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S1 Supplementary Methods
S1.1 GNN Architectures for Biologically-Informed Feature
Representation

This section expands on the embedding generation process summarized in the main
manuscript. The GNN architectures described here produce the embeddings visualized
in Figures 1 and 2 of the main text.

S1.1.1 Foundations of Graph Neural Networks

Graph Neural Networks (GNNs) are a class of machine learning models specifically
designed for graph-structured data [1]. Mathematically, a graph is defined as G =
(V, &), where:

® V is the set of nodes (e.g., drugs, genes).
e & is the set of edges representing interactions.

Each node i € V is associated with a feature vector x; € R¥. The graph structure is
encoded in an adjacency matrix A € {0, 1}V*¥ where N = |V|. The primary goal is
to learn a low-dimensional embedding z; € R? for each node that captures both its
intrinsic features and its local neighborhood context via message passing.

S1.1.2 GraphSAGE for Gene Embedding

For gene embeddings, we employed GraphSAGE [2]. GraphSAGE supports various
aggregation strategies to combine information from neighbor nodes A/ (v). The general
forms include:

General Aggregation Mechanisms

® Mean Aggregator:
hFYD = & (W(l) - mean ({hg) Tu € N(U)}) + b(l))
e LSTM Aggregator:
R{+D = LSTM ({h§j> ‘u€ N(U)})

¢ Pooling Aggregator:

R{FY = pool ({hg) fu € N(v)})



Specific Implementation

In this study, we specifically employed the Mean Aggregator for its computational
efficiency. The embedding for a node ¢ at the k-th layer was computed as:

h'® = ReLU <W<k) - MEAN ({hgk‘”} Ul e N(i)})) . (S

where W) is a learnable weight matrix. The final embedding is z; = th) (with
K =2).

S1.1.3 Variational Graph Autoencoder (VGAE) for Drug
Embedding
For drugs, we used a Variational Graph Autoencoder (VGAE) [3] to model the

probabilistic nature of drug interactions.

Encoder

A two-layer GCN parameterizes the approximate posterior distribution ¢(z;|X, A):
p=GCN,(X,A), logo=GCN,(X,A)

Latent Distribution and Sampling

The latent embedding z; is sampled from a Gaussian distribution using the reparam-
eterization trick to allow for backpropagation:

9(2:[ X, A) ~ N (p;, diag(o7))
z; = p; + o;-€, where e ~ N(0,1)

Decoder

The decoder reconstructs the adjacency matrix edges via an inner product:

Aij = O'(ZTZ]‘) (82)

K2

S1.1.4 Training Objectives and Clustering Loss

A key innovation is the integration of a clustering loss to enforce biological coherence.

GraphSAGE Training Objective

The total loss function is composed of reconstruction, clustering, and regularization
terms:
ESAGE = Erccon + )\clustcrﬁclustcr + )\rcgﬁrcg (SS)

where:



¢ Reconstruction Loss (Binary Cross-Entropy):

Erecon = - Z |:A1] log Aij + (1 - Av]) log(l - Av])

(1,7)€E

® Clustering Loss: Penalizes pairwise distances within the target set 7" of 101 known
AD genes:

1
Ecluster = m ; Ignea’JI}’( ||Zl — Zj ||§ (84)

¢ Regularization Loss (L2):

K
Lreg = Z ”W(k)H%
k=1

VGAE Training Objective

The VGAE objective maximizes the evidence lower bound (ELBO), augmented with
the clustering term:

ﬁVGAE = Erecon + AcKL + Aclusterﬁcluster (85)

where L1, is the Kullback-Leibler divergence between the posterior and the prior

p(Z) = N(0,1):

N
Lt = KL (¢(ZIX, A)||p(Z)) = > KL (q(z/X, A)||p(z:))
=1

Alternative Clustering Loss Formulation

While we utilized the max-distance formulation (Eq. S4), future refinements could
utilize a ratio-based objective to minimize intra-cluster variance relative to global

variance: ) o
4 Yier 2 — 213

Ealt —
ﬁ Zjev |z; —Zv |3 +¢

cluster

S1.2 Feature Construction and Pipeline Evaluation
S1.2.1 Selection of Clustering Parameters (Sensitivity Analysis)

To determine the optimal number of clusters (k) for the drug feature construction,
we employed the Elbow Method on the K-Means inertia. As shown in Figure S1, we
iterated k from 2 to 100.
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Fig. S1: Sensitivity analysis for optimal k selection. The plot shows the K-
Means inertia (y-axis) decreasing as the number of clusters (x-axis) increases. The
inflection point (“elbow”) is observed at approximately k = 24, which was selected to
balance cluster compactness with feature granularity.

