaging data is processed to extract 
features like brain volume, and genetic data is processed to 
evaluate genetic variations based on the phenotype under 
investigation. Statistical methods are then used to evaluate 
the relationship between brain features and genetic varia-
tions. Finally, validation and interpretation take place to gain 
a better understanding of the results.

The process of imaging genetics includes five key steps: 
formulating a hypothesis, acquiring data, preprocessing and 
analyzing data, conducting statistical analysis, and validat-
ing results.

Hypothesis Formulation

Hypothesis formulation in imaging genetics is generally 
based on the idea that changes in genome structure or gene 
activity may affect changes in brain structure, function, or 
connectivity. A well-phrased hypothesis of imaging genetics 
ought to spell out a specific and testable association between 
the genetic factors and the brain imaging outcome that would 
offer insight into the biological pathways underlying a neu-
rological or psychiatric disorder. It starts with identifying 
those genetic variants—for example, SNPs, which are muta-
tions in gene sequences deemed to affect neurological dis-
orders, neurodegenerative diseases, or cognitive traits. The 
type of neuroimaging also comes into relevance: structural 
MRI for assessing atrophy of the brain, functional MRI to 
investigate activity of neural systems, PET-MRI to measure 
atrophy and metabolic dysfunction, or MRI-based diffusion 
tensor imaging in order to look at white matter integrity. 
Then, a hypothesis is formulated through the proposing of 
how particular genetic variants relate to measurable changes 
in these brain regions or pathways.

Data Acquisition

Imaging genetics studies utilize large-scale datasets such 
as UK Biobank, which provides genotype data and MRI/
functional MRI (fMRI) from half a million UK participants 

Fig. 1   The multi-step approach for imaging genetics research
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(Sudlow et al.2015). The Human Connectome Project offers 
detailed neural pathway maps through structural, func-
tional, and diffusion MRI, alongside genetic data (Essen 
et  al.  2012). The Adolescent Brain Cognitive Develop-
ment (ABCD) Study collects comprehensive neuroimaging 
and genetic data from thousands of children to study brain 
development (Barch et al. 2018). The ENIGMA Consor-
tium (Thompson et al. 2014) collates global data on brain 
structure and disease, while the IMAGEN Study (Schumann 
et al. 2010) investigates genetic effects mediated by envi-
ronmental factors on adolescent brain development. The 
National Institute of Mental Health (NIMH) (“National 
Institute of Mental Health. (n.d.)) data archive hosts data 
from various mental health studies, and the Alzheimer’s Dis-
ease Neuroimaging Initiative (ADNI) (Mueller et al. 2005) 
aims to identify Alzheimer’s disease (AD) biomarkers. The 
Parkinson’s Progression Markers Initiative (PPMI) is a large 
study designed to find progression markers for the differ-
ent dimensions of Parkinson’s disease (PD) that integrate 
genetic and imaging data (Marek et al. 2011). Lastly, the 
Psychiatric Genomics Consortium (PGC) studies genetic 
contributions to psychiatric disorders, and one main aspect is 
the imaging data (Psychiatric Genomics Consortium (n.d.)).

Data Preprocessing and Analysis

The preprocessing and analysis phase ensures that results 
are accurate, true, and interpretable. Considering the high 
dimensionality and complexity of the two types of data, their 
preprocessing is highly necessary for noise reduction and 
error correction.

Image Processing and Feature Extraction

For neuroimaging data, this involves spatial normalization to 
align images from different subjects into a common space, 
segmentation to identify and isolate different brain regions, 
smoothing and filtering to enhance the signal-to-noise ratio 
in the images, and feature extraction, such as brain volumes 
or functional connectivity (Ashburner and Friston 2000). For 
spatial preprocessing, statistical analysis, and visualization 
of brain imaging data sequences from MRI/fMRI and PET, 
one of the main tools used is statistical parametric mapping 
(SPM) (Ashburner and Friston 2000; Yao et al. 2020; Du 
et al. 2023). Another widely used tool is the FMRIB Soft-
ware Library (FSL) (Jenkinson et al. 2012; Viar-Hernández 
et al. 2024), which offers a full suite for the analysis of 
fMRI, MRI, and diffusion tensor imaging (DTI) data, includ-
ing preprocessing, registration, segmentation, and statistical 
analysis. Reconstructing and statistically analyzing cortical 
surfaces are facilitated by the automated measurement of 
brain volumes and cortical thickness, which is made possible 
by FreeSurfer (Fischl 2012; Beaulac et al. 2023). With the 

purpose of analyzing and displaying fMRI data, Analysis 
of Functional NeuroImages (AFNI) (Cox 1996) (Anderson 
et al. Jun. 2020) provides a range of programs that meet dif-
ferent requirements related to statistical modeling and pre-
processing. Advanced Normalization Tools (ANTs) (Avants 
et al. Feb. 2011) (Cataldo-Ramirez et al. Jul. 2023) stand 
out for image registration and normalization due to their 
high-dimensional registration capabilities, which are essen-
tial for tasks like segmentation and cortical thickness map-
ping. To improve the ability to analyze cortical structures, 
BrainSuite (Shattuck and Leahy 2002) (Wegdan et al. 2023) 
offers specialized tools for cortical surface extraction and 
brain image segmentation. The open-source Neuroimaging 
in Python (NiPy) library (Millman and Brett 2007) provides 
a wide range of statistical analysis, data manipulation, and 
visualization features to facilitate the analysis of structural 
and functional neuroimaging data. Finally, WebMRI (Har-
mouche et al. 2023) grants access to MRI data through a web 
interface, providing a user-friendly environment for handling 
and manipulating MRI data. By facilitating the preprocess-
ing, analysis, and visualization of intricate neuroimaging 
data, these tools help researchers advance the integration of 
genetic and imaging datasets in imaging genetics studies.

