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Abstract

Single-cell transcriptomics enables precise characterization of cellular heterogeneity,
but current pre-trained models relying solely on expression data fail to capture
gene associations. We present scKGBERT, a knowledge-enhanced foundation model
integrating 41 M single-cell RNA-seq profiles and 8.9 M protein—protein interactions
to jointly learn gene and cell representations. scKGBERT employs Gaussian attention
to emphasize key genes and improve biomarker identification, achieving superior
performance across gene annotation, drug response, and disease prediction tasks.
ScKGBERT enhances biological interpretability and offers a powerful resource for
precision medicine and disease mechanism discovery.

Keywords Single-cell transcriptomics, Pre-trained language model, Pre-training
model, Knowledge graph

Background
Single-cell sequencing technology has revolutionized cellular analysis by allowing data
collection at the single-cell level, thereby circumventing the limitations of conven-
tional bulk sequencing techniques that often obscure inter-cellular heterogeneity. Cen-
tral to this domain is single-cell RNA sequencing (scRNA-seq), encompassing reverse
transcription, amplification, and high-throughput sequencing of cellular mRNA. This
approach enables detailed molecular profiling and characterization of cellular transcrip-
tomes across diverse biological systems. As a result, scRNA-seq provides deep insights
into disease etiology and plays a pivotal role in propelling precision medicine forward.
Given the exponential growth of single-cell sequencing data, there is an increasing
demand for advanced computational techniques to effectively analyze and interpret this
vast information. Large pre-trained language models have recently demonstrated signifi-
cant success in Natural Language Processing (NLP) [1] and Computer Vision (CV) [2, 3]
through large-scale pre-training and fine-tuning for specific tasks. Acknowledging the
structural similarities between natural language and genetic sequences, models such as
scBERT [4], Geneformer [5], and scFoundation [6] have been specifically designed for
the analysis of single-cell transcriptome data, aiming to improve the understanding of
cellular functions and gene expression patterns.
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Despite possessing a vast parameter space and the ability to uncover inherent patterns
in gene expression profiles through unsupervised learning of transcriptome sequences,
current single-cell transcriptome pre-training models suffer from a significant lack of
interpretability, which is crucial for deriving actionable biological insights. To overcome
this limitation, we propose enhancing single-cell transcriptome pre-trained language
models by integrating Protein-Protein Interaction (PPI) biological knowledge [7]. Pro-
tein interactions can significantly influence gene expression and cellular functions [8, 9],
and as such, incorporating PPI network information as a collaborative knowledge source
can substantially improve the biological relevance between gene and cell expression.
This integration facilitates a more nuanced understanding of gene expression dynamics
and intracellular regulatory mechanisms, providing deeper insights into complex bio-
logical processes. We introduce scKGBERT (Fig. 1), a knowledge-enhanced, large-scale
pre-trained language model built upon 41 million single-cell transcriptome profiles. For
the first time, the scKGBERT model integrates a biological knowledge graph containing
8.9 million regulatory relationships into the pre-training process, enabling simultaneous
pre-training on both single-cell transcriptome sequences and biological knowledge. This
novel integration allows scKGBERT to achieve state-of-the-art performance across 12
downstream tasks, demonstrating its robustness and versatility in biological research.

scKGBERT enables substantial advances in single-cell transcriptomic analysis across
four critical dimensions. First, its knowledge-enhanced architecture markedly improves
the annotation of both cells and genes. By integrating biological prior knowledge of gene
regulation, scKGBERT enhances the decoding of gene expression patterns, enabling
more accurate learning of cellular and genomic features under few-shot and zero-shot
conditions. This results in improved performance on downstream bioinformatics tasks,
highlighting the model’s broad applicability in genomic and transcriptomic research. Sec-
ond, scKGBERT demonstrates strong efficacy in resolving cancer heterogeneity and pre-
dicting drug responses. By capturing the intricate transcriptional landscape of the tumor
microenvironment, the model overcomes key limitations of conventional approaches in
representing cellular diversity and treatment variability. Enrichment analysis of high-
confidence gene representations reveals activation of oncogenic pathways and tumor-
specific regulatory circuits, enabling the prioritization of candidate therapeutic targets
and informing precision oncology interventions. Third, the model significantly advances
the discovery of disease-associated biomarkers. By leveraging biological priors, scKG-
BERT demonstrates enhanced capability in identifying key molecular determinants of
disease, thereby improving interpretability and understanding of disease pathogenesis. It
contributes to the development of more reliable and clinically relevant molecular signa-
tures. Finally, scKGBERT shows strong cross-platform and cross-disease generalizability,
underscoring its potential for integrative single-cell data analysis in diverse biomedical
contexts. Its robustness across varied datasets and disease states makes it a promising
tool for scalable, translational applications. In summary, scKGBERT offers a biologically
meaningful framework that integrates knowledge-guided representation learning with a
Gaussian attention mechanism, enabling accurate gene and cell annotation, robust iden-
tification of disease-associated genes, and mechanism interpretation of single-cell data.
The incorporation of Gaussian attention further enhances model interpretability, pro-
viding a transparent framework to support future biological discovery, disease mecha-
nism elucidation, and therapeutic development, particularly in oncology.
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Fig.1 An overview of the scKGBERT framework. a Pre-training of the biological knowledge graph. A TransR-based
knowledge graph embedding approach is employed to model protein-protein interactions (PPIs), capturing both
structural and semantic relationships among genes. The procedure encodes rich biological context into the initial
gene embeddings, providing a foundation for modeling gene regulatory mechanisms and functional associations.
b Pre-training phase of scKGBERT. scKGBERT is pre-trained using a masked language modeling (MLM) objective,
where single-cell RNA-seq expression profiles are treated as sentences in a biological language—each gene as a
word, and expression levels as contextual semantics. Unlike conventional models, scKGBERT introduces a dual-
encoder architecture: a sequence encoder and a knowledge encoder, which are integrated via a Gaussian cross-
attention mechanism. This mechanism highlights biologically meaningful expression patterns while incorporating
regulatory priors into the learned representations. ¢ Fine-tuning phase of scKGBERT. The model is adapted to
downstream tasks via supervised fine-tuning, allowing the transfer of generalized knowledge to data-scarce sce-
narios. We benchmarked scKGBERT across 12 downstream tasks spanning gene-level and cell-level predictions,
demonstrating its robust generalizability and biological interpretability across diverse single-cell applications

Results

Overview of scKGBERT

Single-cell RNA sequencing (scRNA-seq) has transformed the landscape of biology and
medicine by enabling high-resolution profiling of transcriptomes at the individual cell

level, thereby offering unprecedented insights into cellular heterogeneity, differentia-
tion trajectories, and disease mechanisms. These advances have led to the discovery of
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previously unrecognized cell types and enhanced our understanding of tissue organiza-
tion and function. To fully harness the potential of scRNA-seq, pre-trained language
models tailored to single-cell transcriptomics are emerging as powerful tools for deci-
phering complex biological systems at cellular resolution.

