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Abstract 

 

Background 
Alzheimer’s disease (AD) is a complex neurodegenerative disorder with substantial molecular 
variability across different brain regions and individuals, hindering therapeutic development. This 
study introduces PRISM-ML, an interpretable machine learning (ML) framework integrating 
multiomics data to uncover patient-specific biomarkers, subtissue-level pathology, and drug 
repurposing opportunities. 
  
Methods 

We harmonized transcriptomic and genomic data of three independent brain studies containing 
2105 post-mortem brain samples (1363 AD, 742 controls) across nine tissues. A Random Forest 
classifier with SHapley Additive exPlanations (SHAP) identified patient-level biomarkers. 
Clustering further delineated each tissue into subtissues, and network analysis revealed critical 
“bottleneck” (hub) genes. Finally, a knowledge graph-based screening identified multi-target drug 
candidates, and a real-world pharmacoepidemiologic study evaluated their clinical relevance.  
  
Results 

We uncovered 36 molecularly distinct subtissues, each defined by a set of associated unique 
biomarkers and genetic drivers. Through network analysis of gene-gene interactions networks, we 
highlighted 262 bottleneck genes enriched in synaptic, cytoskeletal, and membrane-associated 
processes. Knowledge graph queries identified six FDA-approved drugs predicted to target 
multiple bottleneck genes and AD-relevant pathways simultaneously. One candidate, 
promethazine, demonstrated an association with reduced AD incidence in a large healthcare 
dataset of over 364000 individuals (hazard ratios ≤ 0.43; p < 0.001). These findings underscore 
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the potential for multi-target approaches, reveal connections between AD and cardiovascular 
pathways, and offer novel insights into the heterogeneous biology of AD. 
 
Conclusions 

PRISM-ML bridges interpretable ML with multi-omics and systems biology to decode AD 
heterogeneity, revealing region-specific mechanisms and repurposable therapeutics. The 
validation of promethazine in real-world data underscores the clinical relevance of multi-target 
strategies, paving the way for more personalized treatments in AD and other complex disorders. 
 
 

 

Background 

 
Alzheimer's disease (AD) is characterized by progressive brain shrinkage, leading to symptoms 

such as memory loss, dementia, and language difficulties. This neurodegenerative disorder is 

marked by the accumulation of amyloid-beta plaques and tau protein tangles, which disrupt 

neuronal communication and contribute to the cognitive decline observed in patients (1). Despite 

its significant societal impact, the molecular mechanisms underlying AD remain incompletely 

understood, posing a substantial challenge for developing effective therapies. Currently, 

treatments focus primarily on symptom management rather than altering disease progression, as 

existing medications do not address the underlying disease mechanisms (2).   

 

Advancements in understanding AD have been driven by leveraging extensive experimental 

research and patient data, which provide insights into the complex signaling pathways that drive 

disease progression. However, significant challenges persist in diagnosing and understanding AD 

due to its complex biological nature (Zhang et al., 2024). Traditional bioinformatics methods, such 

as differential gene expression analysis, often fail to capture the intricate, predominantly nonlinear 

patterns in biological data and the heterogeneity of AD. Moreover, studies often focus on single 

omics data types in isolation, which limits our understanding of the systemic nature of the disease 

(3). While current therapeutic approaches typically target a single molecule or a pathway, the 

complex pathophysiology of AD demands a more comprehensive strategy. Moreover, although 

Machine Learning (ML) and deep learning have shown promise in analyzing biological data, the 

opaque nature of these models, the "black box", often hinders their practical utility in elucidating 

disease mechanisms (4). 

 

To overcome these challenges, we have developed a comprehensive data mining framework, 

PRISM-ML (PRecision-medicine using Interpretable Systems and Multiomics with Machine 

Learning), that integrates multiple omics data and combines interpretable ML with systems 

biology to elucidate the molecular mechanisms of AD for individual patients. By combining bulk 

RNA sequencing (RNA-seq) transcriptomics data with Genome-wide Association Study (GWAS) 

data from the same patient and control cohort, we have identified patient-level and subtissue-
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specific biomarkers and genetic markers. This approach has enabled the construction of 

biologically meaningful subtissue-specific gene-gene interaction networks. Employing a Random 

Forest classification model with a leave-one-patient-out cross-validation (LOOCV) strategy and 

utilizing SHapley Additive exPlanations (SHAP). 

 

Finally, our framework addresses the interpretability challenges common in ML while maintaining 

high predictive accuracy. By revealing primary cellular dysregulations and identifying critical 

intermediate message-passing genes within pathways, our research ultimately identified six multi-

target repurposed drugs predicted to strongly and effectively interact with multiple network hub 

genes. One of drug candidates, promethazine is associated with a markedly reduced risk of AD 

(hazard ratios (HRs) ≤ 0.43; p < 0.001) in a large cohort from real-world healthcare data, 

supporting the validity of our approach.  

 

Through network analysis that connects different omics layers, we provide a systems-level 

understanding of AD pathology, paving the way for more effective therapeutic precision-medicine 

treatment strategies. The subsequent sections of this manuscript will detail our methodologies, 

findings, and the implications of our integrated multiomics approach to study AD. 

 

Results  

1. Overview of the PRISM-ML Framework 

 

In this study, we introduce PRISM-ML (PRecision-medicine using Interpretable Systems and 

Multiomics with Machine Learning) as a framework for analyzing AD through multiomics and 

systems-level lens (Fig. 1). By integrating transcriptomic and genomic data from over 2,100 post-

mortem samples across nine brain tissues, PRISM-ML illuminates patient-specific molecular 

features and regional disease heterogeneity. Its combination of interpretable ML and systems 

biology pinpoints dysregulated pathways and enables systematic exploration of potential 

therapeutics via drug repurposing. 

 

Conceptually, PRISM-ML follows four major steps. First, a Random Forest classifier (optimized 

and explained via SHAP (5)), was used to identify high-impact biomarkers distinguishing AD 

samples from control samples on an individual patient basis. Second, clustering segments each 

brain region into multiple “subtissues,” capturing local molecular patterns. Third, these subtissue-

level biomarkers, combined with AD-associated variants, form gene-gene interaction networks 

that reveal “bottleneck” genes critical for AD-related pathways. Finally, a knowledge graph 

.CC-BY-NC 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted March 28, 2025. ; https://doi.org/10.1101/2025.03.24.644676doi: bioRxiv preprint 

https://doi.org/10.1101/2025.03.24.644676
http://creativecommons.org/licenses/by-nc/4.0/


   

 

  4 

 

approach highlights FDA-approved drugs that target these bottleneck genes, identifying candidates 

capable of influencing multiple disease-relevant pathways. 

 

This multi-pronged strategy yields several key insights. We identified 36 distinct subtissues and 

262 critical bottleneck genes—central mediators of AD pathology—enriched in genes related to 

synaptic transmission, cytoskeletal regulation, and extracellular matrix organization. Amonf the 

six predicted multi-target drugs, promethazine demonstrated a 62% reduction in AD risk in an 

independent pharmacoepidemiologic dataset, validating its clinical potential. 

 

PRISM-ML advances precision medicine by unifying patient-specific biomarkers, subtissue-level 

pathology, and multi-target drug discovery into a single pipeline. Its interpretable design addresses 

the "black box" limitations of conventional ML, whereas its systems biology approach uncovers 

shared mechanisms between AD and comorbidities such as cardiovascular diseases. This 

framework establishes a blueprint for studying complex diseases, emphasizing actionable 

therapeutic insights over isolated molecular signatures. 
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Figure 1. PRISM-ML: integrating systems biology, multiomics, machine learning for Alzheimer’s disease 

drug repurposing. 

