N

w O
2

23 CHALMERS

) }% UNIVERSITY OF TECHNOLOGY

St

—1> 3‘

' . Cell Type
/.ower-dlmensnonal Annotzﬂ““\
>

P |
A 4%

e ) )
\/@.Q \&*Q \/\iQ

@ S

Novel Cell Type
Detection

Low Confidence

o d Novel Cell T}
ovel Cell Type
Detected!
High-dimensional
Expression Profiles
Cell Type
L EEm .
@ Representations
Cell Type 1: =i
S _mEn )

EE = u) -1 Cell Type 2: il mivim
@ @ Cell Type 3: W11 [

Learning Meaningful Representations
of Cells

A study investigating the use of machine learning, single-cell
RNA sequencing data, and gene sets to produce a meaningful
embedding space of cells

Master’s thesis in biotechnology

Leo Andrekson

DEPARTMENT OF LIFE SCIENCES

CHALMERS UNIVERSITY OF TECHNOLOGY
Gothenburg, Sweden 2024
www.chalmers.se


www.chalmers.se




Master’s thesis 2024

Learning Meaningful
Representations of Cells

A study investigating the use of machine learning, single-cell RNA
sequencing data, and gene sets to produce a meaningful embedding
space of cells

Leo Andrekson

Department of Life Sciences
Division of Data Science and Al
Al Laboratory for Biomolecular Engineering
Chalmers University of Technology
Gothenburg, Sweden 2024



Learning Meaningful Representations of Cells

A study investigating the use of machine learning, single-cell RNA sequencing data,
and gene sets to produce a meaningful embedding space of cells

Leo Andrekson

© Leo Andrekson, 2024.

Supervisor: Rocio Mercado, Department of Computer Science and Engineering
Examiner: Johan Bengtsson-Palme, Department of Life Sciences

Master’s Thesis 2024

Department of Life Sciences

Division of Data Science and Al

Al Laboratory for Biomolecular Engineering
Chalmers University of Technology

SE-412 96 Gothenburg

Telephone +46 31 772 1000

Cover: Should be a description of what the cover image shows.
Typeset in IATEX

Printed by Chalmers Reproservice
Gothenburg, Sweden 2024

iv



Learning Meaningful Representations of Cells

A study investigating the use of machine learning, single-cell RNA sequencing data,
and gene sets to produce a meaningful embedding space of cells

Leo Andrekson

Department of Life Sciences

Chalmers University of Technology

Abstract

Batch e[edts are a significant concern in single-cell RNA sequencing (SCRNA-Seq)
data analysis, where variations in the data can be attributed to factors unrelated to
cell types. This can make downstream analysis a challenging task. In this study, a
neural network model is designed utilizing contrastive learning and a novel loss func-
tion for learning an generalizable embedding space from scRNA-Seq data. When
benchmarked against multiple established methods for sScRNA-Seq integration, the
model outperforms existing methods in learning a generalizable embedding space
on multiple datasets. A downstream application that was investigated for the em-
bedding space was cell type annotation. When compared against multiple well-
established cell type classifiers, the model in this study displayed a performance
competitive with top performing methods across multiple metrics, such as accuracy,
balanced accuracy, and F1 score. These findings aim to quantify the “meaning-
fulness” of the embedding space learned by the model, and highlight the potential
applications of these learned cellular representations. The model is currently being
structured into an open-source Python package, simplifying and streamlining its
usage.

Keywords: scRNA-Seq, deep learning, contrastive learning, bioinformatics, cell type
annotation, novel cell type detection, cell type representations, machine learning, Al,
transformer
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1

Introduction

Cells in our body exhibit remarkable diversity, and characterizing and classifying
di erent cell types is fundamental to understanding their functions and contribu-
tions to various biological processes. Learning meaningful representations of cell
types enables us to organize and categorize cells based on their shared characteris-
tics, such as their observed phenotypes, but in a lower dimensional space. Due to its
far-reaching implications in the biomedical sciences, including disease diagnostics
and drug development, learning meaningful cell representations is an active area
of research in deep learning, and something which was an active topic of discus-
sion at the recent Learning Meaningful Representations of Life (LMRL) workshop
at NeurlPS 2022. These representations enable us to better comprehend cellular
similarities, identify disease-speci c cell populations, and design targeted therapies
conditioned on the relevant cell-type.

To learn meaningful representations of cells, this study aims to leverage single-cell
RNA sequencing (sScRNA-Seq) data, gene sets, and combinations of the two to train
neural networks to produce an e cient, lower-dimensional, generalizable embedding
space of cell types. In addition, a secondary objective is to utilize the embedding
space for downstream applications, such as cell type annotation and novel cell type
detection, thereby validating the quality of the latent space generated.

1.1 Background

In the following section, overviews are provided on relevant topics to the study.
These encompass single-cell omics, gene sets, cell type annotation, and scRNA-Seq
integration.

1.1.1 Single-cell omics

In the last decade, single-cell omics (sc-omics) has emerged as a rapidly growing
eld of research for its applications within developmental studies, atlasing (e.g., the
Human Cell Atlas), and precision medicine.[1] Popular single-cell methods include
transcriptomics, epigenomics, and proteomics, where single-cell transcriptomics is
currently the most used sc-omics method. [1, 2] A generalized work ow for single-
cell RNA sequencing is illustrated in Figure 1.1.
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Figure 1.1: Single-cell RNA sequencing generally consists of sampling, isolation
of cells, RNA extraction, reverse transcription to cDNA, sequencing, and eventual
data analysis. Image from [3].

As various omics techniques become available for single-cell analysis, the eld of
single-cell multi-omics has gained prominence.[4] These are methods where the goal
Is to extract and integrate information from multiple omics methods within a single
cell-type, such that complex properties or insights about that cell family emerge.
Some examples of common integrated multi-omics approaches are combinations of
transcriptomics+genomics and transcriptomics+epigenomics.[5] As these technolo-
gies improve and their cost is reduced, one might eventually be able to analyze how
diseases develop in patients and how they react to di erent therapieg single-cell
resolution, giving unprecedented insights into disease progression at a personalized
level.[1] But in order for sc-omics data to be used in this way, one rst has to inves-
tigate di erent approaches that can reduce noise and dimensionality in these large
datasets, motivating the development of models capable of learning a meaningful
latent space from scRNA-Seq data.

1.1.2 Gene sets

Being able to use known biological gene set information could be of great use when
training a machine learning model on scRNA-Seq data. It has previously been used
in the TOSICA [6] model developed by Cheat al., where it reportedly outperformed
multiple established methods, such as SingleR [7], SciBet [8], and Seurat [9]. Gene
sets are collections of genes that have been shown to have similar functions or
characteristics. There are many types of gene sets, but in this study a gene set
derived from the Gene Ontology (GO), speci cally for biological processes (BP),
was used. Raw data was gathered from the Gene Set Enrichment Analysis (GSEA)
human molecular signatures database. [10, 11]

1.1.3 Cell type annotation

As the acquisition of large-scale omics data for single cells becomes increasingly
accessible, the interest for automated cell annotation tools grows. This is attributed
to the time-consuming and subjective nature of manual cell annotation. Recently
developed strategies for cell type annotation from scRNA-Seq data typically rely on
either referencing marker gene databases, correlating reference expression data, or

2
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supervised classi cation methods. [12] Figure 1.2 shows an overview of automatic
approaches for cell type annotation.

