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Using Transformer-based Neural Networks for classifying cellular states in Glioblas-
toma
An assessment of scBERT in annotated cellular state classification of Glioblastoma
RONJA HEDBERG
Department of Mathematical Sciences
Chalmers University of Technology

Abstract

By taking inspiration from the progress made in Natural Language Processing with
the use of Transformer-based Neural Networks, similar approaches have been pro-
posed for single-cell RNA-sequencing data in hope of capturing complex gene-to-gene
interactions. One such approach is the pre-trained single-cell bidirectional encoder
(scBERT), whose architecture and pre-training follows its Natural Language coun-
terpart, BERT. Unlike BERT, scBERT was pre-trained for masked gene expression
prediction using single-cell datasets comprising over 1.5 million single-cell RNA-
sequencing profiles. This thesis performs an initial assessment of the use of scBERT
with novel single-cell data. In classifying annotated cellular states of Glioblastoma,
the inclusion of scBERT showed overall limited advantages compared to using the
gene expression directly. However, through the simulation of different scenarios,
this thesis provides preliminary evidence in favor of the use of scBERT in the lack
of ample signal (low number of expressed genes, and scarce number of training ex-
amples). This showcases the potential benefits of using the gene representations of
massive single-cell Transformer-based models, especially when little information is
available, which is frequently the case when working with in-house data or heavily
underrepresented cellular states.

Keywords: Machine Learning, scRNA-seq, Transformer, Cellular states, Glioblas-
toma, Cancer, Natural Language Processing, Encoder.
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Nomenclature

Below is the nomenclature of sets, parameters, and variables that have been used
throughout this thesis.

Sets

Sk The set of genes associated with cellular state k

Ak A random subset of the complement of Sk

Parameters

X Data matrix of gene expressions with dimensions M × N

N The amount of cells in the data matrix

M The number of genes in data matrix

K The number of possible cellular states

Variables

xj,i The expression of gene j in cell i

mi,j The amount of class i being classified as class j

ck
i The score of cellular state k in cell i

ix



Ci The cellular state assigned to cell i
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1
Introduction

Glioblastoma is a fast growing and aggressive form of brain cancer that often spreads
throughout the brain matter in a pattern similar to a spider web, which makes it
very difficult to remove completely by surgery, since such an intervention would be
detrimental for the brain [1]. In hope of being able to stop the spread of this type
of cancer, clinical trials are conducted with agents1 that target specific signalling
pathways2 to hinder tumour growth.

Glioblastoma is a heterogeneous form of cancer, which makes treatment difficult.
There has been shown that four different cellular states drives this heterogeneity in
malignant cells [3].

In recent years there have been great development within Natural Language Process-
ing with the help of transformer neural networks, e.g. OpenAI’s ChatGPT-4 [4] and
Google’s BERT [5]. These models have shown to be very versatile in their applica-
tions and suitable for a range of different language tasks. These base structures from
transformer neural networks have shown potential in bio-related tasks as well [6],
which due to their general nature could be used for a multitude of assignments.

This project focuses on the transformer model scBERT [6], its capacity to determine
the cellular states that are specific for Glioblastoma cells, and evaluates how the
encoder structure affects the performance of the model.

1Certain medicines, vitamins, minerals, or food supplements [2].
2Describes a series of chemical reactions in which a group of molecules in a cell work together

to control a cell function, such as cell division or cell death [2].
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2
Theory

With the help of Next-Generation Sequencing, the production of substantial volumes
of single-cell RNA-sequencing data has become increasingly feasible [7]. Taking in-
spiration from the achievements of transformer neural networks in Natural Language
Processing, these data-intensive algorithms have started to be utilized within biology
as well.

2.1 Single-cell RNA-sequence data and gene ex-
pression

All living things on Earth are made out of cells, which consecutively have sequences
of DNA-bases that carry hereditary information known as genes [8]. Human cells,
for example, are estimated to have between 20 000 and 25 000 different genes [8]. The
activity status of the genes within a cell (i.e. which genes are active at any given
time) can help characterize cellular states: inner configurations of the cell that can
change over time [9]. Specifically in brain tumor cells, distinct cellular states have
been found, making it valuable to study how they are formed and how they change
in the context of cancer research [10].

Single-cell RNA-sequencing is a technique used to measure gene activity at a cel-
lular level that allows studying cellular states. In a laboratory setting, individual
cells are isolated from a tissue sample, and their mRNA captured. A following re-
verse transcription of the captured RNA yields complementary DNA, which is then
tagged with a cell ID and amplified. The digital data from these cells is efficiently
generated through the method of Next-Generation Sequencing (NGS), a technique
capable of sequencing large volumes of DNA effectively [7].