(a) Multiomics integration and subtissue identification: Bulk RNA-seq and GWAS data from 2,105 post-mortem brain 

samples (1,363 AD patients, 742 controls) across nine tissues were harmonized. A Random Forest classifier with 

SHAP analysis identified 175 patient-specific unique biomarkers per sample on average. Unsupervised clustering 

stratified each tissue into four molecularly distinct subtissues (36 in total). Subtissue-specific biomarkers—high-

impact genes shared across samples within each subtissue cluster—were derived by intersecting patient-level 

biomarker sets. Mutation rate analysis of AD-associated SNPs revealed subtissue-specific genetic drivers. 

(b) Subtissue-specific networks and bottleneck genes: Subtissue-specific gene-gene interaction networks connect 

biomarkers and genetic drivers via critical intermediate "message-passing" genes. Topological metrics (e.g., 

betweenness centrality) prioritized 262 high-centrality bottleneck genes enriched in synaptic transmission, ion 

transport, and extracellular matrix organization. 
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(c) Drug repurposing and real-world validation: Knowledge-graph screening flags six FDA-approved drugs (e.g., 

promethazine, Disopyramide) that target multiple bottleneck genes. In a cohort of 364733 individuals, promethazine 

use was associated with a significantly reduced AD risk (HRs ≤ 0.43; p < 0.001). 

 

2) PRISM-ML Identifies Patient-level AD Biomarkers  

 

First, we compiled a multiomics dataset by merging matched bulk RNA-sequencing and genome-

wide association study (GWAS) data from the same donors in three large-scale AD brain tissue 

studies: the Religious Orders Study and Rush Memory and Aging Project (ROSMAP) (6), The 

Mount Sinai Brain Bank (MSBB) (7), and the Mayo RNA-seq study (MAYO) (8). This integration 

yielded 2,105 post-mortem brain tissue samples—1,363 classified as AD patients and 742 as 

controls—originating from 307 males and 528 females (Table 1). Each sample came from one of 

nine distinct brain tissues (details in Methods). By ensuring that both transcriptomic and genomic 

data were derived from the same individuals, this harmonized dataset provides a robust foundation 

for downstream analyses, capturing patient-level molecular variation across diverse brain tissues. 

Figure 2a presents a t-Distributed Stochastic Neighbor Embedding (t-SNE) plot visualizing the 

distribution of total samples in the data. 

 

To identify patient-specific biomarkers underlying AD heterogeneity, we analyzed the gene 

expression profiles of brain samples. We then trained a Random Forest classifier—using a 

LOOCV scheme—on these features. At each iteration, a model was trained on every sample except 

a single test case; the withheld sample was then classified as AD or control by the model. This 

approach yielded strong predictive metrics, with precision and recall rates of 0.87 and 0.94 for the 

AD class, and 0.88 and 0.74 for the healthy control class, respectively, along with a predictive 

score for each sample (score ranging from 0–1), indicating its likelihood of belonging to the AD 

group.  

 

2.1 SHAP Analysis Pinpoints Personalized Biomarker Sets 

 

To interpret the model’s decisions, we used SHAP (Lundberg & Lee, 2017), which computes, for 

each prediction, a gene-level “importance” score reflecting how much that gene influenced the 

individual’s classification. On average, this analysis identified approximately 175 high-impact 

genes per patient, representing a personalized biomarker set for each individual sample in the 

dataset. These gene sets, selected for their high SHAP values (5), provide a detailed view of the 

unique molecular signatures specific to each patient, distinguishing clearly between healthy and 

diseased states. Figure 2b illustrates the distribution of SHAP values for several genes across all 

iterations, highlighting the differential impact of genes on the models’ decisions across disease 

samples. 
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To ensure reliability, we focused on 720 AD patient samples with predictive scores >0.82 (AD 

cohort average) for the subsequent analyses. This filtering step excluded borderline samples that 

might reflect model noise, allowing subsequent biomarker comparisons to center on confidently 

classified AD cases. Figure 2c presents a t-SNE plot visualizing the distribution of the 720 robustly 

classified AD cases. 

 

2.2 High-SHAP Genes Converge into Tissue-Specific Biomarker Sets 

 

Using the 720 confidently classified AD patients, we grouped them by their tissue of origin (one 

of nine brain regions). Within each tissue, each patient had her/his own set of high-SHAP 

biomarkers. We then intersected the biomarker sets of all AD patients belonging to that tissue, 

identifying “common” biomarkers—genes deemed critical across all individuals within the same 

brain region. On average, we found 1 to 36 such genes per tissue, with TCX and PCC showing the 

greatest overlap, reflecting regionally conserved dysregulation (Fig. 2d). As illustrated in Fig. 2e, 

the tissue-specific biomarker sets display varying degrees of overlap across different brain regions, 

with darker cells indicating a greater number of shared genes. These findings confirm that, despite 

patient-level variability, there are consistently influential genes within specific brain regions, 

implicating shared mechanisms in AD progression. 

 

2.3 Tissue-specific Biomarkers Demonstrate Clear Biological Significance 

 

To assess whether our Random Forest/SHAP approach identified biologically meaningful genes, 

we combined all tissue-specific (common) biomarkers—yielding a total of 56 genes across 

tissues—and performed GSEA via the DAVID Bioinformatics database (14). The enriched 

pathways and GO terms included membrane-binding functions (e.g., integrin, heme, channel, 

symporter binding) and extracellular matrix organization (Fig. 2f, g), which are pathways critical 

for synaptic integrity and disrupted in AD (23). Notably, dysregulated ion transport (Fig. 2h) aligns 

with Aβ-induced neuronal hyperexcitability (24), confirming that our biomarkers are linked to AD 

pathophysiology. These findings suggest that our ML pipeline successfully discerns relevant 

molecular features rather than random signals. 
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Figure 2. Sample-level and tissue-specific biomarkers reveal regionally conserved molecular dysregulation in 

Alzheimer’s disease. 

(a) t-SNE visualization of all 2,105 post-mortem brain samples (AD and controls) colored by tissue of origin, 

illustrating the overall distribution before filtering. 

(b) Scaled SHAP value distributions for representative genes, ranked by their contribution to the Random Forest 

model’s classification of AD vs. control. Each point corresponds to one sample, demonstrating how individual genes 

differentially influence outputs of the models. 

(c) t-SNE projection of the 720 AD samples that exceeded the average predictive score (i.e., “confidently classified” 

AD cases), showing the final subset used for tissue-specific biomarker analysis.  

(d) Bar plot of the number of “common biomarkers” found in each brain region (i.e., high-impact genes shared by all 

confidently classified AD samples within that tissue). TCX and PCC subtissues exhibit the largest sets. 

(e) Heatmap illustrating overlaps of common biomarkers among different tissues; darker cells denote a greater degree 

of shared genes. 

(f–h) GSEA results for the union of all tissue-specific biomarkers (56 genes). (f) Enrichment in membrane-binding 

activities (integrin, heme, channel, heparin, symporter), (g) shows associations with secreted proteins and extracellular 
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matrix organization, and (h) emphasizes processes involved in transport, including ion and potassium transport. 

Collectively, these results underscore the biological relevance of the machine-learning–derived biomarkers, 

pinpointing pathways central to AD pathogenesis. 

 

3) Subtissue-Specific Biomarkers and Genetic Drivers Reveal Regional Heterogeneity in 

Alzheimer’s Disease 

 

3.1 Four Subtissues per Brain Region Capture Finer Molecular Diversity 

 

Following the identification of patient-level biomarkers, we next sought to characterize molecular 

heterogeneity at a finer resolution by clustering each brain tissue into four molecularly distinct 

subtissues. We applied K-means clustering to transcriptomic profiles of samples within each brain 

tissue, using the union of patient-specific biomarker sets (see previous section) as input features. 

On the basis of the standard clustering metrics (see Methods), we identified four stable clusters per 

tissue, each containing a number of samples, resulting in 36 total subtissues across nine brain 

regions. This subdivision captures local molecular variations within a tissue, potentially offering 

deeper insight into the complex pathological landscape of AD. 

