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Summary

In the last decade, with huge advances in high throughput sequencing (HT-seq) technolo-

gies and rapidly decreasing costs, cell and molecular biology are becoming increasingly a

heavily “data-driven” science. HT-seq has transformed the scientific landscape in biology

by allowing researchers to answer important biological questions in multiple biological

layers with multi-omics data. In this thesis, I will introduce my work on computational

analysis, interpretation and application of multi-omics data on bulk as well on single cell

levels.

RNA-seq, the next-generation sequencing of RNAs is a powerful method to charac-

terize genome-wide differential gene expression between different conditions. ChIP-seq,

the high throughput chromatin immuno-precipitation sequencing technology has been a

powerful tool to identify genome-wide profiles of histone modifications which have been

identified to be the key epigenetic mechanisms in the regulation of gene expression. More

and more studies start analyzing simultaneously the combination of RNA-seq data and

ChIP-seq data of different histone modifications across different conditions. The integra-

tive analysis of these corresponding data sets, in principle, becomes a desirable option

to study gene regulation in the complex and dynamic biological processes for example

in organ development and disease progression. However, computational tools for such

analyses are still technically in their infancy. In the first part of this thesis, I introduce

intePareto, a novel method to prioritize genes with consistent changes in RNA-seq and

ChIP-seq data of different histone modifications between different conditions using Pareto

optimization.

In addition to the rapid development and applications in bulk sequencing of pooled cell

populations discussed above, the past decade has witnessed tremendous progress in single

cell RNA sequencing (scRNA-seq) technologies which have further revolutionized our

understanding of the fundamental biological and physiological phenomena at the single cell

resolution. The scRNA-seq technology allows unprecedented detailed characterizations of

heterogeneity of cell populations previously believed to be homogeneous, or identification

of a continuous spectrum cell trajectory previously hidden in pooled cell populations.

However, scRNA-seq also brings computational challenges due to the small amount of

material available in each single cell for sequencing, resulting in high sparsity of the data

with abundance of observed zeros also known as “dropout” or zero-inflation in scRNA-seq

counts. The high proportion of zeros observed in many genes poses a big challenge for
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further downstream data analysis and interpretation, and is therefore a major research

focus. Some believe the abundant zeros are attributed to technical artifacts and should be

corrected with non-zeros, thus different imputation methods and tools have been designed

to explicitly correct the zeros, i.e. to impute the “dropout” with appropriate values to

hopefully better represent the true expression values. Zero-inflated models are therefore

widely used to model the scRNA-seq data, and zero-inflation is even treated as an inherent

property of scRNA-seq data. However, this “dropout” or zero-inflation problem is far from

being fully understood. It is necessary to understand the source of observed zeros before

imputation method or zero-inflated model is designed and adopted. In the second part of

this thesis, we provide convincing empirical evidence showing that the dichotomy of zero-

inflation in scRNA-seq data is between read counts and UMI counts, and not between

droplet-based and plate-based platforms, and that large number of “unexpected zeros”

(zero-inflation) in read counts are due to amplification bias, and should not be blindly

imputed or modeled by zero-inflation models.

From the end of 2019, there was an unprecedented COVID-19 pandemic caused by

SARS-CoV-2. COVID-19 in severe form is a systemic disease leading to multi-organ

dysfunction. The current research on SARS-CoV-2/COVID-19 with respect to virus entry

routes and innate immune responses is still in a paradoxical state: the rapid accumulation

of data frequently also increases the confusion about what we actually know. One reason

for this paradox could be that the bulk of the data comes from many small studies from

which general conclusions are drawn overhastily. In this situation, a meta-study that

analyzes larger clusters of comparable data from several studies could bring more clarity.

In the third part of this thesis, I introduce comprehensive comparative analyses with

RNA-seq data sets of different cells infected with SARS-CoV, MERS-CoV and SARS-

CoV-2, as well as RNA-seq data from COVID-19 patients. In addition, the dynamics

of neutrophils and neutrophil extracellular traps are also examined in the progression of

COVID-19. We have presented evidence for multiple SARS-CoV-2 entry mechanisms.

We have also dissolved apparent conflicts on cellular innate immune responses to SARS-

CoV-2 infection. Our results emphasize the complex interactions between host cells and

SARS-CoV-2, offering new insights into the pathogenesis of SARS-CoV-2, and can further

inform the development of antiviral drugs.

In brief, in this thesis I have examined various topics in regard to computational inte-

gration, interpretation of high-throughput sequencing data in bulk and single cell levels,

as well as the application of large scale sequencing data analysis and interpretation to

gain insights into the pathogenesis of SARS-CoV-2 to help combat COVID-19 pandemic.
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Zusammenfassung

In den letzten zehn Jahren hat sich die Zell- und Molekularbiologie mit enormen Fortschrit-

ten bei der Hochdurchsatz-Sequenzierung (HT-seq) und schnell sinkenden Kosten zunehmend

zu einer stark datengetriebenen Wissenschaft entwickelt. In dieser Dissertation stelle ich

meine Arbeit zur rechnergestützten Analyse und Interpretation von Multi-Omics-Daten

sowohl von Zellgemischen als auch auf Einzelzellebene vor.

RNA-seq, die HT-seq von RNAs, ist eine leistungsstarke Methode zur Charakter-

isierung der genomweiten differentiellen Genexpression zwischen verschiedenen Bedingun-

gen. ChIP-seq ist eine HT-seq-Technik, zur Identifizierung genomweiter Profile von His-

tonmodifikationen – ein wichtiger epigenetischer Mechanismus zur Regulation der Gen-

expression. Immer mehr Studien analysieren Kombinationen von RNA-seq-Daten und

ChIP-seq-Daten verschiedener Histonmodifikationen unter verschiedenen Bedingungen.

Die integrative Analyse der entsprechenden Datensätze kann ein Licht auf Genregu-

lation in komplexen Prozessen werfen, beispielsweise in der Organentwicklung und in

Krankheitsverläufen. Berechnungswerkzeuge für solche Analysen stecken jedoch noch in

den Kinderschuhen. Im ersten Teil dieser Arbeit stelle ich intePareto vor, eine neuartige

Methode zur Priorisierung von Genen mit konsistenten Änderungen der RNA-seq- und

ChIP-seq-Daten verschiedener Histonmodifikationen zwischen verschiedenen Bedingungen

unter Verwendung der Pareto-Optimierung.

Zusätzlich zu der oben diskutierten raschen Entwicklung und Anwendung bei der

Massensequenzierung gepoolter Zellpopulationen wurden in den letzten zehn Jahren enorme

Fortschritte bei der Einzelzell-RNA-Sequenzierung (scRNA-seq) erzielt, die unser Verständnis

grundlegender biologischer und physiologischer Phänomene revolutioniert. Die scRNA-

seq-Technologie ermöglicht beispiellos detaillierte Charakterisierungen der Heterogenität

von Zellpopulationen, von denen zuvor angenommen wurde, dass sie homogen sind,

oder die Identifizierung kontinuierlicher Trajektorien zwischen Zellzuständen. ScRNA-

seq bringt jedoch aufgrund der geringen Menge an Material, die in jeder einzelnen Zelle

für die Sequenzierung verfügbar ist, große interpretatorische Probleme mit sich. Das ist

zum einen die Spärlichkeit von Daten, zum anderen die Fülle von beobachteten Null-

Expressionen von Genen, die auch als “Dropout” oder Null-Inflation bezeichnet wird.

Einige glauben, dass die häufig vorkommenden Nullen technischen Artefakten zugeschrieben

werden und mit Nicht-Nullen korrigiert werden sollten. Daher wurden verschiedene Im-

putationsmethoden entwickelt, um die Nullen durch vermeintlich geeignetere Werte zu er-
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setzen. Null-Inflations-Modelle werden häufig zur Modellierung dieser scRNA-seq-Daten

verwendet, und Null-Inflation wird oft als inhärente Eigenschaft von scRNA-seq-Daten

behandelt. Dieses ”Dropout” - oder Null-Inflations-Problem ist jedoch weit davon ent-

fernt, vollständig verstanden zu werden. Es ist notwendig, die Quelle der beobachteten

Nullen zu verstehen, bevor Imputationsmethoden oder Null-Inflations-Modelle angewen-

det werden

Im zweiten Teil dieser Arbeit liefern wir überzeugende empirische Beweise dafür, dass

das Auftreten von Null-Inflation in scRNA-seq-Daten nichts zu tun hat mit prinzipiellen

Unterschieden zwischen tröpfchen- und plattenbasierten scRNA-seq Plattformen. Das

Problem der Null-Inflation ist eher eines der Analyse von Reads im Gegensatz zu UMIs,

weil erstere verzerrt werden durch Amplifikationsmethoden wie PCR, letzere aber nicht.

Vom blinden Anwenden von Imputationsmethoden zur Korrektur von Null-Inflation ist

also abzuraten.

Seit Ende 2019 grassiert COVID-19, eine beispiellose Pandemie, verursacht durch

SARS-CoV-2. COVID-19 in schwerer Form ist eine systemische Erkrankung, die zum Ver-

sagen mehrerer Organe führen kann. Die aktuelle Forschung zu SARS-CoV-2 / COVID-19

in Bezug auf Viruseintrittswege und angeborene Immunantworten befindet sich in einem

paradoxen Zustand: Einerseits nimmt die Datenmenge rapide zu, andererseits auch die

Verwirrung darüber, was wir tatsächlich wissen. Ein Grund für dieses Paradox könnte

sein, dass der Großteil der Daten aus vielen kleinen Studien stammt, aus denen überstürzt

allgemeine Schlussfolgerungen gezogen werden. In dieser Situation könnte eine Metas-

tudie, die größere Cluster vergleichbarer Daten aus mehreren Studien analysiert, mehr

Klarheit bringen.

Im dritten Teil dieser Arbeit stelle ich umfassende vergleichende Analysen mit RNA-

seq-Datensätzen verschiedener mit SARS-CoV, MERS-CoV und SARS-CoV-2 infizierter

Zellen sowie RNA-seq-Daten von COVID-19-Patienten vor. Darüber hinaus wird die Dy-

namik von Neutrophilen und extrazellulären Neutrophilenfallen im Verlauf von COVID-19

untersucht. Wir legen Beweise für mehrere SARS-CoV-2-Eintrittsmechanismen vor, und

wir lösen vermeintliche Konflikte bezüglich zellulärer angeborener Immunantworten auf

SARS-CoV-2-Infektionen. Unsere Ergebnisse betonen die komplexen Wechselwirkungen

zwischen Wirtszellen und SARS-CoV-2, bieten neue Einblicke in die Pathogenese von

SARS-CoV-2, und können die Entwicklung antiviraler Medikamente fördern.
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Chapter 1

Introduction

1.1 Gene regulation and histone modifications

1.1.1 Structure of DNA

A genome is a complete set of genetic instructions in an organism. It consists of DNA.

