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Summary

To understand congenital diseases, it's essential to first understand the normal
development of a wild-type organism. With advancements in clinical sequencing
methods, several variants in key genes have been identified and characterized as
potential candidate disease genes. However there are genes that have been
uncharacterized thus classifying the variants as variants of unknown significance and
the patients do not get a diagnosis. Techniques like in situ hybridisation have been used
to evaluate the location of expression of genes in model organisms. This requires
understanding of the similarities and differences between model organisms and
humans. Single-cell sequencing (scRNA-seq) enabled cellular-level resolution,

providing insights into the organism under study.

In this thesis, | have focused on two key aspects of the use of scRNA-seq in
understanding development and disease. First, we analyzed the similarities and
differences between the model organisms and humans. Second, we developed a
machine learning model that captures tissue-specific development and prioritizes genes

critical for the development of specific tissues.

In the first project, publicly available scRNA-seq datasets from the hearts of humans,
macaques (Macaca fascicularis), mice, and zebrafish were integrated to analyze
cross-species cell type-specific differences. This comparative approach highlighted
gene expression differences at the cellular level, providing insights into species-specific
variations in heart development and function. Notably, these expressional differences
align with known physiological and structural distinctions between species.The findings
emphasize the importance of thoroughly understanding these species-specific
differences when selecting an appropriate model organism for studying human

diseases.

In the second project, | developed STIGMA (Single-cell Tissue-specific Gene
prioritization using Machine Learning), a computational framework designed to prioritize

candidate disease genes using tissue-specific sScRNA-seq datasets sequenced across



developmental timelines. STIGMA identifies candidate genes by evaluating the temporal
dynamics of gene expression across cell types and comparing them to a known disease
gene panel, leveraging their expressional similarity. We applied this method to a human
fetal heart scRNA-seq dataset and a mouse limb scRNA-seq dataset. The prioritized
genes demonstrated strong evidence, as several were found to be mutated in patients
with similar phenotypes. Additionally, mouse model studies supported these findings,
showing phenotypic abnormalities associated with the mutated genes. Thus it shows
the ability of STIGMA to uncover candidate disease genes in congenital diseases and

shows how this approach can be extended to other diseases.

Zusammenfassung

Um angeborene Krankheiten zu verstehen, ist es wichtig, zunachst die normale
Entwicklung eines Wildtyp Organismus zu verstehen. Mit Fortschritten bei klinischen
Sequenzierungsmethoden wurden mehrere Varianten in Schlisselgenen identifiziert
und als potenzielle Kandidaten fir Krankheitsgene charakterisiert. Es gibt jedoch Gene,
die nicht charakterisiert wurden, sodass die Varianten als Varianten von unbekannter
Bedeutung klassifiziert werden und die Patienten keine Diagnose erhalten. Techniken
wie In-situ-Hybridisierung wurden verwendet, um diese Varianten in Modellorganismen
zu bewerten. Dies erfordert ein Verstandnis der Ahnlichkeiten und Unterschiede
zwischen Modellorganismen und Menschen. Die Einzelzell Sequenzierung (scRNA-seq)
ermoglichte eine Auflosung auf Zellebene und lieferte Einblicke in den untersuchten

Organismus.

In dieser Arbeit habe ich mich auf zwei Schlisselaspekte der Verwendung von
scRNA-seq zum Verstandnis von Entwicklung und Krankheit konzentriert. Erstens
haben wir die Ahnlichkeiten und Unterschiede zwischen den Modellorganismen und
dem Menschen analysiert. Zweitens haben wir ein maschinelles Lernmodell entwickelt,
das die gewebespezifische Entwicklung erfasst und Gene priorisiert, die fur die

Entwicklung bestimmter Gewebe entscheidend sind.



Im ersten Projekt wurden offentlich verfUgbare scRNA-Sequenz Datensatze aus den
Herzen von Menschen, Makaken (Macaca fascicularis), Mausen und Zebrafischen
integriert, um artenibergreifende zelltyp spezifische Unterschiede zu analysieren.
Dieser vergleichende Ansatz hob Unterschiede in der Genexpression auf zellularer
Ebene hervor und lieferte Einblicke in artspezifische Variationen in der Herzentwicklung
und -funktion. Insbesondere stimmen diese Expression-Unterschiede mit bekannten
physiologischen und strukturellen Unterscheidungen zwischen Arten Uberein. Die
Ergebnisse unterstreichen die Bedeutung eines grundlichen Verstandnisses dieser
artspezifischen Unterschiede bei der Auswahl eines geeigneten Modellorganismus zur

Untersuchung menschlicher Krankheiten.

Im zweiten Projekt entwickelte ich STIGMA (Single-cell Tissue-specific Gene
prioritization using Machine Learning), ein Computer Rahmenwerk zur Priorisierung von
Krankheits Kandidatengenen unter Verwendung gewebespezifischer scRNA-Sequenz
Datensatze, die Uber Entwicklungsleitlinien hinweg sequenziert wurden. STIGMA
identifiziert Kandidatengene, indem sie die zeitliche Dynamik der Genexpression Uber
Zelltypen hinweg auswertet und sie mit einem bekannten Krankheitsgenpanel
vergleicht, wobei inre Expression Ahnlichkeit hat. Wir haben diese Methode auf einen
scRNA-Sequenz Datensatz des menschlichen fetalen Herzens und einen
scRNA-Sequenz Datensatz der GliedmalRen einer Maus angewendet. Die priorisierten
Gene zeigten starke Hinweise auf Relevanz, da mehrere davon bei Patienten mit
ahnlichen Phanotypen mutiert waren. Daruber hinaus stitzen Studien an Mausmodellen
diese Ergebnisse und zeigten phanotypische Anomalien im Zusammenhang mit den
mutierten Genen. Dies zeigt die Fahigkeit von STIGMA, Kandidatengene flr
angeborene Krankheiten aufzudecken, und zeigt, wie dieser Ansatz auf andere

Krankheiten ausgeweitet werden kann.



1. Introduction

With the advent of Next generation sequencing technologies (NGS) the study of the
genome and genetic variations has gained popularity (Shendure and Ji 2008).
Deciphering the sequence of nucleotides before the era of bioinformatics was a highly
tedious and time-consuming process (Larson et al. 2023; Mardis 2011). Without
computational tools to automate analysis, organizing, interpreting sequence data,
storing and sharing data, results acquisition was slow and prone to errors (Yanai and
Chmielnicki 2017). The advent of bioinformatics revolutionized this process, enabling
rapid and large-scale sequencing (Marx 2013).

With the emerging sequencing methods, new tools are developed to analyze the data
and make biological predictions with the data (Bansal and Boucher 2019).
Computational methods used in predicting the pathogenicity of variants are also part of
the diagnosis filter strategy by the American College of Medical Genetics and Genomics
(Pejaver et al. 2022). Methods are developed even to predict the expression of genes
based on sequencing data (Avsec et al. 2021). Further gene tolerance scores from
gnomAD have played a crucial role in the diagnosis of rare diseases (Lek et al. 2016).
The following introduction briefs about the state of the art of diagnosis in clinics and the
approaches that would aid in better diagnosis. The section (1.1) discusses the use of
sequencing methods in clinical diagnosis and possible reasons for low diagnostic yield.
Section (1.2) talks about the need for machine learning models as a diagnostic tool, and
also briefs on two machine learning models that were used in the thesis. Section (1.3).
describes the available methods for gene prioritization and why gene prioritization is
needed. Last section (1.4) introduces single cell sequencing methods and
computational tools available to decipher the sequencing output. It also provides a brief

introduction of how single cell sequencing is used in the study of congenital diseases.

1.1 Sequencing as a diagnostic tool

Next Generation Sequencing (NGS) has rapidly become faster and more affordable,

significantly boosting the efficiency of genetic testing (Elsner et al. 2021). In recent
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years, NGS has been used in clinics as a diagnostic tool for rare Mendelian diseases
(Wojcik et al. 2024). This has significantly advanced our capabilities in gene discovery,
functional annotation, and the mapping of disease-related genes (Figure 1.1) (Thorpe et
al. 2024). Resources such as the Human Phenotype Ontology (HPO) (Gargano et al.
2024) and the Online Mendelian Inheritance in Man (OMIM) (Amberger et al. 2015,
2019) database have greatly benefited from these advancements. NGS has also driven
the development of sophisticated tools and resources designed to call, annotate,
prioritize, and filter genetic variants (Figure 1.1). Examples of such resources include
the Genome Aggregation Database (gnomAD) (Karczewski et al. 2020) and the
Database of Chromosomal Imbalance and Phenotype in Humans using Ensembl
Resources (DECIPHER) (Firth et al. 2009), which have been instrumental in enhancing
our understanding of genetic variation and its implications in human health and disease.
As per 30th July 2024, OMIM reported 7538 phenotypes with a known molecular basis
and 4919 genes with a phenotype-causing mutation (“Gene Map Statistics - OMIM,”
n.d.; Amberger et al. 2019).
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Figure 1.1 Current molecular diagnostic workflow. The genome or exome is
sequenced to detect gene variants, causative of congenital malformation (eg Limb or
heart malformation). These genes are then functionally annotated using HPO and
OMIM to pinpoint the causal gene. When known genes do not harbor pathogenic
variants, genes with unknown functions are validated through experimental techniques
such as in situ hybridization.

Despite these advancements, our current diagnostic yield for rare diseases stands at
only 41% (100,000 Genomes Project Pilot Investigators et al. 2021). This is due to the

fact that many potentially pathogenic variants lie on genes that are not functionally
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annotated and are labeled as variance of unknown significance (VUS) (Figure 1.1)
(Joynt et al. 2022). Techniques like in situ hybridization, stains one single gene at a time
to experimentally validate VUS (Figure 1.1) (Jin and Lloyd 1997). It is experimentally
laborious and time consuming, to validate all genes that carry a variant. This limitation
has spurred the search for new strategies to functionally annotate novel disease genes.
Enhanced functional annotation is crucial for improving diagnostic accuracy and

understanding the underlying mechanisms of rare diseases (Steward et al. 2017).

1.2 Machine learning as a tool diagnosis.

Machine learning (ML) is a field that uses statistical and algorithmic methods to model
patterns in data (Jordan and Mitchell 2015). These models can then be applied to
perform tasks or make predictions on new, unseen data (Duda, Hart, and Stork 2012).
Broadly the methods can be divided into supervised, unsupervised and semi-supervised
learning. Supervised learning is used in a setting where the model is trained on labeled
data and the predictions are performed in unknown data (Hastie, Tibshirani, and
Friedman 2001). In unsupervised, the model learns the relationship between the input
features, where no label is provided, like cluster analysis (Berry, Mohamed, and Yap
2019). In semi-supervised, the input has a part of the data with labels and also uses the
unlabeled data to enhance the predictions (Libbrecht and Noble 2015). The invention
and application of various ML methods date back to the 1800s with the development of
linear regression for astronomical data, gaining widespread popularity in the recent
ages with its application in various fields like medical, image analysis, language
processing, finance (James et al. 2021). Machine learning is a broad term that
comprises methods like, linear, logistic regression, dimensionality reduction methods
like principal component analysis, clustering methods like Lovain, k-means, ensemble
methods like random forest, support vector machine and neural networks (James et al.
2021). The selection of a machine learning model is based on the tradeoff between
flexibility and interpretability. Models with a large number of parameters, making them
flexible, are very difficult to interpret like deep learning models and are only suitable for

input which have a larger dataset (James et al. 2021). The parameters of the selected
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model are optimized based on cross validation approaches, where the error is
calculated for each combination of parameters on the training dataset, either by random
search, grid search. The selected model is then trained with the optimized parameters,
to predict or classify data.

In the real world, most often the labeled classes are not balanced leading to a bias in
the prediction towards the major class (Fernandez et al. 2018). In order to balance the
classes, resampling approaches, like oversampling and undersampling are used
(Benkendorf et al. 2023). In oversampling the minor class is multiplicated until the class
balance is achieved. In undersampling the major class is subsampled until the class
balance is achieved (Tholke et al. 2023). In the first approach, there is no new learning,
and in the second there is a loss of information. Thus data augmentation methods like
Synthetic Minority Oversampling Technique (SMOTE) (Chawla et al. 2011), are used to
synthetically create data from the minor class.

Applications of ML have been extended to the field of genetics, due to the vast amount
of information available, necessitating the use of statistical models to understand the
underlying structure (Ghosh and Dasgupta 2022). Computational predictions have been
used widely in the analysis of the genomic data, like DNA in the prediction of
transcription start site regions, enhancers, promoters element and RNA expression data
in the predictions of disease phenotypes and identifying genetic markers (Libbrecht and
Noble 2015). In the following subsections, | will brief about two methods that were used

in this thesis.

1.2.1 Random forest model

Decision trees are hierarchical structures that recursively split the input features based
to make predictions or classifications (Furnkranz 2011). The splitting of features is done
in an optimized way over the gini index or entropy to calculate the gain of information.
Gini index measures the probability of randomly chosen samples to be misclassified,
based on the distribution of the classes and Entropy measures the randomness in the
samples (Mitchel 1997). Entropy is highly sensitive to the data, but possesses

computational burden due to the logarithmic calculation.
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Figure 1.2.1 Random forest model. The model consists of an ensemble of decision
trees, each processing different features and different samples. Majority voting of the
trees are taken to classify the data.

Random Forest is an ensemble machine learning model comprising a collection of
decision trees (Figure 1.2.1) (Breiman 2001). Each tree in the forest is trained on a
different random subset of the training data, created using a method called
bootstrapping, where samples are selected with replacement. Additionally, at each split
within a decision tree, only a random subset of features is considered, ensuring that no
two trees are exactly alike. This approach results in a diverse set of trees, each
capturing different patterns in the data (Breiman 2001). For classification tasks, the
Random Forest aggregates the predictions of all trees through majority voting, while for
regression tasks, it takes the average of all predictions (Figure 1.2.1). The model has
gained popularity in the field of genomics due to its interpretability and its wide range of
applications in classification of disease vs non-diseased samples, based on microarray
data (Statnikov, Wang, and Aliferis 2008), in pathway based analysis and GWAS (Chen
and Ishwaran 2012).
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1.2.2 Support vector machine

Support Vector Machine (SVM) is a popular algorithm used for classification tasks,
aiming to find a hyperplane that separates data into different classes (Figure 1.2.2 A)
(Cortes and Vapnik 1995). A hyperplane serves as a decision boundary, and in its linear
form, SVM works well when data is linearly separable. However, biological datasets
often exhibit nonlinear patterns, making it difficult for a linear SVM to classify them
effectively. To address this, SVM uses kernel functions, which map the data into a
higher-dimensional space, where it becomes more separable. Common kernel
functions, like the Radial Basis Function (RBF) and polynomial kernels, enable SVM to
handle non-linear relationships by transforming the data without explicitly computing the
higher dimensions (Figure 1.2.2 B) (James et al. 2021). These kernels allow SVM to
classify complex patterns in biological or other challenging datasets by creating a
decision boundary in this transformed space. This versatility, combined with effective
classification in high-dimensional settings, makes SVM with kernels a powerful tool for
tackling non-linear classification problems. SVM’s are applied in the classification of

cancer (Shujun Huang et al. 2018).
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Figure 1.2.2 Support vector machine. (A) Linear separable data, classified by a
hyperplane. (B) Radial basis Kernel separating nonlinear data.
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1.2.3 Performance metrics

In order to validate if the designed model is performing well, we need to evaluate the
model (Rainio, Teuho, and Klén 2024). In a classification task, more often a confusion
matrix is constructed to compare the predicted classes vs the actual true classes. These
metrics help understanding the accuracy and reliability of the model. For a classification
task a confusion matrix consists of four groups, true positive (TP), where a true positive
class is predicted as positive class, true negative (TN), where a true negative class is
predicted to be negative, false positive (FP, Type | error), where a true negative class is
predicted to be positive and false negative (FN, Type Il error), where a true positive

class is predicted to be negative (James et al. 2021) (Figure 1.2.3 A)

A Confusion Matrix B ROC curve
Predicted 1
Positive Negative -
Class Class £
:‘i;
C
Positive TP FN $
Class
Actual
Negative
Class FP ™ 0 .
U 1 - Specificity

Figure 1.2.3 Performance metrics. (A) Confusion matrix. (B) ROC curve.