 

3.2 Subtissue-Specific Biomarker Sets Expose Localized AD Mechanisms 

 

Each AD patient carried its own set of high-impact genes (~175 per patient) from the Random 

Forest–SHAP analysis. To derive subtissue-specific biomarker sets, we intersected the sample-

level biomarker lists of all AD samples that fell within the same subtissue cluster. This intersection 

thus identified genes that were consistently important across individuals in that subtissue. The size 

of these shared biomarker sets ranged from 4 to 80 genes per subtissue, reflecting variable degrees 

of molecular commonality (Fig. 3a). Notably, subtissues derived from FP tissue exhibited the 

fewest overlapping biomarkers (~4), whereas a certain CBE subtissue contained up to 80 shared 

genes. Such variation underscores the distinct pathobiology within different brain subtissues. 

  

Combining the biomarker sets from all 36 subtissues produced 183 unique genes in total. A 

complete list of these genes, along with per-subtissue summary statistics, is provided in Table S1. 

A heatmap of these biomarkers highlights overlapping genes in pairwise subtissue comparisons 
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(Fig. 3b), revealing that some gene sets are highly region-specific, whereas others span multiple 

subtissues. 

 

3.3 Functional Enrichment Confirms the Importance of Subtissue Biomarkers 

 

To evaluate the biological significance of these 183 aggregated biomarkers, we performed GSEA. 

The full per-subtissue breakdown (e.g., the top genes in each subtissue) is available in Table S1. 

This analysis revealed associations with diverse disease processes, including AD, type 2 diabetes, 

chronic renal failure, breast cancer, and hypertension (Fig. 3c). These links may reflect shared 

pathways in metabolic disorders and neurodegeneration—such as insulin signaling deficits and 

dysregulated apoptosis implicated in AD (25,26)—or broader comorbid mechanisms. As AD 

emerged among the significantly enriched diseases in the aggregated biomarker set which 

demonstrates the ability of the Random Forest–SHAP approach to prioritize well-established AD 

genes and supports the pipeline’s overall reliability.  

 

GO terms strongly enriched cell ion transport, differentiation, and angiogenesis, processes that are 

also recognized as associated with AD (24,27) (Fig. 3d). The analysis also highlighted their 

involvement in cell secretion and extracellular matrix organization, processes critical in AD 

advancement (23) (Fig. 3e). Moreover, reactome pathway analysis revealed that biomarkers 

participate in signal transduction, carbohydrate metabolism, and extracellular matrix organization, 

further underscoring their comprehensive impact on cellular and molecular functions relevant to 

AD (23,28) (Fig. 3f). 

 

3.4 Differential Expression Underscores Additional AD-Related Genes 

 

As a complementary approach, we employed Limma (13), to compare AD vs. control expression 

levels across all tissues, identifying 2,347 ifferentially expressed genes (DEGs) with an absolute 

log2-fold changes > 0.5 at Bonferroni-adjusted p < 0.05 (Fig. 3g). Among the 183 subtissue-

specific biomarkers, 88 were significantly upregulated and 72 were downregulated, whereas 23 

did not meet the differential-expression threshold yet still presented high SHAP importance. These 

23 genes may exert regulatory effects through transcriptional or post-transcriptional mechanisms, 

as evidenced by several genes enriched in NOTCH1 signaling or reported to have high brain 
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expression. Taken together, these findings highlight the added value of integrating ML–based 

feature selection with standard expression-level contrasts to capture a broader spectrum of AD-

relevant genes. 

 

3.5 GWAS Data Pinpoint Subtissue-Specific Genetic Drivers 

 

Building on the multifactorial nature of AD and the influential role of genetic variation in disease 

progression, we next examined genetic drivers in each subtissue via GWAS data matched to our 

transcriptomic dataset. Specifically, we focused on 96 well-characterized AD-associated genes and 

their lead variants (12) and compared their mutation rates and allele frequencies in each subtissue 

against population-wide background allele frequencies in the full patient population (Fig. 3h). 

  

Permutation and chi-square tests pinpointed distinct genetic signatures in each subtissue, 

underscoring the variability in genetic architecture that may underpin the regional molecular 

heterogeneity of AD. By integrating these subtissue-specific genetic findings with previously 

identified transcriptomic biomarkers, we obtained a more comprehensive view of AD pathology 

at the subtissue level. However, phenotypic outcomes generally arise from the interplay among 

multiple genes and pathways. Accordingly, to elucidate how genetic drivers interact with 

transcriptional biomarker pathways, we constructed subtissue-specific gene-gene interaction 

networks (see Results Section 4). 
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Figure 3. Subtissue-level biomarker discovery, functional enrichment, and genetic driver analysis in AD. 

(a) Bar plot of shared biomarkers (y-axis) identified by intersecting patient-level gene sets within each of the 36 

subtissues (x-axis), ranging from 4-80 per subtissue/cluster. 

(b) Heatmap showing the overlap of biomarker sets across different subtissues. Darker cells depict a higher degree 

number of shared genes. 

(c) Disease enrichment analysis (top six diseases) based on the union of subtissue-specific biomarkers, highlighting 

comorbid or mechanistically related conditions (e.g., type 2 diabetes, chronic renal failure, and breast cancer). 

(d–f) Representative Gene Ontology (GO) and Reactome enrichment results, demonstrating that the aggregated 

biomarkers are enriched in processes related to cell transport, differentiation, angiogenesis, extracellular matrix 

organization, and carbohydrate metabolism. 

(g) Volcano plot from differential gene expression analysis comparing AD vs. control samples (|log2 fold-change| > 

0.5, and Bonferroni-adjusted p < 0.05). Biomarkers previously identified by the machine learning approach (colored 

points) show varied expression patterns, emphasizing the synergy between statistical and ML-driven methods. 
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(h) Analysis of 96 AD-associated genes in GWAS data, illustrating a bar plot of subtissue-specific genetic drivers. 

Chi-square and permutation tests detect significant differences in mutation rates compared with background 

frequencies, underscoring the heterogeneous genetic architecture underlying AD pathophysiology across distinct brain 

regions. 

 

4) Network Analysis Uncovers Critical Bottleneck Genes as Therapeutic Targets in 

Alzheimer’s Disease 

 

4.1 Subtissue-Specific Gene-Gene Interaction Networks Reveal Key Mediators  

 

To investigate how biomarkers and genetic drivers converge within each brain region, we 

constructed subtissue-specific gene-gene interaction networks. Each network, derived from RNA-

seq profiles of AD samples in a given subtissue, represents a co-expression matrix that highlights 

potential regulatory relationships among genes. In these matrices, biomarkers (orange nodes) and 

genetic drivers (green nodes) generally do not interact directly; instead, they are connected through 

“message-passing” intermediates (blue nodes) that mediate signaling cascades influencing AD 

progression and ultimately affecting the phenotype. A representative example from one neocortex 

subtissue is shown in Figures 4a–4c. Figure 4a displays the entire subtissue co-expression network, 

whereas Figure 4b isolates only biomarkers, genetic drivers, and their intermediate connections. 

Figure 4c further highlights high-centrality (hub) genes in red. Figure 4d shows the variability in 

number of message-passing intermediate genes among subtissues. 

 

4.2 Prioritizing Critical Bottleneck Genes through Centrality Metrics 

 

In each filtered subtissue-specific gene-gene interaction network which included only biomarkers, 

genetic drivers, and the intermediate message-passing genes, we ranked the constituent genes by 

multiple centrality metrics (e.g., betweenness, and closeness). These metrics assess a gene's 

connectivity and influence within the network, pinpointing those with the most significant roles in 

mediating cellular communication within the subtissue network. Genes consistently scoring high 

in connectivity and low in clustering were designated as candidate hub genes, as they appear 

pivotal in bridging communication between biomarkers and genetic drivers within the filtered 

network. This initial analysis yielded 22–30 candidate hub genes per subtissue.  
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To prioritize underexplored therapeutic possibilities, we then filtered out well-characterized AD 

genes from each hub-gene list, focusing on less-studied but highly ranked genes. These critical 

bottleneck genes likely offer novel insights into AD pathophysiology and could serve as new 

therapeutic targets. The number of critical bottleneck genes varied across subtissues (Fig. 4e), 

reflecting the heterogeneous genetic architecture of AD in different brain regions. A complete 

listing of these bottleneck genes—including subtissue affiliations, and annotation details—can be 

found in Table S1. 

