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 Advances in single-cell sequencing technologies present an opportunity to study the 

cellular and molecular basis of complex tissue physiology at global scale with unprecedented 

throughput. In this work, methods for application of a method of single cell sequencing – single-

cell combinatorial indexing (“sci”) methods – were extended for use in mammalian tissue. In the 

human heart, analysis of single nucleus data reveals variation by age and sex in healthy donors, 

divergent use of transcription factor motifs in adult vs. fetal chromatin, and distal genomic sites 

that improve predictive models of cell type-specific expression. In mouse models of lung 

disease, we find aberrant differentiation states in the macrophages of a model of pulmonary 

alveolar proteinosis, emergence of an osteoclast-like macrophage phenotype in a model of 

silicosis, and in both models we find widespread alterations across the cell types of the lung. In 



 

overlapping work, we build interpretable predictive models of gene expression in the human 

heart and in the P. falciparum parasite, finding cell-type specific transcription factors in adult 

human heart and uncovering strikingly stage-specific information content in histone marks in 

Plasmodium.  
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Chapter 1. INTRODUCTION  

 The work described in this dissertation largely comes from my work in the lab of Cole 

Trapnell, where I applied “sci” single-nucleus RNA-Seq methods to study healthy human heart 

biology and hallmarks of disease models in mouse lung. An additional significant area of work 

was done during and after my time as a rotation student in the lab of Bill Noble, where I led 

analysis and submission of a project using predictive models of gene expression to study P. 

falciparum.  

 Large portions of this dissertation are adapted with minimal modification from 

manuscripts that are either published (Chapter 2), under review/available as preprints (Chapter 

3), or under preparation for submission (Chapter 4, separate papers for work on silicosis and 

pulmonary alveolar proteinosis). Any cases of such adaptation are noted immediately before the 

relevant section. 

1.1 SINGLE CELL SEQUENCING 

 The cell is the fundamental unit of life. Even in contexts involving billions of cells – such 

as understanding physiology of complex tissues or organisms – an understanding of the 

processes carried out within specialized cells and interactions between cells is a cornerstone of 

bottom-up biological understanding.  

 Technologies for studying biology inherently make measurements at varying levels of 

cellular resolution. Microscopy techniques have long provided information at cellular or sub-

cellular resolution. Methods such as fluorescence-activated cell sorting (FACS) similarly give 

cell-by-cell information (Herzenberg et al. 2002). In contrast, widely used high-throughput 

methods like RNA-Seq take measurements that inherently average over many cells within a 



 

sample (Stark, Grzelak, and Hadfield 2019). Recent years have seen advances in single-cell 

technologies that combine genome- or transcriptome-wide measurements with single-cell 

resolution. Due to inherent biochemical attributes of the species to be measured, these methods 

are mostly developed for measurements of genetic (Fan et al. 2021; Gawad, Koh, and Quake 

2016), epigenetic (Fang et al. 2021; Cusanovich et al. 2015; Satpathy et al. 2019), and 

transcriptomic (Zheng et al. 2017; Cao et al. 2017; Jaitin et al. 2014; Grün et al. 2015) data, 

whereas methods for measurements of proteins (Schoof et al. 2021) or metabolites (Seydel 2021) 

are in earlier stages of development.  

 Single-cell RNA-Seq methods capturing transcriptome-wide information in single cells 

are among the most developed single-cell methods. Published methods include plate-based 

approaches (Picelli et al. 2014), microfluidics (Zheng et al. 2017), and combinatorial indexing 

(Cao et al. 2017). Split-pool methods use combinatorial indexing to identify individual cells of 

origin for captured cDNA molecules, providing the potential to exponentially scale the number 

of transcriptomes captured as the number of indexing rounds increases (Cao et al. 2019). One 

method – sci RNA-Seq – offers the potential to sequence tens of thousands to millions of cells in 

a single experiment, providing improved statistical power, ability to detect rare cell types, and 

the potential to analyze larger numbers of unique samples than would be financially feasible with 

more expensive approaches. 

My work in the Trapnell lab included a significant effort to develop methods related to 

split-pool “sci” RNA-Seq methods (Chapter 4, Section 4.1). The most fruitful result of that effort 

was a method for isolating and fixing nuclei from whole organs such that the resulting nuclei are 

compatible with 2- or 3-level sci RNA-Seq workflows. At the time, the method was – to the best 

of my knowledge – the first workflow to reproducibly generate sci RNA-Seq data from adult 



 

mouse non-brain tissue and human heart. That method was used to generate datasets that were 

core elements of three manuscripts: one covering healthy human heart (Chapter Three), one 

exploring a mouse model of pulmonary alveolar proteinosis (“PAP”, Chapter Four), and a third 

studying a mouse model of silicosis (Chapter Four).  

1.2 PREDICTIVE MODELS OF GENE EXPRESSION 

 Transcription of RNA is regulated through concerted transcription factor (TF) activity, 

chromatin remodeling, and epigenetic modification (Casamassimi and Ciccodicola 2019). A 

standing challenge in the field of gene regulation is to understand the relationship between 

different aspects of gene regulation – such as presence of TF DNA motifs, covalent histone 

modifications, DNA accessibility, and so on – and gene expression. Eventually, the goal of such 

efforts is a causative understanding of the exact mechanisms underpinning gene expression, 

silencing, and control. However, defining causal links will inherently require significant work in 

perturbational experiments linking aspects of genomic biochemistry to transcription. As an 

intermediate step, a more immediately tractable goal is understanding the correlative 

relationships between sequence or epigenetic features and gene expression. Abundant assembled 

genomes (Rhie et al. 2021) and datasets covering epigenetic and TF-binding profiles in humans 

(ENCODE Project Consortium 2012), model organisms (Muers 2011), and non-model organisms 

(Bonasio 2015; Aurrecoechea et al. 2009) have been generated in recent years. With many such 

datasets in hand, significant work has already been undertaken to find the correlative 

relationships between sequence, epigenetic state, and transcription (Cheng et al. 2011; Dong et 

al. 2012; Pe’er, Regev, and Tanay 2002; Singh et al. 2016; Beer and Tavazoie 2004; Y. Chen et 

al. 2016; Agarwal and Shendure 2020; J. Zhou et al. 2018). 



 

 A widely used strategy for understanding the relationship between genomic or 

epigenomic features and RNA transcription is fitting predictive models. Gene expression – either 

as a binary high/low level in a classification task or as a numerical value in a regression 

framework – is modeled using sequence and epigenetic features in a machine learning model, 

with the trained models evaluated to understand the relative use of each feature in predicting 

gene expression (Cheng et al. 2011; Dong et al. 2012; Y. Y. Lu et al. 2018; Lundberg and Lee 

2017; Narlikar et al. 2010). Such analyses contributed to understanding the association strength 

of chromatin accessibility with transcription (Cheng et al. 2011; Dong et al. 2012; Duren et al. 

2017), the redundant information content of covalent histone modifications and TF binding 

profiles in simple models of transcription (McLeay et al. 2012), and the magnitude of regulatory 

predictive information in distal sites (Pliner et al. 2018). 

 My dissertation describes two contexts in which I used predictive models to understand 

molecular correlates of expression. The most extensive work involved fitting models in the 

malaria-causing parasite Plasmodium falciparum (Chapter 2). In addition, I developed a linear 

model to predict expression levels across cell types in the human heart (Chapter 3.3.5). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

The following is adapted with minimal modifications from (Read et al. 2019)  

Chapter 2. PREDICTING GENE EXPRESSION IN THE HUMAN 

MALARIA PARASITE PLASMODIUM 

FALCIPARUM USING HISTONE 

MODIFICATION, NUCLEOSOME 

POSITIONING, AND 3D LOCALIZATION 

FEATURES 

2.1 ABSTRACT 

 Empirical evidence suggests that the malaria parasite Plasmodium falciparum employs a 

broad range of mechanisms to regulate gene transcription throughout the organism's complex life 

cycle.  To better understand this regulatory machinery, we assembled a rich collection of 

genomic and epigenomic data sets, including information about transcription factor (TF) binding 

motifs, patterns of covalent histone modifications, nucleosome occupancy, GC content, and 

global 3D genome architecture. We used these data to train machine learning models to 

discriminate between high-expression and low-expression genes, focusing on three distinct 

stages of the red blood cell phase of the Plasmodium life cycle. Our results highlight the 

importance of histone modifications and 3D chromatin architecture in Plasmodium 

transcriptional regulation and suggest that AP2 transcription factors may play a limited 

regulatory role, perhaps operating in conjunction with epigenetic factors. 

2.2 INTRODUCTION 

 Plasmodium falciparum is the deadliest species of malaria parasite, responsible for 

445,000 deaths in 2016 (Programme 2017).  As resistance to antimalarial drugs spreads, demand 



 

for novel antimalarials increases.  Designing such novel drugs would require an improved 

understanding of the biology of this parasite.  Currently, one of the primary open questions in 

Plasmodium biology is how the parasite maintains precise control of gene expression. The 

current work aims to address this question by constructing an accurate predictive model of P. 

falciparum transcription. The model accounts for the rich landscape of transcriptional control 

mechanisms in Plasmodium by incorporating five types of features, representing transcription 

factor (TF) binding, covalent histone modifications, nucleosome positioning, GC content, and 

chromatin 3D structure. 

 In many eukaryotes, TF binding within and around gene promoters is considered the 

dominant mechanism of gene expression control. However, in Plasmodium, several lines of 

evidence suggest that TF binding may be less central to transcriptional control.  First, although 

major components of the general transcription machinery are present in the Plasmodium genome 

(Coulson, Hall, and Ouzounis 2004), a relatively small set of specific Plasmodium TFs (~27) 

have been identified and validated in the parasite genome(Coulson, Hall, and Ouzounis 2004).  

In comparison, the similarly sized genome of the yeast S. cerevisiae contains ~170 specific TFs 

(de Boer and Hughes 2012).  Second, among the subset of TFs whose binding affinities have 

been characterized via in vitro protein binding microarrays (De Silva et al. 2008), only a handful 

display stage-restricted expression and play clear roles in regulating life cycle transitions.  An 

example is PfAP2-G, which drives expression of gametocyte-specific genes (Kafsack et al. 

2014).  Third, a large number of Plasmodium genes are predicted by homology to function in the 

regulation of chromatin structure, mRNA decay, and translation (Coulson, Hall, and Ouzounis 

2004), suggesting the importance of epigenetic and post-transcriptional regulation. 



 

 Among mechanisms for epigenetic regulation, patterns of covalent histone modifications 

are perhaps the most widely studied and understood.  In this respect, some aspects of P. 

falciparum gene regulation are shared with other eukaryotes, including the presence of the 

typically heterochromatin-associated H3K9me3 histone modification at repressed var genes 

(referred to as virulence genes, for their role in parasite pathogenicity) (Chookajorn et al. 2007) 

and depletion of promoter nucleosomes correlating with gene transcription (Bunnik et al. 2014).  

On the other hand, Plasmodium epigenomic dynamics also exhibit notable deviations from those 

in commonly studied eukaryotes, such as abundant and broad distributions of activating histone 

marks (Ay et al. 2015; Lopez-Rubio, Mancio-Silva, and Scherf 2009) or active histone variant 

H2Z in the promoters of all genes with the exception of genes involved in immune evasion 

(Petter et al. 2013), an absence of H3K27me3 repressive marks (Ay et al. 2015), and genome-

wide changes in nucleosome occupancy during the asexual cycle (Bunnik et al. 2014; Ponts et al. 

2010). These observations suggest that the parasite may make use of a ``histone code'' like other 

well-characterized eukaryotes, though the specific role of individual elements may differ. 

 In addition, empirical evidence suggests that gene regulation in Plasmodium occurs 

through changes in chromatin structure, including shifts in nucleosome occupancy at the local 

level and 3D positioning at larger scales.  Nucleosome occupancy, as measured by MNase-

assisted isolation of nucleolar elements (MAINE) and formaldehyde-assisted isolation of 

regulatory elements (FAIRE), or assay for transposase accessible chromatin with high-

throughput sequencing (ATAC-seq), exhibit cyclic patterns that closely track changes in gene 

expression during the red blood cell (erythryocytic) stages of the parasite life cycle (Ponts et al. 

2010; Toenhake et al. 2018).  In addition, 3D models of Plasmodium DNA based on Hi-C assays 

at multiple time points during the red blood cell (Ay et al. 2015) and transmission (Bunnik et al. 



 

2018) stages of the parasite point to a ``gradient'' of expression across the nucleus, from a 

repressive center near the telomeres to an expressive center at the centromeres. 

Based on the above evidence, we hypothesized that the cascade of transcripts observed 

throughout the red blood cell (erythrocytic) cycle is the result of a combination of transcription 

factor binding, histone modifications, and changes in chromatin structure. We further predicted 

than an integrated analysis of the relationships among transcription and TF binding, histone 

modification, and chromatin structure data could reveal the relative significance of individual 

features in defining high- and low-expression genes. 

 We are not the first to build predictive models of gene expression (Table 2.1), though to 

our knowledge we are the first to do so in Plasmodium.  To keep the model simple, we focus on 

the binary classification task, in which each gene is either ``on'' or ``off,'' rather than the more 

challenging regression setting. Prediction of gene expression has been framed as a classification 

task in numerous previous works, with our approach most closely resembling the analysis in 

references (Cheng et al. 2011; Dong et al. 2012; Singh et al. 2016). Furthermore, because we 

sought to determine the importance of features within individual stages we restrict ourselves to 

predicting relative high- or low-expression labels with respect a single parasitic stage at a time, 

rather than developing a single model that predicts absolute expression values irrespective of 

stage. Accordingly, we build separate models in three different stages of the P. falciparum life 

cycle and analyze the resulting models to understand which features are implicated in the up- or 

down-expression of Plasmodium genes in different stages of the parasitic life cycle. 
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Multiple linear regression (Bussemaker, Li, and Siggia 

2001) 2001 ✓    ✓ ✓      ✓ 

Conditional probability given levels of regulators 
(Pe’er, Regev, and Tanay 2002) 2002 ✓   ✓       ✓  

Classification tree (Segal, Yelensky, and Koller 2003) 2003 ✓   ✓       ✓  

Bayesian network (Beer and Tavazoie 2004) 2004 ✓   ✓  ✓     ✓  

Boosted alternating decision trees (Middendorf et al. 

2004) 2004 ✓   ✓ ✓      ✓  

Boosted alternating decision trees (Kundaje et al. 2006) 2006 ✓   ✓ ✓      ✓  

Principal component regression and regression tree 

(Ouyang, Zhou, and Wong 2009) 2009  ✓     ✓     ✓ 

Multiple linear regression (Karlić et al. 2010) 2010   ✓     ✓    ✓ 

Support vector machine (Cheng et al. 2011) 2011  ✓      ✓   ✓ ✓ 

Random forest and multiple linear regression (Dong et 

al. 2012) 2012   ✓     ✓   ✓ ✓ 

Multiple log-linear regression (McLeay et al. 2012) 2012  ✓     ✓ ✓ ✓   ✓ 

Bayesian variable selection regression (X. Zhou et al. 

2014) 2014   ✓     ✓  ✓  ✓ 

Multiple regression (González, Setty, and Leslie 2015) 2015   ✓  ✓ ✓  ✓ ✓   ✓ 

Multilayer perceptron (Y. Chen et al. 2016) 2016   ✓ ✓        ✓ 

Convolutional neural network (Singh et al. 2016) 2016   ✓    ✓    ✓  

Multiple regression (Duren et al. 2017) 2017   ✓ ✓    ✓ ✓   ✓ 

Convolutional neural network (Kelley et al. 2018) 2018   ✓   ✓      ✓ 

Multitask regression (Osmanbeyoglu et al. 2019) 2019   ✓  ✓ ✓   ✓   ✓ 

Table 2-1: Comparison of methods for predicting gene expression. The “mRNA Expression” feature 

involves using the mRNA expression of a set of putative regulators to predict the mRNA expression of a different 

set of target genes. 



 

2.3 METHODS 

2.3.1 Datasets 

 
Table 2-2: Summary of datasets used in classification models. Dataset sources are shown, along with the time 

points from each study which were used to represent each of three life cycle stages. “N/A” is listed for the GC 

content and motif score features, as they did not vary across life cycle stages. 

 

Although P. falciparum passes through multiple stages---mosquito, human liver, and 

human blood---we focus here on the human blood stage of the parasite life cycle, primarily 

because of the availability of a wide number of relevant data sets.  We gathered data for three 

time points, corresponding to the three main asexual stages within the red blood cell cycle: ring, 

Feature Study Description Time point 

   Ring Trophozoite Schizont 

Distance to 
telomeres (Ay et al. 2014) 

Hi-C inferred 
distance ✓ ✓ ✓ 

Distance to 
centromeres (Ay et al. 2014) 

Hi-C inferred 
distance ✓ ✓ ✓ 

Distance to 
center (Ay et al. 2014) 

Hi-C inferred 
distance ✓ ✓ ✓ 

Nucleosome 
occupancy (Bunnik et al. 2014) 

100-200 base pair 
fragments ✓ ✓ ✓ 

H2A.z (Bártfai et al. 2010) ChIP-Seq ✓ ✓ ✓ 

H3K9Ac (Bártfai et al. 2010) ChIP-Seq ✓ ✓ ✓ 
H3K4me3 
(Bartfai et al) (Bártfai et al. 2010) ChIP-Seq ✓ ✓ ✓ 

H3K36me2 (Jiang et al. 2013) ChIP-Seq ✓  ✓ 

H3K36me3 (Jiang et al. 2013) ChIP-Seq ✓  ✓ 

H3K9me3 (Jiang et al. 2013) ChIP-Seq ✓  ✓ 

H4K20me3 (Jiang et al. 2013) ChIP-Seq ✓  ✓ 
H3K4me3 
(Jiang et al) (Jiang et al. 2013) ChIP-Seq ✓  ✓ 

GC content See Methods 
100 bp sliding 
windows N/A N/A N/A 

TF motifs 

(Weirauch et al. 
2014) 

FIMO scan of TF 
motifs N/A N/A N/A 



 

trophozoite and schizont.  Most data sets described below (Table 2.2) are available in all three of 

these time points, with the exception of some ChIP-seq data for covalent histone modifications 

(H3K36me2, H3K36me3, H3K9me3, H4K20me3, and one replicate of H3K4me3 (Jiang et al. 

2013)) that were not available for the trophozoite stage. 

2.3.2 GRO-seq 

To define the on/off labels for our classifier, we used the GRO-seq values from Lu et al. 

(X. M. Lu et al. 2017). We used GRO-seq values normalized for GC content, gene length, and 

the “parasitemia factor'' of a stage (X. M. Lu et al. 2017).  To generate binary labels for genes, 

for each stage we sorted all protein-coding genes by the normalized GRO-seq counts assigned to 

that gene in that stage. We labeled the top third of genes as ``High expression'' and the bottom 

third of genes as ``Low Expression'' (Figure 2.1).  The middle third of genes were not used in the 

analysis. 

The decision to use tertiles rather than, say, quartiles or simply dividing at the median 

was somewhat arbitrary. Past works have used a number of schemes, such as dividing genes into 

tertiles (Kundaje et al. 2006; Middendorf et al. 2004), dividing genes in half at the median  

(Singh et al. 2016; Cheng et al. 2011), or dividing by zero/non-zero status (Dong et al. 2012). We 

elected to use tertiles and perform classification using the top and bottom sets in part to make the 

classification task somewhat easier (by only giving the model examples that are well-separated 

by expression) and in part to limit the detrimental effect of possible noise in the GRO-seq data 

(because noise is less likely to flip a gene between classes when the divisions are made at tertiles 

than if divisions were made at the median). 

 

 



 

 

 
Figure 2-1: Differences between high- and low-expression genes. (A) Histograms showing the distribution of 

normalized GRO-Seq values assigned to protein-coding genes within each of three stages of the P. falciparum life 

cycle. The labeled, dashed vertical lines indicate the cut-off values for genes categorized as low- and high-

expression. (B) Aggregation plots showing the average signal for features with respect to the start codons of high-

expression (blue) and low-expression (orange) genes in the ring stage. 



