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Abstract 

Cortisol is a stress hormone that is regulated by the hypothalamic pituitary adrenal 

axis which is impacted by both circadian rhythms and acute stress. If stress becomes 

chronic, cortisol levels in the body continually rise instead of having natural oscillations, 

which can predispose individuals to compromised physical and mental health. Since 

stress hormone receptors play a role in gene regulatory networks, the effects of chronic 

stress can be seen through studying gene expression. The effects of chronic stress on 

zebrafish were investigated by exposing embryos to cortisol and studying the ability of 

those adults to respond to a stressor later in life (tailfin amputation) using bulk genomics 

methods (Hartig et al., 2016). However, the main limitation of bulk genomics methods is 

the loss of single cell resolution. This means that observed differential gene expression 

patterns could either be due to true differences in gene expression as a response to 

treatment, or due to the growth patterns of different cell types since each cell expresses a 

unique transcriptome. 

Previous work understanding the cellular diversity of the caudal fin and the 

impacts of chronic early life stress on the regeneration of the caudal fin come together in 

the present study to indicate what cell types of the regenerating caudal fin are impacted 

by chronic early-life stress. The goal of this research is to explore the differential cellular 

responses in adult zebrafish to chronic early life stress by studying the regenerating 

tailfin. The results reported here indicate that overall, hematopoietic cells in adult 

zebrafish are most effected by the chronic exposure to cortisol in early development. In 

addition, these results demonstrate the usefulness of single cell genomics methods to 

provide cell type context to previously collected bulk genomic data.   
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Introduction 

I. Stress and cortisol 

For humans, we know stress as the 

consequence of an imbalance between adverse 

experiences we have in our everyday lives and our 

ability to cope with those experiences. For 

animals, stress occurs when environmental 

demands exceed the capacity of the animal. Such 

environmental demands include fatigue, injury, 

hunger, thirst, confinement, extreme temperatures, 

noise, and more. Cortisol is the hormone that is 

released when an organism’s stress response is 

activated. This response involves the activation of 

the hypothalamic-pituitary-adrenal axis which 

regulates the release of cortisol in an organism’s 

body as seen in Figure 1.  

Cortisol is the main glucocorticoid (GC) secreted by the adrenal glands and can have 

a variety of effects on the body. The hypothalamic pituitary adrenal (HPA) axis responds 

to acute stress in the organism’s environment and functions to maintain stable levels of 

cortisol via the negative feedback loop depicted in Figure 1 (Kadmiel & Cidlowski, 

2013). When stress occurs, the hypothalamus secretes corticotropin-releasing hormone 

(CRH), which stimulates the anterior pituitary gland to release adrenocorticotropic 

hormone (ACTH). ACTH then causes the release of cortisol from the adrenal glands into 

Figure 1. Stress causes the production of 

cortisol via the HPA axis. CRH is secreted by the 

hypothalamus then stimulates the release of 

ACTH from the pituitary gland. ACTH then 

causes the production of cortisol from the adrenal 

glands into the bloodstream. The production of 

cortisol is stopped when the presence of cortisol is 

detected by the hypothalamus and the pituitary 

gland, and these glands stop producing CRH and 

ACTH (Kadmiel et al., 2013). Created with 

BioRender.com (Munday, 2021) 
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the bloodstream. When the hypothalamus and pituitary glands detect cortisol, the release 

of CRH and ACTH is halted and cortisol production stops. (Kadmiel & Cidlowski, 2013).  

Cortisol causes metabolic and other cell physiological changes directed at stress 

mitigation. As a part of the fight or flight response, cortisol acts in conjunction with 

adrenaline and increases sugars in the bloodstream, decreases immune system responses, 

and suppresses the digestive system, reproductive system, and growth processes (Thau & 

Sharma, 2019). Once these metabolic and physiological effects successfully mitigate 

stress or the threat or environmental stressor has passed, levels of cortisol return to 

normal (Kadmiel & Cidlowski, 2013). 

Cortisol also plays a role in the 

sleep/wake cycle in the body wherein 

levels are the highest right before 

waking and fall throughout the day 

(Figure 2). The circadian clock acts as an 

endogenous timekeeper that prepares the 

body for daily environmental changes. 

The hypothalamus and adrenal glands are the central players in the regulation of the 

circadian clock. Cortisol and melatonin have opposing rhythms and are both regulated by 

the previously mentioned HPA axis. These two hormones are also the main mediators of 

the circadian rhythm (Gamble et al., 2014).  

The hypothalamus, pituitary glands, and adrenal glands work together in these ways 

to create a very dynamic system for controlling the levels of cortisol in the body. In this 

way, an organism’s stress system is self-limiting, but when stressors are constantly 

Figure 2. An approximate representation of how the 

hypothalamus also regulates cortisol in a circadian pattern. 

Cortisol levels fall during the day and rise at night. 

Highlighted are known time points in which cortisol is notably 

high and low. Created with BioRender.com 
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present, stress becomes chronic which can undermine the health of the organism with 

potential long-term impacts.  

II. Chronic Stress 

When stress becomes chronic, cortisol levels in the body can continually rise instead 

of having natural oscillations. Continuously high cortisol levels, particularly early in life 

can predispose individuals to compromised physical and mental health, more specifically, 

a dysregulated stress system (Coffman, 2020; Hartig et al., 2016). The impacts of a 

dysregulated system begin with a loss of optimal dynamics in the body between different 

steroid hormones. When certain dynamic hormone levels in the body become static, the 

cumulative burden of stress and life events on the organism become increased (Coffman, 

2020). In other words, chronic stress increases the organism’s allostatic load. Allostasis 

refers to the overall energy budget in an organism, and the allostatic load is the burden 

that energy budget puts on the organism. When there is an increased allostatic load, there 

is less energy available for other processes within the organism, thus undermining 

physiological processes (Coffman, 2020).  

Cortisol is an example of a glucocorticoid which broadly refers to any steroid 

hormone that is produced by the adrenal gland and plays a role in immune response and 

anti-inflammatory actions. Glucocorticoids (GCs) play a role in the regulation of the 

immune system where low levels of GCs prime immune cells and increase gene 

expression of genes involved in the immune response and inflammation. Elevated levels 

of GCs have the opposite effect. Thus, chronic early life stress can lead to the 

development of immune diseases typically associated with chronic inflammation 

(Coffman, 2020).  
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Another way chronic stress can cause disease later in life is the development of GC 

receptor resistance which refers to a decrease in the sensitivity of immune cells to 

hormones that would normally stop the inflammatory response. Without proper 

regulation of GCs, the duration of the inflammatory response increases which heightens 

an organism’s risk for autoimmune diseases and chronic inflammatory diseases . In this 

way, chronic stress is associated with a greater risk of depression, cardiovascular disease, 

diabetes, autoimmune diseases, upper respiratory infections, and poorer wound 

healing (Cohen et al., 2007, 2012). 

III. Zebrafish as a model organism 

Zebrafish have been used as a vertebrate model in many studies examining 

development and gene function. The zebrafish works well as a model for developmental 

studies because of their transparent larvae, external and rapid development of the embryo, 

physical similarities to other vertebrates, and genetic malleability. Zebrafish also offer 

advantages over mammalian models due to their small size, ease of breeding, and 

minimal maintenance costs. Additionally, the stress system of zebrafish is considered 

comparable to the stress system of mammals. Together, these traits lend the zebrafish 

extremely well to studying early life stress and the underlying molecular mechanisms of 

its effects (Eachus et al., 2021). 

Since zebrafish embryos develop externally, the embryo is very accessible and makes 

the zebrafish a suitable model for developmental studies that involve exposure to 

chemical compounds during early life since such exposure can be achieved in a 

controlled and convenient manner (Eachus et al., 2021). As discussed above, the HPA 

axis controls the stress response. One way to activate the HPA axis in zebrafish is 
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exposure to chemicals. In the case of early life stress studies, cortisol can be added to the 

water of developing zebrafish embryos which causes the fish to show a heightened 

response to acute stress may occur later in life (Eachus et al., 2021; Wilson et al., 2016).  

Various studies have shown that zebrafish embryos treated with varying doses of 

external cortisol during development causes a stress response. When larvae are exposed 

to cortisol treatment during the preliminary days following fertilization, chronic early life 

stress is effectively modeled (Hartig et al., 2020; Wilson et al., 2016). Treated larvae 

show upregulated glucocorticoid responsive genes, indicating that the treatment activated 

the glucocorticoid receptor, and thus modeled the stress response. Treated larvae also 

display an elevated heart rate and increased levels of harmful molecules (reactive oxygen 

species) known to be an indication of stress signaling (Gans et al., 2020; Hartig et al., 

2020).  

Thus, zebrafish are widely used as a model to address the effects of early life stress 

on the ability of the organism to respond to stress later in life. In a particular study of 

interest, the impact of chronic early life stress on the ability of an adult zebrafish to 

respond to stress was modeled by exposing embryos to cortisol during development and 

the adults were exposed to a stressful event, caudal fin amputation. The goal of this study 

was to examine how early life stress impacted the zebrafish’s ability to regenerate the 

caudal fin (Hartig et al., 2016).  

The ability to regenerate lost body parts varies in the animal kingdom, but zebrafish 

are known for their ability to regenerate multiple complex body structures. Among other 

regenerable tissues, the caudal fin is a good model due to its faithful and rapid 

regeneration, ease of manipulation, and low complexity (Hou et al., 2020). The zebrafish 
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tailfin regenerative process begins with wound closure within the first day after injury. As 

depicted in Figure 3, at 1 dpa (days post-amputation or injury), the blastema forms which 

is a highly proliferative tissue with undifferentiated cells. The formation of the blastema 

is a key step that differentiates regenerative organisms from non-regenerative organisms. 

By 3 dpa, the blastema elongates and begins progressively replacing parts of the lost fin. 

The tissue remains white and continues to grow for several days. On day 5 or 6, the tissue 

only remains white at the distal end, while the proximal part of the fin beings to acquire 

pigment. By 20 dpa, the fin is fully resorted (Pfefferli & Jaźwińska, 2015).  

Recent studies have illuminated the genetic pathways involved in the regenerative 

process showing that macrophages play a key role. It was found that macrophage 

accumulation occurred after the blastema formation, suggesting that zebrafish 

Figure 3. (A) Time‐lapse imaging of the same fin during the regeneration process at 27°C. (B) Higher 

magnifications of the fin surface at the position of amputation (white dashed line) at the respective time points are 

indicated in the upper panel (A). (C) The milestones of the fin regeneration process. Scale bars: (A) 1000 μm; (B) 200 

μm. (Pfefferli & Jaźwińska, 2015). 
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macrophages respond to events well after the wound healing phase of fin regeneration 

(Petrie et al., 2014). Further, it is known that glucocorticoid receptors coordinate the anti-

inflammatory response and macrophage networks (Chinenov et al., 2014). Since cortisol 

is a glucocorticoid, the modulation of cortisol can impact the regulation of the 

inflammatory response during regeneration. As previously mentioned, chronic early life 

stress undermines the natural oscillations in cortisol levels and the inner workings of the 

stress system by causing dysregulation. Thus, chronic stress can have damaging effects 

on the regenerative process such as physical defects caused by an abnormal inflammatory 

response to injury (Hartig et al., 2016).  