 

Ultimately, unifying the critical bottleneck genes from all subtissues yielded 262 unique drug 

target candidates. Figure 4f illustrates how these bottlenecks interact in the broader human 

proteome (16). By integrating biomarkers, genetic drivers, and their bottleneck genes, this set 

underscores a systems-level perspective on AD pathology and suggests new directions for drug 

discovery and therapeutic interventions. 

 

4.3 Functional Enrichment Links Bottleneck Genes to Core AD Pathobiology 

 

To evaluate the biological relevance of the 262 consolidated bottleneck genes, we performed GO 

and Reactome enrichment analyses (Figs. 4g–4j). The majority of these genes encode membrane 

or synaptic junction proteins involved in ion transport, adhesion, and differentiation—key 

processes linked to AD pathology (24,29). Other enriched functions included extracellular matrix 

organization and cellular secretion, both of which have been implicated in AD progression (23,30). 

 

Reactome analysis highlighted processes such as signal transduction, nervous system 

development, small-molecule transport, actin cytoskeleton regulation, and axon guidance—all 

relevant to the molecular mechanisms of AD (24,30,31). Notably, cytoskeletal dysregulation has 

gained attention for its role in synaptic integrity (31), indicating that it as a potential area of further 

investigation.   

 

Moreover, many of these bottleneck genes are associated with additional diseases—ranging from 

diabetes to neuropsychiatric disorders—suggesting shared mechanisms and underlining broader 

implications for comorbidities in AD. Together, these findings suggest that the identified 
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bottleneck genes warrant deeper exploration as candidate targets for pharmacological intervention, 

which we address in the subsequent section on drug repurposing. 

 

 

Figure 4. Subtissue-specific gene-gene interaction networks, identification of critical bottleneck genes, and 

their functional relevance in AD. 

(a) Weighted gene co-expression network (magenta) from a representative neocortex subtissue, capturing all genes 

expressed in that cluster. 

(b) The same network filtered to include only biomarkers (orange nodes), genetic drivers (green nodes), and 

intermediate “message-passing” genes (blue nodes). 
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(c) Highlighting hub genes (red nodes) identified by multiple centrality measures (e.g., degree, betweenness, 

PageRank). 

(d) Bar chart showing the number of intermediate bridging genes for each of the 36 subtissues; one was excluded for 

insufficient samples. 

(e) Variations in the counts of critical bottleneck genes (i.e., highly ranked novel hub genes) across subtissues, 

reflecting regional heterogeneity. 

(f) STRING-based protein–protein interaction map of the final 262 bottleneck genes, illustrating their 

interconnectivity in the broader human proteome. 

(g–j) Functional enrichment analyses of these bottleneck genes, including cellular component (g), molecular function 

(h), Reactome pathway (i), and disease associations (j). The enriched terms highlighted roles in membrane localization, 

synapse organization, ion channel activity, signal transduction, cytoskeletal regulation, and various comorbid 

conditions such as type 2 diabetes. 

(k) Pharmacoepidemiologic analysis of the associations of promethazine versus cyproheptadine with AD (forest plot) 

demonstrating a hazard ratio under different adjustment methods, supporting the therapeutic relevance of one 

identified drug candidate in real-world patient data.  

(l) molecular structures of the six repurposed candidate drugs 

(m) Illustration of real-world pharmacoepidemiologic study design. 

 

5) Drug Repurposing Suggests Multi-Targeted Strategies for AD Treatment 

 

5.1 Knowledge-Graph Analysis Discovers FDA-Approved Drugs Targeting Bottleneck 

Genes 

 

To identify multi-target drug candidates against our 262 bottleneck genes, we leveraged the 

Bioteque knowledge graph (18). This resource harmonizes over 150 data sources into a unified 

network of more than 450,000 biological entities (such as 20108 genes and 137396 compounds) 

and 30 million relationships—encompassing drug–gene, gene–disease, and other cross-domain 

interactions. By using the Bioteque’s precomputed embeddings and traversing multi-step 

metapaths (e.g., compound–gene–gene), we systematically evaluated drug–gene affinity with 

cosine similarity and confirmed strong predictive performance (Area Under the Curve (AUC)-

based reconstruction) at a 0.65 similarity cutoff. These precomputed embeddings not only reduce 

dimensional complexity but also preserve topological signals in the original network, enabling 

efficient retrieval of drug–gene associations. 
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In line with the Bioteque’s demonstration that multi-step ‘metapaths’ (e.g., compound-interacts-

gene-coexpresses-gene) can uncover novel therapeutic relationships, our analysis traverses 

compound–gene routes to pinpoint drugs with plausible multi-target activities relevant to AD. 

Specifically, we focused on four embedding “routes” (metapaths) that connect compounds to genes 

through different intermediate relationships (“interacts” or “coexpresses”, “codepends”, and 

“protein-protein interacts”), quantifying gene–drug affinity with cosine similarity. These 

metapaths capture distinct biological mechanisms, from direct binding to indirect regulatory 

effects, ensuring a holistic view of drug-target relationships.  

 

For each metapath, we first compared each of the 262 bottleneck genes (identified via network 

analysis) to every compound in the Bioteque, retaining the top five hits per gene based on the 

similarity/confidence score. By merging these hits across the four metapaths, we identified a total 

of 2355 high-confidence drug–gene pairs spanning 225 bottleneck genes and 1600 unique 

compounds. We then applied two filtering criteria—(i) a cosine similarity of 0.65 or higher, and 

(ii) targeting of at least two bottleneck genes—yielding six FDA-approved drugs (Fig 4l): pyrantel 

(5 targets), promethazine (3 targets), disopyramide (3 targets), nicardipine (2 targets), 1-

benzylimidazole (2 targets), and pagoclone (2 targets). 

 

Three of these candidates (disopyramide, nicardipine, and 1-benzylimidazole) are predominantly 

cardiovascular agents that address conditions such as arrhythmias or hypertension. Moreover, 

pyrantel and promethazine exhibit anti-inflammatory or neuromodulatory properties, suggesting 

particular relevance for AD interventions. pagoclone, an anxiolytic partial Gamma-Aminobutyric 

Acid (GABA)-A receptor agonist, presents a novel therapeutic avenue without the sedative 

drawbacks of related compounds. The following subsections describe each agent’s pharmacologic 

attributes and their potential impact on AD. 

 

5.2. Predicted Repurposed Drugs Show Diverse but Similar Pharmacological Profiles 

 

Our analyses highlighted six FDA-approved drugs (Fig 4l) —promethazine, disopyramide, 

pyrantel, nicardipine, pagoclone, and 1-benzylimidazole—that, despite disparate primary 

indications, converge on mechanisms potentially relevant to AD. Below, we summarize their 

documented pharmacological actions and AD-related rationales. 
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promethazine (Phenergan) is a first-generation H1-antihistamine and an antagonist of the D2 

dopamine receptor with strong sedative effects and moderate anticholinergic properties, used for 

several allergic reactions (32). It also exhibits N-Methyl-D-Aspartate (NMDA) receptor 

antagonism, potentially conferring neuroprotective benefits by reducing excitotoxic damage. 

Clinically, promethazine is widely used for allergic symptoms, nausea, and adjunctive 

management of psychosis-induced aggression (33). In vitro, promethazine scavenges reactive 

oxygen species and modulates genes such as COX-2, suggesting anti-neuroinflammatory 

properties (34). A screening has shown that promethazine can bind amyloid-β plaques in post-

mortem tissue, raising possibilities for modifying or imaging amyloid pathology (35). 

Additionally, when it is used alongside haloperidol for rapid tranquilization, it may also alleviate 

agitation or aggression in AD patients (33). 

