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1 Supplementary figures

1.1 Loss Curves

Training and Validation Loss

—— Training Loss
Validation Loss

0.64

0.63 +

Loss

0.62

0.61

Epoch

Figure 1.1.1 Training and validation loss curves for the Variational Autoencoder (VAE)

model for Autism Spectrum Disorder
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Figure 1.1.2 Training and validation loss curves for the Variational Autoencoder (VAE)

model for Schizophrenia
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Figure 1.1.3 Training and validation loss curves for the Variational Autoencoder (VAE)

model for Alzheimer’s Disease
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Figure 1.1.4 Training and validation loss curves for the Variational Autoencoder (VAE)

model for Obsessive-Compulsive Disorder
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Figure 1.1.5 Training and validation loss curves for the Variational Autoencoder (VAE)

model for Breast Cancer
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Figure 1.1.6 Training and validation loss curves for the Variational Autoencoder (VAE)

model for Prostate Cancer
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Figure 1.1.7 Training and validation loss curves for the Variational Autoencoder (VAE)



model for Colon Cancer
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Figure 1.1.8 Training and validation loss curves for the Variational Autoencoder (VAE)

model for Type 2 Diabetes
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Figure 1.1.9 Training and validation loss curves for the Variational Autoencoder (VAE)

model for Type 1 Diabetes
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Figure 1.1.10 Training and validation loss curves for the Variational Autoencoder (VAE)

model for Bipolar Disorder
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Figure 1.1.11 Training and validation loss curves for the Variational Autoencoder (VAE)

model for Chron’s Disease
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Figure 1.1.12 Training and validation loss curves for the Variational Autoencoder (VAE)

model for Coronary Arterial Disease
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Figure 1.1.13 Training and validation loss curves for the Variational Autoencoder (VAE)

model for Hypertension
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Figure 1.1.14 Training and validation loss curves for the Variational Autoencoder (VAE)

model for Rheumatoid Arthritis
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Figure 1.1.15 Training and validation loss curves for the Variational Autoencoder (VAE)

model for High-Density Lipoprotein Cholesterol
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Figure 1.1.16 Training and validation loss curves for the Variational Autoencoder (VAE)

model for Low-Density Lipoprotein Cholesterol
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Figure 1.1.17 Training and validation loss curves for the Variational Autoencoder (VAE)

model for Eosinophil count
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1.2 Encoder network variant specific weights distributions
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Figure 1.2.1 Chromosomal distribution of variant-specific encoder weights learned by

the RBAM Variational Autoencoder for Autism Spectrum Disorder
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Figure 1.2.2 Chromosomal distribution of variant-specific encoder weights learned by

the RBAM Variational Autoencoder for Schizophrenia
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Figure 1.2.3 Chromosomal distribution of variant-specific encoder weights learned by
the RBAM Variational Autoencoder for Alzheimer’s Disease
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Figure 1.2.4 Chromosomal distribution of variant-specific encoder weights learned by

the RBAM Variational Autoencoder for Obsessive-Compulsive Disorder
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Figure 1.2.5 Chromosomal distribution of variant-specific encoder weights learned by
the RBAM Variational Autoencoder for Breast Cancer
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Figure 1.2.6 Chromosomal distribution of variant-specific encoder weights learned by
the RBAM Variational Autoencoder for Prostate Cancer

15



rs72703168 rs117889180 rs7865231 rs7147046 rs932332

1 2 3 4 5 6 7 8 9 10 11 12

13 14 1516 17 181R2@ L2
Chromosome

Figure 1.2.7 Chromosomal distribution of variant-specific encoder weights learned by

the RBAM Variational Autoencoder for Colon Cancer

(¢}

3
=
.% Of---- (ol Gutibuitnid _ ___ Giehaihitent achshiiete | Sushsland Si0d halh  ModiRe . sl B
£ chr6_106450515:8G1 22 bAHG0! A GER S 2845 _IG38A_b8Br18_48414936_C_A_b38

-3
1 2 3 4 5 6 7 8 9 10 11 12 13 14 151617 181R2®@ L2
Chromosome

Figure 1.2.8 Chromosomal distribution of variant-specific encoder weights learned by

the RBAM Variational Autoencoder for Type 2 Diabetes
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Figure 1.2.9 Chromosomal distribution of variant-specific encoder weights learned by

the RBAM Variational Autoencoder for Type 1 Diabetes
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Figure 1.2.10 Chromosomal distribution of variant-specific encoder weights learned by

the RBAM Variational Autoencoder for Bipolar Disorder
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Figure 1.2.11 Chromosomal distribution of variant-specific encoder weights learned by

the RBAM Variational Autoencoder for Chron’s Disease
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Figure 1.2.12 Chromosomal distribution of variant-specific encoder weights learned by

the RBAM Variational Autoencoder for Coronary Arterial Disease
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Figure 1.2.13 Chromosomal distribution of variant-specific encoder weights learned by

the RBAM Variational Autoencoder for Hypertension
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Figure 1.2.14 Chromosomal distribution of variant-specific encoder weights learned by

the RBAM Variational Autoencoder for Rheumatoid Arthritis
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Figure 1.2.15 Chromosomal distribution of variant-specific encoder weights learned by

the RBAM Variational Autoencoder for High-Density Lipoprotein Cholesterol
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Figure 1.2.16 Chromosomal distribution of variant-specific encoder weights learned by

the RBAM Variational Autoencoder for Low-Density Lipoprotein Cholesterol
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Figure 1.2.17 Chromosomal distribution of variant-specific encoder weights learned by

the RBAM Variational Autoencoder for Eosinophil Count
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1.3 Decoder network variant specific weights distributions
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Figure 1.3.1 Chromosomal distribution of variant-specific decoder weights learned by

the RBAM Variational Autoencoder for Autism Spectrum Disorder
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Figure 1.3.2 Chromosomal distribution of variant-specific decoder weights learned by

the RBAM Variational Autoencoder for Schizophrenia
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Figure 1.3.3 Chromosomal distribution of variant-specific decoder weights learned by

the RBAM Variational Autoencoder for Alzheimer’s Disease
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Figure 1.3.4 Chromosomal distribution of variant-specific decoder weights learned by

the RBAM Variational Autoencoder for Obsessive-Compulsive Disorder
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Figure 1.3.5 Chromosomal distribution of variant-specific decoder weights learned by