IV. Hartig et al. (2016): connecting early life stress and regeneration 

A part of the previously discussed stress response is the glucocorticoid receptor 

transcription factor inducing a gene expression program. This glucocorticoid receptor is 

also known to play a significant role in the regulation of macrophages that are critically 

involved in regeneration in zebrafish. Chronic stress can cause methylation of the 

promoter for this glucocorticoid receptor whose effects can be seen in gene expression 

data (Hartig et al., 2016). Thus, in the study reported by Hartig et al., they used zebrafish 

to examine how exposure to chronically elevated cortisol levels during development 

affected gene expression and regenerative capacity in adulthood.  

To study the effects of elevated cortisol levels, embryos and larvae were cultured in 

plastic Petri dishes from 0-5 days post-fertilization and stock solutions of cortisol-21-

hemisuccinate sodium salt in DMSO were added to the larval medium to activate 

glucocorticoid receptor signaling and mount a systemic stress response. The control 

group consisted of larvae in medium with an equivalent amount of DMSO vehicle. Adult 
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fish derived from treated embryos on average had elevated basal cortisol levels indicating 

that treatment as embryos has long term effects on the stress system. RNA seq was 

performed on RNA extracted from blood and muscle of adults derived from treated 

larvae and of adults from untreated (control larvae). It was concluded that there is 

biological variability in the response of specific genes to the treatment. However, despite 

the variability, results suggested that the short-term treatment of embryos with cortisol 

has long term effects on the basal activities of the stress and immune systems in adults 

(Hartig et al., 2016).  

In a tailfin regeneration assay, several groups of adults in the cortisol treated groups 

were found to produce a higher frequency of morphological defects such as patterning 

defects and failure to regenerate parts of the fin. Given the results discussed previously, 

and other reports stating that macrophages play an essential role in tailfin regeneration, it 

was concluded that the observed regeneration defects reflect an aberrant inflammatory 

response to injury. To investigate this further, the dynamics of neutrophils and 

macrophages in the regenerating fin were examined. Neutrophils and macrophages are 

immune sentinel cells that attack pathogens and repair damage to the host. In cortisol 

treated fish, greater numbers of neutrophils initially entered the wound site and were 

ultimately followed by a greater number of macrophages in the regenerating fin. This 

indicates an exaggerated and prolonged inflammatory response to injury. RNA seq 

analysis of the regenerating tailfin revealed that at 2 days post amputation, fewer genes 

were mobilized in regenerating tissue of cortisol treated fish (Hartig et al., 2016).  

The Gene Ontology (GO) project is a collaborative effort to address the need for 

consistent descriptions of gene products in different databases. One of the uses for the 
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Gene Ontology project is to perform enrichment analysis on sets of genes which will find 

what GO terms are over- or under-represented using annotations for that gene set 

(Ashburner et al., 2000; Carbon et al., 2021). GO analysis of the genes differentially 

expressed between 2- and 0-days post amputation (dpa) showed contrasting results for 

fins from treated and control fish showed that genes annotated in categories associated 

with the immune system were downregulated in the cortisol-treated group. Comparing 

the interaction between treatment and regeneration time-course revealed that compared to 

controls, genes that were significantly differentially expressed in the treated fish fin tissue 

at 2 dpa vs 0 dpa were under expressed in the treated adults. These genes that were under 

expressed in the treated group were associated with the immune system defense response 

and its regulation. The day-by-day gene expression profiles were plotted for the genes 

that were associated with immune system defense response and regulation. These plots 

showed that these genes of interest were highly upregulated at 2 dpa in control fish and 

showed an inverted expression profile in treated fish. In treated fish, these genes were 

elevated at 0 dpa, decreased at 2 dpa, and became elevated again at 4 dpa. RNA seq data 

taken from control and treated groups compared at each time point was subject to GO 

analysis that indicated that genes associated with immune system process and other 

categories related to immune system functions were basally over-expressed in the tailfin 

at 0 dpa, but under-expressed in the regenerating tailfin at 2 dpa, then again over-

expressed at 4 dpa. This is the inverse of the untreated controls (Hartig et al., 2016).  

These results reveal that adult fish derived from cortisol treated embryos have both 

irregular basal expression of immune system genes and an impeded immune response. 

Thus, chronic elevation of glucocorticoid signaling during early development has long 
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term effects that increase the basal expression of pro-inflammatory genes in adult tissues, 

while suppressing those genes’ involvement in the response to injury, thereby reducing 

the regenerative capacity of adult zebrafish. According to Hartig et al., these observed 

results could stem from effects that elevated glucocorticoid levels had on the 

developmental processes that aid in creating immune cells, or from glucocorticoid-

induced genetic effects that reduce the sensitivity of immune genes to regulatory signals 

within the immune system (Hartig et al., 2016). 

V. Limitations to interpretation of Hartig et al. (2016) 

Since stress hormone receptors play a role in gene regulation, the effects of chronic 

stress can be seen through studying gene expression (Hartig et al., 2016). An overview of 

the bulk RNA seq process can be seen in Figure 4. The details of how gene expression 

data is generated using bulk RNA-seq can be found in the Appendix section titled “Bulk 

RNA-seq details.” One main limitation involved in bulk genomics methods is the amount 

of RNA they require as an input which restricts the analysis to RNA isolated from 

populations of cells in a tissue. This leads to a loss of cellular resolution when performing 

bulk tissue genomics measurements. This is a major drawback because cells are 

functional units of tissues and organs, and different cell types express a highly specific 

signature of RNA, epigenetic marks, and proteins. Single-cell genomics methods, such as 

single cell RNA sequencing (scRNA-seq), involve labeling RNA originating from 

individual cells, therefore enabling high-throughput molecular analysis at single-cell 

resolution (Stark et al., 2019). 
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Though the sequence of events leading to fin regeneration are well known, it was 

unclear what cell types were involved in the blastema, how they are involved in the 

regeneration process, and what their molecular signatures are at the different stages of 

regeneration of the zebrafish caudal fin. Hou et al. (2020) used single-cell RNA-

sequencing (scRNA-seq) to determine the cell types involved in complex cell population 

of the blastema of the regenerating caudal fin. This level of understanding allows for 

reconstructing developmental processes, modeling transcriptional dynamics, and 

improves understanding of underlying biological systems of complex processes (Trapnell 

Figure 4. A breakdown of the steps in bulk RNA-seq. Step 1 is to collect the tissue sample. Step 2 isolates the RNA 

from the tissue sample. Step 3 fragments the RNA into short segments and step 4 converts those segments into cNDA. 

Step 5 ligates sequencing adapters to the fragments and amplifies them through PCR. Step 6 performs NGS 

sequencing. Step 7 maps the sequencing reads obtained from step 6 to the transcriptome or genome. Lastly, in step 8 

an expression matrix is generated which describes the level each gene is expressed in each bulk sample. Created with 

BioRender.com 
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& Liu, 2016). This technique can be used to reveal cell signals in the blastema that allow 

for a high-resolution understanding of the regenerative process which in turn leads to 

novel insights into the regulatory mechanisms of regeneration (Hou et al., 2020). 

VI. scRNA-seq 

Conventional bulk RNA-seq provides the average expression signal for an ensemble 

of cells. However, there are many diverse cell types in our body and they each express a 

unique transcriptome. Thus, transcriptome analysis experiments based on the assumption 

that cells from a given tissue are homogeneous are missing important cell-to-cell 

variability that has the potential for various cell specific discoveries, undetectable by bulk 

cell analysis (Hwang et al., 2018; Nayak & Hasija, 2021). Single-cell RNA sequencing 

(scRNA-seq) technologies allow for the analysis of gene expression at the single-cell 

level which provides novel opportunities for investigating the gene expression profile at a 

single-cell level (G. Chen et al., 2019).  

Generating biological data for scRNA-seq analysis typically begins with the 

collection of tissue samples from which a single-cell suspension is generated in a process 

called single-cell dissociation in which the tissue is digested (Luecken & Theis, 2019). 

To profile mRNA from each cell separately single-cell isolation must occur. The method 

for this isolation can vary but will involve either plate-based isolation or droplet-based 

isolation. Plate-based techniques isolate cells into wells on a plate while droplet-based 

isolation relies on capturing each cell in its own microfluidic droplet. In either case, 

errors can occur wherein multiple cells are captured simultaneously, dead cells are 

captured, or no cell is captured at all (Luecken & Theis, 2019). There exist additional 

methods for single-cell isolation such as micromanipulation using microscope-guided 
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pipettes, fluorescent tagging, laser capture microdissection, microfluidics, and more 

(Hwang et al., 2018).  

Once the cells are properly isolated, the wells where the cells lie contain chemicals 

that begin to break down the cell membranes to begin the process of library construction. 

In this process, mRNA is captured, and reverse transcriptase is used to convert the RNA 

to cDNA during which the cDNA is labeled with a cellular barcode. Unique Molecular 

Identifiers (UMI) or cellular barcodes are used to distinguish between read transcripts 

originating from different cells. Next, the libraries are pooled together for sequencing 

which then produces read data that then undergo quality control, grouping, and alignment 

(Luecken & Theis, 2019).  

scRNA-seq data sets usually consist of 3 files: gene ID lists, cells quantified using 

UMIs, and a count matrix. Those files then are used for QC assessment, mapping, and 

alignment as done by an analysis pipeline (Nayak & Hasija, 2021). Seurat is an example 

of an R package used for overall analysis. It is a comprehensive tool used to perform 

quality control analysis on diverse types of single-cell data. Downstream analysis of 

scRNA-seq data can result in the characterization of complex cell populations that lead to 

the identification of novel cell types and subtypes by using Principal Component 

Analysis (PCA) to identify cell clusters. Further, cell hierarchy reconstruction can be 

performed from normalized gene expression profiles. Lastly, regulatory networks can be 

inferred by integrating clustering and gene expression data (Hwang et al., 2018). An 

overview of the process of single cell RNA-seq can be seen in Figure 5. 
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Bulk RNA seq technologies have been widely used to study gene expression patterns 

at the population level, whereas scRNA-seq facilitates the understanding of dynamic gene 

expression at single-cell resolution (G. Chen et al., 2019). Thus, scRNA-seq provides 

many benefits over bulk RNA-seq such as the ability to reveal rare cell populations, 

elucidate regulatory gene networks, and track cell lineage trajectories during 

development. Other applications of scRNA-seq include furthering our understanding of 

drug resistance and relapse, deconvolution of diverse immune cell populations, and 

delineation of early development cell lineage relationships, and more (Hwang et al., 

2018). However, scRNA-seq is known to be noisier and more complex than bulk RNA 

seq and weakly expressed genes are missed. Additionally, some factors such as cell size 

and cell cycle state add biases in cell variability for certain types of cells (G. Chen et al., 

2019). Further, the process of cell dissociation, removal of cell debris and dead cells to 

Figure 5. A breakdown of the steps of single cell RNA-seq. Step 1 is to collect the tissue sample. Step 2 shows that 

the tissue sample is a composition of different cell types. Step 3 Isolates those cells and begins library preparation. Step 

4 is to perform single cell sequencing. Step 5 the resulting single cell expression profile that shows which genes are 

expressed at what level in each of the cells. Lastly, in step 6, cell clustering analysis is performed, and the results are 

interpreted to determine which cell types each of the clusters represent. Created with BioRender.com 
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obtain viable, individual fresh cells, can potentially stress the cells and alter the 

transcriptional profile obtained by scRNA-seq methods. Single cell methods only recover 

a few thousand unique transcripts from a single cell, which is far less than a whole 

transcriptome profile and this limits the broad applications of scRNA-seq. Both bulk and 

single cell methods lose critical positional context of gene expression which contributes 

to understanding tissue functionality (Li & Wang, 2021). ScRNA-seq is quickly 

becoming a standard part of the biologist’s toolkit and has the future potential to become 

as widely used as bulk RNA-seq is now.  