 

Disopyramide (Norpace), a class Ia antiarrhythmic agent, is employed to manage ventricular 

tachycardia and hypertrophic cardiomyopathy, reducing myocardial contractility and potentially 

benefiting neurological conditions through the modulation of voltage-gated sodium channels (36). 

While early AD is often accompanied by aberrant network hyperactivity or subclinical seizures, a 

sodium-channel blocker could hypothetically stabilize firing rates and prevent excitotoxic damage 

(37). 

 

Pyrantel, which is used to treat several worm infections, is a depolarizing neuromuscular blocker 

that mimics acetylcholine at nicotinic receptors in parasitic nematodes. It is FDA-approved for 

treating pinworm and hookworm infections (38). By activating nicotinic acetylcholine receptors, 

pyrantel can bolster synaptic plasticity and dampen neuroinflammation, aligning with 

cholinomimetic strategies in AD (39).  Additionally, similar nicotinic receptor agonists (e.g., 

varenicline) have shown cognitive or anti-inflammatory benefits in models, reducing AD 

pathology (Mitra et al., 2020). 

 

nicardipine (Cardene IV), an FDA-approved drug used to treat high blood pressure, is a 

dihydropyridine calcium-channel blocker that reduces Ca²⁺ influx in vascular smooth muscle, 

improves cerebral perfusion and lowers blood pressure (40). By preventing Ca²⁺ overload and 

boosting cerebral blood flow, nicardipine may protect neurons from ischemic and inflammatory 
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damage (41). Epidemiological data suggest that dihydropyridines (nifedipine, nilvadipine) slow 

cognitive decline via antiamyloid or vasoprotective mechanisms (42). nicardipine is used for acute 

stroke management, implying potential synergy in AD, where chronic hypoperfusion accelerates 

pathology (Duncombe et al., 2017). 

 

pagoclone is a non-benzodiazepine partial GABA-A receptor agonist designed for anxiety and 

tested for stuttering. Its partial agonism reduces anxiety with less sedation or dependence than full 

benzodiazepines (44). Mild GABA enhancement can quell neuronal hyperexcitability, which is 

frequently observed in early AD, without the cognition-impairing effects of benzodiazepines (45). 

Moreover, the anxiolytic profile of pagoclone may help manage agitation or anxiety in AD patients 

(45). 

 

1-benzylimidazole, which is recognized for its positive inotropy and thromboxane A₂ synthase 

inhibition, has been explored as a cardiotonic and anti-inflammatory agent (46). Thromboxane A₂ 

is not only a platelet aggregator but also a pro-inflammatory mediator that can be produced in the 

brain. By inhibiting Thromboxane A₂ production, 1-benzylimidazole may enhance cerebral 

perfusion and reduce pro-inflammatory eicosanoids, addressing microvascular deficits in AD 

patients (47). 

 

Although each candidate poses distinct caveats—anticholinergic risks (disopyramide, 

promethazine) or uncertain Central Nervous System (CNS) penetration (pyrantel)—they share 

mechanisms potentially relevant to multiple AD pathways. promethazine and pagoclone may 

mitigate neuropsychiatric symptoms and excitotoxicity, nicardipine and 1-benzylimidazole target 

vascular and inflammatory processes, and pyrantel can bolster nicotinic cholinergic function. 

However, the potent antimuscarinic profile of disopyramide demands caution. Overall, these 

findings underscore the value of multi-target drug screening in AD and call for further research to 

determine whether such repurposed agents can meaningfully alter disease trajectories or symptom 

burden. 

 

5.3. Drug–Entity Network Suggests Convergent Pathways with Potential AD Relevance 
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To expand on each compound’s potential mechanisms, we extracted node embeddings from the 

Bioteque knowledge graph (18) and computed cosine similarities between each repurposed drug 

and the nodes of two entities, namely molecular functions and pathways. Retaining the top five 

hits per compound allowed us to pinpoint commonly repeated features that might underlie shared 

pharmacological effects. 

 

Several compounds clustered around metabolic or contractile pathways—such as glycogen 

breakdown (glycogenolysis) and striated muscle contraction— have long been viewed as muscle-

specific processes but are now recognized in AD due to astrocyte-regulated glycogen metabolism 

affecting neuronal signaling (48), and muscle-derived factors influencing hippocampal network 

development (49). We also identified repeated hits for processes such as DNA methylation and 

calcium-dependent regulation, which are known contributors to neuroinflammation and synaptic 

dysfunction in AD (50,51). 

 

Next, we identified repeated occurrences of myosin binding, calcium-dependent kinase regulation, 

and RNA polymerase II transcription factor binding among the top similar molecular functions. 

Although these are not classically “Alzheimer’s-specific” terms, dysregulation of calcium 

signaling and altered gene transcription are integral to AD pathophysiology (51). Hence, the 

network-level findings suggest multi-target potential of our candidate drugs. Recognizing these 

convergent pathways sets the stage for further validation: in the next section, we examine whether 

one of these candidates (promethazine) indeed demonstrates real-world benefits against AD in 

large-scale Electronic Health Records (EHR) data. 

 

6. Promethazine is Associated with a Reduced AD Risk in Real-world Data 

 

We identified 353856 individuals with promethazine exposure and 10877 individuals with 

cyproheptadine, a H1-antihistamine drug similar to promethazine (19), exposure. Figure 4m 

depicts the study design. The demographics of the study population are presented in Table S2. 

Compared with cyproheptadine exposure, promethazine exposure was associated with a reduced 

risk of AD in covariate-adjusted Cox model (HR (Hazard Ratio) =0.38, 95% CI: 0.27-0.53, and p 

<0.001, Fig. 4k) and Cox model using inverse probability of treatment weighting (HR =0.43, and 

P <0.001, Fig. 4k). The full results of the covariate-adjusted Cox model are presented in Table S3. 
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This significant association between promethazine exposure and a reduced risk of AD, as 

evidenced by our robust covariate-adjusted Cox model, suggests potential neuroprotective 

properties that warrant further investigation. These findings could inform future clinical trials and 

healthcare strategies aimed at integrating promethazine into broader AD management protocols. 

 

Methods 

1) Data Collection and Preprocessing 

 

We integrated bulk RNA-SEQsequencing and Genome-Wide Association Study (GWAS) data, 

from three independent large-scale AD brain tissue studies: the Religious Orders Study and Rush 

Memory and Aging Project (ROSMAP) (6), the Mount Sinai Brain Bank study (MSBB) (7), and 

the Mayo RNA-seq study (MAYO) (8), which were obtained via the Accelerating Medicines 

Partnership - AD (AMP-AD) Knowledge Portal (https://www.synapse.org/Synapse:syn21241740 

and https://www.synapse.org/Synapse:syn22264775) (9).  In total, our curated dataset comprised 

2105 post-mortem brain tissue samples (1363 AD and 742 control) from 835 unique individuals 

(528 females and 307 males) collected from nine distinct brain tissues: Anterior Cingulate Cortex 

(ACC), Cerebellum (CBE), Dorsolateral Prefrontal Cortex (DLFPC), Frontal Pole (FP), Inferior 

Frontal Gyrus (IFG), Posterior Cingulate Cortex (PCC), Parahippocampal Gyrus (PHG), Superior 

Temporal Gyrus (STG), and Temporal Cortex (TCX). Table 1 summarizes the distribution of 

samples and subjects across the nine brain regions. 

 

As our analysis emphasized subtissue-level biomarkers and genetic drivers, and because samples 

were inherently separated by tissue source, we opted not to perform a formal batch correction 

during our harmonization. Although batch correction can be crucial when the same tissues or 

platforms overlap across cohorts, our evaluation revealed that the expression profiles largely 

reflected underlying tissue differences rather than technical biases. Correcting for “batches” in this 

situation would risk conflating genuine subtissue signals with artificial adjustments. Therefore, 

our final pipeline uses the direct gene expression and genomic data from each cohort, only 

regressing out only clinical covariates (apart from diagnosis) to minimize confounding. All 

subsequent analyses were performed on this harmonized dataset. 