the RBAM Variational Autoencoder for Breast Cancer
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Figure 1.3.6 Chromosomal distribution of variant-specific decoder weights learned by

the RBAM Variational Autoencoder for Prostate Cancer
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Figure 1.3.7 Chromosomal distribution of variant-specific decoder weights learned by

the RBAM Variational Autoencoder for Colon Cancer
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Figure 1.3.8 Chromosomal distribution of variant-specific decoder weights learned by

the RBAM Variational Autoencoder for Type 2 Diabetes
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Figure 1.3.9 Chromosomal distribution of variant-specific decoder weights learned by

the RBAM Variational Autoencoder for Type 1 Diabetes
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Figure 1.3.10 Chromosomal distribution of variant-specific decoder weights learned by

the RBAM Variational Autoencoder for Bipolar Disorder
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Figure 1.3.11 Chromosomal distribution of variant-specific decoder weights learned by

the RBAM Variational Autoencoder for Chron’s Disease
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Figure 1.3.12 Chromosomal distribution of variant-specific decoder weights learned by

the RBAM Variational Autoencoder for Coronary Arterial Disease
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Figure 1.3.13 Chromosomal distribution of variant-specific decoder weights learned by

the RBAM Variational Autoencoder for Hypertension
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Figure 1.3.14 Chromosomal distribution of variant-specific decoder weights learned by

the RBAM Variational Autoencoder for Rheumatoid Arthritis
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Figure 1.3.15 Chromosomal distribution of variant-specific decoder weights learned by

the RBAM Variational Autoencoder for High-Density Lipoprotein Cholesterol
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Figure 1.3.16 Chromosomal distribution of variant-specific decoder weights learned by

the RBAM Variational Autoencoder for Low-Density Lipoprotein Cholesterol
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Figure 1.3.17 Chromosomal distribution of variant-specific decoder weights learned by

the RBAM Variational Autoencoder for Eosinophil Count
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2.4. Significant gene overlap analysis for four RBAM variants
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Figure 2.4.1 Bonferroni-significant gene overlap for four RBAM variants Each 4-petal
Venn shows how many genes pass the Bonferroni threshold (a = 0.05) in the four
methods: encoder (E), decoder (D), encoder + decoder (ED), and SHAP-based XAl (XAl).
Numbers mark genes unique to—or shared by—each combination; colour depth rises

with count (Blue to yellow)
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2.5. Manhattan plots of association results (RBAM-ED)
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Figure 2.5.1 Manhattan plot of GWAS association results for Autism Spectrum Disorder
.(Each pointrepresents a gene tested across the genome, with the y-axis indicating the

-log,.(p-value) of association. The red horizontal line marks the Bonferroni significance

threshold (p < 0.05)).
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Figure 2.5.2 Manhattan plot of GWAS association results for Schizophrenia. (Each point
represents a gene tested across the genome, with the y-axis indicating the —log,,(p-

value) of association. The red horizontal line marks the Bonferroni significance

threshold (p < 0.05)).
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Figure 2.5.3 Manhattan plot of GWAS association results for Alzheimer’s Disease. (Each
point represents a gene tested across the genome, with the y-axis indicating the

-log,.(p-value) of association. The red horizontal line marks the Bonferroni significance

threshold (p < 0.05)).
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Figure 2.5.4 Manhattan plot of GWAS association results for Obsessive-Compulsive
Disorder (Each point represents a gene tested across the genome, with the y-axis
indicating the -log,,(p-value) of association. The red horizontal line marks the

Bonferroni significance threshold (p < 0.05)).
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Figure 2.5.5 Manhattan plot of GWAS association results for Breast Cancer. (Each point
represents a gene tested across the genome, with the y-axis indicating the —log,,(p-
value) of association. The red horizontal line marks the Bonferroni significance

threshold (p < 0.05)).
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Figure 2.5.6 Manhattan plot of GWAS association results for Prostate Cancer . (Each
point represents a gene tested across the genome, with the y-axis indicating the
-log,.(p-value) of association. The red horizontal line marks the Bonferroni significance

threshold (p < 0.05)).
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Figure 2.5.7 Manhattan plot of GWAS association results for Colon Cancer. (Each point

represents a gene tested across the genome, with the y-axis indicating the —log,,(p-

value) of association. The red horizontal line marks the Bonferroni significance

threshold (p < 0.05)).
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Figure 2.5.8 Manhattan plot of GWAS association results for Type 2 Diabetes. (Each
point represents a gene tested across the genome, with the y-axis indicating the
-log,.(p-value) of association. The red horizontal line marks the Bonferroni significance

threshold (p < 0.05)).
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Figure 2.5.9 Manhattan plot of GWAS association results for Type 1 Diabetes. (Each
point represents a gene tested across the genome, with the y-axis indicating the
-log,.(p-value) of association. The red horizontal line marks the Bonferroni significance

threshold (p < 0.05)).
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Figure 2.5.10 Manhattan plot of GWAS association results for Bipolar Disorder. (Each
point represents a gene tested across the genome, with the y-axis indicating the

-log,.(p-value) of association. The red horizontal line marks the Bonferroni significance
threshold (p < 0.05)).
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Figure 2.5.11 Manhattan plot of GWAS association results for Chron’s Disease. (Each
point represents a gene tested across the genome, with the y-axis indicating the

-log,.(p-value) of association. The red horizontal line marks the Bonferroni significance

threshold (p < 0.05)).
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Figure 2.5.12 Manhattan plot of GWAS association results for Coronary Arterial
Disease. (Each point represents a gene tested across the genome, with the y-axis

indicating the -log,,(p-value) of association. The red horizontal line marks the

Bonferroni significance threshold (p < 0.05)).
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Figure 2.5.13 Manhattan plot of GWAS association results for Hypertension. (Each point
represents a gene tested across the genome, with the y-axis indicating the —log,,(p-
value) of association. The red horizontal line marks the Bonferroni significance

threshold (p < 0.05)).
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Figure 2.5.14 Manhattan plot of GWAS association results for Rheumatoid Arthritis.
(Each point represents a gene tested across the genome, with the y-axis indicating the
-log,.(p-value) of association. The red horizontal line marks the Bonferroni significance

threshold (p <0.05)).
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Figure 2.5.15 Manhattan plot of GWAS association results for High-Density Lipoprotein
Cholesterol. (Each point represents a gene tested across the genome, with the y-axis
indicating the -log,,(p-value) of association. The red horizontal line marks the

