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Abstract

Introduction: The aim of the study was to evaluate potential causal links
among circulating inflammatory factors, deep learning—derived brain struc-
tural phenotypes (unimodal deep imaging phenotypes — UDIPs), and epilep-
sy using Mendelian randomization (MR).

Material and methods: We used genome-wide association study (GWAS)
summary statistics for 512 UDIPs derived from whole-brain MRI, 91 cir-
culating inflammatory factors, and epilepsy. Two-sample MR was used to
systematically estimate: (i) the effects of inflammatory factors on epilepsy,
(i) the effects of inflammatory factors on UDIPs, and (iii) the effects of
UDIPs on epilepsy. We further applied two-step MR to explore whether UDIPs
may mediate the associations between inflammatory factors and epilepsy.
Robustness was assessed using heterogeneity tests, pleiotropy evaluation,
and sensitivity analyses.

Results: Several inflammatory factors showed significant associations with
epilepsy risk. Genetically predicted higher levels of CCL23, CXCL11, FGF5,
GDNF, and VEGFA were associated with increased epilepsy risk, whereas
higher levels of LIFR and OPG were associated with reduced risk. MR anal-
yses also identified multiple T1- and T2-weighted UDIP dimensions associ-
ated with epilepsy in opposite directions, indicating heterogeneous struc-
tural signatures linked to epilepsy liability (e.g., T1 dimension 76 showed
a positive association, while other dimensions were inversely associated).
Two-step MR suggested that, for selected pathways, UDIPs may partly ex-
plain the associations between inflammatory factors and epilepsy, consis-
tent with partial mediation. These findings were broadly consistent across
heterogeneity, pleiotropy, and sensitivity analyses.

Conclusions: These findings implicate specific inflammatory factors and
MRI-derived structural phenotypes in epilepsy susceptibility and suggest
that brain structural features may partly lie on pathways linking inflamma-
tion to epilepsy, providing potential insights for biomarker discovery and
therapeutic prioritization.

Key words: epilepsy, inflammatory factors, brain structural features,
Mendelian randomization, unsupervised deep learning—derived imaging
phenotypes.

Introduction

Epilepsy is a prevalent neurological disorder affecting an estimated
50 million people worldwide, with marked geographic and population-lev-
el heterogeneity in incidence and prevalence [1, 2]. Despite major ad-

AMS

Creative Commons licenses: This is an Open Access article distributed under the terms of the Creative Commons
Attribution-NonCommercial-ShareAlike 4.0 International (CC BY -NC -SA 4.0). License (http://creativecommons.org/licenses/by-nc-sa/4.0/).



Sheng Fang, Xingyu Dong, Xin Li, Sunfu Zhang

vances in diagnosis and treatment, a substantial
proportion of patients remain refractory to con-
ventional antiseizure medications, leading to per-
sistent morbidity and a considerable healthcare
burden [1, 3]. Recent progress in neuroimaging
and genomics has opened new avenues for earlier
detection, deeper mechanistic insight, and the de-
velopment of personalized therapeutic strategies
in epilepsy [4]. In particular, magnetic resonance
imaging (MRI) is integral to the clinical evaluation
of epilepsy, with strong utility for detecting struc-
tural lesions and assisting in seizure-focus local-
ization [4-6]. In parallel, therapeutic development
has increasingly moved toward precision medi-
cine, prioritizing targeted approaches tailored to
epilepsy subtypes and individual patient charac-
teristics [7].

In recent years, circulating inflammatory fac-
tors — often used as peripheral indicators of in-
flammatory activity — have become a major fo-
cus in efforts to clarify epilepsy pathophysiology
[8-10]. Accumulating evidence suggests that neu-
roinflammatory processes contribute to epilepsy
onset and progression, and that specific circulat-
ing mediators, including C-C motif chemokine li-
gand 23 (CCL23) and vascular endothelial growth
factor A (VEGFA), are associated with epilepsy-re-
lated risk and disease features [11-13]. In parallel,
the application of deep learning to neuroimaging
has created new opportunities to interrogate epi-
lepsy-related brain changes beyond conventional
MRI readouts. In particular, unsupervised deep
learning methods can derive high-dimensional
MRI phenotypes that capture subtle patterns of
brain structure and tissue properties, enabling the
identification of imaging signatures linked to epi-
lepsy [14, 15]. Such imaging-derived features may
relate to clinical phenotypes and provide a poten-
tial bridge between peripheral inflammatory sig-
nals and brain structural alterations relevant to
epilepsy.

Although the individual contributions of circu-
lating inflammatory factors and brain MRI mea-
sures to epilepsy have been increasingly described,
the interplay between these domains — and their
causal relevance to epilepsy risk — remains incom-
pletely understood [16]. Mendelian randomiza-
tion (MR) leverages germline genetic variants as
instrumental variables to strengthen causal infer-
ence, thereby reducing bias from confounding and
limiting reverse causation. In this study, we there-
fore applied MR to systematically examine the
genetically proxied causal relationships among
circulating inflammatory factors, deep learning—
derived brain MRI phenotypes, and epilepsy. We
further used two-step MR to investigate whether
brain imaging phenotypes may partially mediate
the effects of inflammatory factors on epilepsy

risk. Together, this integrative framework pro-
vides additional mechanistic insight into epilepsy
pathogenesis and may inform future biomarker
development and precision therapeutic strategies.