From these values, we calculate the following:

. TP e TN
Sensitivity = (TP EN) Specificity = (TN 1 FP) °
Precision = I Accuracy = (TP+TW)

~ (TP+FP)’ y = (TP + TN +FP + FN)

The values of the confusion matrix change based on the threshold, which affects

metrics like sensitivity and specificity. At a higher threshold, specificity will be high,
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meaning fewer negative classes are incorrectly predicted as positive. On the contrary, at
a lower threshold, sensitivity increases, so fewer positive classes are misclassified as
negative. To understand how sensitivity and specificity change with the threshold and to
select the optimal threshold, the ROC (Receiver Operating Characteristic) curve is
plotted with sensitivity (true positive rate) against 1 - specificity (false positive rate)
(Figure 1.2.3 B) (Rainio, Teuho, and Klén 2024; Flach 2011). The ROC curve represents
the trade-offs between these two metrics at various thresholds. This metric sums the
ability of the model to provide a discrimination between classes across all thresholds.
The area under the curve (AUC) represents the model's ability to distinguish between
classes across all thresholds. The higher AUC a model has, the better the model
performs. An AUC value close to 1 represents perfect discrimination while an AUC
value close to 0.5 represents random classifier performance. The threshold which best
balances the two values, sensitivity and specificity for that given problem, can be
identified with the help of an ROC curve and AUC.

1.3 Gene prioritization

Not all candidate genes at a locus are associated with the phenotype (Zolotareva and
Kleine 2019). Identifying the key candidate gene that is causative is experimentally
tedious. Gene prioritization is a computational approach to rank candidate genes based
on their probability to be associated with a disease (Azadifar and Ahmadi 2022). It helps
in cutting down the list of candidate genes under consideration for experimental
validation. To prioritize genes, computational methods use information about genes like
expression, ontologies (Peng et al. 2021), pathways, co-expression, gene intrinsic
properties (Piro and Di Cunto 2012) and protein protein interaction networks (Azadifar
and Ahmadi 2022; Schliter et al. 2023), to generate a score that defines the likelihood
of a gene being causally related to a disease (Figure 1.3).

There are several approaches to associate genes to diseases, like direct association,
guilt by association or by text mining approaches (Zolotareva and Kleine 2019). In the
first approach, gene-disease associations are identified through case-control

experiments, using genetic studies. There are several diseases where a single gene is
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associated with the disease and segregates in the family. OMIM reports 6,484
phenotypes and 4,557 with single gene disorders and traits (Amberger et al. 2019). But
for complex disorders, difficulty arises in mapping diseases to specific genes.
Differential analysis of patients and control samples is performed to excavate the genes

which behave differently in a disease setting.
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Figure 1.3 Gene prioritization strategies. The genome or exome is sequenced to
detect gene variants. These genes are then functionally annotated using HPO and
OMIM to pinpoint the causal gene. Given a starting seed and the known annotation for
all genes, prioritization methods use machine learning (ML) methods or text mining
approaches to score genes based on the disease causing probability.

The most common computational approach to prioritize genes is based on guilt by
association or indirect association. This is based on the principle that genes that are
expressed together cause similar diseases. This method compares a known set of
genes to other genes, to see similar behavioral patterns in the biological data. The
biological data source used by prioritization methods also plays a crucial role. Certain
tools are based on annotation resources like HPO (Smedley and Robinson 2015), as
discussed in chapter 1.1, not all genes are functionally well annotated, thus methods
which use this approach would be highly biased towards genes that are well annotated
and lead to false positive predictions (Moreau and Tranchevent 2012). On the other
hand, tools like GADO (Deelen et al. 2019), GeneFriends (Raina et al. 2023), geneTier
(Antanaviciute et al. 2015) use unbiased information like gene expression, gene intrinsic
properties, gene tolerance metrics. Text mining approaches like Open targets (Koscielny

et al. 2017), Genie (Fontaine et al. 2011) aggregate scores for genes based on several
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pieces of evidence given an input phenotype. However these methods do not accurately
detect the true gene associations (Zolotareva and Kleine 2019).

Gene prioritization based on the type of assumption can be broadly classified as direct
association or indirect association (Zolotareva and Kleine 2019). In direct associations,
genes are prioritized based on their differential expression in the wildtype vs diseased
tissue. Tools like geneTIER are based on the hypothesis that genes that are associated
with the disease are highly expressed in the disease tissue (Antanaviciute et al. 2015).
In indirect association, genes associated with known disease associated genes through
the guilt by association approach to prioritize potential candidate genes (Zolotareva and
Kleine 2019).

1.4 Single-cell sequencing

Cells are the fundamental structural and functional units of organisms. They are crucial
in forming tissues, organs, and the entire organism. The organization of cells within an
organism is essential for its proper functioning. Cellular organization involves the
differentiation and arrangement of organ-specific cells to form structural units that carry
out specific functions (Otani et al. 2010). Recent advancements in single-cell
sequencing (sc-seq) technologies have revolutionized the profiling of genetic,
epigenetic, transcriptional, and proteomic variations within individual cells. Recognized
as the "Method of the Year" by Nature Methods in 2013 and the "Breakthrough of the
Year" by Science in 2018 (Crespi 2018). sc-seq techniques have facilitated the
identification of new cell types, the construction of cellular atlases in humans and model
organisms (Domcke et al. 2020; Cao et al. 2020, 2019; Han et al. 2022). Through
initiatives like the Human Cell Atlas, sc-seq technologies contribute to mapping the
entire  human body, enabling the deciphering of cellular-level changes during
development, disease mechanisms, the tracking of cancer progression and therapy
(Reed et al. 2024; Smaji¢ et al. 2022; Sikkema et al. 2023; Kong et al. 2023; Z. L. Liu et
al. 2024; Shengkang Huang et al. 2023). Organismal-level atlases offer insights into
development, mature organ cell type constitution, and the spatial context of every cell,
aiding investigations into developmental disorders and pleiotropism across multiple

organs (X. Huang et al. 2023). Additionally, cross-species comparison atlases that
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integrate mouse and human data provide valuable insights into the evolutionary aspects
of organs, organism-specific cell types, and differential gene expression across species.
These atlases help establish connections between species, enhancing our
understanding of human diseases and how model organisms, like mice, can be
effectively used to study these conditions. This comparative approach aids in translating
findings from animal models to human biology and disease mechanisms (T. Liu et al.
2021).

1.4.1 Single cell sequencing approaches

The experimental steps involve dissociating the tissue, capturing and labeling the
molecule and sequencing. The sample of interest is dissociated into single cells or
single nuclei (Figure 1.4.1 A). Nuclei is extracted in cases where the cell membrane is
not intact during dissociation (The manuscript uses the term cells to keep the
consistency, but it could be nuclei or cell). The molecule is then barcoded using
microdroplet (Klein et al. 2015) or microwell (Hashimshony et al. 2012) based methods
(Figure 1.4.1 B, C). This technique helps to track back the cells/ nuclei of origin during
the downstream analysis. The number of cells barcoded per experiment has scaled
over the years, with microwell based methods are deeper sequenced with the capture of
fewer cells and microdroplet based methods capture more cells with lower transcripts
(Sreenivasan, Balachandran, and Spielmann 2022). Methods like combinatorial
indexing aim to capture several million cells, with fewer transcripts per cell, which are
generally used in whole organism sequencing as opposed to other methods used in
sequencing a single organ (Cao et al. 2019). Though scRNA seq is a very common
approach, there are several methods for capturing other modalities of a single cell, like
genome, epigenome, proteome and combination of modalities (sc-multiome) (Stoeckius
et al. 2017). For genome and epigenome, the DNA is fragmented and barcoded, the
transcriptomes are captured based on the poly-A tail and the proteome based on the
oligonucleotide tags. Which are then PCR amplified and sequenced (Kashima et al.

2020). The prepared samples are then often sequenced using paired end short read
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sequencing methods (Figure 1.4.1 D). In case of transcriptome, full length or 3’ and 5’
end can be sequenced whereas there are studies which have also performed long read
sequencing which are of primary interest in cancer studies due to the ability to capture
fusion genome, splicing and alternative transcripts (Figure 1.4.1 E). There are several

commercial kits available to prepare the samples and sequence them (De Simone et al.
2024).
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Figure 1.4.1 Workflow of sc-seq. (A) Tissue of interest is dissociated (B-C) Barcoding
strategy using well or droplet based to capture each single cell for sequencing. (D-E)
Short read sequencing commonly used and Long read sequencing in case of fusion
gene or alternate transcript studies. (F) Clustering approach to group cells of similar
type together. (G) Trajectory analysis to study the temporal dynamics within cell types.
Note: Figure adapted from (Sreenivasan, Balachandran, and Spielmann 2022)
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The sequencer outputs the data in binary base call (bcl) format which contains the base
and the quality for every sequencing cycle. This file is converted to fastq format by
bcl2fastq for the downstream analysis, which contains reads per sample. The
sequenced reads are then demultiplexed to trace each reads cell of origin, which are
then aligned to the reference genome. The aligned reads are quantified into a
feature-barcode matrix, where each column contains the barcode identifying the cell of
origin and each row represents a feature (Zheng et al. 2017). In the case of
transcriptome sequencing, each row corresponds to a sequenced transcript, and the
matrix quantifies the expression of each gene in its respective cell of origin. The raw
barcode matrix is first filtered to remove cells which have captured a low number of
features and high ribosomal or mitochondrial counts to remove the low quality and dead
cells (Andrews et al. 2021). The data is further filtered to remove doublets (multiple cells
are captured by one bead), as they can lead to false interpretation of the data. Methods
like scrublet (Wolock, Lopez, and Klein 2019), simulate doublets by combining
transcripts and use the nearest neighbor algorithm to detect doublets. The filtered data
is highly heterogeneous because of biological and experimental variations, thus every
single cell is different, therefore normalization is necessary to make them comparable.
For normalization the data is scaled to a scale factor (10000) and log transformed to
reduce the skewness in the data (Heumos et al. 2023).

In order to understand the biology, genes that can distinguish the underlying biological
variation are selected (highly variable genes (hvg)), which are then dimensionality
reduced by preserving the variance in the data, using methods like Principal Component
Analysis (PCA). With the reduced data, nearest neighbors are computed which are then
used to identify clusters based on network based clustering methods (Figure 1.4.1 F).
Dimensional reduction methods like Uniform Manifold Approximation Projection (UMAP)
(Mclnnes, Healy, and Melville 2018) and t-distributed stochastic neighbor embedding
(t-SNE) are used for visualization of the data (van der Maaten and Hinton 2008). Both
the projection algorithms are scatter plot representation of cells, t-SNE is based on
gaussian probability function, where it finds the probability of which cells are likely to be
neighbors, whereas UMAP creates a rough estimate graph from the high dimensional

data, from which the low dimensional graph is created, thus preserving the global
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structure. The cell types are annotated based on the top genes that are differentially
expressed in the cluster as opposed to other clusters. The cell types are either manually
annotated using various literature or tools which annotate based on a reference single
cell dataset (Abdelaal et al. 2019). The most widely used tool for the analysis is Seurat
(Butler et al. 2018) which is based on R and Scanpy (Wolf, Angerer, and Theis 2018)
which is based on python. With the growth of the technology, various computational

tools are available to analyze the data (Heumos et al. 2023; Davis et al. 2024).

1.4.2 Developmental Trajectory inference

Developing cells proliferate and differentiate to specialized cells that form the tissue.
This process is governed by various gene regulatory programs and signaling processes,
where each cell determines its fate causing the variability within a tissue (Trapnell et al.
2014). Understanding the different mechanisms that drive this decision provides insights
into the ontogenesis of the organism.

In order to understand the changes cells undergo during differentiation and
development, cells need to be organized in the order of development. Capturing cellular
heterogeneity is the key advantage of sc-seq, thus providing the transcriptomic profile of
individual cells. Trajectory analysis in sc-seq inferes the order of each cell across their
differentiation time (termed as pseudotime as they are different from the sample’s
physical age), to understand the differences in cells during maturation. The cells are
organized in the gradient of differentiation, based on the transcriptional changes,
providing information of the dynamics of expression within the same cell type during
development (X. Qiu et al. 2017) (Figure 1.4.1 G). There are several benchmarking
articles comparing different methods of trajectory inference in sc-seq (Saelens et al.
2019).

The tool used in this thesis is based on reversed graph embedding (Qi Mao et al. 2017).
To construct the trajectory the method identifies genes that are expressed in 5% of the
cells, which are then projected onto principal components (PC). K-means clustering
algorithm is used to select a centroid of the cells in the projected dimension. A graph is
constructed through this centroid as the node. The cells are moved towards this

centroid, which is then used to calculate the new centroid, iteratively until optimization.
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The optimized graph is termed as the principal graph. The root node is selected based
on the input from the user, and pseudo time is calculated as the distance from this root
node to the corresponding node (X. Qiu et al. 2017).

Another measure of dynamics in cells is the changes in mRNA splicing over time,
defined by RNA velocity (La Manno et al. 2018). This measure predicts the future state
of the cells. The differentiation pathway is measured as the transition probability from

one cell state to the other.

