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Towards Network-Guided Large-Scale Foundation Models on Single-
Cell Transcriptomics

Sindhura Kommu

(ABSTRACT)

Large-scale pretrained models known as foundation models, have made breakthrough progress

in the fields like NLP and computer vision. Recently, transformer-based foundation models

tailored for single-cell RNA sequencing (scRNA-seq) data have shown significant potential

in interpreting the ’languages’ of cells through self-supervised learning on huge amounts of

unlabeled scRNA-seq datasets [10, 21, 43, 50]. These models could significantly enhance

our understanding of cellular functions and disease mechanisms [43]. However, unlike text

data, scRNA-seq data is high-dimensional, inherently noisy and sparse, posing unique chal-

lenges [28]. We hypothesize that a major limitation of current single-cell foundation models

(scFMs) lies in their inability to effectively leverage prior biological knowledge that could

provide valuable complementary insights on relationships between various genes. One of

the most critical applications of scRNA-seq is the inference of gene regulatory networks

(GRNs), which represent the intricate interactions between transcription factors (TFs) and

their target genes [3]. In the first part of this thesis, we propose SCREGNET [30], an innovative

framework that combines scFMs with graph-based learning by incorporating experimentally

validated transcription factor-DNA binding data in the form of networks with known regula-

tory interactions for the GRN inference task. SCREGNET [30] achieved state-of-the-art results

in the gene regulatory link prediction task when compared to nine baseline methods across

seven scRNA-seq benchmark datasets and demonstrated greater robustness. In the second

part of the thesis, we systematically explored incorporating prior GRNs into the pretraining



of scFMs. This exploration provided valuable insights into the benefits and limitations of

network guidance, revealing varied effects on predictive accuracy across different downstream

tasks related to chromatin and network dynamics.



Towards Network-Guided Large-Scale Foundation Models on Single-
Cell Transcriptomics

Sindhura Kommu

(GENERAL AUDIENCE ABSTRACT)

Every cell in our body contains thousands of genes working together in complex networks to

control how cells grow, respond to stress, or become specialized. Understanding these gene

regulatory networks is crucial for studying diseases, development, and treatment responses.

With recent advances in single-cell RNA sequencing, scientists can examine gene activity in

individual cells, but making sense of this data requires powerful tools. This thesis explores

how large-scale ”foundation models” trained on millions of single cells can help uncover

hidden gene interactions. In the first part of the study, we introduce a new method called

SCREGNET, which combines these foundation models with graph-based learning to accurately

predict missing or unknown gene connections. This method showed superior performance

across a variety of cell types, especially when dealing with noisy data. In the second part, we

investigate whether incorporating prior biological knowledge, such as known gene regulatory

networks, into the training of foundation models can improve their performance on related

tasks. By guiding the learning process with real-world biological graphs, we show that these

models become better at identifying important gene regulators. Together, these contributions

provide new ways to blend data-driven learning with expert knowledge, helping advance

biomedical research and precision medicine.
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Chapter 1

Introduction

Single-cell RNA sequencing (scRNA-seq) has revolutionized our understanding of cellular

heterogeneity by enabling precise transcriptomic profiling at unprecedented resolution [25].

This technological advancement has transformed our ability to characterize cellular identity

and function across tissues, developmental stages, and disease states, revealing complex

regulatory mechanisms at fine-grained resolution. As the volume of scRNA-seq data has

grown exponentially, with repositories now containing millions of single-cell transcriptomes

across diverse biological contexts, computational methods to extract meaningful biological

insights have become increasingly critical.

At the core of cellular identity and function lies the intricate web of gene regulatory networks

(GRNs), which orchestrate the precise expression patterns governing cellular differentiation,

response to stimuli, and disease progression [3]. Accurate inference of these networks rep-

resents one of the most fundamental challenges in computational biology, with profound

implications for understanding development, disease mechanisms, and potential therapeutic

interventions. Despite the transformative potential of scRNA-seq for GRN inference, sev-

eral substantial challenges remain. First, scRNA-seq data is inherently sparse, with dropout

rates frequently exceeding 80%, creating significant noise that complicates regulatory re-

lationship identification. Second, the high dimensionality of the data often encompassing

thousands of genes across thousands to millions of cells creates computational challenges

for traditional modeling approaches [23, 34]. Finally, the complex, non-linear relationships

1



2 CHAPTER 1. INTRODUCTION

between regulators and their targets demand sophisticated computational strategies capable

of capturing multilayered dependencies beyond simple co-expression patterns. While sub-

stantial progress has been made through both unsupervised and supervised computational

approaches [6, 26, 33, 52], significant gaps remain in our ability to accurately and efficiently

reconstruct GRNs from single-cell data. Traditional methods often struggle to integrate prior

biological knowledge effectively with the rich information contained in large-scale scRNA-seq

datasets.

This thesis addresses two fundamental questions at the intersection of machine learning and

network biology: (1) How can we leverage both the contextual information captured by large-

scale single-cell foundation models (scFMs) and the structural patterns encoded in known

regulatory interactions to improve GRN inference? (2) Can prior biological knowledge be

effectively incorporated into the pretraining process of scFMs to enhance their ability to

capture meaningful gene-gene relationships?

To address these questions, we develop a dual approach. First, we present SCREGNET [30],

which combines pretrained single-cell foundation models with graph neural networks (GNNs)

to create a powerful framework for gene regulatory link prediction. Second, we systematically

explore strategies for incorporating prior biological knowledge in the form of GRNs directly

into the pretraining process of foundation models, creating network-guided variants that

better capture biologically relevant gene relationships.

The primary contributions of this thesis are:

1. Development of SCREGNET [30], a novel framework that integrates single-cell foundation

models with graph neural networks for state-of-the-art gene regulatory link prediction.

2. Comprehensive evaluation demonstrating consistent improvements over existing meth-

ods across diverse cell types and experimental conditions.
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3. Systematic exploration of strategies for incorporating biological prior knowledge into

foundation model pretraining.

4. Empirical demonstration that network-guided foundation models exhibit enhanced per-

formance on downstream tasks related to chromatin and network dynamics.

The remainder of this thesis is organized as follows: Chapter 2 provides a comprehensive

review of related work in GRN inference and foundation models for single-cell data. Chapter

3 details the SCREGNET methodology, experimental design and results. Chapter 4 explores

approaches for network-guided pretraining of foundation models and presents results and

analyses. Finally, Chapter 5 concludes with a discussion of summary, implications, limita-

tions, and directions for future research.



Chapter 2

Review of the Literature

2.1 Gene Regulatory Network Inference

The challenge of inferring gene regulatory networks has been approached through increas-

ingly sophisticated computational methods, evolving from simple statistical associations to

complex deep learning frameworks.

2.1.1 Classical Unsupervised Methods

Early approaches to GRN inference from expression data relied primarily on unsupervised

methods, using statistical associations between gene expression patterns to infer potential

regulatory relationships. Methods such as GENIE3 [23] and GRNBoost2 [34] employ tree-

based regression techniques to identify gene sets co-expressed with transcription factors

(TFs), using the importance of a potential target gene in predicting a TF’s expression as a

proxy for regulatory strength. Similarly, correlation-based approaches such as Pearson cor-

relation coefficient (PCC) quantify linear relationships between gene pairs. These methods,

while computationally efficient and applicable without labeled training data, face significant

limitations. As noted by Freytag et al. [13], the high dimensionality of gene expression data

relative to sample size creates numerous spurious correlations, with many co-expression sig-

nals arising purely from chance or systematic noise rather than genuine regulatory relation-

4
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ships. Furthermore, these approaches often struggle to capture non-linear and combinatorial

regulatory mechanisms that frequently characterize gene regulation.

2.1.2 Supervised Learning for Regulatory Link Prediction

The growing availability of experimentally validated TF-DNA binding data from resources

such as ENCODE [9], ChIP-Atlas [35], and ESCAPE [47] has enabled the development of

supervised learning approaches that significantly outperform unsupervised methods. These

approaches frame GRN inference as a supervised link prediction task, using known TF-gene

interactions as training data to predict novel regulatory relationships. Early supervised

methods such as CNNC [52] transformed the problem into image classification by converting

gene pair co-expression profiles into histogram-like representations processed by convolu-

tional neural networks (CNNs). This approach marked an important shift toward deep

learning for GRN inference but was limited by its reliance on pairwise representations that

failed to capture broader network context. More recent approaches have incorporated net-

work structure more explicitly. Kc et al. [26] proposed gene network embedding (GNE) that

uses multilayer perceptrons (MLPs) to jointly encode gene expression profiles and network

topology, while DeepDRIM [8] extended CNN-based approaches to consider potential neigh-

boring genes. The GRN-transformer [39] leveraged the powerful attention mechanisms of

transformer architectures in a weakly supervised framework, demonstrating improved cap-

ture of long-range dependencies between genes.