Here, we introduce scKGBERT, a knowledge-enhanced pre-trained language model
designed specifically for single-cell transcriptomic data (Fig. 1). The framework consists
of three core stages: (1) biological knowledge graph pre-training, (2) multimodal scK-
GBERT pre-training, and (3) fine-tuning on downstream tasks. Integrating structured
biological knowledge is critical to improving the representation power and generaliz-
ability of large-scale pre-trained models, as supported by recent advances in biomedical
NLP and systems biology [1, 7, 10, 11]. To this end, we first construct a gene-centric
biological knowledge graph derived from the STRING database, which consolidates
experimental evidence, computational predictions, and curated biological interactions
across more than 5,000 species, encompassing over 30 billion interactions [12-14]. An
unsupervised graph representation learning strategy is applied to embed this knowl-
edge, enriching gene representations with contextual biological semantics. During the
model pre-training phase, sScKGBERT consumes large-scale unlabeled scRNA-seq data
and leverages a modular architecture comprising three components: an RNA sequence
encoder (S-encoder), a knowledge graph encoder (K-encoder), and a Gaussian cross-
attention layer that fuses expression and knowledge embeddings. This dual-stream
design allows the model to simultaneously capture transcriptional dynamics and regula-
tory context, offering a novel paradigm distinct from prior single-cell or language-based
pre-training models. In alignment with the masking strategy employed in the BERT
architecture, scKGBERT randomly masks 15% of gene expression tokens from single-
cell transcriptomic sequences and learns to predict the masked elements using the sur-
rounding unmasked context. It enables the model to capture contextual dependencies
and regulatory relationships among genes in an unsupervised manner. Following large-
scale pre-training on unlabeled single-cell RNA-seq data, scKGBERT is fine-tuned on a
suite of downstream tasks spanning both gene- and cell-level resolutions, thereby facili-
tating its effective application to complex biological questions. The pre-training phase
utilized a corpus of 41.83 million single-cell transcriptomes, encompassing 30 primary
tissues and more than 60 distinct cell types, all derived from publicly available datasets.
To ensure data integrity, a series of scalable quality control filters were applied to exclude
cells exhibiting elevated mutation loads, transcriptomic artifacts, or evidence of cellular
damage, thereby minimizing noise and enhancing training signal fidelity [5].

Evaluation of scKGBERT on gene annotation

We first evaluated the gene-level representation capability of scKGBERT through three
biologically essential annotation tasks, aimed at assessing its ability to capture complex
regulatory and functional patterns. Specifically, we investigated its performance on gene
dosage sensitivity prediction, epigenetic marker identification, and transcription factor
regulatory inference-tasks that demand a fine-grained understanding of gene regula-
tion and interaction networks. For each task, the model was fine-tuned on dedicated
benchmark datasets and systematically compared against state-of-the-art large-scale
pre-trained models, including scGPT, scFoundation, and Geneformer, alongside con-
ventional machine learning baselines. To further quantify the impact of knowledge
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integration, we conducted gene association mining, demonstrating that the knowledge-
augmented architecture of sScKGBERT effectively captures biologically meaningful gene-
gene relationships. The evaluation results underscore scKGBERT’s superior capacity to
decode gene function and regulatory logic, while also generating multi-omics evidence-
including dosage sensitivity profiles, chromatin accessibility features, and inferred
transcriptional regulatory networks-that collectively provide critical insights into the
molecular underpinnings of complex diseases.

In the first task, we evaluated scKGBERTs ability to predict gene dosage sensitivity—a
critical determinant of disease pathophysiology, as dosage imbalances can disrupt tran-
scriptional regulation and impair cellular function across tissues [15, 16]. The dosage-
sensitive gene labels were derived from previous studies that integrated population-scale
genetic variation data and computational predictions, including LOEUF scores and
haploinsufficiency models[17-19], and fine-tuned them on a dataset of 10,000 single-
cell transcriptomes. scKGBERT outperformed all existing large-scale pre-trained mod-
els including scGPT, scFoundation, and Geneformer, and classical machine learning
approaches in terms of AUC score (Fig. 2a), highlighting its superior capacity to cap-
ture gene dosage-related transcriptional signals. To further evaluate model robustness,
we examined the classification performance for dosage-sensitive versus insensitive tran-
scription factors (TFs) (Fig. 2c). scKGBERT outperformed all baselines, achieving the
highest median F1-score (0.94) and the lowest interquartile variability, indicating both
accuracy and stability. In contrast, Geneformer, while achieving a relatively high median
score, showed greater dispersion across trials. Pre-trained models such as scGPT and
scFoundation demonstrated competitive yet slightly lower performance, whereas tradi-
tional classifiers like SVM, Random Forest (RF), and especially Logistic Regression (LR)
exhibited reduced accuracy and higher false positive rates. The consistently superior per-
formance of scKGBERT can be attributed to its ability to integrate structured biological
knowledge from protein-protein interaction networks and encode gene-gene regulatory
dependencies via a Gaussian cross-attention mechanism. This architecture allows the
model to learn biologically meaningful representations that are crucial for distinguishing
dosage-sensitive TFs, which often play pivotal roles in developmental processes, onco-
genesis, and dosage-compensated systems.

We next evaluated the performance of scKGBERT across pre-training datasets of
increasing size and tissue diversity, with the goal of assessing its scalability and general-
ization capacity. To this end, we selected two biologically distinct cell populations (Brain
Tissue Cells and Human Multi-Tissue Cells) and incrementally scaled the pre-training
dataset from 1,000 to 10 million single-cell transcriptomes (Fig. 2d). Model performance
improved consistently for both cell types as data volume increased. Notably, Human
Multi-Tissue Cells exhibited a higher baseline ROC score and demonstrated a more
pronounced performance gain compared to Brain Tissue Cells. For example, at a train-
ing scale of 1 million cells, sScKGBERT achieved an ROC score of approximately 0.784
on Human Multi-Tissue Cells, whereas performance on Brain Tissue Cells plateaued
at 0.661, highlighting the model’s capacity to generalize more effectively in heteroge-
neous tissue contexts and the importance of large-scale, diverse data for robust repre-
sentation learning. Confusion matrix analysis (Fig. 2f) further confirmed scKGBERT’s
superiority in recall and precision. The model consistently outperformed Geneformer
and scFoundation [6] in identifying dosage-sensitive genes, particularly under noisy or
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Fig.2 scKGBERT for efficient gene annotation. a Gene dosage sensitivity ROC curve performance comparison. The
models are fine-tuned with limited data to differentiate the dosage sensitivity of transcription factors. Compared
with the traditional or current state-of-the-art methods, scKGBERT significantly outperformed other approaches.
b Comparison of ROC curves for bivalent and Lys4-only Methylation prediction. ¢ Comparison of gene dose sen-
sitivity classification F1-scores using box plots. d Evaluation of the impact of pre-training data scale on the gener-
alization performance of the scKGBERT model. We selected the “brain tissue cells”and “human multi-tissue cells”
from scKGBERT-41M to examine the impact on the model’'s generalization capability. @ To compare knowledge-
enhanced (scKGBERT) and non-knowledge-enhanced (scKGBERT w/o knowledge graph) pre-trained models, the
bar chart shows the ratio of similar marker genes within the top k. The x-axis represents the Top k (the top 1,5, 10
most similar genes), and the y-axis represents their proportion in the total dataset. f Confusion matrices of the six
comparison methods and scKGBERT model

