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Abstract 

Background The relationship between the brain and fatigue is gaining increasing attention, with numerous stud-
ies indicating that certain specific brain regions may be closely linked to fatigue. Our study aimed to identify brain 
regions exhibiting significant causal relationships to fatigue and discover potential neurotherapeutic targets associ-
ated with fatigue, in the pursuit of seeking new approaches for fatigue treatment.

Methods A bidirectional two-sample Mendelian randomization (TSMR) method was employed to investigate causal 
relationships between cortical and subcortical gray matter volumes in 83 regions and fatigue. Then, we utilized frontal 
cortex expression Quantitative Trait Loci data, employing the methods of Summary-data-based Mendelian Rand-
omization (SMR) and Bayesian colocalization to identify genes that exhibit significant association with fatigue. Finally, 
the transcription levels of candidate genes were assessed in a central fatigue rat model using RT-qPCR.

Results The results of the TSMR analysis revealed that an increased in the volume of the right lateral orbitofrontal, 
left caudal middle frontal, right caudal middle frontal, and right rostral middle frontal cortices may be correlated 
with a diminished susceptibility to fatigue. The SMR and Bayesian colocalization analysis identified ECE2, GPX1, MET-
TL21EP, RP11-665J16.1, and SNF8 as candidate genes associated with fatigue. RT-qPCR results confirmed significantly 
elevated transcription levels of Ece2, Gpx1, and Snf8 in the frontal cortex of central fatigue model rats compared 
to controls.

Conclusions Our findings afford substantial theoretical support for the connection between the brain and fatigue, 
while also providing novel insights into the genetic mechanisms and therapeutic targets for fatigue, particularly 
central fatigue.

Keywords Mendelian randomization, Summary-data-based Mendelian randomization, Bayesian colocalization, Brain, 
Fatigue

Introduction
Fatigue is characterized as a physiological state in which 
the body cannot maintain a particular level of perfor-
mance or an organ is unable to support a specified inten-
sity of activity [1]. Extended durations of fatigue are 
associated with a heightened risk of various disorders, 
including Parkinson’s disease and depression, signifi-
cantly impacting overall quality of life [2]. The pathophys-
iological basis of fatigue is complex, and the underlying 
pathophysiological mechanisms remain unclear [3]. Pre-
vious pharmacological studies on fatigue have primar-
ily focused on alleviating physical fatigue, resulting in 
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limited effectiveness in addressing the symptoms of 
fatigue feelings [4].

Recently, a growing body of studies have begun to 
emphasize the critical role of the brain in the fatigue 
mechanisms. The dysregulation of neurotransmitters in 
the brain, such as serotonin, dopamine, and prolactin, 
can also precipitate the onset of fatigue-related symp-
toms, a condition commonly referred to as central fatigue 
[5]. In contrast to peripheral fatigue or physical fatigue, 
there are currently no satisfactory clinical treatments 
available for central fatigue [6]. Consequently, identify-
ing therapeutic targets in the brain related to fatigue is of 
critical importance.

In the past few years, studies have also revealed that 
various regions of the brain may play distinct roles in the 
mechanisms underlying fatigue. It has been shown that 
mental fatigue is associated with functional dysregula-
tion across various brain regions, with the frontal cortex 
region exhibiting the most pronounced changes in brain 
electrical signals during states of mental fatigue [7]. For 
physical fatigue, a clinical study has observed variations 
in [18F]-FDG uptake across different brain regions. Spe-
cifically, participants with physical fatigue exhibited sig-
nificantly increased FDG uptake in the occipital, frontal, 
and temporal cortices regions compared to other regions 
[8]. Although researchers have identified several brain 
regions that are closely associated with fatigue, there cur-
rently exists a paucity of systematic investigations into 
the relationship between specific brain areas and fatigue. 
Moreover, the majority of studies conducted in this field 
were observational studies or animal experiments, which 
were not able to establish causal relationships between 
different brain regions and fatigue. Mendelian randomi-
zation (MR) is a robust new method for investigating 
causal relationships [9]. MR studies use genetic variants 
as instrumental variables for exposure, a design akin to 
the random allocation of interventions in randomized 
clinical trials, which effectively overcome the issues of 
reverse causation and confounding in observational stud-
ies. Therefore, MR studies are well-suited for investigat-
ing potential causal relationships between different brain 
regions and fatigue [10].

Meanwhile, the specific molecular mechanisms by 
which different brain regions mediate fatigue also remain 
unclear. Currently, it has been only observed that activa-
tion of the brain lactate receptor GPR81 in animal mod-
els can exacerbate exercise-induced central fatigue [11]. 
However, this research did not focus on specific brain 
regions. There is still lack of research on brain gene mark-
ers associated with fatigue, and it is still unknown which 
genes within fatigue-related brain regions are closely 
linked to the experience of fatigue. In recent years, many 
studies have started to use expression Quantitative Trait 

Locis (eQTLs) as proxies for gene expression levels and 
apply a combination of Summary-data-based Mende-
lian Randomization (SMR) and Bayesian colocalization 
approaches to identify genes with colocalized associa-
tions with specific traits or diseases from large-scale 
eQTL data, aiming to discover genetic biomarkers related 
to those traits or diseases [12–16].