Figure 1.2: Automatic approaches for cell type annotation. A Marker gene
database-based annotation leverages cell type atlases. These atlases compile markers
derived from literature reviews and scRNA-Seq analyses into reference hierarchies
and lists. B Correlation-based methodologies utilize various correlation measures
to assess gene expression pro les between a reference dataset and a query dataset,
operating at either the single-cell or cluster levelC Supervised annotation employs
machine learning techniques to train a classi er using labeled reference scRNA-seq
datasets. This classi er is then utilized to annotate the query dataset. Image from
[12].

In this study, a novel method for supervised cell type annotation was developed.
The model works by initially learning an embedding space from the scRNA-Seq
data through contrastive learning, and subsequently tuning this space for cell type
classi cation.

1.1.4 scRNA-Seq data integration

ScRNA-Seq datasets often encompass numerous samples, leading to the inevitable
introduction of batch e ects arising from various sources (e.g., diverse patients,
sequencing methodology). Here, batch e ects denote sources of variation within the
data attributed to non-biological factors. To emphasize the challenges imposed by
batch e ects, we visualize some example data in Figure 1.3. Ideally, a model would
integrate scRNA-Seq data into an embedding space where biological variation is
maximized while minimizing variation caused by batch e ects. Many methods have
been developed for this purpose, such a&ANVI [13] and scGen[14], and were
recently benchmarked in a study by Lueckemt al. [15] While these methods have

3
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shown great promise in SCRNA-Seq data integration, they have not been evaluated
for learning a generalizable embedding space. The model developed in this study
was compared to previous scRNA-Seq integration methods on generalizability to
unseen data using metrics from the aforementioned benchmark. The data for testing
contains the same cell types as were present during training since it is being evaluate
on each test fold. Where each test fold is created by randomly splitting all data,
while maintaining the same proportion of cell types. This gives an image of how the
model might be able to generalize to new patient data if given enough data so to
capture the space better.

Figure 1.3: a UMAP visualization of cell type clusters in the kidney dataset
constructed in this study. b UMAP highlighting batch e ect cause by patient ID.

Here, it can be seen how variation caused by data coming from di erent patients
(Fig. 1.3 b) forms separate clusters with data belonging to the same cell type (Fig.
1.3 a). This is not desirable since cells of the same type are expected to cluster
together. ldeally, the data would be completely mixed in terms of patient ID, the
batch e ect in this case (Fig. 1.3 b). This implies that no variation within the
dataset should be attributed to batch e ects, such as patient or laboratory, from
which a set of data originated. Attaining complete mitigation of batch e ects poses

a signi cant challenge, prompting the development of numerous new approaches to
scRNA-seq data integration.

4
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1.2 Previous work

1.2.1 scRNA-Seq integration

Here we list relevant previous work for sScRNA-seq integration, to which we com-
pared the models developed in this study:

"~ TOSICA [6]
" scGen[14]
" sCANVI [13]
" scVI [16]

The generalizable scRNA-Seq integration benchmark covers approaches utilizing
transformers (TOSICA), variational autoencoders §cGen), and hierarchical Bayesian
models with conditional distributions parametrized by neural networksqcVI and
sCANVI). Contrastive learning approaches are covered by models developed in this
thesis. By including multiple modeling approaches we ensure that the benchmark
covers a wide range of previous research in this area, facilitating a fair and com-
prehensive comparison. Many other approaches exist, such&sanorama[17] and
Harmony [18], but most of these other models are not able to make predictions
on new data. Many models that have been developed are designed to integrate the
data you have, instead of being trained on one set of data and later used to integrate
new data. The models used in the benchmark are selected for their ability to make
predictions on new data, making them suitable for a generalizability benchmark.

1.2.2 Cell type annotation

Here we list relevant previous work for cell type annoation based on scRNA-seq
data, to which we compared the models developed in this study:

" TOSICA [6]
" scNym[19]
" Seurat[9]
" SciBet [8]
" CelllD [20]

These 5 models cover a wide range of approaches for solving cell type annotation
tasks. In the annotation benchmark, we incorporate not only the inclusion of all
genes in models that can handle this, but also the Itering of HVGs for all models,
regardless of whether they inherently support this feature. This is done to make a
more fair comparison, as the models developed in this study always utilizes HVG
ltering.
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1.3 Aim

The aims of this study are ve-fold:

1.

To train a semi-supervised neural network model on scRNA-Seq data with the
objective of clustering cell types in latent space while minimizing batch e ects.

To train a multi-modal model by combining the scRNA-Seq data and gene
sets information, thus perhaps leading to an even better cell-type embedding
space.

To compare the performance of developed models to other approaches in a
benchmark using metrics developed by Lueckest al. [15].

To investigate if the developed model also can be used as a cell type annotator,
and compare its performance with other established methods.

To investigate novel cell type detection as a downstream application of the
generated embedding space.



2

Methods

Approaches used in this study for data gathering (2.1), preprocessing (2.2), embed-
ding space model development (2.3), embedding space evaluation (2.4), producing
cell type representation vectors (2.5), cell type annotation (2.6), and novel cell type
detection (2.7) are summarized below.

2.1 Data gathering

Three types of data were gathered for this study: scRNA-Seq data, gene sets, and
gene2veaepresentations.

2.1.1 scRNA-Seq data

Data collected from human participants were gathered from the following studies
and tissues:

N

Bone marrow: GSM3396161, GSM3396176, GSM3396184, GSM3396183 and
GSM3396174. [21] Data available for 20 cell types and 5 patients.

PBMC: GSE115189, GSM3665016, GSM3665017, GSM3665018, GSM3665019
and PBMC 10X data. [22, 23] Data available for 17 cell types and 6 patients.

Pancreas: GSE81076, GSE85241, GSE86469 and E-MTAB-5061, gathered into
one dataset by the Satija lab. Data available for 9 cell types and 4 patients/se-
guencing methods.

Kidney: GSM4572192, GSM4572193 and GSM4572194. [24] Data available
for 15 cell types and 3 patients.

Merged: Bone marrow, PBMC, pancreas and kidney datasets all merged into
one dataset consisting of 46 cell types and 18 patients.

These datasets were used to assess the model's ability to create a generalizable em-
bedding space from scRNA-Seq data. For exploring the model's cell type annotation
capability, the following datasets were used:

Baron: GSE84133. [25] Data available for 14 cell types and 4 patients.

MacParland: GSE115469. [26] Data available for 20 cell types and 5 patients.

7
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" Segerstolpe: E-MTAB-5061. [27] Data available for 15 cell types and 10 pa-
tients.