Material and methods
Data sources

We used genome-wide association study
(GWAS) summary statistics for 512 unsuper-
vised deep learning—derived imaging pheno-
types (UDIPs) to investigate potential causal
relationships among circulating inflammatory
factors, brain structure, and epilepsy [17]. UDIPs
are high-dimensional MRI-derived traits generat-
ed by an unsupervised deep learning framework
applied to high-quality whole-brain MRI. These
phenotypes summarize multiregional variation in
brain structure and demonstrate relatively high
SNP-based heritability. Compared with conven-
tional imaging-derived phenotypes that rely on
predefined regional parcellations and extensive
preprocessing, UDIPs require less complex prepro-
cessing and integrate information across multiple
brain regions, enabling a more holistic characteri-
zation than single-region analyses.

GWAS summary statistics for 91 circulating in-
flammatory cytokines were obtained from Zhao
et al. (2023), which included 14,824 individuals of
European ancestry [18]. Circulating cytokine levels
were quantified using the Olink Target Inflamma-
tion panel and analyzed in conjunction with ge-
nome-wide genotypes.

Summary statistics for epilepsy were sourced
from the FinnGen consortium (Release R12), includ-
ing 15,645 cases and 374,605 controls. The dataset
is publicly available at: https://r12.finngen.fi/.

Overall, our MR framework addressed three
primary questions: 1) whether genetically predict-
ed UDIP-derived brain MRI phenotypes influence
epilepsy risk; 2) whether genetically predicted cir-
culating inflammatory factors influence epilepsy
risk; and 3) whether genetically predicted circulat-
ing inflammatory factors influence UDIP-derived
brain MRI phenotypes.

Instrumental variable selection

Single-nucleotide polymorphisms (SNPs) were
selected as instrumental variables based on an
association threshold of p < 1 x 10 with the ex-
posure. To reduce bias from linkage disequilibrium
(LD), we performed LD clumping using a 10,000 kb
window and r2 = 0.001, retaining the most signif-
icant variant in each LD block. Palindromic SNPs
were handled by inferring the positive-strand al-
leles where possible, thereby minimizing unnec-
essary SNP exclusion and preserving statistical
power. For each instrument, we calculated the
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proportion of exposure variance explained (R?)
and assessed instrument strength using the F-sta-
tistic; SNPs with F < 10 were excluded to limit
weak-instrument bias [19, 20].

Statistical analysis

We used two-sample MR (TSMR) to estimate
the causal effects of genetically proxied exposures
on epilepsy. The inverse-variance weighted (IVW)
approach served as the primary analysis [19].
Under the standard MR assumptions (relevance,
independence, and exclusion restriction), IVW pro-
vides efficient and consistent causal estimates by
meta-analyzing SNP-specific Wald ratios. Because
the assumption that all variants are valid instru-
ments may be violated in practice (e.g., due to
pleiotropy), we performed complementary analy-
ses using the weighted median (WM) estimator
and MR-Egger regression to assess the robustness
of the findings [21, 22].

The WM method yields consistent estimates
provided that at least 50% of the total instrument
weight derives from valid instruments, and is less
sensitive to outlying variants than IVW, particu-
larly when heterogeneity is present. MR-Egger re-
gression relaxes the assumption of no directional
pleiotropy by including an intercept term; under
the Instrument Strength Independent of Direct
Effect (InSIDE) assumption, MR-Egger can provide
an unbiased causal estimate even when horizon-
tal pleiotropy exists. However, MR-Egger typically
has lower statistical power and wider confidence
intervals than IVW.

To assess the robustness of our findings, we
conducted a series of sensitivity analyses. Co-
chran’s Q statistic was used to evaluate het-
erogeneity across SNP-specific estimates [23].
When heterogeneity was detected, we applied
an IVW random-effects model to account for be-
tween-variant heterogeneity. Horizontal pleiotropy
was examined using the MR-Egger intercept test,
where a non-zero intercept suggests directional
pleiotropy. We additionally used MR-PRESSO to
identify potential outlier variants and to provide
outlier-corrected causal estimates [24]. Finally,
leave-one-out analyses were performed by itera-
tively removing each SNP to determine whether
any single variant disproportionately influenced
the overall result [25].

All analyses were conducted in R (version 4.4.1)
using the TwoSampleMR package (version 0.6.8)
and the MR-PRESSO package (version 1.0).

Mediation analysis

We applied a TSMR framework to decompose
the total effect of circulating inflammatory cyto-
kines on epilepsy into direct and indirect (mediat-

ed) components via UDIPs [26-28]. In this frame-
work, the exposure (cytokine level) influences the
mediator (UDIP), which in turn affects the out-
come (epilepsy). TSMR assumes no exposure-me-
diator interaction and relies on the standard MR
assumptions for each step.

Specifically, we first estimated the total effect
of each circulating inflammatory cytokine on epi-
lepsy using univariable MR (B,). We then obtained
two additional causal estimates: (i) the effect of
the mediator (UDIP) on epilepsy (B,), and (ii) the
effect of the exposure (circulating inflammato-
ry cytokine) on the mediator (). The indirect
(mediated) effect was calculated using the prod-
uct-of-coefficients approach (o x B,). The propor-
tion mediated was computed as the ratio of the
indirect effect to the total effect: (o x B,)/B,.