Rationale for Outlier Filtering (The “20” Threshold).

We analyzed the degree distribution of drug-gene interactions in AlzKB (Median = 10;
Mean = 36.33). We selected a threshold of 20 gene interactions (twice the median),
corresponding to the ~72nd percentile. This rigorous filtering step isolates the top
~28% of highly promiscuous super-connector drugs, preventing them from distorting
the cluster centroids.

Justification for Clustering Loss Weight (A =1).

The weighting factor Acjuster in Equations S3 and S5 controls the trade-off between
preserving global graph topology (Liecon) and enforcing local biological coherence
(Leuster).- We selected a fixed value of A = 1 based on preliminary empirical obser-
vations indicating that both loss components operate within comparable numerical
magnitudes (typically in the range of 107! to 10°) during training. This unit weight-
ing represents a deliberate inductive bias: we hypothesize that the biological prior
(i.e., that known AD entities should cluster together) is equally as informative as the
structural information derived from the knowledge graph. By setting A = 1, we ensure
that gradient updates are driven balancedly by both objectives, preventing the model
from either ignoring biological constraints (if A — 0) or overfitting to clusters at the
expense of feature richness (if A > 1).



S1.2.2 Biological Validation of GNN Embeddings

To ensure that the learned GNN embeddings capture meaningful pharmacological
relationships rather than random noise, we performed an external validation using the
Anatomical Therapeutic Chemical (ATC) Classification System. We extracted ATC
level-4 codes for all drugs in AlzKB and categorized pairwise relationships into two
groups: "Same Class” (pairs sharing the same code) and ”Different Class” (disjoint
pairs).

We formulated the following statistical hypotheses:

e Null Hypothesis (Hp): There is no difference in the distribution of Euclidean
embedding distances between drug pairs in the same ATC class versus those in
different classes (Usame = Haiff)-

e Alternative Hypothesis (H;): Drug pairs within the same ATC class have
smaller Euclidean distances than those in different classes (tsame < faift), indicating
biological clustering.

We conducted a one-sided Mann-Whitney U test to compare the distributions.
As shown in Figure S2, the mean Euclidean distance for same-class pairs was 0.867,
compared to 0.924 for different-class pairs. The test yielded a statistically significant
difference with a p-value of 8.90 x 107!, leading to the rejection of Hy. This confirms
that our GNN architecture, supervised by the clustering loss, successfully encoded
functional biological similarities into the latent space.



GNN Embedding Validation (ATC Classification)
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Fig. S2: Validation of GNN embeddings against ATC classification. Pairwise
Euclidean distances between drugs sharing the same ATC code (green) are consistently
lower than those between disjoint pairs (orange). A Mann-Whitney U test confirms a
statistically significant separation between the distributions (p < 0.001), supporting
the biological relevance of the learned embedding space.

S1.2.3 Drug Similarity Metrics

We computed three distances between GNN drug embeddings (z € R?) to construct
the MAP-Elites novelty dimensions:

Fuclidean Distance

A conventional measure of geometric distance in the embedding space.

D?juclidean _ Hzi o zj||2 _

(S6)




Canberra Distance

A weighted metric that emphasizes relative differences between vectors, making it
sensitive to small changes.

d
pganbersa _ 3 zir = 2ji| o7
S 2 T 57

Cosine Distance

A metric that captures the orientation of embedding vectors rather than their

magnitude.
Z;Zj

Dgosine —1_ (SS)
! 1zi|2|Z; |2
S1.2.4 Gene Score Calculation
For each individual in the ADSP cohort, a score for each gene was computed as:
t
Gene Score = 2B x Genotype) (S9)

Nvariants

where 3 is the GWAS log odds ratio, Genotype is the allele dosage (0, 1, or 2), and
TNvariants 1S the variant count.