Bonferroni significance threshold (p < 0.05)).
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Figure 2.5.16 Manhattan plot of GWAS association results for Low-Density Lipoprotein
Cholesterol. (Each point represents a gene tested across the genome, with the y-axis
indicating the -log,,(p-value) of association. The red horizontal line marks the

Bonferroni significance threshold (p < 0.05)).
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Figure 2.5.17 Manhattan plot of GWAS association results for Eosinophil Count. (Each
point represents a gene tested across the genome, with the y-axis indicating the

-log,.(p-value) of association. The red horizontal line marks the Bonferroni significance
threshold (p < 0.05)).
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2.6. Functional annotation of shared genes across muliple traits

Gene Co-expression (alz_ldl)

Bcam
wecTNg -
TomMan -
APOE
arocy
08
apoca
»
pocz e
s |
ReLn - o4
cuasar
2Hr296 - | | -02
coere {8 m
o0
PPPLAYT - -
NP1
02
TRaPPCoA | |
wocs Cl :
exoca
Marca - [ ] -0

ERCCZ l ‘.-
A ”"mnrs,.eu«.N,Lm;ﬁi».,.;é!‘;,A!;
igggééigfégggigggsuaég

Gene Co-expression (EOS_TLD_RA_analysis)

ANTHGEN PROCESSING AND PRESENTATION

MHE ity

s

e 4 ——{ e

—

pre———

Co] [

e

D] — [

+ =

| :: [E———

——

|

|

A

if
0

i Tt |
| i
| R
S -
- o
B o ] e
0/ ||

1262678
o3 Ko Lo

Figure 2.6.1 Biological annotation of the shared genes of RBAM-ED significant gene
associations (FDR P-Value < 0.05) between GWAS cohorts on relevant pathways from
KEGG [36]; A. Alzheimer’s disease and LDL Cholesterol on the Cholesterol metabolism
pathway; B.Eosinophil count, Type 1 diabetes and Rheumatoid arthritis on the
AntigenProcessing and presentation pathway (*Red Star shows the implicated genes

on KEGG pathways)
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Gene Co-expression (CAD+HT+RA+T1D+CD)
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Figure 2.6.2 Cross order correlation matrix of FDR corrected gene overlaps on GTEX
Whole blood gene expression for Coronary Arterial Disease, Hypertension,

Rheumatoid Athritis, Type 1 Diabetes & Chron's Disease.
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2 Supplementary tables

3.1. Reconstruction metrics

Table 2.1 Summary of cohorts used for training and evaluating the RBAM framework,
including disease or trait name, sample size, phenotypic status (case-control or
quantitative), and data source. Model reconstruction quality for each cohortis reported

using R?> and mean squared error (MSE) metrics.

Cohort R2 MSE Sample Status Source &Id
Size
1 Autism Spectrum | 0.05826 | 0.208221 | 6,079 Case MSSNG [37]
Disorder control
2 Schizophrenia 0.316971 | 0.292141 | 4,591 Case dbGaP [38]
control phs000021.v3.p2
3 Alzheimer’s 0.123322 | 0.387573 | 5,220 Case dbGaP
Disease control phs000168.v1.p1
4 Obsessive- 0.392375 | 0.1303 10,755 Case UkBiobank [39]
compulsive control ICD-10 hospital
disorder diagnosed.
5 Breast cancer 0.308358 | 0.170919 | 15,468 Case UkBiobank ICD-10
control hospital diagnosed.
6 Prostate cancer 0.30846 | 0.171029 | 14,657 Case UkBiobank ICD-10
control hospital diagnosed.
7 Colon cancer 0.308643 | 0.171124 | 14,688 Case UkBiobank ICD-10
control hospital diagnosed.
8 Type 2 diabetes 0.315601 | 0.29121 | 5,000 Case WTCCC [40]
control
9 Type 1 diabetes 0.316324 | 0.290689 | 5,000 Case WTCCC
control
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10 Bipolar disorder 0.315216 | 0.2916 5,000 Case WTCCC
control
11 Chron’s disease 0.315417 | 0.291116 | 5, 000 Case WTCCC
control
12 Coronary arterial | 0.316851 | 0.290368 | 5, 000 Case WTCCC
disease control
13 Hypertension 0.315995 | 0.290785 | 5, 000 Case WTCCC
control
14 Rheumatoid 0.316996 | 0.290606 | 5, 000 Case WTCCC
arthritis control
15 High-density 0.30921 0.171403 | 10,000 Quantitative | UkBiobank
lipoprotein quantitative trait.
cholesterol
16 Low-density 0.30833 | 0.174091 | 10,000 Quantitative | UkBiobank
lipoprotein quantitative trait.
cholesterol
17 Eosinophil count | 0.309205 | 0.171498 | 10,000 Quantitative | UkBiobank
quantitative trait.
Total 136,458
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2.1 Type l error estimation of RBAM methods

Table 2.2 Type | error rates across 10 simulation replicates for four RBAM-based

methods (RBAM-XAIl, RBAM-E, RBAM-D, and RBAM-ED), evaluated under the null

hypothesis with no true associations.

replicate RBAM-XAl | RBAM-E RBAM-D RBAM-ED
rep1 0.052668 | 0.041321 | 0.052457 | 0.05272

rep2 0.045438 | 0.052562 | 0.050768 | 0.050768
rep3 0.048235 | 0.043538 | 0.060425 | 0.060425
rep4 0.047496 | 0.046652 | 0.049079 | 0.049449
repS 0.049192 | 0.041374 | 0.049871 | 0.050082
rep6 0.046757 | 0.04681 0.05557 0.055834
rep7 0.048868 | 0.052034 | 0.05119 0.050768
rep8 0.036941 | 0.046652 | 0.045016 | 0.045174
rep9 0.056045 | 0.059106 | 0.054462 | 0.054726
rep10 0.047918 | 0.050293 | 0.04644 0.046968
Total 0.047956 | 0.048034 | 0.051528 | 0.051691

2.2 Bonferroni Corrected gene associations count

Table 2.3 Number of significant genes (bonferonni p-value < 0.05) identified across 17

complex traits by six different methods: REGENIE, SKAT, RBAM XAl, RBAM Encoder (E),

RBAM Decoder (D), and RBAM Encoder + Decoder (ED).