VII. Using scRNA-seq to study cellular diversity of the caudal fin  

The state of a cell can be represented by its gene expression profile, which has only 

been measured in bulk for all genes or in specific lineages of cells for a subset of genes 

during caudal fin regeneration (Hou et al., 2020). As previously mentioned, it was 

unclear what cell types were involved in the blastema and which are involved at distinct 

stages of the regenerative process of the zebrafish caudal fin. Thus, we can use a scRNA-

seq to determine this information as opposed to bulk RNA-seq. The study presented by 

Hou et al. generated single-cell transcriptomic maps of the fin tissue pre-injury and at 1-, 

2-, and 4-days post amputation to gain a deeper understanding of the regeneration process 

of the zebrafish caudal fin. The goal of the study was to characterize the dynamics of 

gene regulatory systems during fin regeneration and to understand the contribution of 

different cell types during regeneration (Hou et al., 2020).  

To understand cell type involvement in fin regeneration, the transcriptional 

landscapes for both preinjury (0 days post amputation) and regenerating fin tissues 

sampled at 1-, 2-, and 4-days post amputation were characterized by performing an 
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unsupervised clustering of the identified cells. The cell types identified included 

epithelial cells from all three layers of the epithelium (superficial, intermediate, and 

basal), hematopoietic cells, and mesenchymal cells. These cell types were identified 

individually at each time point, and it was concluded that the same cell types existed in 

both the regenerating tissue and the uninjured tissue (Hou et al., 2020).  

Clusters of cells were identified that corresponded to all three layers of epithelium 

after injury. Additionally, mucosal-like epithelium cells were identified that shared 

general epithelial features with the other epithelial layers but had a higher expression of a 

unique set of genes. A list of genes that were highly expressed in these epithelial cells 

were identified and it was reported that cell-cell junction genes ranked high in the list in 

terms of their differential expression. The three epithelial layers were present across the 

regeneration stages in varying proportions. The proportion of basal epithelial cells peaked 

at 2 dpa while superficial epithelial cells decreased. This proportion change was reported 

as consistent with a previous finding that the initial migration of superficial layer cells to 

the new regenerates is followed by replenishment of basal epithelial cells (C. H. Chen et 

al., 2016; Hou et al., 2020).  

Subcluster analysis within the hematopoietic cell cluster was performed and four 

subpopulations were found. The first three of these subpopulations were enriched for a 

macrophage marker. One population was identified as being M1-like while another was 

identified as M2-like (Hou et al., 2020). M1-like macrophages release the cytokines and 

chemokines to induce inflammation which leads to the anti-tumor activity. M2-like 

macrophages associate with angiogenesis, immune suppression, and tissue repair by 

interacting with the cytokines and chemokines which lead to tumor progression (Oshi et 
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al., 2020). From 1 through 4 dpa the proportion of macrophages stayed at a constant level 

while the proportion of M2 macrophages expanded suggesting a shift in the function of 

macrophages in the new regenerates from pro inflammatory to anti-inflammatory as 

regeneration proceeded (Hou et al., 2020).  

To understand the function of mesenchymal cells before and during regeneration, 

enrichment analysis was performed on the genes in this cluster and blastema marker 

genes that are required for fin regeneration were found. Genes involved in zebrafish bone 

development and bone regeneration were also found. GO term enrichment analysis 

revealed that the cells enriched in the mesenchymal cluster were associated with GO 

terms such as fin regeneration, skeletal system development, and extracellular matrix 

organization (Hou et al., 2020).  

Results from this study revealed that major components of the regenerating tailfin are 

epithelial cells covering the wound site and blastemal cells producing the connective 

tissue and bone matrices. It was speculated that the increasing level of immune system 

subunits in epithelial cells and hematopoietic cells might accelerate antigen processing 

and presentation which could be important for immune cell recruitment and blastemal 

proliferation. Epithelial cells were the most abundant cell type in the fin tissue and 

epithelium specific analysis suggested that basal layer epithelial cells proliferate and 

could be the main source for replenishing the other two layers of the epithelium. Lastly, 

mucosal like cells and those hematopoietic cells that were subgroups of a macrophage 

population were both found to be integral parts of the regeneration process (Hou et al., 

2020).  
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VIII. How scRNA-seq data can inform bulk RNA-seq data 

The resulting cell specific expression patterns from the study presented here can be 

used to explore previously collected bulk RNA seq datasets. This integration of data can 

serve to understand whether observed differential gene expressions in bulk data are due 

to true differences in gene expression, or due to the growth patterns of different cell types 

(cellular proliferation patterns) (Erdmann-Pham et al., 2021).  

Various software tools have been recently developed that allow researchers to take 

existing bulk RNA-seq data and determine if observed differential expression resulted 

from treatment response or cell proliferation. One such software tool is RNA Sieve. RNA 

Sieve takes the cell-gene matrix and the cell clustering interpretation data from a scRNA-

seq study and creates an average expression profile for each cell type by taking the 

expression levels of the genes associated with each cell type and calculating their means 

and variances across all samples. Then, the bulk sample-gene expression matrix data is 

used for each sample to estimate the distribution of cells that if added together would 

result in the known bulk expression profile (see Fig. 6). This results in a final output 

which is the estimated distribution of cell types in each bulk sample (Erdmann-Pham et 

al., 2021). 

This computational rather than experimental estimation of cell type compositions is 

beneficial for a few reasons. One reason is that single cell experiments are more 

expensive than bulk experiments, thus the large-scale generation of single cell data is 

often infeasible. Tools like RNA-Sieve solve this problem since they allow the use of 

previously generated single cell data to be used in a novel way to estimate the cell type 

composition of new or existing bulk experiments. Another way in which analyses like 
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RNA-Sieve are valuable is because they can be applied to any available existing bulk 

RNA seq datasets to refine earlier analyses and probe previously unanswerable or 

unformulated questions (Erdmann-Pham et al., 2021).  

IX. Present Study 

In summary, Hartig et al. found differences in gene expression patterns between 

zebrafish that were treated with cortisol as embryos to simulate early life stress versus 

those that did not, suggesting that chronic early life stress can have profound impacts on 

the ability to respond to stress, specifically injury, later in life. Hartig et al. investigated 

these impacts by amputating the tailfins of treated adult zebrafish and examining their 

ability to regenerate. They found that treated adults had physical defects to their 

Figure 6. A visual explanation of how RNA Sieve works. RNA Sieve takes the output of scRNA-seq and builds and 

average expression profile for each cluster in the single cell data. Then for each bulk sample, RNA Sieve estimates the 

distribution of cell that if added together would results in the known bulk expression profile. Lastly, the final output of 

RNA Sieve is the estimated distribution of cell types for each bulk sample. Created with BioRender.com 
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regenerated tails, whereas untreated control adults did not. Additionally, bulk RNA seq 

data revealed that the molecular mechanisms behind the defective regeneration of the 

amputated tailfin were due to immune system dysregulation caused by the chronic early 

life stress as seen by expression data of those genes involved in the immune system.  

Although Hartig et al. found these differences in gene expression between control and 

treated fish, it is well known that interpreting gene expression patterns using bulk RNA 

seq comes with a few assumptions. One limitation within these assumptions is that the 

observed result could be due to changes in the proliferation of groups of cell types that 

are characterized by specific gene expression profiles. Especially in tissues that are 

undergoing rapid changes like regeneration, this effect could play a significant role.  

One solution to this problem of determining the cause of differential gene expression 

is the use of scRNA-seq data. Hou et al. conducted a study to determine the cellular 

diversity of the regenerating caudal fin and found that the regenerating fin is comprised 

of epithelial cells from all three layers (basal, intermediate, and superficial), mucosal-like 

epithelial cells, mesenchymal cells, and hematopoietic cells. The study presented by Hou 

et al. provides important data about the genes that are characteristically differentially 

expressed by these cell types in the regenerating tailfin. This scRNA-seq data can be used 

in conjunction with tools like RNA-Sieve to study differential cellular proliferation in 

previously collected bulk RNA-seq datasets.  

Previous work understanding the cellular diversity of the caudal fin and the impacts 

of chronic early life stress on the regeneration of the caudal fin come together in the 

present study to indicate what cell types of the regenerating caudal fin are impacted by 

chronic early-life stress. The goal of this research is to explore the differential cellular 
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responses in adult zebrafish to chronic early life stress by studying the regenerating 

tailfin. This research aims to elucidate the impacts of early life stress on the specific cell 

types involved in regenerating the tailfin of zebrafish by integrating existing bulk RNA 

seq data with existing single cell RNA seq data in a novel analysis using RNA-Sieve.  

The present study connects the work between Hartig et al., 2016 and Hou et al., 2020 

by identifying specific cell type responses in the cortisol carrier adults via an integration 

of the gene lists produced by these two studies. This will be achieved by employing 

RNA-Sieve as an analysis tool to estimate the cell type abundance dynamics throughout 

the process of tailfin regeneration and compare those abundances between treatment 

groups of cortisol treated and control (untreated). This analysis will result in an estimated 

distribution of cell types for each bulk sample by days post amputation and treatment. It 

is anticipated that by analyzing these cell type abundance distributions across bulk 

samples that a prediction can be made of what cell types in the regenerating tailfin are 

impacted by or contribute to the abnormal immune response to injury in zebrafish 

exposed to chronic early life stress.  

Methods 

I. Sorting bulk differential expression data by cell type 

As a first pass to investigate whether there exists an effect of cortisol on specific cell 

type in the regenerating tailfin, this simple analysis was carried out to sort bulk 

differential expression data by cell type using genes that are characteristically enriched in 

certain cell types and thus markers of those cell types. The reasoning behind this 

approach is that if a gene that was found to be differentially impacted by cortisol 

treatment and is also considered to be a marker of a certain cell type, then that could be 
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an indication that the cell type for which that gene is a marker is potentially impacted by 

the cortisol treatment. This goal of this analysis was to find those genes that are both 

impacted by cortisol treatment and characteristic of cell types and assess their log-2-fold 

change values to inform downstream analyses.  

Differential gene expression data from the bulk RNA-seq experiment carried out by 

Hartig et al was provided by a member of the lab, Jim Coffman. The data included gene 

lists and their differential expression values for days 0, 2, and 4 post tailfin amputation. 

Additionally, within the control group, a list of genes was provided that compared the 

difference between 0- and 2-days post amputation. The same was provided for the 

treatment group. Lastly, a gene list that showed the difference between the control 0-day 

versus 2-day comparison and the treatment 0-day versus 2-day comparison. This final list 

shows which genes have differential expression between 0 and 2 days as caused by the 

treatment. These raw gene lists can be found in the GitHub repository for this project at 

the following directory: Nobrega_Honors_Thesis/data/Hartig_Fin_Data_raw.  