Genetic Data Analysis

Quality control involves checking genetic data for errors 
and ensuring its accuracy to maintain data integrity. 
First, the genotyping determines the genetic makeup of 
individuals, and imputation infers missing genotypes to 
complete the dataset. The next critical phase is statisti-
cal analysis, where techniques such as GWAS or candi-
date gene approaches are employed to identify genetic 
variants associated with specific brain features. Tools 
used for genetic data preprocessing include PLINK (Pur-
cell et al. 2007; Zhang et al. 2021; Karkar et al. 2021), 
a fundamental toolset for whole-genome association and 
population-based linkage analyses, providing capabilities 
for quality control, association testing, and data manage-
ment. Genome-wide Complex Trait Analysis (GCTA) 
((Yang et al. 2011; Gao et al. 2021)) aids in estimating 
the proportion of phenotypic variance explained by genetic 
variants and performing association analyses to understand 
the genetic architecture of complex traits. For association 
testing, SNPTEST (Marchini et al. 2007) performs both 
frequentist and Bayesian tests, handling imputed genotype 
data to enhance the accuracy of genetic association stud-
ies. IMPUTE (Howie et al. 2009) is critical for predicting 
missing genotypes using haplotype information from a ref-
erence panel. Finally, Multi-marker Analysis of Genomic 
Annotation (MAGMA) (Leeuw et al. 2015) (Bharthur San-
jay, et al. 2022) helps in gene/pathway analysis to associate 
genetic data with complex traits.
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Statistical Analysis

A variety of statistical methods are used to analyze the com-
plex relationship between genetic variations and brain struc-
ture. Statistical analysis methods such as analysis of variance 
(ANOVA) and t-tests are used to compare brain imaging 
metrics between different genetic groups for significant dif-
ferences. Multiple regression analysis can be used to evalu-
ate the effect of different sets of genetic variants on the brain, 
and multivariate analysis of covariance (MANCOVA) con-
siders the differences across many brain measures at once 
(Teipel et al. 2007). Finally, general linear models (GLM) 
(Ashburner and Friston 2000) are employed to model the 
relationship between genetic variants and brain features.

Validation and Interpretation

An important part to prove the reliability and reproducibility 
of results is validation, wherein associations discovered are 
reproduced in independent datasets to assess their robustness. 
By combining the results of multiple studies, meta-analysis 
enhances statistical power and allows researchers to character-
ize the magnitude and direction of genetic effects in different 
populations, thereby increasing the ability to interpret findings 
from complex analyses between genetics data (i.e.., single or 
multi-locus) with various brain imaging phenotypes.

In this research, a comprehensive systematic literature 
review of imaging genetics research concerning neurological 
diseases, specifically in the last 10 years, is introduced. In the 
following sections, we will dig deeper into the methodologies 
and applications of imaging genetics, demonstrating its trans-
formational promise for expanding our understanding of brain 
disorders and bringing in a new era of personalized medicine.

Methods

Protocol

A thorough examination of previous studies was carried out 
in accordance with the accepted Preferred Reporting Items 
for Systematic Reviews and Meta-Analyses (PRISMA) 
(Wells, et al. 2025) in order to guarantee transparency.

Search Strategy

A focused literature search was conducted to evaluate 
recent advancements in imaging genetics, using the Pub-
Med database due to its extensive coverage of biomedi-
cal, neuroimaging, and neuroscience research. To maintain 
focus, methodological consistency, and relevance to the 

biomedical scope of this review, additional searches in 
databases, as well as manual reference checks, were not 
performed. The final search was completed on October 
14, 2024. The search terms were selected to capture stud-
ies that included both morphological measurements of 
the central nervous system (e.g., “morphometry,” “voxel-
based morphometry”) and genetic variation (“genetic 
variation,” “genetic variations”). We combined these with 
“central nervous system” to limit results to neurological or 
neuropsychiatric contexts. To maximize retrieval accuracy, 
Boolean operators and standardized MeSH terms were 
applied. We used combinations of the following terms: 
((“morphometries”[All Fields] OR “morphometry”[All 
Fields]) AND (“central nervous system”[MeSH Terms] OR 
(“central”[All Fields] AND “nervous”[All Fields] AND 
“system”[All Fields]) OR “central nervous system”[All 
Fields]) AND (“genetic variation”[MeSH Terms] OR 
(“genetic”[All Fields] AND “variation”[All Fields]) OR 
“genetic variation”[All Fields] OR (“genetic”[All Fields] 
AND “variations”[All Fields]) OR “genetic variations”[All 
Fields])) AND ((y_10[Filter]) AND (ffrft[Filter]) AND 
(excludepreprints[Filter]) AND (humans[Filter]) AND 
(data[Filter]) AND (english[Filter]).

Eligibility Criteria

The inclusion criteria limited studies to English-language, 
full-text, peer-reviewed articles, published within the last 
10 years, based on human data, and excluded preprints. 
While this approach ensured methodological accuracy, it 
may have introduced language and publication bias, poten-
tially excluding relevant studies from non-English sources 
or recent preprint findings. Articles that meet the follow-
ing inclusion criteria were selected:

(1)	 Study type: original research articles
(2)	 Population: studies focusing on human subjects with a 

specified neurological or psychiatric condition
(3)	 Genetic data: must include a genetic factor (e.g., SNP 

analysis, GWAS data, candidate gene approach)
(4)	 Neuroimaging data: must contain MRI, PET, or other 

structural/functional imaging data
(5)	 Study outcomes: must investigate associations between 

genetic variants and brain structure/function

Quality Assessment

Cross-sectional, cohort, and case–control studies were 
included. Cross-sectional studies capture exposure and 
outcomes at a single time point, cohort studies follow 
participants longitudinally to track outcome develop-
ment, and case–control studies compare individuals with 
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a condition (cases) to similar individuals without it (con-
trols). The critical appraisal tool to assess the quality of 
cross-sectional studies (AXIS) (Downes et al. 2016) was 
used to evaluate the methodological quality of the included 
cross-sectional studies, while the Newcastle–Ottawa scale 
(NOS) was used to evaluate the cohort and case–control 
studies (Wells, et al. 2025). Discrepancies in data extrac-
tion and quality assessment were resolved through discus-
sion among reviewers. If full consensus was not reached, a 
majority decision was adopted after group deliberation. To 
visually summarize the quality assessment results, heat-
maps were generated for each study design in Figs. 4, 5, 
and 6.

Data Synthesis

Studies were assessed for eligibility based on predefined 
inclusion criteria, and relevant data were extracted for qual-
itative synthesis. Due to heterogeneity in study designs, 
sample characteristics, imaging modalities, genetic variants, 
and statistical methods, a narrative synthesis was performed 
instead of a meta-analysis. Key findings were summarized 
in Table 1, and any discrepancies in data interpretation were 
resolved through discussion among reviewers to ensure 
accuracy and consistency.

Results

Study Selection and Characteristics

A total of 56 articles were retrieved from PubMed, 0 were 
removed as duplicates, and the 56 full-text articles were 
screened. Six of them were excluded because no genetic/
genotyping data were presented, 2 involved non-human 
subjects, and 20 did not focus on a neurological trait, 
leaving 28 studies for final inclusion. Figure 2 provides a 
PRISMA flowchart detailing the screening process. Out of 
the included studies, 13 were cross-sectional, 3 were cohort, 
and 12 were case–control. The distribution of neurological 
phenotypes in the chosen studies is shown in Fig. 3. The rel-
evant articles that met the inclusion criteria were acquired; 
then, the relevant data were extracted from the articles. The 
year of publication, the phenotype under investigation, data 
used, methodology, and the results for each article were all 
collected and summarized in Table 1.

