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Abstract

Foundation models (FMs) trained on large-scale single-cell
RNA-seq (scRNA-seq) data have shown strong performance
across various biological tasks. These performances are of-
ten reported across a large set of test benchmarks across all
samples. However, the pretraining data of these models are
often highly imbalanced across disease types, patients’ con-
ditions, and demographics. For instance, disease samples are
rarer and more challenging to collect, and the pretraining
sets contain many more healthy cells. Such imbalances can
hurt performance on underrepresented disease cases and the
equality of the model outcome. To evaluate this hypothesis,
we benchmark off-the-shelf scRNA-seq foundation models
for cell-type classification in acute myeloid leukemia (AML),
a rare but clinically important disease that represents low-
prevalence settings. Here, besides overall performance, we
conduct subgroup analysis of the outcome across cell types
and disease conditions (clinical timepoints). Our results sug-
gest that despite high overall F1 scores in cell-type classi-
fication, performance drops in disease conditions and varies
across cell types. These findings highlight a limitation of cur-
rent scRNA-seq foundation models and motivate more bal-
anced pretraining and failure mode analysis rather than an
overall performance report.

Introduction

Single-cell RNA sequence (scRNA-seq) has revolution-
ized our understanding of cellular heterogeneity by mea-
suring transcriptomes at the resolution of individual cells
(Kolodziejczyk et al. 2015; Saliba et al. 2014). scRNA-
seq has enabled the discovery and annotation of cell types
(Van de Sande et al. 2023; Jovic et al. 2022; Hedlund and
Deng 2018). scRNA-seq datasets contain a large, sparse
matrix including information about gene activities across
different cells. The gene activity values can be from 0 to
large floating-point numbers, indicating how the gene is ex-
pressed. The higher the value is, the more expression is wit-
nessed of that gene.

To analyze and extract patterns from scRNA-seq data,
transformer-based foundation models are arising, which are
large neural networks pretrained in an unsupervised fash-
ion on massive unlabeled data and finetuned for diverse
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downstream tasks, like cell type classification. For exam-
ple, scBERT (Yang et al. 2022), an encoder-only FM, adapts
the BERT masked-language framework to gene expression
by learning contextualized embeddings of genes and cells
through token-level reconstruction on discretized counts.
scGPT (Cui et al. 2024a), a decoder-only FM, learns joint
embeddings of cells and genes via masked language mod-
elling on multi-omic scRNA-seq data. scFoundation (Hao
et al. 2024) scales to 100 M parameters by incorporating
read-depth—aware objectives over 50 M cells. The core idea
in scFoundation is skipping zero and masked tokens in en-
coder layers, which can significantly reduce the computing
needs without losing performance. Geneformer (Cui et al.
2024b), on the other hand, leverages transfer learning from
a pretrained context-aware, attention-based model trained
on a corpus of approximately 30 million single-cell tran-
scriptomes, enabling context-specific network-biology pre-
dictions even with limited task-specific data.

Pretraining data for the foundation models often con-
tain biases and imbalances. In single-cell RNA-seq (scRNA-
seq), these appear in several ways that can distort biolog-
ical interpretation and downstream analysis. Cell-type im-
balance is very common (Maan et al. 2024, 2022). Disease-
related imbalances also arise, as immune responses and cel-
lular populations differ between infected, healthy, and can-
cerous tissues. At the patient level, demographic differences
(age, sex, ethnicity, ancestry) can affect the datasets and
biological patterns in different diseases (Darolti and Mank
2023; Huang et al. 2021). Technical factors, including batch
effects and platform-specific biases, add further variabil-
ity (Maan et al. 2024, 2022). Together, these imbalances
may lead to unequal performance and poor generalization,
especially for rare or complex cases. For example, Acute
Myeloid Leukemia (AML) represents a complex, aggres-
sive, diverse, and extremely rare group of blood cancers.
Evaluating the performance of foundation models on this
dataset will help us to reveal potential bias or misperfor-
mance issues in the underrepresented data.

