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1. Introduction

Geneformer [1] is @ model that can be used in a variety of
biomedical applications, such as predicting the drug that a cell
had been treated with. The model is trained and fine-tuned on
gene expression data. Such data is obtained through RNA
sequencing. When each cell is sequenced individually, the
process is known as single-cell RNA sequencing (scRNA-seq.)
The alternative, bulk sequencing, is applied to groups of cells.
Bulk data is generally more widely available and easier to
acquire; hence, it could be beneficial to find a way to use it to
fine-tune Geneformer.
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The aims are to ascertain whether bulk RNA-seq data can be
used to fine-tune Geneformer, and if so, to what extent, to
explore the feasibility of extracting more suitable data from a
bulk dataset, and to verify whether both types of sequencing
data can be used together to fine-tune more effectively.

2. Methodology

The experiments are divided into two main batches. In the first,
pseudo-bulk data is generated through aggregation. In the
second, synthetic single-cell data is obtained from bulk.

A representative 10% of the single-cell data is set aside as a
benchmark/test dataset. The rest becomes the training
dataset that is processed further.

An aggregation factor k is introduced, representing the
average number of cells within a group that is aggregated into
one data point within the pseudo-bulk dataset. Actual group
sizes are normally distributed around k. Within each group,
gene expression values are aggregated according to three
strategies: summing, averaging with k, averaging with exact
group size.
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Bulk data is used as the basis for synthetic data points,
generated by aggregating each label-dose pair into one data
point. The variance and max value of each gene are calculated
based on single-cell data. Synthetic cells are created by
sampling gene expressions from a Gaussian with a bulk mean
and single-cell variance. Resampled if below 0 or above max.

Dataset used: Sciplex2 [3]

3. Results
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The results show that there is a steep decline in both the
accuracy and F1-score of the model when fine-tuned on data
of increasing bulkiness. Especially for the most bulky explored
datasets, the validation scores during training were high,
suggesting that the above performances are about the upper
limit of what Geneformer can achieve by being fine-tuned on
them. An attempt to introduce some single-cell data to the
validation set did not improve these results meaningfully.
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The generated synthetic data shows some potential in a
simple two-label problem, where it succeeded in fine-tuning
Geneformer effectively. This did not hold for more complex
(e.g. five-label) problems, where accuracies did not exceed
0.45-0.50.
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Adding some generated data (BMS and Untreated) to a
single-cell training set and fine-tuning Geneformer did not yield
meaningfully different results on the five-label problem. Some
changes in individual classes’ accuracies can be observed, but
these are inconsistent and most likely caused by the
randomness of the fine-tuning.

4. Conclusions

Bulk gene expression data cannot be effectively used to
directly fine-tune Geneformer for cell classification.

Generated synthetic data shows minor promise, but more
sophisticated generation methods need to be explored to
assess its true potential.

Mixing synthetic and real single-cell did not meaningfully
affect performance, suggesting that this approach to using
bulk data in fine-tuning may not be effective. Alternative
approaches like augmenting the single-cell data based on bulk
should be explored.
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