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Abstract

Alzheimer’s Disease (AD) affects over 55 million people
globally, yet the key genetic contributors remain poorly un-
derstood. Leveraging recent advancements in genomic foun-
dation models, we present the innovative Reverse-Gene-
Finder technology, a ground-breaking neuron-to-gene-token
backtracking approach in a neural network architecture to
elucidate the novel causal genetic biomarkers driving AD
onset. Reverse-Gene-Finder comprises three key innovations.
Firstly, we exploit the observation that genes with the highest
probability of causing AD, defined as the most causal genes
(MCGs), must have the highest probability of activating those
neurons with the highest probability of causing AD, defined
as the most causal neurons (MCNs). Secondly, we utilize a
gene token representation at the input layer to allow each
gene (known or novel to AD) to be represented as a discrete
and unique entity in the input space. Lastly, in contrast to
the existing neural network architectures, which track neu-
ron activations from the input layer to the output layer in a
feed-forward manner, we develop an innovative backtrack-
ing method to track backwards from the MCNs to the input
layer, identifying the Most Causal Tokens (MCTs) and the
corresponding MCGs. Reverse-Gene-Finder is highly inter-
pretable, generalizable, and adaptable, providing a promising
avenue for application in other disease scenarios.

Code — https://github.com/yanghangit/RGF/

1 Introduction
Alzheimer’s disease (AD) is a progressive neurodegenera-
tive disorder that represents the most common cause of de-
mentia worldwide. It affects over 55 million people globally.
The societal and economic impact of AD is profound, with
costs associated with care and treatment exceeding hundreds
of billions of dollars annually, placing an immense burden
on families and healthcare systems (Alzheimer’s Associa-
tion 2024).

Genetic studies over the past decades have significantly
advanced our understanding of AD, uncovering genetic
biomarkers associated with AD and providing valuable in-
sights into the biological pathways involved in the disease.

*Corresponding authors.
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

However, the complex etiology of AD remains not fully un-
derstood, highlighting the need to develop innovative meth-
ods to unravel the causal genetic biomarkers of AD and
deepen our understanding of the disease mechanisms. The
rest of this section provides (1) an overview of AD, and the
key known genes associated with the disease, (2) a review of
recent advances in deep learning techniques for AD genetic
biomarker identification to highlight the research gaps in ex-
isting gene-finding approaches, and (3) the significance and
objectives of this study.

1.1 Brief Overview of Alzheimer’s Disease and
Key Genes Characterizing AD

AD is characterized by the accumulation of amyloid-beta
plaques and neurofibrillary tangles in the brain, leading to
cognitive decline, memory loss, and, ultimately, loss of inde-
pendent function. Understanding the genetic underpinnings
of AD has been a central focus of research in the field. One
of the most prominent genetic biomarkers associated with
AD is the APOE gene (Farrer et al. 1997). Individuals who
carry one or two copies of the APOE ε4 allele often (but
not necessarily) have a significantly higher risk of devel-
oping AD. In addition to APOE ε4, genome-wide associ-
ation studies (GWAS) have identified other genetic variants
that contribute to a modest increase in risk for AD, such as
those in BIN1 and CLU genes (Bertram et al. 2007). Despite
these findings, the limitations of GWAS make it challenging
to identify the causal AD biomarkers from the known AD-
associated biomarkers (Neuner, Julia, and Goate 2020).

The pathogenesis of AD is highly complex, involving in-
teractions across different genes, somatic mutations, epige-
netic modifications, and influences on genetic expressions
due to environmental factors (Downey et al. 2022; Migliore
and Coppedè 2022). This complexity poses significant chal-
lenges in predicting and understanding the etiology and pro-
gression of AD based solely on a list of correlated genetic
biomarkers. The complexity highlights the need for a more
sophisticated approach via identifying the causal genetic
biomarkers of AD and unravelling their underlying causal
mechanisms.
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1.2 Related Work and Research Gaps of Existing
Gene-Finding Approaches

Recent advancements in artificial intelligence (AI) tech-
niques, particularly deep learning, offer a promising oppor-
tunity to integrate vast amounts of genetic and clinical data.
These novel techniques carry the potential to identify new
genetic biomarkers, uncover hidden patterns, and provide a
more complete understanding of the genetic architecture of
AD, ultimately leading to better predictive models and ther-
apeutic targets.