The total brain volume is a crucial metric of the human 
brain morphometry, encompassing the overall size of 
the brain as well as the quantification of specific regions 
[17]. Variations in the brain volume are associated with 
numerous neuropsychiatric disorders, cognitive abilities, 
and even susceptibility to certain physical health condi-
tions, providing valuable insights into the neural under-
pinnings of various cognitive functions, behaviors, and 
disease processes [18, 19]. Currently, research has dem-
onstrated that structural changes in the brain are closely 
associated with functions such as memory, emotional 
regulation, and motor control, and that abnormalities in 
these functions are important contributors to the fatigue 
[20–22]. In this study, we propose to identify specific 
brain regions that have significant causal relationship 
with fatigue using bidirectional two-sample Mendelian 
randomization (TSMR) methods based on Genome-
Wide Association Studies (GWAS) data of brain volumes. 
Subsequently, For the brain regions identified as having 
significant relationships, we will apply SMR and Bayesian 
colocalization analyses to find genes closely associated 
with fatigue in the fatigue-related brain region. Further-
more, we will validate these findings by constructing a 
central fatigue animal model, thereby seeking to uncover 
potential brain targets for the fatigue treatment.

Methods
Study design
Figure  1 presents the detailed overview of our study’s 
design. Initially, we employed GWAS data derived 
from brain magnetic resonance imaging, concentrat-
ing on the volumes of cortical and subcortical gray 
matter regions. Using the bidirectional TSMR method, 
we investigated the causal relationships between these 
brain structures and fatigue, with the objective of iden-
tifying the brain regions strongly linked to fatigue. 
Subsequently, we applied the SMR analysis and Bayes-
ian colocalization analysis to examine the association 
between eQTLs located in the frontal cortex regions of 
the brain and fatigue, aiming to identify genes that are 
significantly correlated with fatigue. Meanwhile, Drug 
SIGnatures database (DSigDB) and DrugBank database 
were used to found the potential corresponding drugs 
for the identified genes. Finally, we validated our find-
ings experimentally by establishing a central fatigue rat 
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model to assess the expression of the identified genes in 
the frontal cortex tissue.

Data sources
The brain morphometric MRI data were derived from 
a genome-wide association study involving 36,778 
Europeans, focusing on the volumes of 83 cortical and 
subcortical gray matter regions (including 33 cortical 
regions as defined by the Desikan-Killiany atlas were 
analyzed in each hemisphere, along with 8 subcortical 
regions in each hemisphere and a brainstem) [23].

The genetic variants associated with fatigue were 
derived from a GWAS study which involved 449,019 
participants and primarily aimed to investigate the 
genetic contributions to self-reported fatigue [24]. 
The diagnosis of self-reported fatigue in the GWAS 
study comes from a specific question in the authori-
tative Mental Health Questionnaire: “Over the past 
two weeks, how often have you felt tired or had little 
energy?”.

The eQTL data for the normal human frontal cortex 
tissue were sourced from the Genotype-Tissue Expres-
sion (GTEx) Portal (https:// gtexp ortal. org/ home/) with 
a sample size of 209. The specific frontal cortex eQTL 
data can be downloaded from https:// www. gtexp ortal. 
org/ home/ datas et. In the SMR analysis, cis-eQTLs were 
utilized as instrumental variables (IVs) for gene expres-
sion. cis-eQTLs in this study refer to genetic variations 
located within 1 Mb of the coding sequence, which are 
closely associated with gene expression [25].

TSMR analysis
TSMR is a novel extension of MR that extracts genetic 
effect estimates from two independent groups of indi-
viduals, effectively enhancing causal inference [26]. We 
investigated the causal relationships between the volumes 
of cortical and subcortical gray matter in 83 different 
regions and fatigue using a bidirectional TSMR method. 
When conducting TSMR analysis, it is essential to meet 
three critical assumptions: (i) a robust correlation must 
be established between IVs and the exposure factors; (ii) 
the IVs must remain independent of potential confound-
ers; and (iii) the IVs should exert their influence on the 
outcome exclusively through the exposure factors, with-
out any effects via alternative pathways [27]. To verify 
that the IVs were strongly associated with the risk factor 
of exposure, we identified single nucleotide polymor-
phisms (SNPs) as potential IVs based on their p-value. In 
this study, the threshold of p-value was selected to bal-
ance statistical significance with the retention of a suffi-
cient number of candidate SNPs for subsequent analysis. 
While more stringent thresholds can reduce false posi-
tives, they may also miss potentially important signals. 
In the forward MR analysis, due to the limited number 
of SNPs in some of the exposure GWAS data related 
to brain morphometry, SNPs with p-value less than 
1 ×  10–5 were considered to be strongly associated with 
the trait and hence selected as instrumental variables 
for this study [28]. This criterion ensured that the MR 
analysis between each brain region volume and fatigue 
included sufficient number of SNPs for analysis (greater 
than three). If fewer than three SNPs were included in 