 

2.3.3 Transcription start site and coding sequence annotations 

Many of the features that we employed require specifying the start coordinate of each 

given gene.  For this purpose, we use two data sets of coordinates: either the start codons from 

the PlasmoDB v29 annotation or transcription start sites based on CAGE-Seq data from 

(Adjalley et al. 2016).  In that resource, multiple start sites are often annotated for a given protein 

coding gene. To assign a single TSS for use in feature assignment, we first looked to see if the 

``primary TSS'' assigned in (Adjalley et al. 2016)  was upstream of the start codon of a gene. If it 

was, then the start of that TSS was used. Otherwise, we used the TSS lying upstream and closest 

to the start codon.  If no annotated TSS was upstream of the start codon of a gene, then the start 

codon was used. 

2.3.4 Histone modification ChIP-seq 

ChIP-seq data for the following histone modifications were collected from two studies: 

H3K4me3, H3K9Ac, and H2.Az from Bartfai et al. (Bártfai et al. 2010) and H3K36me2, 

H3K36me3, H3K9me3, H4K20me3, and H3K4me3 from Jiang et al. (Jiang et al. 2013). Note 

that one mark, H3K4me3, was measured in both studies.  All of the ChIP-seq data was 

reanalyzed using a standard pipeline that consisted of trimming reads to 76 nucleotides using the 

fastx toolkit (http://hannonlab.cshl.edu/fastx_toolkit/index.html), mapping reads to the P. 

falciparum genome (PlasmoDB v29) using bwa-mem (H. Li and Durbin 2010), filtering 

unmapped and multimapping reads using samtools (H. Li et al. 2009), and generating bedgraph 

files using bedtools (Quinlan and Hall 2010). Fold-change over background was calculated 

relative to input DNA where available. For histone ChIP-seq datasets from Jiang et al., no input 

DNA data was available, so values were calculated relative to the mean signal over all the data. 



 

2.3.5 Nucleosome occupancy 

MNase data from (Bunnik et al. 2014) was downloaded in FASTQ format, then trimmed 

and filtered using sickle version 1.33 (https://github.com/najoshi/sickle).  Reads were aligned to 

the P. falciparum genome (PlasmoDB v29) using bwa-mem (H. Li and Durbin 2010), then 

sorted and filtered for mapped reads using samtools (H. Li et al. 2009). A custom Python script 

selected all alignments between 100 and 200 bp in length, which were then used to generate a 

bedgraph file using genomeCoverageBed (Quinlan and Hall 2010). 

2.3.6 Hi-C 

Per-gene distances from telomere centroid, centromere centroid, and center were 

computed in a previous study carried out by our lab (Ay et al. 2015), using 3D models generated 

from Hi-C data using PASTIS (Varoquaux et al. 2014). These values were obtained directly from 

https://noble.gs.washington.edu/proj/plasmo3d/. 

2.3.7 DNA sequence features 

Position-frequency matrices for 25 AP2 family transcription factors for P. falciparum 

were downloaded from CIS-BP (Weirauch et al. 2014).  We focused on available AP2 family 

motifs for two reasons.  First, AP2 transcription factors have been widely speculated to play a 

key role in TF-mediated transcriptional regulation throughout the erythrocytic cycle due to 

variable expression, sequence-specific DNA binding, and presence of AP2 motifs upstream of 

genes whose expression varies throughout erythrocytic stages (Balaji et al. 2005; Campbell et al. 

2010).  Second, the DNA binding specificities of AP2 transcription factors were evaluated using 

a high-throughput in-vitro protein binding microarray and subjected to in vivo validation 

(Campbell et al. 2010), generating a motif set derived by a consistent, rigorous workflow. 



 

With each motif, we scanned the P. falciparum genome using FIMO (Grant, Bailey, and 

Noble 2011) with a p-value threshold of 0.01. This fairly permissive cut-off was arbitrarily set, 

leaving more aggressive feature selection for downstream model training and evaluation. To 

ensure that the background model represented the unique sequence context of P. falciparum, we 

generated a background model from the P. falciparum genome with the MEME Suite command 

fasta-get-markov with Markov order 1 (Bailey et al. 2009).  In addition, percent GC was 

calculated in 101 base windows centered at each position in the genome. 

Features based on histone modifications, H2Az composition, nucleosome occupancy, and 

GC content were segregated into ``promoter'' and ``gene body'' features.  The ``promoter" feature 

was the mean feature signal from -500 bases up to the start codon, whereas the ``gene body" 

feature was the mean feature signal from the start codon to 1 kb into the coding sequence. 

2.3.8 Models 

We used three types of models to classify Plasmodium expression and select predictive 

features. The first was logistic regression with elastic net regularization, using the scikit-learn 

implementation (sklearn.linear_model.SGDClassifier). The second was a tree model with 

gradient boosting, using the XGboost Python implementation (T. Chen and Guestrin 2016). The 

third was a multi-layer perceptron model, with two hidden layers, each containing the same 

number of nodes as the input layer.  This model was implemented by DeepPINK (Y. Y. Lu et al. 

2018), which is designed to achieve robust feature selection with a controlled error rate. 

2.3.9 Performance metric 

The performance of each model was evaluated in terms of receiver operator characteristic 

(ROC) curves. These plots show the rate of true positive classifications (on the y-axis, indicating 



 

sensitivity) against the rate of false positive classifications (on the x-axis, indicating 1 - 

specificity). The area under the ROC curve (AUROC) quantifies the ability of the classifier to 

balance sensitivity (true positives) against specificity (avoiding false positives). An AUC value 

of 1 corresponds to perfect performance, whereas a value of 0.5 corresponds to random guessing. 

For Figure 2.2A, the ROC curve for logistic regression classification was generated by 

combining the gene scores from the test sets in three separate folds of cross-validation.  These 

scores were sorted together to generate the combined ROC curve shown. 

2.3.10 Train/Test Data Splitting 

We split the P. falciparum into five approximately equally sized (by gene count) folds by 

chromosome: fold 1 included chromosomes 1, 3, and 13; fold two included 2, 9, and 11; fold 

three included 7 and 14; fold four included 6, 8, and 10; and fold five included 4, 5, and 12. This 

split was done by calculating the number of genes-per-fold in a perfectly even split, then 

choosing the division of chromosomes whose totals had the smallest mean-squared error from 

this ideal value, across all possible permutations of chromosome-to-fold assignments.  A Python 

script that tests all permutations of chromosome sets, selecting the division that minimizes the 

mean squared error, is available in the Github repository, 

dataPreProcessing/selectingDataFolds/divideGenomeIntoFiveSets.py. 

 



 

 

 

 

 

 

 

 

 

 

 

Figure 2-2: Comparison of classification models. A) Classification models outperform all individual features 

for use in classification of gene expression. Grey lines represent the ROC curves resulting from ranking genes by the 

values of single features in the ring stage, with the best-performing feature shown in red. The blue line represents 

the ROC curve from training a logistic regression model with elastic net regularization, where the curve is created 

by combining the predictions across all three test sets. B) The ROC curves for classification of gene expression by 

logistic regression across ring, trophozoite, and schizont stages. Individual curves represent performance in one of 

test three folds in cross-validation. C) AUROC values for logistic models trained with or without motif scores as 

features. Points represent AUROC values on the test set in three-fold cross-validation; bars represent average 

AUROC values on the test data. D) AUROC for models only using TF motif features, defined over varying 

promoter sizes. E) The AUROC values resulting from training of distinct models in different stages (“Log” = 

Logistic Regression, “XGB” = XGBoost, “DP” = DeepPINK). Individual points represent the AUROC values from 

distinct test sets, for the listed model in a given stage. Brackets are labeled with p values for pairwise comparisons 

within stages where p < 0.05, using the DeLong method for comparing AUC values. 



 

2.3.11 Model development and hyperparameter tuning 

The first three folds were used for feature development and hyperparameter tuning.  

During this stage, we selected hyperparameters by three-fold internal cross-validation. For the 

logistic regression model with elastic net regularization, we tuned the ``alpha'' and ``l1\_ratio'' 

parameters in a sklearn.linear_model.SGDClassifier model. 

The ``alpha'' value determines the magnitude of the regularization penalty relative to 

classification error, while ``l1_ratio''determines the relative magnitude of the L1 and L2 penalty 

terms (1 = pure LASSO penalty, 0 = purely ridge regularization).  For the boosted trees model, 

we tuned the ``max_depth'', ``min_child_weight'', ``subsample'', ``colsample_bylevel'', and 

``n_estimators''hyperparameters in an xgboost.XGBClassifier model.  ``Max_depth''controls the 

tree depth of the decision trees composing the XGBoost ensemble, ``min_child_weight'' controls 

the minimum weight in a leaf node that is allowed to be split further, ``subsample'' controls the 

portion of training data samples for training each additional tree, ``colsample_by_level'' controls 

whether re-sampling is done for each new depth level within trees, and ``n\_estimators'' is the 

number of trees in the model.  In each case, we performed a grid search across the values listed 

in Table 2.3, testing all possible combinations of hyperparameter values using cross-validation 

within the three folds used for model development and selecting the hyperparameter combination 

with the lowest test error. 

Table 2-3: Hyperparameter selection 



 

On the basis of initial analyses, we eliminated the motif-based features from our feature 

set, and we chose to use features based on CDS rather than TSS locations (see Section 2.4.3 for 

details). 

2.3.12 Model evaluation on test data 

 Subsequently, we trained classifiers to make predictions on each of the two test folds, in 

each case training on the four remaining folds. In this case, hyperparameters were selected that 

yielded the greatest AUROC value in the three training set ``sub-folds'' using cross-validation, as 

implemented in GridSearchCV in sklearn.grid_search.  The selected hyperparameters are listed 

in Table 2.3. Probabilistic classification scores for all genes in both of the two test folds were 

combined for testing the statistical significance of differences in AUC values. AUC values were 

compared using the DeLong test for correlated AUCs (DeLong, DeLong, and Clarke-Pearson 

1988) as implemented in the pROC package in the R language (Robin et al. 2011). 

2.3.13 XGBoost and SHAP Values 

The gradient boosting method XGBoost is powerful but challenging to interpret.  

XGBoost assigns classification labels by taking a consensus decision from an ensemble of 

individual decision trees (T. Chen and Guestrin 2016).  XGBoost models are appealing due to 

their ability to capture complex interactions among features as well as non-linear relationships 

between features and classification labels (T. Chen and Guestrin 2016).  However, understanding 

the importance of individual features within such ensembles is challenging, because the model 

may use a given feature in multiple locations across the individual trees (in contrast to a 

regression model with a readily interpretable coefficient assigned to a feature). 



 

Consequently, we used SHAP (Lundberg and Lee 2017) to help interpret the trained 

XGBoost models.  SHAP is a software package that quantifies the effect of each feature on the 

classification of each example (each gene, in our case) by measuring how much information that 

feature provides in addition to various subsets of other features being used in the model. The 

method obeys key mathematical properties and matches human intuition in tested cases 

(Lundberg and Lee 2017). Running SHAP on our trained XGBoost models provided us with 

``SHAP values'' for each feature, for every gene. These scores can be studied on a gene-by-gene 

basis and can be aggregated across all genes within a stage to obtain a consensus score, 

comparable to a regression coefficient. 

2.3.14 DeepPINK 

Similar to XGBoost, DeepPINK can also capture non-linear relationships between 

features and classification labels. Rather than boosted gradients, DeepPINK uses a deep neural 

network model.  Importantly, DeepPINK is able to reliably choose relevant features with a 

controlled error rate, regardless of arbitrarily complex interactions among features.  To 

rigorously control the false discover rate among selected features, DeepPINK relies upon the 

recently described model-X knockoffs framework (Barber and Candès 2015). The primary 

methodological novelty in DeepPINK is its deep neural network architecture, which enables 

application of the model-X framework. 

2.3.15 Determining feature importance 

 After training, we examined each model to extract information about which features the 

model deemed most relevant to the given classification task.  For the logistic regression models, 

we recorded the coefficients assigned to each feature.  For XGBoost, we used the SHAP package 



 

to calculate ``SHAP values'' for each feature at each gene (Lundberg and Lee 2017). The 

magnitude of the feature importance score was defined as the mean SHAP value across all genes. 

The sign for the feature importance score (indicating whether a feature indicates high- or low-

expression) was defined by the direction of correlation between feature values and SHAP values 

across all genes. DeepPINK computes feature weights by multiplying the weight matrices across 

all layers of the deep neural network. The resulting weights can be either positive or negative, 

indicating the direction of correlation between features and the label. We used the squared value 

of the feature weight as the feature importance score. 

 

2.4 RESULTS 

2.4.1 High- and low-expression genes display qualitative genetic and epigenetic differences 

Drawing from a variety of data sources, as described in Methods, we constructed a data 

set of heterogeneous gene features across each of three stages of the erythrocytic cycle (ring, 

trophozoite and schizont).  GRO-seq measurements of nascent transcription were used to identify 

genes which high expression (top third) and low expression (bottom third) (Figure 2.1A). 

As an initial step of data exploration, features with signal at a base-by-base level (such as 

ChIP-seq tracks or GC content) were visualized using aggregation plots showing the average 

level of signal for a feature with respect to the start codon, segregated by high-expression and 

low-expression genes (Figure 2.1B).  These plots show expected trends, including enrichment of 

H3K4me3, H3K9Ac, and H2Az in highly expressed genes, as well as depletion of nucleosome 

occupancy in promoter regions. 

Given the apparent differences in signals upstream and downstream of the start codon, we 

split each of these main features into two features. The ``promoter" feature was the mean feature 



 

signal from -500 bases up to the start codon, whereas the ``gene body" feature was the mean 

feature signal from the start codon to 1 kb into the coding sequence. This was done for all 

covalent histone modification features, H2Az composition, nucleosome occupancy, and GC 

content. 

Similarly, for motif features, we calculated the maximum motif match log-odds score in 

two windows. The ``promoter" window was from -500 bases up to the start codon, while the 

``gene body" region extended from the start codon up to 1000 bases into the coding sequence. 

Ultimately, each ring- and schizont-stage gene was characterized by a set of 73 features, 

including 50 motif-based features, 14 histone modification features, 7 features characterizing 

local and global chromatin structure, and 2 features describing local GC content. Trophozoite 

stage genes used the same feature vector, but with 10 histone features removed due to missing 

ChIP-seq data sets in that stage. These matrices, including feature values and gene labels, are 

available for all three stages via the Github repository under the modelData directory.  For each 

stage, we include two versions of the file, with and without motif features, for convenience. 

2.4.2 Machine learning models accurately distinguish between expressed and non-expressed 

genes 

We initially examined single features to establish a baseline of classification performance 

based on a simple ordering of genes by each individual feature. In this way, we generated one 

ROC curve for each feature (gray lines in Figure 2.2A), obtaining AUROCs as high as 0.82 for 

H3K4me3 gene body signal (blue line in Figure 2.2A) in classification of ring-stage genes. 

Next, we compared this baseline approach against a machine learning method that 

integrates all of the available features. We observed, not surprisingly, that an elastic net-

regularized logistic regression (“Logistic'') model that integrates all features outperformed 



 

rankings based on single features alone: the ROC curve generated by the logistic regression (red 

curve, Figure 2.2A) dominates all of the ROC curves generated by ranking genes using single 

features.  We observed similar levels of performance across the three erythrocytic stages, where 

in a three-fold cross-validated test, the logistic regression model achieved average AUROCs of 

0.868 in ring (Figure 2.2B), 0.817 in trophozoite and 0.829 in schizont. 

2.4.3 Start codons outperform TSSs for predicting transcription 

During our exploratory work using the three ``development folds'' of data, we tested two 

different approaches for defining the start of a gene: transcription start sites (TSSs) and start 

codons. Surprisingly, this testing indicated that start codons are more useful than TSSs for 

defining the division between promoter and gene body for our predictive models.  We started by 

using genome-wide CAGE-seq datasets to define transcription start sites for all genes (see 

Methods). Plots of feature scores with respect to these two types of ``start'' positions ---start 

codons (Figure 2.1B) and TSSs (Figure 2.3A) --- qualitatively showed stronger trends between 

Figure 2-3: Transcription start sites versus start codons. A) Aggregation plots showing the average signal for 

features with respect to the transcription start sites of high-expression (blue) and low-expression (orange) genes. B) A plot 

of AUROC scores obtained for training a logistic classifier to classify genes as high- or low-expression (in the Ring, 

Trophozoite, and Schizont stages, left to right). The left column for each stage represents scores using promoter/gene body 

divided at the start codon (as was done throughout the analysis up to this point), while the right column in each stage used 

TSSs to divide promoter/gene body regions. 



 

high- and low-expression genes when defining promoter/gene body splits using start codons 

rather than TSSs. Furthermore, when we trained classifiers to label genes using features split by 

either start codon or TSS, the models using promoter/gene body definitions split by start codons 

consistently out-performed models using TSSs (Figure 2.3B).  Consequently, we focused 

analyses in this work on models that are split by start codons rather than TSSs. 

2.4.4 Motif features are not helpful 

A key question we aimed to address is the relative utility of the scores derived from TF 

motifs.  Accordingly, we repeated the cross-validated testing of the logistic regression model 

using three different feature sets: the full set of features, a reduced set in which the TF motif 

PWM scores have been eliminated, and a set containing only TF motif features.  This analysis 

suggested that the motif features did not aid in classification when combined with non-motif 

features, and if anything hurt the performance of our models (Figure 2.2C). Furthermore, models 

that used only motif features were far less accurate than models that incorporated non-motif 

features (Figure 2.2C). In addition, we investigated the possibility that the 500 bp window size 

used for promoter features may have under-utilized AP2 motifs, if relevant regulatory sequences 

are spread over larger upstream distances.  To this end, we re-trained and evaluated new ``motif-

only'' models, varying the promoter region to include either 1~kb or 2~kb of upstream sequence 

(instead of 500~bp, as in the original analysis). This analysis (Figure 2.2D) shows that expanding 

the range of the upstream window does not improve the performance of models using motif 

features alone, suggesting that our modest upstream window size is not missing valuable 

upstream regulatory AP2 family binding sites. 

At this point, we considered our model development complete.  Hence, all subsequent 

analyses incorporate two folds of data that had not been used in prior model development.  Thus, 



 

whereas previous analyses involve three-fold cross-validation on 3/5 of the data, all subsequent 

analyses perform two folds of a five-fold cross-validation, training on 4/5 of the data and testing 

on each of the two held-out test folds (see Methods for details). 

2.4.5 Different models have similar accuracies 

To determine whether our results thus far depend upon the choice of machine learning 

method, we also tested two additional types of models: a boosted trees ensemble (``XGBoost''), 

and a multilayer perceptron with two hidden layers (``DeepPINK''). Refer to “methods'' for 

descriptions of the methods and links to further reading. These methods all demonstrated similar 

performance on our development folds, so we elected to carry out further analysis using all three 

modeling approaches in parallel. In each stage, the three models demonstrate similar AUROC 

performance, with a slight trend of the multi-layer perceptron model outperforming XGBoost, 

which in turn outperforms logistic regression (Figure 2.2E). We examined all pairwise model 

comparisons within each stage (DeLong test for correlated AUCs, see methods), finding three 

comparisons to have statistically significant differences (Figure 2.2E). However, even the 

differences that are statistically significant are relatively modest in absolute terms, leading us to 

conclude that each of these machine learning methods achieves reasonably good performance in 

discriminating between Plasmodium genes with high and low expression. 

Accordingly, we used all three methods in subsequent analyses. 

2.4.6 Classification models use stage-specific features 

Having established the feasibility of predicting gene expression in Plasmodium, we next 

turned to the more interesting question: which features contribute most strongly to the 

performance of each classifier?  By including three different types of models, we reasoned that if 



 

multiple classification models select a similar set of informative features within a single stage, 

then this would suggest that those features are robust to the choice of model. Accordingly, for 

each model we calculated a feature importance score (see Methods) on a 0 to 1 scale, where 0 

means uninformative and 1 means strongly informative.  We also determined the direction of 

effect, indicating whether a high feature value is predictive of high or low expression. 

Additionally, the DeepPINK model identifies which features are informative for classification 

using a method that allows for explicit control of false discovery rate (FDR $< 0.05$, see 

Methods). Note that due to the exclusion of motif features from our analysis (Figure 2.2C), we 

do not obtain feature scores for any AP2 motifs. Given the fundamentally different methods used 

to assign feature importance in each of the three models, we would not expect a precise 

quantitative agreement in scores.  For instance, elastic-net regularized regression models favor 

zero-valued coefficients, whereas no such sparsity-inducing behavior occurs in XGBoost or 

DeepPINK models. 