Disease REGENI | SKAT RBAM- | RBAM- | RBAM- | RBAM-
E XAl D ED

1 Alzheimer’s Disease 0 58 19 33 33

2 Autism spectrum | 6 1 97 96 248 250
disorder

3 Bipolar disorder 27 44 5 47 7 7

4 Obsessive-compulsive | 0 0 0 3 3
disorder
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5 Schizophrenia 0 0 6 0 0 0

6 Chron’s disease 12 1 21 21 29 29

7 Coronary arterial | 9 13 0 6 9 9
disease

8 Hypertension 0 0 4 14 1 1

9 Rheumatoid arthritis 74 98 140 106 103 106

10 Type 2 diabetes 18 1 0 10 2 2

11 Type 1 diabetes 163 533 223 174 225 224

12 Breast cancer 0 0 5 5 5 5

13 Prostate cancer 0 1 6 2 24 24

14 Colon cancer 0 0 0 0 9 9

15 High-density 4 0 21 35 7 7
lipoprotein cholesterol

16 Low-density 7 224 0 40 44 44
lipoprotein cholesterol

17 Uk-eosinophil count 9 0 30 37 39 39
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2.3

Intersected FDR corrected gene-disease associations across multiple complex traits.

Table 2.4 Shared genes across related diseases identified by the RBAM framework. The

table lists intersecting genes between disease pairs or groups, revealing pleiotropic

loci.

Diseases Intersecting genes No.

Alzheimer’s WiIPI2, IGHV30OR16-9 2

Disease +

Autism

Spectrum

Disorder

Eosinophil count | MSH5, MSH5-SAPCD1, SAPCD1, VWA7Z, VARS1, LSM2, |55

+ type 1 diabetes | HSPATL, HSPA1A, HSPA1B, NEU1, SLC44A4, EHMT2, C2,

+ rheumatoid | ZBTB12, CFB, NELFE, SKIC2, DXO, STK19, C4A, C4B,

arthritis CYP21A2, TNXB, ATF6B, FKBPL, PRRT1, PPT2, PPT2-EGFLS,
EGFL8, AGPAT1, RNF5, AGER, PBX2, GPSM3, NOTCH4, TSBP1,
BTNL2, HLA-DRA, HLA-DRB5, HLA-DRB1, HLA-DQA1, HLA-
DQB1, HLA-DQA2, HLA-DQB2, HLA-DOB, TAP2, PSMBS,
PSMB9, TAP1, HLA-DMB, HLA-DMA, BRD2, HLA-DOA, HLA-
DPA1, HLA-DPB1

Alzheimer’s BLC, BCAM, NECTIN2, TOMM40, APOE, APOC1, APOC4, | 24

Disease + ldl APOC4-APOC2, APOC2, CLPTM1, RELB, CLASRP, ZNF296,
GEMIN7, MARK4, PPP1R37, NKPD1, TRAPPC6A, BLOC1S3,
EXOC3L2, CKM, KLC3, ERCC2, PPP1R13L

Coronary arterial | SHCBP1, VPS35, ORC6, MYLK3, C160rf87, GPT2, DNAJA2 7

disease +
hypertension +
rheumatoid

arthritis + type 1
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diabetes

chron’s disease
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2.4 Precision of disease-associated genes (FDR < 0.05) in 12 DisGeNET databases

Table 2.5 Precision scores for validated gene discovery (DisGeNET dabaase) rate across

12 disease cohorts, comparing REGENIE, SKAT, and four RBAM variants.

Cohort & DisGeNET ID Regenie | Skat Rbam | Rbam | Rbam | Rbam
xai e d ed

1 Autism Spectrum Disorder | 0.00 0.02 0.03 0.05 0.04 0.04
spectrum C1510586

2 Alzheimer’s Disease 0.14 0.16 0.46 0.39 0.42 0.64
C0002395

3 Bipolar disorder 0.00 0.02 0.03 0.02 0.00 0.00
C0005586

4 Coronary arterial disease 0.00 0.00 0.00 0.02 0.00 0.00
C0007222

5 Chron’s disease 0.00 0.00 0.00 0.01 0.00 0.00
C0010346

6 Hypertension 0.00 0.00 0.11 0.00 0.01 0.01
C0020538

7 Rheumatoid arthritis 0.05 0.02 0.06 0.04 0.04 0.04
C0003873

8 Type 1 diabetes 0.06 0.01 0.07 0.08 0.06 0.05
C0011854

57



9 Type 2 diabetes 0.00 0.02 0.00 0.00 0.50 0.50
C0011860

10 Breast cancer 0.00 0.00 0.20 0.20 0.17 0.17
C0006142-C0678222

1 Prostate cancer 0.00 0.00 0.00 0.50 0.04 0.04
C0376358

12 Schizophrenia 0.00 0.00 0.07 0.00 0.00 0.00
C00036341

2.5 Latent space classifier metrics (AUC)

Table 2.6 AUC scores for disease risk prediction across 14 cohorts using RBAM latent

representations combined with different classifiers—Neural Network, XGBoost,

Logistic Regression, and Random Forest—compared to traditional Polygenic Risk

Scores (PRS)
Disease cohort Rbam_neural | Rbam_xgho | Rbam Rbam | Prs
net ost logistic rando
regressi | m
on forest
Autism Spectrum | 0.61 0.58 0.78 0.75 0.53
Disorder spectrum
Alzheimer’s Disease 0.51 0.50 0.51 0.52 0.66
Bipolar disorder 0.53 0.51 0.75 0.63 0.60
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Coronary arterial | 0.52 0.52 0.58 0.68 0.49
disease
Chron’s disease 0.59 0.52 0.54 0.63 0.53
Hypertension 0.48 0.51 0.52 0.53 0.51
Rheumatoid arthritis 0.53 0.52 0.59 0.61 No
summa
ry
statistic
[
Type 1 diabetes 0.51 0.51 0.53 0.57 0.51
Type 2 diabetes 0.52 0.62 0.56 0.62 0.47
Obsessive-compulsive 0.70 0.51 0.55 0.63 0.51
disorder
Schizophrenia 0.51 0.52 0.55 0.83 0.51
Breast cancer 0.51 0.51 0.51 0.52 0.58
Prostate cancer 0.51 0.51 0.54 0.55 0.57
Colon cancer 0.51 0.50 0.52 0.56 0.32
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2.6 Latent Space classifier metrics (Accuracy)