Several deep learning models have been developed to
identify genetic variants of AD and related neuro-diseases,
outperforming traditional statistical approaches. For exam-
ple, a three-step approach was proposed for AD genetic
biomarker identification: (1) using a convolutional neural
network model to select phenotype-associated fragments
from the whole genome, (2) identifying informative single
nucleotide polymorphisms (SNPs) from the selected frag-
ments based on phenotype influence scores, and (3) devel-
oping a classification model based on the identified SNPs
(Jo et al. 2022). An interpretable neural network model with
hierarchical layers has been developed to reduce the number
of weight parameters and activations and improve computa-
tional efficiency, using multiple knockoffs in the input layer
to rigorously control the false discovery rate when identi-
fying genetic biomarkers for AD using feature importance
analysis (Kassani et al. 2022). A hierarchical graph atten-
tion network has also been developed to identify genetic
biomarkers for post-traumatic stress disorder via saliency
analysis (Zhang et al. 2023).

Moreover, increasing deep learning studies have focused
on the transcriptomic and epigenetic changes associated
with AD. For example, deep neural network models were
developed to predict AD using gene expression and DNA
methylation data (Lee and Lee 2020; Park, Ha, and Park
2020). Further, recent advances in single-cell genetic se-
quencing have advanced our understanding of the molec-
ular and cellular architectures of AD (Mathys et al. 2019;
Rahimzadeh et al. 2024). Deep learning-based AD stud-
ies have investigated missing gene expression data impu-
tation and cell clustering and the identification of signifi-
cant genes associated with AD using single-cell gene ex-
pression data (Wang et al. 2021, 2022). However, exist-
ing data-driven gene-finding approaches often operate on a
high-dimensional genetic search space and are constrained
in performance due to small datasets, making it extremely
challenging to identify causal genetic biomarkers.

Recent advancements in large foundation models pre-
trained on large-scale genomics datasets have opened
new avenues for understanding the complex interplay of
disease-associated genes. These models, such as Gene-
former (Theodoris et al. 2023), often utilize the transformer
architecture pre-trained on vast amounts of data, while lever-
aging its self-attention mechanisms to capture intricate ge-
netic interactions in network biology, to enhance the perfor-
mance of downstream tasks such as disease prediction, even
in cases of limited data availability.

Although these foundation models have shown impressive

performance in applications such as disease prediction, they
are black-box models, presenting significant challenges in
understanding and interpreting model results. Previous stud-
ies have attempted to uncover these black-box models us-
ing explainable and interpretable AIs. These methods can
be considered as local analyses, which seek to understand
how specific predictions are generated by the models, e.g.,
using gradient-based feature attribution methods and global
analysis to uncover the inner mechanics of the model, inves-
tigating how individual neurons and their interconnections
work (Luo and Specia 2024).

In particular, the causal tracing technique (Meng et al.
2022) has been developed to study the causal impacts of
neuron activations on large language model (LLM) outputs.
Specifically, this technique represents the internal compu-
tation of an LLM as a grid of hidden states and the rela-
tionships between these states. It takes the grid as a causal
graph and uses causal mediation analysis to measure the im-
pact of intermediate variables in the graph by observing the
graph’s internal activations during various runs, including
(1) a clean run for prediction as usual, (2) a corrupted run
where the prediction is damaged, and (3) a restore run that
investigates how one hidden state can recover the damaged
prediction. This causal mediation analysis has made it pos-
sible to assess the contribution of each hidden state in pre-
dicting factual statements, providing new insights into the
computational mechanisms of LLMs.

However, how large foundation models can be utilized
to identify causal genetic biomarkers of AD has yet to be
fully understood. Identifying the causal genetic biomarkers
of the disease and interpreting the results based on black-box
foundation models remains challenging. To the best of our
knowledge, this study is the first to use a causal tracing tech-
nique to interpret an AD-specific large genomic black-box
foundation model, and the first to develop a Reverse-Gene-
Finder, a novel neuro-to-gene token backtracking method to
identify the potentially causal novel1 genetic candidates that
contribute to AD.

1.3 Research Significance and Objectives
This study introduces a groundbreaking methodology to
identify novel causal genetic biomarkers for AD, focusing
on uncovering the underlying genetic causes of the disease
instead of improving prediction performance. Our innova-
tive Reverse-Gene-Finder technology represents a signifi-
cant advancement in AD research, offering an interpretable
framework to identify novel genes that may play a crucial
role in the etiology of AD. Unlike traditional studies that pri-
oritize prediction accuracy or the identification of associated
genetic markers, our approach directly addresses the critical
challenge of causal gene discovery. The innovative approach
proposed in this research offers substantial improvements
over existing gene-finding studies focused on identifying ge-
netic biomarkers for AD, addressing critical challenges in
interpreting and discovering causal genetic biomarkers. The

1“Novel” refers to the identification of new genetic candidates
that are not in the list of previously known (model inputted) AD-
associated genes.
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Figure 1: Overarching Reverse-Gene-Finder Mechanism and Three Novelties.

findings of this study underscore the importance of innova-
tive methodologies in advancing our understanding of com-
plex diseases like AD. Our proposed reverse engineering ap-
proach reveals the novel causal genetic biomarkers of AD
and opens new avenues for exploring genetic causes driv-
ing other diseases, potentially transforming the landscape of
genomic research and precision medicine.

