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Introduction

Pancreatic cancer is the third leading cause of cancer-
related death. Tumor heterogeneity makes treatment
challenging, since variation among cancer cell types
results in different responses. Classifying tumor cells
into known subtypes, such as classical and basal-like,
may improve targeted therapy.
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This project aims to develop a deep Cell Data

learning pipeline to classify
pancreatic cancer cell subtypes in
single-cell RNA data.

Label with Cell
Our approach provides a more Types
consistent, scalable, and
generalizable alternative to manual

annotation or clustering methods.
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What is scGPT?

scGPT is a large generative model
pretrained on 33 million human
single-cell transcriptomes. Like
ChatGPT processes language, scGPT
interprets gene expression data.

In this project, we fine-tune scGPT
using labeled single-cell pancreatic
ductal adenocarcinoma (PDAC)
datasets to classify malignant
epithelial cells into classical and
basal-like subtypes.
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Methods

Preprocessing

Using the public GEO dataset GSE205013, we tested 45
different quality control parameter combinations.
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Fig. 1: Composite Score of Filtering Parameters

Clustering
Cells were labeled as epithelial cells or other types through
manual curation based on marker gene expression as

described in Werba et al. [1].
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Fig. 2: Full dataset clustered and
G labeled by cell type

Subtyping of Malignant Cells

We first applied inferCNV to epithelial cells to distinguish
malignant from normal populations. To subtype the
malignant cells, we used scanpy.tl.score_genes with
curated marker genes from Moffitt et al. [2]. This
generated expression scores for each subtype by
comparing marker gene expression to matched controls.
Cells were assigned pseudo-labels based on their
highest-scoring subtype.

Downstream Analysis

A scGPT pipeline was developed to fine-tune the
pretrained model using scGPT’s cell annotation tutorial
and the subset of labeled data.

Results

The dataset was split into
training, validation, and
testing. A total of 44,739
cells were used in training,
and 4,972 cells were used to
update the metrics as
validation. A separate
holdout test set of 21,305
cells were used to evaluate
model performance.

Fig. 4 : scGPT Confusion Matrix
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Fig. 5 : UMAP visualization showing alignment between predicted
and manually labeled tumor subtypes

Discussion

Future work should evaluate the generalizability of
scGPT across PDAC datasets. The classification results
can facilitate further studies of tumor cell plasticity or
metabolic heterogeneity. Moreover, investigating the
relationship between basal-to-classical ratio and
clinical outcomes may offer valuable prognostic insight.
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