A cell line, defined as a set of cells derived from a singular biological sample, and
its gene expressions, can be represented by a two dimensional data matrix. One

3



2. Theory

dimension of such a matrix represents the genes, whose names are standardised to
allow for cross-cell-line comparisons, while its other dimension represents the indi-
vidual cells, and the numerical values of the entries represents the gene expressions
where zero symbolizes inactivity. Due to the amount of inactive genes in the cell
population, this matrix is also sparse.

Analysing the gene expressions within a cell makes it possible to classify them in
different cellular states, depending on how the genes are expressed.

2.2 Transformer neural networks

Although machines have surpassed humans in calculation efficiency long ago, en-
abling computations that would have been infeasible if done by hand, mastering
human language remains a challenge for them. While numerical calculations can be
executed sequentially, natural language is less straight forward. Context is very im-
portant, for example. There is a large difference in the meaning of the word “rock”
in “It was her favourite rock song” compared to “He found a rock at the beach”.
Furthermore, language is ever evolving with new words emerging and others fading
away, the meaning of words might also vary depending on the speakers dialect. Add
into this that there is 7 164 known languages spoken in the world, all with their own
quirks and rules, and most can understand why natural language is a daunting task
for a computer [11].

To start making language comprehensible for a computer one needs to begin by
creating a mathematical representation of it. In the context of written Natural
Language Processing (NLP), this is done by turning text into vectors. The first
step in achieving this is tokenization, where the text is broken up in smaller parts.
Numerical embeddings are then created by vectorizing the tokens, with for exam-
ple word2vec, which maps the meaning of the words such that similar words have
similar vectors. For example, with word2vec you can get the vector closest to the
vector vector(queen) by doing the following operations vector(king)−vector(man)+
vector(woman) [12].

In recent years, the transformer neural network has become a widely adopted ar-
chitecture for Natural Language Processing [13]. As illustrated in Figure 2.1, its
fundamental components compromise of encoder and decoder blocks.

4



2. Theory

Each block has a combination of positional encoding, attention heads, and feed for-
ward networks. The idea is that the attention mechanism maps a query and a set
of key-value pairs to an output, where the query, keys, values and outputs are all
vectors [14]. An attention map is created by multiplying the query with the key,
which lists which tokens are important for the query. The attention map in turn is
multiplied with the values and produce a weighted sum of the embeddings based on
the relevancy of the words [15]. The output from the attention mechanism is fed into
a position-wise feed-forward network which consists of two linear, fully connected
layers [14].

The encoder condense the important parts of the input, and the decoder use this
knowledge from the encoder to make it into a comprehensible output.

Figure 2.1: Transformer-model architecture with the encoder block on the left and
the decoder block on the right from “Attention is all you need” [14].

To initiate the processing pipeline, the input is transformed into an embedding be-
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2. Theory

fore being fed into the encoder. This entails representing the input through numer-
ical vectors, for example via word2vec [12], accompanied by positional encoding to
encapsulate information about the input token’s absolute and relative positions [14].

The encoder then converts these inputs into tensors imbued with contextual infor-
mation. The decoder has a Masked Multi-Head Attention layer that only allows it to
consider the the tokens before the token it wants to predict, and not the ones coming
after. The output from the Masked Multi-Head Attention gets normalized and sent
forward to a regular Multi-Head Attention layer, that takes the output from the
encoder which is used as the Key and Value and the output from the Masked Multi-
Head Attention as Query Matrix. The decoder then predicts the next token based
on previous tokens and the attention from the encoder, repeating the process until
the end of the sentence has been reached, producing an interpretable output [14].

2.3 BERT: Bidirectional Encoder Representation
Transformer

One example of a transformer architecture that has been successful in Natural Lan-
guage Processing is the Bidirectional Encoder Representation Transformer (BERT) [5].
One thing that separates BERT from a normal transformer architecture is that it
does not have a decoder component, meaning it is an encoder-only model. Addi-
tionally it is bidirectional, which means that in contrast to the original transformer
it can take context from both sides of the token it wants to predict, instead of only
seeing the previous tokens. Furthermore, BERT introduces two new tokens: CLS
and SEP [5].
The CLS-token denotes the start of an input sentence, as well as capturing the
overall representation of the input, which later can be used in a downstream classi-
fication tasks due to its position being fixed and its attention adapting depending
on the task at hand. If the task it’s trained for would be to automatically sort out
offensive messages between players in an online game, the CLS-token would have
more attention on, for example, derogatory language [16].
The SEP-token denotes the boundary between segments, for example between a
question and the answer, allowing the model to accurately capture the relative posi-
tions between the segments in its positional encoding, as well as distinguishing the
different parts of the input [17].