1.4.3 Integration methods for single cell data

Analysis in a single cell generally consists of several sequencing rounds or integrating
with the publicly available datasets. Often technical variability exists in the datasets due
to differences in sample, experimental methods and sequencing platforms known as
batch effects (Luecken et al. 2022). Thus there is a need to develop computational
methods that can integrate datasets from different sequencing batches. Integration
methods aim to remove technical variability keeping intact the biological variability, thus
enabling the comparison of multiple samples (Figure 1.5). Integration methods have
been used in the comparison of samples sequenced at various conditions like control
and mutant, drug response, samples at different time points of development and
evolutionary (Sreenivasan et al. 2023; C. Qiu et al. 2022, 2024; Mah and Dunn 2024).
There is several benchmarking literature that compares the different batch correction
methods (Tran et al. 2020), this thesis elaborates two tools that | have used for the

project, namely Harmony (Korsunsky et al. 2019) and reciprocal PCA from Seurat.
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Figure 1.4.2 lllustration of single cell integration. (A) Shows sample clustering based
on batch, where each symbol represents a batch and each color indicates the
corresponding cell type. (B) Demonstrates how batch integration algorithms reduce
technical differences between batches.

Harmony based integration strategy has been a recommended approach in the field,
due to its efficiency to effectively integrate similar cells, sequenced by different
technologies and has a low runtime (Tran et al. 2020). It is based on soft k-means
clustering methods, where the cells are assigned to a preliminary cluster in the low
dimensional space. Then the algorithm tries to find the centroid of each batch within the
cluster and the global centroid of the cluster. This is then used to calculate the
correction factor for each of the clusters, taking into account that the cluster also
contains different states of the cell. Then a cell specific factor is calculated based on the
linear combination of correction factor and the preliminary cluster assignment factor,
which is used to move each cell towards the global centroid within the cluster. This
process is performed iteratively until convergence (Korsunsky et al. 2019).

Seurat (Stuart et al. 2019) based integration has been recommended for large dataset
integration (Tran et al. 2020). The reciprocal PCA based method, projects each
dataset/batches into another datasets PCA space to calculate the anchors based on
mutual neighbors. They use a shared nearest neighbor approach to avoid the capture of
anchors between different cell states. The anchors are then weighted based on the

associated between the cells of the datasets, which is used to calculate the correction
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vector. For multiple datasets, a tree based approach is used where the pairwise
similarity is calculated, and a recursive correction is made (Butler et al. 2018).

The choice of integration strategy depends on the type of datasets, taking into
advantage of different approaches available. The efficiency of the methods is calculated
based on its capability to bring similar cell types together explaining the biological

similarity.
1.4.4 Study of Congenital diseases by single cell approaches

Congenital diseases are anomalies that are present at birth. They are a result of
mutations in genes or non-coding elements that regulate the genes, with a prevalence
in 2-5% of children (Deciphering Developmental Disorders Study 2017). Critical to
human geneticists is identifying genes, pathways, or mechanisms underlying disease
phenotypes, as well as detecting, monitoring, and predicting disease, its progression, or
response to interventions. It is often seen that candidate disease genes exhibit
preferential expression in particular cell types and/or at specific time points during
embryonic development (Maj et al. 2024). Understanding the pathways where the
altered gene functions, with bulk sequencing techniques is difficult due to the averaging
of the measure of individual cells. There are several studies which have compared the
wildtype and disease tissue at single cell level to elucidate the disease mechanisms and
the cell types involved (Nomura et al. 2018; Manivannan et al. 2021; Maj et al. 2024).
X.Huang et al. profiled 22 mutants ranging in phenotypically severity with sc-RNA seq
in 101 embryos to study a range of phenotypes associated with developmental
disorders, characterizing the molecular phenotypes at cellular resolution (X. Huang et
al. 2023). Sc-seq has provided deeper insights into the molecular and cellular
mechanisms underlying congenital diseases, allowing for a more precise understanding
of how genetic variations at the individual cell level contribute to disease development

and progression.
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2. Aim of this study

The thesis focuses on utilizing single-cell sequencing technologies to investigate
development and genetic diseases. To achieve this, two projects were undertaken. The
first project aimed to explore evolutionary differences across various model organisms
commonly used in disease research, leveraging single-cell datasets from adult
organisms. The second project applied a machine learning approach to identify and
prioritize novel disease genes within the context of congenital diseases. Detailed

descriptions of these project aims are provided below:

Comparative single-cell analysis of the adult heart and coronary

vasculature

In the first part of the thesis, we aimed to use single-cell RNA sequencing (scRNA-seq)
data to compare the adult heart and coronary vasculature of three organisms: human,
macaque, and mouse. Our goal was to determine whether the technology could identify
organism-specific features of the heart while also highlighting conserved characteristics.
Additionally, we sought to compare fibroblasts from the human heart and zebrafish,
given the latter’s remarkable ability to regenerate after injury. To achieve these
objectives, we utilized publicly available scRNA-seq data and applied an integration
analysis workflow using Seurat and Harmony to compare the model organisms to the

human dataset.

STIGMA: Single-cell tissue-specific gene prioritization using machine
learning

In the second part of this thesis, we aimed to use scRNA-seq data to prioritize potential
candidate genes for congenital diseases. To achieve this, we developed a machine
learning model that incorporates single-cell features, such as gene expression across
cell types and gene expression over pseudotemporal trajectories, along with
gene-intrinsic properties. The model ranks genes based on their probability of being
associated with the disease. We applied our model to two different disease contexts:

congenital limb disorders and congenital heart disease (CHD). Additionally, we
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evaluated its performance on both human and mouse single-cell data for congenital
heart disease, demonstrating that mouse single-cell data can serve as an effective

proxy for studying human diseases.
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3. Results

The results section focuses on the key findings of the thesis to understand development
and congenital diseases. This was divided into two papers, where the first paper
(Section 3.1) studies the evolutionary similarities and differences between adult hearts
in vertebrates. The second paper (Section 3.2) studies the use of single cell

transcriptome data to prioritize candidate disease genes for congenital diseases.

3.1 Comparative single-cell analysis of the adult heart and

coronary vasculature.

Balachandran, Saranya, Jelena Pozojevic, Varun K. A. Sreenivasan, and Malte
Spielmann.  Mammalian Genome 34, no. 2 (June 2023): 276-84.
https://doi.org/10.1007/s00335-022-09968-7.

Heart has been a key organ which pumps blood, though its function is common across
species, it possesses anatomical differences, like shape, size, regeneration capacity. In
order to further understand these differences, we used scRNA-seq to compare the adult
hearts of human, mouse, macaque (Macaca fascicularis) and zebrafish. For all the
species we used publicly available datasets. To measure the similarities and to remove
the technical effects due to the different sequencing technology used, the data was
integrated using Seurat’s reciprocal PCA method. The cell types were annotated based
on the original publications. We identified 9 major clusters, ventricular cardiomyocytes
(vCM), atrial cardiomyocytes (aCM), pericytes and smooth muscle cells, fibroblasts,
adipocytes, endothelial cells, mesothelial and epicardial cells, neuronal cells and
immune cells. We compared the sub cell types from the model organisms to the human
dataset, and observed no significant differences in aCM. We observed mouse specific
cell types in vCM, which had a high expression of Prune2 and a lower expression of

Myh7 and Plcl1. We also observed genes that encode mitochondrial respiratory chain
enzymes like Ndufa4, Ndufb11 and Cox7c showed higher expression in mice than in

human cell types. We saw macaque specific smooth muscle cell cluster which
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expressed POSTN, DES, ACTC1, which are the marker genes of aorta and coronary
arteries (Zhang et al. 2020). We further wanted to investigate the differences between
fibroblasts of humans and zebrafish, due to the capability of cardiac regeneration (Hu et
al. 2022). The genes responsible for regeneration, had a very low expression in very
less percentage of cells in humans compared to zebrafish. The study showed
differences that suggested functional and sampling specific differences. The study
showed the capability of scRNA-seq to identify species specific differences and

similarities.

3.1.1 Project contribution

Malte Spielmann and | designed the research. | performed the computational analysis.
Jelana Pozojevic, Varun. K.A. Sreenivasan, Malte Spielmann and | interpreted the
results. Jelana Pozojevic and | drafted the manuscript. Jelana Pozojevic, Varun. K.A.

Sreenivasan, Malte Spielmann and | revised and approved the final manuscript.
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Abstract

The structure and function of the circulatory system, including the heart, have undergone substantial changes with the
vertebrate evolution. Although the basic function of the heart is to pump blood through the body, its size, shape, speed,
regencration capacity, etc. vary considerably across species. Here, we address the differences among vertebrate hearts using
a single-cell transcriptomics approach. Published datasets of macaque (Macaca fascicularis), mouse, and zebrafish hearts
were integrated and compared to the human heart as a reference. While the three mammalian hearts integrated well, the
zebrafish heart showed very little overlap with the other species. Our analysis revealed a mouse-specific cell subpopulation
of ventricular cardiomyocytes (CM), represented by strikingly different expression patterns of specific genes related to high-
energy metabolism. Interestingly, the observed differences between mouse and human CM coincided with actual biological
differences between the two species. Smooth muscle and endothelial cells (EC) exhibited species-specific differences in
clustering and gene expression, respectively, which we attribute to the tissues selected for sequencing, given different focuses
of the original studics. Finally, we compared human and zebrafish heart-specific fibroblasts (FB) and identified a distinctively
high expression of genes associated with heart regencration following injury in zebrafish. Together, our results show that
integration of numerous datasets of different species and different sequencing technologies is feasible and that this approach
can identify species-specific differences and similarities in the heart.

Introduction and alligators) have a three-chambered heart, consisting of

two atria and a ventricle (Stephenson et al. 2017). Finally,

The heart is a complex organ at the center of the circula-
tory system, which pumps blood through the body, cna-
bling the exchange of nutrients, respiratory gasses, meta-
bolic waste, ctc. It has evolved over millions of years, from
simple structures like those seen in insects and worms to
powerful four-chambered mammalian hearts. In vertebrates,
a multi-chambered heart exists together with a closed vas-
cular system composed of arteries, veins, and capillaries.
The simplest vertebrate heart belongs to fish and consists
of two chambers, while most reptiles (except for crocodiles
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mammals and birds have a four-chambered heart that con-
sists of two atria and two ventricles, where the right ventri-
cle pumps deoxygenated blood to the lungs, while the left
ventricle pumps blood rich in oxygen to the rest of the body.
The four chambers of the heart are attached to major veins
and arteries that bring blood into (e.g., vena cava) or carry
blood away (e.g., aorta) from the heart, while the coronary
arterics (coming out of the aorta) supply blood to the heart
muscle itself. The heart is composed of multiple cell types,
including cardiomyocytes (CM) that gencrate contractile
forces, smooth muscle cells (SMC) and pericytes (PC) that
form blood vessels and play key roles in vascular contrac-
tion, tone, and integrity, endothelial cells (EC) that regulate
exchange between the bloodstream and the surrounding tis-
suc, fibroblasts (FB) that produce connective tissue and other
cell types such as neuronal-, lymphoid-, myeloid cells and
adipocytes (Alberts et al. 2002; Litvifiukova et al. 2020).
Single-cell sequencing technologies (sc-seq) have ena-
bled the detailed charactenization of these cell types based
on their gene expression profiles (Sreenivasan et al. 2022).
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The technology has facilitated the understanding of develop-
ment, differentiation, homeostasis and discases at cellular
resolution (Smajié et al. 2022; Huang et al. 2022). Within
the last few years, breakthrough sc-seq methods have been
applied to analyze the cellular composition of various organ-
isms and more specifically organs, including the heart (Cao
ct al. 2020). Morcover, the Human Cell Atlas initiative was
established with the aim to map the entire human body in
adults and in embryonic stages (https://www.humancellatlas.
org) (Cao et al. 2019, 2020).

With so many rich datasets spanning even evolutionarily
distant species available at our fingertips, here we set out
to integrate the sc-seq data from the hearts of adult mouse,
crab-cating monkey (M. fascicularis), and human, as well
as the recently published zebrafish (Danio rerio) adult heart
dataset (Vidal et al. 2019; Zhang ct al. 2020; Litvidukovi
ct al. 2020). The data from the two-chambered zebrafish
heart was of particular interest, since it possesses the abil-
ity to regencrate upon injury, which was recently attributed
to the transient cell states with fibroblast-like characteris-
tics (Hu et al. 2022). In contrast, mammalian hearts cannot
regenerate after an injury, instead leaving scar tissue with
decreased functionality.

Methods

Single-cell feature barcode matrices of heart tissue were
obtained from ERP123138 for adult humans (Litvifukovi
ctal. 2020), E-MTAB-7869 for adult mice (Vidal et al. 2019)
and GSE117715 for adult macaques (Zhang et al. 2020).
Orthologous genes from the BioMart (Ensembl Genes 107)
were used to create the feature barcode matrices of the three
species. Individual species were processed separately prior
to integration. Cells with more than 1500 UMIs and 1000
genes and less than 10% of mitochondnial genes and 10% of
ribosomal gene counts were used. Genes detected in more
than three barcodes were retained.

Seurat v4 was used for the downstream analysis. First,
cach species was log normalized using the standard work-
flow (as described in the Seurat—Guided Clustering Tuto-
rial) with 2500 highly variable features. Principal compo-
nent analysis (PCA) was done on the normalized and scaled
expression matrix. For integration, the common features
between the datasets were found using the Select Integration
Features function in Scurat, which was then used to identify
the anchors based on the reciprocal PCA method, where
the human dataset was used as the reference. The datasets
were integrated with Scurat due to its enhanced performance
with huge data (Tran et al. 2020). The integrated data was
then scaled and PCA was performed. The nearest neigh-
bor graph was built with 30 PCs, which was then clustered
using the Scurat FindClusters function based on the Louvain

24

algorithm. The Wilcox algorithm of the Scurat FindAliMark-
ery function was used to identify the differentially expressed
genes in cach of the clusters. The gene markers provided in
the three studies were compared to those identified by us to
annotate the major clusters.

For sub-clustering, the raw count data for endothelial,
smooth muscle cells, PC, ventricular CM, atrial CM, and
fibroblast cell types were individually subset and 1500
highly variable features were used for principal component
analysis. These subsets of cells were integrated across the
species based on Harmony at the reduced PCA space. Duc
to the efficiency of harmony in integrating identical cell
types sequenced by different technology, it was a method
of choice for integrating the cellular subpopulation (Tran
ct al. 2020). The nearest neighbor graphs were built on the
harmony-based reduction. The Louvain clustering approach
was performed based on the top 10 reduction components of
the integrated datasets. The Wilcox algorithm of the Scurat
FindAllMarkers function was used to identify the differen-
tially expressed genes in cach of the clusters. The cell type
markers from Litvifiukova et al. 2020 were used for identify-
ing the cellular sub-clusters.