Ethical approval and participant consent

All data analyzed in this study were obtained
from publicly available GWAS summary statistics.
Each contributing GWAS received approval from
the relevant institutional ethics committees, and
all participants (or their legal representatives,
where applicable) provided written informed con-
sent. Because only de-identified, aggregate-level
data were used, no additional ethical approval or
participant consent was required for the present
analyses.

Results
Genetic instruments for exposures

The number of SNPs selected as instrumental
variables varied across traits. For the 91 circulat-
ing inflammatory cytokines, the number of instru-
ments ranged from 13 to 54 (median 32). For the
512 UDIPs, instrument counts ranged from 13 to
88 (median 35). For epilepsy, 42 SNPs were used
as instruments (Supplementary Tables SI-SlII). All
retained instruments had F-statistics > 10, indicat-
ing adequate instrument strength and reducing
concerns about weak-instrument bias.

Genetic causal associations between
circulating inflammatory cytokines and

epilepsy

Using the IVW framework to evaluate the caus-
al effects of circulating inflammatory cytokines on
epilepsy risk, we identified several cytokines with
statistically significant associations. Genetically
predicted higher levels of C-C motif chemokine
ligand 23 (CCL23), C-X-C motif chemokine ligand
11 (CXCL11), fibroblast growth factor 5 (FGF5),
glial cell line-derived neurotrophic factor (GDNF),
and vascular endothelial growth factor A (VEGFA)
were associated with an increased risk of epilepsy,

Arch Med Sci



Sheng Fang, Xingyu Dong, Xin Li, Sunfu Zhang

whereas higher leukemia inhibitory factor recep-
tor (LIFR) and osteoprotegerin (OPG) were asso-
ciated with a reduced risk. Among these, VEGFA
showed the strongest association with epilepsy
(OR = 1.079, 95% Cl: 1.035-1.125, p = 0.0003)
(Figure 1; Supplementary Table SIV).

In the reverse-direction analysis, IVW results
indicated that genetic liability to epilepsy was
associated with lower circulating levels of inter-
leukin-10 receptor subunit alpha (IL-10RA), inter-
leukin-20 (IL-20), neurturin (NRTN), and sirtuin-2
(SIRT2), with the largest decrease observed for
IL-10RA (OR = 0.900, 95% Cl: 0.836-0.969, p =
0.005) (Figure 2; Supplementary Table SIV).

Sensitivity analyses supported the robustness
of these findings. MR-Egger intercept and MR-
PRESSO analyses provided no evidence of direction-
al horizontal pleiotropy (p > 0.05), and funnel plots
showed no obvious asymmetry (Supplementary
Table SV; Supplementary Figure S1). After outlier
assessment/correction, Cochran’s Q tests suggest-
ed no significant heterogeneity across SNP-specif-
ic estimates (p > 0.05) (Supplementary Table SVI).
In addition, leave-one-out analyses demonstrated
that sequential removal of individual SNPs did not
materially alter the overall estimates, indicating
that the associations were not driven by any single
instrument (Supplementary Figure S2).

Genetic causal associations between UDIPs
and epilepsy

To evaluate the causal effects of UDIP-derived
brain MRI phenotypes on epilepsy risk, we per-
formed IVW Mendelian randomization across 512
UDIPs. In total, 13 UDIPs showed positive associa-
tions with epilepsy risk, including five T1-weighted
UDIPs (dimensions 18, 38, 49, 67, 76) and eight

T2-weighted UDIPs (dimensions 15, 35, 41, 42,
49, 72, 99, 105). Conversely, 17 UDIPs were in-
versely associated with epilepsy, including nine
T1-weighted UDIPs (dimensions 7, 14, 16, 46, 50,
56, 104, 120, 125) and eight T2-weighted UDIPs
(dimensions 12, 13, 55, 58, 81, 91, 96, 99). Among
all UDIPs, T1 dimension 76 exhibited the stron-
gest association with epilepsy risk (OR = 1.001,
95% Cl: 1.0004-1.0018, p = 0.003) (Figure 3; Sup-
plementary Table SVII).

In the reverse-direction analyses (epilepsy —
UDIPs), genetic liability to epilepsy was associat-
ed with lower levels of several UDIP dimensions
from T1-weighted MRI (dimensions 32, 34, 39)
and T2-weighted MRI (dimensions 30, 54, 70, 113,
123). In contrast, epilepsy liability was positively
associated with multiple UDIP dimensions across
both modalities (dimensions 8, 18, 38, 39, 49, 59,
68, 76, 80, 96, 113, 126, 40) (Figure 4; Supplemen-
tary Table SVII).

Notably, we observed bidirectional MR evidence
between epilepsy and several T1-weighted UDIP
dimensions (dimensions 18, 38, and 49), suggest-
ing potential reciprocal relationships or shared un-
derlying biology for these specificimaging-derived
traits.

Sensitivity analyses supported the robustness
of these findings. MR-Egger and MR-PRESSO tests
did not indicate significant directional horizontal
pleiotropy (p > 0.05) (Supplementary Table SVIII),
and funnel plots showed no obvious asymmetry
(Supplementary Figure S3). Cochran’s Q statistics
suggested no substantial heterogeneity across
SNP-specific estimates (p > 0.05) (Supplementary
Table SIX). Finally, leave-one-out analyses did not
identify influential single variants that materially
altered the overall estimates (Supplementary Fig-
ure S4).