 

Table 1. Overall Cohort Description: Demographics, Brain Tissue Distribution, and Sample Characteristics 

Tissue 
Name 

Cohort 
Total 

Samples 
AD 

Samples 
Control 
Samples 

Male 
Samples 

Female 
Samples 

Total 
Subjects 

ACC ROSMAP 265 171 94 90 175 265 

DLFPC ROSMAP 436 293 143 143 293 429 
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PCC ROSMAP 250 151 99 97 153 249 

FP MSBB 215 146 69 83 132 197 

IFG MSBB 201 132 69 86 115 181 

PHG MSBB 226 155 71 84 142 168 

STG MSBB 220 156 64 93 127 181 

CBE MAYO 144 79 65 69 75 144 

TCX MAYO 148 80 68 66 82 148 

ALL 
TISSUES 

TOTAL 2105 1363 742 811 1294 1962 

 

Table 1. This table summarizes the distribution of samples and unique individuals across multiple brain tissues and 

studies, including the number of Alzheimer’s disease (AD) vs. control samples, the breakdown by sex, and total 

individuals per cohort. 

 

2) Machine Learning Classification and Model Interpretation 

 

To identify patient-specific biomarkers, we implemented a Random Forest classifier using scikit-

learn (v1.4.0) (10) in Python (v3.10.6). A set of 5,000 highly variable genes was selected as input 

features for the models. Notably, a number of well-characterized AD genes (e.g., APOE) were 

automatically excluded due to minimal expression changes among samples. We employed a 

LOOCV strategy, ensuring that each sample was independently withheld from training. Our model 

was optimized through 10-fold stratified cross-validation via a grid search, and the optimal 

parameters were determined to be {n_estimators=722, max_depth=38, min_samples_split=5, 

min_samples_leaf=4, max_features=0.11}, which achieved an F1 score of 0.88, precision of 0.84, 

recall of 0.93, and Receiver Operating Characteristic Area Under the Curve (ROCAUC )of 0.90. 

To elucidate gene-level contributions to model predictions, we applied the TreeExplainer from the 

SHAP framework (11). The classification predictive score for each sample was assessed via the 

model's predict_proba() function. For each sample, SHAP values were computed, identifying on 

average 175 high-impact genes that served as personalized biomarkers distinguishing AD samples 

from control samples. 

 

3) Subtissue Identification and Subtissue‐Specific Biomarkers and Genetic Drivers 

 

3.1 K-Means Clustering 

 

We next sought to detect finer‐scale molecular variation within each of the nine brain tissues. For 

each tissue, we assembled a matrix containing only samples from that tissue (both AD patients and 
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controls). The feature set comprised the union of all patient-level biomarkers associated with that 

tissue’s AD samples, i.e., genes with high SHAP values in at least one AD sample from that region. 

 

Using this tissue‐restricted feature matrix, we performed K-means clustering (k=4) to segment 

each tissue into four “subtissues.” The number of clusters was chosen on the basis of elbow‐method 

plots (assessing total within‐cluster sum of squares) and silhouette scores. This process yielded 36 

total subtissues (4 per tissue × 9 tissues). 

 

3.2 Subtissue-specific Biomarkers Definition 

 

We intersected the patient-level biomarker lists of all AD samples within each of these subtissue 

clusters to define ‘subtissue-specific biomarker sets’ (ranging from 4 to 80 genes per cluster). 

Details of these gene sets and their associated statistics are available in Table S1. Specifically, (1) 

each cluster (subtissue) contained a subset of AD samples, each with its own ~175 patient-level 

biomarkers, and (2) we took the intersection (common genes) across these AD samples. Genes 

appearing in all AD samples of that subtissue were designated “subtissue-specific biomarkers.” 

This approach ensures that the resulting genes are consistently highly impacted in the same cluster 

of AD samples, highlighting regionally shared dysregulations. Subtissue-specific biomarker set 

sizes ranged from 4 to 80 genes, reflecting heterogeneity among subtissues. 

 

3.3 Identifying Subtissue-Specific Genetic Drivers 

 

We curated a list of 96 well-characterized AD-associated genes (and their lead single nucleotide 

polymorphisms (SNPs)) from recent GWAS meta-analyses (Andrade-Guerrero et al., 2023). For 

each sample in our study, per-allele genotype data for these SNPs were extracted from the matched 

GWAS files. 

 

To pinpoint region-specific genetic drivers, we computed each SNP’s mutation rate and allele 

frequency within every subtissue (AD samples only) and then performed the following: (1) we 

compared each subtissue’s rates (e.g., minor allele frequency) against the full AD cohort as a 

background, (2) chi-square tests, followed by empirical permutations, assessed whether a given 

SNP’s enrichment in a subtissue was greater than expected by chance, (3) we assigned SNP-

associated genes to a subtissue if their SNP(s) exhibited significant enrichment (p < 0.05 after 

multiple-testing correction). These genes, together with the subtissue-specific biomarkers, were 

subsequently used to construct gene-gene interaction networks. 
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4) Statistical Analysis and Gene Set Enrichment 

 

Differential gene expression was assessed via the Limma package (v3.62) in R (13). Genes with 

an absolute log2 fold change > 0.5 and a Bonferroni-adjusted p value < 0.05 were considered 

significantly different between the AD samples and control groups. 

  

Gene set enrichment analysis (GSEA) was performed via the DAVID database (14) to evaluate 

the biological functions of tissue- and subtissue-specific biomarkers. Enriched Gene Ontology 

(GO) terms and Reactome pathways highlighted processes such as membrane binding, 

extracellular matrix organization, and ion transport—pathways that are critically involved in AD 

pathogenesis. 

 

5) Gene-Gene Interaction Network Construction and Critical Bottleneck Genes 

 

We employed Weighted Gene Co-expression Network Analysis (WGCNA) (15) to construct 

subtissue-specific gene-gene interaction networks. For each subtissue (as defined by K-means 

clustering), we assembled three categories of genes: (1) Subtissue-specific biomarkers (i.e., the 

genes consistently identified by SHAP across all AD samples in that cluster), (2) genetic drivers 

(from the 96 AD-associated GWAS genes were found to be significantly enriched in that 

subtissue), and (3) all other genes whose expression levels correlated with either biomarkers or 

genetic drivers in that subtissue. The combined gene set ensured that both disease-relevant 

signatures (biomarkers/drivers) and potential intermediates were captured. To preserve 

biologically realistic network sizes, we retained the top edges until the final network had an edge 

density of ~0.5%, aligning with typical protein–protein interaction densities in the human 

proteome (16). Visualization of networks was facilitated via String database (16) and Gephi (17). 

 

Although we included “all other genes” in the adjacency matrix, our focus was on how biomarkers 

and genetic drivers interconnect. For each subtissue network, we traced the shortest paths between 

biomarkers and drivers, flagging any nodes on these paths as potential “message-passing” 

intermediates. 

 

We computed multiple centrality measures (e.g., betweenness centrality, PageRank, closeness, and 

eigenvector centrality) to quantify each gene’s importance in relaying network information. Genes 

consistently scoring in the top ranks across multiple metrics were designated as high-centrality 

“hub” genes, reflecting their importance in bridging multiple AD-relevant pathways. This step 

yielded 22–30 candidate hub genes per subtissue. We then focused on the hub genes ranked higher 

than the extensively characterized AD genes (e.g., APOE) to explore novel candidates, yielding 1-
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15 “bottleneck” genes per subtissue (Fig. 4e). Combining bottleneck gene lists across all 36 

subtissues produced a nonredundant set of 262 candidate targets. 

 

6) Drug Target Identification and Repurposing Drugs 

 

Drug repurposing analysis was conducted via the Bioteque knowledge graph (Fernández-Torras 

et al., 2022), which integrates 30 million relationships across 12 biomedical entity types. We 

systematically queried four metapaths to model compound-gene interactions: (1) CPD-int-GEN: 

sirect pharmacological interactions (e.g., binding, inhibition), (2) CPD-int-GEN-cdp-GEN: 

compound effects mediated by codependent genes, (3) CPD-int-GEN-cex-GEN: compound-gene 

associations via co-expressed intermediaries, (4) CPD-int-GEN-ppi-GEN: compound effects 

propagated through protein interactors. 