heterogeneous expression conditions. It achieved lower false positive rates and higher
specificity, supporting its robustness in biologically complex and imbalanced scenarios.
In The superior performance of scKGBERT in distinguishing dosage-sensitive from
insensitive transcription factors suggests that the model captures fine-grained regulatory
cues that underlie gene dosage effects. These effects are often implicated in developmen-
tal disorders and cancer, where precise transcriptional control is critical. By integrating
prior knowledge from protein-protein interaction networks and modeling gene-gene
dependencies via cross-attention, scKGBERT effectively reveals regulatory signatures
that may be overlooked by conventional or purely data-driven models. This highlights its
potential utility in uncovering transcriptional vulnerabilities and therapeutic targets in

dosage-sensitive disease contexts.
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In the second task, we evaluated scKGBERTs ability to predict genes carrying bivalent
chromatin marks, a key epigenetic signature involved in transcriptional poising during
early development. The model was fine-tuned on a dataset comprising 15,000 embry-
onic stem cells from the panglaoDB database [20], with annotations distinguishing
bivalently marked genes from those marked solely by H3K4me3 [21]. Chromatin state
labels distinguishing bivalent genes from H3K4me3-only marked genes were obtained
through ChIP-seq experiments in embryonic stem cells[22]. ROC curve analysis (Fig. 2b
and Additional file 1: Fig. Sla-b) revealed that scKGBERT achieved the highest overall
performance, with a steeper curve and higher true positive rate (TPR) across the full
range of false positive rates (FPR), compared to all baseline models. Geneformer also
performed competitively, though with slightly reduced accuracy. In contrast, traditional
machine learning models such as SVM and Random Forest (RF) showed only moder-
ate predictive power, and Logistic Regression (LR) underperformed significantly-failing
to distinguish subtle epigenetic differences. Notably, scGPT and scFoundation exhibited
improved performance over classical baselines, but remained inferior to scKGBERT in
both sensitivity and specificity. The enhanced performance of scKGBERT is likely due
to its integration of prior regulatory knowledge and Gaussian cross-attention mecha-
nism, which together enable the model to capture complex gene-regulatory relationships
embedded in chromatin context. These findings demonstrate that scKGBERT not only
excels at identifying bivalent epigenetic marks, but also captures the nuanced chroma-
tin-state distinctions critical for understanding developmental gene regulation. Its ability
to differentiate between poised and active promoter states further illustrates its potential
for decoding chromatin dynamics in stem cell systems and early embryogenesis.

In the final task, we tested scKGBERT’s capacity to predict long-range versus short-
range transcription factors (TFs) during the differentiation of induced pluripotent stem
cells (iPSCs) into cardiomyocytes. Regulatory range annotations were obtained from
enhancer—promoter interaction data and chromatin conformation analyses, which iden-
tified short-range and long-range transcription factor targe[23]. Using a dataset com-
prising 12,000 single-cell transcriptomes collected across differentiation stages [24],
we fine-tuned the model to classify TFs exclusively based on transcriptomic patterns,
without incorporating external genomic modalities such as ChIP-seq or chromatin
conformation data. Despite the limited input, scKGBERT significantly outperformed
all baseline models, including traditional classifiers and other large-scale pre-trained
models (Additional file 1: Fig. S1b-d). Competing models frequently approached ran-
dom performance, underscoring the difficulty of this task. In contrast, scKGBERT suc-
cessfully learned to differentiate TFs based on their regulatory range, capturing subtle
transcriptional signatures embedded in expression dynamics. The result highlights
scKGBERTs ability to infer regulatory hierarchies and spatial coordination within gene
regulatory networks using only single-cell RNA-seq data. Such capability offers a scal-
able and data-efficient framework for deciphering transcriptional control, particularly in
scenarios where multi-omics data are unavailable or cost-prohibitive.

Additionally, we conducted ablation experiments to investigate the contribution of
the knowledge graph in enhancing scKGBERT’s performance. By comparing scKGBERT
with its variant excluding the knowledge graph (scKGBERT w/o knowledge graph), we
evaluated the models’ ability to acquire single-cell representations and identify marker
genes in single cells. Using the Muraro dataset, particularly focusing on Alpha-cells,
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we evaluated the cosine similarity of gene embeddings. The results (Fig. 2e) showed
that the model incorporating the knowledge graph nearly doubled the performance in
detecting the top relevant genes compared to the variant without the graph. This find-
ing indicates that the knowledge graph significantly enhances the model’s ability to rec-
ognize subtle gene associations, providing a rich framework of background knowledge
that facilitates better understanding of complex biological signals. The high degree of
relevance in gene embeddings contributed to scKGBERT’s enhanced sensitivity to differ-
ences between cells, resulting in exceptional performance in cell annotation tasks. These
findings further validate scKGBERT’s robustness in accurately identifying gene associa-
tions, enriching the exploration of disease mechanisms and supporting biotechnological
advancements.

Cell annotation and cross-tissue generalization of scKGBERT

In multicellular organisms, individual cells exhibit distinct phenotypes, surface mark-
ers, and transcriptional programs that underpin their diverse functional roles in
development and physiology [25]. Single-cell annotation, which includes analyzing
transcriptomic profiles at single-cell resolution, is essential for accurately identifying
and classifying cell types [26, 27]. This process enables the provision of deep insights
into cellular states, lineage differentiation, metabolic regulation, and signaling dynam-
ics. To evaluate scKGBERT’s ability to encode cell-specific transcriptional features and
functional identities, we fine-tuned the model on cell annotation tasks and evaluated
its alignment with expert-curated single-cell labels. This evaluation served to determine
how effectively the model captures biologically relevant patterns in gene expression and
reflects the underlying heterogeneity within single-cell transcriptomes.