S1.3 Supplementary Analysis of Embedding Topology
S1.3.1 Biological Interpretation of Embedding Arms (Figure 1a)

To validate that the topological structure of the learned gene embeddings (Main
Manuscript, Figure 1a) reflects meaningful biological heterogeneity rather than arbi-
trary artifacts, we performed a post-hoc enrichment analysis on the genes located at
the extremes of the UMAP embedding space. Our analysis reveals that the embedding
space disentangles three distinct pathophysiological axes of Alzheimer’s Disease:

e Left Arm (Amyloid Processing & Neuroprotection): The genes with the
lowest dimension-1 coordinates include key drivers of AD pathology, such as the
amyloid precursor protein (APP) and alpha-secretase (ADAM10), alongside neu-
roprotective and vascular markers like VEGFA and NOS3. This localizes the core
molecular pathology within this region.

¢ Right Arm (Ion Homeostasis & Transport): The genes with the highest
dimension-1 coordinates are heavily enriched for ion channels (e.g., CACNA1H,
KCNMB1, HCN3, SCN/A) and solute carriers. This indicates a module repre-
senting membrane excitability and physiological transport, distinct from the core
amyloidogenic processes.

e Top Arm (Neuroinflammation & TNF Signaling): Examining the genes
with the highest dimension-2 coordinates reveals a distinct cluster enriched for
immune regulators, particularly members of the TNF superfamily (e.g., LTA, LTB,



TNFSF14, LTBR) and complement factors (CFD). This suggests the model success-
fully disentangled the neuroinflammatory axis of AD from the amyloid and synaptic
axes.

S1.3.2 Full List of Genes in Topological Arms

The top 20 genes identified in each topological arm (based on extreme UMAP coor-
dinates) are listed below. Bolded genes highlight key functional markers discussed
above.

Left Arm Genes (Core Pathology): FGFR3, TPI1, ITGB1, TF, VEGFA, HMOX1,
PGRMC1, ARRB1, NOS3, ESR1, NCFj, DPYSL2, APP, CRABP2, ADAMI10,
ZAP70, PTPN6, PTPN11, KDM/C, CD79B.

Right Arm Genes (Ion/Transport): GPNMB, GSTA1, ATP6V1B2, GDF2,
SLC22A2, PTH, PIP, KDMG6A, CD244, FBP2, NEU3, SCN4A, EMPI,
CACNA1H, KCNMB1, KCNJ13, SLC5A7, KIR2DS1, HCN3, CELAL

Top Arm Genes (Neuroinflammation): LTA, PAPOLA, LTB, CLK3, TSSKIB,
LTBR, CFD, SRMS, NPY5R, CDK17, SCAP, SLC22A5, AXL, TNFSF1},
CISH.

S1.3.3 Ablation Study: Impact of Clustering Loss

To demonstrate the necessity of our proposed domain-specific clustering loss (Leuster ),
we conducted an ablation study where the models were trained using only the
reconstruction link prediction loss, omitting the clustering term.
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Fig. S3: Ablation Study: Gene Embeddings (Without Clustering Loss).
UMAP visualization of gene embeddings trained without the biological clustering loss.
Unlike the main model (Figure 1), known AD genes (red points) are scattered through-
out the embedding space rather than forming a cohesive cluster. This demonstrates

that the cohesive AD cluster observed in the main manuscript is explicitly driven by
our loss function design.
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Ablation Study: Drug Embeddings (No Clustering Loss)
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Fig. S4: Ablation Study: Drug Embeddings (Without Clustering Loss).
UMAP visualization of drug embeddings trained without the biological clustering
loss. Note that the UMAP projection scale is independent from the gene embeddings.
Similar to the gene results, known FDA-approved AD drugs (red points) are widely
scattered across the latent space. This explicitly demonstrates that the cohesive AD
drug neighborhoods observed in our main analyses are driven by the custom clustering
loss design.