" Zheng68k: Data from the "Fresh 68K PBMCs' section at 10xGenomics. [28]
Data available for 11 cell types and 8 unique barcode identi ers.

Ones all of the above datasets had been preprocessed they contained this number
of cells:

A

Bone marrow dataset: 14,779
" PBMC dataset: 22,027

" Kidney dataset: 16,370
Pancreas dataset: 6,313

" Megred dataset: 59,489

" Baron: 8,569

" MacParland: 8,444
Segerstolpe: 3,514

" Zheng68k: 68,579

2.1.2 Gene sets
The following gene sets were collected from GSEA:

A

Canonical pathways gene sets. File name2.cp.reactome.v2023.1.Hs.symbols.gmt

Gene sets that depict possible targets subject to regulation by transcription
factors or microRNAs. File name:c3.all.v2023.1.Hs.symbols.gmt

Gene sets derived from GO BP. File namec5.9go.bp.v2023.1.Hs.symbols.gmt

Gene sets capturing cellular states and alterations in the immune system. File
name: c7.all.v2023.1.Hs.symbols.gmt

Gene sets containing markers for cell types based on single-cell sequencing
studies of human tissue. File namec8.all.v2023.2.Hs.symbols.gmt

The user can then select which individual gene sets are of interest to their study
and use those to retrain the model. In this study, the gene set for GO BP was used.

2.1.3 Gene2vec

In an attempt to enhance the model's ability to attend to di erent genes, a set
of vector representations of size 200 is used for each ge@ene2vecis a method
that can generate gene representations based on co-expression patterns of human

8
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genes. [29] These representations are used in this study to provide the model with
additional information.

2.2 Preprocessing

2.2.1 scRNA-Seq data

ScRNA-Seq data was preprocessed as follows:

1.

Cells Itered by the number of unique genes a cell must reach for the cell to be
considered for downstream processing. This was achieved by calculating the
shifted logarithm

x = log(x + 1) (2.1)

of the number of genesx) and ltering out cells by setting a threshold on how
many median absolute deviationsNIAD )

MAD = median(jx median(x)j) (2.2)

from the median a sample was allowed to be. In this study the threshold was
set to 5SMAD .

. Cells ltered by the sequencing depth to ensure high quality samples. Similarly

to the previous point, the shifted logarithm was calculated for the read counts
and ltering was performed using aMAD value of 5.

Cells ltered by the proportion of mitochondrial counts. This was done to
remove cells suspected of having broken membranes, which could potentially be
dying cells. [30] As before, ltering was performed usingl AD . The threshold
was set to SMAD for almost all Itering, but was occasionally changed to a
more appropriate value based on a visual assessment of the distribution. The
MAD value was selected from a range between 5 and 10 based on the visual
assessment.

Cells ltered by the proportion of total counts corresponding to the top 20
genes with the highest number of counts per cell. As before, ltering was
performed usingMAD . The threshold was set to SMAD for almost all
Itering, but was occasionally changed to a more appropriate value based on
a visual assessment of the distribution. The MAD value was selected from a
range between 3 and 5 based on the visual assessment.

Genes Itered by number of unique cells expressing a gene that must be reached
in order for a gene to be considered for downstream processing. In this study,
genes that appeared in less than 20 cells were discarded.

Normalization was accomplished by rst normalizing the total number of
counts so it becomes comparable between cells. This was achieved by rst

9
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calculating the average number of counts per cell in the data

1 X

L= "— - 2.3
Ne g Yoic (2.3)

where N, is the number of cells and; is the counts matrix whereg annotates
the position of a gene and the position of a cell, together specifying positions
in y. Then the sum of counts of each cell was divided hy

1 X
Sc = L Yaic (2.4)
g

Next it is desired to transform the data so it resembles a normal distribution
as much as possible. A shifted logarithm transform was shown to perform
very well in a recent benchmark and was therefore used in this study. [31]
Normalization was performed by calculating

Yoic

& +1) (2.5)

Ynorm g = log(

whereynom IS the normalized counts matrix.
7. Cell type annotation was performed using th&cType package. [32]

8. As a nal step, one can pick the topN most highly-variable genes (HVGS)
in the processed data that will be used as input for the model to be trained.
This can be achieved by utilizing thehighly _variable_genesfunction from
Scanpyusing the cell_ranger avor. [33] This method was also used in the
Lueckenet al. [15] benchmark to identify HVGs. Scanpyis an established tool
for preprocessing single-cell omics data and is therefore used in this stubly.
was chosen to be 2000.

The entire preprocessing pipeline described above is also illustrated in Figure 2.1.

Figure 2.1: Summary of the entire preprocessing pipeline, starting with scRNA-
Seq data from multiple samples. The data is then lItered to ensure sample quality
and normalized to make samples comparable.

It is worth noting that for Baron, Segerstolpe, and Zheng68k, only step 5, 6 and
8 were implemented since we assume that the quality of these samples are very
high due to the vast popularity of using these datasets for benchmarking cell type
annotators. For the MacParland dataset, only step 5 and 8 were implemented since
it comes pre-normalized. All four of these datasets have already been annotated,
such that step 7 was not required.

10



2. Methods

2.2.2 Gene sets

Each gene set consists of a list of gene symbols. To make this information useful
for a machine learning model, a binary mask matrix is created. For each position
corresponding to an HVG that also exists in the given gene set, the value is set
to 1; for all other positions, it is set to 0. Each row corresponds to a gene set,
and each column represents a gene. This way, one can apply each gene set mask to
a vector of expression levels for a given sample and then feed it as input to a network.

Relevant gene sets are selected by calculating the percentage of genes in a gene
set that are considered to be HVGs

PN GeneSetsHV Guask

o 2.6
N GeneSet$yask, (2.6)

Qi =

where N is the number of genesGeneSetsHV Gyask, is the binary mask of gene
set i, where only HVGs are assigned a value of 1 while all other values are O.
GeneSetwask; IS the binary gene sets mask where all genes that belong to gene set
I is given a value of 1.Q; is the percentage of HVGs in gene sét In order to avoid
picking gene sets with a very few number of HVGs, a limit is introduced, stating
that there must be more than 10 HVGs in a gene set for it to be considered. To
ensure that gene sets remain valuable for discerning biological insights, it's essential
to prevent them from becoming too extensive. Consequently, a limit was introduced
stipulating that a gene set must contain fewer than 300 genes. In this study, the
top 500 gene sets with the highest values on th@ metric were selected, while also
being below 300 genes.

2.3 Development of the cellular embedding model

Several model architectures were developed in this study and investigated in their
capacity to produce a generalizable cell type embedding space. Some utilize only
scRNA-Seq information, while others incorporate gene set information in combina-
tion with sScRNA-Seq data. Further details about the models and the chosen learning
strategy are discussed below.