From the Hou et al. experiment, a gene list was provided by Yiran Hou that contained 

genes differentially enriched in the major cell types present in their study. This gene list 

was generated by taking the expression matrix generated from the scRNA-seq analysis 

and clustering the samples based on their expression data. To determine the cell type of a 

cluster, genes that are characteristically upregulated in a specific cell type are compared 

to the genes within that cluster and a call is made on the cell type. The gene list provided 

and used in this step of the analysis is those genes that were characteristic of each cell 

type cluster and their associated expression data. This full gene list can be found in the 

GitHub repository for this project: Nobrega_Honors_Thesis/data/Hou_gene_list_full.csv.  

https://github.com/cgnobrega/Nobrega_Honors_Thesis/tree/main/data/Hartig_Fin_Data_raw
https://github.com/cgnobrega/Nobrega_Honors_Thesis/blob/main/data/Hou_gene_list_full.csv
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For each day of bulk data (0-, 2-, and 4-days post amputation), matching genes were 

found in the single cell data by using a Python data analysis library called pandas and 

merging a pandas data frame of the bulk data at each day with a data frame of the single 

cell gene marker list. This resulted in data frames for each day that contained only those 

genes that were markers of specific cell types as called by the Hou lab group and their 

associated differential expression data as calculated by the Hartig lab group. The Python 

code used to generate these data frames can be seen both in the Appendix under the title 

“Code for sorting bulk differential expression data by cell type” as well as in the GitHub 

repository for this project at: Nobrega_Honors_Thesis/code/set_matching.ipynb.  

From this merged data, plots could be generated of the log-2-fold change value 

calculated by the Hartig group where genes were grouped by cell type as annotated with 

the single cell data. However, this is not a formal or sufficient way to suggest what cell 

types were affected by cortisol treatment. Potential room for error exists because each 

study used different versions of the Ensembl zebrafish genome. Hartig et al used Ensembl 

version 83 while Hou et al used Ensembl version 91. Between versions of the genome, it 

is possible that gene names are changed or updated, so since we are comparing gene lists 

that do not come from the same genome version, there could be matches that are missed. 

Additionally, gene names include spaces and special characters such as spaces and 

hyphens that can complicate comparisons in computing. This means that if in one gene 

list the gene is called “gene 1” while the other is called “gene-1”, the match would be 

missed.  

The simple first pass method described here is based on genes differentially impacted 

by cortisol treatment in bulk data and genes differentially enriched in cell types from 

https://github.com/cgnobrega/Nobrega_Honors_Thesis/blob/main/code/set_matching.ipynb
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single cell data and serves to indicate which cell types could be differentially impacted by 

cortisol treatment. The results of this analysis are only differential expression values 

mapped to cell types based on gene names which means that we can only see which cell 

types contained genes that were upregulated or downregulated between days and 

treatment groups. Thus, this method does not show how the cell types are impacted in 

terms of their proliferation which would provide more insight into the effects of the 

cortisol treatment on each cell type. 

II. RNA-seq analysis  

To perform more sophisticated analyses like the previously mentioned RNA-Sieve, 

the bulk expression data needs to be re-aligned to the same version of the genome as the 

single cell data. Thus, to address the issue of the differing genome versions, the Hartig et 

al sequence data was re-aligned to Ensembl version 91. This allows for more accurate 

downstream analyses.  

Additionally, the method used to align the bulk sequence data in the Hartig et al. 

study is out of date as compared to the RNA-seq analysis methods commonly used today. 

Hartig et al. trimmed the reads using Trimmomatic and then the trimmed reads were 

aligned to the annotated transcriptome using RSEM (2011) and Bowtie (2009). However, 

in this present study, the raw reads were trimmed using Trim Galore and those reads were 

aligned using an alignment-free quantification tool called Kallisto (2016). Bowtie is now 

considered out of date having been replaced by several newer algorithms. Kallisto runs 

faster and uses less computational resources than the previously used alignment and 

quantification tools. Further, multiple studies have validated that alignment free 

quantification is equivalent to alignment-based such as Bowtie/RSEM (Bray et al., 2016; 



30 

 

Wu et al., 2018; Zielezinski et al., 2017). The expression levels calculated each way are 

highly correlated, and for the answers being sought out in the present study, these 

methods will be equivalent. 

The raw FASTQ files from bulk RNA sequencing for each sample were provided by 

Jim Coffman of the Hartig group. There were 18 samples in total: cortisol treatment, 0-, 

2-, and 4- days post amputation with 3 replicates each; and the same for no treatment. 

Each software that was run for the analysis of the FASTQ data was run using a 

Singularity image. A singularity image is a type of container image which is a file that 

includes executable code and contains all dependencies to run that code, meaning that it 

will package pieces of software together so that it is portable and reproducible. 

The overview of the RNA-seq analysis pipeline used here can be seen in Figure 7. 

After running sequence read quality control diagnostic analyses using FastQC version 

Figure 7. An overview of the RNA-seq data analysis pipeline. After sequencing, FastQ files are generated. 

FASTQC is run to generate a quality report. Trim Galore takes the FastQ files and generates both the trimmed FastQ 

flies and a post-trimming quality report. From the Ensembl database, a FASTA file of target sequences is acquired and 

used to make a Kallisto index. The Kallisto quantification algorithm takes in this index and the trimmed FastQ data to 

generate abundance estimates. These estimates are then combined with a transcript to gene file used in tximport to 

generate the final product which is a gene count file. Created with BioRender.com 
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0.11.9 (Andrews, 2020), reads were trimmed using Trim Galore version 0.6.5 (Krueger, 

2015). Trim Galore runs cutadapt and then FastQC again to provide insight on the 

changed quality in reads after trimming. No additional flags or options were used to run 

FASTQC. The following options were used for Trim Galore:  

--fastqc_args \"--noextract\" --length_1 35 --length_2 35 --stringency 1 

--length 20 --quality 20 

The first option passes extra arguments to FastQC. The second and third options 

denote the read length cutoff used for read 1 and read 2, respectively. The “stringency” 

option denotes the overlap with adapter sequence required to trim a sequence. The 

“length” option discards reads that became shorter than 20. Lastly, the “quality” option 

trims low-quality ends from reads in addition to adapter removal. Low-quality in this case 

is any read with a quality score lower than 20. The following flags were used for Trim 

Galore:  

--paired --illumina --retain_unpaired. 

The fist flag performs length trimming for paired-end files. The “illumina” flag 

indicates to Trim Galore that the adapter sequence to be trimmed is the first 13 base pairs 

of the Illumina universal adapter. The last flag works so that if only one of the two paired 

end reads became too short, the longer read will be written to a separate file.  

Trimmed reads were aligned to the Ensembl zebrafish genome version 91 using 

Kallisto version 0.46.1 (Bray et al., 2016). Kallisto first builds an index from the FASTA 

formatted file of target sequences as obtained from Ensembl. To run the indexing step of 

Kallisto, the only option used was “--kmer-size=25”. This sets the nucleotide sequence 

length to 25 base pairs. Then, Kallisto’s quantification algorithm takes the trimmed 
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FASTQ files and outputs an abundance file for each sample that contains run 

information, abundance estimates, bootstrap estimates, and transcript length information. 

No additional flags or options were used to run the Kallisto quantification algorithm. All 

the parameter files for FastQC, Trim Galore, and Kallisto index/quantification can be 

found in the GitHub repository created for this project at: 

Nobrega_Honors_Thesis/code/singularity_param_files. These parameter files include the 

file names used as input as well as the options and flags used for running each tool, e.g., 

“left_read_file=jcoffman_007/SL139772_R1.fastq.gz” and 

“trim_galore_flags=--paired --illumina --retain_unpaired.”  

Tximport version 1.14.2 (Soneson et al., 2015) using R version 3.6.3 was run to 

convert abundance estimates from Kallisto into read counts for genes and transcripts. 

Tximport needs a transcript to gene map (tx2gene file) so it can make both a transcript 

and gene count matrix. A tx2gene file was provided, but it only had the transcript ID 

without the version number which would mismatch with Kallisto output, making 

Tximport fail. The tx2gene file had to be recreated based on the GTF file from Ensembl. 

This tx2gene file was created using a simple bash script that worked by taking all the 

entries of the GTF file that were transcripts and gleaning their attributes, specifically the 

Ensembl transcript ID, transcript version, and gene ID, and concatenating them into a tab 

separated file compatible with Kallisto output. The Tximport R script then outputted read 

counts for genes and transcripts, but for the purposes of this project, we were solely 

interested in the gene counts file. The R script and tx2gene file used for running Tximport 

can be found in the GitHub repository created for this project at: 

Nobrega_Honors_Thesis/tree/main/code/singularity_param_files. The R script is titled 

https://github.com/cgnobrega/Nobrega_Honors_Thesis/tree/main/code/singularity_param_files
https://github.com/cgnobrega/Nobrega_Honors_Thesis/tree/main/code/singularity_param_files
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“kallisto_tximport_to_genes.R” and the tx2gene map file is titled 

“v_Danio_rerio.GRCz10.91.tx2gene.txt.” 

III. RNA-Sieve 

From the bulk data, there is now a sample-gene expression matrix that describes 

which genes are expressed at what level in each of the bulk samples. This file is a matrix 

where each row is a gene an Ensembl gene name (e.g., “ENSDARG00000000103”) and 

each column is a sample name (e.g., “SL139775”) and the values of each cell are the 

gene expression levels (e.g., “445.134165100238”). An example of this sample-gene 

expression matrix can be seen in the GitHub repository created for this project: 

Nobrega_Honors_Thesis/data/RNASieve_input_2dpa/bulk_count_2dpa.csv.gz. It should 

be noted that these data files described in this section are all comma separated files 

(CSV) that have been compressed by the standard GNU zip (gzip) compression 

algorithm, so to view them, they will need to be decompressed.  

Additionally, a cell-gene expression matrix was obtained from the supplementary file 

under GEO accession GSE137971. This file describes which genes are expressed at what 

level in each of the cells. This cell-gene expression matrix is structured in the same way 

as the sample-gene matrix, but instead of sample names for each column, there is a cell 

specific barcode and the sample that barcode came from as the columns (e.g., 

“2dpa1AAACCTGAGACCTTTG”). An example of this cell-gene matrix can be seen in 

the GitHub repository created for this project at: 

Nobrega_Honors_Thesis/data/RNASieve_input_2dpa/ single_count_2dpa.csv.gz.  

For single cell data, cell clustering analysis was done by the Hou lab group and 

interpreted to result in a file that contains information about which cells are of the same 

https://github.com/cgnobrega/Nobrega_Honors_Thesis/blob/main/data/RNASieve_input_2dpa/bulk_count_2dpa.csv.gz
https://github.com/cgnobrega/Nobrega_Honors_Thesis/blob/main/data/RNASieve_input_2dpa/single_count_2dpa.csv.gz
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type and what that type is. This cell clustering information file has each uniquely 

identified cell as the rows (e.g., “2dpa1AAACCTGAGACCTTTG”) and the columns 

include various pieces of information about the cells such as RNA count, cell cycle stage, 

and most importantly, the major cluster that the cell has been attributed to (e.g., 

“Intermediate Epithelial”). An example of this cell clustering information file can be 

found in the GitHub repository created for this project at: 

Nobrega_Honors_Thesis/data/RNASieve_input_2dpa/single_design_2dpa.csv.gz. 