Risk of Bias in Included Studies

The risk of bias across the studies in Tables 2, 3, and 4 var-
ies depending on the study design and methodological rigor. 

Each type of study—cross-sectional, cohort, and case–con-
trol—presents specific strengths and limitations that influ-
ence the overall risk of bias. Figures 4, 5, and 6 provide 
heatmaps representing the risk of bias assessment results 
for cross-sectional, cohort, and case–control studies, respec-
tively. The visualizations highlight commonly underreported 
or high-risk areas across studies, such as sample size justifi-
cation, handling of non-responders, and representativeness 
of the selected population.

In Table  2, which includes cross-sectional studies 
assessed using the AXIS tool, most studies demonstrated 
clear aims and appropriate study designs. The target and 
reference populations were well defined, and the measure-
ment tools used to assess risk factors and outcomes were 
validated in prior research. Statistical significance methods 
and internal consistency were also well addressed. How-
ever, several key limitations increased the risk of bias. Many 
studies lacked justification for their sample sizes, making it 
unclear whether they had sufficient power to detect mean-
ingful associations. Additionally, the selection process for 
participants was not always well described, raising concerns 
about representativeness. A particularly notable issue was 
the failure to address non-response bias—none of the studies 
took measures to categorize non-responders, which could 
introduce selection bias. Furthermore, some studies did 
not clearly disclose funding sources or conflicts of interest, 
leaving open the possibility of external influence on their 
findings. Due to these limitations, the overall risk of bias in 
cross-sectional studies is considered moderate.

The cohort studies in Table 3, evaluated using the NOS, 
generally exhibited a more robust methodological approach, 
leading to a moderate to low risk of bias. Most studies 
clearly defined their exposed cohorts, measured risk factors 
and outcomes appropriately, and maintained comparability 
between study groups. However, one recurring limitation 
was the unclear follow-up duration, which raises concerns 
about whether the studies adequately captured long-term 
effects. Additionally, some studies did not ensure adequate 
follow-up of participants, which could lead to attrition bias 
if a significant number of subjects were lost to follow-up. 
Another concern was how the non-exposed cohorts were 
selected—if this were not done properly, selection bias could 
be introduced.

In Table 4, case–control studies were also assessed 
using the NOS tool. Most studies adequately defined 
cases and measured exposures in a reliable manner. Fur-
thermore, many maintained comparability between cases 
and controls, strengthening the validity of their findings. 
However, some methodological concerns were observed. 
The representativeness of cases was not always well doc-
umented, and the selection of controls was sometimes 
unclear, introducing potential selection bias. Addition-
ally, non-response rates were rarely addressed, making 
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Fig. 2   PRISMA flowchart

Fig. 3   Distribution of neurolog-
ical phenotypes in the selected 
studies
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it difficult to determine whether systematic differences 
existed between respondents and non-respondents. Some 
studies also did not clearly define the criteria for select-
ing controls, which could further impact the reliability of 
comparisons.

Overall Outcomes

Out of the included articles, a variety of neuroimaging and 
genetic methodologies were used to explore how genetic 
variations intersect with brain structure across multiple 
neurological disorders. The most commonly used neuro-
imaging method was VBM. Several studies also employed 
GLM, ANCOVA, and other statistical techniques to inves-
tigate associations between genetic variants and imaging 
metrics. One study utilized machine learning algorithms 
(e.g., EPISIS) to uncover complex interactions among SNPs 
(Hibar et al. Jan. 2015). The risk of bias varied across stud-
ies, with some demonstrating strong methodological rigor, 
while others had concerns regarding sample size justifica-
tion and participant selection. The included studies ranged 
from small sample sizes (~ 30 participants) to larger GWAS 
studies with over 1000 individuals, impacting the statistical 
power of findings. Additionally, the heterogeneity in imag-
ing techniques and genetic analysis methods limited direct 
comparisons across studies. Overall, the quality of evidence 
for genetic influences on neurological conditions was graded 
as moderate, suggesting that while there is substantial sup-
port for genetic contributions to brain structure and function, 
methodological limitations remain.

Disease‑Specific Findings

Table 1 provides a summary of the study findings. Across 
the included studies, multiple neurological disorders were 
analyzed, with frontotemporal dementia (FTD) appearing in 
28.5% of the studies and AD in 15%, and other conditions, 
such as schizophrenia, bipolar disorder (BD), PD, autism 
spectrum disorder, major depressive disorder, and hereditary 
spastic paraplegia, also represented.

Frontotemporal Dementia

FTD is broadly divided into semantic dementia (SD), pro-
gressive nonfluent aphasia (PNFA), and bvFTD. Sellami 
et al. (Sellami, et al. 2018) aimed to determine whether dis-
tinct neuropsychiatric symptoms (NPS) were associated with 
genetic mutations related to FTD, specifically in carriers of 
MAPT, GRN, or C9orf72 gene mutations. The study com-
prised 167 mutation carriers (60 C9orf72, 32 MAPT, and 75 
GRN), and the neuroanatomical correlations of NPS were 
discovered using VBM and a multiple regression model. 