S2 Supplementary Experimental Results
S2.1 Robustness Across Independent Random Seeds

To rigorously validate reproducibility, we visualize the MAP-Elites archival maps from
all 5 independent experimental runs.
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Grid visualization (Dim=16, Seed=1) Grid visualization (Dim=16, Seed=2)
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Fig. S5: Robustness of Grid Exploration (Dim=16). The search consistently
populates high-novelty regions (e.g., cell 3,3), confirming that the identification of
Triclosan is robust.
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Grid visualization (Dim=32, Seed=1)
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Fig. S6: Robustness of Grid Exploration (Dim=32). Notable recovery of the
Ketamine and Quazepam feature set in Seeds 4 and 5.
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S2.2 Gene Ontology (GO) Network Analysis

We visualize GO networks for the novel candidates identified in our exploratory anal-
ysis to confirm that their extracted feature sets form coherent biological modules. The
GO enrichment network analysis was conducted using the Harmonizome tool [4]. In
these visualizations, nodes represent individual genes from the feature set, and edges
denote shared Gene Ontology biological processes. Network modules (distinct func-
tional clusters) were identified using Harmonizome’s default force-directed layout and
community detection algorithms.
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Vitamin Steroid Metal
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Fig. S7: GO-based network clustering (Dim=16, Exemestane Run). Func-
tional modules enriched for steroid catabolism (M1) and vitamin metabolism (M3),
corresponding to the mechanism of Exemestane. The network partitioned into 3
major functional modules, cleanly separating distinct metabolic pathways.
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Fig. S8: GO-based network clustering (Dim=32, Felodipine Run). Clustering
of ion channel regulation genes (e.g., GABRA1) corresponding to Felodipine. The
network visualization highlights 4 distinct functional modules, prominently featuring
a dense module dedicated to neurotransmitter receptor activity.
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S2.3 Analysis of Additional M AP-Elites Cells

We distinguish between candidates found during the initial exploratory phase and
those robustly validated in specific seeds (Table S1).

S2.4 Extended Mechanistic Analysis of Candidates

We expand on the mechanistic implications of three key candidates: Triclosan,
Ketamine, and Quazepam, incorporating recent evidence from 2024-2025.

S2.4.1 Triclosan: Environmental Risk Factor

Triclosan, a widely used antimicrobial, has recently been identified as a potential
environmental risk factor for AD. Cheng et al. (2025) integrated machine learning
with Mendelian randomization to reveal that Triclosan exposure disrupts critical AD-
associated genes (e.g., APP, DRD2) [5]. Furthermore, exposome-wide studies in US
older adults have linked serum Triclosan levels to cognitive decline [6]. Mechanistically,
Triclosan induces neuroinflammation and necroptosis by upregulating TNF-a and
activating the TNFRI signaling axis, leading to RIPK1/RIPK3/MLKL-mediated cell
death [7]. These findings align with our model’s identification of Triclosan-associated
gene sets enriched in inflammatory pathways.

S2.4.2 Ketamine: NMDA Antagonism and Synaptic Plasticity

Ketamine, a non-competitive NMDA receptor antagonist, shows promise for treat-
ing AD-associated depression and potentially improving cognition. A 2025 systematic
review highlight its efficacy in overcoming treatment-resistant depression in AD
patients, possibly via synaptic plasticity enhancement [8]. Recent case reports doc-
ument rapid improvements in cognition and daily functioning following ketamine
therapy [9]. Moreover, its metabolite (2R,6R)-hydroxynorketamine (HNK) has been
shown to rescue hippocampal protein synthesis and memory in AD mouse models [10].
However, some studies in 5XFAD mice report no reduction in amyloid plaque load
[11], suggesting its benefits may be symptom-specific or stage-dependent.

S2.4.3 Quazepam: GABAergic Modulation and E/I Balance

The robust co-retrieval of Quazepam (a long-acting benzodiazepine) with Ketamine
in our high-dimensional search (Dim=32, Seeds 4/5) suggests a model preference for
restoring the Excitation/Inhibition (E/I) balance.