DNA is formed as a double helix by two complementary strands of nucleotides that are co-

valently linked together. There are four types of nucleotides, each with a sugar-phosphate

backbone attached by either of four chemical bases including adenine (A), guanine (G),

cytosine (C), and thymine (T) (Alberts et al., 2002). A always pairs with T, and C always

pairs with G, to form units called base pairs. The ends of the DNA strands indicate the

polarities of the two strands by referring to one end as the 3’ end and the other as the

5’ end. The genetic information is stored as the order or the sequence of these four base

pairs in DNA. (figure 1.1)

Figure 1.1: DNA and its building blocks.
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1.1.2 Gene transcription

Gene refers to the basic unit of DNA carrying the genetic information that encodes the

synthesis of a gene product, either protein or RNA. Transcription is the first step of gene

expression. It is a process of RNA molecule synthesis in which a particular segment of

DNA is transcribed into RNA. Different types of RNAs can be produced, including mNRA

(messenger RNA). These synthesized RNA molecules are called transcripts. Different from

DNA, RNA molecules are single-stranded. RNA nucleotides also have A, G and C, but

instead of T they have another pyrimidine base called U (uracil). In eukaryotic cells, a

precursor mRNA (pre-mRNA) synthesized by transcription of a gene’s DNA template,

usually undergoes several major processing events before the mature mRNA can get

exported out of the nucleus. These processing events include acquisition of a 5’ cap

structure (Mizumoto and Kaziro, 1987), splicing of introns (Will and Lührmann, 1997),

and the formation of a 3’ end, usually modified by adding a poly-A tail (Manley and Di

Giammartino, 2013). (figure 1.2)

Figure 1.2: Gene transcription.

1.1.3 Structure of Chromatin

In eukaryotic cells, DNA in the nucleus is packed into a highly condensed structure called

chromatin. The fundamental units of chromatin are nucleosomes, which are compactly

arranged like “beads on a string”, where the “string” is DNA and “beads” are nucleosomes.

A single nucleosome core particle is assembled in an octameric DNA-protein complex

with about 145-147 bp of DNA sequence tightly wrapped around a histone octamer core

consisting of two copies of four histones H2A, H2B, H3 and H4 (Luger et al., 1997).

The amino(N)-terminal “tails” of histones are the subject of numerous post-translational

modifications (PTMs) such as acetylation, methylation, phosphorylation, ubiquitylation

and sumoylation (Peterson and Laniel, 2004; Shah et al., 2020) (figure 1.3).
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Figure 1.3: “beads on a string” nucleosome array.

1.1.4 Gene regulation

Even though nearly all cells in an organism contain essentially the same DNA, the cell

types and cell functions differ because of the differences in their gene expression patterns.

For instance, even closely related proliferating chondrocytes and hypertrophic chondro-

cytes can show distinct gene expression patterns (Wuelling et al., 2020). How does a cell

know which sets of genes should be expressed in it? How does a gene know when it should

be expressed? These questions can be answered by the study of gene regulation which is

at the heart of all the complex biological processes during development, cell differentiation

and disease progression.

Gene regulation is often primarily controlled at the level of transcription, i.e. which

part of the DNA is transcribed to make an RNA molecule and the amount of RNA

molecules are transcribed for a specific gene. Gene regulation mechanisms are very com-

plex and dynamic processes involving numerous steps. Histone modifications are thought

to play a crucial role in gene regulation by altering the extent of which DNA is wrapped

around histones, the availability of genes in the DNA for transcription, as well as by re-

cruiting proteins and complexes, for example like RNA polymerase II (RNAPII), to cat-

alyze the gene transcription (Bannister and Kouzarides, 2011; Gibney and Nolan, 2010;

Kouzarides, 2007b; Sims III et al., 2004) (figure 1.4).

1.1.5 Histone modifications

Different histone modifications are associated with different functions, which can occur

combinatorially to form a “histone code” that is read by other proteins to switch transcrip-

tion on or off, leading to activation or repression of target genes (Jenuwein and Allis, 2001;

Strahl and Allis, 2000). Histone acetylation and histone methylation are well-explored

PTMs (Barski et al., 2007; Benevolenskaya, 2007; Koch et al., 2007). Histone acetylations

(e.g. H3K9ac and H3K27ac) are mainly linked to active transcription (Creyghton et al.,

2010; Wang et al., 2008). Histone methylations like H3K9me3 and H3K27me3 are known

as repressive marks and are associated with gene repression (Barski et al., 2007; Wang

et al., 2008); H3K36me3 (Bannister et al., 2005), H3K4me1 (Benevolenskaya, 2007) and

3



Figure 1.4: Histone modification and gene expression regulation.

H3K4me3 (Koch et al., 2007) are known as active marks and are often associated with

gene activation (figure 1.4). Combination of different histone modification marks indi-

cates different chromatin states. Consequently, aberrant histone modifications have been

suggested to be involved in disease pathology by eliciting pathological gene expression

programs (Mirabella et al., 2016).

1.1.6 Applications of RNA-seq and ChIP-seq technology

In recent years, high-throughput RNA sequencing (RNA-seq) has become a powerful tech-

nology for genome wide gene expression profiling, enabling extensively quantification of

differences in gene expression between different conditions including different tissues and

disease states. In combination with RNA-seq, chromatin immunoprecipitation followed

by next generation sequencing (ChIP-seq) has enabled researchers to investigate the rela-

tionships between histone modification marks and the regulation of gene transcription on

a genome-wide scale. Genome-wide mapping of histone modification marks allows one to

systematically catalogue the patterns of histone modifications, which are essential for full

understanding of gene expression regulation at the level of transcription. ChIP-seq offers

higher resolution, less noise, and greater coverage than its array-based predecessor ChIP-

chip. With the decreasing cost of sequencing, ChIP-seq has become an indispensable tool

for studying gene regulation and epigenetic mechanisms.
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1.1.7 Integration of RNA-seq and ChIP-seq data

Computational methods that integrate RNA-seq data and ChIP-seq data of different his-

tone modification marks are highly desirable to gain insights into the epigenetic regulation

of transcription during development and disease progression. There are two important

aspects that have to be considered. One is quantitative matching of RNA-seq and ChIP-

seq data on the gene level, the other one is the choice of effective approach for the specific

integration of high dimensional genomic data analysis.

Quantification of ChIP-seq data still remains a challenge. First, the evaluation of

enriched peaks is difficult due to the lack of ground truth annotation (Nakato and Shi-

rahige, 2017). In addition, many important histone modification marks like H3K9me3

and H3K27me3 do not occur in narrow well-defined peaks, but show broadly diffusing

patterns (Beisel and Paro, 2011; Kouzarides, 2007a) with low signal-to-noise ratios at ef-

fective modification regions. Consequently, many false positives and false negative peaks

are usually generated during peak calling analysis in ChIP-seq data of such histone mod-

ification marks. Another challenge for peak calling is the difficulty of handling the low

reproducibility of peaks across replicates (Chen et al., 2012). Second, a simple fold ra-

tio of the signal for the ChIP sample relative to that of the control sample around the

peak provides important information for quantification, but it is still not adequate. For

example, a fold ratio of 2 estimated from 20 and 10 tags (ChIP/control) has a different

statistical significance from the same ratio estimated from 200 and 100 tags (Park, 2009).

Some studies (Karlić et al., 2010) take the sum of tag counts surrounding transcription

start site (TSS), which needs further normalization by the number of TSSs taken into

consideration for each gene. This strategy fails to capture signals of several modifications

that have greater enrichment in gene bodies, such as H3K36me3 (Barski et al., 2007).

Recent studies prefer “best-bin” strategy (Dong et al., 2012; Singh et al., 2016), which

searches for the bins showing the best correlation between chromatin feature signal and

the expression level. However, the window selection is still a problem to maximize useful

information content and minimize the incorporation of noise (Hoang et al., 2011).

Recently multiple computational models have been proposed to use histone modifica-

tion marks to predict gene expression (Singh et al., 2016; Zeng et al., 2020). However,

such integration analyses only focus on RNA-seq and ChIP-seq in one condition. One im-

portant task in biology is to understand how cellular function changes between different

conditions, for example, different stages of disease progression or different developmen-

tal stages. One usual way of understanding such functional difference is to characterize

differential gene expression. It is even more attractive to combine evidence from both

measurements of gene expression in RNA-seq and evidence from measurements of various

histone modifications in ChIP-seq, which allows assessment of activation or suppression

state of genes. This combination of information from different biological layers gives a

clearer picture of the cellular function than using any one of the data types alone.

We have therefore developed the R package named intePareto that allows such an
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integrative analysis of different types of sequencing data. The intePareto workflow starts

with RNA-seq and ChIP-seq data for two different cell types or conditions. The ChIP-seq

data will in general comprise information of several histone modifications with activat-

ing or repressing function. The end product of intePareto is a list of genes prioritized

according to congruence of changes in gene expression and histone modifications. We

have applied this method to study epigenetic gene regulation mechanisms mediating cell

state transitions from proliferating chondrocytes into hypertrophic chondrocytes during

endochondral ossification with biological meaningful outputs (Wuelling et al., 2020).

1.2 Single cell RNA sequencing technology

1.2.1 Applications of scRNA-seq

In the last decade, breakthroughs in single cell RNA sequencing (scRNA-seq) technologies

have further revolutionized our understanding of biological systems at the finest resolu-

tion – single cell level (Anchang et al., 2016; Sandberg, 2014). Instead of profiling cell

populations, it is now possible to profile transcript abundance of an individual cell, which

provides new opportunities for studying cellular heterogeneity and dynamic processes.

With the decreasing cost and unprecedented opportunities provided by scRNA-seq

technologies, scRNA-seq has become routine in recent biological and medical research, for

example (1) to examine cell-to-cell heterogeneity or cell type diversity in immune cell het-

erogeneity (Papalexi and Satija, 2018), cancer heterogeneity (González-Silva et al., 2020),

and cell classification in neuroscience (Tasic, 2018); (2) to infer the order of cells along

developmental trajectories (Saelens et al., 2019; Trapnell et al., 2014) during development

and differentiation processes; etc.

1.2.2 Lab protocols for scRNA-seq

Single cell RNA sequencing lab protocols can be generally categorized as “full-length” or

“tag-based” protocols. The “full-length” protocols including Smart-seq2 (Picelli et al.,

2014) and Smart-seq3 (Hagemann-Jensen et al., 2020) allow full-length coverage across

transcripts, enabling quantification of isoforms, analysis of alternative splicing or detec-

tion of single nucleotide variants. Tag-based protocols including the widely used 10X

(10X Genomics Chromium, 10X Genomics, Pleasanton, CA) protocols (Zheng et al.,

2017b) only capture either the 5’- or 3’-end of each RNA with the limitations of reduction

in mappability and causing difficulty in quantification of isoforms or detection of single

nucleotide variants. Previously, the main advantage of tag-based protocols is that they

can be combined with UMI (Unique Molecular Identifier) by ligating a random nucleotide

sequence onto each strand of DNA fragment before PCR (polymerase chain reaction) or

IVT (in vitro transcription) amplification (Hagemann-Jensen et al., 2020; Hashimshony

et al., 2016; Kivioja et al., 2012). Sequenced reads with the same UMI can be easily
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identified as duplicates which makes it possible to computationally eliminate the effects

of amplification bias (Islam et al., 2014). This is particularly important for quantifica-

tion where many amplification cycles are required for single cell RNA sequencing with

extremely small quantity of starting materials available in individual cells. However, the

very recently developed Smart-seq3 (Hagemann-Jensen et al., 2020) protocol combines

the advantages of full-length sequencing as well as the combination of UMI, making it a

powerful and promising technology in the future.

1.2.3 Challenges in scRNA-seq data analysis

Imputation or not?