They discovered that, in those with the C9orf72 mutation, 
delusions were mainly linked to left frontal cortical atro-
phy, while cerebellar atrophy was exclusively associated 
with anxiety and neuropsychiatric symptoms in the MAPT 
group. Finally, anxiety in the GRN group was linked to GM 
reduction in the default-mode network’s posterior structures. 
Cash et al. (Cash et al. Feb. 2018) conducted research on the 
patterns of GM atrophy with respect to the same three FTD 
mutations as in Sellami, et al. (2018) using VBM and GLMs 
for statistical analysis on three groups: 47 mutation carriers 
who were clinically afflicted, 128 presymptomatic mutation 
carriers, and 144 non-mutation carriers. The presympto-
matic C9orf72 group showed GM reduction in the thalamus 
and cerebellum, the MAPT group showed GM reduction in 
the anterior and medial temporal lobes, and finally, the GRN 
group showed GM reduction in the striatum, posterior fron-
tal, and parietal lobes. Whitwell et al. (Whitwell et al. May 
2015) also investigated whether longitudinal MRI measure-
ments could be used as biomarkers for the previously dis-
cussed three genetic forms of FTD studied in Sellami, et al. 
(2018) and (Cash et al. Feb. 2018), in addition to sporadic 
FTD. Longitudinal models were fitted over time from the 
year 1993 to 2012 using linear mixed effects models with 
random intercepts and slopes that were specific to each sub-
ject. They applied Voxel-level comparisons using t-tests. 
They found that the GRN group had the fastest whole-brain 
atrophy rates and the highest regional atrophy across all 
lobes. While sporadic FTD demonstrated more atrophy 
in the anterior cingulate than both C9ORF72 and MAPT, 
C9ORF72 demonstrated more reduction in the left cerebel-
lum and right occipital lobe than did MAPT. Luis et al. (Luis 
et al. Jun. 2016) examined the brain atrophy patterns linked 
to frontotemporal lobar degeneration (FTLD) caused by 
mutations in the SQSTM1 gene, using VBM and ANOVA for 
group comparisons. By acquiring brain MRI scans of FTD 
patients with SQSTM1 mutations, FTD patients without 
the mutation, and healthy controls, the results showed that 
SQSTM1 mutation carriers primarily showed a right-sided 
pattern of cortical atrophy, particularly in fronto-orbito-insu-
lar regions and corticospinal projections. Shinagawa et al. 
(2015) investigated the relationship between FTLD delu-
sions and C9ORF72 mutations. Four of the 17 patients with 
FTLD and C9ORF72 mutations showed signs of delusions. 
The MRI for the two groups was compared using group 
comparison of VBM. The study found that delusions in 
C9ORF72 carriers frequently accompany comorbidities and 
parietal atrophy. Yokoyama et al. (Yokoyama et al. 2015) 
investigated how the 5-HTTLPR short allele, which is linked 
to anxiety and depression, affected the GM in both bvFTD 
patients and healthy controls using VBM and linear regres-
sion models. The findings demonstrated that patients with 
bvFTD had smaller volumes in the left inferior frontal gyrus 
and larger volumes in the right temporal lobe, respectively, 
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when they carried more copies of the 5-HTTLPR allele. 
Lee et al. (Lee et al. Nov. 2014) investigated brain network 
integrity in patients with bvFTD, both with and without the 
C9orf72 mutation, by comparing smooth GM maps using 
VBM and two-sample t-tests. Although the two groups 
displayed different patterns of brain atrophy, they both had 
decreased connectivity in the salience and sensorimotor 
networks. Network connectivity in the default mode was 
higher among carriers who were not C9orf72. A decrease 
in the salience network connectivity linked to atrophy in the 
left medial pulvinar thalamic nucleus in C9orf72 carriers. 
Functional MRI had demonstrated potential in identifying 
C9orf72 carriers at early stages of the disease and could 
act as a common biomarker for all anatomical variations. 
Finally, Mahoney et al. (Mahoney et al. Aug. 2014) exam-
ined white matter (WM) changes in patients with bvFTD 
using DTI. Using VBM and nonparametric permutation 
testing, they investigated GM volume in different regions 
between groups. When bvFTD patients were compared to 
healthy controls and AD patients, extensive WM damage 
was discovered, with the uncinate fasciculus, cingulum bun-
dle, and corpus callosum showing prominent involvement. 
Beyond regions of GM atrophy, WM changes were observed 
in patients, indicating a distinct role for WM disruption in 
the pathophysiology of the disease that may be impacted by 
underlying molecular pathologies.

Alzheimer’s Disease

AD appeared in 15% of the selected studies. AD is a progres-
sive neurodegenerative disease affecting families in cogni-
tion and behavior functions. Over 100 million people world-
wide are expected to be impacted by AD by the year 2050 
(Ulep et al. 2018). Huang et al. (Huang et al. 2016) exam-
ined the relationship between the GM volume in healthy 
Chinese adults and AD patients with SORL1 rs3824968 as 
the genetic variant. Using VBM and ANCOVA, they found 

that people with the SORL1 allele A had smaller GM vol-
umes in particular brain regions than people without the 
allele, implying that SORL1 rs3824968 affects brain struc-
ture across the lifespan and raises the risk of AD, in addi-
tion to possibly hastening age-related brain changes. Gomar 
et al. (Gomar et al. 2016) investigated the effect of BDNF 
val66 met polymorphisms on the temporal lobe structure and 
memory using mixed linear models. Thinner posterior cingu-
late and precuneus cortices were found in healthy APOE E4 
gene carriers who carried the allele. Furthermore, the allele 
was associated with a quicker decline in entorhinal cortex 
thickness and worse memory function in people with mild 
cognitive impairment or AD who carry the APOE E4 gene. 
This shows that having the BDNF Met allele may prevent 
compensatory brain mechanisms in people with the APOE 
E4 gene, resulting in accelerated age-related brain changes 
and cognitive decline. Hibar et al. (Hibar et al. 2015) used 
EPISIS, a machine learning algorithm, to identify SNP-SNP 
genetic interactions affecting brain volume in AD. Using ten-
sor-based morphometry (TPM) and multiple linear regres-
sion, they found a significant interaction between two SNPs 
(rs1345203 and rs1213205) that explained the variability of 
approximately 2% of temporal lobe volume. This interaction 
was associated with greater brain volume, suggesting a pro-
tective effect against the disease. The clinical neuropsycho-
logical and neuroimaging characteristics connected to the 
uncommon TREM2 p.R47H variant in AD were examined 
by Luis et al. (Luis et al. 2014) using AD and mild cognitive 
impairment (MCI) patients from two sample sets (Spanish 
and ADNI) having the R47H variant. The orbitofrontal cor-
tex and anterior cingulate cortex in both datasets showed 
significant GM loss in brain imaging analysis using VBM 
and full-factorial ANOVA, indicating that these regions are 
particularly vulnerable to the TREM2 p. R47H variant. The 
study concludes that this variant, which primarily affects 
frontobasal and temporal regions, is associated with particu-
lar clinical and neuroimaging features in AD.