Fig. 1 The flow chart of our study. GWAS: Genome-Wide Association Studies. TSMR: two-sample Mendelian randomization. SMR: 
Summary-data-based Mendelian Randomization. IVs: instrumental variables. MAF: minor allele frequency. IVW: inverse variance 
weighted. eQTLs: Quantitative Trait Locis

https://gtexportal.org/home/
https://www.gtexportal.org/home/dataset
https://www.gtexportal.org/home/dataset
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the MR analysis, it becomes impossible to perform the 
MR-PRESSO sensitivity analysis, which may introduce 
substantial bias to the results [29]. In the reverse MR 
analysis, the large number of SNPs related to the expo-
sure allows for the selection of SNPs strongly associated 
with the exposure based on a genome-wide significance 
threshold of p < 5 × 10⁻⁸, thereby enhancing the reliability 
of the statistical results [30]. To fulfill assumption (ii), it 
is crucial that the genetic variants employed in the MR 
analysis are independent of confounding factors. First, a 
linkage disequilibrium analysis was conducted to make 
sure that all selected SNPs must not be in the state of 
linkage disequilibrium. Linkage disequilibrium refers to 
the non-random association of alleles at two or more loci. 
MR analysis requires that the distribution of genetic vari-
ants is random and assumes that SNPs are independent 
of each other [31, 32]. This ensures that SNPs are inde-
pendent of potential confounding factors. If the selected 
SNPs exhibit high correlation with the loci of other risk 
factors, it may introduce potential confounding effects 
[33]. In both the forward and reverse MR analyses, we 
established the threshold for linkage disequilibrium cor-
relation coefficient at  r2 = 0.001, with a clumping win-
dow set to  104 kb. Typically, under the conditions of the 
clumping algorithm with  r2 ≤ 0.001 and  104 kb clumping 
window, the influence of strong linkage disequilibrium 
can be effectively reduced, thereby ensuring the selec-
tion of independent SNPs across the genome [34, 35]. 
Second, the LDlink online tool (https:// ldlink. nih. gov/) 
was used to identify SNPs associated with risk factors 
for the outcome and potential confounders, which were 
then excluded from our study to mitigate the influence 
of confounding factors [36]. Immediately afterwards, we 
extracted the corresponding SNPs from the outcome 
GWAS dataset. If a specific SNP was absent from the 
outcome dataset, it would be replaced by an appropriate 
proxy SNP [37]. If no suitable proxy SNP was available, 
the original SNP was excluded from our TSMR analysis. 
Meanwhile, IVs exhibiting incompatible alleles, as well as 
palindromic SNPs with intermediate allele frequencies, 
were also excluded from the analysis [38]. The ambigu-
ous and replicated SNPs were excluded from the data-
sets, along with those exhibiting a minor allele frequency 
(MAF) less than 0.01 [39]. To assess the strength of the 
SNPs in our study, we calculated F-statistics using the 
formulas (1) and (2) [40]. IVs with F-statistics less than 
10 were excluded to mitigate weak instrument bias [41].

(1)R
2
= 2× MAF × (1−MAF) × β2

(2)F = R
2(n− k− 1) / k

(

1− R
2

)

“MAF” is the minor allele frequency of SNP used as 
IVs, “n” is the sample size, and “k” is the number of IVs 
used in each study.

The TSMR analysis was conducted by using the “Two-
SampleMR” (version 0.5.6) package in R software (version 
4.2.1). Several statistical methods were utilized to evalu-
ate the causal relationships, including inverse variance 
weighted (IVW), weighted median (WM), MR-Egger 
regression, simple mode, and weighted mode. Among 
them, the IVW method was selected as the primary ana-
lytical method. The IVW method operates under the 
assumption that the genetic variants used as instrumen-
tal variables are valid, meaning they are associated with 
the exposure of interest and not directly with the out-
come, except through the exposure [42]. Consequently, 
the IVW method is capable of providing the most precise 
effect estimates. The causal relationships were presented 
as odds ratios (ORs) with their 95% confidence intervals 
(CIs). Statistical significance was set as p < 0.05. Holm–
Bonferroni method was employed to adjust statistical 
significance in multiple comparisons [43]. After Bon-
ferroni correction, an adjusted p-value < 0.0006 (where 
p = 0.05/83) was considered statistically significant for 
TSMR analysis [44].

Sensitive analyses
Sensitivity analysis was primarily conducted to deter-
mine whether there were potential heterogeneity and 
horizontal pleiotropy present during the MR analysis 
[45]. Cochrane’s Q test was utilized to assess the hetero-
geneity. The random-effects inverse variance weighted 
model was applied to yield a more conservative effect 
estimate when heterogeneity was identified (p < 0.05). 
Conversely, if no heterogeneity was found, the fixed-
effect IVW model was employed. The MR-Egger inter-
cept method was employed to detect and evaluate the 
potential horizontal pleiotropy, with a p-value greater 
than 0.05 indicating the absence of horizontal pleiotropy 
among the SNPs [46]. Leave-one-out sensitivity analysis 
was primarily conducted to determine whether any sin-
gle SNP disproportionately influences the causal relation-
ship in TSMR analysis, thereby investigating the source 
of heterogeneity [47]. If the analysis results showed sub-
stantial variation upon the exclusion of a particular SNP, 
that SNP was classified as an outlier and subsequently 
removed from the dataset [48]. Finally, the MR-PRESSO 
test was employed to identify potential pleiotropic outli-
ers among the SNPs, and the adjusted correlation results 
were derived after excluding these outliers [37]. For the 
MR-PRESSO analysis, the number of permutations was 
set to 1000 [49].

https://ldlink.nih.gov/
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SMR analysis
SMR is an innovative research method which is always 
employed to ascertain pleiotropic associations between 
the expression level of a specific gene and a complex 
trait of interest, utilizing aggregated data from GWAS 
and eQTL investigations [50]. The SMR analysis was 
conducted using the SMR software (version 1.3.1, 
https:// yangl ab. westl ake. edu. cn/ softw are/ smr/# Downl 
oad). SMR analysis also needs to satisfy the three core 
assumptions of MR analysis. To meet the three core 
assumptions, we included only SNPs with a strong cor-
relation to cis-eQTLs (P < 5 × 10⁻⁸) in the SMR analy-
sis, while also ensuring that the MAF for each SNP 
was greater than 0.01 [51]. The HEIDI test, utilized as 
a sensitivity analysis method in SMR analysis, is pri-
marily designed to distinguish causal associations and 
exclude potential pleiotropy, with the threshold set 
at PHEIDI = 0.05 [52]. SNPs meeting the above criteria 
were ultimately used as IVs, ensuring that the causal 
relationship between gene expression and the occur-
rence of fatigue was not confounded by other factors. 
The false discovery rate (FDR) method was employed to 
correct for multiple comparisons in this SMR analysis 
[53].