Table 2.7 Accuracy scores for disease risk prediction across 14 cohorts using RBAM
latent representations combined with different classifiers—Neural Network, XGBoost,

Logistic Regression, and Random Forest—compared to traditional Polygenic Risk

Scores (PRS)
Disease cohort Rbam_neuraln | Rbam_xgboo | Rbam Rbam PRS
et st logistic rando
regressio | m
n forest
Autism Spectrum | 0.59 0.56 0.73 0.60 0.52
Disorder
Alzheimer’s Disease 0.50 0.50 0.51 0.51 0.50
Bipolar disorder 0.56 0.41 0.67 0.56 0.61
Coronary arterial | 0.60 0.55 0.55 0.64 0.60
disease
Chron’s disease 0.58 0.41 0.51 0.55 0.63
Hypertension 0.60 0.60 0.60 0.53 0.60
Rheumatoid arthritis 0.59 0.58 0.56 0.61 -
Type 1 diabetes 0.59 0.60 0.56 0.61 0.60
Type 2 diabetes 0.60 0.56 0.54 0.62 0.60
Obsessive compulsive | 0.70 0.85 0.55 0.63 0.07
disorder

60



Schizophrenia 0.51 0.49 0.54 0.75 0.54

Breast cancer 0.68 0.37 0.37 0.44 0.68
Prostate cancer 0.62 0.53 0.52 0.51 0.68
Colon cancer 0.68 0.32 0.51 0.52 0.52

2.7 Summary statistics for PRS Calculation

Table 2.8 Sources of Summary statistics including Polygenic score catalog (PGS) and
GWAS Catalogue [41] identifiers used for benchmarking diseaserisk prediction across

14 complex diseases

Disease/Condition PGS Catalog ID [42] and others
1 Autism Spectrum | PGS002790
Disorder
2 Alzheimer’s Disease PGS002753
3 Obsessive-compulsive | [43] PGC
4 Schizophrenia PGS002785
5 Breast cancer PGS002242
6 Prostate cancer PGS002241
7 Colon cancer GCST90011811 (gwas catalogue)
8 Type 2 Diabetes PGS000014
9 Type 1 Diabetes PGS002025
10 Bipolar disorder PGS002786
11 Chron’s disease PGS004254
12 Coronary arterial PGS000329
13 Hypertension PGS003017
14 Rheumatoid arthritis PGS004819
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2.8 RBAM approaches overlap analysis

Across the 17 traits, the global unique-hit ratios (UHR) (number of uniquely identified genes
/ Total number of significant genes) distil the comparative value of each RBAM variant.
Significance was measured at the stringent Bonferroni threshold (0.05/number of tests). The
encoder-only model (E) contributes the lion’s share of novel biology—29 % of its 641
Bonferroni-significant genes are found by no other method—whereas the decoder-based
models (D: 0.9 %, ED: 0.5 %) recover the broad shared core but add virtually nothing new.
The SHAP/XAI layer strikes a middle ground: although it reports fewer total hits, 12 % are

unique.

Table 2.9 RBAM methods overlap analyis for uniquely identified significant (p-value <

0.05/n) genes
Dataset / Trait E unique D unique | ED unique | XAl
unique

Colon cancer 0 0 0 0
Hypertension 2 0 0 4
HDL cholesterol 0 0 0 0
Alzheimer’s disease 0 5 1 0
Crohn’s disease 20 0 0 0
Rheumatoid arthritis 65 0 0 0
Autism spectrum disorder 16 1 2 27
Breast cancer 0 0 0 0
Eosinophil count 1 0 0 0
Schizophrenia 0 0 0 6
Coronary disease 8 0 1 0
Bipolar disorder 47 0 0 5
LDL cholesterol 10 0 0 0
Type 2 diabetes 10 0 0 0
Type 1 diabetes 8 1 0 9
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Prostate cancer 1 0 0 0
Obsessive-compulsive 0 0 0 0
disorder

Total 188 7 4 51

Table 2.10 RBAM Unique Hit Ratio analysis (Unique genes / Total signifant genes)

RBAM variant Total significant | Unique Global unique-hit
genes* genes ratio

Encoder (E) 641 188 0.293

Decoder (D) 786 7 0.009

Encoder + Decoder | 767 4 0.005

(ED)

SHAP / XAl 416 51 0.122
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3 Supplementary Text

3.1 RBAM Algorithm

Additional notes about the VAE model’s architecture [1], including the Reconstruction loss,

Kullback-Leibler (KL) divergence and Reparameterization trick.
Reconstruction loss

The reconstruction loss measures the difference between the input data (x)and the

reconstructed data (X econstructed)- IN the case of binary cross-entropy loss, it is given by:

N D
ReconstructionLoss = I Z Z ;1:;1) log(x” )+(1—2) log(l—:cf.?cmwh.mmd‘j)

reconstructed,j J
i=1 j=1

Where:

N is the number of samples

D is the dimensionality of the data
xj(i)is the j — th feature of the -th input

®

xreconstructed,j

is the corresponding reconstructed feature.

VAEs train by maximizing the evidence lower bound (ELBO) on the marginal log-likelihood of

the posterior likelihood of the latent spacee:
ELBO = By, (1) [log po(x|2)] — K Llgs(])|[p()]

In practice, we optimize the single sample Monte Carlo estimate of this expectation:

N
1 N .
Loss = —~ Z; log po(zV]21V) + K Llgy ([«")||p(2)]

where z() is sampled from g, (z|x®)
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Kullback-Leibler (KL) divergence

The KL divergence loss measures the discrepancy between the approximate posterior

distribution g4 (z|x) and the prior distribution p(z) :

N
1 . .
K LDivergenceLoss = —3 E (1 + log(c! ()2 ) — #S)Q _ 03)2)

i=1

@ @

Where u,” and o, “are the mean and standard deviation of the approximate posterior

distribution q (z|x(i)) for the i — th sample.
Reparameterization trick

During training, to produce a sample (z) , we draw from the latent distribution specified by
the encoder outputs for the decoder, given an input observation (x). Nonetheless, this
sampling process poses a bottleneck since backpropagation cannot traverse a stochastic
node. To overcome this issue, we employ a reparameterization technique. In our scenario,
we approximate z utilizing the decoder parameters (u)and (log(c?)), along with another

parameter (€), as outlined below:
z=u+a@® €,e~N(0,1)

Where p and o represent a Gaussian distribution's mean and standard deviation,
respectively, and can be obtained from the decoder output. The € term can be seen as
random noise introduced to preserve the stochastic nature of the process. The latent
variable z is then generated as a function of y, o, and g, allowing the model to propagate
gradients backward through p and o in the encoder while still preserving stochasticity

through €.
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3.2 Hyperparameter optimization

Hyperparameters such as the number of hidden layers, layer dimensions, activation
functions, learning rate, batch size, epochs, and latent dimension play a crucial role in the

VAE model's performance.