2.1.3 Graph-Based Learning for Regulatory Networks

Graph neural networks (GNNs) have emerged as particularly promising for GRN inference

due to their intrinsic ability to model complex interaction patterns within networks. Re-
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cent approaches such as GENELink [6] and GNNLink [33] employ graph attention networks

(GATs) and graph convolutional networks (GCNs), respectively, to encode both local and

global topological features of regulatory networks. GENELink [6] utilizes a GAT-based

approach that allows the model to assign different weights to different neighboring nodes,

capturing the varying importance of different regulatory relationships. GNNLink [33] em-

ploys GCN-based graph encoders to aggregate information from a node’s neighborhood,

effectively modeling the influence of network structure on gene regulation. Both approaches

have demonstrated substantial improvements over previous methods, highlighting the value

of graph-based representations for capturing the complex inter-dependencies in gene reg-

ulatory systems. Despite these advances, current graph-based approaches face important

limitations. They primarily rely on topological features derived from limited training data,

without fully leveraging the rich biological context encoded in large-scale transcriptomic

datasets. Additionally, these approaches often struggle with the high sparsity and noise

characteristic of regulatory networks, particularly when available training data is limited.

2.2 Foundation Models for Single-Cell Transcriptomics

The remarkable success of large-scale pre-trained foundation models have significantly im-

pacted fields such as natural language understanding and computer vision by utilizing deep

learning models pre-trained on large-scale datasets, which can then be used for various

downstream tasks with limited task-specific data [20, 22, 37]. Similarly, for scRNA-seq

data, large-scale pre-trained foundation models have become essential tools for interpreting

the ’languages’ of cells [10, 21, 43, 50].
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2.2.1 Self-Supervised Pretraining Strategies

Foundation models for scRNA-seq data typically employ self-supervised learning objectives

on massive unlabeled datasets. The most common approach, analogous to masked language

modeling (MLM) in NLP [11], involves randomly masking a subset of gene expression values

and training the model to predict these values based on the surrounding genomic context.

This pretraining strategy enables models to learn comprehensive representations of gene-

gene relationships across diverse cellular contexts without requiring labeled data [50]. These

models, known as single-cell foundation models (scFMs), trained on large-scale scRNA-seq

data spanning millions of samples, provide rich informative representations for advancing

network biology. Several key scFMs have emerged, each with distinct architectural choices

and pretraining strategies. scBERT [50] adapts the BERT architecture to scRNA-seq data,

using a combination of gene identity embeddings and expression level embeddings processed

through transformer encoder layers. Geneformer [43] employs a rank value encoding strategy

to represent gene expression, prioritizing genes based on their relative expression within

each cell and using a deeper transformer architecture with upto 20 layers. scFoundation

[21] introduces an asymmetric encoder-decoder architecture specifically designed to handle

the sparsity of scRNA-seq data, with the encoder processing only non-zero expression values

and the decoder integrating zero-expressed genes. Most recently, scGPT [10] has adapted

the GPT architecture to the single-cell domain, enabling both representation learning and

generative capabilities.

2.2.2 Transfer Learning and Downstream Applications

These foundation models, pretrained on millions of single-cell transcriptomes spanning di-

verse tissues and conditions, have demonstrated remarkable transfer learning capabilities
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across a range of downstream tasks. As shown by Yang et al. [50] and Theodoris et al. [43],

pretrained representations from these models capture meaningful biological patterns that

generalize across cell types and experimental conditions. Applications have included cell

type annotation, perturbation response prediction, and trajectory inference, with pretrained

models consistently outperforming specialized models trained from scratch. This success

demonstrates the value of knowledge transfer from large-scale pretraining, especially when

labeled data for specific tasks is limited. Despite these advances, current foundation models

for single-cell data face important limitations. Most critically, they are trained exclusively on

gene expression data without incorporating prior biological knowledge encoded in gene reg-

ulatory networks, protein-protein interaction networks, or other structured biological data.

This represents a missed opportunity to guide these models toward biologically meaningful

representations that align with established knowledge of cellular processes.



Chapter 3

SCREGNET: Prediction of Gene

Regulatory Connections with Joint

Single-Cell Foundation Models and

Graph-Based Learning

3.1 Method

In this section, we discuss each element of SCREGNET (Fig 3.1) in detail.

3.1.1 Gene Representations from Foundation Models

Recent studies [10, 21, 43, 50], have demonstrated that large-scale pre-trained foundation

models possess a strong capacity to model gene-gene interactions across cells, achieving state-

of-the-art performance in various single-cell analysis tasks. In this study, we explore three

single-cell foundation models (scFMs), scBERT [50], Geneformer [43], and scFoundation [21],

to capture the context-aware gene-gene relationships of the scRNA-seq data.

A summary of these three scFMs, including their architectures and key features, is provided

in Table 3.1. All of these three scFMs rely on attention-based Transformer architectures [44]

9
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SINGLE-CELL FOUNDATION MODELS AND GRAPH-BASED LEARNING
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Figure 3.1: Overview of the scRegNet framework for GRN inference. SCREGNET
utilizes a pre-trained single-cell foundation model (top; Section 3.1.1) to generate gene em-
beddings from scRNA-seq input which are integrated with outputs from a Graph Encoder
(bottom left; Section 3.1.2). The combined representations are fed into a classifier (bottom
right; Section 3.1.4) for link prediction, enabling the identification of missing regulatory in-
teractions among genes. The architecture incorporates both frozen parameters for leveraging
pre-trained knowledge and tunable parameters for domain-specific learning, facilitating the
seamless integration of biological context with learned embeddings.

for processing gene-level vector representations of the scRNA-seq data and employ masked

language modeling (MLM) as a self-supervised pre-training strategy to learn multifaceted

internal patterns of cells from millions of single-cell transcriptomes. The MLM strategy is

the same as that used in pre-training the large language models (LLMs), such as ChatGPT,

allowing the LLMs to learn human knowledge from huge archives of natural language texts.

However, these three scFMs differ in how they represent the input scRNA-seq data, their

model architectures, and their training procedures. Specifically, the input design and pre-

processing steps vary for each model as detailed below.

First, we formally define the input scRNA-seq data as a cell-by-gene matrix, X ∈ RN×T ,

where each element represents the RNA abundance for gene t in cell n. This matrix, referred

to as the raw count matrix, is normalized using a log transformation and feature scaling to
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Table 3.1: Comparision of the large-scale single-cell foundation models (scFMs)

Geneformer scFoundation scBERT
Training Size:
#single-cells

95M 50M 1M

Model
architecture

Encoder Only Asymmetric
Encoder-Decoder

Encoder Only

Design
(Layer-Head-

Dim)

Transformer:
20-14-896

Encoder Transformer:
12-12-768

Decoder Performer:
6-8-512

Performer: 6-10-200

Input value Ranked normalized
expression values

continuous normalized
expression values

binned normalized
expression values

Number of
input genes

4096 genes with
different ranks

19,264 protein-coding or
mitochondrial genes

16,906 genes

Masking Non-Zero genes only Zero and Non-Zero Non-Zero genes
only

Pre-training
Date

Apr-24 Jun-24 Dec-21

ensure compatibility with attention-based architectures. To create a sequence suitable for

input for these models, we define a sequence of gene tokens as {g1, ..., gT}, where T is the

total number of selected genes in the dataset. Then we go into details of each scFM in how

they handle this input data.

scBERT

scBERT [50] utilizes a combination of two features for each gene: (1) a gene ID feature

with gene2vec [12] that represents individual genes in a pre-defined vector space, and (2)

a gene expression level feature. For each gene token gt, the initial input representation

is constructed as h0
t = embgene2vec(gt) + embexpr(gt), where embgene2vec(·) denotes the gene

identity embedding and embexpr(·) represents the expression level embedding. These input
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representations are processed through L = 6 successive transformer encoder layers:

h
(l)
t = Transformer(h

(l−1)
t ), l = 1, 2, ..., L. (3.1)

The final hidden states {hL
t }Tt=1 serve as the 200-dimensional gene-level embeddings, suitable

for downstream tasks.

scBERT [50] employs a matrix decomposition variant of the Transformer, known as Per-

former, to handle longer sequence lengths efficiently. The model is pre-trained via impu-

tation on 5 million cells belonging to a variety of cell types from different sources. To

generate emeddings for scBERT, we first requested the checkpoint and data from the cor-

responding authors. The environment was set up using the scBERT GitHub repository.

Log-normalization was performed and cells with less than 200 expressed genes were filtered

out.

scFoundation

scFoundation [21] utilizes an asymmetric encoder-decoder architecture [17] that employs at-

tention mechanisms to optimize gene dependency extraction in sparse single-cell data. It also

includes an embedding module that converts continuous gene expression scalars into high-

dimensional vectors, allowing the model to fully retain the information from raw expression

values, rather than discretizing them like other methods. The encoder is designed to only

process non-zero and non-masked gene expression embeddings. These encoded embeddings

are then recombined with the zero-expressed gene embeddings at the decoder stage to pro-

duce final 512-dimensional gene-level representations. These vector representations capture

detailed gene dependencies, making them suitable for downstream network biology-based

tasks.
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scFoundation is pre-trained over 50 million single-cells sourced from a wide range of organs

and tissues originating from both healthy and donors with a variety of diseases and can-

cer types. It employs xTrimogene [18] as a backbone model, a scalable transformer-based

architecture that includes an embedding module and an asymmetric encoder-decoder. The

encoder is designed to only process nonzero and non-masked gene expression embeddings

from the input matrix X, reducing computational load and thus enabling the application

of “vanilla transformer blocks to capture gene dependency without any kernel of low-rank

approximation”. The encoder input is formed as:

I = Autobin(X ⊙Mnonzero) + Lookup(genes) (3.2)

where ⊙ denotes the element-wise product, Mnonzero is a mask identifying non-zero elements,

and Autobin converts expression values into discretized tokens. The encoder generates gene-

level representations using multi-head self-attention:

Iencoder = Transformer(fQ(I), fK(I), fV (I)) (3.3)

where fQ, fK , and fV are linear projections for query, key, and value. These encoded

embeddings are then recombined with the zero-expressed gene embeddings at the decoder

stage to reconstruct transcriptome-wide embedded representations.