Table 3   Risk of bias assessment using NOS for cohort studies

Question  (Whitwell et al. 
May 2015)

(Gomar et al. 
Mar. 2016)

 (Hibar 
et al. Jan. 
2015)

Selection 1. Representativeness of the exposed cohort ★  ★  ★
3. Selection of the non-exposed cohort -  ★  ★
5. Ascertainment of exposure  ★  ★  ★
7. Demonstration that outcome of interest was not present at start of study  ★  ★  ★

Comparability 1. Comparability of cohorts on the basis of the design or analysis  ★  ★  ★
Outcome 1. Assessment of outcome  ★  ★  ★

2. Was follow-up long enough for outcomes to occur  ★  ★ -
3. Adequacy of follow up of cohorts -  ★ - 
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Bipolar Disorder

BD appeared in two of the selected studies. BD is a chronic 
disease that recurs frequently and is characterized by mood 
and energy swings. It impacts over 1% of the population 
worldwide, regardless of socioeconomic status, national-
ity, or ethnic background. It is an important factor of dis-
ability in young people that may end with suicide death 
(Grande et al. 2016). The relationship between SNPs in the 
IL1B gene and the volume of brain GM in BD patients was 
examined by Strenn et al. (Strenn et al. 2021). VBM and 
ANCOVA were used to examine the impact of the SNPs on 
GM volume. Thus, in both BD patients and controls, they 
discovered that rs16944 and rs1143627 SNPs were linked to 
larger putamen in the left hemisphere. ANK3 gene variation 
(rs10761482) effects on brain structure in BD patients and 
healthy controls were studied by Ota et al. (Ota et al. 2016) 
using VBM and ANCOVA. In comparison to controls, BD 

patients’ brain regions exhibited reduced fractional anisot-
ropy based on VBM and MRI data. Significantly, BD non-
T-allele carriers showed smaller reductions in the forceps 
minor. Furthermore, T-allele carriers demonstrated less age-
related brain atrophy in some areas, independent of diag-
nosis. These results imply that, in both healthy individuals 
and BD patients, the ANK3 gene may have an impact on 
age-related changes in brain structure.

Parkinson’s Disease

PD appeared in two of the selected studies. With a variety 
of etiologies and clinical manifestations, PD is a recognized 
clinical syndrome that is a rapidly developing neurodegen-
erative disorder whose prevalence is rising globally (Bloem 
et al. 2021). Burciu et al. (Burciu et al. 2018) investigated 
healthy old participants with the rs356219 SNP, which is 
previously identified as a risk factor for developing PD. The 

Fig. 4   Heatmap of bias reporting across cross-sectional studies (AXIS)
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Fig. 5   Heatmap of bias assessment using NOS for cohort studies

Fig. 6   Heatmap of bias assessment using NOS for case–control studies
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study used multimodal MRI and various motor and cognitive 
tests. VBM and independent t-tests were used to discover 
the change in different brain regions functional connectiv-
ity, iron content in the substantia nigra, and group differ-
ences in GM density and cortical thickness. Task-based 
fMRI showed less activation in the contralateral posterior 
putamen in the risk group. Vilas et al. (Vilas et al. 2016) 
used VBM and GLMs to better understand the prediagnostic 
phase of LRRK2-associated PD by characterizing resting-
state functional connectivity patterns in carriers of the muta-
tion in asymptomatic individuals using MRI. There were no 
appreciable structural changes when compared to healthy 
controls in asymptomatic LRRK2 mutation carriers, but they 
did exhibit altered functional connectivity in certain brain 
regions, notably decreased connectivity between motor areas 
and increased connectivity in visual areas.

Alcohol Use Disorder

Alcohol use disorder (AUD) appeared in two of the selected 
studies. AUD disorders are characterized by obsessive heavy 
alcohol consumption and a loss of control over alcohol intake 
(Carvalho et al. Aug. 2019). It is a condition of different 
brain circuits connected to cognitive functions that results 
in an excessive intake of alcohol despite negative effects on 
one’s health and social life (Yang et al. 2022). Dalvie et al. 
(Dalvie et al. 2017) investigated the relationship between 
brain volume and genetic variations associated with psychi-
atric disorders in teenagers with AUD. A specific variant 
(rs219927) in the GRIN2B gene was linked with increased 
volume in the left posterior cingulate cortex, a brain region 
involved in cognitive functions and reward processing based 
on genotyping and magnetic resonance imaging data of 58 
adolescents with AUD and 58 matched controls using VBM 
and linear regression modeling. Dalvie et al. (Dalvie, et al. 
2014) investigated the BDNF p.Val66Met polymorphism, 
AUD, and early life adversity on brain volume in adoles-
cents with childhood trauma using 2 × 2 ANCOVA analysis 
using VBM. Additionally, the interaction between genotype 
and childhood trauma questionnaire score was examined to 
assess potential combined effects on brain volume altera-
tions. No significant associations were found between these 
factors after correcting for multiple comparisons.

Schizophrenia

Schizophrenia appeared in two of the selected studies. 
Psychosis and a reduction in functioning are symptoms of 
schizophrenia, a long-term disorder. Neurotransmitters, 
particularly dopamine, interact in the frontal, temporal, and 
mesostriatal brain regions, causing schizophrenia symptoms 
(Kesby et al. 2018). Despite years of research, many factors 
related to the intricate pathophysiology of schizophrenia 

are still not identified. According to a set of genetic stud-
ies, schizophrenia is highly pleiotropic and involves multi-
ple genetic loci (Owen et al. 2016). Cousijn et al. (Cousijn 
et al. 2014) examined the potential effects of polymorphisms 
in the MIR137, TCF4, and ZNF804 A genes on adult brain 
structure. Using full-factorial ANCOVA, the researchers 
found no significant impact of these genes on total brain 
volume, GM, WM, or hippocampus volume. This suggests 
that these genes influence on brain morphometry is prob-
ably not the reason for the association between them and 
schizophrenia. The relationship between the rs1800795 SNP 
in the IL- 6 gene and hippocampal GM volume in patients 
with antipsychotic-naïve schizophrenia and healthy controls 
was examined by Kalmady et al. (Kalmady et al. May 2014). 
Patients showed significantly smaller bilateral hippocampus 
volumes. There was an association between the rs1800795 
SNP and schizophrenia on hippocampal volume when apply-
ing VBM and ANCOVA. This implies that the SNP in the 
IL- 6 gene might have a sex-specific impact.

Other Disorders

Working memory is a fundamental cognitive function of 
humans that allows them to temporarily store and manip-
ulate information while carrying out complex tasks, such 
as learning, reasoning, and comprehension. He et al. (He 
et al. 2021) investigated the relationship between genetic 
variations, brain morphometry, and WM performance. They 
used imaging data and summary statistics from GWAS 
from the UK Biobank and over 1114 participants in the 
Human Connectome Project (HCP). Linear mixed model 
(LMM)–based mediation analysis was conducted to investi-
gate possible mediated relationships between imaging mor-
phometric phenotypes and working memory performance in 
the HCP dataset. It was determined that the rs76119478 SNP 
may control working memory by affecting the left cuneus 
volume based on the negative correlation.