The objectives of this study are three-fold. Firstly, this
study aims to harness the immense potential of large foun-
dation models by utilizing genetic data from individuals di-
agnosed with AD, as well as healthy controls, to fine-tune
a pre-trained genomic foundation model. This model is op-
timized explicitly for classifying AD, thereby enabling the
extraction of meaningful insights from complex and high-
dimensional genomic data.

Secondly, this study aims to systematically identify the
most causal neurons (MCNs) within the graph of the fine-
tuned genomic foundation model, which carries the most
significant causal effects for the prediction of AD onset.
By modifying the input data to mask out the known genes
strongly associated with AD, this study aims to identify
MCNs to enable backtracking and improve model inter-
pretability.

Finally, this study aims to backtrack from the MCNs to
the input layer to identify the most causal tokens (MCTs)
and the most causal genes (MCGs) they represent. We ex-
ploit the observation that genes with the highest probabil-
ity of causing AD, defined as MCGs, must have the high-
est probability of activating those neurons with the highest
probability of causing AD, defined as MCNs. This reverse
engineering approach can lead to the discovery of novel ge-
netic biomarkers for AD. The insights gained from this pro-
cess will deepen our understanding of the genetic basis of

AD and hold significant potential for application in different
disease contexts, offering a versatile framework for uncov-
ering genetic biomarkers and causal factors in a wide range
of classification tasks.

2 Methodology
2.1 The Reverse-Gene-Finder Mechanism
Figure 1 summarizes the overarching Reverse-Gene-Finder
mechanism. Firstly, we fine-tune a genomic foundation
model specifically for AD classification, utilizing single-cell
gene expression data from AD patients and healthy control
subjects. Secondly, by modifying the input data by mask-
ing out known genes strongly associated with AD, we sys-
tematically identify MCNs related to AD, employing causal
tracing techniques to observe the effects of in-silico pertur-
bations of such known genes on neurons across different
layers of the fine-tuned Gene-former. Finally, our Reverse-
Gene-Finder backtracking method enables the identification
of MCTs (and the MCGs they represent) most likely to acti-
vate MCNs.

2.2 Novelties
Our novel Reverse-Gene-Finder technology comprises three
key innovations (see Figure 1). The details are listed below.

Discovery of the Most Causal Genes (MCGs) and the
Most Causal Neurons (MCNs) We exploit the observa-
tion that genes with the highest probability of causing AD,
defined as the MCGs, must have the highest probability of
activating those neurons with the highest probability of caus-
ing AD, defined as the MCNs.

How can we locate the MCNs with the highest probability
of causing AD? This study adopts the causal tracing tech-
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nique initially developed for LLMs (Meng et al. 2022) to
identify the MCNs in a genomic foundation model with the
following assumptions and modifications. We assume that
when key information about the AD-associated genes (ob-
tained from previous literature on AD genetic association
studies) in the input data is masked (or perturbed), the prob-
ability of AD prediction will likely change, making it possi-
ble to observe the effects of in-silico perturbations of known
AD genes on disease onset prediction, which are mediated
by neurons in the genomic foundation model.

Based on this assumption, the difference between the
probability of getting AD in (1) the baseline corrupted run
(where AD-associated genes are corrupted by noise) and
(2) the corrupted-with-restoration run (where AD-associated
genes remain corrupted, but a particular neuron (i.e., hidden
state is reverted to the clean version) is calculated to measure
the indirect effect of the hidden state in the model. The indi-
rect effects of hidden states across different layers are then
used to quantify the importance of different hidden states
and select the MCNs in predicting AD.

Introduction of Gene Token Representation at the In-put
Layer We utilize a gene token representation at the in-
put layer, where genes are represented by gene tokens, so
that when we backtrack from the MCNs to the input layer,
we can identify the MCTs most likely to cause AD. The
gene token representation in the input layer allows each gene
(known or novel to AD) to be represented as a discrete and
unique entity in the input space, such that we can discover
new gene tokens corresponding to novel causal AD genes,
previously not being known as causal genetic biomarkers of
AD.

Specifically, each input record consists of a list of genes.
Each gene has a measurement value (e.g., gene expression
level) and is assigned to a unique gene token ID. The genes
at the input layer are then represented by a vector of gene
tokens: {x1, x2, ..., xT }. The position of each gene token in
the input vector is determined by the measurement value,
e.g., using rank value encoding (Theodoris et al. 2023).