Bayesian optimization [2] was done with hyperopt [2] to search for the optimal combination
of hyperparameters that minimizes a chosen objective function, such as the mean squared
error (MSE) or reconstruction loss. The search space for hyperparameters is defined, and the
Bayesian optimization algorithm iteratively explores this space, evaluating the performance
of different hyperparameter configurations using cross-validation. The process continues

until the optimal hyperparameters are found, creating the best-performing VAE model.
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Table 3.1 Hyperparameters chosen for Bayesian optimization

Hyperparameter
Encoder layers
Decoder Layers
Encoding Dimensions
Decoding Dimensions
Activation Function
Learning rates
Epochs

Batch Sizes

Latent Dimensions

3.3 VAE model evaluation

Choices

1t016

1to16

128, 256,512

128, 256, 512

relu’, 'sigmoid’

0.000001, 0.00001, 0.0001, 0.001
50, 100, 150

16, 32,64

128,512,1024, 1% , 5%, 10%, 50%

MSE quantifies the average squared difference between the original input data and the

reconstructed output, serving as a measure of reconstruction accuracy.

Where:

n is the total number of data points,

k
MSE = Z(XU - %)
=1

X,, is the (j**) reconstructed data point

X;j is the is the corresponding original data point
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Evaluating the reconstruction performance of a Variational Autoencoder (VAE) [3], [4] , R?
provides insights into how well the model captures the variability in the original data. The
residual sum of squares (SSR) measures the discrepancy between the observed values of

the original genotype and the reconstruction.

n
SSR =) (%= %)’
i=1

Where:

X; is the observed (actual) genotype,
)?l is the reconstucted genotype,

n is the number of samples

The total sum of squares (SST) measures the total variance in the original data. It represents

the variability of the dependent variable without considering any predictor variables.
n
SST = E(Xi _X)?
i=1

Where:

X; isthe observed (actual) value

X is the mean of the observed values.
n is the number of samples

The (RZ) score, also known as the coefficient of determination, it is calculated using the
following formula:

SSR,

RZ=1-
SST;

Where:

SSR; is the Sum of Squares Residuals for thei'" fold,
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SST; is the Total Sum of Squares for the i fold.
3.4 Encoder and decoder weights

3.4.1 Encoder weights

Let the dataset be X € R™*Pwith p observed features and the first dense layer of the encoder

parameterised by:
W(enc) € ]Rpxhl’

Where h; is the width of that layer, Row i of W (") — denoted wlgfmc) - contains the outgoing

weights from feature x; to every neuron in the layer. Encoder weights for feature i are then

obtained by collapsing those h; weights to one scalar, e.g.

hy
_ (enc)
1 Z |Wij |
j=1

A larger s; means the encoder leans more heavily on feature x; when forming the latent

ie

S; = ||W

representation.

3.4.2 Decoder weights

For the decoder, let the final trainable dense layer before the output be parameterised by

W(de‘—') € ]RhL—1 XP’

Where h;_; is the width of the penultimate layer (often equal to the latent dimension d).

Column k, wfﬁec), holds all incoming weights from latent coordinate z; to the downstream

reconstruction neurons. Reconstruction weights (Decoder weights) for each latent

dimension are defined analogously:

hp4
= wieo ] = wies)
j=1

A high ¢, indicates that z;, strongly influences the networks ability to rebuild the original

input, spotlighting the latent factors most critical for faithful reconstruction.
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3.5 Comparison of RBAM to similar GWAS methods

Regenie [5] and SKAT [6] were applied for gene-based GWAS predictions.

3.5.1 REGENIE

Step 1 of REGENIE [5] , the high-dimensional genotype matrix G is reduced using ridge
regression applied block-wise across the genome. The phenotype model y = Xa + Gsp + €

is approximated by a lower-dimensional form:
y=Wn+e

where W is a matrix of ridge-predicted scores computed from SNP blocks using a range of
shrinkage parameters. This two-level approach—Level 0 for within-block and Level 1 for
genome-wide prediction—captures polygenic sighal while reducing the computational
burden. Final phenotype predictions are generated via cross-validated ridge regressionlV/ ,
yielding leave-one-chromosome-out (LOCO) predictions used in Step 2 for association

testing.

In Step 2, REGENIE performs single-variant association testing using a score test under the
null hypothesis that the variant has no effect. The phenotype used here is the residual
yrZs';,?)CO’ which has been adjusted for a genome-wide polygenic signal using a leave-one-
chromosome-out (LOCO) approach. The tested genotype g is also residualized with respect

to covariates. The association is modelled as:

Viesia. Loco = B +& €~ N(O’U/ez\l)

The resulting score test statistic is given by:

—

TaA,*
T _ Y Vresid, Loco
linear —

—_— =~

c-g'g

This statistic follows a standard normal distribution under the null hypothesis H,: f§ = 0. For
binary traits, the same ridge regression is used in Step 1, but Step 2 applies logistic

regression with offsets derived from covariate-only models.
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Gene-based association testing groups variants into predefined gene regions specified using
a set list file (via the --set-list flag). Each region corresponds to a gene and contains a set of
variants (typically SNPs) that fall within or near the gene’s boundaries. During testing,
REGENIE aggregates the effects of all variants within each gene using a variant-component
test, such as SKAT (--vc-tests skat), which models the joint effect of variants in a gene as a

random effects.