Ifull = Wp(Iencoder ⊕ Izero ⊕ Imasked) + bp (3.4)

where ⊕ represents concatenation, and Wp, bp are learned parameters that project the de-

coder’s embedding size. The final gene-level representations are then produced by the de-
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coder through:

Idecoder = Transformer(fQ(Ifull), fK(Ifull), fV (Ifull)) (3.5)

scFoundation is pre-trained using read-depth-aware (RDA) modeling, an extension of masked

language modeling developed to take the high variance in read depth of the data into account.

The raw gene expression values are pre-processed using hierarchical Bayesian downsampling

in order to generate the input vectors, which can either be the unchanged gene expression

profile or where downsampling has resulted in a variant of the data with lower total gene

expression counts. After gene expression has been normalized, raw and input gene expression

count indicators are represented as tokens which are concatenated with the model input,

allowing the model to learn relationships between cells with different read depths.

To generate scFoundation embeddings, we initialized the scFoundation class shared at the

official scFoundation GitHub repository. The 01B-resolution pre-trained model checkpoint

was loaded and the embeddings were generated while setting the input_type = singlecell

and tgthighres = f2.

Geneformer

Geneformer [43] employs a rank value encoding strategy to represent input scRNA-seq data,

prioritizing genes based on their expression value within a cell. To prepare the input data for

Geneformer, we utilize the token dictionary (TokenDict) and the gene median file (GeneMe-

dian) provided in the model’s repository. These resources ensure that the input is accurately

tokenized based on the rank value encoding strategy, maintaining consistency with the pre-

trained model. Each gene’s expression is normalized relative to a median reference and then

https://github.com/biomap-research/scFoundation/tree/main
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converted into ranked tokens. The input matrix R is constructed as follows:

R = RankV alue(X;TokenDict;GeneMedian). (3.6)

The RankValue function normalizes each gene’s expression using the GeneMedian values and

maps them to discrete tokens via the TokenDict. For each single-cell transcriptome, Gene-

former embeds each gene into an 896-dimensional space that captures the gene’s contextual

characteristics within the cell. These contextual embeddings are generated via multi-layer

attention mechanisms similar to the equation 3.1, where h
(0)
t is the initial embedding for

token Rt, and L = 20 layers are used in the encoder. The final hidden state, h(L)
t ∈ R896,

represents the context-aware embedding for gene t. To obtain robust and generalizable gene

representations, embeddings are extracted from the penultimate layer of the model, as it

captures a more abstract and general feature space compared to the final layer.

The model is pre-trained on Genecorpus-95M, which comprises approximately 95 million hu-

man single-cell transcriptomes from a broad range of tissues obtained from publicly available

data. This method provides a non-parametric representation of each single-cell transcrip-

tome by ranking genes based on their expression levels in each cell and normalizing these

ranks within the entire dataset. Consequently, housekeeping genes, which are ubiquitously

highly expressed, are normalized to lower ranks, reducing their influence. Only genes de-

tected within each cell are stored, thus reducing the sparsity of the data. The model is

pre-trained using a masked learning objective, masking a portion of the genes and predicting

the masked genes, which is intended to allow the model to learn gene network dynamics.

To generate embeddings for Geneformer, we downloaded the repository, including pre-trained

model checkpoints, from Hugging Face. We pre-processed the raw expression files to ensure

the correct naming of columns and then fed them into the Geneformer tokenizer (Transcrip-

https://huggingface.co/ctheodoris/Geneformer
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tomeTokenizer). Once the dataset had been tokenized, we extracted embeddings using the

pre-trained checkpoint (20-layer model) with the EmbExtractor method.

Mean Pooling

Upon extracting the gene representations as gene embeddings from the three scFMs as

described above, the embeddings corresponding to each gene are further aggregated across

all cells within a specific benchmark dataset to establish a cohesive representation for each

gene within a given cell type. This is accomplished through mean pooling. For each cell-type

specific benchmark dataset, the mean-pooled embedding for gene t is computed as follows:

ZscFM[t] =
1

N

N∑
n=1

h
(L)
t(n), (3.7)

where h
(L)
t(n) represents the extracted embedding of gene t within cell n and N indicates

the total number of cells within the cell-type-specific benchmark dataset (as detailed in

sections 3.1.1-3.1.1). This pooling methodology facilitates a balanced representation that

encapsulates the average gene activity throughout the entire dataset.

3.1.2 Graph-based Learning with GNNs

In addition to the context-aware gene-level representations extracted from the scFMs men-

tioned above, we also extract gene representations that encode the regulatory network topol-

ogy using GNNs.

The regulatory network topology comes from the gene interactions in the training data using

experimentally validated TF-DNA binding data from resources such as ENCODE [9], ChIP-

Atlas [35], and ESCAPE [47]. We formulate these gene interactions in the training data as

https://huggingface.co/ctheodoris/Geneformer/tree/main/gf-20L-95M-i4096
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a known graph between TFs and target genes, with nodes denoting TFs or genes and links

symbolizing their regulatory associations. The gene regulatory link prediction task aims to

discover any missing interactions between gene pairs that are not included in the training

data. Specifically, given the gene interactions in the training data, the graph encoders

(GNNs) learn a mapping function that can generate low-dimensional gene embeddings that

capture the underlying structure of the gene interactions.

Let the gene interactions in the training data be represented as G = {V,E}, where V is

the set of nodes (genes) and E is the set of edges (regulatory interactions). The goal is to

learn effective node representations through message passing, which embeds into each node—

information about its multi-hop neighbors. Specifically, each node receives and aggregates

messages (i.e., features or embeddings) from its neighboring nodes recursively in multiple

layers. Formally, the updated representation vt
l of each node, in l-th layer is given by:

vt
l = M({vsl−1 : s ∈ ηt}, vtl−1; θl) (3.8)

where ηt represents the set of neighboring nodes for an arbitrary node t, and M(·), parame-

terized by θl in the l-th layer, is the message passing function for neighborhood aggregation.

The neighborhood aggregation varies depending on the type of GNN.

To derive the initial features of the genes, we apply pre-processing operations to the raw

single-cell expression data. Here in SCREGNET, a simple Graph Convolutional Network

(GCN) [29] is employed. We noticed that this simple architecture is adequate to reach

similar performance compared to computation-demanding GNN frameworks such as Graph

Attention Networks (GAT) [45] and GraphSAGE (SAmple and aggreGatE) [19]. A detailed

GNN framework comparison and analysis can be found in the Results Section 3.3.
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3.1.3 Unified Gene Representations

After extracting gene representations from both the scFMs and the GNNs for a given cell-

type-specific benchmark dataset, we integrate them into a unified gene representation for

each gene as illustrated in Fig 3.1. This integration involves concatenating the represen-

tations from scFM (capturing contextual gene interactions) and GNN (capturing network

topology) as follows:

ZscFM[t]⊕ ZGNN[t] = Zjoint[t], (3.9)

where ZscFM[t] represents the foundation model-derived representation for gene t based on the

gene expression profiles in the benchmark dataset (section 3.1.1) and ZGNN[t] represents the

node representation of gene t derived from the GNN encoder trained on the corresponding

cell-type-specific network (section 3.1.2). The concatenated representation Zjoint[t] serves as

the unified representation for gene t, effectively capturing both gene expression context and

network structural information specific to the given dataset.

3.1.4 Link Prediction Layer

The link prediction module constitutes the final component of SCREGNET, specifically de-

signed to evaluate the likelihood of unseen regulatory interactions between the gene pairs.

We employ MLP networks integrated with ReLU activation functions and Dropout regular-

ization for this task.

For each gene pair (i, j), unified feature representations Zjoint[i] and Zjoint[j] as derived above

are processed through MLP. The two outputs from the MLP are concatenated to form a

combined representation that captures the joint features of the gene pair. This concatenated

representation is passed to a fully connected classification layer. This classification layer
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predicts the likelihood of a regulatory interaction by outputting a score for each possible

class (presence or absence of an interaction). The predicted scores are normalized using a

softmax function, yielding probabilities for each class, as shown in the following equation:

P̂ = Softmax(FCN(MLP(Zjoint[i])⊕MLP(Zjoint[j]))), (3.10)

where ⊕ represents the concatenation operation, and FCN denotes the final fully connected

network that maps the combined representation to the output probabilities. The predicted

probabilities correspond to the likelihood of the presence (Ŷ = 1) or absence (Ŷ = 0) of a

regulatory interaction.