With a prevalence of 0–9 times per 100,000 people 
worldwide, hereditary spastic paraplegias (HSPs) are a 
diverse group of monogenic neurological defects that con-
tribute to corticospinal and dorsal spinal cord axonal atro-
phy. The main clinical symptom of this uncommon neuro-
degenerative illness is spasticity in the lower extremities 
(Meyyazhagan and Orlacchio 2022). Faber et al. (Faber 
et al. 2018) investigated the anatomical abnormalities, 
clinical measures, and neuronal susceptibility in HSP 
patients with SPG11 gene mutations. The study examined 
patients with confirmed SPG11 mutations from 16 unre-
lated families, comparing their neurological, neurophysi-
ological, and neuroimaging data to a control group. VBM 
and GLMs were utilized for group comparisons between 
patients and controls. They found that cortical thickness 
analysis revealed significant differences between patients 
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and controls in bilateral motor cortices, limbic structures, 
and some associative areas, while WM tracts also showed 
significant alterations in patients compared to controls. 
These findings suggest widespread structural brain abnor-
malities in patients. Also, Rezende et al. (He et al. 2021) 
looked into the degree of neurodegeneration in individuals 
who had SPG4 gene mutation-related HSPs using VBM. 
The tractography results of the two groups were compared, 
and differences in fractional anisotropy, mean diffusivity, 
radial diffusivity, and axial diffusivity were examined 
using a two-sample t-test. A GLM was utilized to evaluate 
cortical thickness variation between the two groups. The 
spinal cord and corticospinal tracts suffered severe dam-
age, but the cortical mantle was found to be largely intact. 
It appears that these regions are crucial to the development 
of hereditary spastic paraplegia because the damage was 
correlated with the severity of the disease.

The neurodevelopmental disorder known as autism spec-
trum disorder (ASD), or autism, is a prevalent, highly herit-
able, and heterogeneous disorder with underlying cognitive 
features that frequently co-occur with other conditions. ASD 
is used to characterize people who exhibit a particular set of 
difficulties with social communication, repetitive behaviors, 
and severely limited interests and/or sensory behaviors that 
start early in life (Lord et al. 2020).

Martin-Brevet et al. (Martin-Brevet et al. 2018) investi-
gated the effects of 16p11.2 copy number variants (CNVs) 
on brain GM volume using MRI data from individuals with 
deletions, duplications, and controls, using VBM and GLMs. 
Results revealed differences in brain morphometry associ-
ated with 16p11.2 CNVs, independent of cognitive, lan-
guage, social, and psychiatric measures. While global effects 
showed a mirror pattern (deletion > control > duplication), 
regional differences were observed in specific areas, with 
deletions and duplications affecting distinct brain regions.

Autism-like traits (ALTs) are observed as difficulties or 
abnormalities in sociocommunicative behavior, self-percep-
tion, and environmental adaptations. They can be thought of 
as a phenotype arising from the overlap of genetic factors for 
ASDs (Saito et al. 2014). (Saito et al. 2014) investigated the 
connection between brain anatomy and ALTs, specifically as 
it relates to the oxytocin receptor gene (OXTR) using VBM 
and regression analysis. Researchers found that lower proso-
ciality (a component of ALTs) was connected with smaller 
GM volume in the right insula in males. They found that 
the OXTR rs2254298 A allele, a genetic variant linked to 
an increased risk of autism, was connected to this decrease 
in insula volume.

Hereditary neuropathy with liability to pressure palsies 
(HNPP) is distinguished by focal conduction abnormalities 
at entrapment sites on nerve conduction studies, sausage-like 
swellings (tomacula) of the myelin sheaths by nerve biopsy, 
and recurrent sensory and motor neuropathy in individual 

nerves beginning in adolescence or young adulthood (Atta-
rian et al. 2020). Brandt et al. (Brandt et al. 2016) used a 
linear model for VBM to examine local GM volume varia-
tions between HNPP patients with PMP22 gene deletion and 
healthy controls. Patients showed less peripheral vision and 
displayed a longer visual evoked potential (VEP) latency. 
Prolonged VEP latency was found to be correlated with 
decreased thickness of the retinal nerve fiber layer in the 
nasal region in the patients. Furthermore, magnetic reso-
nance spectroscopy showed that the patients’ visual cortex 
had fewer metabolites. Nonetheless, there was no significant 
difference observed between the groups in terms of whole 
brain volume, GM, WM volume, and metabolites in a sen-
sory cortex control voxel.

Around 185 million people worldwide suffer from major 
depressive disorder (MDD), a common mental disorder. 
Depressive mood, diminished interest in or enjoyment from 
previously enjoyable activities, and recurrent thoughts of 
death are some of the symptoms of MDD. A variety of 
factors, including genetics, environment, biology, and psy-
chology, appear to be combined to make MDD a complex 
disorder (Marx et al. 2023). Dannlowski et al. (Dannlowski 
et al. 2015) investigated the association between the NCAN 
rs1064395 gene variant, previously linked to mental disor-
ders, and GM volume in the brain using VBM and t-tests. 
They hypothesized that the risk (A) allele of this variant 
would be connected with reduced GM volumes in emotion-
processing regions like the amygdala and hippocampus. 
They found that A-allele carriers had smaller amygdala and 
hippocampal volumes, regardless of depression status. These 
findings suggest that the NCAN genotype may contribute 
to structural brain differences in areas crucial for emotion 
regulation, potentially increasing vulnerability to mental dis-
orders in the presence of additional risk factors.

According to global statistics, migraine is the second 
most common neurological condition that causes years of 
disability (Ashina et al. 2021). (Liu et al. 2015) investi-
gated hippocampal structure and function when migraine 
and the COMT Val(158)met genotype were combined. 
To evaluate the impact of disease state genetic variations 
and their combination on brain morphometry, a two-way 
ANOVA was utilized. Furthermore, a seed-based method 
was used to perform functional connectivity (FC) anal-
ysis, with the hippocampus serving as the seed region. 
The study employed a two-sample t-test to assess the dif-
ferences in FC between the groups. When compared to 
healthy controls who had the same genotype, they dis-
covered that migraineurs with the Val/Val genotype had 
more GM in the hippocampal region. Furthermore, there 
was a negative correlation between increased anxiety and 
Val/Val carriers and decreased functional connectivity 
between the medial prefrontal cortex and the hippocam-
pal regions.
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Finally, studies employed diverse imaging modalities 
(structural MRI with voxel-based morphometry, diffusion 
tensor imaging, fMRI) and a variety of genetic analysis 
methods (candidate gene association, GWAS, SNP-SNP 
interaction). This heterogeneity complicates direct cross-
study comparisons while highlighting the broad application 
of imaging genetics in addressing complex neurological 
disorders.