Exposure Method nsnp HR (95% CI) P-value
C-C motif chemokine 23 levels Inverse variance weighted 30 — 1.08 (1.02t0 1.13)  0.0039
C-X-C motif chemokine 11 levels Inverse variance weighted 38 ; 1.07 (1.01to 1.14)  0.0279
Fibroblast growth factor 5 levels Inverse variance weighted 32 - 1.04 (1.00to 1.08)  0.0378
Glial cell line-derived neurotrophic factor levels Inverse variance weighted 24 — 1.07 (1.00to 1.14)  0.0494
Leukemia inhibitory factor receptor levels Inverse variance weighted 27 —i 0.92 (0.87t00.98)  0.0145
Osteoprotegerin levels Inverse variance weighted 27 —‘ 0.93 (0.87 to 1.00)  0.0403
Vascular endothelial growth factor A levels Inverse variance weighted 33 - 1.08 (1.04 to 1.13)  0.0003
_
1

Figure 1. Forest plot of the genetic effects of circulating inflammatory cytokines on epilepsy
Outcome Method nsnp HR (95% CI) P-value
Interleukin-10 receptor subunit alpha levels Inverse variance weighted 40 _— : 0.90 (0.84 t0 0.97)  0.0051
Interleukin-20 levels Inverse variance weighted 40 _E 0.93 (0.87 to 1.00)  0.0356
Neurturin levels Inverse variance weighted 40 1 092(0.86t00.99) 0.0231
SIR2-like protein 2 levels Inverse variance weighted 39— 1 094(0.88t01.00) 0.0489

1

Figure 2. Forest plot of the genetic effects of epilepsy on circulating inflammatory cytokines
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T1 brain MRIs UDIPs (dimension 7)

(

T1 brain MRIs UDIPs (dimension 14)
T1 brain MRIs UDIPs (dimension 18)
T1 brain MRIs UDIPs (dimension 46)
T1 brain MRIs UDIPs (dimension 49)
T1 brain MRIs UDIPs (dimension 56)
T1 brain MRIs UDIPs (dimension 104)
T1 brain MRIs UDIPs (dimension 120)
T1 brain MRIs UDIPs (dimension 7)
T1 brain MRIs UDIPs (dimension 16)
T1 brain MRIs UDIPs (dimension 38)
T1 brain MRIs UDIPs (dimension 50)
T1 brain MRIs UDIPs (dimension 67)
T1 brain MRIs UDIPs (dimension 76)
T1 brain MRIs UDIPs (dimension 125)
T2 brain MRIs UDIPs (dimension 13)
T2 brain MRIs UDIPs (dimension 15)
T2 brain MRIs UDIPs (dimension 49)
T2 brain MRIs UDIPs (dimension 55)
T2 brain MRIs UDIPs (dimension 72)
T2 brain MRIs UDIPs (dimension 91)
T2 brain MRIs UDIPs (dimension 96)
T2 brain MRIs UDIPs (dimension 99)
T2 brain MRIs UDIPs (dimension 12)
T2 brain MRIs UDIPs (dimension 35)
T2 brain MRIs UDIPs (dimension 41)
T2 brain MRIs UDIPs (dimension 42)
T2 brain MRIs UDIPs (dimension 49)
T2 brain MRIs UDIPs (dimension 58)
T2 brain MRIs UDIPs (dimension 81)
T2 brain MRIs UDIPs (dimension 99)
T2 brain MRIs UDIPs (dimension 105)
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HR (95% CI)
0.9989 (0.9981 to 0.9998)

0.9979 (0.9963 to 0.9995)
1.0016 (1.0003 to 1.0029)
0.9993 (0.9987 to 1.0000)
1.0014 (1.0001 to 1.0027)
0.9989 (0.9979 to 0.9999)
0.9986 (0.9974 to 0.9997)
0.9991 (0.9982 to 1.0000)
0.9993 (0.9987 to 1.0000)
0.9990 (0.9981 to 0.9999)
1.0016 (1.0002 to 1.0031)
0.9993 (0.9985 to 1.0000)
1.0016 (1.0002 to 1.0030)
1.0011 (1.0004 to 1.0018)
0.9989 (0.9979 to 0.9999)
0.9985 (0.9972 to 0.9998)
1.0017 (1.0001 to 1.0032)
1.0022 (1.0003 to 1.0042)
0.9978 (0.9961 to 0.9996)
1.0011 (1.0000 to 1.0022)
0.9979 (0.9961 to 0.9997)
0.9979 (0.9960 to 0.9999)
1.0023 (1.0001 to 1.0045)
0.9988 (0.9976 to 0.9999)
1.0017 (1.0001 to 1.0033)
1.0022 (1.0002 to 1.0043)
1.0011 (1.0001 to 1.0022)
1.0015 (1.0002 to 1.0028)
0.9981 (0.9963 to 1.0000)
0.9986 (0.9974 to 0.9998)
0.9977 (0.9957 to 0.9997)
1.0017 (1.0001 to 1.0032)

Figure 3. Forest plot of the genetic effects of unsupervised deep learning—derived imaging phenotypes on epilepsy