3.1.5 Model Training

To train the SCREGNET model, we employ the Binary Cross-Entropy (BCE) loss function,

which measures the difference between the predicted regulatory interaction probabilities and

the ground-truth labels in the training dataset:

BCE = −
K∑
i=1

[yi · log(pi) + (1− yi) · log(1− pi)] , (3.11)

whereK is the total number of gene pairs in training data, yi is the ground-truth label for the

i-th gene pair (yi = 1 for interaction, yi = 0 for no interaction), pi is the predicted probability

of a regulatory interaction for the i-th pair. The BCE loss is backpropagated through

the SCREGNET framework, enabling end-to-end optimization of the model parameters. The

parameters of GNN layers are updated while the parameters of the scFM remain frozen

during training as shown in Fig 3.1.
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3.2 Experimental Setup

3.2.1 Datasets and Pre-processing

We evaluate SCREGNET on seven scRNA-seq benchmark datasets provided in BEELINE [36],

more specifically 1) human embryonic stem cells (hESC), 2) human mature hepatocytes

(hHEP), 3) mouse dendritic cells (mDC), 4) mouse embryonic stem cells (mESC), 5) mouse

hematopoietic stem cells of the erythroid lineage (mHSC-E), 6) mouse hematopoietic stem

cells with a granulocyte-monocyte lineage (mHSC-GM), and 7) mouse hematopoietic stem

cells with a lymphoid-like lineage (mHSC-L). Following GENELink [6] and GNNLink [33], we

adopt the cell-type-specific ChIP-seq networks from the aforementioned datasets as ground

truth to evaluate the performance of SCREGNET and baseline methods.

Following the original paper of BEELINE [36] that provided the seven benchmark datasets,

we pre-process each scRNA-seq dataset by only inferring the interactions outgoing from TFs.

Following BEELINE [36], we respectively select 500 and 1000 significantly most-varying genes

with all TFs whose corrected P-value (Bonferroni method) of variance is lower than 0.01 as

the ground truth network for gene regulatory link prediction. The seven scRNA-seq datasets

can be downloaded from Gene Expression Omnibus with the accession numbers GSE81252

(hHEP), GSE75748 (hESC), GSE98664 (mESC), GSE48968 (mDC) and GSE81682 (mHSC).

For a fair comparison with existing state-of-the-art baseline models (Section ??), we fol-

low the same evaluation strategy as GENELink [6] to split the ground truth networks into

training/validation/test sets in all benchmark datasets. In these ground truth networks,

the number of TFs is limited, and most of them are with high degrees. To validate that

the supervised model can distinguish the much more subtle differences between target and

non-target genes for each TF, we divide the positive and negative target genes of each TF



3.2. EXPERIMENTAL SETUP 21

in proportion to the training and test datasets.

Specifically, for each transcription factor (TF), the interactions (edges) with target genes are

categorized into positive and negative samples. Positive samples represent true regulatory

relationships supported by experimental evidence, such as ChIP-seq data from ground-truth

networks. Negative samples, on the other hand, consist of gene pairs with no known reg-

ulatory interactions. To ensure a robust evaluation framework, the positive and negative

samples for each TF are divided proportionally into training and test sets, maintaining a

fixed ratio of 67% for training and 33% for testing. This partitioning ensures a consistent

evaluation process across all TFs. Additionally, a small subset of the training data (10%)

is reserved as a validation set for hyperparameter tuning and early stopping during model

training. The data splitting is performed per TF, ensuring that all TFs contribute examples

to both the training and test sets. Crucially, this partitioning strategy prevents data leakage

by ensuring that the same gene does not appear in both the training and test sets for the

same TF. This approach guarantees that the model’s performance is evaluated on entirely

independent data, maintaining the integrity of the evaluation process. The sizes of each

ground-truth network training set are listed in Table 3.2.

Table 3.2: The statistics of prior networks with TFs and 500 (1000) most-varying genes

Cell Type Species #Cells #TFs #Genes Density Training Size Test Size
hESC human 759 34 (34) 815 (1260) 0.164 (0.165) 20677 (32065) 7142 (11047)
hHEP human 426 30 (31) 874 (1331) 0.379 (0.377) 19002 (30026) 6563 (10348)
mDC mouse 384 20 (21) 443 (684) 0.085 (0.082) 10969 (18556) 3792 (6395)
mESC mouse 422 88 (89) 977 (1385) 0.345 (0.347) 65895 (96460) 22736 (33229)
mHSC-E mouse 1072 29 (33) 691 (1177) 0.578 (0.566) 13632 (26565) 4718 (9164)
mHSC-GM mouse 890 22 (23) 618 (1089) 0.543 (0.565) 9280 (17406) 3216 (6003)
mHSC-L mouse 848 16 (16) 525 (640) 0.525 (0.507) 5976 (7392) 2076 (2560)



22
CHAPTER 3. SCREGNET: PREDICTION OF GENE REGULATORY CONNECTIONS WITH JOINT

SINGLE-CELL FOUNDATION MODELS AND GRAPH-BASED LEARNING

3.2.2 Parameter Settings

We leveraged Optuna [2], a powerful hyperparameter optimization framework, to system-

atically explore the search space. Detailed information on the hyperparameter settings can

be found in Table 3.3. For each combination of dataset and model, we conducted 50 op-

timization trials, ensuring a thorough investigation of potential configurations. Optuna’s

Tree-structured Parzen Estimator (TPE) was employed to intelligently navigate the search

space, prioritizing regions with higher potential based on previous trials. We also applied

early stopping criteria to save computational resources by halting underperforming trials

early.

Table 3.3: * Applicable only for Graph Attention Network models

hyperparameter search space type

learning rate [1e-5, 1e-2] continual

weight decay [1e-5, 1e-4] continual

dropout [0.1, 0.8] continual

#GNN layers [1, 6] discrete

#MLP layers [1, 6] discrete

batch size [32, 56] discrete

hidden dimension [4, 256] discrete

#attention heads∗ [1, 8] discrete

reduction∗ [concatenate, mean] discrete

alpha∗ [0.01, 0.5] continual

optimizer [Adam, RMSprop, SGD] discrete
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3.2.3 Baseline models and evaluation metrics

We compare SCREGNET against nine baseline methods for gene regulatory link prediction

from single-cell RNA-seq data, which have been proven to achieve good performance. These

methods include traditional statistical techniques, machine learning algorithms, and deep

learning models, applied to single-cell RNA-seq. We use the Area Under the Receiver Op-

erating Characteristic Curve (AUROC) and the Area Under the Precision-Recall Curve

(AUPRC) as the evaluation metrics.

• GNNLink [33] is a graph neural network model that uses a GCN-based interaction graph

encoder to capture gene expression patterns.

• GENELink [6] proposes a graph attention network (GAT) approach to infer potential

GRNs by leveraging the graph structure of gene regulatory interactions.

• GNE (gene network embedding) [26] proposes a multilayer perceptron (MLP) approach

to encode both gene expression profiles and network topology for predicting gene depen-

dencies.

• CNNC [52] proposes inferring GRNs using deep convolutional neural networks (CNNs).

• DeepDRIM [8] is a supervised deep neural network that utilizes images representing the

expression distribution of joint gene pairs as input for binary classification of regulatory

relationships, considering both target TF-gene pairs and potential neighbor genes.

• GRN-transformer [39] is a weakly supervised learning method that utilizes axial trans-

formers to infer cell type-specific GRNs from single-cell RNA-seq data and generic GRNs.

• Pearson correlation coefficient (PCC) [38] is a traditional statistical method for measuring

the linear correlation between two variables, often used as a baseline for GRN inference.



24
CHAPTER 3. SCREGNET: PREDICTION OF GENE REGULATORY CONNECTIONS WITH JOINT

SINGLE-CELL FOUNDATION MODELS AND GRAPH-BASED LEARNING

• GRNBoost2 [34] is a gradient boosting-based method for GRN inference.

• GENIE3 [23] is a random forest-based machine learning method that constructs GRNs

based on regression weight coefficients, and won the DREAM5 In Silico Network Challenge

in 2010.

3.3 Results and Discussion

3.3.1 Performance on Benchmark Datasets

As demonstrated in Tables 3.4 and 3.5, all variants of SCREGNET (w/ scBERT, Gene-

former, and scFoundation) consistently surpass existing baseline models in both AUROC

and AUPRC metrics across all seven cell-type-specific datasets (hESC, hHEP, mDC, mESC,

mHSC-E, mHSC-GM, mHSC-L). The Geneformer- and scFoundation-based configurations

achieved the highest performance, with SCREGNET(w/ Geneformer) delivering an average

improvement of 7.4% and 6.9% in AUROC and 18.6% and 4.1% (Table 3.4) in AUPRC over

GNNLink and GENELink respectively, on datasets with 500 most-variable genes (TFs+500).

Similarly, for TFs+1000 datasets, SCREGNET(w/ Geneformer) outperformed GENELink and

GNNLink by 6.2% and 7.5% in AUROC and 16.5% and 3.9% in AUPRC (Table 3.5) re-

spectively. Among the three scFM backbone configurations, Geneformer and scFoundation

yielded slightly better results compared to scBERT.