As a related work, a recent study (Alsabbagh et al. 2023)
created skewed single-cell datasets to benchmark three foun-
dation models (scGPT, scBERT, and Geneformer (Cui et al.
2024b; Yang et al. 2022; Cui et al. 2024a)), showing that
all models exhibited reduced performance on rare cell types
when trained on biased finetuning data. This demonstrated
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Figure 1: UMAP visualization of Hematopoietic Niche scRNA-seq (Acute Myeloid Leukemia) (Ennis et al. 2023). Each point
represents a single cell colored by (top) cell type and (bottom) clinical timepoint.

that dataset imbalance during finetuning can also directly
impact model performance. In contrast, our study reveals
that bias can still arise from pretraining, even when finetun-
ing data are not skewed.

Overall, in this study, we analyzed the performance of
recent and widely used foundation models (Geneformer,
scBERT, scFoundation, and scGPT (Cui et al. 2024b; Yang
et al. 2022; Hao et al. 2024; Cui et al. 2024a)), finetuned on
the AML dataset, for their ability in cell-type classification.

We only explored the cell type classification as the down-
stream task, due to data availability. Rather than reporting
only overall performance, we examined how imbalances of
original pretrained data lead to systematic performance gaps
across models and disease states in a rare disease like AML.

We observed that even though our finetune/test dataset
is relatively balanced through different disease conditions
(clinical timepoint), the foundation models perform stronger
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on healthy cases. This shows that the foundation models are
more biased towards healthy cases and more general cell
types compared to rare and underrepresented cases.

Method
Dataset

In this study, we used the publicly available Hematopoi-
etic Niche scRNA-seq (Acute Myeloid Leukemia) dataset
(Ennis et al. 2023). It contains ~350,000 cells from ~50
human donors, each profiled across ~16,000 genes. The
dataset includes cell-type labels and clinical timepoints (Fig.
1). We sampled ~250,000 cells from the dataset to have
balanced distribution of clinical timepoints (approximately
25% Healthy, 30% AML (Diagnosis), 22% AML (Post-
treatment), and 22% AML (Relapse)). It is worth mention-
ing that the raw data is compiled from multiple datasets,
each with different donors and disease conditions. For more
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Figure 2: Performance of four foundation models (Geneformer, scBERT, scFoundation, scGPT) stratified by clinical timepoint.
While models perform well on Healthy samples, performance drops in AML, with the largest decline observed in relapse cases.
This pattern highlights a systematic gap: foundation models pretrained on mostly healthy single-cell data generalize poorly to
clinically challenging disease states, even though our evaluation dataset was evenly balanced across all timepoints.

details, please refer to the original study (Ennis et al. 2023).

Model

We evaluated cell type classification performance of recent,
widely used foundation models for scRNA-seq. A brief de-
scription of each model is given below:

* scBERT (encoder-only): adapts BERT’s masked-token
objective to discretized gene counts, learning contextual
embeddings of genes and cells for classification (Yang
et al. 2022).

* scGPT (decoder-only): uses masked language modeling
to learn joint cell-gene embeddings across large multi-
omic corpora (Cui et al. 2024a).

* scFoundation: ~100M parameters with read-depth—
aware objectives trained on ~50M cells; skips zero/-
masked tokens in the encoder to cut compute without ac-
curacy loss (Hao et al. 2024).

¢ Geneformer: transfers from a large, context-aware at-
tention model pretrained on ~30M transcriptomes, en-
abling strong performance with limited task data (Cui
et al. 2024b).

Experiments

First, we split the data into train (80%), test (10%), and val-
idation (10%) sets using stratified splitting, ensuring that
all cell types and timepoints (disease condition: healthy,
relapse, diagnosis, and post-treatment) were represented
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across splits and no patients
across splits.