However, we would expect that model agreement on feature importance would result in 

similar feature rankings. Indeed, when we calculate the Spearman correlation between all model 

pairings in a given stage we see a strong correlation between different models' feature orderings 

(Table 2.4). We note that the agreement is imperfect, particularly between XGBoost and 

DeepPINK models in the schizont stage (correlation = 0.533), with obvious differences between 

the two models in their use of H3K36me2 and H3K36me3, among others (Figure 2.4A).  In 

general, occasional instances of disagreement between models feature attributions within a given 

stage (Figure 2.4A and Table 2.4) are difficult to interpret with  

 



 

 

Figure 2-4: Feature importance measures. A) Feature importance scores assigned for different models (Log 

= Logistic Regression, XGB = XGBoost, DP = DeepPINK Multilayer Perceptron). See “Methods” for details. 

Scores were normalized to a 0-to-1 range. Bar height represents the magnitude of feature significance, while the 

color of bars indicates the direction of effect (Red: Higher feature value predicts high expression. Blue: Higher 

feature value predicts low expression.). Features using averages over “promoter” and “gene body” windows (such 

as ChIP-seq tracks) are split by these sub-features, while features that are not divided are not. Stars indicate features 

that were selected as significant using the DeepPINK model, FDR <0.05. B) SHAP values for features used in the 

XGBoost classifier for all genes. A positive SHAP score for a feature for a specific gene means that the value of 

that feature was changed that gene’s classification toward “low expression,” and vice-versa. C) SHAP values for 

features used in the XGBoost classifier for virulence genes. 

https://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1007329#sec002


 

confidence given the lack of a ground truth to which we can compare the models' feature 

attributions. 

Given the observation that our models attribute similar importance to features within a 

single stage (Table 2.4 and Figure 2.4A), we inspected the features that the models selected as 

informative. All three models identify high H3K4me3 signal within the gene body as indicative 

of high expression in the ring stage, select high H3K4me3 signal as indicative of high expression 

in the trophozoite stage, and identify high H3K9Ac and H4K20me3 signal in the gene body as 

indicative of high expression in the schizont stage. Similarly, the three models tend to attribute 

consistent importance to physical chromatin features: all three models highlight the importance 

of gene body nucleosome occupancy in the trophozoite stage and telomere distance in the ring 

stage (using inferred distance based on a 3D computational model, see methods). This 

consistency across models and methods suggests that our approach to identifying informative 

features is generally robust to the differences in modeling approaches. 

 

In contrast to the high concordance among the three models, we observed low 

concordance among the importance of individual features across different stages of the 

erythrocytic cycle. For instance, H4K20me3 was highly informative for predicting a ``high 

expression'' label in the schizont stage, but almost completely uninformative in the ring stage 

(data was unavailable for this mark in the trophozoite stage). To investigate the extent of this 

disagreement, we calculated Spearman correlations for all stage pairs for a given model type 

Table 2-4: Intra-stage consistency of model feature attributions. Spearman correlations between all pairs of 

models were calculated for features within individual stages, as well as averaged across all stages. 



 

(Table 2.5).  These correlations (mean = 0.623) are notably lower than the correlations observed 

between different models trained within the same stage (Table 2.4, mean = 0.803). The 

comparatively higher consistency of feature importance within a stage versus between stages 

(difference = .18. p = .0176, two-sided t-test) argues that inter-stage differences are not an 

artifact of the model training process and suggests that distinct regulatory mechanisms may 

control transcription in the three different stages. However, further work and replication is 

required to rule out confounding issues such as batch effects between datasets for different 

stages. For instance, the H3K4me3 features from one source (Bártfai et al. 2010) was marked as 

informative for classification in the schizont stage by all three models, while H3K4me3 signal 

from a different source (Jiang et al. 2013) was found to be relatively uninformative, by 

comparison (Figure 2.4A). Such discrepancies likely stem from differences in either the data 

generation processes or the synchronization of parasitic stages across distinct sources. 

The XGBoost model afforded an additional look at each individual features' effects on 

the classification of single genes.  In addition to assigning feature significance and direction-of-

effect at the level of the model as a whole (as in Figure 2.4A), the SHAP score for the XGBoost 

model can be calculated separately for each feature at each gene. Briefly, to generate 

classifications the XGBoost model generates a score for each gene. Suppose that correctly 

classified ``low-expression'' genes receive scores in the range 2-8 (on an arbitrary scale), and a 

particular low-expression gene has been given a score of 6, indicating that the model (correctly) 

predicts that the gene is at a low expression level.  SHAP scores assign scores to each of the 23 

Table 2-5: Inter-stage consistency of model feature attributions. Spearman correlations between all pair-wise 

comparisons of stages were calculated for features within individual model types. 



 

features used in the prediction, such that the sum of the 23 scores adds up to 6, the final 

classification value.  In this way, large positive SHAP scores indicate features that were 

important for assigning this particular gene a “high-expression'' label (see Section 2.3.13 and 

(Lundberg and Lee 2017) for details). The resulting distribution of per-gene SHAP scores for 

each feature (Figure 2.4B) suggests that some features exhibit non-linear relationships between 

SHAP scores and expression prediction, visually observable as asymmetry in the density plots 

shown in Figure 2.4B. For instance, the effect of H3K36me2 gene body signal in the schizont 

stage model is not a simple relationship where increases in the feature value led to consistent 

changes in model classification (Figure 2.5A). In a histogram showing H3K36me2 distributions 

for high- and low-expression genes (Figure 4C), we see that over the range of -4 to -3, almost all 

genes are ``low-expression.'' This corresponds to the ``flat'' region in the -4 to -3 range in the 

SHAP scores of Figure 2.5A, because values within this range are all treated as essentially the 

same by the XGBoost model.  In contrast, between 0 and 1 we observe a shift in the relative 

abundances of high- and low-expression genes: most genes with 0 signal are high-expression, 

whereas most genes with 1 signal are low expression. Consequently, we see that SHAP scores 

have a steep slope over the 0 to 1 range, meaning that small changes in H3K36me2 have large 

effects on model predictions for genes within this range. Similarly, a unit change in gene body 

H3K4me3 intensity does not lead to a specific change in XGBoost predictions across all ranges 

of H3K4me3 signal (Figure 2.5B). We see a marked change in the relationship (slope) between 

SHAP scores and H3K4me3 signal around a score of ``0.5'' (Figure 2.5B), which is at the point 

at which genes transition from being mostly low-expression to mostly high-expression, as seen in 

the distributions of Figure 2.5D. 

 



 

 

 

Intuitively, this observation indicates that the XGBoost model can discriminate between 

feature input ranges where small changes are important versus regions where small changes are 

insignificant. This can help capture the behavior of underlying non-linear mechanisms: for 

instance, high levels of H3K4me3 may indirectly help recruit pre-initiation complex 

components, but after a certain level H3K4me3-mediated recruitment is no longer the rate-

limiting step for transcription, so further H3K4me3 deposition will not further increase 

polymerase activity. Non-linear models such as XGBoost and DeepPINK are able to capture 

Figure 2-5: Nonlinear relationships between feature values and SHAP values. A) Scatter plot showing the 

values of H3K36me2 signal in the gene body of schizont-stage genes (x-axis) against the SHAP values assigned to 

those genes (y-axis). B) A scatter plot showing H3K4me3 in the gene body of schizont genes ([35], x-axis) against 

SHAP values for those genes (y-axis). C) Histogram showing the H3K36me2 feature value distributions for low-

expression (red) and high-expression (blue) genes. D) Histogram showing H3K4me3 values for low-expression 

(red) and high-expression (blue) genes. 



 

such feature-response nonlinearities, allowing for improved predictions when modeling a process 

with significantly non-linear mechanisms.  In contrast, a linear model like logistic regression 

treats -4 and -3 as being exactly as different as 0 and 1, regardless of the underlying feature 

distribution. 

We also repeated the per-gene SHAP analysis for the Plasmodium virulence genes, which 

encode a protein family that functions to anchor infected erythrocytes to the endothelium of 

blood vessels and are an important target for immune recognition (Flick and Chen 2004). The 

virulence genes are tightly regulated, with each parasite expressing exactly one of the 60 genes at 

a given time. In agreement with a known role for H3K9me3 in repression of virulence genes 

(Chookajorn et al. 2007), we find that virulence genes have large SHAP scores assigned to 

H3K9me3 signal. This observation demonstrates that the classification model is not only able to 

find genome-wide rules for classification, but also selects important features with respect to a 

specific subset of genes, capturing factors that are known to be important for transcriptional 

control of that gene family. 

 

2.5 DISCUSSION 

We developed predictive models for Plasmodium gene expression that yield AUC values in the 

range of 0.79--0.88 in cross-validated testing.  These values are somewhat lower than AUC 

values reported from studies carried out in other eukaryotes like mouse (0.94 (Cheng et al. 

2011)) or human (0.95 (Dong et al. 2012)). Many factors may contribute to this difference.  For 

example, Plasmodium has a smaller number of datasets available for use as features in our 

models: at most six unique histone covalent modifications were used in our models, whereas 11 

unique histone modification features were used in both (Cheng et al. 2011) and (Dong et al. 



 

2012). Consistent with this, using a small feature set (five histone modifications) to classify 

expression in human cells resulted in a model with an average AUC of ~0.8, a value in line with 

the performance we observed.  Furthermore, compared to human and mouse, Plasmodium has far 

fewer genes, which yields fewer examples for training our models.  Additionally, the high AT-

content of the Plasmodium genome presents a consistent challenge to generation of high-

confidence genomic datasets (Ay et al. 2015), so noise in feature datasets may have led to 

reduced accuracy. An alternate explanation comes from the apparent abundance of genes related 

to post-transcriptional regulation, rather than gene-specific transcriptional control (Coulson, Hall, 

and Ouzounis 2004).  This discrepancy has led to speculation that the most significant level of 

gene expression control occurs at regulation of translation, relaxing requirements for strict 

transcriptional regulatory programs (Coulson, Hall, and Ouzounis 2004).  It is possible that a 

relatively low reliance on strict transcriptional control allows the parasite to tolerate high noise in 

transcriptional regulation, in turn leading to a system that is difficult to model accurately. 

One surprising outcome was the apparently low utility of features derived from AP2 family TF 

binding motifs. Plasmodium AP2 genes are conserved proteins containing putative DNA-binding 

domains, homologous to the plant Apetela2/Ethylene Response Factor (AP2/ERF) DNA-binding 

proteins, the second largest class of transcription factors in Arapidopsis thaliana (Riechmann and 

Meyerowitz 1998). Gene expression profiling of a number of Plasmodium species as well as 

targeted knockout studies have demonstrated that some of these proteins are transcriptionally 

regulated and play key roles during developmental stages, including sexual differentiation 

(Painter, Campbell, and Llinás 2011). Furthermore in vitro protein binding microarray 

experiments prompt to the identification of DNA binding specificities for these proteins. Finally, 

a pronounced paucity of alternative transcription factors with DNA sequence specificity 



 

(Campbell et al. 2010) and the presence of high-affinity AP2 motifs upstream of genes whose 

expression varied across the erythrocytic cycle led to the notion that these Ap2 factors could be 

the missing reservoir of sequence specific TFs in Plasmodium. The strikingly low value of AP2 

motifs that we obtained raises three possibilities. First, this result may be indicative of the 

relatively low importance of local TF activity in regulating gene expression during the 

erythrocytic cycle. Second, we cannot completely rule out the possibility that the low value of 

AP2 motifs arose simply because the motifs used here are of low quality or because the way we 

employed the motifs (by scanning and aggregating p-values) is suboptimal. Alternately, it is 

possible that AP2 DNA binding requires both a TF-specific motif and a permissive epigenetic 

state at a given locus. DNA accessibility and epigenetic state is known to play a role in 

restricting TF binding in eukaryotes generally (MacQuarrie et al. 2011), with the consequence 

that TF motifs are an imperfect predictor of DNA binding in the absence of additional 

epigenomic data (Blatti et al. 2015; Duren et al. 2017). In Plasmodium specifically, detailed 

study of one TF found that the presence of a consensus motif was neither strictly necessary or 

sufficient for TF binding (Gissot et al. 2005).  If local chromatin state affects TF binding even in 

the presence of a TF-specific DNA motif, the predictive value of AP2 motifs could be masked by 

subtle interactions with local DNA accessibility and chromatin state. Consistent with this 

possibility, previous models of mammalian gene expression based on sequence motifs captured a 

small amount of gene expression variation (Conlon et al. 2003; Bussemaker, Li, and Siggia 

2001), while models using TF binding assayed by ChIP-Seq were able to predict expression with 

far greater accuracy (Cheng et al. 2011). This is presumably because ChIP-Seq data implicitly 

captures both motif presence/absence as well as epigenetic factors affecting TF binding. Clearly, 

an extensive collection of TF ChIP-seq data would be hugely valuable in exploring the extent to 



 

which TFs play an active role in gene regulation in Plasmodium and would clarify if AP2 factors 

truly play a limited role in erythrocytic transcriptional regulation. Initial Chip-seq results against 

AP2-G2 and AP2-I, transcription factors thought to be involved in sexual development and cell 

invasion respectively, suggest that AP2 may interact with some promotors to either act as a 

repressor for AP2-G2 (Yuda et al. 2015) or activator in associates with several chromatin-

associated proteins, including the Plasmodium bromodomain protein PfBDP1 for Ap2I (Santos 

et al. 2017). 

 Inspection of our trained models revealed the use of multiple types of features, from local 

histone modifications to high-order spatial positioning.  Covalent histone modifications were 

consistently found to be informative features, including the designation of gene-body H3K9Ac 

and H3K4me3 (Bártfai et al. 2010) as statistically significant by DeepPINK FDR control in all 

three stages (Figure 2.4A). Furthermore, nucleosome occupancy and GC content were repeatedly 

identified as informative features (Figure 2.4A, Ring and Trophozoite feature use). Together, 

these observations indicate that nucleosome occupancy, histone modification status, and GC 

content all contain valuable information regarding the activity status of a locus. In addition, the 

gene distances to telomere cluster and nuclear center (based on 3D models from our groups' 

previously generated data, see methods) were also consistently informative for classification of 

Plasmodium gene expression, albeit to a lesser extent than local features such as histone 

modifications (Figure 2.4A). This is consistent with previous observations that Plasmodium 

expression correlates with gene spatial positioning (Ay et al. 2014), and suggests that 

Plasmodium may encode regulatory information in the 3D position of a gene, in addition to its 

local epigenetic state.  Our findings complement previous identification of co-regulatory 



 

relationships between functionally related genes in Plasmodium (Prat et al. 2011), with our 

analysis identifying a repertoire of epigenetic features that underpin such observed patterns. 

 Interestingly, in the DeepPINK model H2Az coverage in the gene body of trophozoite 

genes was marked as significant (FDR $< 0.05$) and associated with low expression. In contrast, 

scores assigned to this feature were close to zero for both the Logistic and XGBoost models. 

H2Az signal was previously reported to be almost completely absent from gene coding sequence 

(Bártfai et al. 2010), which makes the apparent significance of gene-body H2Az signal quite  

surprising. Follow-up validation would be required to see if a minimal level of H2Az truly 

encodes information within coding sequence, or if the identification of the feature as significant 

is an artifact of the DeepPINK procedure.  However, previous studies in metazoan genomes have 

also identified H2A.Z in gene bodies. While some research groups link low levels of H2A.Z with 

inhibition of transcription in reconstituted nucleosomes (Mavrich et al. 2008; Thakar et al. 2010), 

others suggest that H2A.Z nucleosomes may facilitate transcriptional elongation  (Weber, 

Henikoff, and Henikoff 2010).  Our results support a model in which a low level of H2A.Z 

nucleosomes acts as a simple barrier to transcriptional elongation.  However, given the general 

agreement between models for almost all other features (Figure 2.4A) the assignment of 

importance to H2Az signal by DeepPINK alone suggests that the relationship should be 

considered very tentative. 

 An inherent limitation of our analysis is that, given these data, we cannot easily separate 

correlations from causative relationships. This is particularly important when modeling 

transcription using epigenetic data, given previous evidence that some histone marks (H3K36 

and H3K79 methylation) are deposited directly as an effect of Pol II elongation, rather than 

preceding transcriptional activation (Gates, Foulds, and O’Malley 2017).  In the absence of 



 

detailed perturbational experiments, the predictive relationships that we observe between 

features and expression cannot be clearly defined as directly regulatory or not. 

 Despite this limitation, our identification of predictive features is helpful on two fronts. 

First, epigenomic changes resulting from transcriptional activity can themselves serve in 

regulatory roles. In some species, H3K36 methylation, for instance, is deposited concurrently 

with transcription but serves a regulatory role thereafter, suppressing aberrant initiation of 

transcription within gene bodies (Gates, Foulds, and O’Malley 2017). This means that our 

models may identify factors important not only for regulation preceding initial activation of a 

locus, but also for feedback regulatory mechanisms. Second, the observed differences in selected 

features in distinct stages gives a clear prioritization for points in the Plasmodium life cycle 

where experimental dissection of epigenetic function would be most informative. For instance, 

H4K20me3 is not predictive of expression the ring stage, but is consistently associated with 

transcriptional repression in the schizont stage (Figure 2.4A). Whether H4K20me3 is a cause or 

effect of transcription, the molecular events linking this mark to transcription likely only take 

place---and are experimentally targetable---in the schizont stage. Our analysis specifically 

suggests that H3K9me3, H4K20me3, and K3K9Ac play schizont-specific regulatory roles in the 

erythrocytic cycle of Plasmodium (Figure 2.4A).  This observation suggests that disruption of 

enzymes controlling the levels of these marks would result in schizont-specific dysregulation, 

either through genetic ablation or chemical inhibition.  Therapeutic targeting of specific 

epigenetic pathways is already an active area of study in oncology (Fardi, Solali, and Farshdousti 

Hagh 2018) and virology (Archin et al. 2017), and future efforts applying epigenetic disruption 

to antimalarial regimens will benefit from our determination that the schizont stage appears to 

rely upon a larger variety of covalent histone modifications than other erythrocytic stages. 



 

 Analyzing XGBoost models suggested that the best solution to the classification task did 

not take the simple form in which a unit increase in a given feature leads to a specific, constant 

change in classification probability (Figure 2.4B and (Lundberg and Lee 2017)). Consistent with 

this, our two approaches that allow for feature interactions and non-linear feature/classification 

relationships, XGBoost and DeepPINK, slightly but consistently out-performed logistic 

regression (Figure 2.2D). However, the improvements in test AUC for the XGBoost/DeepPINK 

models are statistically significant in only a subset of these comparisons, and in all cases are 

quite modest in absolute terms. This is consistent with work in other eukaryotic genomes, where 

incorporating feature interactions provided minimal improvement in gene expression prediction 

accuracy, compared to simple linear models   (Cheng et al. 2011; Dong et al. 2012). It is possible 

that complex models would demonstrate a more significant advantage in a regression task---such 

as predicting absolute mRNA abundance---rather than the binary classification task that we 

considered. In our case, however, it appears that models using simple additive effects, such as 

logistic regression, captured most of the information found within the input features. 

 Our work only studied factors associated with relative control of expression within a 

particular erythrocytic stage.  This approach has the limitation of ignoring gene expression 

dynamics related to changes in absolute expression.  In our per-stage labeling approach, 2937 

genes received the same label (``high'', ``low'', or ``intermediate'') in all three stages, 2162 were 

either ``high'' and ``intermediate'' or ``low'' and ``intermediate'', and the remaining 182 were 

labeled as ``high'' and ``low'' expression at least once. Figure 2.1A shows that genome-wide 

expression values vary widely between stages, consistent with known inter-stage variation in 

transcriptional activity.  From this, we know that many genes are changing in absolute 

expression levels between stages but ending up with a “constant'' expression label when 



 

classified by relative expression. Conversely, a subset of housekeeping or otherwise constantly 

expressed genes may not actually vary in absolute expression themselves but end up with 

varying high/intermediate/low labels due to global shifts of transcription.  An alternative 

modeling approach could build upon our analysis of intra-stage expression regulation to 

incorporate inter-stage expression changes and absolute expression regulation, with the aim of 

building a complementary picture of Plasmodium transcriptional control. 