Single cell RNA sequencing brings computational challenges alongside as well due to

the limited amount of material obtained from individual cells for sequencing, leading to

high level of sparsity i.e. large amount of observed zeros in the resulting data which

pose challenges for further downstream data analysis and interpretation. With publicly

available scRNA-seq data from Smart-seq2 protocol and the corresponding bulk RNA-seq

data from the same study (Zheng et al., 2017a), we show that the degree of sparsity or the

proportion of zeros depends on the sequencing depth and the expression level of the gene

(figure 1.5). Very recent research also highlights that sequencing depth explains most

(95%) of the variation in the number of observed zeros per cell with the UMI count data

(Choi et al., 2020). The term of “dropout” is often widely used to denote the observed

high frequency of zeros in scRNA-seq data and usually modeled with zero-inflation models

(Kharchenko et al., 2014; Lopez et al., 2018; Pierson and Yau, 2015). During the last few

years, different imputation methods have been proposed to impute the “dropout” i.e. to

correct the zeros with non-zeros in the data, to predict the expression level of a gene had

there been no “dropout” or zero-inflation (Gong et al., 2018; Huang et al., 2018; Li and

Li, 2018; Van Dijk et al., 2018).

Recent studies (Andrews and Hemberg, 2018; Choi et al., 2020; Hou et al., 2020)

start questioning the practice of imputation, implying imputation can mislead the down-

stream data analysis and interpretation by introducing bias in estimation of gene expres-

sion levels and mask biologically cellar heterogeneity and transcriptional stochasticity. A

benchmark study points out that false signals or irreproducible identification of cell-type

specific markers can be introduced with imputed scRNA-seq data (Andrews and Hem-

berg, 2018). Another benchmark study shows that, in comparison with original data,

imputation doesn’t improve performance in downstream data analyses (Hou et al., 2020).

Even so, the “dropout” problem has not yet been fully examined and understood, further

investigations are needed to better understand the source of zeros before the adoption

and application of imputation tools and zero-inflation models.
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a b

Figure 1.5: Examination of characteristics of observed zeros in scRNA-seq data.
(a) Each dot represents a cell, library size is the sum of all the read counts for each cell,
proportion of zero counts is the proportion of genes with zero counts in a cell. (b) Each dot
represents a gene, x-axis represents the mean of each gene’s expression values measured
in read counts in corresponding bulk samples, y-axis represents the proportion of zero
counts for each gene in the corresponding single cells. Data used here are from GEO
(Gene Expression Omnibus) with accession number GSE98638 (https://www.ncbi.nlm.
nih.gov/geo/query/acc.cgi?acc=GSE98638).

Zero-inflation or not?

Recently, a paper written by Svensson (Svensson, 2020) highlights the potential of pre-

vious misunderstanding of “zero-inflation” phenomenon in scRNA-seq data and points

out that the high throughput droplet-based data are not zero-inflated and can be suf-

ficiently modeled using a negative binomial distribution, whereas plate-based data need

“zero-inflation” to be accurately fitted (Svensson, 2020). One of the possible reasons

he speculated was that uneven sampling of fragments from gene bodies in plate-based

methods introduced additional layer of count noise (Svensson, 2020).

Actually, both droplet-based and plate-based protocols can incorporate UMI (Hagemann-

Jensen et al., 2020; Hashimshony et al., 2016; Kivioja et al., 2012). For these UMI-based

protocols, we usually only use the UMI counts for further analysis. The read counts be-

fore collapsing to UMIs are also available (figure 1.6) for analysis which has always been

ignored in the previous research. Leveraging the fact that one can count reads in data sets

that use UMIs, we show that, in the same data set, the read counts exhibit zero-inflation,

while the UMI counts do not, which is very convincing empirical evidence to point out

that the dichotomy of zero-inflation in scRNA-seq data is between read counts and UMI

counts, and not between droplet-based and plate-based platforms (Cao et al., 2021a).

Development of new methods and protocols for scRNA-seq is currently a very dynamic
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Figure 1.6: Influence of UMI on quantification.

and active area of research. It is very important to emphasize that “zero-inflation” is

not protocol specific, i.e. whether droplet-based or plated-based, but actually depends

on the way we quantify the gene expression values, i.e. measured with UMI counts

or read counts. Plate-based methods can also incorporate UMIs, for example CEL-seq2

(Hashimshony et al., 2016) as well as the most recently developed Smart-seq3 (Hagemann-

Jensen et al., 2020) technology. The reason why we should emphasize this is that the

original article (Svensson, 2020) may mislead further technology development or data

analysis, leading people to have an impression that “zero-inflation” is protocol depended

(Amezquita et al., 2019) or assume there is no “zero-inflation” in droplet-based protocols

(Galfre and Morandin, 2020; Gomes et al., 2019). In fact, the “zero-inflation” in the

read counts data using droplet-based protocols can provide us an excellent opportunity to

examine the characteristics of amplification bias by taking advantage of the read counts

and corresponding UMI counts in the same data set.

1.3 Coronavirus

1.3.1 Coronavirus structure

Coronavirus is a family of enveloped, non-segmented, positive-sense and single-stranded

RNA viruses with a genome of approximately 30 kilobases (Fehr and Perlman, 2015). The

coronavirus genome consists of a 5’ cap and a 3’ poly (A) tail, allowing it to be used as an

mRNA template for the translation of replicase polyproteins. The first two thirds of the

virus genome encodes 16 non-structural proteins (nsps). The remaining third of the virus

genome encodes accessory proteins and four major structural proteins including the spike

(S) protein, envelope (E) protein, membrane (M) protein, and nucleocapsid (N) protein
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(Fehr and Perlman, 2015) (figure 1.7).

a

b

Figure 1.7: Coronavirus. (a) Coronavirus structure. (b) Coronavirus genome structure.

1.3.2 Coronavirus epidemics or pandemics

Over the past two decades, there have already been three epidemics or pandemics caused

by three closely related coronaviruses – SARS-CoV (severe acute respiratory syndrome

coronavirus) (Kuiken et al., 2003), MERS-CoV (Middle East respiratory syndrome coro-

navirus) (Zaki et al., 2012) and SARS-CoV-2 (Wu et al., 2020). Emerging in late 2019,

SARS-CoV-2 still continues to be a major burden on the physical and mental health of

the population, cause direct global economic losses, and make negatively influence on the

stability of the world (Keni et al., 2020; Saladino et al., 2020). SARS-CoV, MERS-CoV or

SARS-CoV-2 infections in severe form emerge as a systemic disease with multiple factors

leading to multi-organ dysfunction with similar symptoms, including fever or feeling fever-

ish/chills, headaches, sore throat, cough, runny or stuffy noise, and shortness of breath,

etc.

Until now, there are no specific effective anti-SARS-CoV, anti-MERS-CoV or anti-

SARS-CoV-2 therapeutics available for human use. SARS-CoV-2 is a new emerging coro-

navirus, however, its similarity to SARS-CoV (Xu et al., 2020) and MERS-CoV suggests

lessons learned from SARS-CoV and MERS-CoV would provide invaluable information

to help understand the pathogenesis of COVID-19, therefore guide the development of

the potential anti-CoV therapeutics. There are several points of attack for potential anti-

SARS-CoV/MERS-CoV/SARS-CoV-2 treatment strategies, two important of which are

intervention on cell entry mechanisms or acting on the host immune systems.
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1.3.3 Virus entry and innate immune response

Virus entry into host cells is the earliest step of the viral life cycle as the virus delivers

the viral genome into the host cell. Virus entry is an important determinant of virus

infectivity and pathogenesis (Belouzard et al., 2012; Lou et al., 2014), and also constitutes

an important antiviral target (Teissier et al., 2011). SARS-CoV-2 uses similar virus entry

mechanism as SARS-CoV (Mahmoud et al., 2020), requiring the S protein of SARS-CoV-

2 to bind to ACE2 (angiotensin converting enzyme 2) through their receptor-binding

domain (RBD) and using TMPRSS2 as an activating protease (Hoffmann et al., 2020)

(figure 1.7).

Innate immune response is an essential component and the first line of the host defense

against invading virus. Drug-like molecules that regulate innate immune responses can

be introduced as promising antiviral option (Lou et al., 2014). The activation of antiviral

innate immune response depends on initiation of specific signaling pathways, including

sensing of molecular structures of the invading virus by several pattern recognition re-

ceptors (PRRs) such as cytoplasmic retinoic acid-inducible gene I (RIG-I) like receptors

(RLRs) and Toll-like receptors (TLRs) (Bowie and Haga, 2005; Loo and Gale Jr, 2011).

The RLRs family functions as cytoplasmic sensors of viral RNA and encompasses three

members identified to date: RIG-I, MDA5 (melanoma differentiation-associated gene 5),

and LGP2 (Laboratory of Genetics and Physiology 2) (Loo and Gale Jr, 2011). The TLRs

family comprises ten members (TLR1-TLR10) in humans and plays a major role in sens-

ing of viral infection (Bowie and Haga, 2005; Kawasaki and Kawai, 2014). These pattern

recognition events trigger several signaling pathways leading to activation of downstream

transcription factors such as interferon regulator factors (IRFs) and nuclear factor κB (NF-

κB). The activation of transcription factors will subsequently stimulate the transcription

of interferons (IFNs). IFNs bind and induce signaling through their corresponding IFN

receptors and subsequently induce transcription of IFN-simulated genes (ISGs) and pro-

inflammatory chemokines to establish an antiviral state to control viral replication and

dissemination (Chiang and Gack, 2017; Park and Iwasaki, 2020) (figure 1.8).

Neutrophils are also increasingly recognized to play an important role in host in-

nate immune responses to virus infections though multiple mechanisms, for example, by

directly recognizing and harboring viruses through multiple receptors on their surface

membrane, or though neutrophil extracellular traps; or by interacting with other immune

cells, secreting cytokines, or modulating the adaptive immune responses to elicit antiviral

responses (Naumenko et al., 2018).

However, the latest studies on virus cell entry routes and cellular innate immune

responses to SARS-CoV-2 have produced contradictory claims. Recently, several clinical

studies have found that SARS-CoV-2 can infect several organs where ACE2 expression

could not be detected in healthy individuals (Hikmet et al., 2020; Ren et al., 2021; Zou

et al., 2020), which is in contrast to the classic ACE2-dependent entry routes. Several

studies on host immune responses point out that robust IFN responses and markedly
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Figure 1.8: Virus entry and innate immune response.

elevated expression of ISGs are observed in SARS-CoV-2 infections of different cells and

in patient samples (Broggi et al., 2020; Ren et al., 2021; Wei et al., 2020; Zhang et al., 2020;

Zhou et al., 2020). In contrast, the study by (Blanco-Melo et al., 2020) states that weak

IFN response and moderate ISG expression are characteristic for SARS-CoV-2 infection.

It becomes imperative to clarify these matters for further therapy development. In the

third part of my thesis, we have performed comprehensive comparative analyses with

RNA-seq data sets of different cells infected with SARS-CoV-2, SARS-CoV and MERS-

CoV, as well as RNA-seq data from COVID-19 patients (Cao et al., 2021b). We have

presented evidence for multiple SARS-CoV-2 entry mechanisms. We have also dissolved

apparent conflicts on cellular innate immune responses to SARS-CoV-2 infection. In

addition, with the help of analysis of RNA-seq data of lung and bronchoalveolar lavage

fluid samples of COVID-19 patients, dynamics of neutrophils and neutrophil extracellular

traps have also been examined in the progression of COVID-19 (Wang et al., 2020). Our

12



results emphasize the complex interactions between host cells and SARS-CoV-2, offering

new insights into the pathogenesis of SARS-CoV-2, and can further inform development

of antiviral drugs.
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Chapter 2

Methods

Computational tools for HT-seq data analysis are written in different computational lan-

guages such as Java, Perl, Python, and R, etc. Most of them are executed in Linux

system, Mac terminal, or other similar environments. In this thesis, all computational

tasks are conducted in Linux systems with a lot of command line tools and R programming

environment with numerous packages.