To evaluate the representation capacity of scKGBERT at the cell level, we performed
cell annotation tasks across ten tissue types and compared its performance with sev-
eral state-of-the-art models (Fig. 3a). scKGBERT achieved the highest average accu-
racy (0.9516), outperforming all baselines across diverse tissues including brain, kidney,
immune, and spleen. In contrast, scDeepSort [28] and CaSTLe [29], which rely on
supervised learning, showed lower generalizability, particularly in complex tissues such
as spleen and placenta. scDeepSort performed the worst overall (0.5854), while CaSTLe
reached a moderate 0.8867. Among pre-trained models, Geneformer performed well
in liver, lung, and pancreas (0.9466 average), but exhibited less consistency than scKG-
BERT. scGPT (0.9165) and scFoundation (0.8654) also showed competitive yet variable
performance. The accompanying heatmap highlights scKGBERT’s consistent perfor-
mance across all tissue types, while other models showed sharp drops in specific con-
ditions. These results confirm that scKGBERT’s self-supervised, knowledge-enhanced
pre-training enables robust, label-efficient annotation and generalization across tran-
scriptionally diverse tissues.

To further assess the quality of scKGBERT’s learned representations, we visualized
its performance on kidney and other tissue-derived cell types (Fig. 3b; Additional file
1: Fig. S2-3). UMAP and heatmap projections of the model’s output revealed well-sep-
arated clusters corresponding to distinct cell types, highlighting its ability to capture
meaningful transcriptional signatures. The sharp inter-cluster boundaries suggest that
scKGBERT not only accurately identifies cell types, but also effectively encodes higher-
order relationships and transcriptional heterogeneity across cell populations. This
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Fig. 3 Cell annotation using scKGBERT. a Performance comparison of scKGBERT on cell annotation tasks. The left
heatmap shows the accuracy (ACC) of different methods across multiple datasets, and the right bar plot displays
the average ACC of each method over all datasets. b UMAP visualization of scKGBERT annotations on the kidney
cell dataset. Cell types are clearly separated, indicating the model’s ability to capture biologically meaningful tran-
scriptional structures. ¢ Cell annotation performance on the Zheng68k dataset. sScKGBERT maintains high consis-
tency across large-scale single-cell data, further supporting its robustness and scalability for cell-type identification
high-dimensional structure, preserved in a low-dimensional embedding space, provides
compelling evidence for the model’s capacity to learn biologically coherent and discrimi-
native representations. Collectively, these results position scKGBERT as a powerful tool
for unsupervised cell classification, tissue deconvolution, and broader biomedical dis-
covery in single-cell transcriptomics.

We also performed lightweight fine-tuning on a range of cell and cell subtype anno-
tation tasks. Across four publicly available single-cell datasets, scKGBERT consistently
outperformed more than ten leading methods (Fig. 3c; Additional file 1: Fig. S4a—b),
including scBERT [4], scNym [30], SciBet [31], Seurat [32], SingleR [33], CellID (both
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CellID_cell and CellID_group) [34], and scmap (scmap_cell and scmap_cluster) [35].
Remarkably, even under minimal fine-tuning restricted to the final classification layer,
scKGBERT demonstrated robust and consistent performance across all datasets. These
results highlight the model’s strong transferability and data efficiency, confirming its
utility for scalable and accurate annotation in diverse single-cell contexts.
Transcriptomic datasets generated using different sequencing technologies often
exhibit platform-specific variations in sensitivity, accuracy, and gene expression pro-
files. To assess the robustness of scKGBERT to such variability, we evaluated its domain
adaptability across sequencing platforms using a cross-platform setting. Specifically,
the model was fine-tuned on Drop-seq single-cell data and evaluated on both Drop-seq
and DroNc-seq single-nucleus data from a study of iPSC differentiation into cardiomyo-
cytes (Fig. 4a—b) [24]. Despite being trained exclusively on Drop-seq data, sScKGBERT
maintained high annotation accuracy when applied to DroNc-seq, demonstrating strong
cross-platform generalization. Notably, cell embeddings remained well-clustered by cell
type, regardless of the underlying sequencing technology. These findings demonstrate
scKGBERT’s robustness to batch effects and platform-specific signal noise, positioning
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it as a versatile model for integrative single-cell analysis across heterogeneous transcrip-
tomic datasets.

To assess the cross-tissue generalization capacity of scKGBERT, we performed trans-
fer learning experiments in which the model was fine-tuned on liver cells and applied
to annotate five distinct lung cell types (Fig. 4d). Despite pronounced transcriptional
and functional divergence between tissues, sScKGBERT demonstrated clear superiority,
achieving the highest accuracy (0.88) and F1-score (0.86) among all evaluated models,
including Geneformer, scGPT, and scFoundation. The performance margin was espe-
cially notable in F1-score, indicating more consistent and reliable predictions under
tissue-shifted conditions. This robust cross-tissue performance can be attributed to scK-
GBERT’s integration of structured biological priors via a dedicated knowledge graph,
which enhances its ability to capture tissue-specific regulatory logic and subtle pheno-
typic cues. Unlike conventional pre-trained models that rely solely on data-driven repre-
sentation learning, the knowledge-guided approach empowers scKGBERT with greater
sensitivity to inter-tissue functional heterogeneity and improves its capacity to preserve
cell-type identity across biological contexts.

To further dissect model predictions, we visualized annotation outcomes using a
Sankey diagram (Fig. 4c), which showed that baseline models exhibited notable errors
in macrophage classification-a cell type characterized by high heterogeneity and con-
text-dependent transcriptional programs. While large-scale pre-trained models such
as Geneformer leverage extensive data, their lack of embedded biological priors likely
limits their ability to distinguish such nuanced cellular states. In contrast, scKGBERT
accurately resolved macrophage-specific transcriptional signatures, demonstrating its
capacity to recognize context-driven expression shifts. These findings highlight scKG-
BERT’s potential as a generalizable and biologically informed framework for cell annota-
tion across complex, heterogeneous tissue landscapes.

In summary, scKGBERT achieves state-of-the-art performance in cell annotation,
cross-platform robustness, and cross-tissue generalization. By integrating biological
knowledge with self-supervised learning, it offers a scalable and biologically informed
framework for single-cell transcriptomic analysis and biomedical discovery.

scKGBERT enhances cancer drug response prediction

Cancer remains a leading cause of mortality worldwide, driven by complex dysregula-
tion of genetic and molecular pathways. The advent of single-cell transcriptomics has
revolutionized cancer research by enabling high-resolution characterization of tumor
heterogeneity and microenvironmental interactions. In parallel, the integration of tran-
scriptome-based drug screening data offers new opportunities for optimizing precision
oncology strategies. To explore the utility of scKGBERT in this context, we applied the
model to predict drug responses, identify key marker genes, and assess interpretabil-
ity. Specifically, we leveraged single-cell drug response datasets for Erlotinib, Cispla-
tin, and Docetaxel, each containing high-resolution annotations of drug sensitivity and
resistance at the single-cell level [36]. We fine-tuned scKGBERT on these datasets and
benchmarked its performance against Geneformer [5] and GenePT [37]. As shown in
Fig. 5a, scKGBERT outperformed Geneformer across all three drug tasks and surpassed
GenePT on multiple datasets, achieving significantly higher AUC scores — including an
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Fig. 5 Cancer drug response prediction by scKGBERT. a ROC curves showing the predictive performance of scK-
GBERT and baseline models for drug sensitivity classification across three compounds: Erlotinib, Cisplatin, and
Docetaxel. b Venn diagram illustrating the overlap in correctly predicted samples between scKGBERT and Gene-
former, comparing predictions made on bulk RNA-seq data after fine-tuning on single-cell datasets. ¢ Quantita-
tive evaluation of cross-modality prediction, with accuracy and F1-score of scKGBERT applied to bulk-level data
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8% improvement on the cisplatin task. These results highlight the model’s ability to cap-
ture fine-grained transcriptomic features for predicting therapeutic responses.