Traditional methods, such as GRNBOOST2, GENIE3, and PCC, demonstrated limited pre-

dictive accuracy, particularly in AUPRC, due to their reliance on simplistic pairwise cor-

relation metrics. In contrast, graph-based deep learning frameworks like GNNLink and

GENELink improved performance by leveraging gene-gene interactions, but their effective-

ness remained limited. SCREGNET consistently outperformed these approaches across di-
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Table 3.4: Link prediction performance on seven scRNA-seq datasets with 500 most-
variable genes. Each dataset includes a cell-type-specific ground-truth network. The
values reported are averages from 50 independent evaluations per cell type. SCREGNET uti-
lizing the three backbone models—scBERT, Geneformer, and scFoundation—consistently
outperforms the baselines.

Method
Cell Type

hESC hHEP mDC mESC mHSC-E mHSC-GM mHSC-L
GRNBOOST2
Moerman et al. [34]

AUROC
AUPRC

0.49
0.15

0.52
0.38

0.52
0.06

0.53
0.32

0.53
0.57

0.50
0.52

0.52
0.5

GENIE3
Huynh-Thu et al. [23]

AUROC
AUPRC

0.50
0.15

0.54
0.39

0.50
0.05

0.50
0.31

0.52
0.56

0.53
0.53

0.52
0.50

PCC
Salleh et al. [38]

AUROC
AUPRC

0.47
0.14

0.49
0.35

0.54
0.06

0.51
0.31

0.49
0.56

0.54
0.53

0.55
0.52

GRN-Transformer
Shu et al. [39]

AUROC
AUPRC

0.51
0.15

0.49
0.35

0.50
0.06

0.53
0.49

0.64
0.71

0.50
0.66

0.64
0.64

DeepDRIM
Chen et al. [8]

AUROC
AUPRC

0.63
0.13

0.52
0.39

0.50
0.06

0.51
0.46

0.56
0.76

0.64
0.64

0.58
0.59

CNNC
Yuan and Bar-Joseph [52]

AUROC
AUPRC

0.68
0.25

0.64
0.46

0.54
0.06

0.73
0.48

0.67
0.74

0.69
0.68

0.67
0.64

GNE
Kc et al. [26]

AUROC
AUPRC

0.67
0.34

0.80
0.65

0.52
0.06

0.81
0.64

0.82
0.80

0.83
0.78

0.77
0.70

GENELink
Chen and Liu [6]

AUROC
AUPRC

0.82
0.50

0.84
0.70

0.71
0.11

0.88
0.75

0.87
0.89

0.89
0.89

0.83
0.83

GNNLink
Mao et al. [33]

AUROC
AUPRC

0.85
0.52

0.82
0.75

0.70
0.25

0.84
0.76

0.83
0.88

0.89
0.89

0.84
0.85

SCREGNET
(w/ scBERT)

AUROC
AUPRC

0.88±0.00
0.61±0.00

0.90±0.00
0.83±0.00

0.75±0.01
0.12±0.01

0.92±0.00
0.84±0.00

0.92±0.00
0.94±0.00

0.92±0.00
0.93±0.00

0.85±0.01
0.85±0.01

SCREGNET
(w/ scFoundation)

AUROC
AUPRC

0.89±0.00
0.62±0.00

0.90±0.00
0.83±0.00

0.81±0.00
0.15±0.01

0.93±0.00
0.86±0.00

0.92±0.00
0.94±0.00

0.93±0.00
0.94±0.00

0.88±0.00
0.88±0.00

SCREGNET
(w/ Geneformer)

AUROC
AUPRC

0.89±0.00
0.62±0.00

0.90±0.00
0.84±0.00

0.81±0.00
0.17±0.00

0.93±0.00
0.86±0.00

0.92±0.00
0.94±0.00

0.93±0.00
0.94±0.00

0.88±0.00
0.88±0.00

verse cell types and datasets. For example, as shown in Table 3.4, SCREGNET achieved

an AUPRC of 0.62 in hESC, representing a +24% improvement over GENELink (AUPRC

= 0.50) and a +21.6% improvement over GNNLink (AUPRC = 0.51) under comparable con-

ditions. SCREGNET demonstrated superior performance in challenging scenarios with sparse

regulatory signals, emphasizing the value of integrating foundation model embeddings to

capture context-aware gene relationships and overcome the limitations of correlation-based

and graph-only methods.
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Table 3.5: Link prediction performance on seven scRNA-seq datasets with 1000 most-
variable genes. Each dataset includes a cell-type-specific ground-truth network. The values
reported are averages from 50 independent evaluations per cell type. SCREGNET utilizing the
three backbone models—scBERT, Geneformer, and scFoundation—consistently outperforms
the baselines.

Method
Cell Type

hESC hHEP mDC mESC mHSC-E mHSC-GM mHSC-L
GRNBOOST2
Moerman et al. [34]

AUROC
AUPRC

0.49
0.14

0.52
0.37

0.53
0.05

0.53
0.32

0.51
0.54

0.49
0.52

0.53
0.48

GENIE3
Huynh-Thu et al. [23]

AUROC
AUPRC

0.50
0.15

0.54
0.38

0.52
0.05

0.50
0.31

0.50
0.54

0.51
0.53

0.52
0.48

PCC
Salleh et al. [38]

AUROC
AUPRC

0.47
0.14

0.50
0.34

0.54
0.05

0.51
0.31

0.49
0.53

0.54
0.54

0.55
0.51

GRN-Transformer
Shu et al. [39]

AUROC
AUPRC

0.67
0.16

0.58
0.53

0.57
0.05

0.50
0.51

0.59
0.69

0.53
0.61

0.58
0.52

DeepDRIM
Chen et al. [8]

AUROC
AUPRC

0.56
0.19

0.63
0.46

0.50
0.06

0.62
0.46

0.50
0.73

0.66
0.64

0.57
0.48

CNNC
Yuan and Bar-Joseph [52]

AUROC
AUPRC

0.72
0.27

0.66
0.49

0.56
0.05

0.73
0.50

0.72
0.77

0.69
0.73

0.62
0.56

GNE
Kc et al. [26]

AUROC
AUPRC

0.68
0.34

0.81
0.66

0.52
0.05

0.82
0.65

0.84
0.81

0.84
0.81

0.77
0.68

GENELink
Chen and Liu [6]

AUROC
AUPRC

0.83
0.50

0.85
0.71

0.74
0.12

0.89
0.76

0.90
0.90

0.90
0.91

0.84
0.81

GNNLink
Mao et al. [33]

AUROC
AUPRC

0.80
0.51

0.84
0.78

0.78
0.21

0.84
0.78

0.87
0.93

0.92
0.93

0.86
0.86

SCREGNET
(w/ scBERT)

AUROC
AUPRC

0.86±0.00
0.56±0.01

0.90±0.00
0.83±0.00

0.75±0.01
0.14±0.01

0.93±0.01
0.86±0.01

0.92±0.00
0.94±0.00

0.92±0.00
0.94±0.00

0.81±0.01
0.79±0.01

SCREGNET
(w/ scFoundation)

AUROC
AUPRC

0.88±0.00
0.62±0.00

0.91±0.00
0.85±0.00

0.82±0.00
0.15±0.00

0.93±0.00
0.86±0.00

0.94±0.00
0.95±0.00

0.94±0.00
0.95±0.00

0.87±0.00
0.86±0.00

SCREGNET
(w/ Geneformer)

AUROC
AUPRC

0.88±0.00
0.62±0.00

0.90±0.00
0.84±0.00

0.84±0.00
0.17±0.01

0.93±0.00
0.87±0.00

0.94±0.00
0.95±0.00

0.94±0.00
0.95±0.00

0.88±0.00
0.87±0.00

3.3.2 Ablation Study

To understand the contribution of each component within SCREGNET, we performed a series

of ablation studies, with the results displayed in Figure 3.2. The first experiment involved

removing the GNN encoder, which led to a substantial decline in performance, highlighting

the critical role of graph-based representation learning in refining gene embeddings. In the

second ablation, we excluded the pre-trained foundation model embeddings. This omission

impaired performance, demonstrating the importance of capturing diverse cellular contexts

through pre-trained embeddings for accurate GRN inference. In these experiments, we uti-
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lized Geneformer as the scFM backbone and GCN as the GNN backbone for the model. For

each dataset, the AUROC score is calculated as the average of the AUROC values from the

TF+500 and TF+1000 datasets. Similarly, the AUPRC score is computed as the average of

the AUPRC values from these two networks.
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Figure 3.2: Ablation study validating the contributions of the GNN encoder and scFM (w/
Geneformer) encoder in SCREGNET, evaluated using cell-type-specific GRNs. The analysis
considers networks with TFs + 500 and TFs + 1000 genes, and the reported scores represent
the average AUROC (left) and AUPRC (right) across both configurations, highlighting the
impact of each component on model performance.

3.3.3 Impact of GNN architecture

To understand the effective choice of GNN architecture, we employ three distinct GNN

architectures: GCN [29], GraphSAGE [19], and GAT [45]. GCN is designed to capture

the local structure of the graph by aggregating features from a node’s immediate neighbors.

GraphSAGE builds upon GCN by enabling the aggregation of information from sampled

neighborhoods, rather than requiring all neighbors to be included. GAT introduces attention

mechanisms that weigh the importance of different neighbors during the message-passing

process.