While only a small proportion of the gene tokens corre-
spond to the known AD genes, using a gene token represen-
tation can incorporate other gene tokens in the input space.
Some of these gene tokens may correspond to novel genes
(that are previously unknown to the model) contributing to
AD, potentially offering new insights into the genetic mech-
anism of AD.

Development of Backtracking Method In contrast to the
existing neural network architectures, which track neuron
activations from the input layer to the output layer in a
feed-forward manner, we develop an innovative backtrack-
ing method to track backwards from the MCNs to the input
layer, identifying the MCTs and, consequently, the corre-
sponding MCGs. By backtracking via computing scores it-
eratively from the output back to the input, this novel method
generates a cumulative measure of influence score for each
gene token, highlighting the gene tokens most likely to acti-
vate MCNs.

The information flowing from the input layer to the MCNs
are backtracked and summarized to identify the MCTs more

Algorithm 1: Reverse-Gene-Finder Backtracking Method

Input: Input Position i, MCNs {ĥl
i}, Model Weights W

Parameter: Number of Layers L
Output: Gene Token Score at Position i

1: Initialize sLi = 0
2: for l from L− 1 to 1 do
3: sli =

∑
k W

l
i,k ∗ (IE(ĥl+1

k ) + sl+1
k )

4: end for
5: return s1i

likely to activate these MCNs. Assume the neural network
model has L layers. The ith hidden state at layer l is denoted
as hl

i. The identified MCNs are denoted as {ĥl
i}. The activa-

tion (i.e., indirect causal effect) of each MCN ĥl
i is denoted

as IE(ĥl
i). For each input, the score of a gene token at posi-

tion i is quantified by the weighted sum of the accumulated
indirect effect of all MCNs backtracked to the ith unit in the
input layer (see Algorithm 1, which shows how to perform
backtracking in an iterative manner). Specifically, the score
of the ith unit at layer l, denoted as sli, is a weighted sum of
all interconnected MCNs in the next layer l+ 1, where each
MCN k is quantified by the indirect effect IE(ĥl+1

k ) and the
score sl+1

k at layer l + 1. This score is computed iteratively
from the last layer to the input layer. The weights W mea-
sure the strength of interconnectivity between one hidden
state and another across layers. It can be determined by the
fitted model parameters, e.g., self-attention weights in trans-
formers. Gene token scores are calculated and averaged after
iterating every position in each input sample. The gene to-
kens with the highest scores are identified as MCTs. These
gene tokens can be either known or novel (unknown to the
model) genetic biomarkers for AD. The MCGs correspond-
ing to the identified MCTs are selected as the putative causal
genetic biomarkers for AD.

3 Experimental Setting
This section details the experimental setup, using a single-
cell genetic dataset from a comprehensive AD case/con-
trol study (Sun et al. 2023) and a large genomic founda-
tion model (namely, Geneformer (Theodoris et al. 2023)) to
demonstrate the proposed Reverse-Gene-Finder technology.

All experiments were conducted using a Nvidia A100
40GB GPU on a Linux system via Google Colab, with
Python (version 3.10.12) and deep learning libraries Py-
Torch (version 2.3.1+cu121) and Transformers (version
4.44.0). The pre-trained 12-layer Geneformer model was ob-
tained from HuggingFace2. The causal tracing analysis was
developed based on the code from GitHub3. Pathway en-
richment analysis was performed using STRING (version
11.0)4.

2https://huggingface.co/ctheodoris/Geneformer
3https://github.com/kmeng01/rome/
4https://string-db.org/help/api/
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3.1 Fine-Tuning a Genomic Foundation Model
for AD Classification

Use of Single-Cell Gene Expression Data from AD Pa-
tients and Healthy Control Subjects Since the genomic
foundation model used this study was pre-trained on single-
cell gene expression data (which can be seen as a large
sparse matrix of raw count values by cells and genes), this
study utilized a publicly available single-cell gene expres-
sion dataset based on the Religious Orders Study and Mem-
ory and Aging Project (ROSMAP), a large comprehensive
longitudinal study involving AD patients and healthy control
subjects, integrating clinical and genetic data, with single-
cell gene expression data available (Bennett et al. 2018).
Specifically, single-cell microglial transcriptomic data col-
lected from 443 human subjects (postmortem brain samples)
in the ROSMAP study, labeled non-AD, early-AD, and late-
AD, were obtained from the supplementary website5 pro-
vided by Sun et al. (2023).

Although DNA is stable, gene expression levels may vary
over time along with the aging process (Srivastava et al.
2020). Since this study focuses on early-stage AD genetic
biomarkers, which are more likely to be upstream biomark-
ers leading to AD, 132 early-AD and 219 non-AD subjects
were selected from the dataset. Single-cell samples were
grouped into 12 clusters as distinct microglial states, and the
10th cluster (one of the inflammatory states) from the pre-
frontal cortex region was selected because it showed more
significant transcriptional changes in early AD stages com-
pared to other microglial states (Sun et al. 2023). Standard
quality controls were performed by filtering out noisy cells
that (1) had unique feature counts greater than 2,500 or less
than 200 or (2) had more than 5% mitochondrial counts.