Bayesian colocalization analysis
Bayesian colocalization analysis quantifies the probabil-
ity that two traits share a common causal genetic vari-
ant, thereby facilitating the identification of candidate 
genes that exhibit a stable association with the respec-
tive phenotypes [54]. Bayesian colocalization analysis is 
commonly used to evaluate the probability that two traits 
share a common causal variance [54]. It was performed 
using the coloc R package (version 5.2.2) in R software 
(version 4.2.2) with the default parameters provided in 
the software. The colocalization analysis carefully exam-
ined the genetic regions associated with the two pheno-
types [55]. By meticulously mapping the causal variation 
between the two traits, this approach minimized the 
identification of spurious pleiotropy and indicated the 
presence of biological mechanisms linking the two traits 
through shared genetic predictors [51]. The colocaliza-
tion analysis reported five different posterior probabili-
ties corresponding to the following five hypotheses: (1) 
H0: Neither trait has causal variation; (2) H1: Only trait 
1 has causal genetic variation; (3) H2: Only trait 2 has 
causal genetic variation; (4) H3: Both traits have causal 
genetic variation, but they do not share the same varia-
tion; (5) H4: Both traits share the same causal variation 
[56]. A posterior probability of H4 (PPH4) > 0.8 is con-
sidered strong evidence for the co-localization of fatigue 
GWAS and eQTL.

Identification of potential drugs
DSigDB is a comprehensive drug-gene interaction 
database that encompasses 22,527 genomes, 17,389 
compounds, and 19,531 genes, providing detailed infor-
mation on the associations between genes and known 
or potential drugs [57]. We identified potential corre-
sponding drugs for the genes significantly associated 
with fatigue by utilizing protein-drug interaction data 
from the DSigDB database by Enrichr (https:// maaya 
nlab. cloud/ Enric hr/). Moreover, we further integrated 
data from the DrugBank database (https:// go. drugb ank. 
com/) to establish the reliability of the candidate drugs. 
DrugBank is a comprehensive, freely accessible online 
database that includes extensive information on drugs 
and their targets, along with the current approval status 
of these drugs [58]. Screening through the DrugBank 
database allows us to identify drugs that have already 
received approval.

Experimental validation
Due to the limited number of SNPs associated with 
the cis-eQTL in the frontal cortex region, our pre-
dicted results may lead to inaccuracies. Therefore, we 
conducted in  vivo experiments to further validate the 
predicted genes. We established a central fatigue rat 
model using a well-established modeling method from 
our previous study [59]. Following the initiation of the 
experiment, the model group rats were subjected to a 
stationary water environment platform (provided by the 
Neuroimmunology Laboratory of Beijing University of 
Chinese Medicine, Beijing, China) for 14  h each night, 
from 18:00 to 8:00 the following morning. On odd days, 
the model group rats were given adequate maintenance 
feed and water, while on even days, their food intake was 
deliberately restricted to only sufficient water, resulting 
in increased food intake compared to normal conditions 
on odd days. This modeling procedure was consistently 
implemented over a 21-day period. A series of behavio-
ral tests were conducted for the evaluation of the model 
stability. The more specific procedures for central fatigue 
model construction and the behavioral tests can be 
found in the Supplementary File. Reverse transcription-
quantitative PCR (RT-qPCR) method was employed to 
assess the transcription levels of the predicted genes. 
We collected frontal cortex tissue from both the control 
group and the model group rats and extracted the total 
RNA using a total RNA extraction kit (Magen Biotech, 
Guangzhou, China). According to the manufacturer’s 
instructions, RNA was reverse transcribed using the RT 
first-strand cDNA synthesis kit (F0202, Lablead, China), 
followed by qPCR using SYBR Green PCR Master Mix 
(R0202, Lablead, China). Each reaction was performed 
in triplicate. Relative RNA transcription levels were 

https://yanglab.westlake.edu.cn/software/smr/#Download
https://yanglab.westlake.edu.cn/software/smr/#Download
https://maayanlab.cloud/Enrichr/
https://maayanlab.cloud/Enrichr/
https://go.drugbank.com/
https://go.drugbank.com/
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determined using the  2−ΔΔCT method by researchers who 
were blinded to the animals grouping. All the primers 
were synthesized by Sangon Biotech (Shanghai) Co.,Ltd. 
The primer sequences are shown in Table 1.

Statistical analyses
All statistical tests were conducted using SPSS 26.0 
software (IBM, Armonk, NY, USA) and the GraphPad 
Prism (version 9.5.0, GraphPad, San Diego, CA, United 
States) was used to create relevant graphics based on 
the statistical results. Measurement data are presented 
as mean ± standard deviation (mean ± SD). If the data 
met normality, then a two-tailed independent t-test or 
Welch’s t-test would be used; otherwise, the Mann–
Whitney U-test would be employed. A p-value < 0.05 was 
considered statistically significant.