We evaluated SCREGNET(w/ Geneformer) with all three of the above-mentioned GNN archi-

tectures. The evaluation results are detailed in Table 3.6. This analysis reveals an interesting
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phenomenon: after extensive hyperparameter tuning, all GNN variants show similar perfor-

mance, with only slight differences observed among them. This similarity in performance

can be attributed to the sparsity of the networks [4]. This phenomenon underscores the im-

portance of considering graph sparsity when designing and applying GNNs. It suggests that

in some cases, simpler GNN architectures may be sufficient for sparse biological networks,

and that efforts to improve performance might be better directed towards graph construction

and feature engineering rather than increasing model complexity.

The experiments were conducted using two different sets of most variable genes combined

with transcription factors (TFs): (a) 500 most variable genes and (b) 1000 most variable

genes.

3.3.4 Robustness Study

While our methodology leverages experimentally validated gene regulations, we acknowledge

that in practice, these interactions may contain noise and false positives. Therefore, it is

essential to evaluate the robustness of our model when subjected to noisy priors. To address

this, we assessed the performance of SCREGNET(w/ Geneformer), under various levels of noise-

corrupted training data. We introduced controlled perturbations to the priors by flipping

the labels of positive instances to negative and vice versa, simulating noise levels of 1%,

2%, 3%, and 4% in the training data. For each noise level, we generated 10 distinct noise-

corrupted priors to ensure diverse variations. The performance of SCREGNET(w/ Geneformer)

was evaluated against each corrupted prior, with results visualized through box plots to

illustrate performance variations.

To contextualize the robustness of SCREGNET(w/ Geneformer), we benchmarked its perfor-

mance against the baseline method, GENELink. The results demonstrated the stability and
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Table 3.6: Comparative Analysis of Link Prediction Performance in GRNs Using Popular
GNN Variants as Backbone Graph-Based Encoders for SCREGNET, with Geneformer Serving
as the Foundation Model Backbone.

Cell Type GCN SAGE GAT
hESC AUROC

AUPRC
0.886 ± 0.002
0.622 ± 0.004

0.884 ± 0.004
0.623 ± 0.003

0.886 ± 0.004
0.614 ± 0.002

hHEP AUROC
AUPRC

0.902 ± 0.002
0.841 ± 0.003

0.901 ± 0.003
0.839 ± 0.004

0.901 ± 0.003
0.838 ± 0.003

mDC AUROC
AUPRC

0.808 ± 0.003
0.167 ± 0.002

0.788 ± 0.001
0.158 ± 0.002

0.808 ± 0.002
0.167 ± 0.001

mESC AUROC
AUPRC

0.926 ± 0.001
0.860 ± 0.001

0.926 ± 0.004
0.859 ± 0.001

0.926 ± 0.002
0.859 ± 0.003

mHSC-E AUROC
AUPRC

0.923 ± 0.001
0.941 ± 0.002

0.923 ± 0.001
0.941 ± 0.003

0.921 ± 0.004
0.939 ± 0.002

mHSC-GM AUROC
AUPRC

0.931 ± 0.002
0.939 ± 0.001

0.930 ± 0.002
0.939 ± 0.001

0.929 ± 0.003
0.938 ± 0.003

mHSC-L AUROC
AUPRC

0.879 ± 0.002
0.879 ± 0.002

0.877 ± 0.002
0.874 ± 0.001

0.878 ± 0.002
0.876 ± 0.003

(a) TFs + 500 Most Variable Genes

Cell Type GCN SAGE GAT
hESC AUROC

AUPRC
0.883 ± 0.002
0.624 ± 0.003

0.882 ± 0.002
0.620 ± 0.004

0.885 ± 0.002
0.625 ± 0.001

hHEP AUROC
AUPRC

0.905 ± 0.004
0.844 ± 0.001

0.905 ± 0.003
0.844 ± 0.002

0.905 ± 0.002
0.843 ± 0.002

mDC AUROC
AUPRC

0.838 ± 0.002
0.162 ± 0.002

0.835 ± 0.003
0.146 ± 0.002

0.838 ± 0.004
0.162 ± 0.003

mESC AUROC
AUPRC

0.931 ± 0.002
0.866 ± 0.002

0.931 ± 0.001
0.866 ± 0.002

0.930 ± 0.003
0.865 ± 0.004

mHSC-E AUROC
AUPRC

0.941 ± 0.004
0.956 ± 0.003

0.941 ± 0.002
0.954 ± 0.001

0.940 ± 0.002
0.953 ± 0.002

mHSC-GM AUROC
AUPRC

0.936 ± 0.003
0.949 ± 0.002

0.937 ± 0.004
0.950 ± 0.001

0.935 ± 0.003
0.948 ± 0.003

mHSC-L AUROC
AUPRC

0.876 ± 0.001
0.865 ± 0.001

0.876 ± 0.003
0.865 ± 0.001

0.876 ± 0.002
0.864 ± 0.004

(b) TFs + 1000 Most Variable Genes
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resilience of SCREGNET under noisy training data, with consistently superior performance

compared to GENELink, even as noise levels increased. These findings, depicted in Fig-

ure 3.3, underscore the reliability of SCREGNET(w/ Geneformer) in leveraging experimentally

validated gene regulations, even in the presence of noise. This robustness positions the model

as a reliable choice for real-world applications with noisy training data.

To further identify the threshold at which the performance of our model significantly dete-

riorates, we extended the noise perturbation analysis to higher noise levels (Table 3.4).

3.3.5 SCREGNET Infers Biologically Meaningful Interactions

Human embryonic stem cells (hESCs) rely on complex GRNs to maintain pluripotency and

orchestrate early development. First, we observe that SCREGNET predicts several impor-

tant regulations in the test set that were otherwise missed by the baseline methods such

as GENELink. We further analyze novel regulatory interactions that were not part of the

original curated dataset and were missed by baseline methods. The analysis concentrated on

predicted positive interactions with a probability greater than 85%, involving key TFs such

as classic pluripotency factors NANOG and SOX2, early developmental regulator OTX2, a

forkhead factor FOXP1, and stress/differentiation-associated factors like JUND (AP-1 fam-

ily), each known for roles in stem cell fate decisions. SCREGNET identified 109 such novel

TF→target interactions in the hESC context. The predicted target genes range from signal-

ing receptors and transcriptional regulators to cell-cycle and epigenetic factors. We highlight

several specific TF-target pairs from this novel set and examine supporting experimental ev-

idence for their functional roles in stem cell biology, pluripotency maintenance, or early

differentiation.

Our analysis demonstrates that novel interactions identified by SCREGNET in the TFs+500
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network for hESCs reveal biologically significant regulatory relationships supported by exper-

imental literature. For instance, the prediction of NANOG→BMPR1A aligns with evidence

that NANOG antagonizes BMP signaling pathways, helping to maintain pluripotency by

limiting differentiation cues [42]. Additionally, the predicted JUND→SNAI2 interaction is

corroborated by findings that AP-1 family transcription factors, including JUND, directly

activate SNAI2, promoting epithelial-to-mesenchymal transitions essential during early de-

velopment [5]. Furthermore, the novel interaction OTX2→CITED2 fits well with studies

demonstrating OTX2’s role in driving differentiation by counteracting pluripotency main-

tenance programs, potentially through downregulating CITED2-mediated stabilization of

core pluripotency factors such as NANOG and OCT4 [1, 31]. Collectively, these experimen-

tally supported predictions underscore SCREGNET the ability to uncover critical, previously

unrecognized regulatory links in stem cell biology, providing valuable targets for further

experimental validation and functional studies.

Table 3.7: Biologically relevant TF–target interactions predicted by SCREGNET (Geneformer
backbone) on the hESC TFs+500 network. Prior Network indicates whether the interaction
was documented in training/test sets.

TF Target Gene Biological Role/Pathway GENELink Prior Network Literature Support
FOXP1 NANOG Pluripotency maintenance Predicted Absent [15]
FOXP1 GDF3 Signaling (Nodal/TGF-� pathway) Predicted Absent [15]
NANOG OTX2 Pluripotency maintenance Not Predicted Absent [41]
NANOG BMPR1A Pluripotency maintenance Not Predicted Absent [42]
OTX2 NANOG Differentiation Not Predicted Absent [16]
OTX2 CITED2 Differentiation Not Predicted Absent [1, 31]
NANOG GATA6 Differentiation (Endoderm lineage) Not Predicted Absent [40]
JUND CDH2 EMT (Mesenchymal marker) Not Predicted Absent [51]
JUND SNAI2 EMT/Differentiation Not Predicted Absent [5]
SOX2 CDK6 Cell cycle regulation Not Predicted Absent [32]
SMAD2/3 NANOG Signaling (Activin/TGF-� pluripotency) Predicted Present [48]



32
CHAPTER 3. SCREGNET: PREDICTION OF GENE REGULATORY CONNECTIONS WITH JOINT

SINGLE-CELL FOUNDATION MODELS AND GRAPH-BASED LEARNING

1 2 3 4
Noise (%)

0.40

0.45

0.50

0.55

0.60

AU
RO

C

hESC

1 2 3 4
Noise (%)

0.72

0.74

0.76

0.78

0.80

AU
RO

C

hHEP

1 2 3 4
Noise (%)