After data preprocessing, the single-cell samples were
further divided into five folds for cross-validation, using
stratified sampling based on diagnosis labels to ensure a bal-
anced representation of single-cell samples across different
folds. For each trial of the five-fold cross-validation, 80% of
the samples was used for training and validation, and the re-
maining 20% was used for testing. The number of training,
validation, and testing samples in each cross-validation trial
was 489, 123, and 153, respectively.

Representation of Genes as Gene Tokens After data pre-
processing, the total number of genes was 15,549. The rank
value encoding method (Theodoris et al. 2023) was adopted
to represent the input genes. Specifically, each input con-
sisted of gene expression levels measured in a single cell.
Each gene was assigned to a unique gene token ID based
on the token dictionary provided by the pre-trained genomic
model. In each input vector, gene tokens were ranked based
on their corresponding gene expression levels.

Fine-tuning for AD Classification A binary classification
layer was added to the pre-trained Geneformer model for
predicting AD status, allowing it to adapt to the specific
characteristics of AD gene expression patterns. The model
input was the single-cell gene token representation, and the

5https://compbio.mit.edu/microglia states/

output was the state of the input cell (i.e., non-AD or early-
AD). The training objective was a cross-entropy loss func-
tion based on the predicted and ground truth labels. The
best hyperparameters were chosen based on the validation
performance. Using the optimized hyperparameters, the pre-
processed data were used to fine-tune the final Geneformer
model for AD classification.

Specifically, the 12-layer pre-trained Geneformer model
was used in this study. The first four layers (i.e., one-third of
all layers) were frozen during fine-tuning. Hyperparameters
were optimized using HyperOpt (Liaw et al. 2018). The best
hyperparameters were selected based on the performance of
the validation set using the F1-score, which combines pre-
cision and recall into a single metric. The hyperparameter
ranges and the selected ones are detailed in the code.

The performance of the final fine-tuned AD classifica-
tion model was evaluated by the Area under the ROC Curve
(AUC) score, which comprehensively measures how much
the fine-tuned model is capable of distinguishing between
early-AD and non-AD cells across varying classification
thresholds. Moreover, the performance was evaluated by
sensitivity (i.e., true positive rate) and specificity (i.e., true
negative rate), which are often used in the context of med-
ical diagnosis. All performance evaluation results were re-
ported by their mean and standard deviation using five-fold
cross-validation (i.e., the number of runs was five).

3.2 Identification of MCNs Related to AD
Known Genes Related to AD The genes known to be
highly associated with AD were obtained from the Alz-
Gene database, curated based on systematic meta-analyses
of AD genetic association studies (Bertram et al. 2007).
Specifically, the following top AD-associated genes were
selected6, including APOE, BIN1, CLU, ABCA7, CR1, PI-
CALM, MS4A6A, CD33, MS4A4E, and CD2AP.

In our initial masking process, we only masked genes that
are universally recognized as closely associated with AD.
For example, APOE was used to evaluate Reverse-Gene-
Finder’s ability to uncover novel genetic biomarkers. Many
genes, including MT-CO1, DOCK4, and RUNX1, though
being associated with AD in specific contexts (as evident
in previous literature), are not recognized universally as AD
genes. Hence, they were not being masked. Once these genes
are verified as universally recognized AD genes, we will in-
put these genes in the later masking process.

Use of Causal Tracing Analysis A causal tracing analy-
sis was performed using all single-cell samples in the testing
set across five-fold cross-validation. In-silico perturbations
were performed by adding a zero-mean Gaussian noise to
the original gene token embeddings corresponding to AD-
associated genes. The noise level was set to 1. The maximum
number of genes in one input was set to 256 to reduce com-
putational costs. For an input vector exceeding this thresh-
old, the top and bottom tokens (i.e., the most upregulated and
downregulated genes) were kept; otherwise, padding tokens
were added. The hidden states in the Geneformer with the

6http://www.alzgene.org/TopResults.asp
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highest indirect causal effects (based on the 95th percentile
cutoff) were selected as MCNs.

3.3 Identification of MCTs and MCGs via
Reverse-Gene-Finder Backtracking

Since Geneformer is a transformer-based foundation model,
the weights used in the backtracking method were self-
attention weights Al

i,j at each layer l, measuring the relative
importance between one MCN i and another MCN j. The
gene token score at every input position was calculated for
each input sample based on the weighted sum of MCN ac-
tivations from the last layer backtracked to the input layer
(see Algorithm 1). Some of these gene tokens corresponded
to previously unknown genetic candidates for AD. The top
10 MCTs were identified based on the gene token scores
averaged across all input samples. The top 10 MCGs corre-
sponding to the top 10 MCTs were further identified.