GABAergic Mechanisms

By acting as a GABA 4 agonist, Quazepam may counteract the neuronal hyperex-
citability characteristic of early AD. Preclinical studies support this ”neuroprotective”
hypothesis in specific contexts: low-dose diazepam improved cognition and reduced
amyloid load in APP/PS1 mice by modulating AMPA receptors [12], and midazolam
inhibited amyloid fibril formation in vitro [13].
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Clinical Complexity and Risks

However, the clinical translation of benzodiazepines is complex. Epidemiological evi-
dence is mixed: some studies link long-term use to increased dementia risk [14], while
others find no causal association after adjusting for protopathic bias [15, 16]. In estab-
lished AD, benzodiazepines are generally avoided due to risks of delirium and falls [17].
Furthermore, chronic use may mechanistically exacerbate pathology by upregulating
amyloid-$ via TSPO suppression [18] or promoting tau phosphorylation [19].

Conclusion

Our findings do not recommend Quazepam monotherapy but rather validate the algo-
rithm’s ability to detect potent modulators of the AD-associated GABAergic network.
The simultaneous selection of an NMDA antagonist (Ketamine) and a GABA agonist
(Quazepam) highlights a ”network-balancing” therapeutic hypothesis.

S2.5 Lack of Reproducibility in Standard Evolution (NSGA-II)

To visually demonstrate why standard multi-objective evolution is insufficient for con-
sistent candidate retrieval, we plot the archival maps of NSGA-II (Dim 16) across 5
independent random seeds. As shown in Figure S9, NSGA-II identified Triclosan in
only 1 out of 5 seeds (Seed 3). This highlights the severe stochasticity of the base-
line method compared to the highly reproducible discovery enabled by MAP-Elites
(Figure S5).

16



NSGA-Il Grid (Dim=16, Seed=1) NSGA-Il Grid (Dim=16, Seed=2)

T 0.60953 T 0.59780

34 171 18 316 [ 060013 34 195 345 [ 0.58993
F0.59073 ¢ F0.58207 ¢
] ]
24 466 347 405 % 24 20 508 533 283 %
© F0.58133 g © F0.57420 g
Il s Il s
H b H b
= 5 = 5
5] k057193 9 8 t 056634 8
19 532 496 357 16 2 14 470 524 483 16 2
g g
F0.56252 & f0.55847 &

0 433 80 L o.55312 0 476 11 L 055061

T v T T L 054372 T v T T L 054274

0 1 2 3 0 1 2 3
Euclidean Euclidean

(a) Seed 1 (Missed) (b) Seed 2 (Missed)

NSGA-Il Grid (Dim=16, Seed=3) NSGA-Il Grid (Dim=16, Seed=4)
— 0.60907 — 0.60646
3 150 140 454 [ 0.60029 3 128 140 30 F 0.59719
r 0.59150 2 r0.58793 2
3 3
2 384 459 468 g 24 518 86 254 g
© t 058272 o © F 057866 o
g s Z £
H Z H Z
2 s 2 s
8 [ 0.57393 9 8 [ 0.56940 Y
14 532 519 474 =4 141 532 537 462 =
g g
- 0.56515 & - 0.56013 &
01 461 % b 055637 01 419 80 I 0.55087
T T T T —-0.54758 T T T T —-0.54160
0 1 2 3 0 1 2 3
Euclidean Euclidean

(c) Seed 3 (Triclosan found) (d) Seed 4 (Missed)

NSGA-II Grid (Dim=16, Seed=5)

T 0.60397

3 127 195 30 [ 059851
r 059305 ¢
£
2 535 533 394 g
© F 058759 ¢
] £
£ hst
2 s
8 F 058213 8
1 526 538 E
S
057666 g

0 53 440 t 057120

T T T T —- 056574

[ 3
Euclidean

(e) Seed 5 (Missed)

Fig. S9: Archival maps for NSGA-II in Dim 16 across 5 independent seeds.
Without explicit novelty preservation, NSGA-II is highly stochastic and only identified
Triclosan in 1 out of 5 runs (Seed 1).
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S2.6 Complete Loss of Niche Candidates in High Dimensions
(NSGA-II)