 During model development and feature refinement, we came to the surprising discovery 

that placing the promoter/gene body division using start codon position was more effective than 

using transcription start sites (Figure 2.3B).  This observation is consistent with a previous 

analysis in which five out of six covalent histone modifications associated with high 

transcription in Plasmodium displayed peak enrichment at the start codons of Plasmodium genes, 

while only one displayed the highest enrichment at transcription start sites (Gupta et al. 2013). 

Additionally, this is consistent with the observation that Plasmodium lacks a strongly positioned 

+1 nucleosome at the TSS, but that clearly positioned nucleosomes are observed at the start and 

end of coding sequences (Bunnik et al. 2014; Ay et al. 2015). In the future, it would be 

interesting to see if epigenetic information related to transcriptional control is truly encoded 

primarily with respect to start codons, or if technical artifacts due to the extreme AT bias in non-

coding DNA upstream of start codons leads to the apparently limited information value of TSS-

centered signals. 

 

 

 

 

 



 

The following is adapted with minimal modifications from (Read et al. 2022)  

Chapter 3. SINGLE-CELL ANALYSIS OF CHROMATIN AND 

EXPRESSION REVEALS AGE- AND SEX-

ASSOCIATED ALTERATIONS IN THE HUMAN 

HEART 

3.1 ABSTRACT 

Sex differences and age-related changes in the human heart at the tissue, cell, and molecular 

level have been well-documented and many may be relevant for cardiovascular disease. However, 

how molecular programs within individual cell types vary across individuals by age and sex 

remains poorly characterized. To better understand this variation, we performed single-nucleus 

combinatorial indexing (sci) ATAC- and RNA-Seq in human heart samples from nine donors. We 

identify hundreds of differentially expressed genes by age and sex. Sex dependent alterations 

include pathways such as TGFβ signaling and metabolic shifts by sex, evident in both 

transcriptional alterations and differing presence of transcription factor (TF) motifs in accessible 

chromatin. Age was associated with changes such as immune activation-related transcriptional and 

chromatin accessibility differences, as well as changes in the relative proportion of 

cardiomyocytes, neurons, and perivascular cells. In addition, we compare our adult-derived 

ATAC-Seq profiles to analogous fetal cell types to identify putative developmental-stage-specific 

regulatory factors. Finally, we train predictive models of cell-type-specific RNA expression levels 

utilizing ATAC-Seq profiles to link distal regulatory sequences to promoters, quantifying the 

predictive value of a simple TF-to-expression regulatory grammar and identifying cell-type-

specific TFs. 



 

3.2 INTRODUCTION 

Profound alterations in cardiac function and disease risk have long been evident at the level of 

individuals’ traits such as sex (Beale et al. 2018) and age (Steenman and Lande 2017). For 

example, female hearts exhibit more modest declines in cardiomyocyte numbers over time than 

males (Olivetti et al. 1995) and display distinct vascular elasticity properties (Redfield et al. 2005), 

while aged hearts display ventricular hypertrophy, tissue stiffening, and inflammation (Steenman 

and Lande 2017; Ferrucci and Fabbri 2018). However, there is substantial uncertainty in the exact 

molecular and cellular hallmarks - much less causal mechanisms - of these clinically evident, 

consequential differences. A robust understanding of those molecular processes could set the stage 

for personalized therapeutic intervention. 

 To achieve cell-type-resolved but high-throughput measurements of cardiac biology, single 

cell methods have been employed in numerous studies of human hearts and model organisms. In 

humans, these analyses profiled the diversity of cardiac cell types and subtypes (Litviňuková et al. 

2020; Tucker et al. 2020) and generated genome-wide maps of cell-type specific regulatory 

programs (Hocker et al. 2021). In model organisms, single cell approaches have not only generated 

atlases of healthy tissue (Han et al. 2018; Tabula Muris Consortium et al. 2018) but have also been 

used in controlled experiments to dissect the alterations occurring in processes such as aging 

(Tabula Muris Consortium 2020) and heart disease (Ruiz-Villalba et al. 2020; Farbehi et al. 2019; 

Y. Zhang et al. 2019). Similar approaches have begun to profile clinically important contrasts in 

human samples directly, such as identifying a handful of transcripts that vary by age in the healthy 

human heart (Tucker et al. 2020), variation in myeloid cell abundance in age (Koenig et al. 2022), 

and alterations during disease in single-cell ATAC-Seq (Hocker et al. 2021) and RNA-Seq 

(Koenig et al. 2022) data. Further analyses and larger datasets of the human heart may unlock more 



 

extensive insights into how alterations in transcriptional and epigenetic states characterize 

variation between individuals and advance our understanding of the genomic programs regulating 

cells. 

 Chromatin regulation represents a significant element of specialized cell function within 

or between conditions. During development, transcription factors play variable roles over the 

course of cardiac development (Akerberg et al. 2019; K. Zhang et al. 2021). Of clinical concern, 

individual transcription factors may play decisive roles in diseases such as cardiac fibrosis 

(Alexanian et al. 2021) while genetic variation may act through regulatory mechanisms to affect 

disease risk and individual variation (Y. Wang and Wang 2019). Parallel advances in quantitative 

models of gene expression (Avsec et al. 2021; Agarwal and Shendure 2020; J. Zhou et al. 2018) 

and extensive generation of epigenetic datasets in primary human hearts (Hocker et al. 2021; K. 

Zhang et al. 2021; Domcke et al. 2020) bode well for the utility of further, diverse epigenetic 

datasets in revealing intra- and inter-state regulatory programs. 

 To extend knowledge of molecular cell-type-specific cardiac processes between and within 

individuals, we generated and analyzed matched single-cell ATAC-Seq (117,738 cells) and RNA-

Seq (89,404 cells) datasets from 15 samples spanning 9 individuals. As a resource, our dataset 

contributes substantially to the catalog of single-cell profiles of the human heart. The number of 

individuals profiled combined with a hierarchical mixed model regression approach allows us to 

resolve age- and sex-dependent transcriptional and chromatin accessibility changes apart from 

confounding by donor-level variation. We find that transcriptional and regulatory programs 

display widespread variation by these covariates, observing both cell-type-specific and largely 

pan-cell type alterations. For example, sex was associated with alterations in transcriptional 

signatures of oxidative phosphorylation as well as differing accessibility at ATAC-Seq peaks 



 

containing motifs of TFs known to regulate metabolic rewiring. Furthermore, we employ ATAC-

Seq data to identify putative life-stage specific TFs, finding indications of adult-specific activity 

by RFX family TFs in adult vascular endothelium and macrophages. Finally, we develop cell-

type-specific gene expression models that utilize informative distal regulatory sites to account for 

approximately a quarter of transcriptional variation using a simple TF motif regulatory code. 

3.3 METHODS 

3.3.1 Tissue Collection 

This study complies with all relevant ethical regulations and was approved by the University of 

Washington Institutional Review Board (STUDY00002144). Informed consent was obtained 

prior to collection of human tissues. No compensation was provided for participation.  Collected 

samples were absent of evidence of disease upon review by study clinicians. Details regarding 

the collection are available on protocols.io (Lin and Lin 2020, 1970).   

3.3.2 Single-nucleus Library Generation 

 Nuclei for sci RNA-Seq were extracted from frozen, powdered heart tissue. 200-250 mg 

of frozen tissue was powdered while frozen, then dissociated using a Gentle MACS Tissue 

Dissociator at 4C using 5 mL of ice-cold lysis/fixation buffer containing 10 mM sodium 

phosphate (pH 7.2), 3 mM MgCl2, 10 mM NaCl, .02% Triton X-100, 5% glutaraldehyde, 1% 

DEPC, 10 mM ribonucleoside vanadyl complex (NEB). Dissociated tissue was filtered through a 

70 uM cell strainer on ice and washed with an additional 5 mL of ice-cold lysis/fixation buffer. 

The buffer/nuclei mixture was then incubated for 15 minutes at 4C in a rotating 15 mL Falcon 

Tube. Nuclei were pelleted by centrifugation at 600 RCF for 8 minutes at 4C. Supernatant was 

decanted, then nuclei were resuspended in 1 mL of nuclei suspension buffer (NSB) containing 10 



 

mM Tris HCl, pH 7.4. 10 mM NaCl, 3 mM MgCl2, 1% SuperaseIn, 1% bovine serum albumin 

(BSA) solution (NEB, 20 mg/mL). Nuclei were pelleted at 600 RCF for 5 minutes at 4C, and 

supernatant was decanted. Nuclei were resuspended in 100 uL of NSB per aliquot, then snap-

frozen with liquid nitrogen. 

 Libraries were generated using a 3-level sci RNA-Seq workflow (Cao et al. 2019). The 

workflow was modified to add a FACS sorting step following ligation to minimize background 

RNA levels, with a detailed workflow available at protocols.io (https://www.protocols.io/view/3-

level-sci-rna-seq-with-facs-dm6gpw255lzp/v1). Libraries were sequenced using an Illumina 

Nextseq 500 high output sequencing kit. 

 Nuclei for sci ATAC-Seq were extracted from powdered, frozen tissue and fixed as in 

previous work (Domcke et al. 2020). Libraries were generated using a 3-level sci ATAC-Seq 

workflow (Domcke et al. 2020) and sequenced using an Illumina Novaseq. 

3.3.3 Single-nucleus RNA-Seq Analysis 

 Raw sequencing output was processed using a pair of Nextflow processing pipelines 

available at https://github.com/bbi-lab/bbi-dmux (handling sample demultiplexing) and 

https://github.com/bbi-lab/bbi-sci (handling assignments of reads to cells, filtering, alignment, 

and cell-by-gene matrix generation). 

 Analysis of single-cell RNA-Seq data was performed using Monocle 3 (Cao et al. 2019). 

Cells were filtered by discarding any with unique molecular identifiers (UMIs) less than 100, 

mitochondrial RNA percentage greater than 10, or a Scrublet doublet score (Wolock, Lopez, and 

Klein 2019) of over .2. A 2-dimensional UMAP representation (McInnes, Healy, and Melville 

2018) of cells was found after using mutual nearest neighbors alignment (Haghverdi et al. 2018) 



 

to align by sample. Cell type assignments were made manually based on expression of marker 

genes in UMAP clusters (Figure 3.1D).  

3.3.4 Single-nucleus ATAC-Seq Analysis 

 Sequencing output was processed using a pair of Nextflow processing pipelines available 

at https://github.com/bbi-lab/bbi-sciatac-demux (handling demultiplexing) and 

https://github.com/bbi-lab/bbi-sciatac-analyze (assigning reads to cells, aligning reads, 

calculating peaks, finding motif occurrences in peaks, and generating cell x peak matrices). 

Analysis of single-cell ATAC-Seq data was performed using Monocle 3 (Cao et al. 2019). Cells 

were filtered by discarding any with unique molecular identifiers (UMIs) less than 1000, 

fractions of reads in TSS (FRIT) of less than .08, fractions of reads in peaks (FRIP) less than .2, 

or a doublet likelihood of greater than .5 90. Gene activity scores were calculated using ArchR 

(Granja et al. 2021) using default settings. Cell-by-gene activity score matrices were then used to 

generate a Monocle CDS object. The ATAC-Seq data was then aligned with the filtered RNA-

Seq data using Harmony (Korsunsky et al. 2019) based on all genes shared between RNA and 

ATAC CDS objects, and a new UMAP embedding was generated based on the corrected PCA 

coordinates of both datasets after Harmony correction. Based on UMAP coordinates in this new 

embedding, ATAC-Seq cells were labeled using a k-nearest neighbor transfer from the k=7 

nearest RNA-Seq cells (using cell assignments described above for RNA-Seq data).  

3.3.5 Differential motif abundance testing in accessible peaks 

 The presence of TF motifs in peaks was calculated based on the presence of any motif 

occurrence in the peak DNA sequence below a p-value cutoff of 1e-7 using MOODS (Korhonen 

et al. 2009). Motif count x cell matrices were then made by multiplying a motif (rows) x peaks 



 

(columns) matrix with a peak (rows) x cell (columns) matrix, generating a motif-count x cell 

matrix where each entry corresponded to the number of peaks accessible in a given cell that 

contained a given TF motif.  

 To test for motif abundances that varied by a function of donor covariates (age and sex), 

testing was run separately for all cells of a single cell type. Testing for motif counts was done 

using a GLMM fit using the lme4 package (“Linear Mixed-Effects Models Using ‘Eigen’ and S4 

[R Package Lme4 Version 1.1-28]” 2022), using a negative binomial model with sample donor 

as a random effect, as well as fixed effects of anatomical site, donor age, and sex. Multiple 

testing correction was performed with the Benjamini-Hochberg procedure (Benjamini and 

Hochberg 1995). This modeling approach is available in current releases of Monocle 3 (Cao et 

al. 2019).   

 For testing of cell type-specific motif enrichments (Fig. 1F), testing was run for all cells 

at once. To test for motifs enriched in a specific cell type, all cells were assigned a dummy 

variable valued as ‘1’ for cells that are from the type being tested, and ‘0’ for all others. Testing 

was then run using a GLMM fit using the lme4 package 96, using a negative binomial model 

with sample donor as a random effect, as well as fixed effects of the cell-type-dummy variable, 

anatomical site, donor age, and sex. Multiple testing correction was performed with the 

Benjamini-Hochberg procedure (Benjamini and Hochberg 1995).  

3.3.6 Differential expression testing 

 DE testing used a GLMM fit using the lme4 package 96, using a negative binomial model 

with sample donor as a random effect, as well as fixed effects of anatomical site, donor age, and 

donor sex. This modeling approach is available in current releases of Monocle 3. Multiple testing 



 

correction was performed with the Benjamini-Hochberg procedure (Benjamini and Hochberg 

1995). 

Gene set enrichment analysis tested for enrichments by age or sex within 50 Hallmark Pathways 

accessed from the MSigDB collection (Liberzon et al. 2015) accessed through the msigdbr R 

package. Testing used the fgsea package (Sergushichev 2016) and multiple testing correction 

was performed with the Benjamini-Hochberg procedure (Benjamini and Hochberg 1995). 

3.3.7 Adult versus fetal enrichment comparisons 

 Enrichments for TF motifs in accessible chromatin of fetal cell types was accessed at 

https://descartes.brotmanbaty.org/bbi/human-chromatin-during-development/ (see “Motif 

enrichment across cell types” section for download link). Enrichments in adult cell types were 

calculated as described above under “Differential motif abundance testing in accessible peaks”. 

Comparisons were made between the following adult-to-fetal matchings: “Cardiomyocyte” and 

“Cardiomyocytes”; “Vascular Endothelium” and “Vascular endothelial cells”; “Endocardium” 

and “Endocardial cells”; “Macrophage” and “Myeloid cells”; “Perivascular Cells” and “Smooth 

muscle cells”; “Fibroblasts” and “Stromal cells”; “Adipocytes” and “Epicardial fat cells”; 

“Neuronal” and “Purkinje neurons”; “T Cells” and “Thymocytes”. 

 For each comparison, plots (Figure 3.4) were calculated using only motifs that were 

significantly enriched in either adult or fetal data at an FDR cutoff of .1. Outliers were selected 

based on qualitative divergence from broad cell type correlations in enrichments between fetal 

and adult cells. 



 

3.3.8 RNA Expression Predictive Modeling 

 First, pseudo-bulk expression levels were calculated by pooling all UMIs for all genes for 

cells within a particular cell type. These were used to quantify the transcripts per million for each 

gene. Log2(TPM) was then used as the RNA expression level to be predicted for a particular 

gene/cell type pair. 

 To link distal sites to promoters, we ran Cicero (Pliner et al. 2018) to quantify covariance 

among peaks across all cell types. To link distal sites to genes, we first defined any peaks that 

intersected a defined window around the TSS (this region size was a hyperparameter set through 

performance on a validation set, see below). Then, any peaks outside the promoter set of peaks 

that were linked with a co-accessibility score greater than some cutoff (a hyperparameter). 

Motifs from the JASPAR database (Sandelin et al. 2004) “2018 Non-redundant Vertebrates” 

motif set were determined using FIMO (Grant, Bailey, and Noble 2011) at varying p-value 

cutoffs. For models using promoter sequence only, features would be a binary value for if one or 

more motif occurrences was found in the promoter sequence below a p value cutoff. For models 

using promoter and distal sequence, features were binary values for if a motif occurred in the 

promoter or distal regions. 

 RNA expression for protein-coding genes was predicted with an elastic net linear model 

using motif presence/absence as features. Data was divided into train, test, and validation sets at 

the level of chromosomes (approximately an 80/10/10 split in gene numbers) for hyperparameter 

setting. First, promoter size and motif p values were varied (Promoter sizes 

upstream/downstream of TSS were 1000/200, 1500/500, and 5000/2000. P values tested were 

1e-4, 1e-5, 1e-6). Models were trained on the training set setting l1/l2 penalties by internal cross-

validation, then evaluated on the validation set. The best average performance occurred using a p 



 

value cutoff of 1e-4 with a promoter of 1500/500 bases upstream/downstream. Holding that 

promoter region size constant, we trained models varying the cicero co-accessibility cutoff to 

link a distal site, maximum number of distal sites to link, and window size of DNA bases to scan 

centered at a linked peak. We tested combinations of Co-accessibility cutoffs of .015, .035, .05; 

max distal sites of 5, 10, or 20; distal sit size of 600 or 1,000 bases, motif p value cutoffs of 1e-4, 

1e-5, and 1e-6. Models were trained on the training set setting l1/l2 penalties by internal cross-

validation, then evaluated on the validation set (Figure 3.5B). Optimal performance was obtained 

using a co-accessibility cutoff of .015, a maximum of 5 distal sites, 1000 bp distal site windows, 

and a motif cutoff of 1e-4. Those parameters were then set for use in training a model for 

evaluation on the test set. L1/l2 penalties were set by internal cross-validation on a pooled 

training + validation set, then a model was trained using those penalties and the best 

hyperparameters found earlier. The model was then evaluated on the test set (Figure 3.5C). 

Finally, holding those hyperparameters constant, a final model was trained using all three train, 

validation, and test sets. The coefficients of this final fit model are reported in Figure 3.5G. 

3.3.9 Data Availability 

Data is available through the HuBMAP consortium website’s data portal 

(https://portal.hubmapconsortium.org/). 

 

3.4 RESULTS 

3.4.1 Single cell ATAC- and RNA-Seq library generation and cell annotation 

We collected heart samples from nine healthy adult donors (Table 3.1) with hearts collected on 

hemodynamic support to eliminate warm ischemic time (see “Methods” section). Samples 



 

represented four anatomical sites from the heart, though most were collected from the heart apex 

or left ventricular wall. In total, we prepared 15 samples for single-cell analysis, with each sample 

representing a single anatomical site in a particular donor. We powdered frozen tissue and split 

portions into aliquots for appropriate nuclei isolation and fixation for ATAC-Seq and RNA-Seq 

separately (Figure 3.1A).  

Sample Name Donor ID Donor Age Donor Sex Anatomical Site ATAC RNA 

W134.Apex W134 43 F Apex Yes Yes 

W135.Left.Ventricle W135 60 M Left.Ventricle Yes Yes 

W136.Apex W136 43 M Apex Yes Yes 

W136.Left.Ventricle W136 43 M Left.Ventricle Yes Yes 

W137.Apex W137 49 F Apex Yes No 

W139.Left.Ventricle W139 45 M Left.Ventricle Yes Yes 

W139.Right.Ventricle W139 45 M Right.Ventricle Yes Yes 

W139.Septum W139 45 M Septum Yes Yes 

W139.Apex W139 45 M Apex Yes Yes 

W142.Apex W142 55 F Apex Yes Yes 

W144.Apex W144 53 M Apex Yes Yes 

W144.Left.Ventricle W144 53 M Left.Ventricle Yes Yes 

W145.Apex W145 51 M Apex Yes Yes 

W145.Left.Ventricle W145 51 M Left.Ventricle Yes Yes 

W146.Left.Ventricle W146 25 F Left.Ventricle Yes Yes 

Table 3-1: Donor metadata. 

 We generated single-nuclei RNA-Seq libraries using 3-level sci RNA-Seq (Cao et al. 

2019). We modified the nuclei isolation protocol to use additional RNase inhibitors, mechanical 

dissociation of tissue, and 5% glutaraldehyde for tissue fixation (see “Methods” section). 