Most of raw sequencing data are very big and the data processing tasks also require

many computing resources. Therefore, most of the analyses especially the downloading

and preprocessing of the raw sequencing data in this thesis were conducted with the

remote servers. SSH (secure shell) is used to connect to the remote server with the IP

address. Slurm is used to schedule and manage different tasks.

R is the main language used to do most of the downstream analyses after preprocessing

of data on remote server. R is a well-developed programming language. Its strengths lie

in statistical (modeling, statistical tests, ...) computing and the ease in producing of well-

designed high-quality plots. There are numerous R packages in CRAN (https://cran.

r-project.org/) and Bioconductor (https://www.bioconductor.org/) for processing

and analyzing sequencing data with detailed documents and vignettes.

Git was used as version control to keep track of different changes in one project

and to collaborate. Some schematic diagrams used in this thesis were created with

BioRender (https://biorender.com/). The thesis was written in LATEX(https://www.

latex-project.org/).

In the following, I will further illustrate the general data analysis methods and algo-

rithms used in this thesis.

2.1 RNA-seq data analysis

RNA-seq is the application of HT-seq technologies to cDNA molecules obtained from

reverse transcription from RNA in order to get information about the RNA content of a

sample. The basic experimental and analysis procedures include (figure 2.1):

1. mRNA isolation either with polyA+ selection protocol or rRNA depletion protocol
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(Zhao et al., 2018);

2. library preparation which included a number of steps (RNA fragmentation, cDNA

synthesis, adapter ligation, and amplification);

3. sequencing process including single-end or paired-end sequencing, this step generates

millions of reads with associated quality scores as FASTQ files;

4. quantification and differential gene expression analysis.

  

samples of interest

Condition A Condition B

mRNA isolation

polyA+ selection

or rRNA depletion

library preparation

sequencing

raw reads

quantification and
differential expression analysis

visualization and 
biological interpretation

Sample preparation
 and

 sequencing

Computational analysis

Figure 2.1: Overview of RNA-seq data analysis.

2.1.1 Assignment of reads in RNA-seq data

RNA-seq technologies (including bulk and single cell) usually generate millions of reads.

A critical step for quantification of RNA-seq data is the efficient and accurate assignment

of sequencing reads to transcripts that the reads are originated from to further infer gene

expression levels (Bray et al., 2016; Dobin et al., 2013; Kim et al., 2015; Liao et al., 2019;

Patro et al., 2017). The tools used for assignment of reads to transcripts can be generally

categorized as “alignment-based” or “alignment-free”.
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The alignment-based tools rely on accurate base-to-base sequence alignments to a

reference genome or transcriptome. Afterwards, gene expression levels can be estimated

from the alignments at the annotated gene loci (Dobin et al., 2013; Kim et al., 2013,

2015). The benefits of alignment-based methods are that the output alignment files can

also be used to further detect single nucleotide variations or conduct RNA-editing analysis

(Sahraeian et al., 2017). However, they are usually computationally intensive and time

consuming (Kim et al., 2013), regardless of the development of several fast aligners (Dobin

et al., 2013; Kim et al., 2015).

The alignment-free methods avoid the base-to-base alignment. They work by assigning

reads directly to transcripts using k-mer-based counting algorithms enabling fast assign-

ments of reads to pre-indexed reference transcripts (Bray et al., 2016; Patro et al., 2017).

Therefore, alignment-free tools rely on less computational resources and significantly in-

crease the speed of RNA-seq data analysis.

Different assignment strategies can perform differently in quantification of genes, with

the tools using similar strategies are reported to perform more similarly (Sahraeian et al.,

2017; Srivastava et al., 2020; Wu et al., 2018).

2.1.2 Quantification units for RNA-seq data

The output raw counts of reads assigned to each gene (or transcript) can not be directly

compared and should be converted into informative gene expression units. Several dif-

ferent factors may affect the number of read counts assigned to each gene (Oshlack and

Wakefield, 2009; Risso et al., 2011; Robinson and Oshlack, 2010). For instance, the ob-

served raw counts are not directly comparable across different samples because of the

different library sizes (or sequencing depths, the total number of assigned reads) (Robin-

son and Oshlack, 2010) – samples with the larger library size will certainly increase the

observed counts for genes than the samples with smaller library sizes. Thus, a library size

normalization is usually needed to obtain equal library size for all samples through rescal-

ing or resampling the observed counts. After accounting for library size, CPM (counts per

million) or RPM (reads per million) value for each gene or transcript can be calculated:

CPM/RPM =
Number of reads assigned to a gene

Total number of assigned reads
× 106

Another important factor that needs to be taken into consideration is the gene length

(or transcript length) (Oshlack and Wakefield, 2009). In comparison with the shorter

genes or transcripts with the same expression levels, the longer ones usually have more

reads assigned to them. After accounting for library size and gene length (or transcript

length), TPM (transcripts per million) or RPKM/FPKM (reads/fragments per kilobase

per million reads mapped) value for each gene or transcript can be computed (Zhao et al.,

2020):
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TPM =
X∑
(X)
× 106

Where X =
Number of reads assigned to a gene× 103

gene length in base pair

RPKM/FPKM =
Number of reads or fragments assigned to a gene× 103 × 106

Total number of assigned reads× gene length in base pair

By definition, TPM and RPKM/FPKM are both relative measurement units of gene

or transcript expression levels, i.e. they only represent the proportion of reads assigned

to a gene or transcript among a pool of sequenced genes or transcripts in a sample or a

cell, and should be interpreted with caution (Zhao et al., 2020). FPKM and RPKM are

analogous, and FPKM is especially used in paired-end sequencing experiments. TPM is

a slight modification of RPKM and they are closely related (Zhao et al., 2020).

2.1.3 Normalization of count data

Although TPM and RPKM/FPKM are meaningful quantification units, they are not the

input for further differential expression (DE) analysis. The input for different DE analysis

tools is usually a count matrix with genes along the rows and samples along the columns.

The raw counts in the matrix needs normalization to make sure they are adjusted to

account for the factors that prevent direct comparisons, allowing accurate estimation and

detection of DE genes.

The factors that affects the number of read counts assigned to a gene can be can be

divided into two categories: “within-sample” factors and “between-sample” factors. The

“within-sample” factors refer to factors that only influence the comparisons for different

genes within the same sample, like gene length or GC-content (Evans et al., 2018; Oshlack

and Wakefield, 2009; Risso et al., 2011). The “between-sample” factors refer to factors

that affect the comparison of same gene in different samples (Evans et al., 2018). The

“within-sample” factors are usually not taken into consideration for normalization for

DE analysis, since it only concerns the expression difference for the same gene between

different conditions. So, the normalization before DE analysis mostly refers to “between-

sample” normalization (Evans et al., 2018).

Different tools implement different normalization strategies to normalize these counts,

including TMM (Trimmed Mean of M-values) used in edgeR (Robinson and Oshlack,

2010), and median-of-ratios method used in DESeq and DESeq2 (Anders and Huber,

2010; Love et al., 2014).
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2.1.4 Modeling of count data

Poisson distribution

Count data are discrete, non-negative integer values. Count data generated from HT-seq

technology can be modeled with Poisson distribution X ∼ Poisson(λ):

Poisson(x|λ) =
λxe−λ

x!
x = 0, 1, 2, . . . .

The parameter λ is equal to the expected mean of X and also equal to its variance σ2.

The figure 2.2 shows the Poisson probability mass function for different values of λ. We

can see that the width of the distribution increases with the an increase of λ, indicating

the uncertainty in measurement increases with an increase of the value of x.
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Figure 2.2: Poisson distribution.

Although Poisson distribution is often used for statistical modeling for count data, it

only fit if the frequency of counts for a given gene is uniform across different samples or

different cells, and variation from sample-to-sample or cell-to-cell is due to independent

statistical sampling. These assumptions, however, may not fit for high-throughput count

data in bulk or single cell RNA-seq data, which usually have additional unknown biological

variation and other sources of biological or technical stochasticity, i.e. overdispersion

(Anders and Huber, 2010).

Negative binomial distribution

Due to overdispersion discussed above, negative binomial distribution is usually widely

used for bulk RNA-seq count or single cell RNA-seq UMI count data (Anders and Huber,

2010; Chen et al., 2018; Love et al., 2014).

Let’s say X ∼ NegBinomial2(λ, φ):
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NegBinomial2(x|λ, φ) =

(
x+ φ− 1

x

)(
λ

λ+ φ

)x(
φ

λ+ φ

)φ
x = 0, 1, 2, . . . .

This parameterization directly uses a mean parameter λ and dispersion parameter φ

that controls overdispersion relative to the square of the mean:

Var = λ+
λ2

φ
.

The term 1
φ

represents the degree of overdispersion, and λ2

φ
represents the additional

variance to the Poisson distribution. The negative binomial distribution goes closer to a

Poisson distribution with the increasing of φ. (figure 2.3)
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Figure 2.3: Negative binomial distribuion.
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2.1.5 Test for differential expression

After normalization, DE analysis tools will perform statistical test analysis to discover

quantitative changes in expression levels between different biological groups. For example,

a statistical test is conducted to decide whether, for a given gene, an observed difference

in read counts is greater or lower than what would be expected just due to natural random

variation. The likelihood ration test (LRT) and Wald test are two widely used statistical

tests for DE analysis by different tools (Love et al., 2014; Pimentel et al., 2017).

For LRT, two models are estimated for each gene, goodness of fit is then compared

based on the ratio of their likelihoods:

LR = −2 log

(
L(m1)

L(m2)

)
= 2(loglik(m2)− loglik(m1)) .

m1 is the reduced model, i.e. gene expression level unaffected by the treatment. m2

is the full model, i.e. gene expression level affected by the treatment. L(m∗) denotes the

likelihood of the respective model. Because the full model is more complex, it will improve

the goodness of fit. The question is whether the simpler reduced model can explain the

data, and how much better the full model is than the reduced model. LRT compares the

log likelihoods of the two models to test whether the observed difference in model fit is

statistically significant.

The Wald test approximates the LRT, but it only estimates one model per gene and

evaluates the null hypothesis which is logFC = 0. If the test fails to reject the null

hypothesis, it suggests that removing the variables from the model will not substantially

harm the fit of the model.

Wald test allows for comparison between two groups. LRT allows for comparisons of

two groups or more groups, as well as time course analyses. When choosing an appropriate

statistical test method, it is important to consider the experimental design of the data.

Keep in mind that these statistically tests have the multiple testing problem that

are needed to be corrected. Some multiple test correction approaches include Bonferroni

(Dunn, 1961) and FDR/Benjamini-Hochberg (Benjamini and Hochberg, 1995; Chen et al.,

2010).

2.2 ChIP-seq data analysis

2.2.1 Alignment and Visualization

The alignment of the sequenced reads from ChIP-seq can be conducted with tools lile

BWA (Li and Durbin, 2009), Bowtie (Langmead et al., 2009) and Bowtie2 (Langmead

and Salzberg, 2012), etc. The common output file formats are Sequence Alignment Map

(SAM) or its binary version BAM. Duplicated reads should be then marked and removed

based on their alignment locations. A suite of tools developed for analyzing and visualiz-

ing HT-seq data named deepTools (https://deeptools.readthedocs.io/en/develop/)
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can be used to visualize the distribution of the reads and check the quality of the data.