6



2. Theory

BERT consists of two pre-training stages, Masked Language Modelling and Next
Sentence prediction, which allows it to gain a general understanding of Natural
Language, that later can be fine-tuned for specific tasks. This means that instead
of retraining the whole model for each specific task, a necessity with a regular
transformer model, BERT gets fine-tuned into the specific task it is supposed to
perform while the base model remains unaltered [5].

Figure 2.2: Pre-training and Fine-Tuning for BERT. The model architecture is
the same apart from the output layers. Figure from “BERT: Pre-training of Deep
Bidirectional Transformers for Language Understanding” [5].

The masked modelling consists of three parts: a token can either be replaced by
[MASK], a random token, or remain unaltered. Usually, 15% of the tokens get ran-
domly chosen for the masked modelling, of which 80% get replaced by [MASK], 10%
by a random token, and 10% remains unaltered [18].

If the fourth token in the input “This is my dog Bertil. He is a good boy.” were to
be chosen, the different options could would be:

“This is my [MASK] Bertil. He is a good boy.”
“This is my ‘empire’ Bertil. He is a good boy.”
“This is my dog Bertil. He is a good boy.”

In next sentence prediction modelling, the goal is for the model to predict if the
second sentence has any connection to the first. Consider these two examples:

“This is my dog Bertil. He is a good boy.”
“This is my dog Bertil. It is sunny today.”

7



2. Theory

In the first example the sentences are connected, unlike the second example.

Due to the pre-training phase described above, BERT has a deep contextual under-
standing of Natural Language. To be able to use the model for practical purposes,
however, it needs to be fine-tuned. This is done by swapping out the input and
output to those of the desired task and fine-tuning the parameters end-to-end, as il-
lustrated by Figure 2.2. This is much less computationally expensive than retraining
the full model, and has been shown to achieve high performance [5].

2.4 scBERT: From Language to Biology

Given the success of transformers in Natural Language Processing, there has been
interest in applying these architectures to biological data [19]. By conceptualizing
cells as sentences and gene expressions as tokens, the goal of such an approach is to
discover patterns between gene co-expressions in the data.

Figure 2.3: Illustration of the embedding process fed into scBERT and output
of the learned representations. The non-zero values of the binned expressions gets
randomly masked, and then gets added to the corresponding gene embedding from
gene2vec. The input embedding is then fed through the performer encoder to esti-
mate the masked expressions. The figure is from “scBERT as a large-scale pretrained
deep language model for cell type annotation of single-cell RNA-seq data” [6].

This is the idea behind the transformer model single-cell BERT (scBERT) [6], which
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2. Theory

draws inspiration from the BERT language model with one key difference: instead
of written text, it is trained on massive amounts of masked single-cell RNA-seq data.

As illustrated in Figure 2.3, the input is generated by discretizing the gene expres-
sions within each cell through binning. This makes sure that cross-gene comparisons
are possible, by focusing on the relative distribution within a gene instead of their
absolute values. Due to the sparse nature of single-cell RNA-data, only non-zero
gene expressions are binned and subsequently randomly masked [6].

The resulting expression embeddings are then added with the gene embeddings,
which are the binned values of gene2vec [20], a 200-dimensional vectorized represen-
tation of genes. This results in an input of dimension M × N × 200, where M is the
amount of genes in the dataset and N the number of cells. The input is then ready
to be fed into the network which is composed of performer blocks, each housing six
performer layers, with each layer incorporating ten self-attention heads [6].

The data used to pre-train scBERT was collected from the PanglaoDB dataset which
has integrated 209 human single-cell datasets comprising 74 tissues with 1,126,580
cells originating from different experimental sources via various platforms [21], and
from the Heart dataset which contains 451,513 cells from 11 cell types by four
different sequencing platforms (Harvard-Nuclei, Sanger-Nuclei, Sanger-Cells, and
Sanger-CD45) [22].

During the pre-training, as illustrated by Figure 2.4, the output gets reconstructed
into gene expressions and a reconstruction loss is calculated as the cross-entropy loss
shown in Equation (2.1), where K is the set of masked expressions, yj,i ∈ {0, 1} and
pj,i ∈ (0, 1] is the true and the predicted expression for gene j in cell i respectively.