Results
The TSMR analysis
Basic information of IVs
The IVs were chosen according to the criteria outlined 
in the methods section. All IVs exhibited F-statistics 
exceeding 10, demonstrating that there were no weak IVs 
present.

Results of the forward TSMR
Through IVW method, we identified the volume of 24 
regions in cortical or subcortical gray matter as poten-
tial risk factors for the occurrence of fatigue. Follow-
ing Bonferroni correction, 4 regions exhibited a stable 
causal relationship with the onset of fatigue (Supple-
mentary Table 1 and Fig. 2). We found that the right lat-
eral orbitofrontal volume (β = −  4.01E−05, se = 1.00E−05, 
p = 6.01E−05), left caudal middle frontal volume 
(β = −  3.02E−05, se = 8.08E−06, p = 1.85E−04), right cau-
dal middle frontal volume (β = −  3.02E−05, se = 8.48E−06, 
p = 3.70E−04), and right rostral middle frontal volume 
(β = −  1.43E−05, se = 4.09E−06, p = 4.63E−04) were signifi-
cantly negatively correlated with the risk of developing 
fatigue, indicating that these volumes may mitigate the 
risk of fatigue occurrence.

Results of the reverse TSMR
Reverse MR analysis was conducted to investigate the 
potential reverse causal relationship between the vol-
umes of the four abovementioned brain regions, which 
exhibit significant causal connections with fatigue, and 
the risk of fatigue. Utilizing the IVW method, our find-
ings indicated that there was no reverse causal relation-
ship between the volumes of the four brain regions and 
fatigue (Supplementary Table 4 and Fig. 3).

Sensitivity analyses
We conducted a comprehensive series of sensitivity anal-
yses to examine potential biases within the MR analysis. 
The scatter plots were utilized to assess the robustness 
of the MR results (Supplementary Fig.  1 and 4) [60]. 
Detailed results regarding heterogeneity and pleiotropy 
assessments are provided in Supplementary Tables  2, 3, 
5, 7. The p-values derived from Cochrane’s Q test were 
all greater than 0.05, suggesting the absence of heteroge-
neity among our estimates. The MR-Egger intercept test 
provided no evidence of horizontal pleiotropy among the 
selected SNPs. Moreover, the results of the leave-one-out 
analysis revealed that the exclusion of any single SNP did 
not alter the significant results of the MR analysis, fur-
ther supporting the absence of horizontal pleiotropy and 
underscoring the robustness of our study outcomes (Sup-
plementary Fig.  3 and 6). The MR-PRESSO test yielded 
no outliers among the significant brain region volumes 
and fatigue. Finally, the symmetrical funnel plots served 
to bolster the dependability of our Mendelian randomi-
zation analysis, affirming the integrity of our statistical 
inferences (Supplementary Fig. 2 and 5).

SMR analyses of cis‑eQTLs in the frontal cortex and the risk 
of fatigue
As shown in Fig. 4 and Supplementary Table 7, our SMR 
results indicated significant correlations between the 
cis-eQTLs of 12 genes (GPX1, BTN3A2, GMPPB, MET-
TL21EP, RP11-665J16.1, NMUR2, ECE2, SNF8, CYP2D6, 
AFF3, RP11-166B2.1, and RP11-102M11.2) in the frontal 
cortex and the occurrence of fatigue following the FDR 
correction. The Manhattan plots illustrated the distribu-
tion of these 12 genes across the chromosomes (Fig. 5).

Table 1 The primer sequences used in our study

Gene name Forward 5′–3′ Length (bp) Reverse 5′–3′

Ece2 AGC GGC GTG ATG AGG AGA AG 111 CAA GTG GCG ACA ACA AGA AAG AAA G

Gpx1 GCA ATC AGT TCG GAC ATC AGGAG 120 TCA CCT CGC ACT TCT CAA ACA ATG 

Snf8 TGG AGG AGC TAC ATC AGC AGGTG 112 AAT CCA GTG CCC AGT GCT TTCAG 

Gapdh ACG GCA AGT TCA ACG GCA CAG 129 CGA CAT ACT CAG CAC CAG CAT CAC 
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Results of the Bayesian colocalization analysis
Bayesian colocalization analysis was further conducted 
to investigate the causal variants between the 12 identi-
fied genes and fatigue. The results revealed that 5 genes 
(ECE2, GPX1, METTL21EP, RP11-665J16.1, and SNF8) 
were capable of forming a stable colocalization asso-
ciation with fatigue, with PPH4 values of 95.1%, 93.7%, 
97.1%, 91.7%, and 87.8%, respectively (Fig.  6). Among 
these, we found that SNF8 (OR = 1.023, 95% CI = 1.011–
1.035), ECE2 (OR = 1.019, 95% CI = 1.009–1.028), GPX1 
(OR = 1.040, 95% CI = 1.023–1.058), and METTL21EP 
(OR = 1.015, 95% CI = 1.008–1.022) were associated with 
an increased risk of fatigue. Conversely, RP11-665J16.1 

was found to be inversely associated with the risk of 
fatigue (OR = 0.986, 95% CI = 0.979–0.993). The gene 
locus plots and effect plots were shown in Fig. 7.