Gene-based testing was conducted using REGENIE v4.1
(https://rgegithub.github.io/regenie/ ) a whole-genome regression framework designed for
efficient analysis of large-scale genotype datasets. SNPs were mapped to genes using
GENCODE [7] gene annotations, extended by +500 kb to capture regulatory gene regions,
and intersected with SNP coordinates using bedtools [8]. These regions were formatted into
--set-list and --anno-file inputs for REGENIE. In Step 1, ridge regression was used to model
genome-wide polygenic signal and generate leave-one-chromosome-out (LOCO)
predictions. In Step 2, gene-level association testing was performed using a variance-

component test (SKAT kernel) with LOCO predictors.
REGENIE Step 1:

regenie \
--step 1\
--bed ${DATA_PREFIX}\
--phenoFile ${PHENOTYPE_FILE}\
--out ${STEP1_OUT}\
--set-list set_Llist.txt \
--anno-file annotation.txt \
--bsize 1000\
--threads 8\
--vc-tests skat

REGENIE Step 2:

regenie \
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--step 2\

--bed ${DATA_PREFIX}\
--phenoFile ${PHENOTYPE_FILE}\
--out ${STEP2_OUT}\

--set-list set_list.txt \
--extract-sets set_list_inclusion.txt \
--pred ${STEP1_OUT}_pred.list \
--threads 8\

--bsize 1000\

--vc-tests skat \

--anno-file annotation.txt \
--rgc-gene-p \

--pThresh 0.05

3.5.2 SKAT

SKAT [6] isavariance-component method that evaluates the joint effect of multiple genetic
variants (usually within a gene or region) on a phenotype using a kernel-based framework. It
models genetic effects as random variables and is particularly powerful for detecting

associations involving rare variants. The model s specified as:
y=Xa+GL +¢

where y is the phenotype vector,X is the covariate matrix, a are fixed-effect coefficients, G
is the genotype matrix for the variants in the gene set, and g ~ NV (0, TW )represents the
variant effects as random variables with a covariance structure defined by the diagonal

weight matrix W. The SKAT test statistic is given by:
Q=0-NKG -9

where J is the fitted value from the null model (excluding genetic effects), and K = GWG ' is

the kernel matrix encoding genetic similarity. A high value of Q indicates that the set of
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variants jointly contributes to phenotype variability beyond what is expected under the null,

and statistical significance is assessed via resampling or asymptotic distributions.

Gene-level association testing was also performed using the SKAT R package (v2.2.5)
(https://cran.r-project.org/web/packages/SKAT/index.html ). SNPs were grouped by gene
using GENCODE-based annotations with 500 kb padding, and genotype data were subset
using PLINK v1.9. PLINK was used to generate binary genotype files (.bed/.bim/.fam) for
each gene’s variant set, which were then converted into SKAT-compatible SSD format using
Generate_SSD_SetID. Phenotype vectors were extracted from the .fam file, and binary
outcomes were modelled using SKAT_Null_Model(). Gene-level testing was performed with

a linear-weighted kernel.

SKAT Workflow Summary:

1. Extract SNPs using PLINK:

plink --bfile GENOTYPE_PREFIX \
--extract snp_list_chr.txt\
--make-bed \
--allow-no-sex\
--silent\

--out GENOTYPE_PREFIX_SKAT

2. Create .setid and generate SSD:

snp_list <- read.table("snp_list_chr.txt", header = FALSE)

snp_list <- pasteO("SET\t", snp_Llist$V1)

write.table(snp_list, "GENOTYPE_PREFIX.setid", quote = FALSE, row.names = FALSE,
col.names = FALSE)

Generate_SSD_SetID("GENOTYPE_PREFIX.bed",
"GENOTYPE_PREFIX.bim",
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"GENOTYPE_PREFIX.fam",
"GENOTYPE_PREFIX.setid",
"GENOTYPE_PREFIX.ssd",
"GENOTYPE_PREFIX.info")

3. Perform SKAT test:

FAM <- Read_Plink_FAM("GENOTYPE_PREFIX.fam", Is.binary = TRUE)

y <- FAM$Phenotype

obj <- SKAT_Null_Model(y ~ 1, out_type ="D")

SSD.INFO <- Open_SSD("GENOTYPE_PREFIX.ssd", "GENOTYPE_PREFIX.info")
Z <- Get_Genotypes_SSD(SSD.INFO, id=1)

skat_test <- SKAT(Z, obj, kernel ="linear.weighted")

3.6 Polygenic Risk Prediction

An individual's disease risk or polygenic risk is determined by summing the count of risk
alleles across disease-associated SNPs [9], with each variant's effect size (obtained from

larger GWAS summary statistics) serving as the weighting factor, expressed as:

m
i=1

Where:
° PRS]-: PRS score for individual j Using number of alleles (0,1,2)
* Gj;: genotype for individual jat SNP i (with values of 0, 1, or 2)

e [3;: Effect size is associated with SNP i the results obtained from summary

statistics.

Polygenic risk scores were computed using PLINK [10]. Summary statistics were formatted

to match PLINK’s --score input format, specifying SNP ID, effect allele, and corresponding
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effect size. No LD clumping or pruning was applied to preserve the full polygenic signal.
Scores were computed by multiplying the effect size (B) by the allele dosage for each SNP

and summing across all SNPs for each individual:

plink \
--bfile GENOTYPE_PREFIX\
--score PGS _fixed.txt 1 2 3 header \
--allow-no-sex\
--out GENOTYPE_results
Where

o PGS fixed.txt contains the SNP ID, effect allele, and effect size,
o GENOTYPE_PREFIX is the input PLINK-formatted genotype data,
o The resulting GENOTYPE_results.profile file contains the polygenic scores for each

individual.

3.7 Phenotype Prediction Using Machine Learning on Latent Genotype Representation

Following training of the Variational Autoencoder (VAE) on genotype matrices, we extracted
the latent representation for each individual by passing genotype data through the trained
encoder network. The encoder outputs the parameters of the approximate posterior
distribution qo¢(zlx), specifically the mean p and the log-variance log(c2) . To obtain a
deterministic representation for downstream classifiers, we isolated the mean component
p of the latent variable z using tf.split() on the encoder output to obtain a deterministic
representation for downstream classifiers. These p vectors represent a compressed, lower-
dimensional embedding of individual-level genotype data, capturing its most informative

variation.