Lreconstruction = −
N∑

i=1

∑
j∈K

yj,i log (pj,i) (2.1)

The pre-training process allows scBERT to gain a general understanding of gene-
to-gene interaction in single-cell RNA-data, similar to how BERT understands con-
textual information in Natural Language. By performing a 1D-convolution of the
output instead of reconstruction, it regains its input dimension of M × N and is
now ready to be used in the fine-tuning classifier.

9



2. Theory

Figure 2.4: The pre-training and fine-tuning process illustrated for scBERT. To
create the input embedding the expression matrix gets binned, during the pre-
training process there is an additional step, where a random selection of non-zero
values gets masked. The resulting matrix then gets replicated K times, such that the
input gets the dimension M × N × K, to then get added with the gene embeddings
from gene2vec. During the pre-training the output embeddings gets reconstructed
into the original dimension M × N , and then the recontruction loss is calculated, as
shown in Equation (2.1). For the fine-tuning process the embedding goes through a
1D-Convolution into the dimension M × N , to then be used in the classifier. After
classification the prediction loss is calculated, as shown in Equation (2.2). The fig-
ure is from “scBERT as a large-scale pretrained deep language model for cell type
annotation of single-cell RNA-seq data” [6].

For fine-tuning, scBERT incorporates a three-layer neural network classification
head, yielding probability estimates for each classification. The model’s perfor-
mance during fine-tuning is evaluated through the cross-entropy loss, as expressed
by Equation (2.2)

Lpred = −
N∑

i=1
zi log (qi) (2.2)

where zi denotes the true target for cell i, and qi represents the probability score
assigned to the corresponding class for cell i.

2.5 Cellular state classification

In the case of Glioblastoma, it has been suggested that malignant cells exist in
a limited set of cellular states: neural-progenitor-like (NPC-like), oligodendrocyte-

10



2. Theory

progenitor-like (OPC-like), astrocyte-like (AC-like), and mesenchymal-like (MES-
like) [3]. In addition, there are two variants of the NPC-like and MES-like states
respectively, creating six different cellular states: MES1, MES2, NPC1, NPC2, AC
and OPC [3].

Although cellular states are determined by complex relationships between networks
of genes and their activity, a first approximation of classifying cells into different cel-
lular states takes a purely expression-driven statistical approach. In this framework,
each state is linked with a curated list of genes that is then used to calculate the
average expression of the genes associated with a particular cellular state in each cell.

This average is then compared to the average expression of a randomly selected
set of genes active within each cell. Each cell is then annotated with the cellular
state that attains the highest score compared to the random gene set, as shown in
Equations (2.3) and (2.4).

ck
i =

∑
j∈Sk

xj,i

|Sk|
−
∑

j∈Ak

xj,i

|Ak|
, Ak ⊂ S ′

k (2.3)

Ci = max
k∈K

{
ck

i

}
(2.4)

where ck
i is the score for cellular state k in cell i, Sk is the set of genes associated

with cellular state k, xj,i is the expression for gene j in cell i, |Sk| is the number of
genes in set Sk, Ak is a random subset of the complement of Sk, K is the number
of possible cellular states, and Ci is the final cellular state assigned to cell i.

2.6 Performance metrics

The most common metrics to measure the performance of a model include Accuracy,
Precision, Recall and F1 score.

In Figure 2.5, the metrics used to estimate a classifier’s performance are shown.
A true positive (TP) is defined as a positive label being labelled positive, a false
negative (FN) is a positive label being labelled negative, a false positive (FP) is a
negative label being labelled positive and a true negative (TN) is a negative label
being correctly labelled negative. The calculations below are referring to these def-
initions.
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2. Theory

Figure 2.5: Classification categories used to calculate performance.

The Accuracy in Equation (2.5) gauges the proportion of correct predictions relative
to the total predictions made.

Accuracy = TP + TN

TP + TN + FP + FN
(2.5)

Precision, denoted by Equation (2.6), measures the rate of correctly identifying
positive instances, making it relevant for scenarios where minimizing false positives
is critical.

Precision = TP

TP + FP
(2.6)

Recall, defined by Equation (2.7), evaluates the rate of correctly identified instances
of positive values compared to the total volume of positive predictions, making it
relevant in scenarios where minimizing false negatives is a priority.

Recall = TP

TP + FN
(2.7)

A balanced compromise between Precision and Recall is often sought, something
the F1 score achieves through the formula in Equation (2.8) which calculates the
harmonic mean between them.