To further evaluate the generalization capability of scKGBERT across data modali-
ties, we fine-tuned the model using single-cell RNA-seq data specific to Docetaxel and
applied it to bulk RNA-seq data for cross-platform prediction. As shown in Fig. 5c, scK-
GBERT achieved a 3% improvement in accuracy (ACC) and a higher F1-score compared
to the competitive baseline model Geneformer, demonstrating its robustness in transfer-
ring predictive power across single-cell and bulk expression data. To demonstrate the

Page 12 of 25
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improvement in prediction coverage, we visualized the overlap between predicted and
true cell labels using a Venn diagram (Fig. 5b). The number of correctly predicted cells
shared between Geneformer and the ground truth is 813, whereas scKGBERT shares
921 correctly predicted cells with the ground truth, achieving an increase of 108 cor-
rectly classified cells compared to Geneformer. These findings confirm the model’s abil-
ity to effectively analyze single-cell profiles and identify gene signatures linked to drug
response.

Building on this, we further assessed the model’s ability to identify drug resistance—
related genes by fine-tuning scKGBERT to extract gene importance scores for predicting
drug-resistant phenotypes. The identified gene set was validated using the TCGA-PRAD
cohort. In the survival analysis, patients were divided into high-expression and low-
expression groups for each gene based on the median expression level: those with
expression values above the median were assigned to the high-expression group, and
those below to the low-expression group. As shown in Fig. 5d, among the top 30 high-
weight genes identified by scKGBERT, several genes were significantly associated with
poorer overall survival. Notably, previous studies have reported that WDRS5 is highly
expressed in prostate cancer (PCa) and is correlated with advanced clinicopathological
features and poor prognosis [38]. We also counted the number of significantly prognos-
tic genes within the top N weighted genes, as illustrated in Fig. 5e. In contrast to Gene-
former, scKGBERT showed a substantial increase in the number of prognostic genes as
N increased, which may be attributed to the incorporation of gene regulatory knowledge
into the model. These findings not only highlight the predictive capability of scKGBERT
but also reveal its potential for uncovering clinically relevant biomarkers of drug resis-
tance, offering important biological insights that may be overlooked by conventional
models.

To further evaluate the model’s capacity to capture tumor cell heterogeneity, we
curated multiple tumor epithelial cell datasets and fine-tuned scKGBERT to distinguish
malignant epithelial cells from their normal counterparts based on single-cell transcrip-
tomic profiles. Gene-level attention weights were extracted from the model’s Gaussian
attention mechanism, enabling interpretable identification of genes contributing to the
classification. Differential analysis showed 727 high-weight genes closely associated
with tumor states. Functional enrichment analysis using KEGG and GO databases indi-
cated that these genes are significantly enriched in cancer-relevant biological pathways
(P < 0.005, Fig. 5f-g), including cell adhesion, reactive oxygen species (ROS) response,
and metabolic reprogramming. For example, cadherins, known regulators of epithelial—
mesenchymal transition (EMT), are directly implicated in tumor invasion and metasta-
sis [39]. Tumor cells also adapt to elevated ROS levels in oxidative stress environments
by modulating sulfur metabolism and antioxidant systems, processes that play pivotal
roles in tumor initiation and progression [40]. Additionally, enhanced oxidative phos-
phorylation has been linked to the activation of oncogenic signaling and malignant pro-
liferation within the tumor microenvironment [41]. These results highlight scKGBERT’s
ability to uncover biologically meaningful, cancer-associated transcriptional programs
and provide mechanistic insights into tumor evolution and progression.

These findings demonstrate the broad applicability and high accuracy of the scKG-
BERT model in drug screening and cancer research. By capturing tumor-specific molec-
ular signatures and offering biologically interpretable predictions, the model provides
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mechanistic insights into the complex pathology of cancer and the diverse responses of
tumor cells to therapeutic agents. This interpretability supports a deeper understanding
of drug-tumor interactions and their effects on cell survival and proliferation, offering a
valuable framework for guiding the development of personalized cancer therapies.

Insights into heart disease marker genes from scKGBERT

Heart failure is an increasingly critical concern in public health, characterized by
impaired cardiac contractile function and complex clinical manifestations. Previous
studies have largely focused on transcriptomic or proteomic alterations in bulk car-
diac tissue, often lacking a comprehensive, cell-type-resolved analysis of gene expres-
sion dynamics and disease-specific markers. scKGBERT addresses this gap by enabling
precise characterization of heart failure at single-cell resolution, effectively distinguish-
ing disease-specific transcriptomic signatures while capturing the cellular heterogeneity
across diverse cardiac cell populations. This approach offers a novel biological frame-
work for investigating heart failure pathogenesis, providing insights into how distinct
cell types respond to pathological stress and contribute to disease progression.

We collected nearly 560,000 single-cell RNA sequencing (scRNA-seq) data [42] from
the left ventricles of 11 dilated cardiomyopathy (DCM) hearts, 15 hypertrophic car-
diomyopathy (HCM) hearts, and 16 non-failing (NF) hearts to test whether the scKG-
BERT model could differentiate gene anomalies in normal human cells from those in
disease cells. By fine-tuning scKGBERT, we aimed to differentiate non-failing (normal)
myocardial cells from DCM and HCM disease cells. The proposed scKGBERT model
employs a multi-layer architecture, with each layer featuring a weight allocation strategy
that integrates sequence and knowledge encoding through a Gaussian cross-attention
mechanism. The Gaussian cross-attention mechanism assigns higher weights to signifi-
cant genes and lower weights to less critical ones, thereby amplifying the differentiation
among genes. It enhances the learning of more accurate contextual representations of
both genes and cells, thereby improving the model’s interpretability. On this basis, we
constructed a list of marker genes for DCM and HCM disease cells and used Gauss-
ian weights from the scKGBERT model’s prediction process as an indicator to evaluate
the importance of these genes. Notably, these marker genes generally received higher
weights in the fine-tuned scKGBERT model (as shown in Fig. 6a-b), demonstrating the
model’s accuracy in capturing gene expression patterns in diseased cells. For example,
mutations in the TNN gene can lead to structural or functional abnormalities in MyBP-
C (myosin-binding protein C) [43, 44], affecting the normal contractile function of the
myocardium. During this process, the weights generated by the fine-tuned scKGBERT
model were significantly higher than those in normal cells, highlighting the model’s abil-
ity to learn specific disease biomarkers, their interactions, and roles in biological path-
ways, thereby offering a more comprehensive understanding of disease mechanisms.

