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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, I 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, I developed STIGMA (Single-cell Tissue-specific Gene 

prioritization using Machine Learning), a computational framework designed to prioritize 

candidate disease genes using tissue-specific scRNA-seq datasets sequenced across  
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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, zunächst die normale 

Entwicklung eines Wildtyp Organismus zu verstehen. Mit Fortschritten bei klinischen 

Sequenzierungsmethoden wurden mehrere Varianten in Schlüsselgenen identifiziert 

und als potenzielle Kandidaten für 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 Verständnis der Ähnlichkeiten und Unterschiede 

zwischen Modellorganismen und Menschen. Die Einzelzell Sequenzierung (scRNA-seq) 

ermöglichte eine Auflösung auf Zellebene und lieferte Einblicke in den untersuchten 

Organismus. 

In dieser Arbeit habe ich mich auf zwei Schlüsselaspekte der Verwendung von 

scRNA-seq zum Verständnis von Entwicklung und Krankheit konzentriert. Erstens 

haben wir die Ähnlichkeiten 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 für die 

Entwicklung bestimmter Gewebe entscheidend sind. 
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Im ersten Projekt wurden öffentlich verfügbare scRNA-Sequenz Datensätze aus den 

Herzen von Menschen, Makaken (Macaca fascicularis), Mäusen und Zebrafischen 

integriert, um artenübergreifende zelltyp spezifische Unterschiede zu analysieren. 

Dieser vergleichende Ansatz hob Unterschiede in der Genexpression auf zellulärer 

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 überein. Die 

Ergebnisse unterstreichen die Bedeutung eines gründlichen Verständnisses 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 

Datensätze, die über Entwicklungsleitlinien hinweg sequenziert wurden. STIGMA 

identifiziert Kandidatengene, indem sie die zeitliche Dynamik der Genexpression über 

Zelltypen hinweg auswertet und sie mit einem bekannten Krankheitsgenpanel 

vergleicht, wobei ihre Expression Ähnlichkeit hat. Wir haben diese Methode auf einen 

scRNA-Sequenz Datensatz des menschlichen fetalen Herzens und einen 

scRNA-Sequenz Datensatz der Gliedmaßen einer Maus angewendet. Die priorisierten 

Gene zeigten starke Hinweise auf Relevanz, da mehrere davon bei Patienten mit 

ähnlichen Phänotypen mutiert waren. Darüber hinaus stützen Studien an Mausmodellen 

diese Ergebnisse und zeigten phänotypische Anomalien im Zusammenhang mit den 

mutierten Genen. Dies zeigt die Fähigkeit von STIGMA, Kandidatengene für 

angeborene Krankheiten aufzudecken, und zeigt, wie dieser Ansatz auf andere 

Krankheiten ausgeweitet werden kann. 
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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).  

 

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 (Fernández 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 (Thölke 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, I 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 (Fürnkranz 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).  

 

 

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 I error), where a true negative class is 

predicted to be positive and false negative (FN, Type II error), where a true positive 

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

 

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

 

From these values, we calculate the following: 

,  ,   𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 = 𝑇𝑃
( 𝑇𝑃 + 𝐹𝑁) 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 = 𝑇𝑁

( 𝑇𝑁 + 𝐹𝑃)  

,   𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  𝑇𝑃
( 𝑇𝑃 + 𝐹𝑃) 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = (  𝑇𝑃+ 𝑇𝑁 )

( 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; Schlüter 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.  

 

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; Smajić 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) 

(McInnes, 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 I have used for the 

project, namely Harmony (Korsunsky et al. 2019) and reciprocal PCA from Seurat. 
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Figure 1.4.2 Illustration 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 I designed the research. I performed the computational analysis. 

Jelana Pozojevic, Varun. K.A. Sreenivasan, Malte Spielmann and I interpreted the 

results. Jelana Pozojevic and I drafted the manuscript. Jelana Pozojevic, Varun. K.A. 

Sreenivasan, Malte Spielmann and I revised and approved the final manuscript. 
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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, UBA2 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 I 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. I 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 I interpreted the results. Varun K.A. Sreenivasan and I 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 I revised and approved the final manuscript.  
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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; Smajić 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 × Genomics) and macaque by STRT-seq. The adult human 

heart dataset includes 451,513 cells (Litviňuková 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 (vCM) 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 

62 



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 

UBA2, 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 Next generation sequencing technologies 

HPO Human Phenotype Ontology  

OMIM Online Mendelian Inheritance in Man  

gnomAD Genome Aggregation Database  

DECIPHER 

Database of Chromosomal Imbalance and Phenotype in Humans using 

Ensembl Resources  

VUS variance of unknown significance  

ML Machine learning  

SMOTE Synthetic Minority Oversampling Technique  

SVM Support Vector Machine  

RBF Radial Basis Function  

TP true positive  

TN  true negative 

FP false positive 

FN false negative 

ROC Receiver Operating Characteristic 

AUC area under the curve  

sc-seq single-cell sequencing  

scRNA-seq single cell rna sequencing  

sc-multiome single cell multiome seq 

BCL binary base call 
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HVG highly variable genes 

PCA Principal Component Analysis  

UMAP Uniform Manifold Approximation Projection  

t-SNE t-distributed stochastic neighbor embedding 

vCM Ventricular cardiomyocytes 

SCG STIGMA candidate gene 

CHD 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 Illustration 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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