0.82

0.84

0.86

0.88

0.90

0.92

AU
RO

C

mHSC-E

1 2 3 4
Noise (%)

0.78

0.80

0.82

0.84

0.86

0.88

0.90

AU
RO

C

mHSC-GM

1 2 3 4
Noise (%)

0.74

0.76

0.78

0.80

0.82

0.84

AU
RO

C

mHSC-L

1 2 3 4
Noise (%)

0.35

0.40

0.45

0.50

0.55

0.60

AU
PR

C

hESC

1 2 3 4
Noise (%)

0.66
0.68
0.70
0.72
0.74
0.76
0.78
0.80

AU
PR

C

hHEP

1 2 3 4
Noise (%)

0.85
0.86
0.87
0.88
0.89
0.90
0.91
0.92

AU
PR

C

mHSC-E

1 2 3 4
Noise (%)

0.82

0.84

0.86

0.88

0.90
AU

PR
C

mHSC-GM

1 2 3 4
Noise (%)

0.74

0.76

0.78

0.80

0.82

0.84

AU
PR

C

mHSC-L

Figure 3.3: Performance comparison of SCREGNET-Geneformer(green) vs.
GENELink(orange) under increasing noise levels in cell-type-specific GRNs. The evaluation
was conducted on networks containing TFs + 500 genes, with noise in the training dataset
incrementally increased from 1% to 5%. Box plots illustrate the robustness of SCREGNET
in comparison to GENELink as noise levels rise, highlighting the model’s stability across
varying perturbations.
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Figure 3.4: Robustness analysis of model performance under varying levels of label noise
(from 5% to 50%) measured by AUROC (left) and AUPRC (right) across all the cell types.
Performance remains stable at low noise levels (�10%), but deteriorates significantly beyond
a threshold of approximately 30% label noise, highlighting the practical limits of the model’s
noise tolerance.



Chapter 4

SCNETFORMER: Network-Guided

Pretraining of Single-Cell Foundation

Models

While SCREGNET [30] demonstrates promising results, it still has several limitations. One

notable challenge lies in the reliance on ground-truth TF-DNA interactions in the training

data, which may not always be available for new cell types. The next part of this thesis

addresses this challenge by focusing on incorporating the graph topology knowledge of prior

biological networks into the foundation model pre-training phase, thereby enabling their

broader applicability across diverse downstream tasks.

4.1 Collecting and Pre-processing of Prior Knowledge

Gene regulatory networks (GRNs) represent a comprehensive blueprint of cellular identity,

delineating the complex interactions between transcription factors (TFs) and their target

genes. To leverage this biological knowledge effectively, we integrate prior GRNs into the

pretraining process of foundation models, enhancing their capacity to grasp universal reg-

ulatory mechanisms. The rapid accumulation of genomics data has enriched our knowl-

edge base with critical regulatory elements and validated interactions among genes, signif-

34
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icantly enhancing our understanding of cellular and biological processes. For our analy-

sis, we acquired genome-scale networks comprising transcription factor and miRNA regula-

tory interactions from 36 normal human tissues, utilizing data from the GRAND database

(https://grand.networkmedicine.org). GRAND constructs these comprehensive GRNs using

the GTEx dataset and the PANDA methodology, generating aggregate TF networks con-

sisting of 30,243 genes and 644 regulators. The dataset includes robust GRNs derived from

various tissue samples, providing a rich and diverse basis for model training and analysis.

The distribution of tissue samples used from the GRAND database is visualized in Fig 4.1,

highlighting the sample count across different tissue types and underscoring the diversity

and scale of data employed in our integrative analyses.

4.1.1 Graph Construction

Edge weights in the downloaded GRNs indicate the strength and confidence of regulatory in-

teractions between transcription factors (TFs) and their target genes. These weights are com-

putationally inferred by integrating diverse sources of evidence, including gene co-expression

patterns, TF-binding motifs, and protein-protein interactions. Higher edge weights reflect

stronger, more confident, and biologically relevant regulatory relationships, whereas lower

edge weights indicate weaker or uncertain interactions. To define the edges for our analy-

sis, we employed two thresholds for these edge weights: 0 and 1. This resulted in creating

dense and sparse graphs for each tissue type, respectively. On average, dense graphs ex-

hibited a density of approximately 0.3, while sparse graphs had a density of about 0.09.

These thresholds facilitated a balanced exploration of different graph densities in regulatory

networks.
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Figure 4.1: Number of samples across different tissue types from the GRAND database used
in constructing gene regulatory networks.

4.2 Network-Guided Pre-training Strategies

We explored three distinct fusion strategies to integrate prior biological knowledge into the

pretraining process of single-cell foundation model. We use the 6-layer Geneformer as the

base model for these experiments.



4.2. NETWORK-GUIDED PRE-TRAINING STRATEGIES 37

4.2.1 Early Fusion

Early fusion integrates network-derived gene embeddings at the input level. Using graph

neural networks (GNNs), we encoded topological structures of gene interactions from GRNs

into numerical embeddings. These embeddings were merged with original gene representa-

tions by element-wise addition (Fig 4.2), thus enhancing the input representation’s biological

relevance.

Graph Based 
Learning

Gene 1

Gene 2

Gene 1

Gene 2

Gene G Gene G

+

+

+

Network 
embeddings

Rank Value 
Embeddings

Geneformer

Known gene 
interactions

Figure 4.2: Early fusion at input level

4.2.2 Intermediate Fusion

Intermediate fusion incorporates GRN constraints directly into the attention mechanisms

of transformer layers during model pretraining. Attention weights between gene pairs were

selectively updated based on known regulatory connections, enforcing biologically plausible

interaction patterns and improving interpretability.

Masked Attention: In a vanilla transformer, self-attention is computed for all possible

pairs of tokens in the input. By contrast, genes typically attend to adjacent genes in GRNs.
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Thus, for the network-guided pretraining at intermediate level it can be beneficial to intro-

duce graph priors into the attention mask M, for example by restricting self-attention to

local neighborhoods. This can be realized by setting elements of M to 0 for pairs of tokens

that should be connected, and to −∞ otherwise.

4.2.3 Late Fusion

Late fusion employs a contrastive learning strategy at the output layer, leveraging known

regulatory relationships to regularize gene representations (Fig 4.3). An InfoNCE-based

contrastive loss is used, as shown in the following equation, to ensure proximity in the repre-

sentation space for biologically connected genes, enhancing the foundation model’s alignment

with regulatory interactions:

ℓi,j = − log
exp

(
sim(zi, zj)/τ

)
2N∑
k=1
k ̸=i

exp
(
sim(zi, zk)/τ

) , (4.1)

Known gene 
interactions Positive and 

Negative Pairs

Geneformer

Update loss and 
backpropagate

Gene Level 
representations

gi gj

zi zj

for each 
gene pair (i,j)

Figure 4.3: Late fusion with contrastive learning
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4.3 Pre-training and Optimisation

Our work adopts the 6-layer Geneformer architecture, where each layer comprises a multi-

head self-attention block followed by an MLP. The original model was trained on Genecorpus-

95M with ∼95 million human single-cell transcriptomes spanning a wide range of tissues.

Input representation. Raw UMI counts are first converted to rank-value encodings:

within every cell, genes are sorted by expression, assigned a rank, and the ranks are then

scaled by the global gene-specific median. This non-parametric scheme (i) attenuates ubiq-

uitous housekeeping genes, (ii) preserves relative abundance information, and (iii) yields a

compact, sparsity-reducing token sequence because only expressed genes are retained. Each

gene token is mapped to an R896 embedding.

Initialisation. We initialise from the publicly released checkpoint ctheodoris/Geneformer

(6-layer, 95 M cells). After standardising column names, expression matrices are passed

through the TranscriptomeTokenizer; embeddings are extracted with the EmbExtractor

utility.

Continued pre-training. For our new datasets we perform further pre-training and min-

imise a composite loss:

L = λMLM LMLM + λCTR LCTR,

where LMLM is the standard masked-language-model objective and LCTR is an InfoNCE con-

trastive loss that leverages graph-based positive pairs when the strategy requires it. For

strategies that do not involve contrastive learning we set λCTR = 0. Hyper-parameters λMLM

and λCTR are tuned on a held-out validation set.

https://huggingface.co/ctheodoris/Geneformer
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This continued pre-training distils graph-aware structure into the Transformer while preserv-

ing the rich contextual knowledge encoded during the original Genecorpus-95M training.

4.4 Results and Discussion

4.4.1 Preliminary Experiments

To identify the most effective strategy for knowledge-guided pre-training, we began with

a 6-layer GENEFORMER as the baseline foundation model and evaluated the three graph-

integration strategies described in Section 4.2. Experiments were run on two tissue-specific

GRNs: Heart atrial appendage and Heart left ventricle drawn from GRAND.

For each strategy we asked two questions:

1. Can the network-guided model be fine-tuned to discriminate central from

peripheral regulators within an N1-dependent sub-network?

2. Does incorporating graph information improve discrimination when only

single-cell transcriptional profiles (∼30,000 endothelial cells from the Heart

Atlas) are available?

The answer to both is yes. Across five cross-validation folds, the best configuration, con-

trastive learning on the sparse graph combined with early-fusion 2-layer GCN features from

the dense graph achieved an AUC of 0.87, a substantial gain over the baseline (0.81).