Furthermore, we performed differential analyses on the gene weights assigned by scK-
GBERT in samples from the three distinct populations. Figure 6¢ present the top five
most differentially weighted genes in each group. We performed Reactome pathway
enrichment analysis on the genes associated with hypertrophic cardiomyopathy (HCM)
(Fig. 6d), identifying multiple relevant signaling pathways. Notably, Notchl-related
pathways were enriched, which have been previously reported to be involved in cardiac
morphogenesis, valve development, and ventricular remodeling, further highlighting
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a The weight assigned to the marker gene of HCM disease by scKGBERT b 5. The weight assigned to the marker gene of DCM disease by scKGBERT
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Fig.6 Insightsinto disease marker genes by scKGBERT. a Boxplot showing the distribution of model-inferred gene
weights for HCM-related marker genes in hypertrophic cardiomyopathy (HCM) patients versus non-failing (NF)
controls. b Boxplot comparing gene weight distributions for DCM-associated markers between dilated cardiomy-
opathy (DCM) patients and NF controls. ¢ Violin plot depicting the top five differentially weighted genes in HCM,
DCM, and NF groups. d Reactome pathway enrichment analysis of high-weight genes identified in HCM samples.
e Heatmap of differentially expressed genes in fibroblasts across disease and control conditions. f Average model-
derived expression weights of endothelial cell markers (KIT, NRP2, COL15A1, PCDH17, ITGA6) across NF, HCM, and
DCM groups. g Average model-derived expression weights of lymphocyte markers (KLRF1, GNLY, CD244, PRF1)
across NF, HCM, and DCM conditions

the critical role of Notchl in embryonic development and heart formation, as well as
its importance in cardiac stem cell proliferation and differentiation [45]. Inhibition of
Notchl signaling could lead to life-threatening dilated cardiomyopathy, emphasizing
that scKGBERT can not only validate known disease-related genes and pathways but
also expand our perspectives in researching cardiac disease biomarkers and therapeutic
targets.
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Fibroblasts play an essential role in the heart, responsible for synthesizing the extra-
cellular matrix (ECM) and collagen, ensuring the normal structure and function of the
heart [46]. In cardiac diseases such as HCM and DCM, abnormalities in fibroblast func-
tion are closely related to pathological myocardial fibrosis, which leads to damage to the
structure and function of the heart. We analyzed the gene expression of fibroblasts and
presented a weight analysis generated by scKGBERT for these cell populations in Fig. 6e.
The results showed that, in the fibroblasts of patients with HCM, the top ten upregulated
genes are mainly concentrated in the regulation pathway of the CDC42 GTPase activity
cycle. Interestingly, these findings have been verified in a recent study [47]. The research
indicates that CDC42 is related to the pathogenesis of HCM, and experiments based on
mouse models have shown that the specific knockout of the CDC42 gene in the heart
under stress leads to more significant cardiac hypertrophy. Two weeks and eight weeks
after stimulation, these mice progress to heart failure at a faster rate.

At the same time, previous research observed that in DCM and HCM hearts com-
pared to NF hearts, the expression of markers for certain endothelial and lymphoid cells,
such as KIT, NRP2, and KLRF1 [42], was significantly increased. To validate these obser-
vations, we focused on the endothelial and lymphoid cell populations and examined the
expression levels of these known marker genes within each respective cell type. As shown
in Fig. 6f-g, the expression levels were indeed elevated, consistent with the findings of
prior studies. This consistency highlights the effectiveness of scKGBERT in capturing
disease-relevant gene expression patterns at the cell-type level. By delving deeper into
scKGBERT’s predictions, we have captured not only the changes in marker genes but
also unveiled potential mechanisms behind the progression of the disease. Particularly
in cardiomyopathy model studies, genes and related biological pathways highlighted by
the model’s recognized Gaussian weights not only reflect the close relationship between
specific cardiac diseases and specific genes and biological processes but also emphasize
the importance of heterogeneity at the cellular level and the complexity of intercellular
communication in the development of heart diseases. Therefore, the scKGBERT model
provides a powerful tool that can deepen our understanding of the mechanisms behind
heart failure and other cardiac diseases and offer valuable insights for the future diagno-
sis and treatment of heart diseases.

Discussion
The integration of biological knowledge into large-scale single-cell foundation models
represents an important step toward interpretable and biologically grounded artificial
intelligence in transcriptomics. In this study, we developed scKGBERT, a knowledge-
enhanced foundation model that unifies single-cell RNA-seq data and protein—protein
interaction networks within a dual-encoder framework. Our results demonstrate that
this design substantially improves the model’s ability to capture gene regulatory depen-
dencies and cellular heterogeneity, leading to superior performance in gene annota-
tion, cell classification, and drug response prediction. Importantly, the incorporation of
Gaussian cross-attention allows scKGBERT to highlight biologically meaningful genes
and enhance interpretability without increasing model complexity.

Compared with existing models such as scGPT, Geneformer, and scFoundation, scK-
GBERT shows clear advantages in generalization and biological interpretability. The

model effectively identifies dosage-sensitive and epigenetically regulated genes, resolves
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subtle transcriptional differences among cell types, and generalizes across tissues and
sequencing platforms. Its robust performance in cancer and cardiovascular disease anal-
ysis further demonstrates its translational potential. By mapping learned representations
to known pathways and regulatory circuits, scKGBERT bridges computational predic-
tions with mechanistic biological understanding, providing a foundation for precision
medicine applications.

Future work will extend this framework to multi-omics integration, including chro-
matin accessibility, proteomics, and spatial transcriptomics, to further enhance model
comprehensiveness. Additionally, incorporating literature-based biomedical knowledge
and causal inference strategies may strengthen interpretability and hypothesis genera-
tion. Overall, scKGBERT establishes a new paradigm for knowledge-guided single-cell
modeling, offering both computational scalability and deep biological insight.