Additionally, in order to reduce background RNA levels that commonly contribute noise to single-

cell RNA-Seq data (Young and Behjati 2020) we included a FACS sorting step following ligation. 

One sample failed completely (donor “W137”) but the remaining 14 samples yielded 89,404 nuclei 

after doublet removal and filtering. A UMAP embedding of all transcriptomes contained numerous 

clearly separated clusters. Examination of marker genes revealed that clusters corresponded to 

specialized cells of the human heart including cardiomyocytes, fibroblasts, macrophages, and 



 

endothelial cells (Figure 3.1B, C). The RNA data also clearly resolves rare cell populations such 

as adipocytes, neuronal cells, mast cells, and B cells (Figure 3.1B).  

 

 

Figure 3-1: Overview of datasets. A) Experimental setup. B) UMAP of RNA-Seq data, coloring by cell type. 

C) Plot of marker gene expression by cell type, showing both mean expression (dot color) and the proportion of each 

cell type with nonzero expression for that marker (dot size). D) UMAP of a co-embedding of snRNA- and ATAC-

Seq data, coloring by data type. E) UMAP of co-embedded RNA and ATAC data, coloring by the assigned cell type 

F) Enrichment of TF motifs in the accessible peaks of ATAC-Seq cells 



 

Separately, we prepared single-nuclei ATAC-Seq data from powdered frozen tissue using 

3-level sci ATAC-Seq (Domcke et al. 2020), generating 117,738 ATAC-Seq profiles after filtering 

and doublet removal. Single-cell ATAC seq data is more difficult to annotate than RNA data 

because open chromatin around a gene doesn't always indicate that gene is robustly expressed 

(Cusanovich et al. 2018). Due to this difficulty in defining cell types, we used a co-embedding 

approach to find a low-dimensional embedding of RNA- and ATAC-Seq data simultaneously 

(Figure 3.1D), then transferred cell-type labels from RNA to ATAC profiles using a k-nearest 

neighbor classifier (Figure 3.1E; see “Methods” section). Using these assignments, within the 

ATAC-Seq data we identify strong enrichments for expected cell-type-specific transcription 

factors (Figure 3.1F) such as MEF2 family transcription factors in cardiomyocytes, SPI1 (also 

known as PU.1) in macrophages, and CEBPA in fibroblasts, in agreement with recent analyses of 

adult single-cell ATAC-seq data in adult human hearts (Hocker et al. 2021). 

3.4.2 Sex corresponds to cell-type-specific differences including TGF-β signaling and 

metabolic alterations 

We explored our single cell RNA-Seq data to identify transcriptional changes associated with age 

or sex within individual cell types. Commonly-used single-cell differential expression methods 

using fixed effect regression models do not properly account for inter-sample variation and their 

mis-application to datasets such as ours - in which cells are not statistically independent when 

derived from the same donor - can dramatically inflate false discoveries (Zimmerman, Espeland, 

and Langefeld 2021; Squair et al. 2021). Consequently, we used a mixed effect modeling 

framework to test for differential expression (see “Methods” section). This approach allowed us 

to test for variation by sex and age while controlling for expression differences due to anatomical 

site (as a fixed effect) and donor (as a random effect). We find dozens to hundreds of differentially  



 

expressed genes by age and sex, depending on the cell type analyzed (Figure 3.2A). Most DE 

genes are found in relatively abundant cell types, and we note particularly large numbers of 

changes by age in cardiomyocytes as well as many differences by sex in fibroblasts, macrophages, 

and vascular endothelium. For example, in vascular endothelial cells (Figure 3.2B) we observe 

large differences between men and women in expression of PROM1 (also known as CD133), a 

marker for endothelial progenitor cells (Rufaihah et al. 2010) and proliferative vascular 

endothelium (Sekine et al. 2016). As transplanted PROM1+ cells promote vascular regeneration 

in a mouse model of ischemic heart injury (Rufaihah et al. 2010), altered PROM1 levels by sex 

may indicate variation in proliferative endothelial populations. DE genes by sex in vascular 

endothelium also include IL1R, a receptor for pro-inflammatory IL1 signaling that is a candidate 

therapeutic target pathway in cardiovascular diseases including acute myocardial infarction 

(Abbate et al. 2020); ALPL, an alkaline phosphatase that promotes cardiac fibrosis (Gao et al. 

2020); and ACVRL1 (ALK1), a TGFβ superfamily co-receptor that causes vascular malformations 

and hemorrhage upon depletion (Tual-Chalot et al. 2014). 

 To summarize high-level changes within sex- and age-specific variation, we tested for 

enrichment in up- and down-regulated gene sets. Statistically significant differences between male 

and female hearts were evident across several cell types (Figure 3.2C). One recurrent alteration 

was a decrease in TGFB hallmarks across several cell types. We observe decreased expression of 

target genes of TGFB signaling in male fibroblasts and macrophages as well as decreased 

hallmarks of epithelial-to-mesenchymal transition - a common downstream consequence of TGFB 

activity (J. Xu, Lamouille, and Derynck 2009) - in macrophages, vascular endothelial, and 

perivascular cells (Figure 3.2C). Additionally, we find statistically significant changes in genes 

important in various aspects of cell metabolism, including decreased expression of cholesterol  



 

 

 

metabolism-associated transcripts in macrophages and decreased oxidative phosphorylation-

related transcripts in male cardiomyocytes, vascular endothelium, and macrophages (Figure 3.2C). 

We also observe cell-type specific alterations, such as an increase in hallmarks of IL2 and TNFA 

Figure 3-2: Alterations by sex in the heart. A) Total differentially expressed genes by age or sex (FDR = .1). B) 

Vascular endothelial cells positive for expression of four genes that were DE by sex. C) Enrichment of biological 

processes by sex. Pathways “Enriched in Females” show higher-than-expected expression in female cells after 

controlling for other covariates, and vice-versa. D) Fibroblasts positive for expression of two genes that were DE by 

sex. E) The proportion of total cells per sample that were classified as each cell type. F) Enrichment for counts of TF 

motifs in the accessible peaks of cell types as a function of sex. Bars shown correspond to statistically significant 

coefficients (FDR = .1). 



 

signaling in male T cells (Figure 3.2C) consistent with elevated soluble inflammatory signaling 

(Mehta, Gracias, and Croft 2018; Ross and Cantrell 2018). 

 We next examined whether our data contained further clues to the source of these pathway-

level changes. We find statistically significant alterations in expression levels of TGFB3 in 

fibroblasts (Figure 3.2D), but counter-intuitively expression levels are higher in men than women. 

Apart from altered TBFB3 in fibroblasts we do not detect significant decreases in RNA levels of 

TGFB1, TGFB2, or TGFB3 in any other cell type, but potentially find other between-sex 

differences that could affect TGFB signaling. For example, in male fibroblasts we do find 

decreased levels of CCN2, a promoter of TGFB signaling (Nakerakanti, Bujor, and Trojanowska 

2011).  

As it is also plausible that differences in the abundance of cell types with active roles in 

intercell communication could underpin male/female differences, we examined the cell type 

proportions of samples by donor sex. Broadly, cell type proportions were consistent between the 

sexes. However, we observe some differences in cell proportions by sex including as a statistically 

significant increase in fibroblast proportions in male donors (Figure 3.2E) using a beta-binomial 

model accounting for variation due to sex, age, and anatomical site.  

 In order to additionally study regulatory programs whose activity differed by donor sex,  

we looked for alterations in TF motifs accessibility between male and female cells in order to 

validate and expand upon the observed transcriptional differences. Consistent with our observation 

of decreased TGFB signaling in transcriptional data, we see reduced abundance of motifs for 

SMAD3 - a downstream effector of canonical TGFβ signaling - in male fibroblasts, vascular 

endothelial cells, and macrophages (Figure 3.2F). We further see statistically significant decreases 

in accessible motifs corresponding to JDP2, a transcriptional repressor tied to alteration of TGFB1 



 

induced EMT and fibrosis (Heger et al. 2018; Tsai et al. 2016). Consistent with decreased 

expression of hallmarks of oxidative phosphorylation in males (Figure 3.2F), we detect sex-

specific changes across multiple cell types in HIF1A, MYC, and RORA, TFs known to promote 

glycolysis over oxidative phosphorylation (Rodríguez-Enríquez et al. 2019). These ATAC-Seq-

based analyses align with the transcriptional decreases in TGFβ signaling and oxidative 

phosphorylation genes we observed in male cells and identify putative regulatory mediators of 

sex-specific distinctions. 

3.4.3 Immune activation increases with age through multiple pathways 

We next explored cell-type specific changes in the expression of hundreds of genes that 

varied by donor age (Figure 3.2A). To understand the broad changes these alterations represent, 

we again tested for enrichments in gene sets for age-related expression changes within individual 

cell types. We found a variety of alterations, including changes in several metabolic and cell-

signaling pathways (Figure 3.3A). We again observed differences in TGFB signaling genes, with 

increased TGFB hallmarks increasing in aged fibroblasts and epithelial-to-mesenchymal 

transition-associated transcripts elevated in aged fibroblasts, macrophages, endocardial cells, and  

cardiomyocytes (Figure 3.3A). Age is associated with an increase in several immune pathways 

across several cell types, including hallmarks of inflammation in fibroblasts and macrophages and 

increased interferon response in macrophages and vascular endothelium (Figure 3.3A). 

Statistically significant alterations include age-dependent increases in fibroblast expression of 

chemerin receptor CMKLR1 (Figure 3.3B), a receptor that  promotes inflammatory responses (Ho 

et al. 2010), mediates macrophage retention (Hart and Greaves 2010), and is positively correlated 

with atherosclerotic lesions (Kostopoulos et al. 2014). 



 

To see if age-dependent alterations in immune activation hallmarks were evident at the 

level of chromatin remodeling, we tested for motif enrichment in accessible peaks as a function of 

age. We detected enrichment of IRF1 and IRF7 motifs in accessible peaks of cardiomyocytes, 

fibroblasts, macrophages, and vascular endothelial cells (Figure 3.3C) consistent with increases in 

interferon response pathways observed in our transcriptional data (Figure 3.3A). In addition, we 

observe a statistically significant decrease in accessible motifs for NFKB2 (Figure 3.3D), a central 

mediator of inflammatory signaling (Oeckinghaus and Ghosh 2009). These changes in 

accessibility of motifs corresponding to key mediators of immune activation corroborate observed 

transcriptional changes in immune-related pathways (Figure 3.3A). 

 Given heightened immune activation with age (Figure 3.3A,B), we wondered if increased 

cell senescence - a state of arrested proliferation with release of inflammatory mediators (Coppé 

et al. 2010) - was evident in our samples. Senescence occurs across organs (M. J. Zhang et al. 

2021) and is suspected to play a role in age-related susceptibility to a host of cardiovascular 

diseases (Shimizu and Minamino 2019). While a clear understanding of senescence markers and 

causative mechanisms remains elusive (Shimizu and Minamino 2019), individual markers have 

been implicated in cardiac health. For example, the senescence marker p53 (Shimizu and 

Minamino 2019) promotes inflammation in a mouse pressure overload model (Gogiraju et al. 

2015) while p53 knockout reduces age-related cardiac dysfunction in mice (Mak et al. 2017). In 

all cell types we do not detect statistically significant transcriptional changes of pro-senescence 

regulators P53 or CDKN1A (p16) (Coppé et al. 2010). However, we find increased abundance with 

age in accessible peaks of cardiomyocytes and macrophages for CUX1 motifs (Figure 3.3C), a TF 

linked to senescence in vasculature by promoting transcription of p16 (G. Li 2021), a cyclin 

dependent kinase that promotes cell cycle arrest in senescence (X. Zhang et al. 2012). We  



 

 

 

 

 

 

 

 

 

Figure 3-3: Alterations by age in the heart. A) Enrichment of biological processes by age in individual cell 

types. Pathways “Higher in Age” indicates higher-than-expected expression in older cells after controlling for other 

covariates, and vice-versa. B) Percent of fibroblasts that are positive for CMKLR1 expression, by age of donor. C) 

Enrichment for counts of TF motifs in the accessible peaks of cell types as a function of age. Bars shown correspond 

to statistically significant coefficients (FDR = .1). D) Age of sample donor compared to the adjusted proportion 

(modified by the effect of anatomical site on proportion in a beta-binomial model) of all cells in that sample that 

were annotated as cardiomyocytes. Trend line shown based on predicted proportion of male (orange) and female 

(green) samples over a range of ages. Error range shows +/- 2 standard errors. 

 



 

additionally see increases in JUND motifs in aged cardiomyocytes (Figure 3.3C) a factor described 

as a hallmark of senescence in aging (M. J. Zhang et al. 2021). Thus, we observe cell-type specific 

alterations in TF motif accessibility with age for a handful of regulators associated with 

senescence. Future single-cell analyses - along with a deeper understanding of senescence markers 

- will clarify the extent and cell-type specificity of senescence in the aging human heart. 

As alterations in cell type abundance - such as declines in cardiomyocyte numbers 

(Kajstura et al. 2010; Olivetti et al. 1991) and loss of cardiac stem cells (Capogrossi 2004) - are a 

characteristic of cardiac aging, we looked for alterations in cell type proportions by donor age. As 

expected, we observe a statistically significant decrease in the proportion of cardiomyocytes 

captured by donor age (Figure 3.3D). We additionally observe alterations in other cell types, such 

as increases in the proportion of neuronal and perivascular cells with age (Figure 3.3E,F). Our 

observations suggest that changes in cellular proportions over time may be widespread. As cardiac 

function entails complex inter-cell interactions (Hulsmans et al. 2017; Hall et al. 2021), such 

alterations may manifest in significant functional changes through disrupting intercellular 

signaling in addition to altering functions carried out by an individual type. 

3.4.4 Contrasting TF motif enrichments identify putative adult- and fetal-specific regulators 

 

To study the global relationship between TF activity in adult cells versus their embryonic 

counterparts, we used a regression approach to identify TF motifs enriched in accessible chromatin 

of specific cell types (see “Methods” section) and compared the enriched motifs in adult cell types 

against corresponding fetal cell types (Domcke et al. 2020). Motif accessibility in most fetal cell 

types was largely maintained in the corresponding adult types (Table 3.2), though concordance 

was weaker for less abundant cell types such as adipocytes, or cell types for which our matching 



 

approach was less confident (e.g. fetal perivascular cells and adult smooth muscle cells) (Figure 

3.4).  

We next sought adult- or fetal-specific regulatory factors by looking for outliers whose 

enrichment was markedly higher in one developmental context versus the other. For some cell 

types, we see few if any obvious discrepancies in TF enrichments between fetal and adult cells.  

Cell Type Embryonic/Adult Correlation pValue 

Cardiomyocyte 0.71 7.15E-88 

Vascular 
Endothelium 0.50 8.98E-35 

Endocardium -0.28 9.95E-10 

Macrophage 0.66 1.18E-71 

Perivascular 0.04 0.465942 

Fibroblast 0.44 1.39E-26 

Adipocytes 0.07 0.160144 

Neuronal 0.43 3.62E-25 

T Cell 0.51 3.15E-37 
Table 3-2: Correlation between corresponding fetal and adult motif enrichments in accessible chromatin. 

 

For example, TF enrichments in cardiomyocytes are highly correlated between our analysis 

and corresponding results from fetal data including MEF2 regulators being exceptionally enriched 

in accessible fetal and adult cardiomyocyte chromatin (Figure 3.4A). This is consistent with MEF2 

TFs playing a crucial role in both cardiomyocyte differentiation and maintenance (Desjardins and 

Naya 2016).  

Although the overwhelming majority of TF motifs were similarly enriched in both fetal 

and adult cells, apparent differences in motif enrichments occur between fetal and adult cell types. 

For example, while TF enrichment magnitudes are broadly correlated between adult heart and fetal 

neurons (Pearson correlation = .42, p =3.6e-25. Figure 3.4B), a handful of factors show higher 

enrichment in adult neurons. Cardiac neurons play a pivotal role in regulating cardiac electrical 

and mechanical activity through a combination of intrinsic and central-nervous-system interfacing  



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3-4: Enrichment of TF motifs in the accessible peaks of fetal or adult sn 

ATAC-Seq.  A) Enrichments in cardiomyocytes B) Enrichments in cardiac neurons. C) 

Enrichments in vascular endothelial cells. Enrichments are shown for TFs that were statistically 

enriched in one or both of fetal or adult analyses (FDR = .1). D) Enrichments in macrophages 

(adult) versus myeloid lineage cells (fetal). E) Enrichments in T Cells F) Enrichments in 

fibroblasts (adult) versus stromal cells (fetal). G) Enrichments in perivascular cells (adult) 

versus smooth muscle cells (fetal). H) Enrichments in adipocytes 



 

interactions (Fedele and Brand 2020), while cardiac neuron dysfunction is central in cardiac 

arrhythmias (Shen and Zipes 2014; Jungen et al. 2017). In adult cardiac neurons we see notable 

enrichment for PROX1, ZBED1, and TBR1 motifs in accessible chromatin, contrasting with 

minimal enrichment (or depletion) of those motifs in fetal cardiac neurons (Figure 3.4B). PROX1 

plays a role in cell cycle exit and terminal differentiation of neurons in the central nervous system  

(Stergiopoulos, Elkouris, and Politis 2014) while TBR1 is essential for neural specification in the 

developing cortex (Bedogni et al. 2010). ZBED1 plays roles in suppressing cell division (Jin et al. 

2020), but apart from possible interactions between a ZBED1 homologue and a regulator of optic 

lobe formation in Drosophila (Jin et al. 2020), ZBED1 has not been previously characterized as a 

neural regulatory factor. In contrast to adult-specific motif enrichments, we observe fetal-specific 

enrichments of factors such as NOTO,  a regulator of notochord lineage commitment (Colombier 

et al. 2020), and RORA, a regulator of CNS development (Gold et al. 2003). Altogether, our results 

show that while some factors are shared between fetal and adult cardiac neurons, others may be 

developmentally specific. 

In fetal vascular endothelial cells, we see enrichment specifically in fetal cells for known 

vasculature regulators FOXO1 and FOXF, both of which cause severe vascular remodeling defects 

and embryonic lethality upon knockout in mice (De Val and Black 2009) (Fig. 4C). In addition, 

we see a similar level of enrichment in accessible fetal chromatin for ZBTB18 in contrast to 

minimal enrichment in adult vascular endothelium (Figure 3.4C). In the opposite direction, we see 

adult-specific enrichment for five RFX factor motifs (Figure 3.4C) in adult vascular endothelium. 

Interestingly, we see adult-specific enrichment for these motifs in a comparison of adult versus 

fetal macrophages as well (Figure 3.4D). Both of these cells types play crucial roles in vascular 

dysfunction (Shirai et al. 2015), while RFX factors are correlated with epigenetic changes in 



 

hypertension patients (Reyes-Palomares et al. 2020) and RFX1 indirectly reduces monocyte 

recruitment in atherosclerosis (Jia et al. 2019). Given motif similarities between RFX factors, 

further work will be particularly important to understand the role of particular RFX TFs in 

endothelial and macrophage function. For now, our work raises the potential for adult-specific 

roles for RFX factors in cardiac endothelium and macrophages joining RFX factors’ previously 

characterized pleiotropic roles (Sugiaman-Trapman et al. 2018).  

Overall, our comparison of cell-type specific fetal and adult motif enrichments tells us two 

things. First, we reproduce the observed correlation across various tissues between corresponding 

adult and fetal cell types’ chromatin in terms of accessible motifs (K. Zhang et al. 2021). Second, 

motifs that are not correlated between fetal and adult cells identify candidates for developmental 

stage-specific regulators in cardiac cell types.  

3.4.5 ATAC-Seq links distal sites that improve models of RNA expression 

 

Characterizing the regulatory roles of noncoding DNA sequences is a pressing challenge 

in human genetics (Gusev et al. 2014). Although a handful of distal elements with significant 

functional roles in the heart have been characterized (Alexanian et al. 2021) and genome-wide 

maps of cis-regulatory elements have recently been published (Hocker et al. 2021), we lack a 

genome-scale quantitative model of how noncoding sequences drives gene regulation. One 

approach to linking sequence to transcription has been to train computational models that predict 

each gene’s expression based on nearby sequences and/or epigenetic features (González, Setty, 

and Leslie 2015; Osmanbeyoglu et al. 2019; Duren et al. 2017; Cheng et al. 2011; Dong et al. 