  

We focused solely on 262 bottleneck genes identified from our subtissue-specific interaction 

networks (see Results). For each metapath, node embeddings (128-dimensional vectors) were 

extracted, and cosine similarities between all 262 bottleneck genes and 137396 compounds were 

computed. We then retained only the top five compounds per gene (i.e., those with the highest 

similarity), thereby discarding low-confidence pairs and reducing noise. 

  

We concatenated the reduced results from each route, resulting in a final dataframe of 2355 gene–

drug pairs covering 225 bottleneck genes and 1600 unique drug entities. We then plotted the 

distribution of cosine similarities across these pairs to select a threshold of 0.65. Next, we filtered 

out drugs interacting with only a single bottleneck gene, as our aim was to highlight multi-target 

therapeutic leads. From this process, six Food and Drug Administration (FDA)-approved drugs 

were found to surpass both criteria—Disopyramide, nicardipine, 1-benzylimidazole, pagoclone, 

promethazine, and pyrantel. 

 

7) EHR Validation Study 

 

We used Optum’s de-identified Clinformatics Data Mart Database (Clinformatics, years: 2007-

2021). Clinformatics is derived from a database of administrative health claims for members of 

large commercial and Medicare Advantage health plans. The Indiana University Institutional 

Review Board (IRB) designated this study as exempt.  

 

We used active comparator design by selecting cyproheptadine (10877 individuals) as the 

comparator for promethazine (353856 individuals), as both drugs are tricyclics and first generation 

H1-antihistamines (19). Figure 4m illustrates the study design. We defined the initiation date (e.g., 
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day-0) as the first date of exposure. We included individuals who started on promethazine and/or 

cyproheptadine, were aged ≥60 years and had an enrollment period of ≥2 years. We excluded 

individuals that had both drugs exposure on day-0, only 1-day of exposure, and missing gender 

information; as well as individuals with the following conditions prior to day-0: <365 days of 

enrollment, AD, dementia, AIDS, solid tumors without metastasis, lymphoma, and/or metastatic 

cancer.  

  

We used International Classification of Diseases (ICD) codes (e.g., ICD-9 3310, ICD-10 F00*, 

and ICD-10 G30*) to define AD (20,21). We defined the outcome as the time from day-0 to the 

first AD diagnosis date. We defined the censoring date as the earliest of discontinuation of 

exposure (e.g., the last date of exposure without exposure in the next 60 days), concurrent exposure 

to both drugs, or discontinuation from enrollment.  

  

We collected covariates on demographics including age, gender, race and index year of day-0. 

Demographics of the study population are provided in Table S2. Additionally, we used the R 

package Comorbidity to define alcohol use disorder, blood loss anemia, cardiac arrhythmias, 

congestive heart failure, coagulopathy, chronic pulmonary disease, deficiency anemia, depression, 

diabetes status (uncomplicated and complicated), drug abuse, fluid and electrolyte disorders, 

hypertension status (uncomplicated and complicated), hypothyroidism, liver disease, obesity, 

other neurological disorders, paralysis, pulmonary circulation disorders, psychoses, peptic ulcer 

disease excluding bleeding, pulmonary circulation disorders, peripheral vascular disorders, renal 

failure, rheumatoid arthritis or collaged vascular disease, valvular disease, and weight loss. 

Moreover, we identified fall, hearing impairment/loss and vision impairment according to Cheng 

et al. (22). 

  

We used Cox models to estimate hazard ratios (HRs), 95% confidence intervals (CIs), and p values. 

First, we fitted a covariate-adjusted Cox model by adjusting all covariates. Second, we conducted 

a sensitivity analysis utilizing inverse probability of treatment weighting with the propensity score. 

We used logistic regression model to estimate the propensity score by controlling for all covariates. 

The Cox model included the exposure status of promethazine/cyproheptadine and used inverse 

probabilities of treatment as weights. Covariate-adjusted Cox model results are presented in Table 

S3. All pharmacoepidemiologic analyses were conducted in R. 

 

Discussion 

 

In this study, we introduce PRISM-ML (PRecision-medicine using Interpretable Systems and 

Multiomics with Machine Learning), a framework which integrates interpretable ML with 

multiomics data to dissect the molecular complexity of AD (Fig. 1). By simultaneously analyzing 
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transcriptomic and genomic profiles from the same patient cohort, we uncovered patient-level 

biomarkers that reveal notable heterogeneity within and across brain regions. Notably, by 

clustering patient samples we identified 36 “subtissues” spanning nine brain areas, emphasizing 

localized molecular diversity that underpins AD pathogenesis. 

 

Building on these findings, we constructed subtissue-specific gene-gene interaction networks to 

clarify how biomarkers and genetic variants converge on shared pathways. Within these networks, 

262 high-centrality “bottleneck” genes emerged as potential drivers of AD progression. 

Leveraging a knowledge-graph approach, we then pinpointed six FDA-approved drugs with 

putative multi-target effects, suggesting a promising avenue for therapeutics that address multiple 

disease pathways in concert. 

 

Despite these advances, some limitations warrant consideration. First, our analysis focused on 

transcriptomic and genomic data; thus, we have yet to incorporate proteomic, epigenetic, or 

metabolomic factors that may also shape AD progression. Second, one subtissue cluster had too 

few samples for reliable network construction, potentially excluding unique molecular features. 

Third, our use of bulk RNA-seq provides a broad overview but cannot resolve the contributions of 

individual cell types within each region, which are crucial in AD pathogenesis (52), an area ripe 

for exploration via single-cell or spatial transcriptomic methods. Nonetheless, we addressed tissue 

heterogeneity through our LOOCV strategy which led to patient-level biomarker identification. 

 

Finally, our drug repurposing discoveries rely on association-based knowledge graph embeddings, 

which do not specify whether the predicted interactions are agonistic or antagonistic. Further 

biochemical and clinical studies are needed to validate these targets and elucidate their modes of 

action. However, our pharmacoepidemiologic findings on promethazine’s protective association 

underscore the potential power of combining systems-level analyses with real-world evidence to 

accelerate the discovery of multi-target therapies for AD. 

 

Our research has several strengths that underscore its significance in AD research. First, by 

leveraging SHAP (5), values, we have addressed the interpretability gap often associated with ML 

models, clearly illustrating each gene’s contribution to classification of each AD sample. Second, 

our focus on subtissue-specific changes rather than broad tissue-level analyses enabled a more 

precise dissection of the regional heterogeneity of AD. Third, integrating transcriptomic and 

genomic data from the same cohorts provided a unified view of how genetic risk factors converge 

with altered gene expression, thereby improving the construction of networks that capture the 

systemic complexity of AD. Fourth, by adopting a LOOCV strategy, our study ensures that the 

findings are robust and personalized, addressing patient-specific disease manifestations and 

contributing to precision medicine. Finally, we prioritized and characterized novel bottleneck 
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genes, rather than reiterating the well-studied AD genes, revealing underexplored therapeutic 

avenues. 

 

In parallel, our GSEA pinpointed dysregulated pathways—particularly those linked to synaptic 

function, signal transduction, cellular transport, and the actin cytoskeleton (Pelucchi et al., 2020)—

that are not typically emphasized in AD research. By confirming their enrichment across subtissue-

level biomarkers as well as bottleneck genes, we highlight underappreciated molecular processes 

that may offer novel therapeutic avenues. 