Conclusions

In this study, we present scKGBERT, a knowledge-enhanced foundation model for sin-
gle-cell transcriptomics. To our knowledge, it is the first unified pre-training framework
that concurrently integrates RNA expression profiles and structured biological priors-
captured through a protein—protein interaction (PPI) knowledge graph-within a single
modeling architecture. By employing a dual-encoder design coupled with a Gaussian
cross-attention mechanism, scKGBERT learns biologically informed and interpretable
representations of genes and cells, enabling robust characterization of transcriptional
landscapes and gene regulatory networks at single-cell resolution.

scKGBERT demonstrates superior generalization and interpretability across a broad
spectrum of downstream tasks, including gene annotation, cell type classification, can-
cer drug response prediction, and disease biomarker discovery. In gene-level tasks, the
model effectively captures dosage sensitivity, epigenetic regulation, and long-range tran-
scriptional effects without relying on multi-omics input. At the cellular level, it achieves
state-of-the-art performance in cell annotation tasks across tissues and sequencing
platforms, and exhibits strong cross-tissue transferability-highlighting its capacity to
resolve complex cell states in noisy or heterogeneous environments. Critically, scKG-
BERT’s knowledge integration confers significant advantages over existing models, as
demonstrated by ablation studies showing improved marker gene prioritization and
disease-specific signal detection. In cancer and cardiovascular disease applications, the
model accurately identifies clinically relevant gene signatures, maps them to known sig-
naling pathways, and links gene-level perturbations to patient outcomes. These capa-
bilities underscore its translational potential for precision medicine and therapeutic
target discovery. Furthermore, scKGBERT achieves these results with significantly fewer
parameters-just one-tenth of some leading models-emphasizing its efficiency without
compromising performance. It makes scKGBERT not only a biologically principled and
interpretable model, but also a computationally scalable one.

Looking ahead, scKGBERT lays the foundation for next-generation single-cell mod-
els capable of integrating multi-omic and cross-modal inputs, including sequence, epi-
genetics, imaging, and literature-based knowledge. By expanding the biological context
within which transcriptomic data are interpreted, future iterations will enable deeper
insights into cell fate decisions, disease progression, and therapeutic response-paving
the way toward a unified and comprehensive framework for single-cell systems biology.
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Methods
scKGBERT architecture and pretraining
The scKGBERT model consists of two primary components. The first involves knowl-
edge construction and representation. This phase utilizes additional biological knowl-
edge to construct a knowledge graph, followed by a knowledge embedding method to
learn the knowledge representation. The second component is SCKGBERT pre-training.
This process draws an analogy between single-cell RNA-seq data and natural language.
Gene expression sequences from individual cells are treated as sentences, with each gene
or transcript akin to a word in this biological language. The expression levels of genes
represent the “meaning” of these sentences.

scKGBERT consists of two parallel Masked Language Models [48]: a Sequence
Encoder (S-Encoder) and a Knowledge Encoder (K-Encoder), both following the clas-
sical BERT paradigm. Each encoder is composed of multiple transformer blocks, incor-
porating self-attention mechanisms and feed-forward neural networks. To construct
representative and standardized input sequences, we adopt the rank-based gene selec-
tion strategy proposed by Geneformer [5]. Specifically, genes are first ranked based on
their expression levels within each single-cell transcriptome, and the top 2048 genes are
selected to represent the cell. These selected genes are then encoded into fixed-length
input sequences. During pretraining, we apply a BERT-style random masking strategy,
where approximately 15% of the input genes are randomly masked. The model is trained
to predict the masked genes from the context, enabling it to learn the contextual depen-
dencies and structure among genes. The Gaussian cross attention mechanism integrates
additional biological knowledge into the sequence information, effectively mapping the
two representations into a unified feature space. It is designed to reduce feature redun-
dancy, enhance weight differentiation among genes, and highlight crucial information
in the input sequence, thereby reducing computational complexity [49]. It also prevents
the oversmoothing of embeddings, particularly in cases of longer input sequences. The
MLMs train the model to predict masked or missing labels in the sequence, focusing
on understanding the contextual relationships between genes and inferring missing
expressions.

Knowledge construction and representation
Domain knowledge in biology is essential for enhancing large pre-trained models in
single-cell RNA sequencing. We incorporate the STRING database (Search Tool for the
Retrieval of Interacting Genes/Proteins) as an external knowledge graph. The STRING
database offers a comprehensive protein-protein interaction (PPI) network, crucial for
understanding cellular protein interactions. It allows pre-trained models to identify
significant protein interactions in single-cell RNA sequencing analysis. Additionally,
STRING enhances biological pathway analysis, enabling the identification of pathways
and functional modules within gene expression data. These capabilities provide deeper
insights into cellular states at the single-cell level, where distinct gene expression pat-
terns are observed. The interaction data from STRING are also vital for identifying bio-
markers and genes associated with specific diseases or biological traits, playing a key
role in disease diagnosis and treatment planning.

To fully utilize the fine-grained semantic relationships between genes in the existing
knowledge base, we use the STRING [12] (Search Tool for the Retrieval of Interacting
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Genes/Proteins) database to acquire external knowledge. STRING is a powerful data-
base for studying protein-protein interactions. It provides data on established and pre-
dicted protein interactions, including both direct (physical) and indirect (functional)
connections [12].

In the knowledge graph G = (£, R, T), £ represents the set of gene entities, R denotes
the set of relations, and T comprises triples (%4, r, £). Each triple indicates that the head
gene entity / is related to the tail gene entity ¢ via relation r. For each gene entity e,
its initial knowledge embedding is transformed from a one-hot vector to a d-dimen-
sional vector e using a transformation matrix W € RV*d where V is the complete
vocabulary containing all gene tokens. When e acts as the head entity /, and when e
acts as the tail entity ¢. For each gene relation r, we introduce a transformation matrix
M) € R?®F, This matrix captures the specific characteristics of the relation and proj-
ects entity embeddings h and t from the entity space to a relation-specific space, as illus-
trated by the following equation:

h™ = hMm™

£ — ¢mr(™)

We then define a scoring function to evaluate the possibility of a triple (4, r, £) using the
L1 or L2 distance:

S(r,h,t) = [h™ +r — ¢,

where the representation of head entity gene / and the tail entity gene ¢ are both trans-
formed into the relation space r, R.

To learn the knowledge embeddings of genes and transformation matrices, we use a
margin-based loss function, to encourage the model to assign higher scores to true tri-
ples (4, r, t) and lower scores to corrupted triples (h,r,t’), where ¢’ represents a negative
sample. Finally, we obtain the updated d-dimensional vector e as the initial knowledge
representation for each gene, which can then be sequentially input into the knowledge
encoder.

Sequence encoder and knowledge encoder

scKGBERT includes a sequence encoder and a knowledge encoder, both adhering to
the masked language model paradigm. Specifically, for a given gene sequence from a
single cell {g1,...,¢,} and its corresponding entity sequence {ey,...,e,}, where n is
the length of the input RNA-sequence, the sequence encoder first combines the token
embedding and positional embedding for each gene to create its input embedding. It

then computes the syntactic features {s1,...,s,} as follows:
S1,...,8, = S-Encoder({g1,...,9n}); (1)
Similarly, we take the representation of the knowledge entity {ei,...,e,} learned

from the pre-trained TransR model as the input, and through the knowledge encoder
K-Encoder, we obtain the knowledge representation of the gene.

h;,... h, = K-Encoder({e1,...,en}), 2)
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where both S-Encoder(-) and K-Encoder(-) are multi-layer bidirectional Transformer
encoders.