3.4 Validation and Pathway Enrichment Analysis
The identified MCGs were validated based on cross-
referencing previous literature related to AD. Moreover,
pathway enrichment analysis was performed to reveal the
relevant biological pathways involved in AD based on the
identified MCGs. Specifically, the STRING analysis iden-
tified pathways enriched with the identified MCGs against
randomized gene sets (Szklarczyk et al. 2019). Since mul-
tiple pathways were tested simultaneously, multiple testing
correction was adopted using the false discovery rate (FDR).
Statistically significant pathways from the KEGG pathway
database7 with an FDR of less than 0.05 were obtained.

4 Results and Discussion
4.1 Discovery of Previously Unknown Genetic

Candidates
The AUC score of the fine-tuned Geneformer model based
on five-fold validation is 74.67% (±6.74%). The sensitivity
and specificity scores are 62.68% (±11.43%) and 73.22%
(±16.01%), respectively. It should be noted that the focus
of our study is more about demonstrating a new approach
that can help us uncover novel causal genes via backtrack-
ing than the fine-turned model performance. Nevertheless,
this AUC score is reasonable given the single use of genetic
data and is comparable to the AUC score reported in previ-
ous AD prediction models trained on genetic data (Escott-
Price et al. 2017). Further improvement in performance is
expected after incorporating more data modalities, such as
proteomic and brain imaging data.

Figure 2 shows the locations of MCNs with the strongest
average indirect effects based on the 95th percentile cutoff.
MCNs are more likely to be in the front and middle lay-
ers. Some MCNs are at the top or the bottom positions,
which is not surprising given the rank encoding of input
data, where over-expressed and under-expressed genes are
located at the top and bottom of the input vector, respec-
tively. Other MCNs are closer to the middle positions, sug-
gesting that the importance of genes is not only determined

7https://www.genome.jp/kegg/

Figure 2: Locations of the Most Causal Neurons (Based on
the 95th Percentile Cutoff).

by their expression levels but also by how they interact with
other genes.

The top 10 MCGs (with scores) based on backtracking
from the top MCNs are PLXDC2 (0.499), MT-CO3 (0.498),
DOCK4 (0.482), ARHGAP24 (0.450), MEF2A (0.428),
RUNX1 (0.427), ITPR2 (0.426), FOXN3 (0.406), MT-CO1
(0.392), and SORL1 (0.389). These top MCGs are all novel
genes not included in the known AD gene list (which have
previously been inputted to the Geneformer model to locate
MCNs before backtracking; see Section 3.2). In other words,
the novel Reverse-Gene-Finder carries the potential to un-
ravel new genes and pathways driving AD onset.

4.2 Validation of Discovered Genetic Candidates
via Literature Review

Each identified MCG has been further validated using pre-
vious literature related to AD. PLXDC2 was linked to the
progression of both amyloid beta and tau, the two hallmarks
of AD (Bartolo et al. 2022). The mitochondrial genes MT-
CO3 and MT-CO1 are crucial for cellular energy production,
and their dysfunction was associated with the pathogene-
sis of AD due to the increased oxidative stress in human
neurons (Lunnon et al. 2017). The DOCK family, including
DOCK4, was associated with several neurodegenerative and
neuropsychiatric diseases, including AD and autism spec-
trum disorders (Shi 2013). ARHGAP24 was identified as
a novel gene in mild cognitive impairment (MCI) subjects
from a GWAS study (Chung et al. 2018). MEF2A, a tran-
scription factor in regulating neural transmission and synap-
tic density, could play a key role in cognitive resilience to
neurodegeneration (Barker et al. 2021). RUNX1 was iden-
tified as a prioritized gene implicated in the early stages of
AD from another GWAS study (Yaghoobi and Malekpour
2024). ITPR2 could lead to calcium toxicity in human neu-
rons related to AD (Kawalia et al. 2017). FOXN3, a tran-
scription factor, could regulate changes in gene expression
in microglia during entorhinal cortex aging related to AD
(Li et al. 2022). Microglia are the immune cells in the brain,
and neuroinflammation can play a key role in the patho-
genesis of AD and related neuro-diseases (Sragovich et al.
2021; Li et al. 2024). SORL1 could regulate APOE and CLU
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levels, two known AD-associated genes, in human neurons
(Lee et al. 2023).