With this data, RNA Sieve will be run to gain a more nuanced understanding of the 

changes in cell type proliferation in each day post amputation within the cortisol treated 

and non-treated fish. RNA Sieve will provide an estimated distribution of cell types for 

each bulk RNA-seq sample using the cell clustering and expression data from the 

scRNA-seq. For input, RNA Sieve requires a bulk RNA-seq gene expression matrix, a 

bulk design file, a single cell expression data matrix, and a single cell design file. These 

expression matrices are those files described above. A design file is a metadata file which 

is data about other data. For the bulk design file, this is a file that described each sample 

name (e.g., “SL139775”) which treatment group it came from and for which day post 

amputation it represents. The single cell design file is that file described above as the 

clustering information file and thus also has each sample/cell and which cell type it was 

mapped to. RNA Sieve was then run using a Python Jupyter Notebook which can be seen 

both in the Appendix in the section labeled “Code for RNA Sieve” and in the GitHub 

repository created for this project at: Nobrega_Honors_Thesis/code/RNASieve_scripts. 

In the first run of RNA Sieve, the provided bulk and single cell expression matrices 

had all the days post amputation together in one file. To create the single cell files 

https://github.com/cgnobrega/Nobrega_Honors_Thesis/blob/main/data/RNASieve_input_2dpa/single_design_2dpa.csv.gz
https://github.com/cgnobrega/Nobrega_Honors_Thesis/tree/main/code/RNASieve_scripts
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necessary for RNA Sieve as described above, the Hou group provided their cell clustering 

interpretation file which was then modified to be compatible with RNA Sieve such that 

the sample were sorted by name. Then, the single cell expression matrices that were 

available from the GEO database were separated by day, each day’s expression data was 

joined together in an RNA Sieve compatible format. Later, it was discovered that the cell 

clustering interpretation file was missing 237 cells from the expression data file. It was 

not clear why this had occurred, whether it was an error on behalf of the GEO database or 

the Hou lab group. It was decided that since there were only 237 missing out of 18,788 

that it would be best to remove those cells from the expression matrix that did not have a 

match in the clustering interpretation file. For the bulk data files needed for RNA Sieve, 

using a design file that was provided by the Hartig group and the gene count file 

generated by Tximport, the sample-gene expression matrix was generated. This gene 

expression matrix describes which genes are expressed at what level in each of the bulk 

samples. The code used to clean these data files and prepare them for RNA Sieve can be 

seen in the GitHub repository created for this project at: 

Nobrega_Honors_Thesis/code/matrix_cleaning.ipynb.  

After examining the results of the RNA Sieve analysis where all the data from 0-, 2-, 

and 4- days post amputation were combined, we realized that because RNA Sieve is 

trying to make an average expression profile for each of the cell types across the days and 

that cell types may have different profiles between days, there are cells being missed or 

incorrectly annotated. Thus, a new run of RNA Sieve was prepared where the tool was 

run each time for each of the days individually. In order to do this, each of the data files 

had to be separated out into days 0, 2, and 4. The Python Jupyter Notebook used for 

https://github.com/cgnobrega/Nobrega_Honors_Thesis/blob/main/code/matrix_cleaning.ipynb
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separating out each of these data files can be seen in the GitHub repository created for 

this project at: Nobrega_Honors_Thesis/code/subsetting_matrices.ipynb. Once this was 

completed, new output from RNA Sieve yielded more accurate results depicting the 

estimated distribution of cell types for each day post amputation in the bulk samples. The 

Python Jupyter Notebooks used for running each day’s RNA Sieve analysis can be seen 

in the GitHub repository created for this project at: 

Nobrega_Honors_Thesis/code/RNASieve_scripts. The results from RNA Sieve can also 

be found in the GitHub repository at: Nobrega_Honors_Thesis/data/RNASieve_output. 

Results 

I. Bulk data sorted into cell types by single cell marker genes 

The results from sorting the bulk differential expression data by cell type using the 

list of marker genes from the single-cell data are shown in Figures 8 and 9. Figure 8 

shows the log-2-fold change values for the genes identified as differentially expressed 

between the control group and the treated group in the bulk data for each day post 

amputation, distributed into cell types based on the single cell data. The control group in 

the bulk data refers to RNA seq data generated from tailfin amputations from adult 

zebrafish that were exposed to DMSO vehicle only during the first 5 days of 

development. The treated group in the bulk data refers to the same data generated from 

adult zebrafish that were exposed to 1 μM dissolved in DMSO for the first 5 days of 

development.  

https://github.com/cgnobrega/Nobrega_Honors_Thesis/blob/main/code/subsetting_matrices.ipynb
https://github.com/cgnobrega/Nobrega_Honors_Thesis/tree/main/code/RNASieve_scripts
https://github.com/cgnobrega/Nobrega_Honors_Thesis/tree/main/data/RNASieve_output
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Figure 9 depicts the same method of plotting differentially expressed genes identified 

in bulk data by cell type as identified by single cell data, but with different gene lists. The 

control data refers to genes that were identified as differentially expressed in a 

comparison between the genes identified in the control data from day 0 post amputation 

Figure 8. Legend: Red data points mark genes that were upregulated. Blue data points mark genes that were 

downregulated. Grey data points mark genes that were not differentially expressed. (A) Bulk data for day 0 post 

amputation, comparing the log-2-fold change values of the genes differentially expressed between the control group 

and the treated. Then those genes were distributed based upon how those genes were identified as cell types in the 

single cell analysis.(B) The same for 2 days post amputation. (C) And for 4 days post amputation. The most notable 

pattern in this figure is that of the gene expression changes by day of the genes annotated to hematopoietic cells. These 

genes are upregulated at day 0, down at day 2, and back up at day 4. A similar pattern is seen in mucosal-like cells. 

The other cell types plotted here do not significantly deviate from 0, indicating they were less effected by treatment. 

Figure 9. Legend: Red data points mark genes that were upregulated. Blue data points mark genes that were 

downregulated. Grey data points mark genes that were not differentially expressed. (A) Genes that were identified in 

the control data when comparing day 0 and day 2 as differentially impacted between days. Those genes were then 

separated into cell types as denoted by the single cell data. (B) The same comparison and plotting for genes in the 

treatment data. (C) The difference in log-2-fold change values between the control 0-day vs 2-day data and the treated 

0-day vs. 2-day data. This plot indicates those genes whose expression was differentially impacted between days 0 and 

2 as caused by the treatment and separated by cell type. There is a clear effect of the treatment on hematopoietic cells 

and from day 0 to day 2, those genes in the hematopoietic cells were significantly downregulated. 
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and day 2 post amputation. The same was provided for the treatment group. Lastly, the 

interaction data was generated by calculating the difference between the control 0-day 

versus 2-day comparison and the treatment 0-day versus 2-day comparison. This 

interaction data shows which genes have differential expression between 0 and 2 days as 

caused by the treatment. 

In both figures, log-2-fold change values for each of the genes identified in the bulk 

data is plotted and separated by cell type as annotated by the single cell data. This value 

was a result of differential gene expression analysis and is representative of the effect size 

estimate and indicates how much the gene's expression seems to have changed due to 

treatment in comparison to untreated. Fold change is reported in logarithmic scale (base 

2) and a positive fold change value denotes an increase of expression, while a negative 

fold change denotes a decrease in expression (M. Love et al., 2017). In both figures, a 

line is drawn at 0 to emphasize the deviation from 0 either positive or negative.  

In Figure 8, we are specifically examining those cells and genes that are affected by 

treatment and there is a clear effect on the hematopoietic cells. At day 0, these cells 

contain upregulated genes that become downregulated at day 2 and elevated again at day 

4. There is also a potential effect on mucosal like cells following a similar gene 

expression pattern across days as the hematopoietic cells. For all other cell types, there 

was little to no deviation from 0 indicating that these other cell types were less effected 

by treatment.  

In Figure 9, we are looking at those cells and genes that were differentially expressed 

between days 0 and 2 post amputation for each treatment group as well as the interaction 

term which shows the difference between the treatment groups. In the control group, 
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basal epithelial, mesenchymal, and hematopoietic cells contained genes that were 

upregulated from day 0 to day 2 and the superficial epithelial cell genes were 

downregulated. In the cortisol treated group, a similar pattern is seen with the addition of 

mucosal-like cells being downregulated and the exception of hematopoietic cells being 

downregulated in treatment as opposed to upregulated in the control. The interaction term 

in this figure shows that overall, the largest difference from day 0 to day 2 as caused by 

the treatment can be seen in hematopoietic cells which are significantly downregulated.  

II. Results from RNA-seq analysis 

The re-analysis of the Hartig et al. bulk sequencing data resulted in a gene count file 

that was then used in downstream analyses, specifically RNA-Sieve. The updated Hartig 

et al. aligned and quantified data was not used to re-evaluate differential gene expression 

or re-do the previous step due to time constraints. This gene expression matrix output 

from Tximport can be seen in the GitHub repository created for this project at: 

Nobrega_Honors_Thesis/data/Danio_rerio.GRCz10.91.gene.counts.txt. 

III. Estimated cell type fractions in bulk samples 

To gain insight into the effectiveness of RNA Sieve’s estimated cell type proportions 

for the bulk samples, a cell type proportion according to the single cell data was manually 

created. This was made using the cell to gene annotation list as generated by Hou et al., 

and calculating a fraction for each cell type for each day post amputation. This was 

compared to the estimated cell type proportions for each day post amputation in the bulk 

untreated samples as calculated by RNA Sieve. Thus, Figure 10 is comparing the 

untreated fin cell type proportion calculations between the raw single cell data and the 

RNA Sieve estimates and the plots should be roughly the same. This figure shows that 

https://github.com/cgnobrega/Nobrega_Honors_Thesis/blob/main/data/Danio_rerio.GRCz10.91.gene.counts.txt
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the expected cell type make-up of the untreated fin as reported by the single cell data 

does not reflect the cell type makeup that was estimated by RNA Sieve. However, upon 

closer inspection, the only affected cell types seem to be between the different layers of 

epithelial cells. This is shown where the single cell data reported more intermediate 

epithelial cells than estimated by RNA Sieve. In the RNA-Sieve approximation, those 

intermediate epithelial cells were attributed to the other two layers of epithelia (either 

basal or superficial) as seen by the fact that the proportions for the other cell types 

(hematopoietic, mesenchymal, and mucosal-like) seem to be roughly the same between 

these plots. Thus, further analysis is still valuable since the cell types whose abundance 

estimation that is consistent between the two plots (hematopoietic, mesenchymal, and 

Figure 10. A comparison of the calculated cell makeup for the bulk sample of untreated tailfin (left) and the cell 

makeup of the intreated fin as reported by the single cell data (right). Cell types are indicated by color as described in 

the legend. This figure shows that RNA Sieve did not accurately approximate the proportion of intermediate epithelial 

cells in the untreated fin. However, this figure also shows that the RNA Sieve estimations for non-epithelial cells are 

otherwise accurate.  
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mucosal-like) are those cell types of interest since they were the most affected by 

treatment according to the initial analysis described above.  

To compare the cell type proportions calculated by RNA Sieve between bulk 

treatments, the fractions for each bulk replicate with were averaged together to generate a 

mean cell type proportion for each day post amputation in the treatment group and the 

control group. Figure 11 compares the mean cell type make ups of each day for cortisol 

treated samples and untreated samples. This figure shows the averaged estimated 

proportions of each cell type for each day post amputation separated by treatment group. 