We implemented four supervised classifiers to evaluate the predictive power of the VAE-
derived embeddings: Logistic Regression, Random Forest, Extreme Gradient Boosting
(XGBoost), and a Feedforward Neural Network. All classifiers were implemented in Python

using scikit-learn [11], xgboost [12], and TensorFlow [13] libraries. Logistic regression
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models were trained using the liblinear solver with L1 and L2 regularization options. Random
forest classifiers were constructed with tunable hyperparameters, including the number of
decision trees (n_estimators) and maximum tree depth (max_depth). XGBoost classifiers
(XGBClassifier) were trained with parameters such as learning rate, tree depth, and number

of boosting rounds.
The deep neural network classifier was implemented using the Keras Sequential API.

We applied Bayesian hyperparameter optimization to optimize each model using the
hyperopt [2]package with the Tree-structured Parzen Estimator (TPE) algorithm
(tpe.suggest). This method adaptively explores the hyperparameter space to minimize

validation loss or maximize accuracy.

Evaluation metrics included classification accuracy and area under the receiver operating
characteristic curve (AUC). Early stopping was used with a patience threshold of five epochs
for the neural network classifier to prevent overfitting. Each classifier was evaluated via 5-
fold stratified cross-validation on the latent embedding matrix z to further assess
generalizability. Final metrics were reported per cohort, and the results of these classifiers

were compared against traditional PRS-based models for benchmarking.

3.8 Evaluation of disease risk model predictions

Accuracy is the ratio of correctly predicted phenotypic instances to the total number of true

phenotypes.

TP+TN
TP+TN + FP +FN

Accuracy =

Where:

- (TP) isthe number of True Positives.
- (TN ) is the number of True Negatives.
- ( FP ) is the number of False Positives.

- ( FN ) is the number of False Negatives.
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Area Under the ROC curve (AUC)

The AUC is calculated as the area under the ROC curve, which plots the True Positive Rate

(TPR) against the False Positive Rate (FPR) at various threshold levels.

1
AUC = J TPR(FPR™*(x)) dx
0

Where:
- (TPR) (True Positive Rate) is defined as(TPZPFN), also known as Sensitivity or Recall.
- (FPR) (False Positive Rate) is defined as (——).

FP+TN

3.9 Crosstrait shared gene analysis and GTEx cross-order correlation

To identify shared pleiotropic genes between complex traits [14], [15], we analyzed the
overlap in RBAM-ED to identify significant genes across traits after FDR [16] correction (p-
value < 0.05). We compute one vs all comparison of the intersected genes across all 17
association results. The intersected genes are similar genes between each comparison. All

overlaps identified are on table 3.4.

For the GTEx cross-order correlation, we quantified shared transcriptional behaviour by
extracting GTEx whole-blood expression profiles for each candidate gene, remapping
EnsemblIDs to HGNC symbols, and computing an all-against-all Pearson correlation matrix
(Supplementary data sheets 18 — 20). The resulting co-expression network (Figure 2.6.1 &
2.6.2) was archived in tabular form and visualised as an annotated lower-triangle heat-map

that can be optionally restricted to the top-NNN most strongly correlated genes.

An overlap emerged between Eosinophil Count, Type 1 Diabetes, and Rheumatoid Arthritis,
where 55 genes (FDR corrected) were co-implicated notably, this subset included genes
involved in antigen presentation and presentation systems [17] (Figure 2.6.1.B),
underscoring the immunogenetic background shared by autoimmune and inflammatory

phenotypes [18], [19].
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The HLA-class Il genes, such as HLA-DRA, HLA-DRB1, and HLA-DQB1, are essential for
presenting extracellular antigens to CD4+ T cells, TAP1/TAP2 is crucial for transporting
peptides into the endoplasmic reticulum for loading onto MHC class | molecules. At the

same time, chaperones like HSP70 facilitate proper folding and peptide assembly [20].

The cross-order correlation matrix was developed using the GTEX [21] blood expression
tissue , which shows the high correlation of HLA genes (figure 2.6.1 B). There was a lower
correlation between the HSPA1B (molecular chaperone) and tap1 (molecular transporter)
genes across the GTEX blood samples. The involvement of these genes across the
immunogenic traits shows that the RBAM approach can discover pleiotropism shared by

three related traits [15].

Alzheimer’s disease and LDL cholesterol levels share 24 overlapping genes that reflect the
well-characterized link [22] between lipid metabolism and neurodegeneration risk. In the
cholesterol metabolism pathway (Figure 2.6.1 A), the highlighted genes include APOE and
members of the APOC cluster (APOC1, APOC2, APOC4). APOE & APOC clusters are

primarily synthesized in hepatocytes [23].

APOE is produced in the rough endoplasmic reticulum, processed in the Golgi, and secreted
to associate with chylomicrons and VLDL particles [24]. It then binds to LDL receptors on
hepatocytes, astrocytes, and macrophages, promoting receptor-mediated endocytosis and
delivering lipoprotein particles to lysosomes for cholesterol release. APOC1, APOC2, and
APOC4 are secreted with chylomicrons and VLDL, modulating lipoprotein lipase activity

[25]. They are also highly correlated in the GTEX blood samples (Figure 2.6.1 A).

Disruption of cholesterol transport and trafficking can lead to aberrant cellular function,
especially in Alzheimer’s disease [26]. APOE (Figure 2.6.1 B) has been structurally validated
as being associated with the pathogenesis of Alzheimer’s Disease [27], [28] , and it is
significantly associated with Dementia in older patients [29]. Proteome-wide association
studies with Alzheimer’s disease revealed an interaction network that included TOMMA40,
APOC1, and APOC2 [30]. Analyses of apolipoprotein isoforms in CSF and plasma from non-

demented elders showed distinct processing patterns in APOC and APOE4 interactions in
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Alzheimer’s disease[31]. These findings suggest that RBAM uncovers disease-specific

drivers and illuminates the molecular underpinnings that cut across different complex traits.

Alzheimer’s (Figure 2.6.1) Disease shared two genes (WIPI2, IGHV30OR16-9) with autism
spectrum disorder, suggesting an unexpected immune or vesicular trafficking component
common to neurodegenerative and neurodevelopmental processes [32], [33], [34], [35].
Lastly, a seven-gene set spanned Coronary Artery Disease, Hypertension, Rheumatoid
Arthritis, Type 1 Diabetes, and Crohn’s Disease, highlighting the broad involvement of

metabolic and inflammatory regulation Alzheimer’s.
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