F1 = 2
Precision−1 + Recall−1 (2.8)

12



2. Theory

In many classification tasks, there are more than one positive and one negative class
that need labelling.
Consider the example in Table 2.1, which has K different classes.

class 1 class 2 class 3 ... class K ni

class 1 30 10 5 ... 7 ∑K
j=1 m1,j

class 2 15 40 10 ... 3 ∑K
j=1 m2,j

class 3 5 5 20 ... 0 ∑K
j=1 m3,j

... ... ... ... ... ... ...
class K 12 3 4 ... 45 ∑K

j=1 mK,j

Table 2.1: Example table of prediction matrix of K classes, where ni denotes the
number of data points of each class i and N = ∑K

i=1 ni is the total amount of data
points in the dataset.

If mi,j is the number of class i predicted as class j (e.g. m1,2 = 10 according
to Table 2.1), the Accuracy can be calculated for the whole dataset as shown in
Equation (2.9),

Total Accuracy = 1
N

K∑
i=1

mi,i (2.9)

whereas Precision, Recall and F1 need to be calculated individually for each class i,
as shown in Equation (2.10), (2.11) and (2.12).

Precision(i) = mi,i∑K
j=1 mj,i

(2.10)

Recall(i) = mi,i∑K
j=1 mi,j

(2.11)

F1(i) = 2
Precision(i)−1 + Recall(i)−1 (2.12)

By calculating the average, with or without weights, of these metrics it is possible
to get a representation of the performance of the whole dataset.

In the case of Table 2.1, the average of F1 without weights, denoted macro average
F1, would be calculated in accordance to Equation (2.13) and the weighted average
would be calculated by Equation (2.14).

Macro Average F1 = 1
K

K∑
i=1

F1(i) (2.13)
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Weighted Average F1 = 1
N

K∑
i=1

niF1(i) (2.14)

It is also possible to calculate the micro F1, where all true positives, false negatives
and false positives are calculated first, in accordance with Equations (2.15), (2.16)
and (2.17).

TPT otal =
K∑

i=1
mi,i (2.15)

FPT otal =
K∑

j=1

(
K∑

i=1
mj,i

)
−

K∑
i=1

mi,i (2.16)

FNT otal =
K∑

i=1

 K∑
j=1

mj,i

−
K∑

i=1
mi,i (2.17)

In the case where every instance can be assigned one and only one label, the micro
F1 is equal to the accuracy, which is the case for this project.
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3
Methods

The Nelander lab at Uppsala University [23] provided the single-cell RNA-sequencing
data of Glioblastoma. The pre-processing of the cell-lines includes quality assess-
ment of the cells, normalization and gene filtering. The cells were then classified into
one of six cellular states, and combined into one large dataset. Gene matching with
gene embeddings from gene2vec was performed and the data was then prepared for
the fine-tuning process.

3.1 Data

The single-cell RNA-sequencing data used for this project were received from Nelander
lab at Uppsala university [23] and contains 20 cell-lines of glioblastoma. The cell
lines are derived from seven primary tumors being cultured on a culture disc or
mouse xenograft, i.e. grown in a mouse. In total, twelve of the cell-lines are from
xenograft. Gene2vec was used as gene embeddings, which are available to download
from their git repository [20].

3.2 Pre-processing

Utilization of single-cell data requires a pre-processing stage, both for discerning
poor-quality cells and eliminating genes that carry uninformative signal or simply
biological noise. In addition, normalization is essential to ensure the comparability
of gene expressions across different cells.

Given that the single-cell RNA sequencing data are collected in a laboratory envi-
ronment, it is necessary to exclude cellular data that may be contaminated or in
other ways unsuitable for further analysis.

A standardized approach is to begin evaluation of each cell. If a cell contains few
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active genes, it could mean that the sample might have been empty. Therefore each
cell with less than 500 active genes are omitted.
If a large proportion of the total gene expressions in a cell comes from mitochondrial
genes, it is indicative of cell degradation. Hence, all cells where the mitochondrial
genes are responsible for more than 20% of the total expressions are omitted as well.