Outcome

T1 brain MRIs UDIPs (dimension 8)
T1 brain MRIs UDIPs (dimension 18)
T1 brain MRIs UDIPs (dimension 32)
T1 brain MRIs UDIPs (dimension 34)
T1 brain MRIs UDIPs (dimension 39)
T1 brain MRIs UDIPs (dimension 49)
T1 brain MRIs UDIPs (dimension 96)
T1 brain MRIs UDIPs (dimension 38)
T1 brain MRIs UDIPs (dimension 39)
T1 brain MRIs UDIPs (dimension 59)
T1 brain MRIs UDIPs (dimension 68)
T1 brain MRIs UDIPs (dimension 113)
T1 brain MRIs UDIPs (dimension 126)
T1 brain MRIs UDIPs (dimension 30)
T1 brain MRIs UDIPs (dimension 40)
T1 brain MRIs UDIPs (dimension 70)
T1 brain MRIs UDIPs (dimension 80)
T1 brain MRIs UDIPs (dimension 113)
T1 brain MRIs UDIPs (dimension 123)
T1 brain MRIs UDIPs (dimension 54)
T1 brain MRIs UDIPs (dimension 76)

Method

Inverse variance weighted
Inverse variance weighted
Inverse variance weighted
Inverse variance weighted
Inverse variance weighted
Inverse variance weighted
Inverse variance weighted
Inverse variance weighted
Inverse variance weighted
Inverse variance weighted
Inverse variance weighted
Inverse variance weighted
Inverse variance weighted
Inverse variance weighted
Inverse variance weighted
Inverse variance weighted
Inverse variance weighted
Inverse variance weighted
Inverse variance weighted
Inverse variance weighted
Inverse variance weighted

2000

6000

10000

HR (95% Cl)
276.25 (2.24 to 34125.35)
19.18 (1.47 to 249.98)
0.02 (0.00 to 0.62)
0.01 (0.00 to 0.54)
97.54 (8.50 to 1119.58)
55.00 (2.55 to 1188.39)
62.08 (1.05 to 3687.72)
74.54 (2.48 to 2235.87)
0.03 (0.00 to 0.93)

10998.67 (9.00 to 13435644.00)

233.91 (1.27 to 42989.78)

2158.07 (6.98 to 666825.07)

690.52 (1.75 to 272617.69)
0.13 (0.02 t0 0.71)
11.12 (1.33 t0 92.96)
0.07 (0.01 to 0.88)
84.84 (4.03 to 1788.13)
0.04 (0.00 to 1.00)
0.12 (0.02 to 0.83)
0.01 (0.00 to 0.53)
83.93 (1.43 to 4940.92)

Figure 4. Forest plot of the genetic effects of epilepsy on unsupervised deep learning—derived imaging phenotypes

Mediation analysis of candidate UDIPs

In the TSMR analysis (Figure 5), we identified
eight UDIPs that showed evidence of involvement
in cytokine-UDIP—epilepsy pathways (Table I). Ge-
netically predicted CCL23 levels were inversely as-
sociated with T1-weighted UDIP dimension 14 (8 =
—4.263, 95% Cl: —6.230 to —2.297) and T2-weight-

P-value
0.0133

0.0097
0.0160
0.0483
0.0330
0.0309
0.0139
0.0403
0.0409
0.0332
0.0288
0.0391
0.0286
0.0034
0.0389
0.0274
0.0343
0.0233
0.0145
0.0473
0.0222
0.0364
0.0430
0.0402
0.0344
0.0351
0.0319
0.0268
0.0480
0.0208
0.0228
0.0319

P-value

0.0222
0.0241
0.0248
0.0250
0.0002
0.0106
0.0476
0.0130
0.0452
0.0103
0.0403
0.0087
0.0321
0.0185
0.0261
0.0392
0.0043
0.0500
0.0310
0.0238
0.0331

ed UDIP dimension 96 (B =—-1.956, 95% Cl: —3.660
to —0.252). Higher CCL23 levels were associated
with increased epilepsy risk (OR = 1.076, 95% Cl:
1.024-1.130), whereas both T1 dimension 14 and
T2 dimension 96 were inversely associated with
epilepsy (OR = 0.998, 95% Cl: 0.996-0.999; and
OR =0.998, 95% Cl: 0.996-1.000, respectively).
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Exposure Outcome nsnp HR (95% Cl) P-value
C-C motif chemokine 23 levels T1 brain MRIs UDIPs (dimension 14) 31 m 0.01 (0.00 to 0.10) < 0.0001
C-C motif chemokine 23 levels T2 brain MRIs UDIPs (dimension 96) 31 l: 0.14 (0.03 to0 0.78) 0.0244
C-X-C motif chemokine 11 levels T2 brain MRIs UDIPs (dimension 13) 3 W 0.07 (0.01t0 0.78) 0.0309
Fibroblast growth factor 5 levels T1 brain MRIs UDIPs (dimension 7) 29 —a— 43.38 (2.27 to 829.65) 0.0123
Fibroblast growth factor 5 levels T2 brain MRIs UDIPs (dimension 15) 29 ] 0.15 (0.02 to 0.88) 0.0354
Glial cell line-derived neurotrophic factor levels T2 brain MRIs UDIPs (dimension 35) 2 W 0.03 (0.00 to 0.88) 0.0419
Osteoprotegerin levels T1 brain MRIs UDIPs (dimension 46) 30 E—> 10409.26 (8.13 to 13334809.17) 0.0113
Osteoprotegerin levels T2 brain MRIs UDIPs (dimension 96) 30 W 0.09 (0.01 to 0.86) 0.0368
T T T T
20 60 100
Figure 5. Forest plot of the genetic effects of circulating inflammatory cytokines on unsupervised deep learning—
derived imaging phenotypes
Table I. Two-step Mendelian randomization analyses of potential mediation between circulating inflammatory
cytokines, unsupervised deep learning—derived imaging phenotypes, and epilepsy
Exposure Outcome Method nsnp B SE P-value Lower Upper Mediated
Cl Cl (%)
C-C motif T1 brain MRIs Inverse 31 -4.264 1.003 2.145x 10 -6.23 -2.30 12.30
chemokine unsupervised variance
23 levels deep learning—  weighted
derived imaging
phenotypes
(dimension 14)
C-C motif T2 brain MRIs Inverse 31 -1.956  0.869 0.024 -3.66 —-0.25 5.59
chemokine unsupervised variance
23 levels deep learning—  weighted
derived imaging
phenotypes
(dimension 96)
C-X-C motif T2 brain MRIs Inverse 38 -2.631 1.219 0.031 -5.02 -0.24 5.79
chemokine unsupervised variance
11 levels deep learning—  weighted
derived imaging
phenotypes
(dimension 13)
Osteoprote-  T1 brain MRIs Inverse 30 9.250 3.651 0.011 2.10 16.41 8.81
gerin levels unsupervised variance
deep learning-  weighted
derived Imaging
Phenotypes
(dimension 46)