Discussion

The reviewed studies collectively demonstrate the growing 
importance of imaging genetics in advancing our under-
standing of neurological and psychiatric disorders. Among 
the methodologies employed, voxel-based morphometry 
VBM was the most frequently used neuroimaging technique, 
due to its sensitivity in detecting subtle GM volume changes. 
This makes VBM particularly valuable for disorders such 
as AD, FTD, and schizophrenia, where neurodegeneration 
is a central feature. In contrast, studies employing DTI and 
fMRI (Lee et al. 2014) provided stronger evidence linking 
structural and functional alterations to specific genetic vari-
ants, particularly in PF and FTD, where connectivity dis-
ruptions often occur before visible atrophy. However, the 
limited application of machine learning-based methods, 
such as EPISIS, has constrained the discovery of non-linear 
genetic interactions, likely due to computational demands 
and limited adoption in imaging genetics studies. EPISIS, 
which models SNP-SNP interactions in imaging genetics, 
was applied in only one study (Hibar et al. 2015), limiting 
its potential for uncovering complex genetic influences on 
brain structure and function. Expanding AI-driven methods 
in imaging genetics could enhance the detection of complex 
genotype–phenotype relationships. Another limitation is the 
heterogeneity in statistical methodologies. While GLMs and 
ANCOVA were frequently used, many studies suffered from 
small sample sizes, reducing statistical power. Large-scale 
consortium efforts, such as ENIGMA and UK Biobank, are 
crucial for improving reproducibility and generalizability.

Despite the frequent use of statistical significance test-
ing, many studies in this review did not report effect sizes, 
confidence intervals (Cis), or measures of practical signifi-
cance. This limits interpretability, especially when statistical 
significance may result from large sample sizes or multiple 
comparisons. While the lack of CIs limits the interpretability 
of precision and the reliability of the reported estimates, 
only a few studies reported confidence intervals to indi-
cate the precision of their estimates (Gomar et al. 2016; He 
et al. 2021). Most studies did not report any standardized 
effect sizes, such as Cohen’s d or Hedges’ g. Only a few 
exceptions (Gomar et al. 2016; Martin-Brevet et al. 2018; 
Burciu et al. 2018; He et al. 2021) included effect sizes, 

which added valuable information about the magnitude of 
findings. Gomar et al. (Gomar et al. 2016) and Burciu et al. 
(Burciu et al. 2018) notably used Hedges’ g, appropriate for 
small samples, while He et al. (He et al. 2021) and (Martin-
Brevet et al. 2018) used Cohen’s d, which is one of the most 
widely used metrics in neuroimaging and clinical research 
to express standardized mean differences. The absence of 
standardized reporting practices, including the omission of 
essential statistical metrics like effect size and confidence 
intervals, complicates cross-study comparisons and reduces 
the transparency and reproducibility of findings. Future 
imaging genetics research should follow established report-
ing standards by including both statistical significance and 
practical effect measures, ensuring a more comprehensive 
understanding of genotype–phenotype relationships.

Multimodal data integration, which combines different imag-
ing techniques or integrates imaging with genetic analyses, 
enhances the understanding of genotype–phenotype relation-
ships by capturing network-level disruptions that single-modal 
approaches often miss. Traditional single-modal studies pro-
vided valuable insights into brain structure and function but 
lacked direct links to genetic factors. For example, VBM and 
fMRI studies identified abnormalities in AD (Li et al. 2020; 
Chelladurai et  al.  2023) and schizophrenia (Algumaei 
et al. 2022; Juneja et al. 2018), yet could not determine whether 
these were driven by genetic risk factors. Similarly, genetic stud-
ies using GWAS or candidate genes often lacked phenotypic 
validation, limiting their ability to assess genetic influences 
on brain morphology or connectivity. In contrast, multimodal 
imaging genetics integrates both neuroimaging and genetic data, 
offering a more comprehensive perspective on genotype–pheno-
type relationships. In contrast to single-modal approaches that 
focus only on localized structural changes (e.g., VBM for gray 
matter atrophy or GWAS for genetic associations), multimodal 
methods enable the identification of broader network-level dis-
ruptions and functional alterations. For instance, integrating 
functional MRI with genetic data can identify disruptions in 
brain connectivity patterns linked to specific genetic risk factors, 
as seen in studies on PD and FTD. This approach has been par-
ticularly useful in neurodegenerative disorders, where structural 
abnormalities alone do not fully capture disease mechanisms. 
However, while multimodal approaches enhance disease classi-
fication and early diagnosis, challenges such as data complexity, 
standardization, and computational demands must be addressed 
to improve reproducibility and cross-study comparisons. Stud-
ies incorporating DTI and fMRI (Mahoney et al. 2014; Lee 
et al. 2014) with genetic analysis, for example, have been more 
successful in linking structural and functional alterations to spe-
cific genetic variants, as seen in studies of PD and FTD. How-
ever, while multimodal studies provide richer insights, they also 
introduce challenges related to sample size requirements and 
computational complexity, limiting their widespread adoption 
compared to single-modal approaches.
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One common feature is the overlapping genetic contribu-
tions across multiple neurological conditions. The APOE and 
TREM2 variants, associated with AD, were found to affect 
GM loss in the posterior cingulate, orbitofrontal cortex, and 
anterior cingulate cortex (Gomar et al. 2016). Among the 
most studied genetic variants, the COMT Val158Met poly-
morphism was frequently associated with prefrontal cortex 
and hippocampal function, particularly in schizophrenia and 
mood disorders, where it influenced cognitive control and 
emotional regulation (Liu et al. 2015). Second, genes that 
influence synaptic plasticity and neural connectivity (e.g., 
BDNF, COMT) appear in both degenerative and psychi-
atric conditions, implying convergent molecular pathways 
influencing brain structure. This supports the hypothesis that 
psychiatric and neurodegenerative disorders share underly-
ing genetic mechanisms, an area that needs further investi-
gation. FTD-related studies demonstrated distinct patterns 
of neurodegeneration based on genetic mutations (C9orf72, 
MAPT, GRN), suggesting that genotype-specific atrophy 
patterns could inform early diagnostic biomarkers.(Sellami, 
et al. 2018) (Cash et al. 2018) (Shinagawa et al. 2015) (Lee 
et al. 2014). Studies on BDNF polymorphisms revealed 
associations with hippocampal volume loss in depression 
and anxiety disorders (Gomar et al. 2016) (Dalvie, et al. 
2014). Additionally, altered connectivity patterns linked to 
SNCA and LRRK2 variants in PD were detected in mutation 
carriers before the onset of motor symptoms, reinforcing 
the potential of imaging genetics in early disease detection 
(Burciu et al. 2018). Genetic variations in DISC1 were found 
to modulate prefrontal-limbic connectivity in schizophrenia, 
and hereditary spastic paraplegia was strongly associated 
with mutations in SPG4 and SPG11, leading to progressive 
degeneration of corticospinal tracts (He et al. 2021) (Faber 
et al. 2018) (Rezende et al. 2015).