To facilitate meaningful comparisons between cells, the expression data undergoes
normalization. Each cell undergoes a normalization such that their total gene ex-
pressions equals 10 000, as illustrated in Equation (3.1). Each normalized gene
expression x is then logarithmized with the natural logarithm log (x + 1), as shown
in Equation (3.2).

x̂j,i = 104 xj,i∑M
k=1 xk,i

(3.1)

xNew
j,i = log (x̂j,i + 1) (3.2)

Genes that are active in less than 50 cells are considered noise in the data and
are also excluded from the dataset. To prohibit genes with a high variation from
dominating the learning process, while still preserving the distribution structure,
scaling of the data is performed. The standard deviation of each gene’s expressions
is calculated, and then their expressions get divided with their respective standard
deviation. If σj denotes the standard deviation of gene j, each gene expression gets
updated in accordance to Equation (3.3).

xNew
j,i = xj,i

σj

(3.3)

This results in all genes having a standard deviation of one.

3.2.1 Cellular state classification

By looking on how prominent the expressions are from certain genes in individual
cells, it is possible to classify each cell according to its state. Six different cellular
states were used based on the article “An Integrative Model of Cellular States,
Plasticity, and Genetics for Glioblastoma” [3]. Each cellular state has a list of
genes representing that state, and by taking the average expression of the gene
representation from each cell and subtract it with the average expression from a
subset of the remaining genes, each state gets a score. Each cell was then classified
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by assigning the state corresponding to its top score, as explained in section 2.5.

3.2.2 Combining the datasets

In order to run all cell-lines through scBERT, the cell-lines needed to be combined
into a single file. Each cell-line got pre-processed individually, therefore ending up
with slightly different genes present. Since combining the cell-lines into a large
dataset requires the presence of the same genes in all cell-lines, the cell-lines got
reduced to only contain the intersecting set of genes.

The gene2vec embeddings were downloaded from the Github associated with the
article “Gene2vec: distributed representation of genes based on co-expression” [20],
and an intersection of genes between the gene2vec-file and the combined datasets
were performed, so that the gene2vec embeddings matched the corresponding genes
present in the dataset.

Figure 3.1: Plot showing the distribution of cellular states in the combined dataset.

Cellular State MES1 AC MES2 NPC1 OPC NPC2

Percentage 53.50% 27.17% 11.34% 3.25% 3.06% 1.69%

Table 3.1: The percentage of each cellular state in the dataset.
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After this process, the combined dataset contained a total of 86 663 cells and 8 759
genes that were run through scBERT, with the distribution of cellular states illus-
trated in Figure 3.1 and Table 3.1.

3.2.3 Reducing cellular state-specific genes

Due to the uneven distribution of cellular states in the dataset, as illustrated by
Table 3.1, additional datasets were created in which 25%, 50%, 75% and 100% of
the genes associated with the cellular state with the largest representation, MES1,
were removed to see how this affected performance. The same was done with the
cellular state with the smallest representation, NPC2.

Percentage removed 0% 25% 50% 75% 95% 99%

Genes present 8 759 6 557 4 360 2 205 434 88

Table 3.2: Table of random removal of genes in the dataset, where the top row
shows the percentage of total genes that were removed and the bottom row shows
how many genes were present in the dataset afterwards.

In addition datasets were created where a random total subset of genes were re-
moved, shown in Table 3.2, in order to test how far it was possible to push the
model.

3.3 Fine-tuning

When fine-tuning, 80% of the data are reserved for training and 20% reserved for
validation. The batch size is set to three. Total number of epochs are 100, but if no
higher accuracy has been reached in the last ten epochs the fine-tuning stops.

The fine-tuning consists of three linear layers, and uses RELU as an activation func-
tion. The input layer consists of M (the number of genes) neurons, the first hidden
layer consists of 512 neurons, the second hidden layer consists of 128 neurons and
the output dimension is equal to the amount of labels in the dataset, in this case six.

Since the fine-tuning mechanism is its own neural network with the same input
dimensions as the original input, a comparison have been made between running
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the input straight into the fine-tuning network, without any processing through the
scBERT-encoder, and using the output from the scBERT-encoder as intended. This
is to see whether scBERT has any biological context that is beneficial for this rela-
tively small classification task.
All fine-tuning have been using the same seed to ease comparison between the two
methods.

The weights from the epoch with the highest validation accuracy are chosen as the
best model. Considering the unbalanced dataset, extra attention is given to the
macro average F1-performance, shown in Equation (2.13), since it gives equal at-
tention to all labels without taking their respective proportion of the dataset into
consideration.