We employ two independent and parallel encoders: the S-Encoder for capturing con-
textual information from gene sequences and the K-Encoder for encoding prior knowl-
edge. After processing, we obtain the contextual representation matrix Hs,, € R"*?
and the knowledge representation matrix Hy, € R"*%, where d denote the respective
hidden dimensions of the S-Encoder and K-Encoder. No parameter sharing is applied
between the two encoders.

Gaussian cross attention mechanism

To better integrate sequence-based contextual features with knowledge-based relational
embeddings, we propose a Gaussian-normalized mechanism. Traditional cross-atten-
tion mechanisms compute attention scores using a dot-product between queries and
keys, followed by softmax normalization. While widely used, this approach often pro-
duces overly smoothed weights and lacks sensitivity to score magnitude variation across
samples. These issues can weaken the contrast in attention patterns, particularly when
dealing with heterogeneous information such as transcriptomic sequences and symbolic
knowledge.

To address this, we modify the attention formulation by incorporating Gaussian nor-
malization prior to softmax. Let H,., and Hj, denote the hidden representations from
the sequence encoder and knowledge graph encoder, respectively. We first concatenate
the two inputs and project them into Q, K, and V as follows:

Q= WQ [Hseq | Hkg}a
K= WK [Hseq ‘ Hkg]a (3)
V =WyH,,

The raw Gaussian fuison score matrix is computed using the dot product between Q and

K:
KT
5= QK @
Vd
Instead of applying softmax directly to S, we first perform Gaussian normalization:
) S—u
w=mean(S), o =std(S), Gaussianscore = Act( ) (5)

g

To ensure non-negativity and stabilize the attention distribution, we apply an activa-
tion function (denoted as Act(+)) to transform negative values in the normalized atten-
tion scores into a small positive constant, ensuring that all attention weights remain
non-negative. By doing so, the softmax operation can be omitted while still producing
meaningful attention weights. To maintain a scale comparable with standard attention
mechanisms, the resulting scores can optionally be normalized across each row. The
fused representation is then computed as:

Hfusion = Gaussianscom .V (6)
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where Wq, Wk, and Wy are learnable weight matrices, and the operations mean(-)
and std(-) are computed over all elements of the attention score matrix S for each indi-
vidual sample.

Unlike kernel-based Gaussian attention, which models attention weights using a
Gaussian probability density over input distances, our method preserves the dot-
product attention structure while incorporating Gaussian statistical normalization. By
enhancing the contrast of attention weights and mitigating over-smoothing effects, the
approach remains lightweight and computationally efficient. Since normalization is per-
formed independently for each sample, attention weights are not directly comparable
across samples. Nevertheless, within each sample, the method substantially improves
the sharpness and interpretability of attention patterns. The proposed mechanism is
consistently applied across all fusion layers in the model.

Pre-training and fine tuning

Overall, scKGBERT is divided into two stages: pre-training and fine-tuning for down-
stream tasks. During the self supervised pre-training, a certain percentage (usually 15%)
of tokens in each sequence is randomly selected and replaced with a [mask] token. Then,
the modified sequence and its masked tokens are fed into a multi-layer transformer
encoder. Each Transformer layer captures contextual information from both direc-
tions (left and right context) around each token. It then predicts the original values of
the masked tokens based on their context. While this prediction is not used directly in
sequence encoding but helps the model learn better representations during pre-training.
The objective function for the model’s pre-training process is as follows:

Nceu Nvowm

LPreftraining = - Z Z ywlOg(gw) (7)
i=1  j=1

where N represents the total number of cells, N1 denotes the number of masked
genes in the masked language model, and y;; and ¥;; represent the ground-truth and
prediction results for the genes, respectively. The optimal hyperparameters during pre-
training include an initial learning rate of 1073, using the AdamW optimizer, with the
weight decay set at 10710,

Experiments setting

The scKGBERT model consists of three stacked scKGBERT blocks, each comprising two
parallel BERT blocks and a Gaussian fusion module. The initial embedding dimension
is set to 256, with a hidden layer size of 512, and a 4-head multi-head attention mecha-
nism. A dropout rate of 0.05 is applied to prevent overfitting. Model training was per-
formed using the AdamW optimizer, with an initial learning rate of 5e-5 and a weight
decay of le-6. The model was trained for 2 epochs with a batch size of 16, balancing
computational efficiency and model performance. All training was conducted on two
NVIDIA A100 GPUs.
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System analysis

Model interpretability and marker gene identification

In the scKGBERT model, the Gaussian cross-attention mechanism produces a Gauss-
ian weight matrix representing the expression weight of each gene for every single-cell
transcriptome sequence. Specifically, we average the weight matrices of the three-layer
scKGBERT model to obtain a comprehensive weight representation. Subsequently, we
further average along the columns to obtain a vector representing the relative impor-
tance of each gene in the cell. We utilize this vector as a surrogate for gene expression to
explore the interpretation methods of the model, including differential gene analysis and
functional enrichment analysis. Our model not only can identify genes with significant
differential expression, but also can discover important biological processes. In particu-
lar, compared with healthy people, our model can identify the disease marker genes and
accurately reflect the characteristics of abnormal gene expression. We also try to capture
the associations between genes without fine-tuning the model. The results show that
the model can effectively capture the interactions between landmark genes. These find-
ings demonstrate that our model not only facilitates superior interpretation of biological
data, but also contributes valuable tools and insights to the field of biomedical research.

Gene-level tasks

To evaluate scKGBERT'’s effectiveness in gene-level tasks, such as gene annotation, we
fine-tuned the pre-trained scKGBERT model and compared it with three machine learn-
ing based methods and three advanced pre-training models, including Geneformer,
scFoundation and scGPT [50]. Initially, we ranked and sorted the target single-cell
expression data based on rank-value criteria, selecting the top 2048 genes to represent
cell features effectively. These genes were then converted into gene sequences, serving
as input for the model. For gene annotation, scKGBERT was fine-tuned, specifically by
adding one or two MLP layers for classification tasks. It is important to highlight that
the layers of scKGBERT have been frozen, and superior gene annotation performance
can be achieved solely by fine-tuning one or two subsequently added MLP layers, which
demonstrates scKGBERT possesses robust task transferability.

Cell-level tasks

To evaluate the performance of scKGBERT on cell-level tasks, including drug response
prediction and cell annotation, we select twelve traditional methods and two advanced
pre-training models (Geneformer and scBERT) as baselines. We feed single-cell gene
tokens into the pre-trained scKGBERT model and take the average of all gene embed-
dings in one cell as the cell representation. During fine-tuning, we add a multilayer
perceptron (MLP) to scKGBERT and tune the MLP and the last two layers of the scKG-
BERT module. The reason is that cell-level annotation tasks usually have high heteroge-
neity and complex behaviors, which requires a deeper network structure to distinguish
cells from each other and capture the relationship between cells. In addition, to verify
the cross-platform generalization ability of our model, we fine-tune it on Drop-seq data
and test it on DroNc-seq sequences. The results show that scKGBERT can achieve con-
sistent performance on different tasks.
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