The algorithmic stochasticity of standard multi-objective evolution is further exac-
erbated in high-dimensional search spaces. To demonstrate this, we plot the
archival maps of NSGA-II (Dim 32) across the 5 independent random seeds. As
shown in Figure S10, NSGA-II completely failed to identify the highly novel
Ketamine/Quazepam pair in all 5 runs (0/5). Without the explicit Quality-Diversity
preservation mechanism employed by MAP-Elites, the unguided Pareto front in
NSGA-II suffers from severe directional loss, failing to protect mechanically unique
but globally suboptimal solutions in complex environments.
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Fig. S10: Archival maps for NSGA-II in Dim 32 across 5 independent seeds.
NSGA-II completely failed to identify the Quazepam + Ketamine feature set across
all independent runs, demonstrating severe capability loss in high-dimensional feature
spaces.
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S3 Computational Complexity and Runtime Analysis

To rigorously assess scalability, we tracked the wall-clock time for 20 independent jobs
(5 seeds per method per dimension) executed on the high-performance computing
cluster.

Hardware Specification

We utilized a GPU-accelerated node equipped with Intel Xeon Gold 6254 CPUs
(18 cores, 36 threads), 768 GB of RAM, and NVIDIA Tesla V100-SXM2
(32GB) GPUs.

Table S2 details the runtime comparison.

1. Scalability: While NSGA-II slowed down by ~33% in high dimensions (Dim 32),
MAP-Elites maintained consistent performance.
2. Efficiency: In Dim 32, MAP-Elites was ~48% faster than NSGA-II.

S4 Extended Clinical Background and Rationale
S4.1 The Current Landscape of AD Therapeutics

Alzheimer’s disease (AD) is a progressive neurodegenerative disorder affecting mil-
lions, with high clinical and economic burdens. Despite decades of intensive research,
developing broadly effective disease-modifying treatments has proven exceptionally
challenging [20]. While recent anti-amyloid therapies like Lecanemab and Donanemab
mark significant progress, they offer modest clinical benefits and are associated with
notable safety concerns, highlighting the need for further innovation [21, 22]. The
established therapeutic landscape includes drugs such as donepezil and memantine,
which provide only symptomatic relief, and controversial treatments like aducanumab
with limited efficacy [23]. Given the high failure rate of novel AD therapeutics and the
lengthy, costly development process, alternative therapeutic strategies are urgently
needed [24].

S4.2 The Strategic Value of Drug Repurposing

Drug repurposing—finding new therapeutic uses for existing drugs—offers a faster and
more cost-effective approach to AD treatment. Leveraging established safety profiles
reduces the risk of unexpected adverse events, while preclinical data can accelerate
clinical translation and streamline regulatory approval [25, 26].

The landscape of AD therapeutics increasingly recognizes the potential of drug
repurposing. As of early 2024, repurposed agents constitute a significant portion of the
AD drug development pipeline, with 39 such agents under investigation across various
clinical trial phases [27]. These repurposed candidates are diverse, targeting different
mechanisms; for example, they make up 40% of disease-modifying small molecules and
40% of cognitive-enhancing agents in the current pipeline [27].

Advanced computational strategies and the analysis of multi-omics data are pivotal
in identifying such candidates. For instance, bumetanide has been nominated based
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on transcriptomic studies, while analysis of electronic health records has pointed to
drugs like sildenafil and telmisartan as having repurposing potential for AD [28]. Other
computational approaches, including clinical trial emulation, have identified agents
such as pantoprazole and fluticasone as promising avenues for further investigation
[28]. These examples highlight the active and varied efforts to leverage existing drugs
to address the multifaceted nature of AD. Notably, resources like the Alzheimer’s
Knowledge Base (AlzKB) integrate heterogeneous biomedical data to enable graph-
based inference of novel therapeutic hypotheses [20].
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Table S2: Runtime comparison stratified by embedding dimension. Mean +
SD wall-clock time (hours) across 5 independent seeds.

Method Dimension Generations Time (h) Efficiency Note

MAP-Elites (Ours) 16 500 3.49 + 0.44  Consistent perfor-
mance.

MAP-Elites (Ours) 32 500 3.20 + 0.48 Highly efficient in
high-dim.

NSGA-II (Baseline) 16 500 4.66 + 1.03  Slower baseline.

NSGA-II (Baseline) 32 500 6.20 & 0.45  Significant slowdown
observed.
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