3.4 Limitations

Due to time constraint and the computational resources required for the task, each
experiment has been run only once. Therefore less weight is added to the individual
results, and more focus lies in the general behaviour and results of the model.
A simplification was done in the statistical method for the cellular state classification.
It was done in a very naive manner, where every cell was classified into one singular
cellular state, while in reality cells moves between the different states and therefore
can lie in between states.
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4
Results and Discussion

The scBERT-encoder is tested in a few scenarios, both with random removal of
genes and targeted removal, i.e. cellular state-specific genes. Its performance is also
compared with other cellular state-classification tasks, pertaining to different types
of cancer. The overall performance does not seem to benefit from the use of the
scBERT-encoder, but the performance of the underrepresented cellular states seem
to gain from it.

4.1 Benchmark

The full dataset were run through the model, both by running it through the
scBERT-encoder and feeding the input embeddings straight into the fine-tuner.

Datasets group Datasets name Species Cancer type

Tumor immune BRCA Human Breast cancer
microenvironment (TME) HNSC Human Head and neck cancers

NSCLC Human Non–small-cell
lung cancer

TIT LIHC Human Liver cancer
CRC Human Colorectal cancer
NSCLC Human Non–small-cell

lung cancer

Table 4.1: Datasets from the Gene Expression Omnibus database. Breast cancer
(BRCA), head and neck cancers (HNSC), non–small-cell lung cancer (NSCLC),
colorectal cancer (CRC) and liver cancer (LIHC) [24].

The results are compared in Figure 4.1 with cellular classification in other cancers
from “Evaluation of machine learning approaches for cell-type identification from
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single-cell transcriptomics data” [24]. The TME and TIT dataset were collected
from the Gene Expression Omnibus database and are presented in Table 4.1. These
cells were all collected from humans, while the cells present in the Glioblastoma
(GBM) dataset is collected from both humans and mice.

Figure 4.1: Micro F1 for different datasets and machine learning methods. Lin-
ear Support Vector Machine (SVM.linear), Logistic Regression (LR), Random Forest
(RF), Neural network (NN), Support Vector Machine with RBF kernel (SVM.RBF),
Decision Trees (DT), Decision Tree Regres sion with AdaBoost (DT.AB), Linear Dis-
criminant Analysis (LDA), k Nearest Neighbors (kNN) and Naive Bayes (NB) [24].

In Figure 4.1 it can be seen that the scBERT-models (with and without the encoder)
performance is approximately average, compared to the other models performance
with the datasets TME and TIT. However, using the same process for testing these
models as described in “Evaluation of machine learning approaches for cell-type iden-
tification from single-cell transcriptomics data” [24], for the Glioblastoma dataset,
they perform worse than both scBERT-models. This could indicate that the TME
and TIT datasets are less complex to classify, and it could be interesting to try clas-
sifying them with scBERT to see if it would reach a higher performance for them as
well.
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4.2 Random removal of genes

Random genes were removed from the dataset, 0%, 25%, 50%, 75%, 95%, and 99%.
The number of genes still present for each percentage can be viewed in Table 3.2.
They were put through fine-tuning, both with and without the scBERT-encoder, to
see how the presence of the encoder affected the performance.

Figure 4.2: Weighted average F1 of the model with and without scBERT, where
random genes have been removed.

Figure 4.3: Macro average F1 of the model with and without scBERT, where
random genes have been removed.
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Figure 4.2 shows the weighted average F1 of the top epoch for each percentage re-
moved. The results with and without the encoder were fairly similar, with the data
that had been run through the scBERT-encoder performing slightly worse than with-
out until a considerable percentage (95% and 99%) of the genes had been removed.

Figure 4.4: F1 of MES1 and AC, the two cellular states with the largest represen-
tation and NPC2 and OPC, the two cellular states with the smallest representation,
with and without scBERT where random genes have been removed.

The drop of the F1-score in general is surprisingly low, even when 99% of the genes
were removed, the F1-score for both methods were above 60%, but this could be due
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to the fact that 53.5% of the cellular states consists of MES1.

The macro average of F1, shown in Figure 4.3, show a similar trend and were plotted
in a similar manner. The macro average of F1 gains more benefit from using scBERT
when a larger percentage of the genes were removed compared to the weighted av-
erage of F1.

Figure 4.5: The resulting weighted average F1 per epoch and percentage of removed
genes for both embeddings that have gone through scBERT and without, where a
darker green indicates higher F1.