2.3.1 Contrastive learning

Models were trained using contrastive learning (CL). This is a technique where the
model tries to produce outputs that are close to each other in space for augmented
inputs of the same original input, called positive (+) input pairs, while being pushed
away from all other inputs, called negative (-) input pairs. [34] A few approaches to
CL are shown in Figure 2.2.
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Figure 2.2: Four approaches to contrastive learning. (a) A query encoder is trained
on original inputs while a key encoder is trained on augmented inputs.[35] (b) Keys
are instead stored and retrieved from a memory bank [36]. (c) Keys are instead
sampled from a dynamic dictionary in the form of a momentum encoder [37]. (d)
Like (a) but with a clustering mechanism applied at the end [38]. Image from [34].

To apply CL, one needs an applicable loss functiomMormalized temperature-scaled
cross entropy losYNT-Xent; Equation 2.7) is a loss function that is suitable for CL
when there are multiple negative inputs. [35, 39]

exp(sim(a; k.)= )

exp(sim(q; k)= )+ N, exp(sim(q; K )= )): (2.7)

LnT xent = lOQ(

wheresim() is the cosine similarity function

A B
sim(A;B)= ———— (2.8)
AL BJ)
represents the temperature parametef\ is the number of negative sampleg] is
the original input, k are augmented inputs where alk . are negative inputs such
that g 6 kj, \+" indicates the augmented version of the original input, and-"
indicates all other inputs.

This learning strategy can be modied by instead stating that inputs belonging

to the same label should strive to be as close to each other as possible while being
far away from inputs of other labels, resulting in a semi-supervised approach. This
is accomplished by modifying Equation 2.7 to be

L = =" log(p R 2.9
CellType B ., o( jMZO ok)+ N b(ki)) (2.9)

where  is de ned as
b(X) = exp(sim(gy; X)=) (2.10)

and g, is the current reference sample in your dataset, speci ed by nhumbbiin the
batch, consisting ofB samples.k; are inputs of the same cell type as samptg while
O, 6 kj and g, & k. k; are inputs of all other cell type entries.M is the number of
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samples with the same label ag, and N is the number of remaining samples. The
loss calculation is performed for each samptg, meaning for all data points in the
batch, such that Lceirype iS an expectation value. This loss function is called the
soft nearest neighbor losg40]

Using the loss described in Equation 2.9, one can enforce the creation of cell type
clusters in latent space, but this loss alone does not necessarily reduce batch e ects.
To do so, we de ne an additional loss function
p
NP S FOWRSIS ¢ SENCC)
BatchEffect — =y r g
B b=0 JM:O Yi=Yb b(k] ) + iN:O Vi=VYb b(kl)

) (2.11)

wherek; are inputs of the same batch e ect key (e.g., laboratory) as samptg while
0, 6 kj and g, 6 k;. k; are inputs of all other batches.y, is the cell type ofq,, y; is
the cell type ofk;, and y; is the cell type ofk;, wherey; = y, andy; = y, must be
ful lled. Using this loss we promote the dispersion of data points of the same batch
within each cell type cluster.

ScRNA-Seq data tends to be unbalanced in terms of cell types and batch e ects.
Hence, it can be advantageous to weight the contributions of each label type to the
loss di erently. Weights can be calculated as

1
Wi = Py (2.12)
Ny

whereW,; is the weight to be applied to the loss of cell type labe| N; is the number
of samples of label and M is the total number of unique cell types present in the
data. By calculating the weights in this way, we promote less common cell types to
have a larger impact during training, which counters the label unbalance. Weights
are also calculated and used for batch e ects in the same manner by rede nihg

to be the number of samples of batch e ect and M is the number of unique batch
e ect keys.

Combining Equations 2.9 and 2.12, we arrive at the nal cell type loss

I-CeIIType = WCeIITy|oe;i I—CeIIType;i (2.13)
i

wherei is a specied cell type andM is the number of unique cell types in the
dataset.

Similarly, for batch e ects we get

M

Learcheffect =  Waatcheffecti L BatchEffect (2.14)
i

wherei is a speci c type of batch e ect andM is the number of unique batch e ect
keys.
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Next, the two loss terms (Equations 2.13 and 2.14) are combined to arrive at the

nal loss:
Lce =09 I—CeIIType +0:1 L gatcheffect (2.15)

Here, the loss components are added together and weighted with 90% importance
on the cell type loss and 10% on the batch e ect loss. Having a small contribution
from the batch e ect loss is necessary so that the noise promotion does not take
over, but it cannot be completely neglected. It is worth noting, however, that these
percentages can be adjusted to individual research needs.
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2.3.2 Cell type centroid loss

Next, it is of interest to enforce a meaningful relativistic positioning of cell type
clusters in the model's output latent space. To achieve this clustering behavior, an
additional term, the centroid loss, is included in the loss.

First, the scRNA-Seq expression levels are transformed using principle component
analysis (PCA) to a latent space of the same dimension as the intended output of
the model; in this study, this dimension is set to 100. PCA is used for its ability to
extract dimensions responsible for signi cant variation in data, providing a lower-
dimensional representation with reduced noise. From this latent space, the goal is
to extract a distance matrix containing the Euclidean distance between each cell
type cluster's centroid (Figure 2.3).

Figure 2.3: PCA is used to reduce the dimensionality of the scRNA-Seq data.
The Euclidean distance matrix is calculated between cell type clusters in di erent
batches(i.e., patients). From this, the average distance matrix is calculated.

Assuming the main source of variation is due to the speci ed batch e ect (patient
ID in Figure 2.3), one can expect the distances between cell type clusters within
each individual batch of data to be similar. This assumption is further investigated
in Section 3.2. Calculating the average distance matrix across patients gives an
approximation of the underlying relativistic positioning of cell types in the latent
space. To obtain the relativistic distance matrix, one simply divides the average
centroid distance matrix by the maximum value of this matrix. This is performed
both on the PCA transformed space and then later on the model produced space.
Ideally, the cell type clusters in the latent output space of the model should re ect
this underlying relativistic positioning, which can be enforced by introducing the
aforementioned centroid loss term, de ned as

L centroid = MSE(DModeI;DPCA) (2-16)

where MSE stands for mean squared error an® e IS the relativistic centroid
distance matrix produced by the model andrc, is the same matrix but generated
through dimensionality reduction of the scRNA-Seq via PCA.