2012). For example, we previously predicted gene expression based on sequence motifs in the 

accessible chromatin of differentiating myoblasts and found that simple transcription factor motif 



 

presence/absence explained ~37% of transcriptional changes during differentiation (Pliner et al. 

2018). Strikingly, information from distal DNA sequences dramatically improved accuracy 

compared to a model that used only the promoter sequence, suggesting that much of the 

information needed to encode the cell-state specific expression resides in distal sequences (Pliner 

et al. 2018). However, the extent to which such models generalize beyond simple in vitro systems 

to multiple in vivo human cell types is not clear. 

 To assess the potential of each cell type’s accessible chromatin to predict its transcriptome, 

we modeled cell-type-specific average gene expression based on promoter sequence alone or in 

combination with distal sites linked by ATAC-Seq information, as in our previous work (Pliner et 

al. 2018). We defined hyperparameters for these cell-type specific expression models using a 

training set, holding aside two separate validation and test sets to measure model performance. 

Protein coding genes were split into train/validation/test sets at the level of whole chromosomes 

(see methods) in proportions of approximately 80% train/10% validation/10% test.  

We found that in models using only promoter sequence the best average predictive accuracy 

occurred when the promoter region covered 2000 bases upstream and 1000 bases downstream of 

a TSS (Figure 3.5A), while use of larger or smaller regions led to inferior accuracy. After finalizing 

all hyperparameters (Figure 3.5B), two models were fit for each cell type: One used motifs 

absence/presence in a promoter region only as input features, while a second model used motifs 

found in promoters or distal DNA sites. In every cell type, models fit using proximal and distal 

sequence outperformed the corresponding model using promoter motifs alone, for several cell 

types by nearly 2-fold (Figure 3.5C). Notably, this effect does not appear to be due simply to 

adding additional arbitrary sequence as use of an even larger promoter region reduced model 

accuracy (Figure 3.5A). 



 

 

 

 

 

Figure 3-5: Predictive models of RNA expression. A) R2  for cell type-specific models (one point = one cell 

type) using varied p value cutoffs for calling motif presence in FIMO (color) and upstream/downstream regions (in 

bp) with respect to gene TSS. B) Test set R2 for different cell types. R2 is listed for models that were trained using 

motifs found near gene TSS (in purple) or in either TSS or linked distal sites (in green). C) Model accuracy on test 

data for models using promoter and distal motifs (x-axis) and the proportion of that cell type in the sn RNA-Seq 

data (y-axis). D) Cell type proportion of total vs. R2 of model using on promoter motifs E) Proportion vs. R2 using 

motifs in promoter or distal sequence F) Proportion vs. the R2 ratio using promoter and distal sequence or promoter 

only. G) Magnitude and direction of motif coefficients in final models fit using distal and proximal sequence. H) 

Distribution of inter-motif correlations across all motif pairs. 



 

 Because models for some cell types were more accurate than others (Figure 3.5C), we 

investigated if model performance was related to the abundance of the cell types. We found that 

cell type abundance - as quantified by a type’s proportion of total cells in RNA-Seq data - was 

related to accuracy for each respective cell type for models trained on promoter sequence alone 

(Figure 3.5D) or distal sequence plus promoter sequence (Figure 3.5E). Additionally, models for 

abundant cell types were markedly improved by including distal information, whereas models for 

less abundant cell types benefitted less (Figure 3.5F) which suggests that collecting further data 

would improve our models of gene expression. For abundant cell types, a simple model that 

predicted each gene’s expression based on whether or not each motif was present in the accessible 

chromatin nearby was able to account for ~20-25% of expression variation at the level of pseudo-

bulked transcriptomes, and that around a third of that amount was due to the inclusion of distal 

motif information. These results demonstrate that for all cell types of the human heart for which 

we trained models, distal noncoding DNA improves the accuracy of predicted expression. 

We next scrutinized the features used by our models to identify the specific sequences that 

define cell-type specific gene expression. As expected, many motifs that predict expression were 

also detected as enriched in accessible chromatin (Figure 3.5G). Examples include motifs for SPIC 

and SPI1 in the macrophage model, MEF2A in the cardiomyocyte model, SOX9 in the vascular 

endothelial and endocardium models, and CEBPA in the fibroblast model (Figure 3.5G). The 

models also explicitly identified motifs that are predictive of reduced expression, identifying 

putative repressors. For example, motifs for HEY2 - which contributes to cardiomyocyte 

specification in development (Ihara et al. 2020) - were inversely associated with expression in 

cardiomyocytes and other cell types (Figure 3.5G). This result agrees with the factor’s known role 

as a transcriptional repressor (Xiang et al. 2006), and would be consistent with HEY2 playing a 



 

role in other cell types apart from its characterized function in cardiomyocytes (Ihara et al. 2020). 

Similarly, the models for T cells and mast cells all captured an inverse relationship between 

expression and SMAD4 (Figure 3.5G). TGFB signaling via nuclear translocation of SMAD4 is 

highly cell-type specific, driving a broadly immune-suppressive role (Batlle and Massagué 2019) 

with SMAD4 alternately acting as a transcriptional repressor or activator depending on cellular 

context (Wotton et al. 1999). In addition, we observed cases where a particular TF motif was 

utilized by models across cell types, such as ZNF384 and YY1 motifs leading to increased 

expression predictions in all cell types (Figure 3.5G). Such relationships are difficult if not 

impossible to detect in a testing strategy looking for enrichments in a cell type compared to others. 

In summary, predictive models identify TFs that play cell type-specific roles, TFs related to 

expression across many cell types, and assign an explicit direction of effect on transcription. 

3.5 DISCUSSION 

We generated a resource of snATAC- and snRNA-Seq from multiple donors and utilized 

a state-of-the-art regression approach to find alterations by sex and age. We additionally studied 

regulatory roles of transcription factors in distinct cell populations through enrichment analyses 

and predictive expression models. Performing single-cell or single-nucleus RNA analysis in solid 

human tissue is difficult, and our dataset represents one of only a small handful of studies covering 

the healthy human heart at single-cell resolution from multiple donors (Litviňuková et al. 2020; 

Tucker et al. 2020; Hocker et al. 2021; K. Zhang et al. 2021). Our data allows us to characterize 

alterations at multiple levels, such as finding sex-specific TGFB-driven transcription (Figure 3.2B) 

accompanied by altered epigenetic signatures of TGFB effectors and regulators (Figure 3.2F). 

Cell-type specific changes - such as statistically significant TNFA activation hallmarks in male T 

cells but no other cell types (Figure 3.2B) - and altered cell type abundances (Figure 3.2E and 



 

3.3E) highlight the key role of single-cell resolution for understanding alterations by donor traits. 

Such cell type-specific changes could contribute to why a recent analysis of sex-dependent bulk 

transcriptional changes found most sex-specific changes to be of small magnitude and detected a 

minimal number of statistically significant pathway alterations in heart samples (Oliva et al. 2020). 

Our results indicate that single cell libraries from a tractable number of donors can identify diverse 

alterations in cell type proportions, transcriptional differences, and epigenetic programs varying 

by donor traits.  

In addition to facilitating tests of sex- and age-dependent differences across cell types, our 

dataset also allowed us to quantify the level of transcriptional variation that can be accounted for 

using a simple, binary TF motif-based linear model when using or excluding TSS-distal sequence 

(Figure 3.5C). Our results underscore the importance of distal regulatory information in 

determining gene expression levels (Duren et al. 2017; Pliner et al. 2018; Zeng, Wang, and Jiang 

2020) and reaffirm the observation that - at least in a simple modeling framework - simple models 

using TF motifs as input features explains only a minority of total variation in RNA levels 

(González, Setty, and Leslie 2015; Osmanbeyoglu et al. 2019). Furthermore, our models identify 

regulatory factors through a method that complements widely-used tests (Hocker et al. 2021; K. 

Zhang et al. 2021; Domcke et al. 2020) based on motif presence in accessible peaks (Figure 3.1F). 

In total, our predictive models of expression extend existing analyses of cell-type specific 

regulatory programs in the adult human heart (Hocker et al. 2021; K. Zhang et al. 2021) and 

establish a baseline level of accuracy for comparison against more complex methods (Avsec et al. 

2021; Agarwal and Shendure 2020; J. Zhou et al. 2018) utilizing larger datasets and less 

interpretable models. 



 

 Our analyses come with several caveats, most notably due to the limited number and 

diversity of samples analyzed. While we find statistically significant alterations by age and sex 

within the samples of our dataset, the limited number of individuals studied precludes generalizing 

those differences to the population at large. Considerably larger datasets will be necessary to find 

generalizable differences while accounting for confounding variables like donor medical history 

and disease status, dissect finer-grained effects like sex-specific differences before or after 

menopause onset (Kessler et al. 2019), and provide statistical power to detect biologically 

meaningful changes of small magnitude. In addition, analyses of new datasets - or meta-analysis 

of existing ones - will be required to study differences occurring in cell populations like atrial 

cardiomyocytes (Litviňuková et al. 2020; Tucker et al. 2020) that we did not study because of the 

limited anatomical coverage of our samples. In our predictive models of expression, due to limited 

training inputs and a preference for easily interpretable models we employed a simple linear model 

based on motif presence/absence. Future work in more complex - and likely more accurate - 

models like deep neural networks (Avsec et al. 2021; Agarwal and Shendure 2020; J. Zhou et al. 

2018) will be required to understand the relative value of distal DNA sequence and of particular 

sequence features/motifs in alternate prediction frameworks. It will be particularly interesting to 

test the reproducibility of cell-type-specific TF roles found via our linear models (Figure 3.5G), 

given inherent co-occurrence of motifs in the genome (Figure 3.5H). As modeling approaches that 

use regularization to select a minimal set of predictors (e.g. LASSO and elastic net regression) will 

often pick only one member of a motif “family”, motif/expression relationships in particular cell 

types will require validation in further modeling approaches. 

Our findings raise a number of natural avenues for further research. First, analyses of larger 

datasets of single-cell heart tissue - either newly generated, or via meta-analyses of existing 



 

datasets - will be crucial for identifying sex- and age-dependent variation that generalizes to the 

population at large, and to extend analysis to cover other important patient covariates or 

interactions. Relatedly, similar analyses in other organs can study the extent to which sex- and age-

dependent variation observed in cell types of the heart is reproduced in cell types of other human 

tissues. Furthermore, perturbational work in animal or culture models will play a crucial role in 

studying differences detected in large-scale, single-cell analyses by avoiding limitations inherent 

to observational designs. Our identification of biological processes such as metabolic shifts, TGFβ 

signaling, and inflammation also raise the prospect that larger analyses may detect alterations by 

sex or age that are already of clinical interest in cardiac disease (Lopatin 2015; Parichatikanond et 

al. 2020; Kosmas et al. 2019) and raise the possibility of personalizing therapies by patient traits. 

Reassuringly, our identification of numerous statistically significant differences in both RNA- and 

ATAC-seq data using a modest number of donors bodes well for the ability of future analyses to 

identify molecular covariates of patient traits within datasets that can feasibly be generated with 

current technology.  

 

 

 

 

 

 



 

Chapter 4. APPLICATION OF SCI RNA-SEQ TO MOUSE MODELS 

OF PULMONARY ALVEOLAR PROTEINOSIS 

AND SILICOSIS 

4.1 INTRODUCTION 

 As tissues of multicellular organisms involve complex molecular interactions within and 

between cells, disease in complex organisms inevitably involves alterations spanning a spectrum 

of molecular pathways across specialized cell types. Due to the variety of changes that 

characterize tissue perturbation and the innate functional specialization of cells, single-cell RNA-

Seq methods have been widely used in recent years to profile alterations occurring in tissue 

disease in a cell-type-resolved manner (Koenig et al. 2022; Reichart et al. 2022; Chaffin et al. 

2022; Adams et al. 2020; Puvogel et al. 2022; Ruzicka et al. 2020; Conway et al. 2020). During 

my work in the Trapnell lab, I worked on the data generation portion of two projects in that 

trend, where our lab generated and analyzed single-nucleus RNA-Seq datasets from mouse 

models of Pulmonary Alveolar Proteinosis and Silicosis. Though distinct diseases, we sought to 

leverage shared single-nucleus RNA sequencing methods and analytical approaches to learn 

about the molecular hallmarks of these diseases, as well as set the stage for larger analyses of 

lung disease attributes that are shared across various forms of lung dysfunction.  

 Pulmonary alveolar proteinosis (PAP) is a rare lung disease in which a buildup of 

alveolar surfactant leads to impaired gas exchange and lung failure (B. C. Trapnell et al. 2019). 

PAP occurs due to distinct causes, with disease in “primary PAP” caused by disruption of 

granulocyte-macrophage colony-stimulating (GM-CSF) signaling. Disruption of GM-CSF leads 

to a loss of differentiated alveolar macrophages and subsequent accumulation of surfactants and 

cholesterol due to loss of the surfactant degradation activity by alveolar macrophages (B. C. 



 

Trapnell et al. 2019). GM-CSF signaling can be ablated by autoantibodies against the GM-CSF 

ligand, genetic loss of GM-CSF ligand, or genetic loss of one of two receptors (GM-CSFRA or 

GM-CSSFRB) (Borie et al. 2011). 

 In addition to genetic diseases such as primary PAP, another important area of lung 

dysfunction involves inhalation of damaging particulates. For example, silicosis is a disease 

caused by accumulation of silica particulates in the lungs. Silica deposits that cannot be degraded 

lead to reduced lung function and eventual lung failure characterized by inflammation and 

fibrosis (Cassel et al. 2008; Leung, Yu, and Chen 2012; Wagner 1997). Minimal therapeutic 

options currently exist for silicosis, though current studies are underway to assess the utility of 

anti-fibrotic and anti-inflammatory small molecule therapies (T. Li et al. 2022). Despite the 

potential value of new treatments, uncertainty surrounding molecular alterations at play in a 

silicosis-afflicted lung – much less and understanding of the essential causal links underpinning 

lung dysfunction – makes principled therapeutic development challenging. 

 There is significant uncertainty in silicosis and PAP as to how the various cell types of 

the lung change in disease. In PAP, outstanding uncertainties include aspects such as whether 

semi-differentiated alveolar macrophage precursors persist in the lung, how alveolar epithelial 

cells are altered in the presence of pathological surfactant accumulation, and what molecular 

signatures are generated by distinct cell populations to drive inflammation (B. C. Trapnell et al. 

2019). In silicosis, areas of interest include the heterogeneity of macrophage states in the face of 

persistent particulates, the full repertoire molecular programs utilized by epithelial cells in the 

injured lung, and the molecular basis of the transition between inflammation and fibrosis (Barnes 

et al. 2019).  



 

 To better understand the cell-type-resolved alterations in lungs affected by PAP or 

silicosis, we sought to generate sci RNA-Seq datasets for mouse models of PAP and silicosis. To 

generate this data, we revisited the original method used to prepare nuclei for sci RNA-Seq (Cao 

et al. 2017) to be compatible with nuclei from solid, frozen tissue. Through a series of 

experiments, we optimized a method for extracting nuclei from frozen tissue such that RNA was 

not degraded and nuclei were fixed in a way that was compatible with sci RNA-Seq workflows. 

With this method, we generated single nucleus RNA-Seq datasets from mouse models of 

silicosis and PAP, revealing distinct alterations in lung cell types as a consequence of disease. 

4.2 METHODS 

4.2.1 Isolation and fixation of nuclei from mouse tissue for sci RNA-Seq 

 For generation of all mouse lung datasets, snap-frozen mouse lung tissue (93-223 mg) 

was dissociated using a Gentle MACS tissue dissociator using “C” dissociation tubes in 5 mL of 

ice-cold lysis/fixation buffer (10 mM NaCl, 10 mM sodium phosphate pH 7.2, 3 mM MgCl2, 5% 

glutaraldehyde, 10 mM vanadyl ribonucleoside complex, .1% Triton X-100, 1% diethyl 

pyrocarbonate, .00015% polyvinyl sulfonic acid (Sigma Cat. 278424)). Tissue was dissociated 

using the “Mouse Spleen 1” program for 60 seconds, then filtered using a 70 uM cell strainer. 

The strainer was washed with an additional 5 mL lysis/fixation buffer, then nuclei were fixed at 

4C for 15 minutes. Nuclei were pelleted by centrifugation at 500 RCF, 4C, 8 minutes. 

Supernatant was discarded and nuclei were resuspended in 1 mL nuclei suspension buffer (10 

mM Tris HCl pH 7.4, 10 mM NaCl, 3 mM MgCl2). Nuclei were filtered through a 30 uM 

strainer, then pelleted by centrifugation at 500 RCF, 4C, 5 minutes. Supernatant was discarded 

and nuclei were resuspended in 500 uL of nuclei suspension buffer and pelleted again at 500 



 

RCF, 4C, 5 minutes. After discarding the supernatant, the nuclei pellet was resuspended in 210 

uL of nuclei suspension buffer. 2 aliquots of 100 uL nuclei suspension were snap-frozen in liquid 

nitrogen and stored in liquid nitrogen storage for sci RNA-Seq library preparation. 

 Variations were used in experiments optimizing the above, final protocol. In experiments 

testing RNase inhibitor use (Figure 4.1A), the use or non-use of vanadyl ribonucleoside or DEPC 

content in the lysis buffer is indicated by the axis label for each sample. In experiments using 

different dissociation methods (Figure 4.1A and B), the dissociation method is noted on the axis 

label. “Mince” refers to mincing with a razor blade, “Hammer” refers to powdering frozen tissue 

while foil-wrapped on dry ice, and “MACS” refers to dissociation with a Gentle MACS 

dissociator as described above. In experiments varying fixation (Figure 4.1C), the 5% 

glutaraldehyde content described above was varied to some level of paraformaldehyde or 

glutaraldehyde as specified by axis labels. In the experiment varying FACS sorting (Figure 4.1E-

G), following reverse transcription in a 2-level sci RNA-Seq preparation some nuclei were FACS 

sorted into wells for tagmentation and PCR using FACS, while others were counted and diluted 

to appropriate concentrations before distributing to tagmentation/PCR wells by pipette. 

4.2.2 Sci RNA-Seq Library Generation 

 Single cell RNA-Seq data was prepared using the 2-level workflow for sci RNA-Seq 

(Cao et al. 2017). The protocol was modified to use the following RT incubation temperatures, 

instead of a 55C/5 minute incubation: 2 minutes at each of 4C, 10C, 20C, 30C, 40C, 50C 

followed by 10 minutes at 53C and 15 minutes at 55C. Each sample was distributed into 48 wells 

(1/2 an RT plate) of uniquely indexed RT reactions, then  



 

 Samples were prepared using 6 plates of RT indices (for 576 indices used) divided evenly 

between the 12 samples. 150 nuclei in total were sorted into each well of the 4 PCR plates that 

were prepared. Libraries were sequenced using an Illumina Nextseq 550. 

4.2.3 Mouse Model for PAP 

 Mice for use in this study included four genotypes: wild type, as well as double 

knockouts for Csf2, Csf2rb, and Csf2ra. Wild type mice are C57Bl/6, and mouse KO models are 

described for Csf2-/- at (Stanley et al. 1994), for Csf2rb-/- at (Robb et al. 1995), and for Csf2ra-/- 

at (Shima et al., n.d.).  Mice were sacrificed at 12-13 weeks of age, then whole lungs were 

removed and snap-frozen in liquid nitrogen for later dissociation. 

 

Note: Analysis of PAP RNA-Seq datasets described here and in Chapter 4.4.2 was performed by 

Dr. Claire Williams. Methods descriptions are adapted with minimal modification from a 

manuscript under preparation describing these experiments. 

4.2.4 Sci RNA-Seq Analysis for PAP Experiments 

 Raw sequencing data was processed using the Brotman Baty Institute pipeline (Pliner, 

Gogate, and Ewing n.d.). Briefly, the pipeline processes and aligns reads to the Mm9 mouse 

reference genome, merges duplicate reads by UMI sequence, and assigns reads to individual 

cells based on matching index sequences indicating unique PCR wells and RT wells. 