By looking at the F1-score of the two cellular states with the smallest and largest
representation in the dataset, NPC2 and OPC and MES1 and AC respectively, in
Figure 4.4, the minority cellular states NPC2 and OPC seems to benefit from using
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the scBERT-encoder. This might indicate that the information the scBERT-encoder
provides slightly makes up for the small amount of data available for these cellular
states. This is consistent with the general results of the F1-scores, where the use
of the encoder seems beneficial when a lot of genes are removed. The F1-score for
the cellular states MES1 and AC, that together makes up approximately 80% of
the cellular states in the dataset, unsurprisingly shows a similar trend as the overall
performance of the model, where the usage of the scBERT-encoder performs slightly
worse than without, until a considerable amount of genes are removed.

In Figure 4.5 the weighted average F1 vs. percentage of genes removed and the first
10 epochs is shown. The model in general gets a higher F1 value with fewer epochs
when the input has been processed through the scBERT-encoder first. It is possible
that the encoder provides some information that makes the fine-tuning reach higher
performance on fewer epochs.

The cellular state classification is a fairly simple algorithm, which can make the
encoder from scBERT redundant in its training. To reach a proper conclusion in
its performance it would be beneficial to train it several times and it would also
be of interest to test it with a more complex classification task. It might also be
worth exploring its performance on several different cancer types, for example those
represented in the benchmarking in Section 4.1, since heterogeneity varies between
different types of cancer [25].

4.3 Removal of cellular state-specific genes

To test how well the model performs when the data that underlies the actual classi-
fication is removed, cellular state-specific genes were removed. This was done with
two cellular state, the one with the largest representation, MES1, and with the
smallest representation, NPC2. It was done in increments of 25%, i.e. 0%, 25%,
50%, 75% and 100% of the genes associated with that particular cellular state were
removed.

Even though cellular state-specific genes were removed, the total amount of genes
removed were very few. In the case of removing 100% of the MES1-specific genes, a
total of 31 genes were removed, and in the case of removing 100% of NPC2-specific
genes, a total of 25 genes were removed.
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4.3.1 Removal of MES1-specific genes

Cellular-state specific genes were removed for MES1, which is the cellular-state with
the highest representation in the dataset, and then run through the fine-tuning net-
work with and without scBERT.

In Figure 4.6 the F1-scores for MES1 for each increment in MES1-specific genes
removal are shown. Even though a maximum of 31 genes were removed, there is
a slight decrease in the F1-score for MES1. In general the scBERT-encoder didn’t
provide any benefit to the result, even when 100% of the MES1-specific genes were
removed.
This could indicate that there might be redundancy in the remaining genes, where
the pre-training of scBERT-encoder is unnecessary for the model to complement the
gene-to-gene interaction.

Figure 4.6: F1-score of model for MES1 with and without scBERT when MES1-
specific genes were removed.

There is also a possibility that since the cellular state MES1 is overrepresented in
the dataset, with over 50% of the cells, that the model has a bias for classifying cells
as MES1 whenever possible.

4.3.2 Removal of NPC2-specific genes

Cellular state-specific genes for NPC2, the cellular state of only 1.69% of the cells in
the dataset, were removed. In Figure 4.7 the F1-score for NPC2 for every increment
is shown.
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Figure 4.7: F1-score of model for NPC2 with and without scBERT when NPC2-
specific genes were removed.

Similar to the random removal of genes, shown in Figure 4.4, the performance for
NPC2 seems to benefit from use of the scBERT-encoder. The scores decreased more
than for MES1 in Figure 4.6, a reason could be that there is no benefit of classifying
cells it is uncertain of as NPC2, due to the underrepresentation. There are still
cells that are classified as NPC2 when all the NPC2-specific genes are removed,
which might indicate that there is redundancy in the gene expressions, especially
since there is no gain for the model to randomly assign the label NPC2 to a cell,
compared to MES1.
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5
Conclusion

Although the integration of scBERT’s encoder in classifying annotated cellular states
in Glioblastoma showed minimal improvement in overall performance, it seems to
demonstrate the ability to compensate for scenarios where the gene count is very low
and for underrepresented cellular states. This might indicate that scBERT’s prior
knowledge is utilized in these specific situations, and it could therefore be of interest
to test it on more complex tasks. It should also be possible to modify the fine-tuning
into taking the cells movement between different cellular states into account, which
could give a more realistic representation.

Due to limitations in time and computational resources, each experiment was con-
ducted only once. Therefore additional runs are necessary to be able to properly
evaluate each individual result. It seems to perform well compared to some other
machine learning techniques, as illustrated in Figure 4.1, hence it could be of in-
terest to test its performance on other types of cancer as well to see if the trend holds.

Potential appears to exist in the usage of the Transformer architecture for single-cell
RNA-sequencing data, and hopefully it continues to evolve in the future.
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