The work ow for calculating the cell type centroid loss is described in Algorithm 1
below (note that the algorithm is split over two pages).
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Algorithm 1 Cell Type Centroid Loss Algorithm

=

/I Step 1: Reference Distance Matrix
Input: adata // Annotated data object
De ne: X = adata:X // scRNA-Seq data
De ne: Xpca = PCA(X;dim = 100)
De ne: A =\ cell _type"; B =\ patientID "
De ne: uniquey = unique(adata:ob$A])
De ne: uniqueg = unique(adata:ob$B])
De ne: centroids = {}
for in uniqueg do
for in unigue, do
De ne mask: mask = (adata:ob$B] == ) & (adata:ob$A] == )
Apply mask and calculate centroid:
centroids[( ; )] = mean(Xpca[mask]; axis = 0)
13: end for
14: end for
15: Initialize distance matrix:
Dt = zeroglen(unigueyn);len(uniques))
16: for 4 in unique, do
17:  for , in unique, do

© NSO R ®®DN

el
A i

18: =]

19: for in uniqueg do

20: = EuclideanDistance(centroids[( ; 1)];centroids[( ; 2)])

21: -append( )

22: end for

23: Compute mean Euclidean distance across batch e ect elements:
Dret [ 15 2] = mean( )

24: end for

25: end for 5

26: Normalize: D,gf = max('gref)
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Continued from previous page:

1: // Step 2: Calculate Loss For Mini-Batch During Training
2: Input mini-batch: adata
3: Dene: X = adata:X // Model-generated embedding space from scRNA-Seq
data
De ne: A =\ cell_type"
De ne: B =\ patientID "
De ne: uniques = unique(adata:ob$A])
De ne: uniqueg = unique(adata:ob$B])
De ne: centroids = {}
for in unigue, do
10. De ne mask: mask = adata:ob$A] ==
11:  Apply mask and calculate centroid:
centroids[ ] = mean(X [mask]; axis = 0)

12: end for
13: Initialize distance matrix:

D = zeroglen(uniquey); len(uniquey))
14: for 1 in unigue, do
15:  for , in uniquey do
16: Euclidean distance between cell type clusters:

= EuclideanDistance(centroids|[ 1]; centroids[ »])

17: D[ 1, 2]:
18: end for
19: end for
20: Normalize: D = ma%(m
21: Extract relevant part from reference distance matrix:

Drelevant _ret = Drer [Uniquea; uniques |
22: Normalize: D ejevant _ref = D rclovant_ ret

max (D relevant _ ref )

23: L = MSE(D;DreIevant_ref)
24: return L

© N9

It is worth noting that since not all cell types exist in each patient's data, some
cell type distances may not be possible to calculate. Therefore, these positions in
the distance matrix are masked during the calculation of the loss in Equation 2.16.
The idea is that the existing relativistic distances from the reference data will be
maintained in the latent space even after training the model.

By combining the contrastive learning loss (Equation 2.15) and the cell type centroid
loss (Equation 2.16), we arrive at

L = Lco + Lcentroid (2-17)

This loss function was utilized for training all ML models developed in this work,
with the goal of learning a meaningful embedding space for cell types.
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2.3.3 Transformer encoder mechanism

Some of the developed models utilize the transformer encoder architecture with the
idea being that the self-attention mechanism can help the model learn how HVGs
and gene sets are related to individual contributions within itself and between the
two. First, the input is linearly projected into three matrices the query (Q), key
(K), and value (V) matrices:

QK V = Wy X (2.18)
where X is the input and W, are the weights for the linear projection.

Using Q, K and V the attention matrix ( A) is computed
Q KT
A= softmax($df) (2.19)
k

whered is the hidden dimension of) and K .Output from the attention mechanism
is then calculated by simply taking the dot product ofA and V.

Attention (Q;K;V)= A V (2.20)

It is common to project Q, K, and V multiple times in a process callednulti-head
attention, refered to asMHA in the expressions below:

MHA (Q;K;V) = W° conca(head;:::; head,) (2.21)

where M is the number of attention headsW® are the weights for the linear pro-
jection and

head = Attention (W Q; W[ K; W} V) (2.22)

Output from multi-head attention is then added to the input X, typically followed
by layer normalization.[41]

O = LayerNorm (MHA + X) (2.23)

Output from Equation 2.23 is then fed to a two/layer multi/layer perceptron (MLP )
where the hidden layer is four times the size of the input, and the output has the
same size as the input. Output from theMLP is added to the original inputX and
layer normalization is applied once again, as follows:

O = LayerNorm (MLP (O) + X) (2.24)

whereMLP (O) is the output from feeding the two-layerMLP the output O from
Equation 2.23. Output from Equation 2.24 can then be fed back to Equation 2.18
(setting X = O) and the entire process can be repeated. This creates a transformer
encoder with a so calleddepth speci ed by the number of iterations through the
pipeline.
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2.3.4 Models

Many methods have been developed to perform dimensionality reduction, and can
be divided into three main groups: statistical methods, manifold methods, and neu-
ral networks [42]. This study focuses on developing a neural network architecture
to produce meaningful cell type representations while (1) minimizing batch e ects
and (2) promoting biological variation. Previously developed neural network algo-
rithms for batch correction have used methods such as autoencoders (AES) [43, 44],
variational autoencoders (VAES) [14], generative adversarial networks (GANSs) [45],
AE combined with recurrent neural networks (RNNs) [46], contrastive learning [47,
48], and transformers [6].

The models developed in this study are novel due to the combination of a re-
engineered contrastive loss with the cell type centroid loss function developed in
this study. The hypothesis is that contrastive learning makes the model cluster
SCcRNA-Seq data of the same cell type together while the centroid loss enforces a
more meaningful positioning of cell type clusters.

Model 1 was trained on an NVIDIA A100 GPU while Model 2 and Model 3 were
trained using four NVIDIA A100 GPUs. Models were trained using mini batches
of size 256. Each mini batch was created by randomly dividing the dataset intd
mini batches of the speci ed size. Mini batches were randomly created each epoch.
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2.3.4.1 Simple encoder (Model 1)

Attention mechanisms are known for being computationally expensive to train, par-

ticularly when dealing with a large number of tokens, such as 2000 HVGs in this
case. Therefore, it is of interest to explore simpler model architectures that are more
cost-e ective to train. First, a feed-forward encoder was trained on the scRNA-Seq
data. The Model 1 architecture is visualized in Figure 2.4.

Figure 2.4: Overview of Model 1. ScCRNA-Seq data is fed through a feed-forward
encoder that returns a learned embedding for each sample (celBxpression Pro le
indicates raw scRNA-seq data.
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2.3.4.2 Gene2vec transformer (Model 2)

Tokenizing genes into buckets is a concept that can be directly applied to the
ScRNA-Seq data, making it suitable as input to a transformer encoder. This con-
cept was explored in Model 2 by tokenizing the scRNA-Seq data into 1000 buckets
equally spaced between the minimum and maximum value of each gene. In addi-
tion, gene2vec representations are added to the embedding of the buckets with the
idea being the embeddings would contain additional information about how genes
are related. A so-called learnablelass tokenwas also introduced (for details, see
Section 2.3.5) and concatenated to the input; this approach was suggested by Chen
et al. [6] and implemented in their modelTOSICA as it allows the model learn
attention weights between the sample itself and the individual genes. The Model 2
architecture is illustrated in Figure 2.5.
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Figure 2.5: Overview of Model 2. SCRNA-Seq data is tokenized, gene2vec repre-
sentations are added to the resulting embeddings, and a class token is concatenated
to the input. These are then fed to a transformer encoder, producing a vector rep-
resentation of attention between the input sample and each gene. Next, in order
to convert the representation to a desirable dimension, it is fed to a feed-forward
encoder to produce a learned embedding for each sample (cell).
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2.3.4.3 Embedded gene set transformer (Model 3)