In the cortisol treated data, the dynamic changes in the proportion of hematopoietic cells 

across days shows that there were more cells at day 0, then the fraction decreased at day 

Figure 11. Comparing the mean cell type make up for each day in cortisol treated (left) and vehicle untreated 

(right) bulk samples. Cell types are indicated by color as described in the legend. Most notably, the proportion of 

hematopoietic cells is vastly different between treatment groups and shows opposite patterns of abundance change 

between treatments.  
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2, and rose again at day 4. There was also a rapid increase of mesenchymal cells across 

the treatment days post amputation. This figure also shows that there was an inverted 

pattern for the proportion of hematopoietic cells in the non-treated (vehicle) data as 

compared to the treated data where in the vehicle, there was little to no hematopoietic 

cells at day 0, then the fraction increased at day 2, and fell again at day 4.  

To investigate further these dynamic changes in cell type proportions across the days 

post amputation, each RNA Sieve calculated fraction value was plotted onto a coordinate 

plane separated by cell type and treatment as seen in Figure 12. This figure shows more 

clearly the differences in cell type proportions by day between the treated and control 

groups. Most notably, in the hematopoietic cells, the cell proportion changed described in 

the previous figures is clearly visualized here where the proportion is much greater at day 

0 in the treated group compared to the untreated (vehicle), then that fraction drops at day 

2 and rises again at day 4. This figure also clearly shows how that pattern is inverted in 

Figure 12. Scatterplot for each cell type comparing the estimated abundance for that cell type in each bulk 

sample grouped by day and treatment. Red lines denote cortisol treated samples and blue lines denote vehicle control 

samples as described in the legend. The most notable pattern in this figure is that of the dynamic proportions seen in 

the hematopoietic cells where their levels are highest at day 0, numbers drop at day 2, and rise again at day 4. This 

pattern is inverted in the control group hematopoietic cells. A similar pattern is seen in the mucosal like cells for the 

treated group, but in this cell type, the treated group consistently had more cells across all days.  
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the vehicle proportions of hematopoietic cells. Additionally, this figure shows a similar 

pattern in the mucosal-like cells as described in the figures above where the number of 

mucosal like cells are high at day 0, drop at day 2, and are slightly elevated again at day 

4. In this cell type however, the pattern is not inverted in the control, but we see a 

consistently greater amount of these cells in the treated group.  

Discussion 

This study examined bulk gene expression data collected from the regenerating 

tailfins of adult zebrafish that were treated with cortisol during development and utilized 

single cell expression data to determine what cell types were differentially impacted by 

cortisol treatment. Thus, the results presented add context to the results presented by 

Hartig et al. by estimating cell types present in their samples which then provides insights 

on cell specific responses to early life cortisol treatment in the regenerating tailfin using 

the single cell data presented by Hou et al.  

To determine if there exists a detectable effect of cortisol treatment on specific cell 

types in the regenerating tailfin, a rough comparison was made between the genes that 

were found to be differentially expressed in treated fish and the genes that were makers 

of each cell type detected in the regenerating fin. The results from this comparison 

showed that cortisol treatment has a clear impact on hematopoietic cells (Fig. 8). The 

genes in these hematopoietic cells of treated fish have an expression pattern wherein they 

are upregulated at 0 dpa, downregulated at 2 dpa, and up again at 4 dpa (Fig 8). 

Additionally, a similar gene expression pattern is seen in the mucosal like cells as caused 

by the treatment where the genes within this cell are upregulated at 0 dpa, non-

differentially expressed at 2 dpa, and back up at 4 dpa (Fig 8). We can compare 0 dpa 
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versus 2 dpa in the control group and 0 dpa versus 2 dpa in the treated group and see that 

genes that are upregulated in hematopoietic immune response cells and mucosal-like 

epithelial cells in untreated fish are downregulated in fish that are exposed to cortisol 

(Fig. 9). Meaning, from day 0 to day 2, the treatment specifically causes the genes to be 

largely suppressed within hematopoietic cells and slightly suppressed within mucosal like 

cells (Fig 9).  

Hartig et al. reported that genes associated with immune system processes and other 

categories related to immune system functions were over-expressed in the tailfin at day 0, 

under-expressed at 2 dpa, then again over-expressed at 4 dpa. The results presented here 

suggest that those genes related to immune system function that have this dynamic gene 

expression pattern over the course of the regeneration process are those genes that 

characterize hematopoietic cells (Fig. 8 & 9). Thus, the effect seen by Hartig et al. in the 

immune response is specifically in hematopoietic cells, which as reported by Hou et al., 

are likely to be macrophages and neutrophils. In other reports, it is known that 

neutrophils and macrophages would be annotated as hematopoietic cells because the view 

that neutrophils and macrophages arise from a common late bone marrow precursor has 

been confirmed by results showing that these phagocytes originate from hematopoietic 

stem cells which differentiate through common pathways (Silva & Correia-Neves, 2012). 

Thus, the results from the present study suggest that in the bulk RNA-seq, the set of 

genes that were affected by the treatment map to hematopoietic cells and therefore, 

during regeneration of the tailfin, hematopoietic cells in adults are affected by the chronic 

exposure to cortisol in early development.  
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After this initial rough comparison, the sequencing data from Hartig et al. was re-

aligned to an updated version of the zebrafish genome to allow for an accurate 

comparison between the single cell data and the bulk data. Then, RNA Sieve was used to 

estimate cell type abundances in the bulk data. When comparing these estimated 

abundances of cell types at each time point between treatment groups, it is important to 

consider the possible computational limitations of the RNA Sieve analysis that was run to 

come to these conclusions. As seen in Figure 10, the expected cell type make-up of the 

untreated fin as reported by the single cell data does not reflect the cell type makeup that 

was estimated by RNA Sieve. Most notably, the abundance of intermediate epithelial 

cells was entirely missed by RNA Sieve. This result could be potentially explained by an 

indiscriminate expression profile of intermediate epithelial cells that caused RNA Sieve 

to not be able to differentiate this cell type from other epithelial cell expression profiles. 

An alternative explanation could be that since all cells do not have the same amount of 

RNA in them, it is possible that intermediate epithelial cells do not have as much RNA as 

the other cell types which would mean they are not contributing much expression data to 

the bulk samples and would thus be missed by RNA Sieve. The single cell data would 

normalize for this kind of disparity, but RNA Sieve does not perform this kind of 

normalization. Yet another explanation for this disparity could be a difference in 

sampling methods and general biological variations. The data that made up these 

untreated fin comparisons come from two entirely different biological sources and were 

collected my different lab groups. Additionally, the untreated fin for the bulk data wasn’t 

truly untreated, as it was still exposed to the DMSO vehicle to control for that difference 

in the cortisol experiment.  
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Despite what Figure 10 may suggest, we continued with RNA-Sieve analyses and 

interpretation because although the estimated fractions for basal, superficial, and 

intermediate cells were not consistent with the single cell data, the estimated proportions 

of mucosal-like, hematopoietic, and mesenchymal cells were. As described above, the 

initial results suggest the main effects of the treatment were seen in the hematopoietic and 

mucosal-like cells, thus the RNA-Sieve estimated fractions of these cell types are 

valuable for further analyses.  

Proceeding with RNA-Sieve analysis, cell type proportion estimations were 

calculated for the bulk gene expression data for each day post amputation. These 

calculations demonstrated the dynamics of how cell proliferation in the regenerating 

tailfin was impacted by cortisol treatment. Cell proliferation refers to the process by 

which a cell multiplies, so examining the proportions of cell types from one day to the 

next after tailfin amputation gives insights into how exactly the cells were impacted by 

cortisol treatment. The initial comparison analysis described above determined that 

hematopoietic cells and mucosal-like cells contain genes that are upregulated at 0 dpa, 

down at 2 dpa, and up again at 4 dpa. The results from RNA-Sieve show that this pattern 

of gene expression is also reflected in the number of cells present in the regenerating tail 

fin at each of these time points. Hematopoietic cells are in greater abundance at day 0 in 

treated fish than untreated and then that fraction falls at day 2 and rises again at day 4 

(Fig. 11). The mucosal like cells are also shown to be in greater abundance across all 

days in treated fish than in untreated (Fig. 11). Beyond comparing overall proportions 

between days, the relationship between specific cell type proportions and treatment was 

further examined by using a scatter plot of the calculated fractions of each cell type. From 
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this figure, an inverted pattern of cell proportions for hematopoietic cells between 

treatments and a consistently greater abundance of mucosal-like cells in treated fish are 

clearly portrayed (Fig. 12). The results presented here are consistent with the initial 

findings that hematopoietic cells are differentially impacted by chronic cortisol exposure 

in early life.  

Similarly, Hartig et al. examined the proportions of macrophages and neutrophils in 

the regenerating fin and determined that in cortisol treated fish, greater numbers of 

neutrophils initially entered the wound site and ultimately followed by a greater number 

of macrophages in the regenerating fin. As discussed, these macrophages and neutrophils 

are detected in single cell data and clustered as hematopoietic cells, thus the results 

presented here are consistent with this finding reported by Hartig et al. Hematopoietic 

cells in general are in greater abundance at the beginning of the regeneration process in 

treated fish than in untreated, which suggests that there is an abnormal immune response 

occurring in treated fish.  

Additionally, Hartig et al. showed that the genes that were associated with immune 

system defense response and regulation were highly upregulated at 2 dpa in control fish 

& inverted expression in treated fish. It was similarly reported in this study that in treated 

fish, these genes were elevated at day 0, decreased at 2 dpa, and became elevated again at 

4 dpa (Fig. 11 & 12). Therefore, the results presented in this study add cell type context 

to the findings of Hartig et al. indicating that the response to cortisol treatment seen in 

immune system related genes is due to an effect that cortisol treatment has on the 

proliferation of immune system related cells. 
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In this study, specific cell type responses in the cortisol carrier adults were identified 

by using an analysis tool that allows for the estimation of cell type abundances in bulk 

RNA-seq data using single cell RNA-seq data. The cell type abundance dynamics 

throughout the process of tailfin regeneration were calculated and compared those 

abundances between treatment groups of cortisol treated zebrafish and untreated fish. 

Interpretation of these cell type abundance distributions across bulk samples lead to a 

prediction of what cell types in the regenerating tailfin are impacted by or contribute to 

the abnormal immune response to injury in zebrafish exposed to chronic early life stress. 

The results reported here indicate that overall, hematopoietic cells in adult zebrafish are 

most effected by the chronic exposure to cortisol in early development. Future studies 

related to this work would benefit from further clustering and classification of these 

hematopoietic cell type populations to elucidate the complex dynamics of this effect.  
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Appendix 

IV. Bulk RNA-seq details  

RNA seq is a method of high-throughput sequencing that is used to examine the 

transcriptional effects of environmental factors, such as cortisol exposure. RNA-seq 

describes the abundance and sequences of RNA transcripts and is the most cited next-

generation sequencing (NGS) method (Hadfield & Retief, 2018).  

The transcriptome is the complete set of transcripts in a cell that result from the 

transcription phase of gene duplication. Transcriptomics is the study of the transcriptome 

using high throughput analysis to understand the transcript and quantify dynamic 

expression levels under varying conditions (Wang et al., 2009). A typical RNA-seq 

experiment begins with RNA being extracted from every sample in the experiment, then 

the RNA is isolated and long RNAs are converted into a library of cDNA fragments 

through RNA fragmentation. Once the RNA is isolated from the sample, contaminating 

DNA is removed with DNase. The RNA sample then undergoes either selection of the 

mRNA or depletion of the rRNA. The resulting RNA is fragmented. The RNA is then 

reverse transcribed into double-stranded cDNA and sequence adaptors are then added to 

the ends of the fragments. To sequence the cDNAs, specific adaptor sequences must be 

present at the ends of the fragments. The roles and composition of the adaptor sequences 

vary depending upon the sequencing platform. Next, the cDNA fragments with adaptors 

are PCR amplified if needed, and the fragments are size selected to finish the library. 