For example, “plotHeatmap” can be used to visualize the distribution of ChIP-seq signals;

“plotFingerprint” can be used to determine how well the ChIP-seq signal is separated from

the background noise in the control sample; “plotCorrelation” can be used to evaluate

the similary between different samples to determine whether different sample types are

well separated, etc.

2.2.2 Peak calling

The peak-calling step can be then conducted to identify the stacks of aligned reads. Some

of the stacks represent the signal of interest, i.e. binding of a transcription or histone

modification. A lot of the stacks of reads are experimental or molecular noise. Peak

calling comprises two main tasks: one is to identify candidate peaks, the other is to

evaluate the significance of enriched peaks. There are a lot of tools available for peak

calling (Thomas et al., 2017), including MACS2 (Zhang et al., 2008), MUSIC (Harmanci

et al., 2014), BCP (Xing et al., 2012), etc. (figure 2.4)

  

ChIP

DNA fragments

Sequencing

raw reads

Read alignment

Peak calling or Quantification

Downstream analysis

genome
exon

genome
exon

Figure 2.4: Overview of ChIP-seq data analysis.
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2.2.3 Quantitative comparison

Besides detection of peaks, quantitative comparison between different groups is also a

very important question. However, quantitative comparison is usually very complicated,

and confounded by intrinsic noisiness and the variability caused by the complex steps in

sample preparation (Steinhauser et al., 2016). Binary comparisons that identify common

or unique peaks is a possible option for quantitative comparison, although some false

positive and false negative peaks are usually obtained.

When the signal/noise ratios in different samples are similar, or proper normalization

is conducted, the quantitative comparison can be conducted with the statistical methods

similar with differential gene expression analysis, for example, the peak-based method

DiffBind (Stark et al., 2011) or window-based method csaw (Lun and Smyth, 2016).

DiffBind (Stark et al., 2011) works with consensus preaksets with start and end positions,

which are derived from other peak callers. The reads in each interval are counted to get a

count matrix. The differential analysis is then conducted by default using DESeq2. The

csaw (Lun and Smyth, 2016) package uses a sliding window approach to count reads across

the genome. Each window is then tested for significant differences using the methods in

edgeR.

2.3 Multi-objective optimization

Optimization involves minimizing or maximizing one or more functions, also called the

objective functions. Optimization problems that have two or more objective functions

to be optimized at the same time are called multi-objective optimization problems. In a

multi-objective problem, the objectives will often be opposite with each other, i.e. when

maximizing two competing objectives, an increase in one objective would cause a decrease

in the other which is known as “tradeoff”. Instead of a single solution, the answer to multi-

objective optimization problems is a set of solutions that define the best tradeoff between

competing objectives.

2.3.1 Dominance

In a single-objective optimization problem, the superiority of a solution over other solu-

tions can be easily determined by direct comparison of their objective function values.

In a multi-objective optimization problem, the goodness of a solution is determined by

the dominance. When solution S1 is strictly better than S2 in at least one objective, and

solution S1 is no worse than S2 in all objectives, then solution S1 dominates S2.

2.3.2 Pareto optimization

Pareto optimization algorithm is one of the solutions to multi-objective optimization

problems, and can be understood as finding a set of Pareto optimal solutions that define
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Figure 2.5: Pareto optimization solutions.

the best trade-offs between different competing objectives. Likewise, the superiority of

a solution over the other can be determined by the Pareto dominance, i.e. a vector for

a feasible solution is said to Pareto dominate another when it can not be improved in

any of the objectives without degrading at least one of the other objectives. The Pareto

dominance allows for comparison of two objective vectors in a precise sense. Pareto front

is defined as the boundary mapped by the set of points representing the set of mutually

non-dominated solutions from Pareto optimization. The first Pareto front is determined

by the points that are not dominated by others. In the same way, the second Pareto front

is determined after removal of the first Pareto front, so on and so forth. In the end, all

the points can be ranked by different Pareto front levels. (figure 2.5).
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Chapter 3

Contributed Articles

3.1 intePareto: an R package for integrative analyses

of RNA-seq and ChIP-seq data

This section is based on the following publication:

Yingying Cao, Simo Kitanovski, and Daniel Hoffmann. intePareto: an R package

for integrative analyses of RNA-seq and ChIP-seq data. BMC Genomics 21, 802

(2020).

https://doi.org/10.1186/s12864-020-07205-6
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intePareto: an R package for integrative
analyses of RNA-Seq and ChIP-Seq data
Yingying Cao* , Simo Kitanovski and Daniel Hoffmann

From The International Conference on Intelligent Biology and Medicine (ICIBM) 2020
Virtual. 9–10 August 2020

Abstract

Background: RNA-Seq, the high-throughput sequencing (HT-Seq) of mRNAs, has become an essential tool for
characterizing gene expression differences between different cell types and conditions. Gene expression is regulated
by several mechanisms, including epigenetically by post-translational histone modifications which can be assessed by
ChIP-Seq (Chromatin Immuno-Precipitation Sequencing). As more and more biological samples are analyzed by the
combination of ChIP-Seq and RNA-Seq, the integrated analysis of the corresponding data sets becomes, theoretically,
a unique option to study gene regulation. However, technically such analyses are still in their infancy.

Results: Here we introduce intePareto, a computational tool for the integrative analysis of RNA-Seq and ChIP-Seq
data. With intePareto we match RNA-Seq and ChIP-Seq data at the level of genes, perform differential expression
analysis between biological conditions, and prioritize genes with consistent changes in RNA-Seq and ChIP-Seq data
using Pareto optimization.

Conclusion: intePareto facilitates comprehensive understanding of high dimensional transcriptomic and epigenomic
data. Its superiority to a naive differential gene expression analysis with RNA-Seq and available integrative approach is
demonstrated by analyzing a public dataset.

Keywords: RNA-Seq, ChIP-Seq, Integrative analysis

Background
With increasing accessibility and application of high-
throughput sequencing (HT-Seq), it has become possible,
in principle, to combine and integrate complex transcrip-
tomic (RNA-Seq, [1]) and epigenomic data as a multi-
omics approach to understand mechanisms of gene reg-
ulation [2]. One of the most important epigenetic regu-
lators of gene expression are histone modifications [3].
Several types of histone modifications can change the
state of the chromatin in different ways and increase or
decrease gene expression.

*Correspondence: yingying.cao@uni-due.de
Bioinformatics and Computational Biophysics, Faculty of Biology and Center
for Medical Biotechnology (ZMB), University of Duisburg-Essen,
Universitätsstr.2, 45141 Essen, Germany

There are many interesting applications of integrative
analysis of RNA-Seq and ChIP-Seq data. For instance, the
consistent co-occurrence of histone modification patterns
and up- or down-regulated gene expression can improve
our understanding of the “histone code” [4]; or, the com-
parison of histone modification states with quantitative
gene expression can lead to the discovery of new enhancer
regions [5]; or, expression and simultaneous occurrence
of different modifications at a gene can reveal gene reg-
ulation dynamics along a developmental trajectory [6].
Separate analyses of RNA-Seq or ChIP-Seq data alone
can not fully explain the complex mechanisms underlying
the regulation of gene expression. Efforts to quantitatively
integrate available RNA-Seq and ChIP-Seq data of his-
tone modifications in various conditions are crucial for

© The Author(s). 2020 Open Access This article is licensed under a Creative Commons Attribution 4.0 International License,
which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate
credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if changes were
made. The images or other third party material in this article are included in the article’s Creative Commons licence, unless
indicated otherwise in a credit line to the material. If material is not included in the article’s Creative Commons licence and your
intended use is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly
from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/. The Creative
Commons Public Domain Dedication waiver (http://creativecommons.org/publicdomain/zero/1.0/) applies to the data made
available in this article, unless otherwise stated in a credit line to the data.
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improving our understanding of the role of epigenetics in
gene regulation.

Several computational methods have been proposed to
use histone modifications for predicting gene expression
[7, 8]. However, these methods generally focus on the
prediction of gene expression with ChIP-Seq data of dif-
ferent histone modifications in one cell type or state. An
important task for quantitative integration of RNA-Seq
and ChIP-Seq data is the identification of genes of impor-
tant biological function that are differentially expressed
and therefore define cell types or states. Integration could
answer questions like these: For which genes do we see
consistent changes in expression and in histone modifi-
cations as we compare different cell types or conditions?
Which genes show increased expression in combination
with acquisition of activating histone modifications, or
decreased expression in combination with more suppres-
sive histone modifications?

Such genes with consistent transcriptomic and epige-
nomic changes are more likely to point to essential func-
tional differences and to play an important role in cell
differentiation or the development of disease.

Although identification of such genes is obviously highly
attractive, and matched data sets of RNA-Seq and ChIP-
Seq are increasingly available, promising technical imple-
mentations are still rare and not readily available [9]. One
reason may be the sheer complexity of the data, consider
e.g. that there are numerous histone marks with simi-
lar but probably not identical function, such as activating
marks H3K4me3, H3K4me1, H3K36me3, H3K27ac, or
repressive marks H3K9me3 and H3K27me3.

There are a few methods developed to detect genes
with congruent changes in RNA-Seq and ChIP-Seq
between two experimental conditions. For example, Klein
et al., 2014 [10] and Schäfer et al., 2017 [11] developed
approaches based on Bayesian inference of mixture mod-
els [10] and hierarchical models and clustering [11]. These
early methods are a great step forward towards integra-
tive analysis, but they still suffer from limitations, e.g. with
respect to the number of genomic variables that may be
analyzed, or because of the danger of losing important
information in the aggregating of data. Further more, their
integration [11] is based on transcript level, from a biolog-
ical perspective, data integration on gene level is easier to
interpret than at the transcript level.

Here we present a quantitative method for the inte-
grative analysis of RNA-Seq and ChIP-Seq data for sev-
eral different histone modifications. We frame integrative
analysis as multi-objective optimization problem that we
solve by Pareto optimization [12]. Multi-objective opti-
mization has significant advantages compared to single-
objective optimization, e.g., in classification, system opti-
mization, and inverse problems [13]. With our new R
package intePareto we provide a first solution of Pareto

optimization to the integration of RNA- and ChIP-Seq
data sets. Specifically, intePareto is a flexible and user-
friendly tool (1) to match these data sets on gene level,
(2) to integrate them in a quantitative fashion, (3) to
examine abundance correlations of histone modifications
and gene expression, and (4) to prioritize genes based on
the consistence of changes between conditions in both
RNA-Seq and ChIP-Seq using Pareto optimization. The
result of the last step is an informative rank-ordered
gene list.

We demonstrate that integration of RNA-Seq data and
ChIP-Seq data by Pareto Optimization outperforms a
clustering method based on Bayesian inference of a hier-
archical model [11], and the analysis of RNA-Seq alone.