 RNA-Seq data was analyzed using Monocle3 (Cao et al. 2019). Doublets were identified 

and removed using Scrublet to discard cells with Scrublet Scores < 0.2 (Wolock, Lopez, and 

Klein 2019), and low-quality cells were filtered based on low UMI (<100 UMI per cell) or high 

percentage of reads mapping to mitochondria (>10%). Cells were subject to dimensionality 



 

reduction using UMAP (McInnes, Healy, and Melville 2018) using default parameters as 

implemented in the Monocle3 reduce_dimension function (metric = “cosine”, min_dist = .1, 

n_neighbors = 15, nn_method = “annoy”, top 100 components from PCA as input features) after 

correcting for batch effects and genotype using mutual nearest neighbors (Haghverdi et al. 2018) 

and regressing out log10(UMI) using the align_cds function in Monocle3, which fits a linear 

model for the relationship between cells’ UMIs and coordinates in PCA space then subtracts the 

effect of UMI on those coordinates using LIMMA (Ritchie et al. 2015). Cells were clustered 

after UMAP embedding using Leiden clustering (Traag, Waltman, and van Eck 2019) within the 

cluster_cells function of Monocle3, and cell types were assigned manually based on expression 

of literature-derived marker genes (Han et al. 2018; Angelidis et al. 2019).  

 Differential expression tests used a negative binomial mixed effect model fit using lme4 

(“Linear Mixed-Effects Models Using ‘Eigen’ and S4 [R Package Lme4 Version 1.1-28]” 2022) 

implemented within Monocle3. Individual was treated as a random effect, while genotype and 

log10(UMI) were treated as fixed effects.  

 Changes in cell type proportion were tested using a beta-binomial model (B. D. Martin, 

Witten, and Willis 2020) comparing across genotypes. For tests of enrichment/depletion we use a 

Poisson-Log Normal (PLN), a multivariate mixed generalized linear model with a Poisson 

distribution as its underlying statistical framework. This convenient framework allows you to 

both 1) perform multivariate statistical regression to describe how genotype relates to the relative 

abundances of each cell state and 2) describe how all pairs of states co-vary as a parsimonious 

network of partial correlations. We hypothesize that PLN network models will accurately 

quantify shifts in the distribution of cells over molecular states following genetic perturbations. 



 

 For pseudotime analysis (C. Trapnell et al. 2014), cells from terminal populations were 

used to generate a new UMAP embedding. Within that embedding we generated a pseudotime 

trajectory using the learn_graph function in Monocle3. 

4.2.5 Mouse models of silicosis 

 C57BL/6J mice were obtained from Jackson Laboratory (Bar Harbor, ME). Sprague-

Dawley rats were obtained from Charles River Laboratory (Wilmington, MA). For terminal 

experiments, mice or rats were euthanized by i.p. injection of Euthasol (Henry Schein, Melville, 

NY). All animals were maintained in a specific pathogen–free facility and were handled 

according to a University of Cincinnati Institutional Animal Care and Use Committee –approved 

protocol and National Institutes of Health guidelines. 

Silica particles (Sigma Aldrich, St. Louis, MO, particle size: 80% between 1 and 5 μm) 

were boiled in 1N HCl for 1 h, washed with dH2O, and dried at 100°C. The particles were then 

heat sterilized at 200°C for 2 h and suspended in sterile saline. The endotoxin content in the 

silica particles was <1.0 pg/μg of silica as determined using the LAL Chromogenic Endotoxin 

Quantitation Kit (Thermo Scientific, Rockford, IL) according to the manufacturer’s 

instructions.  For i.t. silica administration, C57BL/6J mice were anesthetized with isoflurane and 

suspended by their incisors in the supine position on a procedure board at a 45°C angle. The 

glottis was visualized by retraction of the tongue and illuminated with a fiberoptic thread.  A 22-

gauge angiocatheter was advanced into the trachea under direct visualization, and after 

confirming correct placement by expansion of the thorax upon delivery of air though the 

catheter, 2.5 or 5 mg of silica in 100 μl of saline was injected into the lung. For oropharyngeal 

(o.a.) silica administration, each mouse was anesthetized with isoflurane and suspended by a 

steel wire on a procedure board at a 60°C angle by the incisor teeth. The mouth was opened, the 



 

tongue was pulled forward and 5 mg of silica in 50 μl of saline was placed at the base of the 

tongue. Once the slurry was aspirated into the lungs with inspiration, the tongue was released. 

 

Note: Analysis of silicosis datasets described here and in Chapter 4.3.3 was performed by Dr. 

Jennifer Franks. Methods descriptions are adapted with minimal modification from a manuscript 

under preparation describing these experiments. 

4.2.6 Sci RNA-Seq Analysis for Silicosis Experiments 

 Raw sequencing data was processed using the Brotman Baty Institute pipeline (Pliner, 

Gogate, and Ewing n.d.).  

 RNA-Seq data was analyzed using Monocle3 v1.2.9 (Cao et al. 2019). Cells were filtered 

for quality control based on the following thresholds: >100 UMIs, <10% mitochondrial RNA, 

<0.2 Scrublet (Wolock, Lopez, and Klein 2019) doublet score. For visualization, we performed 

dimensionality reduction using the first 100 principal components, followed by 2D UMAP 

projection. We hierarchically annotated the data (into broad and fine cell-states) using Louvain 

clustering with varying levels of resolution in combination with marker genes identified from 

literature. 

 For differential abundance testing, cell numbers were collapsed per sample according to 

the fine cell state annotation. Cell numbers were normalized to correct for different cell numbers 

recovered from each sample. A beta-binomial test with Benjamini-Hochberg correction for 

multiple hypotheses (Benjamini and Hochberg 1995) was used to test for differences in cell state 

abundance for each timepoint compared to baseline (Day 0). A corrected p-value less than 0.05 

was considered significant. 



 

 To run gene signature analysis, gene sets were acquired from MSigDB (Subramanian et 

al. 2005) (Hallmarks Inflammation Gene Set, GO_Osteoclast_differentiation), Aran et al 2017 

(Aran, Hu, and Butte 2017)} (M1/M2 signatures), and Wang et al (B. Wang et al. 2020) (Fibrosis 

signature). For each gene, we translated the human gene set to mouse orthologs using the gorth 

function from the gprofiler2 package in R. For M1 and M2 analyses, only genes unique to one of 

the lists was used. A summary score of gene set activation was calculated per cell using the 

aggregate_gene_expression() function in Monocle3 (Cao et al. 2019). Scores were calculated 

using log-transformed expression values and were normalized to a scale of -3 to 3. 

 To test for differences in gene expression, we used a linear mixed effect model with 

splines. Significant differentially expressed genes were annotated with gene ontology (GO) 

function terms using g:Profiler. Terms with p<0.05 corrected for multiple hypothesis testing with 

the default g:SCS method were considered significant.  

 We calculated pseudotime for the interstitial macrophages to capture pathway activation 

changes associated with macrophage polarization and plasticity. Pseudotime was calculated 

using learn_graph() in Monocle3 (C. Trapnell et al. 2014) with default parameters except for 

use_partitions = FALSE. The root node was designated based on the end of the trajectory with 

highest number of cells collected from Day 0. Genes expressed in at least 100 cells that vary 

along the pseudotime trajectory were identified using a linear model with natural splines (df = 3). 

Differentially expressed genes were selected based on q_value<0.05. Significant differentially 

expressed genes were annotated with gene ontology (GO) function terms using g:Profiler. Terms 

with p<0.05 corrected for multiple hypothesis testing with the default g:SCS method were 

considered significant.  



 

4.3 RESULTS 

4.3.1 An optimized protocol generates single nucleus sci RNA-Seq data from mouse lungs 

 Over a series of experiments we determined four areas of adjustment to the original sci 

RNA-Seq workflows (Cao et al. 2017, 2019) to generate high-quality single-nucleus datasets 

from frozen mouse lung.  

 First, we determined the importance of including effective RNase inhibitors during the 

initial dissociation of tissue and nuclei extraction. For example, RNA recovery was drastically 

improved when lysis buffers included diethylpyrocarbonate (DEPC, which inactivates RNases 

by covalently modifying histidine residues and primary amines) and vanadyl ribonucleoside 

complex (a transition state analogue of RNA cleavage that acts as a competitive RNase inhibitor) 

(Figure 4.1A). Inclusion of only the RNase inhibitor content of previous sci RNA-Seq workflows 

(Cao et al. 2017, 2019), recombinant SuperaseIn, was insufficient to effectively protect RNA 

during nuclei isolation (Figure 4.1A). 

 Second, we used glutaraldehyde in place of paraformaldehyde (PFA) to fix nuclei 

extracted from adult mouse tissue (Figure 4.1B). Use of glutaraldehyde in place of PFA 

increased UMI recovery per nucleus by ~2 fold. 

 Third, we determined that dissociation using an automated tissue dissociator provided 

equal quality data as assessed by median UMI-per-nucleus when compared to a more time-

intensive dissociation method (Cao et al. 2019) involving mincing and pressing of tissue. 



 

  

 Fourth, we required FACS sorting of nuclei before placement of nuclei into 

tagmentation/PCR wells during sci RNA-Seq processing. Nuclei prepared by sci RNA-Seq 

without this additional step exhibited significant levels of RNA cross-contamination, observable 

as a single “high noise” cluster (Figure 4.1D). In this large cluster, composed mostly of non 

FACS-sorted nuclei (Cluster 1 in Figure 4.1E), there is expression of markers for multiple 

distinct cell types (Figure 4.1D). In contrast, FACS-sorted nuclei separate into distinct clusters 

with cell-type-specific markers showing expression that is specific to individual clusters. We 

find that most FACS-sorted nuclei end up in clusters outside of the large, multi-marker “noise 

Figure 4-1: Optimization of nuclei preparation methods for sci RNA-Seq in mouse tissue. A) Nuclei 

transcriptomes recovered based on dissociation method and use/non-use of the RNase inhibitors vanadyl 

ribonucleoside complex and DEPC. B) UMI distributions from nuclei obtained via sci RNA-Seq after tissue 

dissociation using a GentleMACS Tissue Dissociator (“Kidney MACS”) or mincing with a razor blade (“Kidney 

Mince”). C) UMI distributions for nuclei processed with sci RNA-Seq following fixation with some mixture of 

paraformaldehyde (PFA), glutaraldehyde (GA), or both D) Faceted UMAP of nuclei obtained from a mouse kidney 

sci RNA-Seq library. Nuclei are colored by expression of cell-type specific marker genes E) Clusters and cluster 

numbers for mouse kidney nuclei data F) Percent of nuclei that were either FACS-sorted or not FACS-sorted 

(“Dilution Split”) that belong to the “noise cluster” - cluster 1, in panel e - in a UMAP embedding. 



 

cluster” while most unsorted nuclei lie within the noise cluster in a UMAP embedding (Figure 

4.1E). 

 With these alterations determined, we applied our updated sci RNA-Seq workflow to two 

mouse models of lung disease. 

 

The following section is adapted with minimal modifications from a manuscript under 

preparation. Writing and analysis presented here was led by Dr. Claire Williams.  

4.3.2 PAP is characterized by alterations in macrophage-like cells 

 Patients with primary PAP exhibit severe deficits in lung function, and we sought to 

define the cellular and molecular changes that drive these functional abnormalities. Mice with 

mutations in the ligand GM-CSF or its receptors, Csf2, Csf2ra, and Csf2rb, phenocopy key 

features observed in PAP patients, including buildup of excess surfactant in the lung (B. C. 

Trapnell et al. 2019). With the goal of characterizing the PAP lung in its entirety, we dissociated 

whole lungs from twelve-week-old diseased mice harboring each of these three mutations in 

addition to healthy controls and performed single nucleus RNA-sequencing using two levels of 

combinatorial indexing on four to eight individuals per genotype (Fig 4.2A). After removing low 

quality nuclei, we retained 33,576 high quality nuclei across the four conditions for further 

analysis. Importantly, nuclei were isolated separately from each individual, providing 

independent biological replicates for each condition. 

 Nuclei from the healthy lung represented all major cell types expected to be present. 

Dimensionality reduction with UMAP yielded nine well-separated clusters to which numerous 

markers of lung cell identity were restricted, enabling us to annotate nine major cell types 

(Figure 4.2B). In order of abundance in the healthy lungs, the major identified clusters contained  



 

airway epithelial cells (AECs), myeloid cells, endothelial cells, fibroblasts, Type II pneumocytes 

(AT2), T lymphocytes, Type I pneumoctyes (AT1), B lymphocytes, and mesothelial cells. Sub 

clustering of these major cell types revealed variegated expression of markers of functional 

specialization, resulting in putative annotation of 39 distinct subtypes of lung cells (Figure 4.3). 

The abundant representation of all major lung cell types and the detection of key marker genes 

within each confirmed that this experiment captured the cellular and molecular diversity 

expected in the healthy murine lung. 

 

 

 

 

 

 

 

 

 

Figure 4-2: Single nucleus RNA-Seq of PAP genetic mouse models. A) Experimental design. B) UMAP 

embedding of wild-type mice data, colored by cell type. C) Expression levels of downstream markers of GM-CSF 

and M-CSF signaling, by cell type and genotype. 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4-3: Subtypes in RNA-Seq of PAP mouse models. A) UMAP colored by cell subtype. B) Marker 

expression by cell subtype. 



 

  

 

 

 

 

 

 GM-CSF signaling is impaired in PAP, so we reasoned that cell types that normally 

respond to GM-CSF are most likely to be directly impacted by this deficiency. As previously 

reported (T. Suzuki et al. 2011), myeloid cells expressed high levels of the GM-CSF receptor 

subunits, Csf2ra and Csf2rb, in addition to downstream signaling components (Figure 4.2C). The 

key transcription factors Spi1 and Pparg additionally were moderately expressed in B cells and 

airway epithelial cells, suggesting that GM-CSF deficiency may induce primary changes in the 

cell states of cell types beyond macrophages. Because there is a buildup of cholesterol rich 

surfactant in the lung in patients with PAP, we predict there may additionally be indirect effects 

of GM-CSF deficiency on the cell states of non-GM-CSF responsive cell types. 

 We next sought to compare healthy lungs against each of the three genetic mouse models 

of PAP in terms of the cell states and abundances of each major cell type (Figure 4.4A-C). First, 

the relative enrichment and depletion of cell states in each mutant background as compared to 

the cell states present in healthy lungs was visualized across UMAP space (See methods). There 

are subtle shifts in these UMAPs across cell types, suggesting wide-ranging effects of GM-CSF 

deficiency throughout the lung. The most striking difference was the appearance of abnormal 

macrophages and a corresponding depletion of healthy alveolar macrophages across all three 

Figure 4-4: Abundance enrichments and depletions for GM-CSF signaling KO genotypes compared to 

wild type. A separate UMAP embedding in shown for A) Csf2-/- mice B) Csf2ra-/- mice C) Csf2rb-/- mice. 



 

PAP models. Additionally, there were regions of elevated occupancy consistently across all three 

PAP models in B cells, airway epithelial cells, endothelial cells, and fibroblasts. This is 

consistent with the observation of pulmonary lymphocytosis and fibrosis in patients with PAP 

(Ebina-Shibuya et al. 2017; Luisetti et al. 2011), and further investigation of these cell proportion 

alterations is underway given subtleties of interpreting changes in the 2D UMAP space. We 

observed larger differences in the cell states of two genetic backgrounds, Csf2-/- and Csf2rb-/-, 

than of the third genetic background, Csf2ra-/-. We speculate that the reduced severity of alpha 

chain mutations may in part explain the elevated occurrence of this mutation in human patients 

(Hadchouel et al. 2020).  

 Myeloid cells are known to be severely affected in patients with PAP and in murine 

models, with a deficit of mature, healthy alveolar macrophages a key phenotype of the disease 

(B. C. Trapnell et al. 2019). To more closely examine the myeloid cells in healthy and diseased 

lungs, we isolated these cells from our dataset and reprojected them into UMAP space, 

generating a new UMAP space only derived using these cells. By clustering these cells and 

examining the expression of known markers as well as enriched genes, we identify numerous 

myeloid cell subtypes including macrophages, monocytes, dendritic cells, and neutrophils 

(Figure 4.5A). Healthy alveolar macrophages (AMs), expressing key marker genes such as Chil3 

and Car4, are largely absent from all three hereditary PAP (hPAP) genotypes (Figure 4.5B). A 

small number of healthy macrophages are present in Csf2rb-/- potentially suggesting 

compensation from Csf2rb2 or possible signaling through Csf2ra at higher GM-CSF 

concentrations in these mice. 

 In the diseased lungs, there is a compensatory increase in at least two disease-enriched 

macrophage subtypes, which we refer to as hPAP alveolar macrophages (hPAP AMs) here. To  



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

begin to characterize these hPAP AMs, we first used differential expression to compare the 

terminal populations in each genotype (healthy AMs in wild type backgrounds and hPAP AMs in  

 

Figure 4-5: Alterations in macrophage subtypes. A) A UMAP generated from macrophages across all 

genotypes, colored by macrophage subtype. B) Enrichment (red) and depletion (blue) for macrophage subtypes in 

hPAP genotypes compared to wild type. C) Differential expression of genes related to AM differentiation, cholesterol 

metabolism, and inflammation in terminal macrophage subpopulations. Dots indicates significant with FDR < .1. D) 

Enrichment/depletion of biological pathways within terminal macrophage populations by genotype, with respect to 

wild type. E) UMAP of terminal macrophage populations colored by “M1” score or F) “M2” score. See methods. 



 

the mutant backgrounds) and identified 465 genes that were mis-regulated in at least one genetic 

background.  Genes that are critical for AM differentiation and surfactant processing were 

expressed at far lower levels in hPAP AMs than in healthy AMs (Figure 4.5C). An alternative set 

of cholesterol processing genes including Apoe and Chil1 were upregulated, reminiscent of the 

profile described for foamy macrophages (Guerrini and Gennaro 2019). Furthermore, hPAP AM 

populations showed elevated interferon signaling, complement pathway activation, NF-kappa B 

signaling activity, and antigen presentation signatures relative to healthy AMs (Figure 4.5D). Of 

the two disease-enriched subtypes, one expressed a strong pro-inflammatory M1-like 

macrophage signature and the other expressed a strong anti-inflammatory M2-like signature, 

similar to what we observed in healthy AMs (Figure 4.5E,F) (Jablonski et al. 2015). 

 The standing model for macrophage dysfunction in PAP is that macrophages are present 

but immature (B. C. Trapnell et al. 2019), which agrees with our finding of reduced expression 

of differentiation factors. In healthy individuals the lung is seeded with macrophages during 

embryonic development and then maintained through local proliferation. Following depletion in 

injury or viral infection, monocytes are able to extravasate from circulation, infiltrate the lung, 

and differentiate into alveolar macrophages when that niche is unoccupied (Evren, Ringqvist, 

and Willinger 2020). Therefore, to assess the differentiation progress of the hPAP AMs, we 

further subset monocytes and all macrophage populations from our myeloid cells, again 

projected them into UMAP space, and performed pseudo time trajectory analysis (Figure 

4.6A,B). Setting the monocytes as the root, we observe a differentiation trajectory that proceeds 

from monocytes to healthy alveolar macrophages, with two branches projecting out into two 

major clusters of hPAP AMs.  This suggests that the diseased macrophages occupy an aberrant 

cell state, rather than simply being immature.  



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4-6: Pseudotime analysis and developmental comparison of macrophage subtypes. A) 

Pseudotime trajectory calculated for monocytes and macrophages across all genotypes. B) Distribution of 

cells by genotype across pseudotime. C) A UMAP from co-embedding all genotypes with a developing 

mouse lung atlas (see methods). D) UMAP of co-embedding all PAP genotypes and wild type with 

developmental mouse atlas data, colored by cell subtype and faceted by data source. E) Co-embedding of 

PAP datasets with developmental mouse atlas data, coloring PAP data only by cell type. 



 

 One caveat to this interpretation is that the cells in this experiment were all derived from 

12 - 13-week-old mice, so we were unable to directly observe healthy macrophages as they 

matured in normal development. However, other groups have profiled the murine lung in early  

development with single cell RNA-seq, and we aligned our myeloid cells to a dataset derived 

from embryonic (E18.5), perinatal (P1), and mature (P7) mouse lungs (Domingo-Gonzalez et al. 

2020) using Seurat. We observe good concordance between defined non-macrophage cell types, 

including neutrophils, monocytes, and DCs, confirming that the alignment was successful 

(Figure 4.6C,D). When focusing on alveolar macrophages, we observe similar localization of 

healthy AMs across the two datasets but very little overlap between hPAP AMs and either 

perinatal or embryonic AMs from the developmental dataset (Figure 4.6E), further supporting 

the finding that the hPAP AMs are not occupying a normal developmental state. 