Typically, fragments are 300 – 500 base pairs in length (Stark et al., 2019). 

Before a library is sequenced, considerations must be made regarding how deeply to 

sequence a library, meaning the read depth must be determined. Read depth refers to the 
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total number of sequencing reads obtained for a sample. The read depth of the sequencing 

step will vary depending on the experiment at hand, it is accepted that read depths of 

around 10–30 million reads per sample are required. If only relatively large changes in 

the expression of the most highly expressed genes are important, and if there are adequate 

biological replicates, less sequencing may be sufficient to address the hypothesis driving 

the experiment. It has become standard practice to multiplex all the samples comprising 

an experiment into a single ‘pooled’ sequencing library which is run as many times as is 

required to generate the desired total number of reads. Pooling libraries requires that the 

amount of cDNA in the multiplexed samples is even so that the total number of reads are 

even as well (Stark et al., 2019).  

Read length can play a role in usefulness of the data, thus a decision must be made 

regarding utilization of single versus paired end sequencing. When using RNA seq to 

examine differential gene expression (DGE), one is more concerned with the ability to 

map a read’s position unambiguously. For more qualitative RNA seq assays, longer reads 

may be more useful, for example when trying to identify specific isoforms. In single-end 

sequencing, only one end of each cDNA fragment is used to generate a sequence read, 

while paired-end sequencing generates two reads for each fragment. In experiments 

where coverage is prioritized, long read paired end sequencing is preferred. However, for 

DGE analysis, sequencing every base is not required. This is because single end reads are 

sufficient to identify the source gene of most fragments. When working with poorly 

annotated transcriptomes, paired end sequencing can help disambiguate read mappings. 

When choosing between generating a greater number of reads and generating longer 
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reads, focusing on read depth will have more impact on the sensitivity of a DGE 

experiment (Conesa et al., 2016; Stark et al., 2019). 

Once a decision has been made regarding read depth and read length, the library is 

ready to be sequenced. The specific steps by which sequence reads are obtained varies by 

sequencing method. Illumina short read sequencing technology has been used to generate 

the majority of RNA-seq data. Long read sequencing and direct RNA sequencing have 

been up and coming because they can deliver improved isoform level data. The 

complexity of information captured increases from short read to long read methods. In 

short read sequencing, reads will map ambiguously when an exon is shared between 

isoforms and over 90% of human genes form two or more isoforms (Stark et al., 2019). 

Gene isoforms arise as a result of alternative splicing during transcription wherein 

different exons are spliced together in varying combinations from the same gene resulting 

in multiple different mRNAs from a single gene (Kim et al., 2008). This can complicate 

interpretation of results. Long-read cDNA methods can generate full-length isoform reads 

that substantially reduce these artifacts and improve differential isoform expression 

analysis; however, these methods rely on cDNA conversion which removes information 

about RNA modifications and can only make estimates of poly A tail length. Overall, 

short read sequencing has become the main method to detect and quantify transcriptome 

wide gene expression (Stark et al., 2019). 

After the sequencing step, sequence information is recorded along with the quality 

scores in large data files in FASTQ format. There are many different approaches to 

analyzing sequence data. Differences in approaches and combinations of techniques can 

result in effects on the biological conclusions drawn from the data, so the set of tools 
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used will depend on the biological question being explored, as well as the resources 

available (Stark et al., 2019). A generalized overview of how sequencing data is 

processed in an RNA-seq experiment begins with quality control and trimming, followed 

by alignment and assembly of sequencing reads, quantification of transcript abundance, 

filtering, and normalization, and lastly, statistical analysis to identify differentially 

expressed genes (Conesa et al., 2016).  

The first step of processing sequence data is to perform quality control of the data. 

The FASTQ text files generated from sequencing contain the nucleotide sequence of each 

read and a quality score at each position. FastQC is a tool that provides a straightforward 

way to do some quality control checks on raw sequence data by providing a modular set 

of analyses which you can use to give a quick impression of whether your data has any 

problems of which you should be aware before doing any further analysis (Andrews, 

2020). If the results from FastQC raise concerns about the quality of the sequencing data, 

often it is because there is unwanted information leftover in each of the reads. Some types 

of unwanted information include leftover adapter sequences, known sequence 

contaminants like strings of As or Ts, and most commonly, poor quality bases at read 

ends. To remedy this, a trimming step is performed that will remove this unwanted 

information, increasing the overall quality of the sequencing data which additionally 

ensures that all the reads in the dataset have a chance to align to the genome in the next 

step (Conesa et al., 2016). There are a few different softwares used for trimming such as 

Trim Galore, trimmomatic, or cutadapt. FastQC can be run again after trimming to 

establish if quality issues with the sequencing data remain that could suggest further 

trimming is required or errors that occurred during the sequencing (Krueger, 2015).  
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The alignment and assembly step takes the sequencing data and maps the reads to 

either a known transcriptome or annotated genome, converting each sequence read to one 

or more genomic coordinates. There exist many software tools for alignment and their 

quality depends on several factors such as accuracy, sensitivity in aligning reads over 

splice junctions, speed, memory footprint, usability, and many other features (Conesa et 

al., 2016; M. I. Love et al., 2015). These different softwares also use different methods 

for alignment. Tools such as TopHat, STAR, or HISAT use distinct alignment that rely 

on a reference genome. StringITe or SOAPdenovoTrans are transcriptome assembly tools 

which are used if it is more desirable to align reads to the transcriptome or if no high-

quality genome annotation is available. Lastly, there are computationally efficient 

‘alignment-free’ tools associate sequencing reads directly with transcripts without a 

quantification step such as Sailfish, Kallisto, or Salmon. These ‘alignment-free’ tools 

have good performance with characterizing highly abundant transcripts, but less accurate 

in quantifying low abundance transcripts (Stark et al., 2019).  

Once the sequencing data has been aligned to a transcriptome, the next step is to 

quantify the number of reads associated with each gene or transcript which creates an 

expression matrix. This process may include more sub alignments, assemblies, and 

quantifications; or it may generate an expression matrix from read counts in a single step. 

The methods used during this phase of analysis have the largest impact on the ultimate 

results of a project. Quantification of read abundances for individual genes relies on 

counting sequence reads that overlap known genes, using a transcriptome annotation. 

Some common quantification tools include: RSEM, CuffLinks, MMSeq, and HTSeq as 

well as the alignment free direct quantification tools mentioned previously. The results of 
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quantification are combined into an expression matrix with a row for each gene or 

transcript and a column for each sample, with the values being either read counts or 

estimated abundances. These transcript abundance estimates can be converted to read 

count equivalents using tools like tximport (Stark et al., 2019).  

Quantified gene or transcript counts are filtered to remove lowly expressed genes and 

normalized to account for differences between samples such as read depth, expression 

patterns and technical biases. Filtering and normalization can also help account for 

differences in GC content, which refers to the percentage of bases that are G (guanine) or 

C (cytosine). GC-rich and GC-poor fragments tend to be under-represented in RNA-Seq 

such that within a sequencing lane, read counts are not directly comparable between 

genes. Biases related to length and GC-content confound differential expression analysis 

results as well as downstream analyses, such as those involving gene ontology analysis. 

This is because GC-content varies throughout the genome and is often associated with 

functionality, so it may be difficult to infer true expression levels from biased read count 

measures (Risso et al., 2011). Normalization procedures can also compensate for cases 

where expression levels of most genes may not remain the same across replicate groups 

and where sample groups may exhibit differences in overall mRNA levels. Determining 

the appropriateness of a chosen normalization can be difficult; one option is to attempt an 

analysis using multiple methods, then to compare the consistency of the outcomes. Proper 

normalization of read counts is crucial to allow accurate inference of differences in 

expression levels (Stark et al., 2019).  

Once you have an expression matrix, the experiment can be modeled to determine 

which transcript features are likely to have changed their level of expression. The goal of 
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differential expression analysis is to conclude which genes are expressed at distinct levels 

between experimental conditions of interest. These genes can then offer biological insight 

into the processes effected by experimental conditions (Oshlack et al., 2010). Differential 

gene expression is done by performing statistical modeling of sample groups and 

covariates to calculate confidence statistics related to differential expression. One output 

from this analysis is a fold change value which is the effect size estimate and indicates 

how much the gene's expression seems to have changed due to treatment in comparison 

to untreated. Typically fold change is reported in logarithmic scale (base 2) and a positive 

fold change value denotes an increase of expression, while a negative fold change 

denotes a decrease in expression (M. Love et al., 2017). Tools for differential expression 

modeling include edgeR and DESeq2. The results of differential expression analysis can 

then be plotted and used in further downstream analyses, which will vary depending on 

the experiment (M. Love et al., 2017; Stark et al., 2019). An overview of the entire 

process of bulk RNA-seq can be seen back in Figure 4.  

In bulk RNA-seq experiments, accurate sequence annotation and data interpretation 

can be computationally challenging, particularly in the absence of a pre-existing 

reference genome. Further, transcript quantification can be affected by biases introduced 

during cDNA library construction and sequence alignment. Additionally, there is a lack 

of standardization between sequencing platforms and read depth, equivalent to the 

percentage of total transcripts sequenced, which can compromise reproducibility of an 

RNA-seq experiment (Whitley et al., 2016). 

V. Code for sorting bulk differential expression data by cell type 
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The following is the code from a Jupyter Notebook used to create the merged gene 

lists as described in methods section “sorting bulk differential expression data by cell 

type.” The result of this code was six different gene lists. (1) Genes from bulk data that 

were reported as differentially expressed at 0 dpa as caused by treatment and were 

markers of cell types in the single cell data. (2) The same as 1 for 2 dpa. (3) The same as 

1 for 4 dpa. (4) Genes from bulk data that were reported as differentially expressed 

between days 0 and 2 in the control group. (5) The same as 4 for the treated group. (6) 

Genes from 4 and 5 with their log-2-fold change value as the difference between those in 

4 and 5.  