Genetically predicted CXCL11 levels were as-
sociated with a decrease in T2-weighted UDIP di-
mension 13 (B=-2.631,95% Cl: -5.019 t0-0.242).
Higher CXCL11 levels were associated with higher
epilepsy risk (OR = 1.071, 95% Cl: 1.007-1.138),
while T2 dimension 13 was inversely associated
with epilepsy (OR = 0.998, 95% Cl: 0.997-1.000).

For osteoprotegerin (OPG), genetically pre-
dicted levels were inversely associated with
T2-weighted UDIP dimension 96 (B = —2.431,
95% Cl: —4.714 to -0.149) and positively associ-
ated with T1-weighted UDIP dimension 46 (B =
9.250, 95% Cl: 2.095-16.406). Higher OPG levels
were associated with a reduced risk of epilepsy
(OR =0.933,95% Cl: 0.872-0.997), and T1 dimen-
sion 46 was also inversely associated with epilep-
sy (OR = 0.999, 95% Cl: 0.999-1.000).

Genetically predicted GDNF levels were inverse-
ly associated with T2-weighted UDIP dimension

35 (B =-3.357, 95% Cl: —6.592 to —0.122). Higher
GDNF levels were associated with increased epi-
lepsy risk (OR = 1.067, 95% Cl: 1.000-1.139), and
T2 dimension 35 was positively associated with
epilepsy (OR = 1.002, 95% Cl: 1.000-1.003).

For FGF5, genetically predicted levels were in-
versely associated with T2-weighted UDIP dimen-
sion 15 (B = -1.924, 95% Cl: =3.717 to -0.131)
and positively associated with T1-weighted UDIP
dimension 7 (B = 3.770, 95% Cl: 0.819-6.721).
Higher FGF5 levels were associated with higher
epilepsy risk (OR = 1.041, 95% Cl: 1.002-1.081).
In turn, T2 dimension 15 was positively associated
with epilepsy (OR = 1.001, 95% Cl: 1.000-1.003),
whereas T1 dimension 7 was inversely associated
with epilepsy (OR = 0.999, 95% Cl: 0.998-1.000).

Finally, in the mediation assessment, when
the estimated indirect effect (a x B,) was in the
opposite direction to the total effect, we did not

Arch Med Sci



Deciphering the interplay between inflammatory factors and brain structural features in epilepsy

interpret the UDIP as a potential mediator in that
pathway. Accordingly, T2 dimension 96 was not
considered to mediate the association between
OPG and epilepsy. Similarly, T2 dimension 35 was
not considered a mediator of the GDNF-epilep-
sy association, and T2 dimension 15 and T1 di-
mension 7 were not considered mediators of the
FGF5—-epilepsy association (Supplementary Tables
SX--SXII, Supplementary Figures S5-510).

Discussion

In this study, we applied Mendelian randomiza-
tion to delineate the genetic architecture linking
circulating inflammatory factors, deep learning—
derived brain MRI phenotypes (UDIPs), and epilep-
sy. We identified significant associations between
several inflammatory factors and epilepsy, with
VEGFA showing the most prominent risk-increas-
ing association (OR = 1.079, p = 0.0003). In paral-
lel, multiple T1- and T2-weighted UDIP dimensions
were associated with epilepsy in both directions,
indicating heterogeneous structural signatures
underlying epilepsy susceptibility. Among these,
T1-weighted UDIP dimension 76 demonstrated
the strongest positive association with epilepsy
risk (OR = 1.001, p = 0.003). Two-step MR further
suggested that, for selected cytokines, part of the
association with epilepsy may operate through
UDIP-related brain structural features. However,
mediation was not consistently supported across
all examined pathways, highlighting potential het-
erogeneity in mechanisms and/or limited power
for specific mediator models.