 

The following section is adapted with minimal modifications from a manuscript under 

preparation. Writing and analysis presented here was led by Dr. Jennifer Franks.  

4.3.3 Silicosis results in alteration sin distinct macrophage subsets and altered cell 

proportions 

We performed a genomic longitudinal analysis of silicosis in a mouse model using 

single-nucleus RNA-sequencing from pre- and post- silica instilled mouse lungs. We recovered a 

total of 23,794 single cells from 12 whole lung samples across four timepoints (Day 0, 7, 28, 56). 

Thirty-five unique cell states spanning epithelial, endothelial, stromal, myeloid, and lymphoid 

cell lineages were identified using highly and specifically expressed marker genes (Figure 4.8A, 

B). Many cell states are differentially abundant over time with most notable changes happening 

at Day 7 post-exposure (Figure 4.8C). AT1, bronchioalveolar stem cells, regulatory T cells, and 



 

Fibr-2 macrophages significantly increase in relative abundance following silica exposure while 

arterial, capillary, and venous endothelial cells, aerocytes, fibroblasts, mesothelial, and club cells 

decrease in relative abundance (adjusted p<0.05, beta-binomial test). Neuroendocrine cells 

demonstrate a significant yet transient increase at Day 7 post-silica exposure which may reflect a 

Figure 4-7: Single-nucleus sequencing of the murine lung pre- and post-intratracheal administration of 

silica. (A) 2D UMAP representation of all annotated cell types identified. Each point represents a single cell and is 

colored according to fine scale annotation. (B) Selected marker genes used for broad and fine-scale cell type 

annotation. (C) Cell state abundance relative to Day 0 shown over time. *p<0.05, **p<0.005, ***p<0.0005; BH 

correction. Gene set enrichment scores for Inflammation (D) and Fibrosis (E) shown over time summarized for all 

cells collected from each timepoint (left panel) and colored by individual cell state (right panel). 



 

potential role in supporting acute inflammation.  Silicosis is known to produce both acute and 

chronic inflammation in the lung followed by progressive fibrosis. Indeed, gene set enrichment 

analysis reveals that inflammatory gene processes peak at Day 7 post-exposure and chronically 

remain higher than baseline while fibrotic gene expression processes continually increase 

following exposure (Figure 4.8D, E). Cell states uniquely vary both in the baseline activation of 

inflammatory and fibrotic gene signatures and in the subsequent temporal response following 

silica exposure. 

 We further interrogated the myeloid cells to identify the genetic programs activated in 

this lineage during silica exposure in the mouse lung (Figure 4.8A). Within the myeloid cells, we 

identified previously described populations of alveolar (SiglecF+) and interstitial (SiglecF-) 

macrophages as well as populations of dendritic cells and neutrophils (Figure 4.8B). Interstitial 

macrophages were highly abundant in the silicosis lung and demonstrated remarkable 

heterogeneity. Recruited IMs represent the most recently recruited cells in the lung based on high 

expression of CCR2. Transitional IMs express low levels of many pro-inflammatory and pro-

fibrotic genes and likely represent an intermediate cell state poised to adopt a more specialized 

macrophage subtype phenotype. All macrophages in our analysis show some activation of both 

inflammatory and fibrotic gene processes, and the traditional M1/M2 nomenclature is 

insufficient to describe the heterogeneity evident in our dataset (Figure 4.8C-E). Thus, we 

annotated two populations of pro-inflammatory macrophages (Infl-1, Infl-2) and two populations 

of pro-fibrotic macrophages (Fibr-1, Fibr-2) based on gene expression and pathway activation 

differences. Infl-1 showed higher activation of TNF related gene expression and Infl-2 shows 

gene expression more skewed toward IFNγ. Infl-1 peaks at Day 7 and likely represents a 

population of myeloid cells responsible for acute inflammation in the silicosis lung, whereas Infl-



 

2 macrophages contribute broad inflammatory signatures evident in chronic inflammation. Infl-2 

macrophages also express many pro-fibrotic genes and may serve as precursors to other fibrotic 

macrophage cell states. Fibr-1 macrophages likely drive fibrosis due to high expression of tissue-

Figure 4-8: Myeloid cells demonstrate activation of osteoclast related transcriptional programs. (A) 2D UMAP 

representation of myeloid cells. Each point represents a single cell and is colored according to fine scale annotation. 

(B) Selected marker genes used for fine-scale cell state annotation of myeloid cells. (C) M1 and (D) M2 gene sets 

were used to calculate an activation score for each cell. Each point is a cell colored according to the relative 

intensity of the signature. (E) M1 and M2 activation scores for each of the fine-scale cell state annotations was 

plotted in a histogram and tested for differences in mean (paired T-test). *p<0.05; BH correction. (F) Differentially 

expressed genes relative to Day 0 were identified for the alveolar macrophages. Genes in bold typeface are related to 

osteoclast differentiation and development. *p<0.05, FDR corrected. (G) 2D UMAP of interstitial macrophages 

colored according to fine-scale annotation (top panel) and pseudotime (bottom panel). (F) Heatmap of genes 

differentially expressed over pseudotime as interstitial macrophages differentiate toward pro-fibrotic phenotypes. 

Each row represents a gene and color represents relative intensity of expression. Select significant (q<0.05, 

gprofiler) representative gene ontology terms for each cluster of genes are shown on the right. (I) Expression of 

osteoclast genes plotted over time for each of the macrophage subsets. (J) Gene set enrichment scores for Osteoclast 

Differentiation were calculated for all macrophages and plotted over time. (K) Macrophages colored according to 

relative intensity of Osteoclast Differentiation enrichment score.  

 



 

remodeling genes including Col4a1, Col4a2, and Fn1. The Fibr-2 macrophage subset likely 

represents end-stage pro-fibrotic macrophages in the silicosis lung due to waning expression of 

pro-fibrotic genes coupled with increased expression of foamy macrophage markers including 

Spp1, Cd36, and lipid-metabolizing genes such as Lgals3 and Lrp1. Many pro-fibrotic genes 

including Spp1, Lgals3, and Lrp1 are also highly expressed in alveolar macrophages.  

To identify the temporal changes in genetic programs associated with silicosis, we 

performed two analyses. First, in the SiglecF+ alveolar macrophages we identified differentially 

expressed genes over time. Several osteoclast marker genes were significantly increased in the 

alveolar macrophages of silicosis lungs compared to baseline, including Ctsk, Spp1, and 

Atp6v0d2 (Figure 4.8F). To identify the genetic programs changing within the interstitial 

macrophages (SiglecF-), we performed pseudotime analysis (Figure 4.8G). Pseudotime analysis 

links the progression of recently recruited interstitial macrophages to a transitional state followed 

by pro-inflammatory and pro-fibrotic phenotypes. Genes with significantly varying expression 

along the pseudotime trajectory were identified, hierarchically clustered, and clusters were 

annotated based on gene ontology (Figure 4.8H). Genes that show increased expression later in 

pseudotime are significantly enriched for inflammatory response, wound healing, tissue 

development, osteoclast differentiation, and TNF signaling pathway (adjusted p<0.05, gProfiler). 

We calculated an enrichment score for osteoclast differentiation for each macrophage and plotted 

this over time (Fig 1J-K). We can see the activation of this signature increases dramatically post-

silica exposure and the highest enrichment scores are present in alveolar macrophages and pro-

fibrotic macrophage populations Fibr-1 and Fibr-2. Moreover, these populations demonstrate 

robust expression of osteoclast markers including Acp5, Atp6v062, Clec5a, Ctsk and moderate 

expression of Csf1 and Tnfrsf11a (Fig 4I).   



 

 In summary, both tissue-resident alveolar macrophages and infiltrating bone-marrow 

derived macrophages demonstrate robust genomic signatures of osteoclastic transformation 

following silica exposure. This supports that microenvironmental signals are critical in shaping 

pulmonary macrophage polarization states and functional phenotype. 

4.4 DISCUSSION  

 In analysis of PAP we characterized alterations of macrophage populations in the lung. 

Given the role of GM-CSF signaling in alveolar macrophage specification and maintenance 

(Shibata et al. 2001), loss of alveolar macrophages in diseased lungs (Figure 4.4) was expected. 

However, it was not obvious if we should expect purely an accumulation of alveolar macrophage 

precursors, loss of alveolar macrophages due to cell death, or diversion to an alternate phenotype 

distinct from mature alveolar macrophages. Our findings are consistent with a model in which 

GM-CSF signaling disruption causes an aberrant differentiation pathway in which would-be 

alveolar macrophages fail to differentiate but survive in an altered state defined by expression of 

transcripts in cholesterol processing and inflammatory pathways (Figure 4.5C). Beyond better 

understanding an aspect of macrophage development, this observation may be clinically relevant 

in the context of proposed “macrophage transplantation therapy” (Takuji Suzuki et al. 2014) 

aiming to transfer genetically engineered macrophages into PAP patients in which transplanted 

macrophages are intended to fill the niche of alveolar macrophages. The presence of improperly 

differentiated macrophages (Figure 4.6) in PAP lungs suggests that the success of transplantation 

therapies will depend not only on the ability of added cells to fill the roles played by non-existent 

alveolar macrophages, but in the ability to overcome any pathological effects of aberrantly 

differentiated macrophages already present in the lung.  



 

 In the silicosis model, we find shifts consistent with emergence of osteoclast-like 

macrophages in the diseased lung (Figure 4.8) in addition to activation states featuring 

inflammatory and pro-fibrotic gene programs (Figure 4.8B). A spectrum of pro-inflammatory 

and pro-fibrotic responses is a hallmark of diverse fibrotic diseases, so characterization of the 

specific alterations seen in this disease model (Figure 4.7 D,E; Figure 4.8A,B) further the 

understanding of which programs – at which time points - are activated in silica exposure 

particularly. More surprisingly, the detection of an osteoclast-like signature in lung macrophages 

– apparently both from alveolar- and interstitial-derived populations (Figure 4.8I) – represents a 

striking and potentially impactful aspect of disease. Adoption of an osteoclast-like gene program 

by lung macrophages has been recently observed in a distinct lung particulate disease model 

(Uehara et al. 2021), while our data suggests that macrophages take on a phenotype typically 

adopted to drive bone degradation in response to mineral particulates in the lung. This would 

represent a fascinating example of plasticity in macrophages (Evren, Ringqvist, and Willinger 

2020) with adoption of a bone-resident macrophage phenotype within the lung. Therapeutically, 

work is already underway to understand if disruption of osteoclast-like macrophages via 

blockage of RANK-L – a key mediator of osteoclast specification (Park, Lee, and Lee 2017) – 

could reduce disease severity in silicosis and related ailments via blocking osteoclast-like 

phenotype adoption and resulting release of catabolic compounds.  

 

 In mouse models of PAP and silicosis we find evidence of widespread alterations in cell 

type abundances. While our analysis has initially focused on alterations in macrophage subtypes 

– due to the known effects of GM-CSF deficiency on macrophages in PAP (B. C. Trapnell et al. 

2019) and the essential role of macrophages for debris clearance in the lung (Thakur et al. 2009; 

Huaux 2007; Hamilton, Thakur, and Holian 2008) in silicosis -    alterations in additional cell 



 

types suggests that significant  behavior occurs in a variety of cell types. For example, future 

work can interrogate the extent to which we see evidence of AT2-to-AT1 differentiation through 

a particular Krt8  intermediate that mirrors alterations seen in a bleomycin murine model of lung 

injury (Strunz et al. 2020).  Similarly, it will be illuminating to see the extent to which alterations 

in immune cells represent a non-specific inflammatory response to many injuries, or a specific 

alteration that varies by the type of insult. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

Chapter 5. CONCLUSIONS 

The work in this dissertation falls largely under one of two distinct umbrellas: the use of 

machine learning models to understand gene regulation (Chapter 2 and Chapter 3.3.5) or the 

optimization and application of single-cell methods to tissue physiology. (Chapter 3 and 4).  

5.1.1 Predictive models of gene expression 

In the context of P. falciparum, model inspection suggests surprising findings like a low 

predictive value for AP2 TF motifs (Figure 2.2C), low utility of TSS-centric epigenomic features 

(Figure 2.3B), and divergent utility of covalent histone modifications between different 

bloodborne stages (Figure 2.4A). Differences in use of histone modifications is particularly 

striking, given that in similar modeling of mammalian expression an individual histone mark 

would be of generally consistent utility in models across cell types (Cheng et al. 2011; Dong et al. 

2012). If the finding of stage-specific histone modification importance is validated in the future, it 

could suggest that stage-specific activity of chromatin readers occurs at a genome-wide scale in 

contrast to paradigms of expression regulation that have historically focused on context-specific 

activity of sequence-specific TFs driving cell type identity and cellular responses (Bhattacharjee 

et al. 2013; Mullen et al. 2011; Flitsch, Laupman, and Brüstle 2020; M. Xu et al. 2022; Lee et al. 

2012; Hosokawa and Rothenberg 2021). 

 In the cells of the human heart, fitting a linear model of RNA expression reaffirms the 

informative value of distal DNA sequences across primary cell types (Figure 3.5C), quantifies the 

extent to which a simple TF motif presence/absence code explains cell-type-specific expression 

(Figure 3.5C), and quantifies the relationship between motifs and expression (Figure 3.5G). 

Quantifying these relationships is important given past and ongoing work in the field of gene 



 

regulation to understand cell type identity and response to stimuli in terms of the activity of 

particular TFs. For example, recent human body-wide study of chromatin accessibility has 

analyzed cell identity in relation to enrichment or depletion of TF motifs in accessible chromatin 

(Domcke et al. 2020; K. Zhang et al. 2021). As the field advances, it is natural to extend statements 

like “TF X promotes expression in context Y”, towards a full accounting of variation like “TF X 

drives a 2-fold increase in expression in context Y”. Even fitting simple models – such as a linear 

model using binary motif features – moves towards this goal, advancing beyond tests of TF 

alterations compared to a null model of no variation. 

 Future extensions of work such as our analysis of Plasmodium or human heart gene 

expression will almost certainly entail use of deep learning methods. Deep neural networks have 

generated state-of-the-art performance in gene expression prediction for several years (Avsec et 

al. 2021; Agarwal and Shendure 2020; J. Zhou et al. 2018; Y. Chen et al. 2016; Singh et al. 

2016), suggesting they are able to incorporate subtle features or interactions that shallow learning 

methods have been unable to utilize. As inspection of a model’s feature use is only as 

informative as the model’s ability to predict transcription, future work of more highly accurate 

models represents a clear future direction. Particularly as expression models become ever more 

accurate, it will be exciting to see the extent to which the grammar of expression regulation can 

eventually be simplified or understood in terms of simple rules, or if expression control is 

inherently a highly complex process. For instance, significant work in biology understands 

transcription in terms of a small set of key regulators affecting changes in transcription 

(Bhattacharjee et al. 2013), an assumption well matched by models such as the work in Chapter 2 

and 3.3.5 where relatively simple features are related to expression. However, it is possible that 

the true grammar of transcription is not faithfully distilled into a set of readily enumerated rules 



 

but rather a complex process driven by numerous small contributions – akin to how structure in 

naturally occurring proteins are typically an emergent property of many pair-wise interactions 

between residues, rather than locked in by a small handful of elements (Dill and MacCallum 

2012). Once the field develops a model that can effectively quantify expression variation, we 

will be in a much stronger position to understand the extent to which a highly accurate but still 

simple model of expression is possible, or purely an aspiration of biologists wanting to simplify a 

process that inherently cannot be so easily conveyed. 

5.1.2 Development of single cell methods 

At the point at which the work in this dissertation began, a significant challenge existed in 

applying sci RNA-Seq to solid mammalian tissues, a context where the advantages of 

combinatorial indexing were clear. Use of split-pool methods for tissue biology was exciting due 

to aspects like profiling many cells to get coverage of low-abundance cell types, obtaining 

statistical power by getting many pseudo replicates in the form of many cells per tissue, and 

executing more elaborate experimental designs in terms of unique tissues profiled for a feasible 

cost. However, initial attempts to directly apply previous sci RNA-Seq nuclei preparation methods 

(Cao et al. 2019, 2017) were unsuccessful in solid mouse tissues outside of the brain. Work 

described in this dissertation in chapter 4 (Figure 4.1) represented a successful “Version 1.0” of 

running sci RNA-Seq preparations in mammalian tissue, facilitating an early tranche of studies 

(the human heart and two mouse lung analyses described in this dissertation). However, the 

method suffered from notable limitations, including the need for a FACS sorting step that 

precluded massive throughput experiments and an inability to obtain high quality data from all 

human tissue contexts. In parallel, methods developed in another group at UW represent a newer, 

improved workflow that does not require FACS sorting and has been applied to a wider array of 



 

tissue contexts (B. K. Martin et al. 2021). While that method appears to be the basis of near future 

work and sci RNA-Seq application, our previous optimization work both facilitated the generation 

of an initial series of datasets and provided insight into areas that are key for successful nuclei 

preparation. 

5.1.3 Studying tissue physiology and pathology using snRNA-Seq 

In human hearts, our work suggests considerable correlation between age or sex and 

expression of numerous pathways, chromatin accessibility, and cell type composition of tissue 

(Chapter 3). These changes include evidence of alterations by sex in TGFβ signaling and 

metabolic rewiring, as well as variation by age in inflammatory and immune-activation 

pathways. We see indications of these changes both in transcriptional (Figure 3.2 and 3.3) and 

ATAC-Seq (Figure 3.2F; Figure 3.3C) data. As noted in Chapter 3, this analysis lacks 

generalizability due to the limited number of donors profiled, making it impossible to rule out 

confounding effects from unmeasured traits like donor exercise levels, latent comorbidities, and 

so on. Ongoing and future work aims to extend these analysis strategies to larger cohorts.  

Identifying molecular hallmarks of age- or sex-dependent variation would be of keen 

interest for therapeutic development. For instance, age is the single greatest risk factor for heart 

disease (Rodgers et al. 2019) so understanding the pathways that correlate with age represents a 

crucial first step in eventually identifying causal aspects of pathological aging. Our analysis 

strategy inherently finds these correlations in a cell-type resolved manner which lets future work 

focus on variation in cell types relevant to a disease of interest. For example, defining age-

dependent variation in fibroblasts will be of greater interest to work on cardiac fibrosis 

(Aghajanian et al. 2019) whereas variation in vascular endothelial cells would be of more 

targeted value to those studying coronary artery disease (Howe and Fish 2019). Our preliminary 



 

findings of pathways altered by age or sex suggest that many such areas of variation will be 

clinically targetable given already underway research into cardiac therapies via metabolic 

modulation (Lopatin 2015), targeting of inflammation (Murphy et al. 2020), and inhibiting 

TGFβ-driven fibrosis (Meng, Nikolic-Paterson, and Lan 2016). 

In two models of mouse lung disease, we identify alterations in cell type proportions and 

expression programs. In PAP, we identify molecular signatures of macrophages that have failed 

to properly differentiate due to disrupted GM-CSF signaling (Figure 4.6). In silicosis, we identify 

subsets of macrophages occurring in the diseased lung (Figure 4.8), alterations in numerous other 

cell types (Figure 4.7C), and find evidence of an osteoclast-like gene expression program in 

macrophages in the lung (Figure 4.8F,I,J). In the context of these particular diseases we extend 

our understanding of alterations at cellular resolution and transcriptome-wide scale and help 

guide further experiments, such as now-underway work to study alterations in B-cell proportions 

in the PAP lung and evaluate the effects of osteoclast-differentiation-blocking agents in 

inhalation lung injury models. More broadly, these datasets and analyses feed into broader 

efforts to understand signatures of various diseases at single-cell resolution. Similarly to efforts 

building databases of perturbation signatures using bulk RNA-Seq (Lamb et al. 2006), 

characterizing the effects of perturbations in animal systems via single-cell data will reveal 

signatures in terms of cell type proportion changes or differential expression in particular cell 

types. Those signatures will be of great value for understanding the extent to which animal 

models of disease do or do not match alterations in corresponding human disease, the 

correspondence between diseases of unknown etiology and datasets of known perturbations, and 

the degree of overlap in alterations between injury models. 
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