For zebrafish heart tissue, the single-cell-barcode matrix
was downloaded from GSE159032 (Hu et al. 2022). The
orthologous genes in humans to the gene identifiers of
zebrafish were compiled. The cell-barcode matrix of human
and zebrafish were subset to contain only the orthologous
genes. The raw count data for FB were obtained from both
human and zcbrafish datasets. The datasets were then log
normalized and scaled before merging. The merged dataset
was integrated using Harmony, correcting for the specics
and samples. We then built a hierarchical cluster tree based
on harmony reduction using the BuildClusterTree function
in Scurat. The genes associated with the regeneration of FB
in the zebrafish dataset were visualized in the integrated
data to quantify the differential expression in humans and
zebrafish.

Gene ontology analysis was performed for the ventricular
CM cluster that was specific to mice using g: Profiler web
server (Raudvere et al. 2019). The top 500 markers with
adjusted p-value < (.05 and a higher percentage of cells
expressing the gene in the cluster were provided as input.
The gene ontological biological process terms that had a
negative log adjusted p-value > 10 were plotted.

Results

The adult hearts from the three species, namely human,
macaque (M. fascicularis) and mouse have been character-
ized using single-cell RNA sequencing (Vidal et al. 2019;
Litvidukové et al. 2020; Zhang et al. 2020). Human and
mouse datasets were sequenced by Chromium Single-Cell
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3’ protocol (10X Genomics) and macaque by STRT-seq.
The adult human heart and mouse heart datasets consist
of 451,513 cells and 12,710 cells, respectively, whereas
the macaque heart dataset generated only from the aorta
and coronary arteries consists of 7989 cells. To account
for the variation in sequencing technologics and the cell
types sequenced, we integrated the three species with Seu-
rat’s reciprocal PCA-based method followed by cluster-
ing (Fig. 1a, Mcthods). The marker genes provided in the
published datasets were used to annotate the clusters (Supp
Fig. 1a). We were able to identify the 9 major cell types
composing the adult mammalian heart (Fig. 1b). Ventricular
CM, atrial CM and adipocytes consisted of only human and
mouse tissues due to the sequencing focus of the macaque
heart tissue (Fig. lc, Supp Fig. 1b). Endothelial cells, PC,
and SMC had a higher percentage of cells originating from
the macaque tissue. 50% of the FB were composed of mouse
tissuc and the rest were equally represented by humans and
macaques.

We then investigated the cell subpopulations of atrial and
ventricular CM, endothelial cells, PC and SMC and FB. We
compared the identified cell subtypes with the adult human
heart study (Litvifiukové et al. 2020) and saw that FB, atrial
CM and EC were in agreement with the cell subpopula-
tions of the human heart atlas, though the approach to inte-
grate and sub-cluster the cell types was not identical to our
study (Supp Fig. 2). Although the cells integrated well, we
observed the segregation of macaque cells in the FB3 cluster
(Supp Fig. 2b).

On sub-clustering of the ventricular CM, we identi-
fied 6 cell subtypes (Fig. 2a). By comparing the cell type
compositions, we noticed a cluster consisting exclusively
of mouse cells that did not integrate into the human ven-
tricular CM (Fig. 2c, d). We sought to analyze the marker
genes of this mouse-specific cell type and saw that Myh7
and Plcll had a lower expression compared to other clusters,
while Prune2 had a higher expression comparatively. On the

Fig.1 Cell types and composition of adult mammalian hearts. a Inte-
gration of single-cell heart transcriptome data from human, macague,
and mouse. b 2D UMAP embedding of the major cell types after
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other hand, Ndufa4, NdufbI1 and Cox7c, marker genes of
human vCM4 that encode mitochondrial respiratory chain
enzymes, showed a slightly higher expression in mice than
in any human cell types (Fig. 2b, Supp Fig. 3).

We identified 7 subclusters of the PC and SMC (Fig. 3a).
Five of these cell types consisted of human and mouse sam-
ples (Fig. 3¢, d). PC4 had only cells from the human datasct
but it could represent unknown cell states or doublets, as
stated by the authors of the study (Litvidukovi et al. 2020).
Interestingly, we also saw a new smooth muscle cell type
SMC_macaque (Fig. 3c, d) which expressed the SMC mark-
ers of humans such as MYH11, ACTAZ, TAGLN and CNN/
as well as other marker genes such as POSTN, DES, ACTCI,
SORBS2 which were previously described as aortic and cor-
onary artery-specific (Zhang et al. 2020) (Fig. 3b). In addi-
tion, they expressed CSPGY, a marker gene for PC (Fig. 3b).

Next, we investigated the EC and could show that they
were composed of 10 cell subpopulations (Fig. 4a), defined
by the marker genes as described by human heart atlas study
(Litvifiukovd et al. 2020). The cells of the three species
integrated well and we did not observe any species-specific
clusters. However, EC7_atria and EC8_In were mainly com-
posed of macaque and mouse cells (Fig. 4c, d). Additional
genes highly expressed in the ECT_atria cluster include
ILI3RA2 and WIFI, associated with aortic artery EC in
macaque (Zhang et al. 2020). In contrast, lymphatic EC8_In
cells showed high expression of RELN, a gene expressed in
macaque lymphatic endothelial cells, consistent with the cell
type specificity in both macague and human. Furthermore,
we observed that CLDNS, previously associated with coro-
nary artery-specific EC in macagues, was expressed in all
clusters (Fig. 4b).

Finally, we wanted to study the differences between
human and zebrafish hearts. Humans and zebrafish are evo-
lutionarily distant, resulting in only 500 orthologous genes,
thus making it challenging to integrate the datasets com-
pared to integration of the mammalian species (Qiu et al.

e
E mmtﬁﬁ.

Vercrcuar Casomyocyres N
0 ,‘soa.-a:

integration. ¢ Percentage contribution of each species to the cells in
the major cell types



Comparative single-cell analysis of the adult heart and coronary vasadature

Fig.2 Ventricular CM. a 2D UMAP embedding of the cell subpopa-
lations of ventricular CM after integrating the cells from the two spe-
cies. b Dot plot of the cell type-specific marker genes. The key genes
showing differential expression between species are written in bold.

2022). The low heterogeneity in integrating an organ data-
sets versus the whole organism datasets adds another level
of complexity due to the low number of integration anchor
points (Lihnemann et al. 2020; Argelaguet et al. 2021).
Therefore, we focused on the integrating cardiac FB
of zebrafish and human datasets, since zebrafish FB
have recently been shown to play a major role in cardiac
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© 2D UMAP embedding of the integration of the cells from the two
species. d Contribution of each species to the percentage of cells in
the ventricular CM

regeneration (Fig. 5a, Supp Fig.4a) (Hu et al. 2022).
The zebrafish FB consisted of 11 cell subpopulations,
whereas the human FB had 7 subpopulations (Fig. 5b).
The regencrating FB have been shown to form a new cell
state 3 days post-injury, which consists of fibroblast (pro-
liferating), fibroblast (nppc), fibroblast (coll/ala) and
fibroblast (collZala) (Hu et al. 2022) (Supp Fig. 4b).
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Fig.3 Pericytes and smooth muscle cells. a 2D UMAP embedding
of the cell subpopulations of PC and SMC after integrating the cells
from the two species. b Dot plot of the cell typespecific marker

On hierarchical cluster tree analysis after integration, the
cell subpopulations from human datascts were distant
from the 4 zebrafish-specific cell states known for regen-
cration (Fig. 5c). Differential expression analysis of the
genes involved in zebrafish heart regeneration (Hu et al.
2022) revealed that COLI2AT was expressed in all the sub-
populations of human FB, while FB4 and FB7 expressed
POSTN and DKK3, respectively (Fig. 5d). All these genes
were expressed by a very low percentage of cells and
had an expression level lower in the human dataset than
the regenerating zebrafish FB (Fig. 5d). Taken together,
our data indicate that the human heart in contrast to the
zebrafish does not seem to contain FB with a regenerative
potential.
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Discussion

Recent years have brought an enormous development of new
single-cell technologies, enabling the discovery of subtle
differences in species-specific molecular programs or the
relative proportions of specific cell types at unprecedented
resolution. The ever-growing collection of single-cell tran-
scriptomic data decpens our knowledge of how organisms
or more specifically particular organs are built and how they
function. Here, we focused on the heart, a complex organ
that pumps blood in various organisms developed through-
out evolution, from fish to mammals. The obvious structural
and functional differences that exist among different spe-
cies were addressed from the sc-seq point of view, using
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Fig.4 Endothelial cells. a 2D UMAP embedding of the cell sub-
populations of EC after integrating the cells from the 2 species. b

Dot plot of the cell type-specific marker genes. EC_cap-—capillary,
EC_FB.-fibroblast, EC_art ial, EC_atria-—atrial, EC_ven—

the human heart as a reference. By integrating single-cell
transcriptomic data from adult human, macaque, mouse
and zebrafish hearts considering the orthologous genes,
i.c., those shared among these species, we aimed to find
specics-specific differences in molecular programs and cell
type proportions.

While there were no obvious differences between humans
and mice in the clustering of atrial CM, a mouse-specific
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venous, EC_CMC_likecardiomyocyte_like, EC_In-lymphatic. ¢
2D UMAP embedding of the integration of the cells from the three
species. d Contribution of each species to the percentage of cells in
the endothelial cells

cluster was observed for ventricular CM (vCM_mouse).
Given that in four-chambered mammalian hearts the left
ventricle pumps blood into the systemic circulation and that
the resting heart rate in mice is approximately 10 times faster
than in humans, we reason that these clustering differences
could be attributed to the actual biological/functional differ-
ences (Wessels and Sedmera 2003). We observed a slightly
higher expression of Ndufa4, Ndufbil and Cox7c in the
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Fig.5 Integration of human
and zebrafish cardiac FB. a
Single-cell integration of FB of
heart datasets from buman and
zebeafish. b UMAP embedding
of the integration of FB from
human and zebrafish. ¢ Hierar-
chical cluster tree analysis of the
fibroblast subpopulations. The
arange box encircles the popula-
tions of the human FB, while
the black box encircles the key
cell states involved in the regen-
eration of FB post-injury in
zebeafish. d Dogplot representa-
tiom of the expression of genes
essential for regeneration of FB.
The expression in zebrafish is
split by control and number of
days post-injury (dpi)
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vOCM_mouse cluster, which are nuclear-encoded mitochon-
drial genes and were previously associated with the vCM4
cluster in the human heart, characterized by a high energetic
state (Litvidukové et al. 2020). Gene ontology reactome
pathway analysis of the markers expressed in this cluster
revealed that most of them participate in cardiac conduc-
tion (e.g., Myh6, Pin, Kend2, Fgfl3). Furthermore, a mouse-
specific gene Prune2 was highly expressed in this cluster
and besides showing heart-specific expression, this gene
has been associated with energy metabolism in the mouse
heart (Song ct al. 2013). Interestingly, we also observed a
low expression of Myh7 in the mouse heart, a sarcomere
gene specifically expressed in human ventricular CM. In
rodents, expression of this gene is ventricular-specific dur-
ing embryogenesis, but downregulated postnatally, so that in
the adult mouse heart Myh6 is the main myosin heavy chain
gene, expressed both in the atria and ventricles (England
and Loughna 2013). Mouse-specific cells (vCM_mouse)
also expressed higher levels of Pcdh?7, calcium-dependent
adhesion molecule, as well as DicJ, a Rho GTPase activating
protein with tumor suppressor function that is essential for
embryonic development (Durkin et al. 2005). Another strik-
ing difference between the two species is the expression of
PLCLI, which is present in all vCM subpopulations of the
human heart, but not in the mouse-specific cluster. This gene
encodes a protein involved in inflammation, and an intronic
variant has been associated with myocardial infarction (Lin
ct al. 2015; Hahn et al. 2020). Of note, cardiomyocyte clus-
ters contain only human and mouse integration data, as the
macaque datasct includes sequencing data of aortas and
coronary arterics only.

Integration of PC and SMC was performed on datascts
from all three mammalian species and our results show
that the macaque-specific cluster (SMC_macaque) scpa-
rates from the others. This cluster shows high expression of
genes specific to the human SMC2 cluster (MYH11, ACTAZ,
TAGLN, CNN1), as well as CSPG4, a pericyte marker found
also in SMCs (Murfee et al. 2005). Furthermore, this cluster
expresses SMC genes specific to coronary arteries (DES,
ACTCI, SORBS2) and the aortic arch (POSTN) in macaque,
as described by Zhang et al., which might partially explain
the separate clustering. Of note, the SMC_macaque cluster
contains numerous ribosomal and mitochondrial genes, but
even upon regressing them the cluster stands out.

Endothelial cells integrated well for all three mamma-
lian species and we have not observed any species-specific
clusters. However, clusters EC7_atria and EC8_In consisted
mainly of macaque and mouse cells (even though they were
annotated based on the human data). In addition to the clus-
ter-specific genes (SMOCI, INHBA, NPR3), ECT7 _atria cells
were also found to express /LIIRAZ and WIFI, genes previ-
ously described to be specific for M. fascicularis EC origi-
nating from the aortic arch. In addition to the cluster-specific
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genes (PROXI, TBX1, PDPN), EC8 lymphatic cells showed
high expression of RELN, in accordance with its specific-
ity for the lymphatic ECs in M. fascicularis (Zhang ct al.
2020). We have also observed that one of the marker genes
for venous EC6_ven human cells—ACKR ] —was character-
ized as a coronary artery-specific EC gene in the macaque
dataset. Although our results show distinctively higher
expression of this gene in the EC6_ven cluster as compared
to other EC clusters, revisiting the single molecule fluores-
cent in situ hybridization (smFISH) image from the original
publication showed its weak expression in arteries as well
(Litvifiukové ct al. 2020).

Human and mouse FB integrated well, while macaque
cells clumped together with the human FB3 cluster probably
due to the sampling bias. The FB3 subtype of human FB was
characterized by expression of the cytokine receptor genes
(c.g., OSMR, ILAST) and it was reported to be less abundant
in the left ventricle as compared to other human fibroblast
subtypes (Litvidukova et al. 2020). Consistent with this, the
macaque heart dataset contains adventitial FB that make up
the outermost layer of a blood vessel, composed mainly of
collagen and clastic fibers secreted by FB.

Because of the evolutionary proximity, the three mamma-
lian heart datasets integrated well, whereas the integration
of the zebrafish heart dataset was challenging due to a low
number of orthologous genes with the other three species,
resulting in poor clustering. Therefore, we focused only
on the heart FB, since they were recently shown to play a
role in the heart regeneration process following injury in
zebrafish (Hu et al. 2022). The regencration-specific cell
states in zebrafish (e.g., proliferating, nppc-, colllala-, and
coll2ala-expressing FB) were more distant to the human
cells than other zebrafish cell types, as shown by hierarchi-
cal cluster tree analysis. Importantly, these cell states exist
only upon injury, and their gene expression patterns should
be viewed in light of these events. Thus, the most accurate
comparison of the two species would include only the non-
injured heart samples, and splitting the zebrafish dataset
(into control and different timepoints post-injury) enabled
a better comparison to the human dataset. Our results show
that all the genes relevant for regeneration in the zebrafish
heart are weakly expressed in the non-injured human heart.
Striking differences among the two species include expres-
sion levels of POSTN, TGFB3, SFRP1, and DKKS3, all higher
expressed in zebrafish. All these genes encode proteins that
belong to TGF and WNT signaling pathways, which mutu-
ally interact and play key roles in fibrotic response (Akhmet-
shinact al. 2012).