Other than scRNA-Seq data, one can imagine that selecting relevant gene sets can
contribute additional information about cell types to a machine learning model. This
model investigates this by taking SCRNA-Seq data as input and applying a binary
gene set mask on top of it. The binary gene set mask is created based on the Gene
Ontology Biological Process (GO BP) gene set from Gene Set Enrichment Analysis
(GSEA). Next, a simple linear transform is applied to create an embedding space
and aclass tokens introduced by concatenating a trainable token to the input. This
creates the input representation for the transformer encoder. Finally, the outputs
from the gene sets transformer encoder and the HVGs transformer encoder are fed
into a feed-forward encoder, which returns a learned representation for each sampled
(cell). The Model 3 architecture is illustrated in Figure 2.6.
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Figure 2.6: Overview of Model 3. SCRNA-Seq data undergoes multiplication with

a binary gene set mask and is then mapped with weights to generate an embedding
space. A class token is concatenated to the embedded data that is then input
to a transformer encoder. Simultaneously, the scRNA-Seq data is tokenized, and
an embedding space is generated. Gene2vec representations are added to these
representations, and a class token is concatenated to the input before being fed
into a separate transformer encoder. The output from these transformer encoders
are then passed to one feed-forward encoder each and the resulting outputs are
concatenated and nally linearly mapped to a desirable output dimension. This
process results in the creation of a latent space.
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2.3.5 The role of attention in an interpretable transformer

One way of interpreting how a transformer model attends to input information is to
look at the attention weights. However, since the cell type is not an input, it is not
straightforward how to relate the attention applied to inputs, such as HVGs, to the
cell type. One approach suggested by Che al. [6] and implemented in their model
TOSICA s the introduction of a so-calledclass token The token is concatenated
to the input before being fed to the transformer model. It has the same embedding
size as the input tokens, but is de ned in such a way that the token itself is updated
through the training process. This molds the token's embedding values, indirectly
creating a token whose attention weights correspond to the model's attention to
input data in relation to the current sample (a speci c cell). By extracting the at-
tention value to the token for each sample and grouping them together by cell type,
we end up with distributions of attention weights corresponding to each cell type.
This information can then be used to identify inputs that the model pays signi cant
attention to when clustering a given cell type, making the model interpretable.

It is typical to have transformers with more than one head and a depth greater
than one. This introduces another challenge when interpreting attention weights,
as it results in multiple attention weight matrices. One approach, as suggested by
Chenet al. [6], was employed in this study:

1. Start by calculating the mean attention weight matrices across all attention
heads.

2. Account for residual connections by adding a identity matrix to the attention
weight matrices, and re-normalize by dividing by the new row sum.

3. Recursively multiply all attention weight matrices together.

4. Extract the row corresponding to the attention weights of the class token,
excluding the class token itself. This is the nal attention latent space repre-
sentation used to interpret the attention of the transformer.

Using this approach, one can both interpret how Model 3 attends to both individual
HVGs and gene sets, giving the user biological insight into what di erentiate cells.
This application is discussed in Section 4.3.2.

2.4 Embedding space evaluation

To evaluate the scRNA-Seq integration performance of the models in this study,
they are compared to each other and to other established methods in a benchmark
by Lueckenet al. [15].
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2.4.1 Benchmark

Performance of the models developed herein is evaluated in terms of (1) batch cor-
rection and (2) preservation of biological variation. This is compared to the per-
formance of models developed in previous work using the benchmark of Luecken
et al. [15]. Metrics such adNormalized Mutual Information (NMI), Adjusted Rand
Index (ARI), Average Silhouette Width(ASW), Isolated label SilhouettePrincipal
Component RegressionPCR), Graph Connectivity (GC), Isolated labelF; score
and Cell-cycle Conservation(CC), are used to evaluate batch correction and the
conservation of biological information in the benchmarked models. All metrics are
designed to fall within the value range 0 to 1, with 1 indicating better performance.
Implementations of all metrics exist in thesclB package developed by Lueckeet

al. [15] and were used in this study.

2.4.1.1 Normalized Mutual Information

NMI is a metric that assesses the overlap between two clustering schemes. In this
study, NMI is utilized to evaluate the alignment of cell-type labels with Louvain
clusters derived from the integrated dataset.

2.4.1.2 Adjusted Rand Index

ARI provides a measure of the agreement between two clusterings, taking into ac-
count both correct clustering overlaps and correct disagreements between the two
clusterings while adjusting to correct for randomly occurring correct labels. Cell-
type labels are compared with the Louvain clustering optimized for NMI on the
integrated dataset.

2.4.1.3 Average Silhouette Width

The silhouette width quanti es the association between a cell's within-cluster dis-
tances and its between-cluster distances to the nearest cluster. ASW is obtained by
averaging over all silhouette widths for a set of cells, with values ranging from -1 to
1. ASW can be used both as a batch e ect metric and bioconservation metric, as
outlined below.

For bioconservation, ASW is calculated as

ASW: +1
ASWCeIIType = + (2.25)
where C is the set of all cell identity labels.
For batch e ects the metric is instead calculated as
1 X 1 X e
ASVVBatcthfect = m Ci 1 J S(')J (2'26)
izm J&iliag,

wheres(i) is the absolute silhouette width on batch labels per ceil C; is the set
of samples with cell labej, jC;j is the number of cells of cell labgl, and M is the
number of unique cell types.
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2.4.1.4 Isolated label Average Silhouette Width

Isolated label ASW applies ASW on samples with isolated labels shared by few
batches to see how well they are distinguished compared to all other labels. Isolated
cell types are identi ed by nding labels occuring in the fewest number of batch
e ects. The nal metric is calculated as the mean of ASW over all isolated labels.

2.4.1.5 Principal Component Regression

PCR can be used for estimating the extent of batch e ect removal, and is derived
as S
Var(CjB)=  Var(CjPC) R?(PCijB) (2.27)

i
where C is a input data matrix, B is a speci ed batch e ect variable (e.g., patient
ID), PC stands for principal component, andG is the number of principle com-
ponents to be used. Herd&k?(PCijB) is calculated as theR? value from a linear
regression oB onto the ith PC and V ar(CjP C)) is the variance of C explained by
PC.

2.4.1.6 Graph Connectivity

GC is calculated by rst deriving the k-NN graph G(Ny; E,) for a given cell type
label y, and repeating for all cell types. Next, the GC metric itself is calculated as
N _ .
JCJ y2C JNyJ
where C is the set of all cell identity labels,jCj is the number of cells in setC,
JLCC()j is the node count of the largest linked component in the grapG(Ny; Ey),
and jNyj is the number of nodes with cell typey.

GC gives the user a measure of how well-integrated the data is by assessing whether
the k-NN graph is connecting every cell sharing the same cell type.