4.3 Insights into the Genetic Mechanism of AD

The statistically significant enriched KEGG pathways
(with FDR values) based on the identified MCGs include
Alzheimer’s disease (< 0.01), Cardiac muscle contrac-
tion (0.02), Huntington’s disease (0.03), Parkinson’s dis-
ease (0.03), Non-alcoholic fatty liver disease (0.03), Ther-
mogenesis (0.03), Apelin signaling pathway (0.03), cGMP-
PKG signaling pathway (0.03), and Oxidative phosphory-
lation (0.03). Each pathway has an FDR < 0.05, suggest-
ing that each pathway is unlikely to be identified by chance,
thus increasing the confidence in its relevance to AD mech-
anisms. The pathway analysis has provided insights into
the various aspects of genetic mechanism that govern AD.
Disease pathways, including Alzheimer’s Disease, Hunting-
ton’s Disease, and Parkinson’s Disease, highlight the shared
molecular mechanisms across these different neurodegener-
ative diseases. The cardiac muscle contraction pathway and
the cGMP-PKG signaling pathway (which regulates platelet
function) suggest the importance of vascular factors. The
non-alcoholic fatty liver disease pathway points towards the
role of metabolic dysregulation in AD. The apelin signal-
ing pathway is involved in several AD-related comorbidi-
ties, such as diabetes and cardiovascular disease. The ther-
mogenesis and the oxidative phosphorylation pathways have
revealed insights into the dysfunction in energy metabolism
that may be implicated in AD.

4.4 Insights into Causal Biomarker Discovery

A central topic in biomedical studies and beyond is dis-
tinguishing true causal relationships from spurious correla-
tions. This study defines “causal” as “the most probable”
genetic biomarkers from a statistical perspective. Reverse-
Gene-Finder is grounded in robust methodological innova-
tion based on the key observation that genes with the highest
probability of causing AD, defined as the MCGs, must have
the highest probability of activating those neurons with the
highest probability of causing AD, defined as the MCNs.
Specifically, leveraging a genomic foundation model, it first
actively performs interventions on genes (through masking
out known AD-associated genes) to measure the causal ef-
fects of neurons on AD onset, strengthening the reliability
of establishing causal rather than correlational relationships
between MCNs and AD. It then uses backtracking to ex-
plicitly link MCNs back to MCTs, and their corresponding
MCGs, making it possible to trace how MCNs are influenced
by MCGs, thus better reflecting the causal relationships be-
tween MCGs and AD. The result, further validated via lit-
erature review and interpreted via gene enrichment analysis,
is insightful because it offers a novel data-driven causal hy-
pothesis generation paradigm, revealing putative causal ge-
netic biomarkers of AD, which can accelerate further lab/-
clinical verification.

4.5 Interpretability, Generalizability, and
Adaptability of the Reverse-Gene-Finder
Technology

Interpretability Our proposed Reverse-Gene-Finder
technology enhances the interpretability of genomic foun-
dation models for causal genetic biomarker identification.
By perturbing known genes associated with AD and ana-
lyzing the causal impacts of neuron activations on model
outputs, the localizations of MCNs have further revealed the
complex relationships between the input layer and output
mediated by MCNs (see Figure 2). Specifically, MCNs
are primarily found in the first few and the intermediate
layers, highlighting the importance of these middle layers
in capturing subtle and complex genetic relationships for
AD prediction. While some MCNs are located at the top
or the bottom positions, the presence of MCNs closer to
the middle positions indicates that the model can further
extract complex gene expression patterns to reflect the
genetic interactions collectively affecting AD, capturing
the non-linear and multi-faceted nature of the AD genetic
architecture (Neuner, Julia, and Goate 2020). Moreover,
backtracking from MCNs to the input layer has made it
possible to identify previously unknown genetic biomarkers
that can cause AD based on their gene representations.
This backtracking method differs from previous neural
network-based gene-finding approaches, which operate
from the input layer to the output and use gradient-based
feature attribution for biomarker identification (Beebe-Wang
et al. 2021; Zhang et al. 2023; Kassani et al. 2022). The
proposed causal tracing and backtracking paradigm offers
a novel interpretable approach for AI-driven biomarker
identification.