Results of the potential drugs prediction
Through DSigDB database, 295 potential chemical drugs 
(p-value < 0.05) were predicted based on ECE2, GPX1, 
METTL21EP, RP11-665J16.1, and SNF8. Among these, 
205 drugs were also retrievable in the DrugBank data-
base: 202 for GPX1, 2 for both GPX1 and SNF8, 1 for 
both GPX1 and ECE2, and none for METTL21EP and 
RP11-665J16.1 (Supplementary Table 8). Of these, a total 
of 142 have been approved and are currently permitted 

Fig. 2 The forest plots illustrated the forward MR results. A Right lateral orbitofrontal volume. B Left caudal middle frontal volume. C Right caudal 
middle frontal volume. D Right rostral middle frontal volume



Page 8 of 16Zhang et al. Journal of Translational Medicine          (2025) 23:293 

for use: 139 for GPX1, 2 for both GPX1 and SNF8, and 1 
for both GPX1 and ECE2. The top 10 approved and cur-
rently permitted drugs are presented in Table 2.

The central fatigue rats exhibited significant behavioral 
abnormalities
Throughout the modeling process, we did not observe 
any deaths or injuries in the rats, indicating that our 
central fatigue model demonstrates reliable safety. The 
results of the behavioral test were shown in Fig.  8A–G 
and Supplementary Fig.  7–8. The results of the open 
field test demonstrated that, compared to the control 
group, the total distance traveled by the model rats was 

significantly reduced (p = 0.043), as well as the number 
of crossings into the central zone (p = 0.01). The tail sus-
pension test showed that the total duration of immobil-
ity induced by tail suspension was significantly increased 
in the model rats (p = 0.02). The Morris Water Maze test 
showed that rats in the model group exhibited a signifi-
cantly reduced swimming distance in the target quad-
rant and percentage of time spent in the target quadrant 
compared to the control group (p = 0.019, p = 0.007). 
The grip strength test and the forced exhaustive swim-
ming test indicated that the model group rats exhibited 
significantly reduced grip strength and exhaustive times 
compared to the control group rats (p = 0.000, p = 0.005). 

Fig. 3 The forest plots illustrated the reverse MR results. A Right lateral orbitofrontal volume. B Left caudal middle frontal volume. C Right caudal 
middle frontal volume. D Right rostral middle frontal volume
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In summary, it is manifest that the rats in our model 
group exhibit symptoms associated with central fatigue, 
including a decline in learning and memory, anxiety and 
depression-like behaviors, as well as physical fatigue 
manifestations. Thus, it serves as a reliable model for 
studying central fatigue.

The expression levels of Ece2, Gpx1, and Snf8 in the frontal 
cortex of central fatigue rats
Due to the unavailability of corresponding gene 
sequences for METTL21EP and RP11-665J16.1 in 
rats, we only assessed the transcription levels of Ece2, 
Gpx1, and Snf8 in the animal experiment. The results 
of the RT-qPCR experiment were shown in Fig. 8H–J. 
Compared to the control group, the transcription lev-
els of Ece2, Gpx1, and Snf8 in the frontal cortex of 
central fatigue model rats were significantly elevated 

Fig. 4 SMR results demonstrated associations between genes expression in frontal cortex and fatigue risks. OR: Odds Ratio. 95% CI: 95% Confidence 
Interval. FDR: the false discovery rate

Fig. 6 The stacked bar chart showed the Bayesian colocalization 
results for the 12 genes. PP.H0: posterior probability of H0. PP.H1: 
posterior probability of H1. PP.H2: posterior probability of H2. PP.H3: 
posterior probability of H3. PP.H4: posterior probability of H4; A PP.
H4 value greater than 0.8 is considered the threshold for evidence 
of colocalization between fatigue GWAS and eQTLs

Fig. 5 The Manhattan plots illustrates the chromosomal locations of 12 significantly associated genes
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Fig. 7 The gene locus plots and effect plots of the 5 genes that exhibited stable colocalization with fatigue GWAS. A ECE2. B GPX1. C METTL21EP. D 
RP11-665J16.1. E SNF8



Page 11 of 16Zhang et al. Journal of Translational Medicine          (2025) 23:293  

(p = 0.026, p = 0.029, p = 0.025). These findings corrob-
orated the predictions of the SMR and Bayesian colo-
calization analyses, suggesting that Ece2, Gpx1, and 
Snf8 are reliable candidate genes. They may represent 
potential therapeutic targets within the brain for the 
alleviation of fatigue.

Discussion
In recent years, an increasing body of evidence has sug-
gested that the brain serves as a central regulator of 
fatigue [61]. Increasingly, a proliferation of studies was 
turning their focus toward the pivotal role that the brain 
plays in the pathogenesis of fatigue [62]. Our study is the 
first to explore the relationship between the volumes of 
cortical and subcortical gray matter in 83 different brain 
regions and fatigue using MR method. At the same time, 
we identified potential therapeutic targets in the brain 
associated with fatigue through SMR and Bayesian colo-
calization methods. Then we conducted preliminary vali-
dation of these targets through animal experiments. The 
results indicated a significant causal relationship between 
the volumes of four specific frontal cortex regions and the 
occurrence of fatigue. Additionally, we identified 5 genes 
closely associated with fatigue from the cis-eQTL data of 
the frontal cortex, 3 of which were validated to have sig-
nificantly elevated transcription levels in the frontal cor-
tex tissue of central fatigue rats. These 3 genes may serve 
as potential brain intervention targets for fatigue.