Our study also has limitations: first, the heart tissuc
was sampled quite differently between mouse, human, and
zebrafish compared to the macaque. Since other datasets do
not sample aorta, the differences seen in the EC could have
arised due to this cell population bias. Due to this sampling
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bias towards aorta in the macaque, comparisons with other
cell types should be interpreted with caution. Second, there
are strong differences in cell numbers between the species.
Third, no validation experiments were performed due to very
limited sample access.

In summary, we have integrated single-cell transcriptomic
heart datasets of four species, and while it was straightfor-
ward for those that are evolutionarily close, divergent species
could also be compared by focusing on a selected cell type.
The observed species-specific differences could be explained
by taking into consideration multiple factors such as func-
tional differences, origin of tissue, and gene nomenclature.
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Supp Fig 1: Integration of single cell heart transcriptome data a) Dot plot of the cell type-
specific marker genes, split across species. b) 2D UMAP embedding of the integration of the
cells from the three species (human dataset downsampled to the size of mouse dataset).
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Supp Fig 2: Fibroblasts and atrial cardiomyocytes a) 2D UMAP embedding of the cell
subpopulations of fibroblasts after integrating the cells from the three species. b) 2D UMAP
embedding of the integration of the cells from the three species in fibroblasts. c) 2D UMAP
embedding of the cell subpopulations of atrial cardiomyocytes after integrating the cells from
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the three species. d) 2D UMAP embedding of the integration of the cells from the three species
in atrial cardiomyocytes.
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Supp Fig 3: Gene Ontology analysis of ventricular cardiomyocytes specific to mice.
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Supp Fig 4: Integration of cardiac fibroblasts from human and zebrafish datasets a) 2D
UMAP embedding of the after integrating the cells from human and zebrafish dataset. b) 2D
UMAP embedding showing the new population of fibroblasts 3 days post injury.
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3.2 STIGMA: Single-cell tissue-specific gene prioritization using

machine learning.

Balachandran, Saranya, Cesar A. Prada-Medina, Martin A. Mensah, Naseebullah
Kakar, Inga Nagel, Jelena Pozojevic, Enrique Audain, et al. American Journal of Human
Genetics, 8 January 2024, S0002-9297(23)00443-3.
https://doi.org/10.1016/j.ajhg.2023.12.011.

The study aimed at implementing a machine learning model which would learn gene
expression signatures from single cell developmental datasets to prioritize candidate
disease genes for congenital diseases. STIGMA uses feature input from scRNA-seq
data and gene-intrinsic properties. From scRNA-seq data, we extracted gene-level
metrics like mean, variance and fold change expression of gene and percentage of cells
expressing the gene per cell type. Pseudo-temporal developmental trajectory was built
per cell type to access the dynamics of expression along the maturation state of the cell
type. We tested our approach using SVM and Random forest, of which we received a
low precision with SVM, hence Random forest was selected as a model of choice.
Random forest based supervised machine learning model was trained on known
disease associated genes and tolerant housekeeping genes. This was based on the
assumption that genes associated with congenital diseases have cell type specific
expression (Tu et al. 2006). Thus STIGMA does not prioritize genes with syndromic
phenotype. The model was trained on SMOTE-ADASYN based class balanced data on
known seed genes associated with the disease (positive class) and tolerant
housekeeping genes (negative class). A 5-fold cross validation approach was used to
access the model performance. The model was implemented in two disease settings
namely, congenital limb malformations and congenital heart disease.

STIGMA was trained on three mouse limb datasets, two were published and one was
sequenced in the study. The model was trained on a positive class of known disease
associated genes (n=87) from PanelApp and a negative class of tolerant housekeeping
genes (n=643). Using SMOTE for class imbalance correction, resulted in both classes

having 643 genes. The area under the curve (AUC) of receiver operator curve was 0.99
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and at a threshold of 0.725, the model has a sensitivity of 0.9545 and a precision of
0.875, predicting 864 STIGMA candidate genes (SCGs). We saw enrichment of SCG’s
in limb associated phenotypes by the Monarch Initiative (Mungall et al. 2017) with a
Fisher’s exact test p-value of 5.5e-14 and 2.3e-6 in human and mouse respectively. In a
cohort of 69 patients with congenital limb malformation harboring 7,082, potential
non-structural loss of function variants, STIGMA prioritized 345 genes having 469
variants. Of these, UBAZ2 had de novo pathogenic variants and DUS2, MAPK1, F11R,
PHIP had de novo variants. Another interesting finding in the study was two genes
UBA2 and PHIP associated with similar disease profiles ectrodactyly and oligodactyly
had similar temporal expression pattern in the mesenchymal-chondrocytes, -fibroblasts,
ectodermal-sost, and muscle cells.

We wanted to implement STIGMA on congenital heart disease. Given the availability of
human fetal atlas, we used this dataset to acquire the scRNA-seq feature input for the
model. The model was trained on a positive class from a manually curated gene list
(Audain et al. 2021) (n=36), which was the resultant of filtering ubiquitously expressed
genes against the sc-seq mouse organogenesis dataset (Cao et al. 2019) and a
negative class of tolerant housekeeping genes (n=643). As before the class was
balanced with SMOTE. Upon cross validation, we obtained a ROC curve with AUC of
0.9972. At a threshold of 0.57, the sensitivity and precision were 0.8333 and 0.8421
respectively. We validated our predictions with the published literature. In a CHD cohort
of 7,958 individuals harboring 4,190 de novo variants, we predicted 468 genes with 543
variants to be candidate disease associated genes. Of the predicted genes, 34 genes
had non synonymous de novo variants in two or more individuals, among which 10
genes had heart phenotypes reported.

In both implementations of STIGMA, we saw features related to scRNA-seq were
significant in the prediction of the candidate disease genes. Overall, our findings
demonstrate that STIGMA effectively prioritizes tissue-specific candidate genes by

utilizing scRNA-seq data.
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3.2.1 Project contribution

Malte Spielmann and | designed the research. Cesar A. Prada-Medina, Martin Kircher,
and Varun K.A. Sreenivasan gave advice on the research design. Juliane Glaser
generated the in-house limb gene expression data. Limb gene expression data were
analyzed by Cesar A. Prada-Medina and me. | developed the gene prioritization
machine learning model. Martin A. Mensah, Naseebullah Kakar, Inga Nage, Jelena
Pozojevic, Enrique Audain, Marc-Phillip Hit,Varun K.A. Sreenivasan, Malte Spielmann
and | interpreted the results. Varun K.A. Sreenivasan and | drafted the manuscript.
Cesar A. Prada-Medina, Martin A. Mensah, Naseebullah Kakar, Inga Nage,Jelena
Pozojevic, Enrique Audain, Marc-Phillip Hit, Martin Kircher, Varun K.A. Sreenivasan,

Malte Spielmann and | revised and approved the final manuscript.
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ARTICLE

STIGMA: Single-cell tissue-specific
gene prioritization using machine learning

Saranya Balachandran,' Cesar A. Prada-Medina,>'' Martin A. Mensah,’* Juliane Glaser,'”
Nasecbullah Kakar,' Inga Nagel,' Jelena Pozojevic,! Enrique Audain,”*” Marc-Phillip Hitz,”5
Martin Kircher,! Varun KA. Sreenivasan,'* and Malte Spielmann’.®**

Summary

Clinical and g ing have futionized the understanding of human disease genetics. Yet many genes remain
functionally unduu«mmd complkatlng the establishment of causal disease links for genetic varlants, While several scoring methods
have been devised to prioritize these candidate genes, these methods fall short of capturing the expression heterogeneity across cell sub-
populations within tissues, Here, we Introduce single-cell tissue-specific gene prioritization using machine leaming (STIGMA), an
approach that leverages single-cell RNA-seq (scRNA-seq) data to prioritize candidate genes assoclated with rare congenital diseases,
STIGMA prioritizes genes by learning the temporal dynamics of gene expression across cell types during healthy organogenesss, To
assess the efficacy of our framework, we applied STIGMA to mouse limb and human fetal heart scRNA-seq datasets, In a cohort of in-
dividuals with congenital limb malformation, STIGMA prioritized 469 variants In 345 genes, with UBA2 as a notable example. For
congenital heart defects, we detected 34 genes harboring nonsynonymous de nove varants (nsDNVs) in two or more individuals
from a set of 7,958 individuals, including the ortholog of Prdm1, which s assoctated with hypoplastic left ventricle and hypoplastic
aortic arch. Overall, our findings demonstrate that STIGMA effectively prioritizes tissue-specific candidate genes by utilizing single-
cell transcriptome data, The ability to capture the heterogenelty of gene expression across oell populations makes STIGMA a powerful
tool for the discovery of disease-assoclated genes and factlitates the identification of causal vartants undetlying human genetic disorders,

Introduction

The widespread introduction of next-generation sequencing
approaches has rendered the analysis of genes a routine in
the clinical setting. It has benefited the ongoing discovery,
functional annotation, and disease mappings of genes (e.g.,
HPO," OMIM’)" as well as improvements In tools and re-
sources to call, annotate, prioritize, and filter variants within
these genes (e.g., gnomAD,"' DECIPHER"). As a result, the
diagnostic yleld with genome or exome sequencing has
been steadily increasing, recently reaching 41%." However,
to date, a causal disease link has been established for variants
in only about 5,000 genes.”” Consequently, many poten-
tially deleterious varlants in genes of unknown function
are classified as varlants of uncertain significance (VUSs)
and do not contribute to a diagnosis of rare diseases, until
further validated by experimental verification, e.g., using in
situ hybridization. [n other words, incomplete gene-disease
assoclations remain a significant bottleneck In finding a
molecular diagnosis in individuals with rare genetic
diseases. Gene prioritization can help overcome this
limitation. ™

Gene prioritization refers to arranging genes In the order
of probability of association with a disease. It can help nar-
row down the list of candidate genes under consideration.
Gene prioritization usually requires prior knowledge about
the genes, Including (1) alist of seed genes that are known to
be associated with the disease and (2) data on the genes/pro-
teins, such as protein-protein interactions, gene expression
profiles, known functional annotations (ontelogy, path-
ways etc.), disease-gene asscclations,” and Intrinsic gene
properties (genomic posmon sequence, GC content, con-
servation, structure, etc.).” A computational model then
assigns a “disease-causing” probability to every gene either
based on existing annotations for that gene or based on
“guilt by assoclation” with known disease-assoclated genes
in Interacting networks or machine leaming models.” The
tools that rely on functional annotations or disease assocla-
tions of the gene being prioritized are often heavily blased
toward highly characterized genes.” Such methods have
also been reported to yield false positive predictions
due to evolving disease-gene assoclations.'’ In contrast,
tools such as GeneFriends,”” GADO," EvoTol,'* and
GeneTIER" that rely exclusively on gene expression data,
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evolutionary intolerance, and intrinsic gene data are inher-
ently unbiased. For example, GeneTIER is based on the
hypothesis that “genes responsible for a tissue-specific
phenotype are expected to be more highly expressed in
affected than unaffected tissues."’*'® Such annotation-
agnostic tools can prioritize candidate genes lacking func-
tional annotations.” However, most current gene expres-
sion-based prioritization tools use bulk-RNA sequencing
(bulkRNA-seq) data (e.g., GTEx'") contalning expression
profiles at an organ-level resolution.”* This introduces two
major issues with regards to the specificity of gene expres-
sion. Firstly, the expression of cell type-specific genes are
averaged out in these datasets. Secondly, such approaches
do not explicitly consider the temporal dynamics of expres-
sion, which Is cruclal during organogenesis. In the context
of diagnosing a rare congenital disease, this can lead to the
current approaches being non-specific and insensitive. For
instance, the inability to predict a known disease-gene asso-
clation in the case of Parkinsonism-dystonia (MIM:
613135) was attributed by the authors to the highly cell
type-specific expression of SLCAA3 (MIM: 126455)." Using
cell type- and developmental time-specific gene-expression
data could improve the gene prioritization outcome.

The boom of single-cell sequencing (sc-seq) has enabled
the creation of cell atlases of humans and model organ-
isms, providing reference maps with cell types, cell states,
their gene expression profiles, spatial location, and chro-
matin profiles throughout embryogenesis and adult-
hood.'” ** The technology has enabled a more in-depth
analysis of molecular mechanisms throughout a lifetime
(Le., from embryogenesis through birth to old age) in states
of health and disease at cellular resolution and Is trans-
forming healthcare.” ** These cell atlases are already
being used to prioritize variants or to establish variant-to-
function mappings.”” However, to the best of our knowl-
edge, single-cell RNA sequencing (scRNA-seq) data have
not yet been applied for gene prioritization, where the
cell type-specific or developmental stage-specific expres-
sion profiles are taken into consideration. Arguably, the
only exception is a recently published risk gene identifica-
tion method, VBASS."" VBASS uses scRNA-seq data to iden-
tify disease-associated genes from de novo vartant data from
large cohorts. In contrast, the goal of gene prioritization as
discussed here is to narrow down the list of candidate
genes In rare disorders or a single individual.

Here, we Introduce scRNA-seq data-based gene prioriti-
zatlon for congenital diseases by developing single-cell tis-
sue-specific gene prioritization using machine learning
(STIGMA). STIGMA predicts the disease-causing probabil-
ity of genes based on their expression profiles across cell
types, while considering the temporal dynamics during
the embryogenesis of a healthy (wild-type) organism, as
well as several Intrinsic gene properties. We validate our
approach by applying the model on mouse limb and hu-
man fetal heart scRNA-seq datasets, to prioritize genes for
congenital limb malformations and congenital heart dis-
ease (CHD), respectively. STIGMA successfully predicted

several gene-disease assoclations, such as UBA2 (MIM:
613295), which was recently reported to be related to
limb malformations,”’ as well as ALDOB (MIM: 612724)
and MMP9 (MIM: 120361) that have been assoclated
with ventricular septal defect (MIM: 614429).""" It also
suggested PRDMI (MIM: 603423), the orthelog of which
has been shown to be assoclated with hypoplastic left
ventricle and hypoplastic aortic arch in mouse models
(MGL: J:175213).

Material and methods

Preparation of mouse limb scRNA-seq data

All of the following steps were carried out using cellranger (v.3.0,
10x Genomics),’' scrublet (v.3),"" seurat (v.3)," biomaRt
(v.2.46.3)," splines (v.4.0.0), " and monocle3™ as well as standard
packages for R (v.4.0.5) and python (v.3.7.4).