2.4.1.7 Isolated label F; score

We can optimize the Louvain clustering assignment for an isolated label by assessing
the F; score across various resolutions, ranging from a resolution of 0.1 to 2, with
increments of 0.1. The nal metric for evaluation is the optimalF; score obtained
for the isolated label. F; is calculated as
P R
P+R
whereP stands for precision, calculated as

True P ositives
P = — — 2.30
True Positives+ False P ositives ( )

and R for recall, derived as

F1:2

(2.29)

True P ositives
R = — . (2.312)
True Positives+ False Negatives
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2.4.1.8 Cell-cycle Conservation

The CC score assesses the e ectiveness of capturing the cell-cycle e ect both before
and after integration. CC is calculated by employing Scanpy'score_cell_cycle
function, utilizing a reference gene set from Tirosét al. [49] speci c to the respective
cell-cycle phases. Variance contributions are computed for ti&and G2/M phase
scores fromscore_cell_cycle using principle component regression, and the nal
CC metric is given by
jV arpost \ Alinit J
V arinit
whereV ar,; is the variance before integration and/ ar,s; is the variance after.

cC=1

(2.32)

2.4.1.9 Overall metric

To get an estimate of how well a model performs batch e ect removal while con-
serving biological information, the nal step of the evaluation and benchmarking
process is to calculate the average over all metrics re ecting each aspect of interest.
The batch e ect removal metric is calculated as

1 X
SgatchEffect = o ni(X) (2-33)

INBachefrect | Ni 2N gatchEffect

whereNgachesfect 1S the set of batch e ect removal metrics (ASWatchetfect » PCR,
and GC) andn; is metric function i applied to input data X .

Bio conservation metric is calculated as
1

— n; (X 2.34
JNCeIITypeJ n; l( ) ( )

Scelr ype —
2N CellType

where Nceirype IS the set of bioconservation metrics (ASWeirype, NMI, ARI, CC,
isolated label F1, and isolated label silhouette) and; is metric function i applied
to input data X.

To calculate the overall performance, we take a weighted sum of the output from
Equations 2.33 and 2.34

SOveraII =0:6 SCeIIType +0:4 SBatcthfect (2-35)

Bioconservation is weighted slightly more than batch e ect removal to highlight the
importance of conserving the biological context.

Before computing Soverail ; Sgatcheffect » and Sceirype, We rst need to normalize
each metric, from NMI to CC, such that they are comparable. This is achieved by
min-max normalizing each metric as follows

X min(x)
max(x) min(x)

9(x) = (2.36)
wherex is a vector containing the metric score for all models of a given metric.
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2.5 Producing cell type representation vectors

A promising application of the embedding space produced by the models is to create
cell type representations. Since the model will return di erent outputs for di erent
inputs of the same cell type, a method is required to aggregate learned embeddings
corresponding to the same cell type, such that there is a single embedding for each
label. Some options are:

Calculating the centroid of each cell type cluster.
Calculating the median of each output dimension for each cell type.

Calculating the medoid of each cell type cluster.

All of these approaches were implemented with the intention of enabling future
users of the model to e ortlessly generate desirable cell type representations from
SCRNA-Seq data.

2.6 Cell type annotation

Another application for the generated embedding space is to use it for classi-
cation tasks, such as cell type annotation. To explore this application, a feed-
forward neural network was implemented. This classi er accepts the embeddings
learned from scRNA-Seq data as input and predicts cell types using a softmax
function. The output from the softmax is fed to the cross-entropy loss function
torch:nn:CrossEntropyLoss implemented in the Pytorch library, and the cross-
entropy loss is minimized during training [50].

We start by training the cell encoder to learn a latent space from transcriptomics
data. The learned embeddings can then be used as input to the classi er model.
When training the classi er, we only update the parameters of the classi er, and
not the embedding producing model, as this can have undesirable a ects on the
embedding space.

The model architecture of the nal cell type classi er is illustrated in Figure 2.7.
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Figure 2.7: An overview of the classi er architecture, conditioned in this illustra-
tion on the output from Model 1. a SCRNA-Seq data is fed through a pre-trained
feed-forward encoder that learns a latent spacé. Embeddings from this space can
be used as input to another feed-forward neural network to classify samples into
potential cell types.

Benchmarking of our models’ cell type annotation capabilities was done by compar-
ing them to the following models:

" scNym[19]

~ Seurat[9]

" TOSICA [6]

" SciBet [8]

" and CellID [20].
Three metrics were used to assess the performance of all models: accuracy, balanced
accuracy, and F1 score. All of these metric have already been implemented in the
scikit-learn package sklearn.metrics.accuracy_scoresklearn.metrics.balanced_accuracy_score

and sklearn.metrics.f1_score and were used in this study to evaluate model perfor-
mance [51]. Fosklearn.metrics.fl_scorethe averageparameter was set td weighted.

The models developed in this study have a built-in ag for automatically optimizing
hyperparameters associated with the classi er part usin@ptuna [52]. The model
takes the data, splits it80 : 20for training and validation, and runs 100 trials to nd
optimum hyperparameters usingOptuna. This has been implemented as a default
feature of the model since training the classi er is not computationally demanding.
The following hyperparameters are being optimized:

Number of neurons in the rst hidden layer

Number of neurons in the second hidden layer

Initial learning rate

Dropout percentage
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2.7 Novel cell type detection

Since a cell type annotator is trained using speci ¢ data, it can only recognize and
predict the cell types present in its training dataset. If this model is later used

to analyze data containing unfamiliar cell types, it will not be able to accurately

identify these new types. Instead, it will mistakenly classify them as one of the
known types it was trained on, leading to incorrect predictions. However, it can be
possible to identify whether a set of samples contains a previously unidenti ed cell
type. One approach for detecting novel cell types is as follows:

1. Make predictions on data and retrieve the likelihood of each sample corre-
sponding to a given cell type.

2. For each sample, min-max normalize the likelihoods across all possible cell
types, where the maximum is a likelihood of 1.0, and the minimum is the
inverse of the number of unique labels (cell types).

3. Extract the minimum likelihood out of the set of all predictions.

4. Compare this value to a pre-determined threshold (0.XX). A value below this
threshold suggest that the sample could correspond to a novel cell type previ-
ously unseen in the data.

The intuition behind this approach is that a model which is not con dent in any of
the known labels (cell types) for a given sample implies that the sample is possibly
a novel cell type, previously unseen.

2.8 Data and Code Availability

The reproducibility code for this work is available at:https://github.com/LeoAnd00/
Masters_Thesis.
The data for this work is available at: https://doi.org/10.5281/zenodo0.10959788

The nal model is currently being encapsulated into a Python package, facilitat-
ing its seamless integration and utilization by researchers. The following functions
will be included:

A

Training function for the embedding space model.
Training function for the classi er model.

Predict function for generating an embedding space.
Predict function for performing cell type annotation.
Function for novel cell type detection.

Function for creating cell type representation vectors.
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Function for applying the same normalization strategy as was used in this
study, giving the end user the option of using the same strategy or implement-
ing their own.

" Function for automatic preprocessing, although it is still recommended for end
users to use their own preprocessing pipeline to make sure it is appropriate for
their data.
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Results

In this section, we present the results of this thesis, providing a comprehensive
analysis of key ndings and insights in cell representation learning.