Implementation
intePareto is implemented as an R package that provides
an easy-to-use workflow to quantitatively integrate RNA-
Seq and ChIP-Seq data of one or more different histone
modifications. A typical application, as presented here
with 4 RNA-Seq samples and 28 ChIP-Seq samples (case
study in Additional file 1), runs in less than one hour on
a standard personal computer. In this section, we describe
the implementation of intePareto in detail. The pipeline
takes as first input RNA-Seq data, preprocessed by RNA-
Seq quantification software, for instance estimated read
counts from Kallisto [14], or other suitable quantities
[15–17]. Kallisto performs well in terms of speed and
quantification, so we use as input file format the output
format of Kallisto. Other quantification inputs [15–17]
are also accepted if structured in the same input file for-
mat. Second, the pipeline takes ChIP-Seq reads, aligned to
the reference genome with tools like BWA [18], and then
processed further with Samtools [19]. The workflow then
comprises three main steps, 1. “Matching”, 2. “Integration”,
3. “Prioritization” sections (Fig. 1a).

Matching
Our first problem is to link histone modification data with
the corresponding gene expression data. Hence, the first
step is to match quantitative histone modification data
from ChIP-Seq to the biologically corresponding gene
expression data as measured by RNA-Seq, or in other
words: to find the target genes for histone modifications.

This matching of RNA-Seq and ChIP-Seq data is com-
plicated by the fact that one gene usually has multiple
transcripts, and multiple transcript starting sites (TSSs),
which means that there are multiple promoters that can
drive gene expression [20]. Another more challenging task
is that the link between enhancers and genes is much more
difficult to determine. Contrary to promoters that reside
approximately 3 kilobases (kb) upstream from the tran-
scription start site (TSS) of a gene, enhancers are often
found dozens of kb away from the genes they influence.
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Fig. 1 intePareto workflow. a The general pipeline of intePareto. b Heatmap of correlation matrix of RNA-Seq and ChIP-Seq for different histone
marks after genewise matching. The color represents Spearman’s rank correlation across all samples. c Top Pareto fronts

Moreover, enhancers are tissue- and cell type-specific and
highly variable [21–23].

Several methods for predicting target genes for histone
modifications have been published [24–26]. However, the
lack of agreement between them discouraged us to include
them in our pipeline [27].

For ChIP-Seq data of histone modification marks that
are enriched in promoter regions, like H3K4me3 and
H3K27me3, intePareto offers two matching strategies: (1)
highest – choose the promoter with maximum ChIP-Seq
abundance value among all the promoters as a representa-
tive of the ChIP-Seq signal for this gene; (2) weighted.mean
– calculate the abundance weighted mean of all the pro-
moters to represent the ChIP-Seq signal for this gene. In
this study the promoter region was defined as 5 kb stretch
with the TSS at the center; we found that this value safely
included all relevant ChIP-Seq signals. This definition can
be adapted if necessary.

More matching strategies will be offered in future ver-
sions with increasing availability of validated annotated
enhancers and of studies that examine the relationship
between the density of ChIP-Seq and expression level

of RNA-Seq. After the genewise match of RNA-Seq and
ChIP-Seq data, the correlation of RNA-Seq and ChIP-Seq
can be examined for each histone mark (Fig. 1b)

Integration
After the genewise matching of RNA-Seq and ChIP-Seq,
these two data types are integrated by calculation of log
fold changes (FC) between conditions, as implemented in
DESeq2 [28]. For that purpose we propose to use DESeq2
because it works well for both RNA-Seq and ChIP-Seq
data [29]. Another benefit is that apeglm algorithm [30] is
used to shrink the logFC values to zero when the counts
are low, dispersion is high, or the number of biological
replicates is small. To normalize the data for sequencing
depth and RNA composition, the median of ratios method
is implemented [28]. intePareto determines the Z scores
for each gene g and each histone modification type h,
defined as:

Zg,h = logFC(RNA)
g

sd
(

logFC(RNA)
g

) ·
logFC(ChIP)

g,h

sd
(

logFC(ChIP)

g,h

) .
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A combination of gene and histone mark has a high,
positive Z score if between the compared conditions or
cell populations gene expression and histone modification
change strongly and in the same direction, i.e. both up or
both down.

Prioritization
intePareto takes the Z scores for different, user-selected
histone modifications as input, so that for each gene we
have several Z scores.

To this end, we can collect all Z scores in an objective
function, namely the vector of the n Z scores (one for each
histone modification), i.e. (α1Z1, α2Z2, . . . , αnZn), where
αi ∈ {−1, 1}, depending on whether the histone mark is
repressive or activating.

We can then interpret the identification of genes that
show strong and consistent changes across histone marks
as a multi-objective optimization problem, and we solve
this problem by a Pareto optimization algorithm [12, 31].

The result is a ranking of genes in Pareto fronts. Using
marks H3K27me3 and H3K4me3 as an example, genes
in the first Pareto front could minimize Z scores for the
repressive mark H3K27me3, and simultaneously maxi-
mize the Z scores for the activating mark H3K4me3. This
simultaneous optimization is understood in the sense that
genes in the first Pareto front are not dominated by other
genes, i.e. no genes outside the first Pareto front have a
lower H3K27me3 Z score and simultaneously a higher
H3K4me3 Z score. The second Pareto front is determined
in the same way after removal of the first Pareto front, etc.
Fig. 1c shows an example of the resulting rank ordering.
The Additional file 1 gives more details and an example
application of intePareto.

Results
Evaluation of intePareto using publicly available data
RNA-Seq and ChIP-Seq data
We evaluate intePareto based on publicly available RNA-
Seq and ChIP-Seq data from a study of Tet methylcytosine
dioxygenase 2 (Tet2) knockout mouse embryonic stem
cells (mESCs) that are compared to wild type mESCs
[32]. With Tet2 assumed to be involved in the regu-
lation of DNA methylation at enhancers, we expected
to find congruent changes between the epigenomes and
transcriptomes of Tet2 knockout and wildtype mESCs.
For each cell type, the data consists of biologically repli-
cated RNA-Seq data and ChIP-Seq data for histone marks
H3K4me1, H3K4me3, H3K9me3, H3K27ac, H3K27me3
and H3K36me3 (see Additional file 1 for details).

Data processing
The raw RNA-Seq data in FASTQ format was aligned and
quantified with Kallisto (version 0.43.1) [14] against a ref-
erence transcriptome downloaded from the ENSEMBL

database [33]. The outputs of this step are estimated
counts of reads and TPM values for each gene of a given
cell condition. The raw ChIP-Seq data in FASTQ format
was aligned with BWA (0.7.17) [18] also against a refer-
ence genome from ENSEMBL. The resulting files were
sorted and the corresponding index files were built with
Samtools (version 0.1.19) [19].

Analysis with intePareto
We know that the histone marks H3K4me3, H3K27me3,
and H3K9me3 are enriched at gene promoter regions
[34, 35]. Other marks such as H3K4me1 and H3K27ac
are often associated with gene enhancers as well as active
promoter regions, while H3K36me3 is associated with the
gene body [34–36]. To define the epigenetic signal for
marks that are prevalent at gene promoters we counted
the number of ChIP-Seq reads falling into the promoter
region of specific genes. For H3K36me3 we counted the
total number of reads that fall into the genomic body.

Matching of RNA-Seq and ChIP-Seq data was performed
with highest strategy as described in “Implementation”
section (also see Additional file 1). We demonstrate that
our matching strategy captures meaningful epigenetic and
transcriptomic signals, by showing that the gene expres-
sion is positively correlated with the signal of active marks,
and negatively correlated with the signal of repressive
marks (Fig. 2) [37, 38]. The matched data was inte-
grated (doIntegration function), followed by a prioritiza-
tion (doPareto function) based on Pareto optimization.
The optimization task was devised such that it priori-
tizes genes having high positive Z-scores for active his-
tone marks (H3K4me1, H3K4me3, H3K27ac, H3K36me3)
and low negative Z-scores for repressive histone marks
(H3K9me3, H3K27me3). The resulting list of genes were
sorted according to ascending fronts (Additional file 2).

Downstream analysis of the output of intePareto
Gene Ontology (GO) enrichment analysis [39] of the top
genes resulting from Pareto optimization by intePareto
shows (Fig. 3a) that all enriched GO terms are known
functional characteristics of Tet2 according to the data
source [32] and other research. Specifically, Tet2 can influ-
ence the cell differentiation and proliferation of ESCs
through altering of the methylation status of DNA, espe-
cially in neurogenic differentiation [32, 40], and the devel-
opment of the heart [41, 42] and other organs [43].
Figure 3b is the heatmap of the 14 genes in the first
Pareto front. There are distinct patterns between the up-
regulated and down-regulated genes. The clustering den-
drogram at the top of the heatmap hints at the functional
similarity of H3K27me3 and H3K9me3, and the func-
tional similarity of H3K4me1, H3K4me3, H3K27ac, and
H3K36me3. This is in line with previous reports about the
function of these histone marks [37, 38]. It is worth noting
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Fig. 2 Heatmap of correlation matrix. Heatmap shows correlation matrix of all RNA-Seq and ChIP-Seq samples. Sample names marked in red are
RNA-Seq samples. Sample names marked in black are ChIP-Seq samples

Fig. 3 Top genes detected by intePareto. a Top 10 GO terms that are enriched for genes detected by intePareto in the first 5 Pareto fronts. b Genes in
the first Pareto front. The logFoldChange of RNA-Seq (lFC.RNA-Seq) is calculated by DESeq2 in tet2 knockout condition over wild type. The Z score is
calculated by intePareto
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that the gene Eif2s3y, which was recently confirmed as
strongly down-regulated [44] in Tet2 knockdown mESC,
was not significantly down-regulated in RNA-Seq data
alone. However, it popped up in the top two Pareto fronts
of our integrative analysis. This also highlights the benefits
of integrative analysis of both data types, which can reduce
false negatives or false positives from analyses based on a
single sample or data type.

Comparison with existing approach
To evaluate the performance of intePareto, we com-
pared our results to those of an integrative analysis with
a recently published hierarchical Bayesian model-based
clustering approach (“model-based approach”) [11], and
to the analysis of RNA-Seq alone (Additional file 3). As
quality metric for the comparisons, we used the enrich-
ment score of interesting GO terms. For a set of genes
(G; e.g. high-priority genes assigned to Pareto front 1), we
define the enrichment score for GO term i as the fraction
fi = |G∩GOi|/|G|, with GOi the set of all genes annotated
with GO term i.

The GO terms of interest were those confirmed in pre-
vious research such as “neurogenesis” [32, 40], “cardiac
chamber development” [41, 42], “mammary gland for-
mation” [43, 45], and “limb morphogenesis” [46]. Both
our integrative approach and the model-based approach
found that the genes in the top-ranked genes were
enriched in “neurogenesis” (Fig. 4a) and “limb morpho-
genesis” (Fig. 4d). Analysis based on RNA-Seq alone did
not find this enrichment. intePareto also found that the
top-ranked genes are more enriched in “cardiac chamber
development” (Fig. 4b) and “mammary gland formation”
(Fig. 4c) as they should be. These functions were not
identified by RNA-Seq analysis alone or the model-based
approach. An alternative to GO enrichment, that yields
complementary information, is pathway enrichment.