Results for all tested variants are summarized in Table 4.1.
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Table 4.1: Preliminary results of the enhanced foundational models on different knowledge
incorporation strategies.

Model Graph-based Learning Input GRN AUC
Geneformer-6L (Baseline) - - 0.81

+ Masked Attention -
Dense 0.74
Sparse 0.76

+ Early Fusion

Gene2Vec
Dense 0.80
Sparse 0.81

GCN (2 layers)
Dense 0.84
Sparse 0.79

GCN (3 layers)
Dense 0.82
Sparse 0.79

+ Contrastive Learning -
Dense 0.79
Sparse 0.82

+ Contrastive Learning & Early Fusion

GCN (2 layers) Dense (Contrastive)
+ Sparse (Input)

0.76

GCN (2 layers) Dense (Input)
+ Sparse (Contrastive)

0.87

4.4.2 Performance on Binary Downstream Tasks

Experimental set-up. The best pre-training recipe from Section 4.4.1, contrastive learn-

ing on the sparse graph coupled with early-fusion 2-layer GCN features from the dense graph

was adopted for the final model. Because GPU memory limited the feasible batch size, we

selected the 18 GRNs that (i) are most relevant to our downstream evaluations, (ii) con-

tain the largest numbers of single-cell profiles, and (iii) exhibit above-median edge densities.

The resulting network-guided foundation model was then fine-tuned independently for four

representative gene-level classification tasks and compared against the same model trained

without graph priors.

Results. Table 4.2 shows that incorporating GRN priors consistently improved discrimi-

nation on three of the four tasks, with AUC gains ranging from ∆AUC = +0.04 (chromatin-
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state prediction) to ∆AUC = +0.08 (N1 activation status). No loss of accuracy was observed

on gene-dosage sensitivity, indicating that the priors do not over-constrain the model when

the downstream signal is orthogonal to the pre-training graphs.

Table 4.2: Impact of GRN-based pre-training on four downstream classification tasks. Each
value is the average AUC over five cross-validation folds; boldface marks the better score in
each task.

Network dynamics Network topology Chromatin dynamics Dosage sensitivity
(N1 activated vs. non-target) (Central vs. peripheral regulators) (Bivalent vs. non-methylated) (Sensitive vs. tolerant)

Logistic Regression (w/ gene counts) 0.62 0.60 0.72 0.61
Random Forest (w/ gene counts) 0.61 0.69 0.51 0.67

SVM (w/ gene counts) 0.53 0.68 0.84 0.67
Logistic Regression (w/ gene ranks) 0.60 0.59 0.51 0.65
Random Forest (w/ gene ranks) 0.58 0.68 0.69 0.72

SVM (w/ gene ranks) 0.60 0.65 0.54 0.75
Geneformer-6L (Baseline) 0.77 0.77 0.84 0.83

scNetFormer (ours) 0.85 0.82 0.88 0.83

4.4.3 Analysis of Attention Patterns
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Figure 4.4: Average self-attention importance and mean node degree for transcription-factor
(TF) and non-transcription-factor (non-TF) genes. TF genes interact with more partners
and consistently attract higher attention weights than non-TF genes.

To probe how scNetFormer encodes regulatory information, we inspect its multi-head self-

attention maps. For each head h, let A(h) ∈ RN×N and a
(h)
ij denote the attention weight

from query gene i to key gene j, where N is the total number of genes. We summarize the
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influence of every gene j with a gene-wise attention importance score

ϕj =
1

H.N

H∑
h=1

N∑
i=1

a
(h)
ij ,

where H is the number of attention heads. A larger ϕj indicates that gene j is frequently

referenced by the representations of other genes, signifying a stronger regulatory signal.

Fig 4.4 contrasts these importance scores with node degrees for transcription-factor (TF)

and non-TF nodes, underscoring how graph connectivity aligns with attention strength.



Chapter 5

Conclusions and Future Work

5.1 Summary of Contributions

In this thesis, we addressed the limitations of current single-cell foundation models through

two innovative approaches: (1) SCREGNET, which combines single-cell foundation models with

graph neural networks for accurate GRN prediction, and (2) Network-Guided pretraining

strategies that incorporate prior biological knowledge into foundation model architectures.

Our comprehensive evaluations across seven scRNA-seq benchmark datasets demonstrated

that SCREGNET consistently outperforms existing approaches, achieving average improve-

ments of 7.4% in AUROC and 18.6% in AUPRC over GNNLink, and 6.9% in AUROC

and 4.1% in AUPRC over GENELink on datasets with 500 most-variable genes. These

performance gains were consistent across diverse cell types and experimental conditions,

highlighting the robust capabilities of our integrated approach.

The second major contribution of this work explored incorporating prior GRNs directly

into foundation model pretraining through three distinct fusion strategies. Our experiments

revealed that contrastive learning on sparse graphs combined with early-fusion GCN fea-

tures from dense graphs yielded optimal performance, improving discriminative capabilities

on downstream tasks by 4-8% AUC. This integration demonstrates that biological network

priors can effectively guide foundation models to develop more biologically relevant repre-

44
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sentations.

Taken together, these contributions advance the field in two significant ways: (1) by estab-

lishing a new state-of-the-art methodology for GRN inference that leverages both large-scale

pretrained embeddings and graph-based learning, and (2) by demonstrating the viability

and effectiveness of incorporating established biological knowledge directly into foundation

model architectures, creating more biologically informed models for single-cell analysis.

5.2 Broader Implications and Conclusion

The methodologies developed in this thesis represent significant steps toward more accurate

and biologically informed computational analysis of single-cell transcriptomics. By effec-

tively combining the contextual learning capabilities of foundation models with the struc-

tural insights of graph-based approaches, we have demonstrated a pathway toward more

comprehensive understanding of gene regulatory networks. The broader implications of this

work extend beyond methodological advancement. Improved GRN inference has the poten-

tial to accelerate discovery in developmental biology, disease mechanisms, and therapeutic

development. Understanding the regulatory programs that define cellular identity and func-

tion provides crucial insights into normal development and disease processes, potentially

informing precision medicine approaches and cell-based therapies. As single-cell technolo-

gies continue to advance and generate increasingly rich datasets, computational methods

that effectively integrate prior knowledge with data-driven learning will become essential

to extracting biological insights from this wealth of information. The network-guided foun-

dation model paradigm established in this thesis provides a framework for this integration,

pointing toward a future where computational models more effectively capture and represent

the complex, interconnected nature of biological systems.
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5.3 Limitations and Future Work

Despite encouraging performance, our study leaves several open questions and constraints

that should guide future research.

Universal vs. cell-type–specific foundation models. We evaluated off-the-shelf single-

cell foundation models (scFMs) trained on heterogeneous corpora, yet it is unclear whether

a single universal model can ultimately outperform a collection of cell-type–focused mod-

els fine-tuned on niche data sets. Recent head-to-head benchmarks report mixed results,

with universal scFMs occasionally lagging behind simpler baselines in zero-shot settings

[27]. Conversely, large-scale multi-tissue transformers such as GET demonstrate that sheer

data diversity can encode broad regulatory grammars [14]. A systematic comparison, ide-

ally controlling for model capacity and training data size remains an important avenue for

exploration.

Static snapshots versus dynamic regulation. Our experiments rely on static scRNA-

seq atlases, a design that cannot capture causal or temporal aspects of gene regulation. Time-

series or perturbation-based measurements (e.g., CRISPR screens) are starting to bridge this

gap by revealing dynamic network rewiring [24]. Incorporating such longitudinal data, either

during pre-training or downstream fine-tuning should yield models that better mirror real-

world regulatory kinetics and disease progression.

Embedding aggregation and cell-type diversity. Mean pooling provides a simple,

memory-efficient way to obtain gene-level embeddings but inevitably blurs cell-state het-

erogeneity. Alternatives such as graph-aware hierarchical pooling [7] or mixture-of-experts

formulations that route information through cell-type–specific experts [49] could preserve
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fine-grained context without requiring a prohibitive number of parameters. Implementing

and benchmarking such pooling schemes is a priority for future work.

Iterative refinement of prior networks. An intriguing open question is whether at-

tention weights extracted from scFMs can iteratively refine the initial regulatory priors.

Iterative edge-reweighting has proven effective for improving GRN quality in related set-

tings [46]. Future work may close the loop by alternating between graph-aware fine-tuning

and prior-network updates.

5.4 Publications Arising from This Thesis

1. Sindhura Kommu, Yizhi Wang, Yue Wang, and Xuan Wang, “Prediction of Gene

Regulatory Connections with Joint Single-Cell Foundation Models and Graph-Based

Learning,” in Proceedings of the 2025 International Conference on Intelligent Sys-

tems for Molecular Biology (ISMB ’25), Liverpool, United Kingdom, 20–24 July 2025.

Acceptance rate: 17.5%.

2. Sindhura Kommu, Yizhi Wang, Yue Wang, and Xuan Wang, “Gene Regulatory Net-

work Inference from Pre-Trained Single-Cell Transcriptomics Transformers with Joint

Graph Learning,” AI for Science Workshop, 41st International Conference on Machine

Learning (ICML ’24), Vienna, Austria, 26 July 2024.
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