We then added a linear head to the top of each foundation
models and finetuned them on cell type classification labels
using the train and validation sets. Performance was evalu-
ated on the held-out test split. Since each FM has its own
preprocessing pipeline, we applied the corresponding pro-
cedures to ensure that inputs were aligned with the models’
requirements. For finetuning, we used the publicly released
model checkpoints and followed the default hyperparame-
ters proposed by each method. To confirm robustness, results
are reported from 5-fold cross-validation on the test set, with
each fold held out once.

samples were distributed

Results

Performance disparity across clinical timepoints
(Disease Status)

To assess how foundation models perform across health
and disease conditions, we stratified performance by clin-
ical timepoints. When aggregating results across all four
models (Geneformer, scBERT, scFoundation, and scGPT
(Cui et al. 2024b; Yang et al. 2022; Hao et al. 2024; Cui
et al. 2024a)), we observed consistently higher F1 scores for
Healthy donors compared to AML cases (Fig. 2). Within the
AML cases, relapse samples posed the greatest challenge,
with performance dropping more sharply than in primary
AML samples.

For instance, scGPT maintained F1 scores above 0.90 in
healthy subsets but fell below 0.75 in relapse AML samples,
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Figure 3: Heatmap of F1 scores by cell type across four foundation models. Performance is uneven: common and well-
represented populations such as B cells show strong accuracy, while others like CLP, Pre.B exhibit markedly lower scores.
In addition, some cell types are totally mistaken by foundation models, resulting in zero in their F1 Score.

with similar trends observed for scBERT and scFoundation.
These patterns suggest that model generalization is not uni-
form and that disease-specific complexity, especially under
relapse conditions, creates systematic performance dispari-
ties.

Performance disparity across cell types

In order to assess how foundation models perform on differ-
ent cell types, we analyzed their performance per cell type
individually. As shown in Fig. 3, we observe that all foun-
dation models struggle to correctly predict certain important
cell types, such as CLP and Pre.B, which contribute to the
immune deficiency commonly seen in AML patients (Khal-
doyanidi et al. 2021). On the other hand, all models could
perform very well on common, general B cells. This im-
balance underscores how under-represented cell types drive
systematic errors, limiting the reliability of model predic-
tions in clinically relevant contexts.

Discussion

Our results show failures and limitations of current sCRNA-
seq foundation models that are observed by subgroup anal-
ysis rather than reporting overall performance. Such biases
may emphasize the need for more balanced pretraining data
for training foundation models and the importance of bias
analyses. To mitigate such biases on the data side, utilizing
balanced representation of real-world data is essential.
Approaches such as targeted augmentation and synthetic
oversampling (Bej et al. 2021), or transfer learning (Mieth
etal. 2019) from related disease datasets can help strengthen
rare or undersampled cell populations. This would give
models better exposure to the populations where they per-
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form poorly. On the modeling side, applying bias mitigation
methods, like adversarial learning, may reduce systematic
errors (Zhang, Lemoine, and Mitchell 2018).

From a benchmarking perspective, current practices often
highlight only aggregate performance, which cannot reveal
critical subgroup failures. We suggest benchmarking the out-
come on subgroup-level and cell type—specific metrics as a
standard substitute approach to give a better picture of the
failure mode of the foundation models. This makes dispari-
ties visible and allows the community to track progress to-
ward more equitable foundation models.

Limitations and Future Work

Our evaluation was limited in several ways. First, we fo-
cused only on cell type classification, as it was the only
available label in our dataset. In future work, upon data
availability, we would like to extend the evaluation to a
broader range of downstream tasks and demographic fea-
tures of patients, such as race and ancestry.

Conclusion

Our study shows that strong overall performance does not al-
ways mean fair and equal performance across all subgroups.
Analyzing the failure mode supports the detection of foun-
dation model biases. A potential actionable target for miti-
gating such biases in biomedical Al can be a better repre-
sentation of rare or disease-specific cell types in pretrained
data. We suggest bias investigation in failure mode across
features to be a standard part of evaluating these models, not
an afterthought.
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