Discussion and conclusions
Integrative methods such as those implemented in
intePareto can collect more evidence from the increas-
ing amount of HT-Seq data of different modalities, such
as RNA-Seq and ChIP-Seq data. This will hopefully allow

Fig. 4 Comparison of intePareto with a model-based clustering approach and analysis of RNA-Seq alone. (a-d) In each of the four panels, the first
point from the left on the red line marks the number of genes (x-axis) in the first two (Since there are only 14 genes in the first Pareto front shown in
Fig. 3b) Pareto fronts together with the enrichment score (y-axis) of the respective GO term in that Pareto front. Accordingly, the second point refers
to the genes in the first three Pareto fronts, etc. Assume that the first i Pareto fronts comprise a total ni genes, then the corresponding point on the
black line takes the first ni genes, ranked by q-value obtained from the differential gene expression analysis based on RNA-Seq data alone. Note that
the red line from the intePareto analysis always lies above the black line, indicating a stronger enrichment of the relevant GO terms in the integrated
data compared to RNA-Seq data alone. The blue triangles mark the corresponding values of the existing integrative analysis method
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deeper insight into molecular mechanisms underlying
processes like cell differentiation or disease progression.
The approach chosen here can be generalized to fur-
ther HT-Seq data types, e.g. from DNA methylation or
chromatin accessibility.

Another use of intePareto lies in quality control. Specif-
ically, the correlation matrix (Fig. 2) that is generated in
the analysis procedure can be used to check ChIP-Seq data
quality, which is still not straightforward [47–49]. Such
quality checks prior to detailed data analysis and inter-
pretation can avoid errors caused by low-quality ChIP-seq
data, and point to possible reasons of failure.

As mentioned above, our approach can be extended in
several directions. For instance, improvements are possi-
ble if the relationship between distal (even transchromos-
mal) regulatory elements like enhancers, and their target
genes are clarified.

However, it is also true that our approach has inher-
ent limitations. Gene regulation is of such a complexity
[50–52] that it probably cannot be completely mapped on
a simple approach as that proposed here. We would have
to jointly consider the multitude of effects of chromatin
remodelers [53, 54], transcription factor co-occupancy
[55, 56], different combination of histone modification
marks [4, 57], DNA methylation [58], and even RNA
modifications [59, 60], which are laborious to capture
and profile simultaneously [61]. Nevertheless, we think
that a robust, easy-to-use approach such as intePareto
that exploits subsets of these genomic modalities is a
valuable addition to the toolbox of basic and applied
genomics.

Availability and requirements
Project name: intePareto
Project home package: https://cran.r-project.org/web/
packages/intePareto
https://github.com/yingstat/intePareto (development ver-
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Programming language: R (≥3.6.0)
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Supplementary for intePareto: An R package for
integrative analysis of RNA-Seq and ChIP-Seq data

Yingying Cao, Simo Kitanovski, Daniel Hoffmann

A frequent question in biology is: How do the functions of different cell types differ? E.g. we may be interested
in what the effect of a mutation or gene knockout is in terms of functional differences between wild type and
mutant/knockout, or how cellular function changes between two developmental stages of a cell type. One way
of understanding such functional difference is to characterize them at the level of differences in repertoires in
active genes or suppressed genes. The characterization of differential gene expression is helpful in this respect,
but even more expressive is the combination of evidence from different experiments, namely measurements
of gene expression (RNA-Seq) and measurements of various histone modifications (ChIP-Seq) that allow
assessment of activation or suppression state of genes. In our experience, this combination of information
gives a clearer picture of the cellular function at the molecular level than using any of the information types
alone.

We have therefore developed the R package intePareto that allows such a combination of different types of
sequencing data. The intePareto workflow starts with RNA-Seq and ChIP-Seq data for two different cell
types or conditions. The ChIP-Seq data will in general comprise information on several histone modifications
with activating or repressing function. The end product of intePareto is a list of genes prioritized according
to congruence of changes of gene expression and histone modifications.

In the following we demonstrate the technical workflow with the published dataset GSE48519 where a Tet2
knockout cell line is compared to the wild type [4]. The raw data were downloaded from Gene Expression
Omnibus. This set contains 4 RNA-Seq samples, 31 ChIP-Seq samples with histone modification mark of
H3K4me1, H3K4me3, H3K9me3, H3K27ac, H3K27me3, H3K36me3 and control for Tet2 knockout and wild
type mouse embryonic stem cells (mESCs) separately.

Preprocessing of RNA-Seq data and ChIP-Seq data

The quality of the fastq data was examined with FastQC [1]. The RNA-Seq data was then preprocessed by
Kallisto [2], and ChIP-Seq data was preprocessed by BWA [5], Samtools [6]. The meta data below gives an
overview of the preprocessed files that are the input files for intePareto.
library(intePareto)

rna_meta

## SRR condition files
## 1 SRR925874 wild.type ./data/tet2/kallisto/outputSRR925874/abundance.tsv
## 2 SRR925875 wild.type ./data/tet2/kallisto/outputSRR925875/abundance.tsv
## 5 SRR925878 tet2.out ./data/tet2/kallisto/outputSRR925878/abundance.tsv
## 6 SRR925879 tet2.out ./data/tet2/kallisto/outputSRR925879/abundance.tsv
chip_meta[1:2,]

## SRR mark condition files
## 1 SRR925639 H3K4me1 wild.type ./data/tet2/output/SRR925639_sorted.bam
## 2 SRR925640 H3K4me3 wild.type ./data/tet2/output/SRR925640_sorted.bam
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1. match: Match RNA-Seq and ChIP-Seq data on the gene level

Take the meta data of the preprocessed RNA-Seq and ChIP-Seq data as input. The first step of intePareto is
to match the RNA-Seq data and ChIP-Seq data on the gene level. There are two strategies available now to
do the matching step: (1) highest - choose the maximum promoter abundance value among all the promoters
as a representative of the ChIP-Seq signal for this gene. (2) weighted.mean - calculate the weighted mean of
the abundance value of all the promoters to represent the ChIP-Seq signal for this gene. Here we choose
“highest”:
library(intePareto)
chip_meta_noH3K36me3 <- chip_meta[!chip_meta$mark%in%"H3K36me3",]
res.1 <- doMatch(rnaMeta = rna_meta, # metadata of RNA-Seq

chipMeta = chip_meta_noH3K36me3, # metadata or ChIP-Seq
region = "promoter", # specify the region
method = "highest", # specify the strategy to do the match
ensemblDataset = "mmusculus_gene_ensembl"
# specify the dataset of corresponing species

)
chip_meta_H3K36me3 <- chip_meta[chip_meta$mark%in%"H3K36me3",]

res.2 <- doMatch(rnaMeta = rna_meta, # metadata of RNA-Seq
chipMeta = chip_meta_H3K36me3, # metadata or ChIP-Seq
method = "highest", # we don't need this parameter if we choose
# genebody, but it doesn't matter if we choose
region = "genebody", # specify the region
ensemblDataset = "mmusculus_gene_ensembl"
# specify the dataset of corresponing species

)
res.1$matched.data <- merge(res.1$matched.data,

res.2$matched.data)
res.1$res.chip <- merge(res.1$res.chip,

res.2$res.chip)
res <- res.1

Figure 1 shows the correlation matrix, the color represents the value of correlation coefficients of Spearman’s
rank correlation of all samples. From this figure we can see that RNA-Seq (wild.type_REP1, wild.type_REP2,
tet2.out_REP1, tet2.out_REP2) positively correlate with active histone modification markers (H3K4me3,
H3K27ac, H3K4me1, and H3K36me3), and negatively correlate with repressive histone modification markers
(H3K27me3 and H3K9me3). This can confirm our match strategy works well for the match of RNA-Seq and
ChIP-Seq data on the gene level.

2



H3K4me3_HM_wild.type_REP1
H3K4me3_HM_wild.type_REP2
H3K4me3_HM_tet2.out_REP1
H3K4me3_HM_tet2.out_REP2
wild.type_REP1
wild.type_REP2
tet2.out_REP1
tet2.out_REP2
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Figure 1: Correlation of RNA-Seq and ChIP-Seq
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2. integration: Integrate RNA-Seq and ChIP-Seq data by calculating logFoldChange and Z
scores

After the match of RNA-Seq and ChIP-Seq at the gene level, the integration of these two types of data is
conducted through the doIntegration function by calculating logFoldChange of RNA-Seq and ChIP-Seq and
then calculate Z scores for each marker. The input of the function is a list result from doMatch function.
df_final <- doIntegration(res = res, # result list from "doMatch" function

type = "apeglm", # shrinkage estimator, default is "apeglm"
ref = "wild.type", # specifying the reference level
apeAdapt = FALSE)

The result of the second step from doIntegration function contains the logFoldChange of RNA-Seq and
ChIP-Seq as well as the Z score of each mark for each gene (shown as the table below).

Table 1: integration results

z.H3K9me3 z.none z.H3K27me3 z.H3K27ac z.H3K4me3 z.H3K4me1 z.H3K36me3
0610009B22Rik 1.5096313 -0.4556445 1.1294972 -0.0600427 0.1922781 -0.3990826 0.1116033
0610010F05Rik 0.0727513 -0.3159894 0.1848376 1.2379816 -0.3030021 0.1750952 -0.1077852
0610010K14Rik 0.2818030 0.5665779 0.3684958 0.1205920 0.0840617 0.0560468 0.0950096
0610012G03Rik -0.0402419 -0.0577281 -0.0344298 0.0053385 0.0248794 0.0119307 -0.0709771
0610030E20Rik -0.2843424 -0.0069848 -0.0345165 0.5311879 -0.1859840 -0.0157660 -0.1489075
0610040J01Rik 0.0263985 -0.6136573 0.0738724 1.2450397 0.0459432 -0.0293661 0.3395275
1110002E22Rik -0.1117175 -0.6161363 0.3220724 -0.0374538 0.0682505 -0.4427649 0.4736603
1110004F10Rik -0.0075126 0.0382641 -0.0531325 -0.0302648 0.0218445 0.0215032 0.0285630
1110008P14Rik 0.5878211 0.1613085 -0.0158789 -0.0216326 -0.1131650 0.1088885 0.2975963
1110012L19Rik -0.7605611 -0.2186961 -0.4329753 -0.3474599 -0.1035559 -0.2430795 0.3229549
1110017D15Rik -0.5635032 -0.0215326 0.1116994 -0.2396299 0.2999805 0.4402020 -0.2901453
1110032A03Rik -0.0308223 1.3990756 -0.3721691 0.5582615 -0.7094221 -0.9638899 0.4072242
1110032F04Rik -0.0619083 0.2234994 -0.0579622 0.1148733 0.0706187 0.1086061 0.1350982
1110051M20Rik 0.0778253 -0.0865843 -0.2830442 -0.1500254 0.1005083 -0.2821450 0.0665700
1110059E24Rik -0.0749205 -0.1335756 0.0250346 0.2520036 -0.1724477 -0.2854025 -0.1534097
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3. prioritization: prioritization of genes based on Z scores with Pareto optimization

Take the Z scores of several different histone modifications as input, the prioritization of genes based on
Z scores can be formulated as multiobjective optimization problem and solved with Pareto optimization
[8]. The aim of Pareto optimization method is to find the Pareto optimal trade-off (Pareto front) between
conflicting objectives (such as minimizing Z score of H3K27me3 and maximizing z-score of H3K4me3 for
each gene). The results of Pareto optimization method is a rank-ordering of the genes by the level of the
congruent changes in RNA-Seq and ChIP-Seq (shown as table below).
nr.fronts <- 50 # choose a large number to include all the fronts
objective <- data.frame(mark = c("z.H3K27ac", "z.H3K4me3", "z.H3K4me1",

"z.H3K36me3", "z.H3K9me3", "z.H3K27me3"),
obj=c("max","max","max","max","min","min"),
stringsAsFactors=FALSE)

res_final <- doPareto(df_final = df_final,
objective = objective,
nr.fronts = nr.fronts)