The wild-type mouse scRNA-seq data are a combination of a da-
taset generated in this study and published d The g d
data originate from forelimbs (£9.5 to E12.5) and hindlimbs (E11.5
to E12.5) and it was combined with published scRNA-seq datasets
of the forelimb between time points E10.5 and E15.0 from
ENCODE accession ENCSR713GIS" (fastq files) and of the hin-
dlimb between time points E11.5 and E18.5 from GEO accession
GEO:- GSE142425"" (gene-barcode UMI count matrices).

When the UMI count matrix was not avallable, cellranger'* was
used with default parameters to generate it from the fastq files,
Scrublet™ was used to detect doublets and only cells with doublet
scores below 0.2 were retained for the analysis, Further, only cells
with more than 1,000 UMI and 500 genes and less than 10% mito-
chondrial DNA and 501% of ribosomal gene content were retained,
Ribosomal and mitochondrial genes were removed for calculating
cell embeddings, The data were normalized using SCTransform
function in seurat™ with 6,000 highly variable genes (hvgs). At
this point, the datasets from the three sources were integrated to
remove batch effects using the builtin integration pipeline in
seurat’™ " based on 1,000 genes as integration anchors. Prin-
cipal comp (PC) lysis based on the top 1,000 hvgs was
performed on the integrated data to reduce the dimensionality.
The nearest neighbors cell.cell graph built using the top 50 PCs
was clustered using the Louvain algorithm,'” with a resolution
of 0.05. Cell-type marker genes were sdentified by differential
expression (DE) analysis using the ROC approach implemented
in the FindAliMarker function in seurat. DE analysis was performed
on genes passing the cut offs of average fold change (|
avg_JogFC| = 0.25) and percentage of cells expressing the gene
per cluster (min,pct > 0.1). The DE genes were used to annotate
the main clusters, The clusters (immune cells, neuronal cells,
vascular cells, and erythrocytes) that represented less than 4% of
the data and those that were deemed not to generate limb-specific
congenital malformations were removed, The remaining clusters
were further sub-clustered (muscle cells: nhvg = 500, npcs = 20;
ectoderm: nhvg = 500, npcs = 20; mesenchyme: nhvg = 1,000,
npcs = 35) and annotated as before. Several characteristics of
gene expression were also calculated using seurat to be used as
STIGMA-classification features for each gene. These Included
mean expression in each sub-cluster (AverageExpression), variance
In expression within each sub-cluster (HVFInfo), the percentage
cells expressing the gene in each sub-cluster (PretCellExpringGene),
and the fold.change in expression between each sub.cluster and
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the rest of the cells (FoldChange). Only genes that had an average
expression greater than O in at least 1 of the cell types were
retained.

Trajectory analysis to capture the gene expression dynamics was
performed separately for each sub-cluster using the monocle3™
workflow. The cells were ordered using order_cells with the earliest
embryonic time point set as the root. The resulting pseudo time
data were pooled into 20 bins and the average expression of the
genes in each of these bins was calculated. To adapt this temporal
data Into a feature for random forest classification, it was fitted to a
cubic spline function with 10 control points using the bs function
of the splines package. The coefficients of the spline were obtained
for each of the genes per cluster by solving the least squares fit and
used as input features for the model.

Preparation of human fetal heart scRNA-seq data
Analyses were camied out using Seurat (v.4), splines (v.4.0.0),
manocled’” as well as standard packages for R (v.4.0.5) and python
(v.3.7.4). The human cell atlas of fetal gene expression consisted of
101,748 cells from 121 human fetal samples with data from the
heart, ranging from 90 to 122 days post-<conception,’” Data were
downloaded as a loom file and contained 16 annotated cell types,
Only the cell types representing at Jeast 1.5% of the data were re-
tained. The remaining processing of the dataset, like calculating
the gene features per cluster, was identical to that of mouse limb
SCRNA-seq data described above.

Intrinsic gene properties as features for classification
Processing steps were carried out using the R packages biomaRt
(v.2.46.3), GenomicFeatures (v.3.10.0),"" BSgenome Hsapien-
s.UCSC.hg38 (v.1.4.3),"" and Repitools v.1.36.0"" for R (v.4.0.5).
Gene constraints such as pLl, pNull, pRec, syn_Z, mis_Z, and
lof_Z metrics for protein.coding genes were downloaded from
gnomAD (v.2.1.1)." When absent and for non-coding genes,
these metrics were imputed (see steps 1-3 In classification pipe-
line). To estimate the GC content of each gene and its upstream
promoter region, the list of known genes for the human genome
bulld hg38/GRCh3E was obtained using the BSgenome Hsaplen-
sUCSC. hg3s library. For every gene, the promoter sequence,
spanning 500 base pairs upstream and 100 base palrs downstream
of the transcription start site, was obtained using the prowoters
function on the BSgenome. Hsaphens. UCSC hg3s object, The per-
centage GC content in the gene and the promoter sequences
were separately estimated using geContentCale and used as classi-
fer features for the genes. Additionally for the limb dataset,

h ortholog confidence (BioMart) was included as
input feature.”"’

Positive and negative classes for congenital limb
malformation

The green list of genes assoclated with “Limb Disorders”
(PanelApp v.2.0, downloaded on 23 June 2021)"" was filtered to
Include only genes that show cell type specificity In expression,
The average expression of the genes was quantified for each sub-
trajectory within epithelial, hepatic, and mesenchyme trajectories
in the mouse organogenesis cell atlas, ™ If a gene had the same
expression (SD = 1) In more than 10 sub-trajectoties, they were
fltered out. The negative tralning set was composed of house-
keeping genes that were LoF tolerant based on gnomAD
(pNull > pRec and pNull > pLI).""""

Positive and negative classes for congenital heart
disease

A curated list of genes known to be associated with congenital
heart disease,”' whose average expression was not ubiqui
across epithelial, hepatic, mesenchyme trajectories in the mouse
organogenesis cell atlas,” was used for the positive class of the
training set. As before for the predictions on the limb dataset,
housekeeping genes that were LoF tolerant based on gnomAD
(pNull = pRec and pNull > pLI) were used as the negative training
se“l'l,"ll

Classification pipeline

The following steps were carried out using the sklearn (v.0.24.2)™
package for python (v3.7.4). A pipeline was set up using the
make_pipeline function to optimize the parameters of the dassifier.
The classification workflow consisted of the following steps: (1)
iterative imputing, (2) scaling, (3) synthetic oversampling, and
(4) generating the random forest model. Missing data in the data.
set were imputed using the [terativelmputer from scikit-learn with
default parameters. The data were scaled using the MinMaxScaler.
The class imbalance in the positive and the negative classes was
corrected by synthetic minority oversampling using an adaptive
synthetic (SMOTE-ADASYN) algorithm. "’ This algorithm was cho-
sen because it creates a synthetic representative dataset rather than
simply duplicating the minor d. The best | for syn.
thetic oversampling (n_neighbors) and the random forest model
(n_estimators, max_depth, min_samples_split, min_samples_leaf)
were optimized using GridSearchC'V based on recall (for congenital
limb malformations: adasyn: n_neighbor = 10, randomforest:
n_estimators = 130, max_depth = 15, min_samples_split = 2,
min_samples_leaf = 1 and for congenital heart disease: adasyn:
n_neighbor = 5, randomforest: n_estimators = 90, max_depth =
30, min_samples_split = S, min_samples_leaf = 1).

The final random forest model was bullt based on these opti-
mized parameters and bootstrap resampling. Features that were
significant for the performance of the model were obtained us-
ing the attribute feature_importances_. S-fold cross-validation
was used to calculate the out-of-bag error to validate the model
and to avoid overfitting. The trained model was used to dassify
all genes. Those represented in the training classes were later
removed from the predicted list. The area under the curve and
other ROC metrics were calculated using the roc_cunve function
of sklearn.metrics. The threshold was chosen by plotting the
density graph of the validation dataset (Figures 2F and 3D).
The probability at which the negative class was at 0 density
was chosen as the threshold. It is worth noting that the dupli-
cated use of the same dataset for parameter optimization
and validation likely leads to slightly inflated ROC metrics.
The rel ly small ber of high-.confidence positive class
genes made the creation of a dedicated hold-out set for model
validation Impractical. However, this limitation can be over-
come In the future as more genes acquire phenotypic
annotations,

UMAP embedding of training classes based on input
features

The Input data were imputed, scaled, and class balanced as stated
before, The UMAP object was constructed using the UMAP library
of python, The fit_transform method of the UMAP class learns the
embedding and transforms it to a numpy array, which is then
plotted using the scatterplot method of plotly.
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Explorative analysis based on Monarch Initiative

All gene phenotypes were downloaded from the Monarch Initia-
tive Explorer.”’ Disease-specific ontology terms were downloaded
from MouseMine.”” Fisher's exact test was performed to verify the
significance of the assocation between phenotype and STIGMA
ranking.

Results

STIGMA model setup

Since we set out to predict the probability of every gene to
be associated with the disease of interest, including those
with little or no prior functional annotation, STIGMA
was designed to use only scRNA-seq data and gene-
intrinsic properties as features for model training and pre-
diction (Figure 1A). The scRNA-seq data from wild-type
samples during embryonic development were obtained
from published datasets as well as datasets generated in
this study. Gene expression in these datasets was encoded
at the cell cluster-level to represent cell type specificity and
developmental dynamics. Gene-level metrics per cluster

included mean, variance, fold change compared to the
rest of the cells, and the fraction of expressing cells. Devel-
opmental dynamics were captured by organizing the cells
along a pseudo-temporal developmental trajectory and
aggregating the gene expression along pseudo-time bins.

The gene-intrinsic properties included gene constraint
metrics from gnomAD and GC content of the gene as
well as its promoter. The gene constraint metrics used
were related to the genes' (in)tolerance to Lok, synony-
mous, or missense variants, specifically the pLI (probability
of being Intolerant to LoF heterozygous variants), pRec
(probabllity of being intolerant to LoF homozygous vari-
ants), pNull (probability of being tolerant to LoF variants),
syn_Z (Z score of the number of synonymous variants in
gene), mis_Z (Z score of the number of missense varlants
In gene), and lof_Z (Z score of the number of LoF varlants
in gene)'” scores.

The supervised learning of these features in STIGMA was
tmplemented using a random forest classifier’”""
(Figure 1B). This machine leaming algorithm has been
widely used in disease classification due to its ensemble
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property that allows combining predictions from multiple
decision trees and due to its interpretability.””"* This
cholce was also based on our preliminary tests on other al-
gorithms, such as support vector machines, which ylelded
suboptimal validation outcomes (e.g., precision = (.413).
The model was trained on the aforementioned features us-
ing two classes of genes: (1) a positive class, composed of
genes known to be associated with the disease of Interest
and (2) a negative class, composed of housekeeping’’
genes that were more probable to be “tolerable” to LoF
than being intolerant to homozygous or heterozygous
LoF (i.e., pNull > pRec and pNull > pLI).*” Due to the ublg-
ultous expression of housekeeping genes, STIGMA will
likely not prioritize genes with syndromic phenotypes.
Conversely, congenital diseases, which are the focus of
STIGMA, are most likely caused by the LoF of genes crucial
to the development of a distinctive organ and will likely
exhibit increased temporal and/or tissue-level expression
specificity.”” The model performance in terms of accuracy,
sensitivity, and precision was evaluated using a S-fold
cross-validation approach. Separate models were generated
to prioritize genes for each of the two congenital disease
groups, with disease-specific positive class and the associ-
ated model features.

STIGMA for congenital limb malformations

First, we trained STIGMA to predict genes assoclated with
congenital limb malformations. Congenital limb malfor-
mations were chosen since the dlagnostic yleld is currently
quite low, at Jess than 204, and candidate genes are likely
to have a distinct cell type-specific expression in the limb.
scRNA-seq data were compiled from three mouse limb da-
tasets, two published*’'" and one from this study across
embryonic days E9.5 to E18.5, spanning the period of
limb development from the appearance of limb buds to in-
terdigital separation and the completion of the limb
outgrowth.” The data represented a total of 151,444 cells
and 40,098 genes of which 19,571 had a human ortholog.
Standard analysis including dimensionality reduction,
clustering, and differential gene expression analysis re-
vealed seven main cell types (Figures 2A and 2B), which
were annotated based on marker genes (Figure 2C). Next,
we reduced the dataset to contaln only mesenchyme, ecto-
derm, and muscle cells by removing immune cells,
neuronal cells, vascular cells, and erythrocytes, which
have not been described to cause limb-specific congenital
morphological malformations.”’ The final dataset con-
tained 144,266 cells. Further sub-clustering to increase
the cell type specificity of gene expression profiles led to
two ectoderm sub-clusters and four mesenchyme sub-clus-
ters, which were manually annotated (Figure 51). Pseudo-
bulk gene expression of every gene was calculated per
sub-cluster at several pseudo-time bins (Figure 2D).

The positive class of genes (n = 88) was a subset of the
diagnostic-grade “green” list of genes in the panel “Limb
Disorders” from the Genomics England PanelApp.*™ We
removed genes that showed pervasive expression in all tra-

jectories In the mouse organogenesis cell atlas (MOCA)
(Figure $2),"" resulting in 87 genes in the positive class.
Tolerant housekeeping genes (643 genes) were used for
the negative class (lable S1 containing gene lists of both
classes). Class imbalance-correction by SMOTE resulted
in a size of 643 for both classes. To verify whether positive
and negative classes segregate based on the selected model
features, we visualized the genes by projecting all the input
features onto a 2D uniform manifold approximation and
projection (UMAP), which showed a clear segregation be-
tween the two classes (Figure 2E), suggesting that a classifi-
cation based on the features included in the model was
appropriate.

Next, we used the positive and negative training classes
to optimize the hyperparameters of the classifier using
GridSearchCV. The hyperparameter-optimized model was
tralned using 5-fold cross validation. The receiver operator
characteristic (ROC) curve, where the sensitivity (true pos-
itive rate) is plotted against 1-specificity (false positive
rate), had an area under the curve (AUC) of 0.99
(Figures 2F and 2G). At a threshold STIGMA score (dis-
ease-causing probability) of 0.725, the sensitivity and the
precision of the binary classifier reached 0.9545 and
0.875, respectively. Application of the final model trained
on single-cell features on all genes resulted In 864
STIGMA-predicted candidate genes (SCGs) assoclated
with congenital limb malformations with STIGMA scores
greater than 0.725 (Table 52).

Since the random forest model lends itself to the analysis
of relative importance of the varlous features that
contribute to the classifier, we wondered to what extent
the single-cell features influenced the model. Including
pseudotime features, the single-cell features had a feature
Importance mean square of 3.25 to contrast with a value
of 0.01 for gene-intrinsic properties (Figure S3A). In other
words, the STIGMA score that each gene recelves Is based
on the cell type-specific temporal dynamics in gene expres-
sion and, to a smaller extent, Is based on the gene-intrinsic
metrics, including the population-level constraint metrics.
We also confirmed the Importance of single-cell data for
the performance of STIGMA by training on pseudo-
bulkRNA-seq data generated from the same dataset. This
resulted In a dramatic drop in performance, leading to
the misclassification of nearly 4% of the positive class
genes. Moreover, as can be expected from the feature
importance plot, the cell type-specific expression alone is
also insuffictent to classify the genes (Figure 54). Together,
these analyses indicated the combined importance of cell
type-specific and pseudotime-specific gene expression
information.