Researchers have increasingly recognized that the 
volumetric properties of different regions within the 
human brain not only reflect individual variations in 

Table 2 Top 10 approved and currently permitted drugs

Drugs Genes p-value

Selenomethionine GPX1; ECE2 1.69E-04

Hesperidin GPX1 0.004990441

Apomorphine hydrochloride GPX1 0.004990441

Methimazole GPX1 0.004990441

Thiamine GPX1 0.005488389

Magnesium sulfate GPX1 0.005737289

Sitagliptin GPX1 0.005986139

Benzthiazide GPX1 0.006234939

Pyridoxine hydrochloride GPX1 0.006483689

Sulfasalazine GPX1 0.00673239

Fig. 8 The results of the experimental validation. A Grip strength. B Exhaustive time (time when the rat is completely submerged and cannot rise 
for 10 s) in FEST test. C, D The total distance traveled by rats in the central zone and the number of crossings into the central zone in the open field 
test. E Immobile time. F, G The swimming distance and percentage of time spent in the target quadrant in the Morris Water Maze test. H–J Relative 
mRNA levels of Snf8, Gpx1, and Ece2 against Gapdh. All experiments were performed with n = 6
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neuroanatomy but also provide valuable insights into 
the potential mechanisms underlying various diseases 
[63–66]. Currently, studies have emerged to explore the 
correlation between volumetric properties of various 
brain regions and fatigue; however, no consensus has 
yet been formed. A cross-sectional study involving over 
800 young participants revealed that there was no sig-
nificant correlation between the volumetric differences 
in regional gray matter volume and white matter based 
on the degree of fatigue [67]. Furthermore, a prospec-
tive cross-sectional study also found that the gray matter 
volume and whole-brain white matter volume in fatigue 
patients were comparable to those in non-fatigued indi-
viduals [68]. A morphometric study reported a reduction 
in gray matter volume in the bilateral prefrontal corti-
ces of patients with chronic fatigue syndrome, whereas 
a comparable investigation revealed a decrease in gray 
matter volume specifically in the occipital and peri hip-
pocampal regions, concurrent with a reduction in white 
matter volume within the occipital area [69, 70]. Another 
study has uncovered a significant reduction in white 
matter volume within the brain, pons, and right tempo-
ral lobe of individuals afflicted with chronic fatigue syn-
drome [71]. However, since the aforementioned studies 
were all cross-sectional, they were unable to determine 
whether there is a clear causal relationship between brain 
morphology measurements and fatigue.

In this study, we identified a potential causal rela-
tionship between fatigue and the volumes of four brain 
regions: right lateral orbitofrontal, left caudal middle 
frontal, right caudal middle frontal, and right rostral 
middle frontal, using MR method. An increase in the 
volume of these four brain regions may be associated 
with a reduced risk of fatigue. Studies have found a close 
association between the right lateral orbitofrontal cortex 
and working memory capacity [72, 73]. The left and right 
caudal middle frontal regions are primarily associated 
with mood disorders such as depression and cognitive 
functions [74–76]. The right rostral middle frontal region 
has also been found to be associated with cognitive func-
tions and depressive disorders [74, 77]. It is commonly 
recognized that emotional fatigue and cognitive fatigue 
are the two primary components of central fatigue [22]. 
Consequently, it can be inferred that the variations in 
the volumes of the above four brain regions may alleviate 
fatigue by influencing cognitive functions and emotional 
regulation.

Upon a broader regional classification, we found that 
these four brain areas are all situated within the frontal 
cortex, indicating that functional abnormalities in the 
frontal cortex may be closely associated with fatigue. 
Building upon this foundation, we further investigated 
the genes that exhibit a significant correlation with the 

frontal cortex and fatigue, thereby providing an ini-
tial insight into the biological substrates underlying the 
perception of fatigue within the frontal cortex region. 
By integrating the findings from SMR, Bayesian colo-
calization, and experimental study, it has been discov-
ered that ECE2, GPX1, and SNF8 are likely to be genes 
significantly associated with the occurrence of fatigue 
in the frontal cortex. ECE2 plays a pivotal role in brain 
development, participating in the processing of various 
neuroendocrine peptides and being closely related to 
neurogenesis and neuronal migration [78, 79]. Numer-
ous studies have reported the important role of ECE2 in 
Alzheimer’s disease (AD), considering it as a risk gene 
for the development of AD [80–82]. Fatigue is a com-
mon symptom in neurodegenerative diseases such as AD, 
and the potential therapeutic approaches for fatigue in 
AD patients are currently unclear [83]. Moreover, ECE2 
can affect the degradation of Aβ, and Aβ in turn can up-
regulate the expression of ECE2 [84]. Studies have indi-
cated that fatigue may be associated with an increase in 
Aβ in the hippocampus, particularly in individuals at 
higher risk for Alzheimer’s disease [85]. Therefore, our 
finding highlights the potential applicative value of ECE2 
in the treatment of fatigue associated with AD. SNF8 is 
a type of vacuolar sorting protein, which is also closely 
associated with neurodegenerative diseases [86]. Stud-
ies have found that mutations in SNF8 may associated 
with impaired autophagic flux related to a range of neu-
rodegenerative phenotypes [87]. Consequently, SNF8 
may also be considered a potential therapeutic target for 
mitigating fatigue associated with neurodegenerative dis-
eases. The protein encoded by GPX1 acts as a significant 
endogenous antioxidant enzyme, playing a crucial role in 
the scavenging of peroxides [88]. A previous study has 
reported a significant relationship between the activity 
of the enzyme encoded by GPX1 in high-grade serous 
tumor tissues of ovarian cancer patients and symptoms 
of fatigue, suggesting a potential link between GPX1 and 
the occurrence of cancer-related fatigue [89]. Fatigue is 
closely related to oxidative stress [90]. Fatigue symptoms 
can be triggered when the human body enters a state of 
oxidative stress [91]. Our previous research has also con-
firmed the presence of significant oxidative stress dam-
age in rats with central fatigue [92]. The frontal cortex 
is also one of the primary brain regions susceptible to 
oxidative stress-induced damage. When oxidative stress 
arises, the expression of the GPX1 gene is compensatory 
elevated significantly, thereby exerting its antioxidant 
function to preserve homeostasis [93, 94]. Consequently, 
the increased transcription level of the GPX1 gene in the 
frontal cortex under a state of fatigue may signify that the 
brain is under oxidative stress. Our study elucidated that 
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the regulation of the GPX1 gene in the frontal cortex may 
afford considerable assistance in the treatment of fatigue.