# In[1]: 

 

 

import pandas as pd 

import seaborn as sns 

import matplotlib.pyplot as plt 

 

 

# In[2]: 

 

 

# create a pandas data frame for the Hou gene list 

 

# read in full marker file as Hou 

hou = pd.read_csv("Hou_gene_list_full.csv") 

hou = hou.loc[:,['cluster','gene', 'avg_logFC']] 

 

 

# In[3]: 

 

 

#create a data frame for the Hartig gene list 0dpa ctrl vs treated 

hartig_0dpa = pd.read_csv("Hartig_0dpa_ctrl_vs_treated.csv") 

 

 

# In[4]: 

 

 

#create a data frame for the Hartig gene list 2dpa ctrl vs treated 

hartig_2dpa = pd.read_csv("Hartig_2dpa_ctrl_vs_treated.csv") 

 

 

# In[5]: 
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#create a data frame for the Hartig gene list 4dpa ctrl vs treated 

hartig_4dpa = pd.read_csv("Hartig_4dpa_ctrl_vs_treated.csv") 

 

 

# In[6]: 

 

 

#create a data frame for the Hartig gene list 0dpa vs 2dpa ctrl 

hartig_0v2_ctrl = pd.read_csv("Hartig_0dpa_vs_2dpa_ctrl.csv") 

 

 

# In[7]: 

 

 

#create a data frame for the Hartig gene list 0dpa vs 2dpa treat 

hartig_0v2_treat = pd.read_csv("Hartig_0dpa_vs_2dpa_treated.csv") 

 

 

# In[8]: 

 

 

#create a data frame for the Hartig gene list 0dpa vs 2dpa interaction 

hartig_0v2_inter = pd.read_csv("Hartig_gene_list.csv") 

 

 

# In[9]: 

 

 

# create a new data frame that contains only those rows that have 

matching values in both of the original data frames 

# based on the 'gene' column in Hou and 'symbol' column in Hartig 

merged_gene_list_0dpa = pd.merge(left=hou, right=hartig_0dpa, 

left_on='gene', right_on='Symbol') 

 

# re-order & re-name columns as necessary 

merged_gene_list_0dpa = merged_gene_list_0dpa[['gene', 'Symbol', 

'GeneID', 'cluster', 'DiffExp', 'avg_logFC', 'logFC']] 

merged_gene_list_0dpa.columns = ["gene_hou", "gene_hartig", "GeneID", 

"cluster", "DiffExp", "logFC_hou", "logFC_hartig"] 

 

 

# In[10]: 

 

 

# create a new data frame that contains only those rows that have 

matching values in both of the original data frames 

# based on the 'gene' column in Hou and 'symbol' column in Hartig 

merged_gene_list_2dpa = pd.merge(left=hou, right=hartig_2dpa, 

left_on='gene', right_on='Symbol') 

 

# re-order & re-name columns as necessary 

merged_gene_list_2dpa = merged_gene_list_2dpa[['gene', 'Symbol', 

'GeneID', 'cluster', 'DiffExp', 'avg_logFC', 'logFC']] 

merged_gene_list_2dpa.columns = ["gene_hou", "gene_hartig", "GeneID", 

"cluster", "DiffExp", "logFC_hou", "logFC_hartig"] 
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# In[11]: 

 

 

# create a new data frame that contains only those rows that have 

matching values in both of the original data frames 

# based on the 'gene' column in Hou and 'symbol' column in Hartig 

merged_gene_list_4dpa = pd.merge(left=hou, right=hartig_4dpa, 

left_on='gene', right_on='Symbol') 

 

# re-order & re-name columns as necessary 

merged_gene_list_4dpa = merged_gene_list_4dpa[['gene', 'Symbol', 

'GeneID', 'cluster', 'DiffExp', 'avg_logFC', 'logFC']] 

merged_gene_list_4dpa.columns = ["gene_hou", "gene_hartig", "GeneID", 

"cluster", "DiffExp", "logFC_hou", "logFC_hartig"] 

 

 

# In[12]: 

 

 

# create a new data frame that contains only those rows that have 

matching values in both of the original data frames 

# based on the 'gene' column in Hou and 'symbol' column in Hartig 

merged_gene_list_0v2_ctrl = pd.merge(left=hou, right=hartig_0v2_ctrl, 

left_on='gene', right_on='Symbol') 

 

# re-order & re-name columns as necessary 

merged_gene_list_0v2_ctrl = merged_gene_list_0v2_ctrl[['gene', 

'Symbol', 'GeneID', 'cluster', 'DiffExp', 'avg_logFC', 'logFC']] 

merged_gene_list_0v2_ctrl.columns = ["gene_hou", "gene_hartig", 

"GeneID", "cluster", "DiffExp", "logFC_hou", "logFC_hartig"] 

 

 

# In[13]: 

 

 

# create a new data frame that contains only those rows that have 

matching values in both of the original data frames 

# based on the 'gene' column in Hou and 'symbol' column in Hartig 

merged_gene_list_0v2_treat = pd.merge(left=hou, right=hartig_0v2_treat, 

left_on='gene', right_on='Symbol') 

 

# re-order & re-name columns as necessary 

merged_gene_list_0v2_treat = merged_gene_list_0v2_treat[['gene', 

'Symbol', 'GeneID', 'cluster', 'DiffExp', 'avg_logFC', 'logFC']] 

merged_gene_list_0v2_treat.columns = ["gene_hou", "gene_hartig", 

"GeneID", "cluster", "DiffExp", "logFC_hou", "logFC_hartig"] 

 

 

# In[14]: 

 

 

# create a new data frame that contains only those rows that have 

matching values in both of the original data frames 

# based on the 'gene' column in Hou and 'symbol' column in Hartig 

merged_gene_list_0v2_inter = pd.merge(left=hou, right=hartig_0v2_inter, 

left_on='gene', right_on='Symbol') 
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# re-order & re-name columns as necessary 

merged_gene_list_0v2_inter = merged_gene_list_0v2_inter[['gene', 

'Symbol', 'GeneID', 'cluster', 'DiffExp', 'avg_logFC', 'logFC']] 

merged_gene_list_0v2_inter.columns = ["gene_hou", "gene_hartig", 

"GeneID", "cluster", "DiffExp", "logFC_hou", "logFC_hartig"] 

 

VI. Code for RNA Sieve 

The following Python script used to performs the joined day analysis of RNA Sieve. 

The input files were a bulk expression data file, a bulk sample metadata file, a single cell 

expression data file, and a single cell sample metadata/clustering information file. The 

output of RNA Sieve was a comma separated file that contained the calculated fraction 

values for each cell type in each bulk sample. This code here is the code used for the 

joined day analysis, and the same code was used for the day-by-day analysis, but with 

changed input files. Samples of output and the rest of the code for the day-by-day 

analysis can be seen in the GitHub repository created for this project, linked in the RNA-

Sieve methods section.  

# In[1]: 

 

 

import numpy as np 

import pandas as pd 

#!pip install anndata --target D:/usr/local/lib/python3.8/dist-packages 

import anndata as ad 

from collections import defaultdict 

from rnasieve.preprocessing import model_from_raw_counts 

print(ad.__version__) 

 

 

# This file uses guidance from https://github.com/theislab/anndata-

tutorials/blob/master/getting-started.ipynb 

#  to get the jcoffman007 data as an AnnData structure so that it can 

be used for RNAsieve as in https://github.com/songlab-cal/rna-sieve 

#  

 

# In[5]: 

 

 

##-----loading in jcoffman007 expression and design data ----- 
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#load in jcoffman007 count data (raw counts) 

widejcoffman007_count = pd.read_csv("all_bulk_count_file.csv.gz", 

compression="gzip") 

 

#load in design file. note that each row is a sample that matches up 

with the "data" dataframe   

jcoffman007_design= pd.read_csv("all_bulk_design_file.csv.gz", 

compression="gzip",index_col=0) 

 

 

##-----loading in atlas expression and design data-----  

#uploading the expression data for the reference (atlas) 

wideatlas_count = 

pd.read_csv("fill_sorted_matched_Hou_shared_gene_counts.csv.gz", 

compression="gzip") 

 

#load in the design file for the reference (atlas). Note that each row 

is a sample that matches up with the "data" dataframe 

atlas_design = pd.read_csv("sorted_labeled_GSE137971_cells.csv.gz", 

compression="gzip",index_col=0) 

 

 

# In[6]: 

 

 

#altering both expression datasets to contain identical sets of genes  

jcoffman007_genes= widejcoffman007_count["genes"].tolist() 

atlas_genes= wideatlas_count["genes"].tolist() 

genes_in_both= list(set(jcoffman007_genes) & set(atlas_genes)) 

print("there are",len(genes_in_both),"genes that are in both the atlas 

and jcoffman007 count data")  

widejcoffman007_count=widejcoffman007_count[widejcoffman007_count["gene

s"].isin(genes_in_both)] 

wideatlas_count=wideatlas_count[wideatlas_count["genes"].isin(genes_in_

both)] 

#sorting to be in same order 

widejcoffman007_count=widejcoffman007_count.sort_values(by=['genes']) 

wideatlas_count=wideatlas_count.sort_values(by=['genes']) 

 

 

# In[7]: 

 

 

#------making annData structure that holds the counts and meta for 

jcoffman007----- 

#convert to having genes as columns, samples as rows (first have to 

make the gene ID the row label) 

widejcoffman007_count= widejcoffman007_count.set_index("genes") 

jcoffman007_count= widejcoffman007_count.transpose() 

jcoffman007 = ad.AnnData(jcoffman007_count, obs=jcoffman007_design) 

 

#-----making annData structure that holds the counts and meta for 

atlas-----  

wideatlas_count=wideatlas_count.set_index("genes") 

atlas_count= wideatlas_count.transpose() 

atlas = ad.AnnData(atlas_count, obs=atlas_design) 
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# In[8]: 

 

 

widejcoffman007_count 

 

 

# In[9]: 

 

 

#modeling off of the raw counts prep section from example.ipynb from 

song lab github 

 

# grouping the cells in the reference data by cluster  

print('Aggregating by cluster...') 

counts_by_cluster = {} 

for i in range(len(atlas)): 

    sc = atlas[i] 

    if len(sc.obs['major.cl']) == 0: 

        continue 

    cell_cluster = sc.obs['major.cl'][0] 

    if cell_cluster not in counts_by_cluster: 

        counts_by_cluster[cell_cluster] = np.empty((sc.X.shape[1], 0), 

dtype=np.float32) 

    counts_by_cluster[cell_cluster] = np.hstack( 

        (counts_by_cluster[cell_cluster], sc.X.toarray().reshape(-1, 

1))) 

     

 

# Bulk prep 

print('Aggregating bulks by name...') 

G = jcoffman007.n_vars 

bulk_by_time = defaultdict(list) 

for i in range(len(jcoffman007)): 

    bulk = jcoffman007[i] 

    if len(bulk.obs['name']) == 0: 

        continue 

    time = bulk.obs['name'][0] 

    bulk_by_time[time].append(bulk.X.toarray().reshape(-1, 1)) 

 

bulk_labels = [] 

psis = np.empty((G, 0), dtype=np.float32) 

for name in sorted(bulk_by_time.keys()): 

    bulks = bulk_by_time[name] 

    for i in range(len(bulks)): 

        bulk_labels.append("{} name, subject {}".format(name, i)) 

        psis = np.hstack((psis, bulks[i])) 

         

print('Done!') 

 

 

# In[10]: 

 

 

counts_by_cluster['Intermediate Epithelial'].shape 
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# In[11]: 

 

 

model, cleaned_psis = model_from_raw_counts(counts_by_cluster, psis[:, 

:18]) 

 

 

# In[12]: 

 

 

cleaned_psis 

 

 

# In[13]: 

 

 

output_table= model.predict(cleaned_psis) #this takes a minute ...  

output_table.to_csv('resorted_rnasieve_jcoffman007.csv') 

 

 

# In[14]: 

 

 

# In this example, the intervals at a significance level of 0.05 

indicate the estimate is poor. 

# We set sig=0.9999 for the sake of visualization. 

model.compute_marginal_confidence_intervals(sig=0.2) 

 

 

# In[15]: 

 

 

model.plot_proportions('bar').properties(title="Bar visualization ") 

 

 

# In[16]: 

 

 

model.plot_proportions('stacked').properties(title="Stacked 

visualization") 
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