Inflammatory signaling is increasingly recog-
nized as a central component of epilepsy patho-
physiology. Accumulating evidence indicates that
inflammation is not merely a downstream con-
sequence of seizures, but can also contribute to
epileptogenesis and disease progression [29, 30].
Seizures can trigger broad neuroinflammatory re-
sponses that may, in turn, promote epileptogene-
sis by increasing neuronal excitability, disrupting
the BBB, and activating glial cells, thereby estab-
lishing a self-reinforcing cycle of inflammation
and network hyperexcitability [31-33]. Against
this background, clarifying the role of circulating
inflammatory factors is important for mechanistic
insight, biomarker discovery, and therapeutic pri-
oritization. In our MR analyses, genetically predict-
ed higher levels of CCL23, CXCL11, FGF5, GDNF,
and VEGFA were associated with an increased
odds of epilepsy, whereas higher LIFR and OPG
were associated with lower odds of epilepsy, fur-
ther supporting an association between inflam-
matory pathways and epilepsy susceptibility.

Several of the identified factors have biological-
ly plausible links to seizure-related brain changes.
VEGFA, a key regulator of angiogenesis and vas-

cular remodeling, also participates in neurodevel-
opment and repair processes. In epilepsy, VEGFA
signaling may relate to cerebrovascular remodel-
ing, inflammatory activation, and alterations in
neuronal excitability. Notably, elevated VEGFA has
been reported to increase BBB permeability, po-
tentially destabilizing the brain microenvironment
and facilitating seizures [34]. In experimental
models, Jeong et al. showed that VEGFA can ag-
gravate clinical phenotypes by enhancing vascu-
lar permeability and activating glial cells [35]. In
addition, chemokines such as CCL23 and CXCL11
are critical for immune-cell recruitment and neu-
roimmune signaling [36—38]. Prior studies suggest
that chemokines contribute to epilepsy through
neuroimmune activation and inflammatory ampli-
fication at seizure foci [39, 40]. Excessive chemo-
kine activity may promote immune-cell accumu-
lation, intensify local inflammation, exacerbate
neuronal injury, and increase seizure propensity
[41]. Consistent with these observations, our find-
ings support associations between genetically
predicted CCL23 and CXCL11 levels and epilepsy
risk, aligning with a model in which heightened
chemokine signaling sustains inflammatory mi-
croenvironments permissive to seizures. Finally,
FGF5 and GDNF are often discussed in the con-
text of neuroprotection and tissue repair [42, 43].
GDNF promotes neuronal survival and functional
recovery and has been widely studied in epilep-
sy-related neurobiology [43, 44]. Although some
experimental work suggests that increasing GDNF
may reduce seizure severity — potentially via syn-
aptic plasticity modulation — its effects likely de-
pend on timing, brain region, and cellular context
[45]. FGF5 may also influence epilepsy-related
processes indirectly through glial proliferation and
tissue remodeling after injury [46]. Taken togeth-
er, these observations highlight that inflammatory
and trophic signaling pathways may exert com-
plex, context-dependent effects in epilepsy, under-
scoring the need for mechanistic and longitudinal
studies to clarify when and where these factors
are pathogenic versus compensatory.

The interplay between inflammatory signaling
and brain structure is also likely to be relevant to
epilepsy pathogenesis. Circulating inflammatory
mediators may reshape the brain microenviron-
ment — particularly via effects on glial activation
and BBB integrity — thereby indirectly influencing
seizure susceptibility and disease progression
[47]. Chronic inflammatory stimulation can acti-
vate microglia and astrocytes and promote a reac-
tive state that enhances network excitability and
lowers seizure thresholds. Consistent with this,
glial activation and BBB dysfunction have been
implicated as key components of epileptogene-
sis [48, 49]. Moreover, peripheral inflammatory
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factors may be linked to epilepsy through their
associations with MRI-derived brain phenotypes,
providing a potential bridge between systemic in-
flammation and structural brain alterations [49,
50]. In our mediation framework, we observed
evidence that selected inflammatory factors may
be associated with epilepsy through UDIP-defined
structural features. For example, genetically pre-
dicted CCL23 levels were inversely associated
with a T1-weighted UDIP dimension (dimension
14) that was itself inversely associated with epi-
lepsy, suggesting that CCL23-related inflammato-
ry signaling may relate to epilepsy partly through
structural phenotypes captured by UDIPs. Similar-
ly, CXCL11 and GDNF showed associations with
specific T2-weighted UDIP dimensions, supporting
the concept that inflammatory and trophic path-
ways may converge on brain structural features
relevant to epilepsy vulnerability. Taken together,
our findings support a model in which inflamma-
tory factors may contribute to epilepsy through
both direct and indirect mechanisms, potentially
involving neuroimmune activation, BBB pertur-
bation, glial reactivity, and downstream structur-
al brain changes. Factors such as VEGFA, CCL23,
CXCL11, FGF5, and GDNF emerge as candidates
for further investigation, although their roles may
be context dependent and may reflect a mixture
of pathogenic and compensatory processes. Fu-
ture studies should map UDIP dimensions to in-
terpretable neuroanatomical substrates, validate
these associations in independent multi-ancestry
cohorts, and integrate longitudinal imaging and
experimental data to clarify mechanistic path-
ways and evaluate translational potential for risk
stratification and targeted intervention.
Integrating advanced neuroimaging — particular-
ly deep learning—derived MRI phenotypes such as
UDIPs — may provide new opportunities for epilepsy
risk stratification and the development of person-
alized management strategies. With continued im-
provements in MRI acquisition and the rapid matu-
ration of representation-learning approaches, UDIPs
have emerged as a promising framework for cap-
turing subtle, distributed patterns of brain structure
that may not be apparent using conventional re-
gion-based measures. Increasing efforts have there-
fore focused on leveraging these high-dimensional
imaging signatures to improve early detection, re-
fine phenotypic characterization, and potentially
support monitoring of treatment response in epi-
lepsy. Methodologically, UDIPs are designed to learn
latent features directly from MRI data, enabling ex-
traction of potentially biologically informative varia-
tion that can be difficult to capture with traditional,
predefined parcellation-based pipelines. In our anal-
yses, several UDIP dimensions showed evidence of
bidirectional MR associations with epilepsy, sug-