We verified these SCGs by several means. Firstly, we sys-
tematically explored the phenotypes reported for the SCGs
and non-SCGs by the Monarch Initiative,”" a portal for ge-
notype-phenotype data across multiple species, with the
rationale to expect enrichment of genes with limb-associ-
ated phenotypes In the top-ranking STIGMA genes.
Indeed, this analysis (Figure 2H; Table S3) showed a
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Figure 2. scRNA-seq dataset and perfor.
mance of the disease-gene dassifier for
congenital imb malformations
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- LoF variants in a previously published cohort
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study, are highlighted.
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significant enrichment of genes with at least one limb-
assoclated phenotype in SCGs when compared to bottom
ranking genes in both human (84 vs. 14 genes) and mouse
(46 vs. 11), with Fisher's exact test p values of 5.5¢e—~14 and
2.3e—6, respectively. Secondly, we checked the representa-
tion of genes labeled “Amber” (borderline evidence) and
“Red” (low level of evidence) in the Limb Disorders panel
of PanelApp in the STIGMA top and bottom ranking genes.
This also showed a 5-fold enrichment (10 vs. 2), with a
Fisher’s exact test p value of 0.038.

As a final means of validation, we performed a manual
search through the literature for reports where the SCGs
were assoclated with imb disorders. This led to the identi-
fication of 112 SCGs, which were either genes with known

STIOMA

L """ not in our positive tralning class), or

genes that had nominal evidence in

the literature (Table 53). For example,
genes that were assigned a disease probability of greater
than 0.9 included HAS2 (MIM: 601636) and FGFR3
(MIM: 134934), which are known to be assoclated
with limb malformations."*"" While FGFR3 is on the
PanelApp green list (limb disorders), it was not included
In STIGMA's positive class training list, because of its ublg-
uitous expression in MOCA. Another example Is UBAZ,
which was ranked 309 by STIGMA with a probability of
(.81, and was recently reported to be associated with ectro-
dactyly (MIM: 619959).""" In addition, as a means of
further validation, we also identified several genes that car-
ried potential LoF mutations in a cohort study of undlag-
nosed individuals with congenital limb malformations
(Figure 21)."" Of the 7,082 potential rare non-structural
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LoF varlants identified by genome sequencing in 69 indi-
viduals with congenital limb defects,”' 469 variants were
found In 345 genes with STIGMA scores higher than the
classification thresheld of 0.725. These comprised eight
of the nine genes found to carry likely pathogenic varlants
in the original study, Including well-described genes with
variants previously assoclated with limb disorders, such
as HOXDI13 (MIM: 142989) and GLI3 (MIM: 165240)
from the positive training class as well as the STIGMA-pre-
dicted CG UBA2, described above, and missing only
HMGB1 (probably because of its ubiquitous expression,
Figure 52). Notably, five genes implicated by STIGMA
featured de novo varlants in this dataset, which were not
identified as potentially pathogenic in the original study
(DUS2 [MIM: 609707], MAP4K1 [MIM: 601983), FI1IR
[MIM: 605721), PHIP [MIM: 612870], and LRP4 [MIM:
604270]). Only two of these genes have been previously
assoctated with diseases: LRP4 and PHIP. LRP4 Is assoclated
with autosomal-recessive Cenani-Lenz syndactyly syn-
drome (CLS [MIM: 212780]) and was In our positive
training class. PHIP was not part of the positive
training class (absent in PanelApp) and Is assoclated with
autosomal-dominant Chung-Jansen syndrome (MIM:
617991), a phenotype comprising intellectual disability,
obesity, dysmorphic faclal features, notably tapering fin-
gers, and clino- and syndactyly. The PHIP variant occurred
in an individual with a complex malformation syndrome
including renal agenesis, hypoplastic radli, oligodactyly
of the hands, and polydactyly of the feet. Interestingly,
PHIP and UBA2, which have been assoclated with similar
disease profiles of oligodactyly and ectrodactyly, respec-
tively, also showed similar temporal expression patterns
in mesenchymal-chondrocytes, -fibroblasts, ectodermal-
sost, and muscle cells (Figures S5B, SSD, SSE, and S5G).
DUS2, MAP4K1, and F11R, which were not previously asso-
clated with any inheritable disease, were identified by
STIGMA to be promising candidate genes from this cohort.
DUS2 varlant was found in some individuals who also car-
ried the LRP4 varlant. Varlants in MAP4KI and FI11R were
found In an individual with syndactyly of the hands and
feet and in an Individual with forearm reduction defects,
respectively. Whether these genes are additionally associ-
ated with these phenotypes remains to be determined.

STIGMA for congenital heart diseases

Given the performance of STIGMA for congenital limb
malformations, we extended the approach to predict genes
assoctated with congenital heart diseases (CHDs)."" After
downloading and filtering, the scRNA-seq dataset'” con-
tained expression values of 63,561 genes in 101,749 cells,
within 16 annotated cell types, of which the cardiomyo-
cytes represented the largest cluster, containing 66% of
cells in the dataset (Figure 3A). Removal of cell types
such as lymphold cells and visceral neurons, which have
not been reported to lead to congenital heart disease,”" re-
sulted in 96,276 cells across 6 cell types. As before, the
gene-expression values across these cell types and along

the pseudo-time bins In addition to gene Intrinsic features
were used as Input features for training STIGMA
(Figure 3B).

A manually curated list of genes (n = 331) known to be
assoclated with congenital heart disease was used as the
positive class of the training set.”’ As before for the predic-
tions on the limb dataset, 643 tolerant housekeeping genes
were used as the negative training set. When the complete
list of curated disease-causing genes were used to train and
run the model, STIGMA predicted 12,012 genes potentially
assoclated with CHD, with a precision of 0.8067. To
improve the precision and to reduce the number of
SCGs, we analyzed the positive class genes based on their
expression pattern in other tissues in MOCA.™" This re-
vealed several ubiquitously expressed genes (UEGs) whose
removal resulted In as few as 36 genes In the positive class
(Table S1). As before, the positive and negative class genes
for CHD demonstrated good separation based on the input
tralning features, as visualized by a UMAP embedding,
confirming compliance to random forest classification
(Figure 3C). As In the limb, the single-cell features for the
cardiac disease model were considered important for the
model performance compared to the gene-intrinsic prop-
erty, with a mean square value of 0.97 for single-cell fea-
tures, Including pseudotime features, and 0.03 for gene
properties (Figure S3B).

The hyperparameters were optimized as before, resulting
In a ROC curve with an AUC of 0.9972 (Figure 3E). A low
number of genes In the positive training class resulted in
a skewness in the distribution of the prediction probability,
so a threshold of 0.57 was chosen to achleve a sensitivity
above 0.8. At this chosen threshold, sensitivity and preci-
slon were 0.8333 and 0.8421, respectively (Figures 3D
and 3E), predicting 3,715 SCGs to be potentially assoclated
with CHD (Table S4).

We verified the STIGMA predictions by manually search-
ing the literature. In an integrative study of genomic copy
number vartants (CNVs) and de novo Intragenic vartations
(DNVs) of a CHD cohort with 4,190 DNVs (in 4,190
genes),”" 468 genes were among the predicted SCGs, ac-
counting for 543 variants. Furthermore, 34 of these genes
had nonsynonymous de novo mutations In at least two in-
dividuals, nine of which had CADD scores over 30, and 10
of which were reported to be assoclated with heart pheno-
types (Figure 3F). For example, in humans, ALDOB (MIM:
612724) and MMP9 (MIM: 120361) have been found to
be assoclated with ventricular septal defect.’”™"" FLT4
(MIM: 136352) has been assoclated with pulmonary atresia
with ventricular septal defect (MIM: 178370) at a preva-
lence of 0.2% and constituting 2% of the CHDs.™
MYH7B (MIM: 609928) has been assoclated with left
ventricular non-compaction cardiomyopathy (MIM:
604169), where the muscles extending from the left
ventricle to the chamber gradually transform from
sponge-like to smooth and solid.”” Some of these genes
have been implicated In heart phenotypes in mice.
Namely, Myhté has been assoclated with dilated
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challenge in distinguishing patho-
genlc varants from benign ones.’
Several approaches have been devel-

° oped to ald this process, Including

searching through well-established
databases such as 1000 Genomes,
gnomAD, and ClinVar to determine
the population frequencies of de-
tected variants.*” Additionally, the

os er os

STIGMA

cardiomyopathy (MIM: 613252) and decreased contractile
function™ with hypoplastic left heart syndrome (HLHS
[MIM: 241550]),”" but is also associated with atrial septal
defects (MIM: 614089) in humans. " Scn10a has been asso-
clated with sinus bradycardia phenotype and irregular RR
interval upon scruffing.”’ Eln haploinsufficlency has
been assoclated with aortic valve malformation.” Finally,
another SCG, Prdm1I, Is assoclated with hypoplastic left
heart syndrome and with hypoplastic aortic arch (MGI:
J:175213).

Discussion

Exome and genome sequencing has become a valuable
tool in understanding the genetic basis of human diseases,
enabling the identification of genetic varlants assoclated
with varlous conditions.” However, the sheer volume of
varlants detected In a single individual poses a significant

LY 10 functional impact of variants is pre-
dicted using varlous computational
approaches, enabling the identifica-
tion of potentially relevant variants.”*

While these initial filtering steps are valuable, they pri-
marlly focus on the variant level and may yleld a substantial
number of candidate variants in poorly understood genes
that need further evaluation or painstaking experimental
valldation. Computational gene prioritization methods
that do not rely on prior functional/disease annotations
offer an alternative to shorten the list of these candidate
variants further. However, all existing gene-prioritization
methods based on gene expression data use bulkRNA-seq
data. Indeed, a recently published method for risk gene
identification, VBASS,”" Incorporated scRNA-seq data to
tmprove upon previous methods ™’ to identify disease-
assoclated genes In de novo varlant data within cohorts of
affected and control individuals. However, these methods
are not exactly gene-prioritization methods, because they
do not globally prioritize all genes. That is, unlike
STIGMA, VBASS Is not designed to narrow down the list
of candidate genes under consideration for an Individual.
Overall, STIGMA addresses some of the limitations of
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traditional gene prioritization techniques. Specifically,
STIGMA leverages recent developments of scRNA-seq to
better understand the expression dynamics of genes across
different cell types during organogenesis. By incorporating
this information Into the prioritization process, STIGMA
provides a more comprehensive and tissue-specific assess-
ment of candidate genes, making it a promising and
cohort-independent tool for identifying variants in poten-
tially disease-assoclated genes in an individual.

We implemented STIGMA In the context of two congen-
ital disease groups—Ilimb malformations and CHD. Since
the genes In training classes and the features used to train
the model directly influence model performance, we first
verified that the features sufficiently discriminated the pos-
itive from the negative classes and then confirmed the re-
sults by cross-validation. STIGMA classified 864 and 3,678
genes to be SCGs for congenital limb malformations and
heart disease, respectively.

We validated STIGMA predictions using multiple ap-
proaches. Automated analysis based on gene-phenotype
data aggregated by the Monarch Inittative™ as well as in
the PanelApp'® Amber/Red lists demonstrated the enrich-
ment of genes with limb phenotypes in the top genes
ranked by STIGMA. A manual search of the literature also
revealed multiple lines of phenotyplc evidence for the
SCGs. For example, 469 LoF potential vartants were found
in 345 SCGs In a cohort study, with notable genes such as
UBA2, PHIF, and LRP4 not present in curated lists such as
PanelApp (at the time of our download).”' Stmilarly,
CNVs and de novo variants were present in 468 SCGs In a
CHD cohort, with many such as ALDOB, FLT4, MYH7B,
Scnlta, and Eln assoclated with heart phenotypes in hu-
mans or mice."’

Although trained merely on murine scRNA-seq data,
STIGMA was able to correctly suggest genes known to
cause lilmb malformations in humans, confirming that it
is able to prioritize human genes. Indeed, a direct compar-
ison of predictions by STIGMA models for congenital heart
disease trained with comparable murine and human
scRNA-seq datasets revealed a statistically significant Pear-
son’s correlation of 0.76 (Figure S6). Moreover, both
models retrieved the same 34 genes that harbored de novo
mutations in the cohort, confirming that a murine dataset
can be a good approximation when a human dataset is un-
avallable. Nevertheless, the use of a future human scRNA-
seq dataset is likely to improve the model predictions.””

Interestingly, temporal gene expression dynamics was
more important in the STIGMA congenital limb malforma-
tion model than in the STIGMA CHD model. This ks possibly
because the murine limb scRNA-seq datasets spanning E9.5
to E18.5 match the embryonic stages most relevant to limb
development (E9.5 to E14.5).”"" The human heart dataset
invoked In STIGMA, however, spans days 90-122 after
conception,'” while cardiac organogenests occurs earller—
from 26 to 56 days post conception.”” This could have
rendered the temporal dynamics in gene expression less rele-
vant for the CHD model. A better matched heart develop-

ment dataset could improve the model outcomes to levels
obtained for the limb model. Nevertheless, as implemented
currently, cell type-dependent gene expression values
appear to facilitate clinically relevant gene prioritization.

Theapproach of STIGMA, as currently implemented, also
has certain limitations: the cholce of genes for training af-
fects the prediction and accuracy. STIGMA assumes that
genes crucial to the development of a distinctive organ
(e.g., limb) are neither ubiquitously expressed nor ex-
pressed in all cell types within that organ. However, it is
possible that the assumed expressional specificity occurs
only at the transcript level, which most currently avallable
atlas-level scRNA-seq data are insensitive to.”""" This could
result in false negative predictions due to removal of "ublqg-
uitously expressed genes” from the positive training class.
Splice-sensitive scRNA-seq atlases that allow transcript
counts rather than pooled gene counts could overcome
these limitations. Additionally, the incomplete coverage
of exonic LoF varants and the underrepresentation of
several populations In gnomAD could have limited
the functionality of STIGMA.'"* Moreover, like other
expression-based annotation-agnostic gene prioritization
methods, STIGMA too, Is based on the principle of guilt
by assoctation. This could miss genes directly assoclated
with a disease, if thelr molecular mechanisms differ from
those used to train the classifier. Future STIGMA versions
will require updating of the positive training class as more
genes are phenotyplcally annotated.” Increased number
of genes from the positive training class can also help re-
move blases introduced due to oversampling used to attain
class balance. Contrariwise, STIGMA appears to perform
reasonably well when trained with as few as ~ 10 genes in
the positive training class based on the performance metrics
alone (Figure §7). Techniques such as VBASS, which identify
risk genes based on de novo vartants in cohorts of affected in-
dividuals, could be utilized to expand the positive training
class. Here, STIGMA can also help identify risk genes that
may not feature any de novo varlants in the cohort.
STIGMA, as it is currently implemented, includes intoler-
ance metrics (from gnomAD) as model features as a means
of capturing genes based on these features as well. Conse-
quently, it is possible that the predictions are biased against
potential disease-associated genes that are not under selec-
tion pressure. Finally, while STIGMA will benefit from a
more comprehensive validation of all the predicted SCGs,
this will be possible only as phenotyplc information on
more genes becomes available.