3.1 Preprocessing of data

After preprocessing all the scRNA-Seq data one can see how batch e ects have a
visible impact on the data when visualized using Uniform Manifold Approximation
and Projection (UMAP).

A UMAP of the bone marrow dataset was computed and colored according to the
20 cell types (Fig. 3.1a) and 5 patient IDs (Fig. 3.1b). The severity of the batch
e ect appears to be relatively mild as some mixing is observed between patient data.

The UMAP of the PBMC dataset shows all 17 cell types (Fig. 3.2a) and 6 pa-
tient IDs (Fig. 3.2b). When compared to the bone marrow dataset, one can see how
the batch e ect is much more severe for the PBMC data, showing the importance
of being able to adjust and correct for such e ects.

Visualizations of the pancreas, kidney and merged dataset can be seen in Ap-
pendix A.1.1, A.1.2, and A.1.3. The Baron, MacParland, Segerstolpe, and Zheng68k
datasets used for classi cation tasks are visualized in Appendix A.1.4, A.1.5, A.1.6,
and A.1.7.
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Figure 3.1: a UMAP visualization of cell type clusters in the bone marrow dataset.
b UMAP highlighting batch e ect caused by patient ID (di erent patients).

Figure 3.2: a UMAP visualization of cell type clusters in the PBMC dataset. b
UMAP highlighting batch e ects caused by patient ID.
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3.2 Investigation of patient ID as main cause of
unwanted variation

During the formulation of the loss function described in Equation 2.16, it is assumed
that patient ID is the main source of unwanted variation. To investigate whether
or not this is a reasonable assumption, one can evaluate the coe cient of variation
(CV). It is derived as

CV=— (3.1)

where is the mean Euclidean distance across patients between two cell type clus-
ters and is the standard deviation of the Euclidean distance. The CV score metric
can vary between a value of 0 and in nity, where a lower value is preferable. If you
for instance have a CV score of 1, then the standard deviation would be equal to
the mean, indicating fairly large variability in your data.

A heatmap of the average normalized Euclidean distance between cell type clusters
across patients in the PCA transformed latent space (Fig. 3.3a) and the correspond-
ing CV scores (Fig. 3.3b) for the merged dataset can be seen below. Ideally one
would observe that the CV scores would be 0 for all Euclidean distance between cell
type clusters. This would mean that the normalized Euclidean distance between cell
types within each patient is the same. However, in reality there exists many sources
of errors that can a ect the CV calculation and is therefor unlikely to be 0, even if
the underlying assumption is true.
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Figure 3.3: a Normalized mean Euclidean distance across patient IDs between cen-
troids of cell type clusters in PCA transformed latent space of the merged dataset.
b CV of Euclidean distance between centroids of cell type clusters in PCA trans-
formed latent space of the merged dataset.

It is worth noting that there are many pairs with a value of zero. A position is
assigned a zero if there does not exist SCRNA-Seq data for any patient ID where the
two cell types exists. These pairs are excluded from this calculation. There are more
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zero elements than non-zero elements in the CV heatmap due to the fact that there
must exist at least two patient IDs containing the two cell types for an element to
be non-zero, which is not commonly occurring. Another point worth discussing is
that the merged dataset consists of data from bone marrow, PBMC, pancreas and
kidney. This causes the formation of the three squares in the distance matrix;
from left to right (Fig. 3.3a) we have bone marrow and PBMC forming one (com-
bined) square from their entries since they share a lot of cell types in common. Next
there is a square corresponding to entries from the pancreas cell types, and nally
a square in the bottom-right corner due to kidney cells.

The mean CV score is 0.1068 with a standard deviation of 0.0764, indicating a
fairly low CV score overall (Fig. 3.4). This supports the assumption that the major
source of unwanted variability is patient ID, since CV is low when one assumes that
patient ID is the main source of unwanted variation. The remaining variation in the
data is likely due to less prominent batch e ects.

Figure 3.4: Density of CV scores calculated from Euclidean distance between
centroids of cell type clusters in the PCA transformed latent space of the merged
dataset.
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3.3 Benchmark on generalizable scRNA-Seq em-
bedding space

An ideal data integration algorithm would be able to enforce the biological varia-
tion in the data while minimizing variability caused by additional factors, such as
patient ID, tissue, sequencing technology, and so on. In order to investigate how
well a model performs on this task, thesclB package was used to calculate suitable
metrics to evaluate the performance [15]. Metrics were min-max normalized across
methods for each metric and at each fold. Multiple previously developed methods
are compared to the models created in this study for a better understanding of how
well they perform on creating a generalizable embedding space. In addition, the
input data was used directly to compute metrics in the benchmark as a control.
This calculation is named Unint (Unintegrated). Benchmarking was performed for
the bone marrow, PBMC, pancreas, kidney and merged dataset (Fig. 3.5), where
patientID is considered to be the batch e ect.

Figure 3.5: Five-fold cross-testing on the bone marrow, PBMC, kidney, pancreas,
and merged dataset, where the overall scores were calculated as described in Equa-
tion 2.35 from min-max normalizedscIB metrics. The following models are used in
the benchmark: Unint (Unintegrated), PCA, TOSICA [6], scVI [16], SCANVI [13],
scGen [14], Model 1 (this work), Model 2 (this work), and Model 3 (this work). The
input to the methods are the top 2000 HVGs. Box plots show the median displayed
as the center line, the interquartile range as the box hinges, and the whiskers ex-
tending up to 1.5 times the interquartile range.

Here we see howclB ranks the models developed in this study (Models 1-3) among
the best performing models for each dataset, and particularly Model 1 for the merged
dataset. We observe that Model 1 is the best performing model for the four datasets
tested out of the three models developed in this study. This indicates that, for these
datasets, the attention mechanism does not aid the model during training, and
feeding the expression levels directly into a feed-forward encoder achieves better
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performance when combined with the engineered learning approach. Performance
of all models, on all metrics, and for each dataset can be seen in Appendices A.2.1,
A2.2, A.2.3, A2.4, and A.2.5.

To get a more visual interpretation of how Model 1 performs at making a gen-
eralizable embedding space, UMAP is used on one of the test folds of the kidney
dataset when the data is PCA transformed (Fig. 3.6a,b) and generated using Model
1 (Fig. 3.6c,d).

Figure 3.6: a UMAP of the rst test fold for the kidney dataset when transformed
using PCA and colored by cell type.b UMAP of the rst test fold for the kidney
dataset when transformed using PCA and colored by patient IDc UMAP of the
rst test fold for the kidney dataset when transformed using Model 1 and colored
by cell type. d UMAP of the rst test fold for the kidney dataset when transformed
using Model 1 and colored by patient ID.

We observe a signi cant reduction in batch e ects when utilizing Model 1 compared
to performing PCA transformation (Fig. 3.6b,d), as the datapoints are better inte-
grated within and across clusters. This underscores the e ectiveness of Model 1 in
generating a meaningful embedding space.
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