 

In addition to pinpointing new targets, our analysis predicted six FDA-approved drugs (Fig. 4l) 

with strong multi-target potential based on their interactions with critical bottleneck genes. Three 

of these—Disopyramide, nicardipine, and 1-benzylimidazole—are used primarily for 

cardiovascular conditions, whereas promethazine, pagoclone, and pyrantel modulate neuronal or 

neuromuscular pathways. Although each agent poses distinct side-effect concerns—particularly 

anticholinergic load in older adults—this cross-pathway coverage underscores the promise of 

multi-target strategies for complex disorders such as AD. Mechanistic overlaps suggest that 

promethazine and pagoclone may alleviate neuropsychiatric symptoms and excitotoxicity, 

nicardipine and 1-benzylimidazole could address vascular and inflammatory dysregulation, and 

pyrantel might bolster cholinergic function; however, the antimuscarinic properties of 

disopyramide  warrant caution. Taken together, these findings highlight the need for further in vivo 

and clinical validation to determine whether these repurposed candidates can meaningfully alter 

disease progression and improve patient outcomes. 

 

The real-world evidence from our pharmacoepidemiologic study utilizing Optum's Clinformatics 

Data Mart Database (2007-2021) provides compelling support for the protective effect of 

promethazine against AD. Using an active comparator design with cyproheptadine, another first-

generation H1-antihistamine (Kalpaklioglu & Baccioglu, 2012), our analysis of over 364000 

individuals (demographic details in Table S2) demonstrated that promethazine exposure was 

associated with a significantly reduced risk of AD (HR = 0.38, 95% CI: 0.27-0.53) (full Cox model 

results in Table S3). This finding was further validated through sensitivity analysis via inverse 

probability of treatment weighting (HR = 0.43). While these results are promising, they should be 

interpreted within the context of certain limitations, including potential unmeasured confounding 

effects, possible misclassification in health insurance records, and limited generalizability to 

populations outside commercial or Medicare Supplemental health insurance plans. Notably, 

healthcare claims data are vulnerable to misclassification of mild or early AD, which can bias 

hazard ratios. Moreover, a study (32) has shown that a high anticholinergic load can worsen 

confusion causing delirium in older adults; therefore, chronic use of promethazine in AD patients 

demands careful risk–benefit assessment. Future studies should validate these results in broader, 

more diverse cohorts and incorporate rigorous causal-inference methods to address residual 

confounding. 
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Moving forward, our findings set the stage for deeper investigation into these identified candidates 

and their biological interactions. Rigorous in vitro and in vivo assays can clarify whether each 

agent’s mechanisms—agonistic or antagonistic—truly counter AD pathologies. In parallel, novel 

computational methods, including neural networks and transformer-based models with 

interpretability tools (53), could refine biomarker discovery, whereas expanded omics data layers 

(e.g., proteomics, metabolomics, and epigenetics) might yield a fuller picture of the molecular 

architecture of AD. Future investigations should incorporate single-cell and spatial 

transcriptomics, which can resolve the cell-type-specific disruptions masked by bulk RNA 

profiling. By isolating distinct neuronal and glial populations within discrete brain regions, these 

advanced approaches could deepen our understanding of how localized molecular changes shape 

AD pathology, ultimately guiding more precise diagnostic markers and therapeutic interventions.  

 

Ultimately, we envision PRISM-ML serving as a robust bridge between foundational multi-omics 

research and clinical application, aiming to unite basic discovery with patient-centered outcomes. 

By coupling interpretable ML, targeted biomarker discovery, and real-world evidence, our 

framework paves the way for multi-pathway therapeutics that can be customized to individual 

molecular profiles. Future studies incorporating proteomics and single-cell spatial data could 

further resolve AD’s molecular complexity, while leveraging open resources like the AMP-AD 

Knowledge Portal (9) will enhance collaborative precision medicine. 

 

Conclusion 

 

In this work, we developed PRISM-ML (PRecision-medicine using Interpretable Systems and 

Multiomics with Machine Learning), an interpretable ML framework integrated with multiomics 

data (bulk RNA-seq and genomics) to illuminate key molecular mechanisms underlying AD. By 

identifying patient-level biomarkers and constructing subtissue-specific gene-gene interaction 

networks, we revealed critical bottleneck genes and highlighted new paths for therapeutic 

intervention. Our data-driven knowledge graph-based approach led to the discovery of six 

repurposable drugs that target multiple AD-relevant pathways simultaneously, marking a shift 

from conventional single-target strategies. Real-world evidence, including 

pharmacoepidemiologic validation of promethazine, underscores the clinical promise of our 

findings, although further experimental and clinical studies are needed to refine the mechanistic 

details and therapeutic efficacy. 

 

As precision medicine gains momentum, our integrated pipeline—combining molecular 

signatures, knowledge graph-based repurposing, and real-world data validation—offers a powerful 

template for unraveling heterogeneity of complex diseases and accelerating the development of 
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targeted, multi-pathway drug treatments. While further experimental work is necessary to validate 

our findings, this study paves the way for transformative advancements in AD treatment and 

beyond, potentially accelerating the shift toward more personalized medicine in clinical practice. 

 

List of abbreviations 

• AD: Alzheimer's Disease 

• PRISM-ML: PRecision-medicine using Interpretable Systems and Multiomics with Machine 

Learning 

• GWAS: Genome-Wide Association Study 

• LOOCV: Leave-One-Patient-Out Cross-Validation 

• SHAP: SHapley Additive exPlanations 

• WGCNA: Weighted Gene Co-expression Network Analysis 

• DEGs: Differentially Expressed Genes 

• t-SNE: t-Distributed Stochastic Neighbor Embedding 

• GO: Gene Ontology 

• GSEA: Gene Set Enrichment Analysis 

• HRs: Hazard Ratios 
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• CNS: Central Nervous System 

• RNA-seq: RNA Sequencing 

• SNPs: Single Nucleotide Polymorphisms 
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• AMP-AD: Accelerating Medicines Partnership - Alzheimer's Disease 

• ROSMAP: Religious Orders Study and Rush Memory and Aging Project 
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• MAYO: Mayo RNA-seq Study 

• FDA: Food and Drug Administration 

• ML: Machine Learning 

• GABA: Gamma-Aminobutyric Acid 
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• AUC: Area Under the Curve 

• CI: Confidence Interval 

• ROCAUC: Receiver Operating Characteristic Area Under the Curve 

• Ca²⁺: Calcium Ion 
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Supplementary Files  

1. Supplementary Table 1 

Title: Subtissue-Specific Summary Statistics, Biomarker Sets, Genetic Drivers, and Bottleneck 

Genes. 

Description: This file contains the complete lists of identified subtissue-level biomarkers, genetic 

variants (SNPs), genetic drivers and hub genes identified via Random Forest/SHAP and network 

analysis, along with their frequencies and summary statistics in each of the 36 subtissues.  

 

2. Supplementary Table 2 

Title: Demographic and Clinical Characteristics of the Pharmacoepidemiologic Cohort. 

Description: This file provides comprehensive demographic and clinical profiles of the study 

population (N=364,733) stratified by promethazine (N=353,856) and cyproheptadine (N=10,877) 

exposure. It includes distributions of age, sex, race, comorbidities (e.g., cardiovascular, metabolic, 

and neurological conditions), and index year categories. These data underpin the baseline 

characteristics and covariate adjustments used in the Cox proportional hazards models to assess 

promethazine’s association with reduced Alzheimer’s disease risk. 

 

3.  Supplementary Table 3 

Title: Covariate-adjusted Cox Model Full results: Associations with Alzheimer's Disease. 

Description: This file details the complete results of the covariate-adjusted Cox proportional 

hazards regression analysis, including hazard ratios (HRs), 95% confidence intervals (CIs), and p-

values for promethazine exposure and all confounders (e.g., age, comorbidities, and temporal 

factors). Key findings include the significant inverse association between promethazine use and 

Alzheimer’s disease incidence (HR = 0.38, 95% CI: 0.27–0.53; p < 0.001), alongside adjustments 

for covariates such as age ≥75 (HR = 8.96) and neurological/psychiatric comorbidities. These data 

underlie the statistical findings presented in the Results section of the main manuscript, offering 

transparency into the modeling approaches and key risk estimates. 
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