We belleve that STIGMA is a valuable tool for clinical
gene prioritization. Efforts like the Human Cell Atlas to
map every cell type in the human body will further
enhance STIGMA and other comparable tools.”

Data and code availability

All the scripts used In this study for data preprocessing,
parameter optimization, and bullding the random forest
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classifier are available for download at our GitHub reposi-
tory https://github.com/SpielmannLab/STIGMA.

Supplemental information

Supplemental information can be found online at https://dos.org/
10.1016/j.ajhg.2023.12.011.
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Figure S1. Sub-clustering of limb mesenchyme and ectoderm clusters. 2D UMAP
embeddings of mesenchyme (A) and ectoderm (B) clusters coloured by sub-clusters,
which were annotated based on the marker genes in C. and D. respectively.
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Figure S2. Some genes (e.g. Hmgb1) showed ubiquitous expression across all

MOCA trajectories. The ubiguitous expression of Hmgb1 across the sub trajectories of

epithelial, hepatic, mesenchyme is shown as a representative example.
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Figure S3. Importance of model features for STIGMA classification. The absolute
values of the importance of model features for (A) congenital limb malformations and
(B) congenital heart disease, where colors represent the feature type. The features
labeled "Single cell" include cell type-specific features such as the percentage of cells
expressing each gene and fold change in expression of a cell type compared to the rest
of the cells, whereas "Single cell pseudotime” include spline coefficients of the temporal
dynamics in expression per cell type.
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Figure S4. Expression of positive and negative class genes across the different
cell types used in STIGMA. Average expression (A, B) and percentage of cells
expressing (C, D) of the genes and in the limb (A, C) and heart (B, D) scRNA-seq
datasets. The green and pink violins represent the distributions of the negative and

positive class genes, respectively.
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Figure S5. Temporal dynamics and cellular expression of genes with de novo
mutations. A-G. Dynamics in the expression of genes with potential LoF identified in
the cohort of congenital limb malformations along the developmental pseudo-time in
limb sub-frajectories *. The lines represent spline fits. H. Average expression of the
genes across cellular clusters. Cell types not used for training STIGMA are grayed out.
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Figure S6: Performance of STIGMA for congenital heart disease trained on murine
dataset and its comparison to that trained with human dataset. A. ROC curve
showing the performance of the model. B. Distribution of STIGMA scores for training
class and candidate genes. Dotted line marks the binary classification threshold of 0.59.
C. Venn Diagram showing the number of genes predicted by using the murine and
human scRNA-seq fetal heart datasets. Pearson’s correlation coefficient, R, between
the STIGMA scores of genes by fraining with murine and human datasets and the
cormresponding p-value are shown. scRNA-seq data for the murine dataset (E14.5 - E18)
were downloaded from Feng et al ™ and processed as described in Methods. Note,
4622 genes in the human dataset were not present in the murine dataset, of which

some are due to the absence of orthologs.
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4. Discussion

Next-generation sequencing (NGS) has notably advanced the understanding of
diseases and development in clinical settings. However, all candidate disease genes
remain mostly poorly annotated and therefore categorized as genes of unknown
significance. Such genes are often excluded from diagnostic considerations, posing a

limitation to comprehensive disease diagnosis.

While bulk RNA-sequencing (RNA-seq) techniques can provide insights into differences
between case and control groups, they are limited in their ability to capture the full
complexity of gene expression (Velmeshev et al. 2019; Smaiji¢ et al. 2022; Rai et al.
2020). Many disease-related genes, especially those associated with congenital
disorders, are not ubiquitously expressed throughout development. Instead, their
expression is often highly specific to particular cell types or stages of development (Tu
et al. 2006).

To address this challenge, we employed single-cell sequencing methods to offer a more
powerful approach. These techniques can capture the dynamic and variable gene
expression patterns across individual cells within a tissue, providing a more nuanced
understanding of the molecular processes involved in both normal development and

disease.

In our study, we explored two key aspects of the application of single-cell sequencing in
disease and development. We assessed the power of single-cell sequencing to detect
evolutionary differences in the same organ across human, mouse, macaque and
zebrafish. This approach helps to highlight the conserved and non-conserved gene
expression patterns that may underlie developmental processes and disease
susceptibility. It also shows how model organisms can be used in the study of human
diseases. Given that we could study the evolutionary aspect of the organism using
sc-seq, we then wanted to study how the expression pattern during development
determines the disease state of the organs from a wildtype sc-seq dataset. To achieve

this we integrated sc-seq data from various stages of organogenesis to identify
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disease-associated genes during development. By providing the features from this
developmental dataset to a machine learning model, we aimed to predict and prioritize
genes that may play a role in congenital diseases. This approach has the potential to
uncover novel disease genes that are specific to particular developmental stages or cell

types, which might otherwise be missed using traditional bulk sequencing methods.

The discussion section is divided into two parts based on two publications in peer
reviewed journals. The first part provides insights into the findings of the article
“Balachandran, S., Pozojevic, J., Sreenivasan, V. K. A. & Spielmann, M. Comparative
single-cell analysis of the adult heart and coronary vasculature. Mamm Genome 34,
276-284 (2023).” The second part discusses the article “Balachandran, S. et al.
STIGMA: Single-cell tissue-specific gene prioritization using machine learning. Am J
Hum Genet S0002-9297(23)00443-3 (2024) doi:10.1016/j.ajhg.2023.12.011.”

4.1 Comparative single-cell analysis of the adult heart and

coronary vasculature.

Over millions of years, the heart has evolved from simpler forms seen in insects and
worms to the more advanced four-chambered hearts found in mammals. Heart plays a
key role in the circulatory system by pumping blood to enable the exchange of oxygen,
nutrients, and waste products between the blood and tissues. The anatomical
differences in heart of human, mouse, macaque and zebrafish were studied using
scRNA-seq.

We used the publicly accessible datasets of human, mouse sequenced by Chromium
Single-Cell 3' protocol (10 x Genomics) and macaque by STRT-seq. The adult human
heart dataset includes 451,513 cells (Litvifnukova et al. 2020), the mouse heart dataset
contains 12,710 cells (Vidal et al. 2019), the macaque heart dataset, generated
specifically from the aorta and coronary arteries, consists of 7,989 cells (Zhang et al.
2020) and the zebrafish heart consisted of 200,000 cells of healthy and regenerating

heart (Hu et al. 2022). To account for technical variability we applied a Seurat based
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integration strategy, then proceeded with clustering analysis. The cell types were
identified based on the marker genes provided in the original publications. We identified
cardiomyocytes (ventricular and atrial), adipocytes, endothelial cells, fibroblasts,
pericytes, smooth muscle cells, endocardial cells, neuronal and immune cells. We then
sub clustered to identify cell type specific differences. We observed a ventricular
cardiomyocytes (vVCM) subcluster specific to mice, consisting of cells with lower
expression of Myh7 and Plc1 and higher expression of Prune2 gene. In other clusters of
vCM as well we observed genes related to high energetic state highly expressed, these
genes were shown to be associated with cardiac conduction in gene ontology analysis.
Species-specific differences in smooth muscle cell clustering and endothelial cell gene
expression likely resulted from variations in the tissues selected for sequencing in the
original studies. Due to the evolutionary difference between zebrafish and mammalian
hearts, it did not integrate well. We then sought out to integrate the fibroblasts, due to its
role in cardiac regeneration as shown in the original study. We performed hierarchical
cluster tree analysis and saw that the regeneration specific cell types were more distant
to human fibroblasts compared to the other fibroblast subclusters.

Our study was limited by the choice of datasets, as the tissues were sampled differently.
The number of cells from each of the datasets were also high variable leading to the

bias. We also did not validate our findings experimentally.

4.2 STIGMA: Single-cell tissue-specific gene prioritization using

machine learning.

NGS has made gene analysis routine in clinics. Yet many variants in genes of unknown
function are labeled as variants of unknown significance and do not contribute to the
diagnosis of a rare congenital disease, until further validated by experimental
approaches like in situ hybridization. Gene prioritization can help narrow down the list of
candidate genes under consideration. Here we introduce Single-cell tissue-specific
gene prioritization using machine learning (STIGMA), to prioritize disease genes for
congenital malformations. STIGMA predicts the disease-causing probability of genes

based on their expression profile considering the temporal dynamics during the
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organogenesis of an healthy organism. We validated our approach by applying the
model on fetal mouse limb (He et al. 2020; Kelly, Huynh, and Guilak 2020) and human
fetal heart (Cao et al. 2020) single cell datasets to prioritize candidate genes for
congenital limb malformation and congenital heart disease respectively.

In order to achieve the aim, we wanted to develop a machine learning model that was
trained on single cell features like expression of genes across various cell types and the
pseudo temporal expression of genes in each of the subcell types. Apart from single cell
features we also used gene intrinsic properties like tolerance scores, and GC content.
We tested our approach on two congenital diseases, namely congenital limb
malformations and CHD. We used a cross validation approach to validate the models
performance to distinguish the two classes. STIGMA predicted 864 genes to be
associated with congenital limb malformations. We validated our findings on a patient
cohort, and saw several of the candidate genes that we predicted, harbored de novo
and potential loss of function mutations in patients. One of the notable examples is
UBAZ2, which was recently reported to be associated with limb malformations (Elsner et
al. 2021).

Similarly we applied the model on the human fetal heart dataset and identified 3678
candidate genes. Likely we validated our findings on a cohort of patients with congenital
heart defect, and 34 of our candidate genes possessed two or more nonsynonymous de
novo mutations. Several of the identified genes were also associated with heart
phenotypes in humans and mice by the Monarch Initiative (Mungall et al. 2017), noble
example is Prdm1, which is associated with hypoplastic left ventricle and hypoplastic
aortic arch (MGI: J:175213). We also applied the model on the mouse fetal heart
dataset (Feng et al. 2022), and the predictions from both the datasets had a correlation
of 0.76, showing that mice can be a good approximation when human datasets are not
available.

The current version of STIGMA has certain limitations, the accuracy of the model is
highly dependent on the seed positive and negative class genes. Also the negative
class was chosen based on the assumption that disease genes do not have ubiquitous
expression like that of housekeeping genes. Also STIGMA is based on guilt by

association which would miss genes that have a different mechanism of disease than
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the seed genes provided. The genes found to be associated with the disease were not

experimentally validated.
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5. Conclusion

In conclusion, we demonstrate how single-cell sequencing can be leveraged to better
understand the development of an organism and how applying machine learning
models to single-cell data can significantly improve diagnostic outcomes by analyzing
expression dynamics across various cell types and developmental stages.

With vertebrate evolution, there have been huge changes in the circulatory system,
including the heart. Although the heart simply circulates blood throughout the body, size
and shape, as well as speed and capacity for regeneration, differ greatly among
species. Through comparative single-cell analysis, we showcased how species-specific
changes within cell types can be captured by single-cell sequencing. We identified
populations of cells that are common between species like endothelial cells and atrial
cardiomyocytes. We also identified subpopulations of cells that differ between mice and
human ventricular cardiomyocytes due to biological differences in the rate of heart beat.
We identified certain differences in the population of cells due to different sampling
techniques. These results demonstrate single cell sequencing methods capability to
capture subtle cellular differences in organismal development and the potential to use
model organisms to study human diseases.

In the STIGMA project, we present an approach to prioritize genes, particularly for rare
congenital diseases, by integrating single-cell RNA-seq data with machine learning.
This method stands out by learning the intricate temporal dynamics of gene expression
across various cell types during healthy organ development, offering a tissue-specific
view, through which candidate genes can be assessed. By applying STIGMA to both
mouse limb and human fetal heart datasets, we were able to prioritize a significant
number of variants and genes that are highly relevant to congenital malformations. For
instance, the prioritization of 469 variants in 345 genes for limb malformations, including
UBA2, demonstrates the precision and relevance of this framework. Additionally, the
detection of 34 genes with nonsynonymous de novo variants (nsDNVs) in individuals

with congenital heart defects, particularly the ortholog of Prdm1, underscores STIGMA’s
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capacity to identify genes tied to complex developmental disorders, such as hypoplastic
left ventricle and aortic arch defects. The capability of STIGMA to capture the subtle
changes in expression dynamics, makes it a valuable tool for advancing the discovery
of causal candidate genes in human genetic disorders, ultimately contributing to more
precise diagnostics and potential therapeutic interventions. We hope that by
implementing approaches like STIGMA, the diagnostic yield for rare congenital diseases
will improve, even by a few percent.

Nevertheless, this approach only captures the small 2% of the whole genome, thus we
hope to use multiomics sequencing approaches of single cell to further uncover the
non-coding regions to understand how gene regulatory elements affect congenital

diseases.
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6. Appendix

6.1 List of Abbreviations

NGS
HPO
OMIM

gnomAD

DECIPHER
VUS

ML

SMOTE
SVM

RBF

TP

TN

FP

FN

ROC

AUC
sc-seq
scRNA-seq
sc-multiome

BCL

Next generation sequencing technologies

Human Phenotype Ontology

Online Mendelian Inheritance in Man

Genome Aggregation Database

Database of Chromosomal Imbalance and Phenotype in Humans using

Ensembl Resources
variance of unknown significance

Machine learning

Synthetic Minority Oversampling Technique

Support Vector Machine
Radial Basis Function
true positive

true negative

false positive

false negative

Receiver Operating Characteristic
area under the curve
single-cell sequencing
single cell rna sequencing
single cell multiome seq

binary base call
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HVG
PCA
UMAP
t-SNE
vCM
SCG

CHD

highly variable genes

Principal Component Analysis

Uniform Manifold Approximation Projection
t-distributed stochastic neighbor embedding
Ventricular cardiomyocytes

STIGMA candidate gene

Congenital Heart disease
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6.2 List of Figures

Figure 1.1 Current molecular diagnostic workflow.
Figure 1.2.1 Random forest model.

Figure 1.2.2 Support vector machine.

Figure 1.2.3 Performance metrics.

Figure 1.3 Gene prioritization strategies.

Figure 1.4.1 Workflow of sc-seq.

Figure 1.4.2 lllustration of single cell integration.
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6.3 Code availability

All the scripts used in this study for data preprocessing, parameter optimization, and
building the random forest classifier are available for download at our GitHub repository
https://github.com/SpielmannLab/STIGMA.
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