gesting a more complex relationship than a purely
one-way causal pathway. In particular, T1-weight-
ed UDIP dimensions 18, 38, and 49 demonstrated
bidirectional genetic associations with epilepsy,
consistent with the possibility that these imaging
features may reflect both (i) structural phenotypes
that contribute to epilepsy susceptibility and
(i) downstream brain changes associated with ep-
ilepsy liability or disease-related processes. This bi-
directionality highlights the potential value of such
features as candidate risk markers while also em-
phasizing that some imaging signatures may repre-
sent disease-related remodeling rather than solely
antecedent causes.

Our analyses also extend prior work by linking
circulating inflammatory factors to MRI-derived
brain phenotypes, reinforcing the concept that
inflammation may contribute to epilepsy through
pathways that involve structural brain alterations.
Using the TSMR framework, we identified sever-
al cytokines — most notably CCL23, CXCL11, and
GDNF —that were associated with specific T1- and
T2-weighted UDIP dimensions, with correspond-
ing associations between those UDIPs and epi-
lepsy risk. Together, these results provide genet-
ic evidence consistent with the hypothesis that
inflammatory signaling may be related to brain
structural characteristics captured by UDIPs and
thereby be associated with epilepsy susceptibili-
ty. At the same time, our mediation results sug-
gest that such imaging features do not uniformly
explain cytokine—epilepsy associations across all
pathways, underscoring mechanistic heterogene-
ity and the likelihood of multiple, parallel routes
linking inflammation to epilepsy. Nonetheless, the
observed cytokine-UDIP—epilepsy relationships
are concordant with experimental and clinical
observations that inflammatory mediators can
remodel the brain microenvironment and contrib-
ute to epileptogenesis. Future studies should fo-
cus on mapping UDIP dimensions to interpretable
neuroanatomical and microstructural substrates,
integrating longitudinal imaging and inflamma-
tory profiling, and testing causal mechanisms in
experimental models. Such work would clarify
how specific inflammatory pathways may relate
to structural brain changes and could support the
development of precision medicine strategies for
epilepsy prevention and treatment.

The principal strengths of this study include
the use of Mendelian randomization, which lever-
ages genetic instruments to interrogate potential
causal relationships among circulating inflam-
matory factors, UDIP-derived brain MRI pheno-
types, and epilepsy. By design, this framework
can mitigate confounding and reduces the risk of
reverse causation that often limits conventional
observational analyses. A further strength is the
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incorporation of unsupervised deep learning-de-
rived imaging phenotypes (UDIPs), which capture
distributed, high-dimensional structural informa-
tion from MRI and may be more sensitive to sub-
tle brain alterations than traditional region-based
measures. In addition, the two-step MR mediation
framework enabled us to explore whether brain
structural phenotypes may lie on pathways link-
ing inflammatory factors to epilepsy, thereby pro-
viding a more integrated view of disease biology.
Finally, the use of large-scale GWAS summary sta-
tistics improved statistical power and supports the
reliability of the genetic associations identified.

Several limitations warrant consideration.
First, the underlying GWAS datasets were largely
derived from specific ancestral groups (predomi-
nantly European), which may limit generalizability
and introduce population-specific effects; replica-
tion in diverse ancestries is therefore essential.
Second, although we performed extensive sensi-
tivity analyses to probe pleiotropy and heteroge-
neity, MR remains dependent on instrument va-
lidity and cannot fully exclude residual violations
of MR assumptions. Third, while high-dimensional
UDIPs increase sensitivity, they also reduce inter-
pretability, as the biological and neuroanatomical
substrates of individual UDIP dimensions are not
always straightforward. Finally, we lacked direct
multicenter clinical validation and longitudinal
phenotyping, which will be important for assess-
ing clinical utility and temporal ordering. Future
studies should validate these findings across in-
dependent and multi-ancestry cohorts, improve
UDIP interpretability through neuroanatomical
mapping, and integrate longitudinal imaging and
clinical data to strengthen translational relevance.

In conclusion, this study systematically evalu-
ated the genetic associations between circulating
inflammatory factors, MRI-derived brain structural
features (UDIPs), and epilepsy. Our findings sup-
port a role for inflammation and structural brain
alterations in epilepsy susceptibility, providing
a genetic epidemiological framework that may
inform earlier risk stratification and offer mecha-
nistic insights. Limitations include potential popu-
lation bias, model complexity, and the absence of
multicenter clinical validation; future work should
validate these associations across diverse ances-
tries and independent cohorts, refine imaging-fea-
ture interpretability, and integrate broader clinical
and longitudinal datasets to inform precision di-
agnosis and treatment of epilepsy.
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