Imaging genetics research faces critical challenges. A 
major challenge is the small sample sizes, which reduce 
statistical power, limit the detection of genotype–pheno-
type associations, increase the risk of false positives or 
non-replicable findings, and limit generalizability. Future 
studies should prioritize multicenter collaborations and 
meta-analyses to enhance sample sizes and ensure findings 
are robust across different populations. Another significant 
limitation is the lack of multimodal imaging integration 
in most studies. The widespread use of VBM emphasizes 
structural alterations but does not capture the functional and 
network-level changes that often precede visible atrophy. 
DTI and fMRI were used in only a few studies, despite their 
potential to detect early disease biomarkers and connectiv-
ity disruptions in disorders like PD and FTD. Integrating 
different imaging techniques will provide a more compre-
hensive view of the genetic influence on brain structure and 
function, improving both diagnostics and treatment strate-
gies. A further challenge lies in the heterogeneity of data 

collection, preprocessing methods, and statistical analyses 
across studies. Differences in genotyping platforms, imag-
ing protocols, and preprocessing pipelines complicate direct 
cross-study comparisons, limiting reproducibility. Establish-
ing common frameworks for data acquisition, processing, 
and analysis across research institutions—such as those 
developed by large-scale initiatives like ENIGMA—will 
be essential for ensuring reproducibility and comparability 
of results. Also, the application of machine learning and 
artificial intelligence in imaging genetics remains limited 
despite its potential to discover complex, non-linear rela-
tionships between genetic variations and brain phenotypes. 
While some studies employed AI-driven approaches, such 
as EPISIS in AD (Hibar et al. 2015), their adoption is still 
in its early stages. Machine learning methods must be care-
fully implemented to prevent overfitting and enhance inter-
pretability, particularly in complex genetic and neuroimag-
ing analyses. Future research should prioritize explainable 
AI models and deep learning frameworks that can extract 
meaningful genetic-imaging associations while ensuring 
transparency in computational decision-making. Finally, the 
translation of imaging genetics findings into clinical practice 
remains a major concern. Although certain genetic markers, 
such as APOE genotyping in AD, are already being used in 
risk assessment, most imaging-genetics associations have yet 
to be validated for routine medical use. A key obstacle is the 
complexity of polygenic disorders, where genetic influences 
on brain structure are often indirect and mediated by mul-
tiple interacting variants and environmental factors. Future 
efforts should focus on integrating imaging genetics with 
multi-omics data and longitudinal studies to improve disease 
prediction, patient stratification, and personalized treatment 
approaches. By overcoming these barriers, imaging genetics 
has the potential to revolutionize the diagnosis and treatment 
of neurological disorders, laying the foundation for precision 
medicine. Despite these challenges, integrating genetic risk 
measures with imaging biomarkers represents a promising 
step toward actionable precision diagnostics.

Translating imaging genetics findings into clinical prac-
tice remains a significant challenge. The polygenic nature 
of neurological disorders adds complexity, as genetic influ-
ences are often indirect and shaped by interactions among 
multiple variants and environmental factors. Polygenic risk 
scores (PRS), which aggregate the effects of multiple genetic 
variants associated with a disorder, offer a promising path 
for risk stratification in clinical settings. When combined 
with neuroimaging-derived biomarkers, such as structural 
atrophy patterns or functional connectivity disruptions, these 
multimodal signatures can improve the early identification of 
at-risk individuals, even before symptom onset. For instance, 
in AD and PD, PRS could be used to select high-risk indi-
viduals for more frequent monitoring or inclusion in preven-
tion trials (Baker and Escott-Price 2020; Jacobs et al. 2020). 
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In clinical settings, these multimodal risk signatures could 
be implemented via electronic health records, integrating 
genomic screening with routine MRI to identify high-risk 
individuals for early monitoring or preventive trials. Addi-
tionally, imaging genetic profiles could help distinguish 
between overlapping symptom clusters and inform tailored 
intervention strategies, particularly in the early stages of 
disorders like schizophrenia or BD (Jiang et al. 2019; Chen 
et al. 2019). To support clinical integration, future studies 
should focus on validating these biomarkers in large, diverse 
clinical populations, ensuring reproducibility and developing 
decision support tools for clinicians.

Despite the promise of imaging genetics, this review is 
constrained by several limitations. First, the relatively small 
sample sizes in certain studies may limit the statistical power 
to detect gene-brain associations. Second, variability in 
imaging protocols and genetic analyses—such as different 
preprocessing pipelines or genotyping platforms—reduces 
cross-study comparability. Third, many included studies 
focused on specific ethnic populations, potentially miss-
ing genetic variants common in other populations, which 
reduces generalizability. Finally, although robust quality-
assessment tools (AXIS, NOS) were employed, differences 
in study design (cross-sectional vs. cohort vs. case–control) 
may introduce biases that are difficult to account for.

Conclusion

The growing field of imaging genetics extends the under-
standing of the complex interplay between genetic varia-
tions and brain structure, function, and connectivity. In this 
review, FTD was a focus in about 28.5% of the included 
studies, highlighting its heterogeneity and the variable clini-
cal manifestations arising from different genetic mutations. 
Advanced imaging techniques have shown how specific 
genetic factors contribute to neurodegenerative and neuro-
logical disorders, potentially enabling earlier diagnosis and 
personalized interventions. Understanding how genetic vari-
ants translate into observable traits is an important aspect of 
imaging genetics, helping to understand the genotype–phe-
notype relationship, especially in complex diseases. This can 
lead to the identification of novel therapeutic targets and per-
sonalized treatment strategies. The reviewed articles illus-
trate a strong genetic influence across diverse neurological 
conditions, emphasizing the intricate relationship between 
genotype and neuroanatomy. Future research should expand 
sample sizes through collaborative consortia like ENIGMA 
and UK Biobank, adopt standardized imaging protocols, 
and leverage machine learning for high-dimensional genetic 
and imaging data. These efforts will accelerate translation to 
clinical practice, ultimately advancing the goal of personal-
ized neurology and psychiatry.
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