Generalizability Our proposed Reverse-Gene-Finder
technology demonstrates its generalizability by identifying
the MCGs relevant to multiple aspects of AD and implicated
in broader neurodegenerative contexts, as supported by
previous literature (see Section 4.2). Specifically, MCGs
such as SORL1 can regulate APOE and CLU, two known
AD-associated genes. Some MCGs have broad functional
relevance to AD, such as PLXDC2 linked to amyloid
beta and tau, MT-CO3/-CO1 related to oxidative stress
contributing to AD, and MEF2A related to neuroprotection
and neuroplasticity. Some MCGs, such as DOCK4 and
FOXN3, are associated with other neurodegenerative dis-
orders or involved in shared neuro-degeneration processes
such as neuro-inflammation, highlighting cross-disease
relevance and broader implications. The generalizability
of the results is further reinforced by pathway analysis
(see Section 4.3). By identifying pathways that link AD
with other neurodegenerative diseases, vascular health,
metabolic dysregulation, and energy metabolism, our pro-
posed technology demonstrates the ability to provide a more
comprehensive understanding of AD pathogenesis that can
be generalized to broader contexts, and the potential for
understanding the complex mechanisms underlying AD and
related neurodegenerative diseases.
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Adaptability Our proposed Reverse-Gene-Finder mech-
anism is not limited to AD genetic biomarker identifica-
tion. Identifying the causal genetic biomarkers is critical
for early disease diagnosis and intervention (Goddard et al.
2016). The underlying principle of uncovering causal ge-
netic biomarkers through causal tracing and backtracking is
adaptable to other disease scenarios where genetic factors
play a significant role. This is also a neural model-agnostic
open-box transparent approach, which can be adapted to
other neural architectures with a layered structure, such
as language models, where interpretability has increasingly
become critical for understanding model decision-making
(Singh et al. 2024). In addition, the proposed technology can
be adapted to a wide range of AI application domains be-
yond genetic biomarker identification, wherever understand-
ing of the causal relationships across different input mark-
ers and discovery of new input markers are needed, such as
linguistic-based disease diagnosis (Eyigoz et al. 2020).

5 Future Work
While the current work focuses on identifying novel causal
biomarkers, integrating these biomarkers into predictive
models to enhance AD prediction can be done in the future.

Future work can also extend the proposed Reverse-Gene-
Finder technology to other AD biomarker identification sce-
narios. For instance, by backtracking language models, this
technology has the potential to uncover new linguistic mark-
ers and refine the understanding of existing ones, further en-
hancing speech-based AD diagnostics (Eyigoz et al. 2020).

Moreover, future work can extend the proposed Reverse-
Gene-Finder technology to identify causal biomarkers for
various neurodegenerative diseases and other diseases. This
technology can provide deeper insights into the mechanisms
that predict disease onset by leveraging causal biomark-
ers identified through causal tracing and backtracking tech-
niques. This deeper understanding could lead to the discov-
ery of novel biomarkers, which could inform the develop-
ment of more accurate diagnostic tools and targeted thera-
pies for a broad spectrum of neurodegenerative conditions.

Finally, the robustness of the proposed Reverse-Gene-
Finder technology in different settings can be examined
by identifying causal biomarkers across different datasets
and model architectures. Future work can investigate other
types of biomedical foundation models, e.g., GPT-like mod-
els (Cui et al. 2024), and data modalities, e.g., single-cell
imaging data (Yang et al. 2021) and multi-omics data (Efre-
mova and Teichmann 2020) and develop a multi-modal ap-
proach for AD biomarker identification beyond genetics.

6 Conclusion
This study introduces a novel Reverse-Gene-Finder technol-
ogy that leverages large genomic foundation models to iden-
tify previously unknown causal genetic biomarkers for AD.
Our Reverse-Gene-Finder technology comprises three key
innovations. Firstly, we exploit the observation that genes
with the highest probability of causing AD, defined as the
most causal genes (MCGs), must have the highest probabil-
ity of activating those neurons with the highest probability

of causing AD, defined as the most causal neurons (MCNs).
Secondly, we utilize a gene token representation at the input
layer to allow each gene (known or novel to AD) to be rep-
resented as a discrete and unique entity in the input space.
Lastly, in contrast to the existing neural network architec-
tures, which track neuron activations from the input layer to
the output layer in a feed-forward manner, we develop an in-
novative backtracking method to track backwards from the
MCNs to the input layer, identifying the MCTs and the cor-
responding MCGs. This approach offers new insights into
the genetic mechanisms of AD. It can also be adapted to
other diseases, providing new insights into the underlying
mechanisms driving these diseases.

Ethical Statement
This study has the potential to make a positive impact
on public health by advancing our understanding of com-
plex diseases and opening new possibilities for personalized
medicine. The societal impacts of this study could be signif-
icant. If the proposed Reverse-Gene-Finder technology suc-
cessfully identifies previously unknown genetic biomarkers
for AD, it could lead to a better understanding of the genetic
mechanisms behind the disease. These findings could poten-
tially lead to earlier and more accurate diagnosis of AD, as
well as the development of targeted healthcare interventions
and treatments. Furthermore, the proposed technology could
be adapted to study other diseases, leading to new insights
and potential breakthroughs in various areas of healthcare.
However, given that most medical datasets are not represen-
tative, the data-driven findings may be biased. Future work
can investigate debiasing and fairness techniques to under-
stand and mitigate potential biases.
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