We identified potential drugs for the significant genes 
using the DSigDB and DrugBank databases. The results 
revealed that GPX1 has the most approved drugs cur-
rently available, whereas ECE2 and SNF8 have sig-
nificantly fewer. This suggests that GPX1 is the most 
promising potential target for developing treatments for 
fatigue. The limited number of potential drugs for ECE2 
and SNF8 may be due to the relatively sparse research 
on these targets. Therefore, further in-depth studies are 
needed to explore whether ECE2 and SNF8 can be via-
ble targets for drug development in the future. Among 
the top 10 approved and currently permitted drugs, we 
discovered that selenomethionine [95], hesperidin [96], 
methimazole [97], thiamine [98], magnesium sulfate 
[99], sitagliptin [100], pyridoxine hydrochloride [101], 
and sulfasalazine [102] have been studied or applied in 
the treatment of brain diseases. This suggests that GPX1 
has significant potential as a brain intervention target for 
fatigue, especially central fatigue.

Our study boasts several notable advantages. First, our 
study is primarily based on MR and SMR methodology, 
and we conducted rigorous sensitivity analyses to exclude 
the influence of confounding factors. This enables us to 
establish a more stable causal relationship between expo-
sure factors and outcomes compared to observational 
studies. Second, the data used in our study is exclusively 
derived from the European population, minimizing the 
potential confounding factors associated with ethnic 
diversity. Third, our study further validated the predicted 
genes by establishing a central fatigue animal model, 
thereby enhancing the reliability of our results.

However, our study still exhibited some limitations. 
First, the GWAS data utilized in our analysis were solely 
obtained from European populations, which may limit 
the generalizability of our findings to other ethnic groups 
and populations. Individuals from different genetic 
ancestries exhibit varying allele frequencies and link-
age disequilibrium patterns [103]. Consequently, genetic 
variants that show significant associations with traits 
in European populations may not have the same asso-
ciations in other populations. This means that the effect 
sizes of these associations could vary, potentially lead-
ing to different conclusions if the study were replicated 
in non-European populations. Therefore, future research 
could include more diverse populations to enhance the 
generalizability and robustness of our findings. Second, 
although we carefully selected IVs based on stringent 
criteria, there remain numerous unmeasured confound-
ers that could potentially bias our causal estimates. Third, 
although changes in brain volume are often associated 
with fatigue in various studies, functional changes in the 

brain may play a crucial role in the experience of fatigue, 
independent of structural changes. Current GWAS data 
on brain volume provide valuable insights into structural 
associations, but they may not fully capture the complex-
ity of functional changes that could lead to fatigue. There-
fore, as GWAS data continue to evolve, future research 
should integrate GWAS data with relevant indicators that 
objectively reflect the functions of different brain regions 
to draw more robust conclusions. Meanwhile, due to the 
limitations of current GWAS studies, we selected self-
reported fatigue-related GWAS data for our research. 
This method of assessing fatigue may lack objectivity, 
potentially introducing some bias into the study results. 
Therefore, when feasible, future research should incor-
porate more objective and reliable fatigue measurement 
indicators to enhance the validity and reliability of the 
findings. Furthermore,  there is approximately 8% or less 
sample overlap between the GWAS data for brain vol-
ume and fatigue. Although this has a limited impact on 
our results, such a potential confounding factor may still 
exert some influence. Last, although we have preliminary 
validated the predicted genes through in  vivo experi-
ment, the limited sample size and the number of SNPs 
utilized in our study for the cis-eQTL data may still intro-
duce a certain degree of interference into our results. The 
limited sample size and the number of SNPs may reduce 
the statistical power of our analyses, increasing the likeli-
hood of both type I (false positive) and type II (false neg-
ative) errors [104]. This means that we might incorrectly 
identify genetic variants as being associated with gene 
expression or miss true associations that exist, thereby 
affecting the reliability of our conclusions. Further stud-
ies are needed to elucidate the findings of this study.

Conclusion
Through this study, we have preliminarily identified 4 
brain regions that may have a strong causal relation-
ship with fatigue, along with 3 genes in the frontal cor-
tex that exhibit a robust association with fatigue. These 
findings may provide novel and potentially effective 
therapeutic targets for the treatment of fatigue, par-
ticularly central fatigue.
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