Table 2: prioritization results

z.H3K9me3 z.none z.H3K27me3 z.H3K27ac z.H3K4me3 z.H3K4me1 z.H3K36me3 front
Atp6v0c-ps2 16.589667 3.2706193 -20.013204 -1.725424 11.8417083 -0.5113998 10.440533 1
Catsperg1 -8.061640 -1.5505929 1.034593 10.164148 12.7109471 0.8538197 12.002940 1
Fam110c 7.090283 4.5737313 -3.192932 38.702950 7.4691643 4.8392381 12.702844 1
Grb14 -3.354402 2.4001542 -14.829860 27.547845 10.8787232 4.9987109 15.616601 1
Khdc1a -9.654657 -5.3475747 3.041933 17.776863 11.8376748 20.2619271 14.673243 1
Metrn -8.142343 -6.7852712 -5.716880 -10.044830 8.9894024 11.5985664 12.760880 1
Olfr94 -5.706979 0.4598344 -36.221443 99.403578 21.5264205 20.2764413 1.578383 1
Olig1 -6.158681 11.2312845 -20.694139 34.781308 20.0243582 8.6956798 4.906146 1
Pramef17 5.581220 8.4221983 -6.412906 11.671704 6.1742990 21.5723380 21.153664 1
Trav5-2 -8.224873 2.4279795 -3.729377 23.326949 -0.1153585 13.0210337 18.820450 1
Trim34b -10.368544 -0.9556500 -14.980885 5.767722 3.5631355 -11.3481747 -6.496720 1
Tspo2 -3.858320 -5.9325064 -4.143173 13.234274 30.3344625 12.5968673 38.445580 1
Ttll11 -3.243813 0.0535220 1.956712 98.616938 7.3652294 7.1142097 18.991588 1
Ubd -26.955101 8.3544039 -12.420790 73.875377 115.7006521 42.1527121 11.752621 1
Zfp786 -6.054174 2.8041174 -0.747937 6.618457 3.1202473 7.2548820 5.319367 2
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Figure 2: Compare intePareto with another approach and RNAseq alone

Compare our integrative results with other approach and RNA-Seq alone

To evaluate the performance of our method we did the integrative analysis with a recent published the
hierarchical Bayesian model-based clustering approach (model-based approach ) [9] and analysis of RNA-Seq
alone, a functional quality metric, enrichment score of interesting terms for each data set is used to do
comparison research between our integrative approach, the model-based approach and the analysis of RNA-Seq
data alone. The enrichment score is defined as N(Gi ∩ Gr) | N(Gr), in which Gi stands for the genes in the
interesting GO terms, Gr stands for the genes in the result of analysis.

Both our integrative approach and the model-based approach found that the genes in the final result or the top
rank gene (intePareto) enriched in “limb morphogenesis” GO term [Figure 2], which is consist with results in
a recently published research [7]. Our approach also found genes in the top-ranked list enriched in “mammary
gland formation” which is discussed in this review [3]. This result will be hidden when RNA-Seq data alone
was analyzed or the model-based approach was used. When compared to the model-based approach[9], our
method outperformed it by having comparable results at the top genes and offering more informative results
by providing the rank-ordered list of the remaining genes.
sessionInfo()

## R version 3.6.1 (2019-07-05)
## Platform: x86_64-pc-linux-gnu (64-bit)
## Running under: Ubuntu 16.04.6 LTS
##
## Matrix products: default
## BLAS: /usr/lib/libblas/libblas.so.3.6.0
## LAPACK: /usr/lib/lapack/liblapack.so.3.6.0
##
## locale:
## [1] LC_CTYPE=en_US.UTF-8 LC_NUMERIC=C
## [3] LC_TIME=de_DE.UTF-8 LC_COLLATE=en_US.UTF-8
## [5] LC_MONETARY=de_DE.UTF-8 LC_MESSAGES=en_US.UTF-8
## [7] LC_PAPER=de_DE.UTF-8 LC_NAME=C
## [9] LC_ADDRESS=C LC_TELEPHONE=C
## [11] LC_MEASUREMENT=de_DE.UTF-8 LC_IDENTIFICATION=C
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##
## attached base packages:
## [1] grid stats graphics grDevices utils datasets methods
## [8] base
##
## other attached packages:
## [1] knitr_1.24 circlize_0.4.8 ComplexHeatmap_2.0.0
## [4] intePareto_0.1.1 apeglm_1.6.0
##
## loaded via a namespace (and not attached):
## [1] bitops_1.0-6 matrixStats_0.55.0
## [3] bit64_0.9-7 httr_1.4.1
## [5] RColorBrewer_1.1-2 progress_1.2.2
## [7] GenomeInfoDb_1.20.0 numDeriv_2016.8-1.1
## [9] tools_3.6.1 backports_1.1.4
## [11] R6_2.4.0 rpart_4.1-15
## [13] Hmisc_4.2-0 DBI_1.1.0
## [15] lazyeval_0.2.2 BiocGenerics_0.30.0
## [17] colorspace_1.4-1 GetoptLong_0.1.7
## [19] nnet_7.3-12 prettyunits_1.0.2
## [21] tidyselect_1.0.0 gridExtra_2.3
## [23] DESeq2_1.24.0 bit_1.1-14
## [25] compiler_3.6.1 Biobase_2.44.0
## [27] htmlTable_1.13.1 DelayedArray_0.10.0
## [29] scales_1.0.0 checkmate_1.9.4
## [31] genefilter_1.66.0 stringr_1.4.0
## [33] digest_0.6.20 Rsamtools_2.0.0
## [35] foreign_0.8-72 rmarkdown_1.15
## [37] XVector_0.24.0 base64enc_0.1-3
## [39] pkgconfig_2.0.2 htmltools_0.3.6
## [41] highr_0.8 bbmle_1.0.20
## [43] GlobalOptions_0.1.0 htmlwidgets_1.3
## [45] rlang_0.4.5 rstudioapi_0.10
## [47] RSQLite_2.1.2 rPref_1.3
## [49] shape_1.4.4 BiocParallel_1.18.1
## [51] acepack_1.4.1 dplyr_0.8.3
## [53] RCurl_1.95-4.12 magrittr_1.5
## [55] GenomeInfoDbData_1.2.1 Formula_1.2-3
## [57] Matrix_1.2-17 Rcpp_1.0.2
## [59] munsell_0.5.0 S4Vectors_0.22.1
## [61] stringi_1.4.3 yaml_2.2.0
## [63] MASS_7.3-51.4 SummarizedExperiment_1.14.1
## [65] zlibbioc_1.30.0 plyr_1.8.4
## [67] blob_1.2.0 parallel_3.6.1
## [69] crayon_1.3.4 lattice_0.20-38
## [71] Biostrings_2.52.0 splines_3.6.1
## [73] annotate_1.62.0 hms_0.5.1
## [75] locfit_1.5-9.1 pillar_1.4.2
## [77] igraph_1.2.4.1 GenomicRanges_1.36.0
## [79] rjson_0.2.20 geneplotter_1.62.0
## [81] biomaRt_2.40.5 stats4_3.6.1
## [83] XML_3.98-1.20 glue_1.3.1
## [85] evaluate_0.14 latticeExtra_0.6-28
## [87] data.table_1.12.2 RcppParallel_4.4.3
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## [89] png_0.1-7 vctrs_0.2.4
## [91] gtable_0.3.0 purrr_0.3.2
## [93] clue_0.3-57 assertthat_0.2.1
## [95] ggplot2_3.2.1 emdbook_1.3.11
## [97] xfun_0.9 xtable_1.8-4
## [99] coda_0.19-3 survival_2.44-1.1
## [101] tibble_2.1.3 GenomicAlignments_1.20.1
## [103] AnnotationDbi_1.46.1 memoise_1.1.0
## [105] IRanges_2.18.3 cluster_2.1.0
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3.2 UMI or not UMI, that is the question for scRNA-

seq zero-inflation

This section is based on the following publication:

Yingying Cao, Simo Kitanovski, Ralf Küppers, and Daniel Hoffmann. UMI or not

UMI, that is the question for scRNA-seq zero-inflation. Nature Biotechnology

(2021): 1-2. Publisher - Springer Nature.
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In your February 2020 issue, Svensson1 addressed the problem of 
zero-inflation in single-cell RNA-sequencing (scRNA-seq) data—
that is, the observation that more genes in more cells than expected 
appear to have zero expression. Using examples, the Correspondence 
demonstrates that droplet-based methods that make use of unique 
molecular identifier (UMI)2,3 counts to quantify gene expression are 
adequately modeled with negative binomial distributions without 
zero-inflation. We agree with this, and we also share the concern 
that there is confusion about the validity of zero-inflation and the 
necessity of computational methods to eliminate it.

Even so, we find Svensson’s subsequent discussion of plate-based 
scRNA-seq methods misleading because a reader not deeply 
immersed in the subject may be tempted to draw the conclusion 
that zero-inflation is a matter of the technical platform; specifically, 
that droplet-based scRNA-seq data are not zero-inflated, whereas 
plate-based scRNA-seq data are zero-inflated. Such a conclusion 
would be misguided and potentially could damage prospects for 
important technological developments and applications in the 
highly dynamic scRNA-seq field. We therefore felt the need for a 
clarifying response.

UMI or not UMI, that is the question for 
scRNA-seq zero-inflation
Yingying Cao1, Simo Kitanovski   1, Ralf Küppers   2 and Daniel Hoffmann   1 ✉

arising from V. Svensson Nature Biotechnology https://doi.org/10.1038/s41587-019-0379-5 (2020)
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Fig. 1 | A comparison of the effect of UMI use and the sequencing platform on zero-inflation. a–d, Read counts for plate-based cell expression by linear 
amplification and sequencing 2 (CEL–seq2; a) and droplet-based Drop-seq (b) versus UMI counts for CEL–seq2 (c) and Drop-seq (d) on a sample of 
heterogeneous cells (peripheral blood monocytes; PBMCs)4. In the left-hand plot of each panel, the solid curve is a least-squares fit (var = µ + φµ2, valid 
for a negative binomial distribution with mean μ and dispersion φ, as in the Correspondence1) used to determine φ. Dashed lines are diagonals with 
intercept = 0 and slope = 1. In the right-hand plot of each panel, the solid curve is the predicted fraction of zeros with that φ. The density of the actual 
scRNA-seq data is represented from low (light gray) to high (black). The data are clearly zero-inflated for both plate-based and droplet-based scRNA-seq 
with read count quantification (a,b), whereas for UMI count quantification zero-inflation is suppressed for both plate-based and droplet-based 
scRNA-seq (c,d).
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Our response can be stated crisply as follows: what matters 
most for zero-inflation with current scRNA-seq is not the techni-
cal platform (droplet versus plate), but whether gene expression 
is measured in terms of UMI counts or read counts—suppressed 
zero-inflation with UMIs, stronger zero-inflation with read counts. 
For UMI count experiments, we typically have the raw read counts 
as well, so this point can be made by direct comparison within 
the same experiment. Figure 1 shows exemplary cases from pub-
lished data4 for all four combinations of plate-based (Fig. 1a,c) and 
droplet-based (Fig. 1b,d) scRNA-seq, with read counts (Fig. 1a,b) 
and UMI counts (Fig. 1c,d), demonstrating that even for hetero-
geneous samples not the platform but the use of UMIs makes the 
difference for zero-inflation. Supplementary Table 1 shows this for 
more datasets in a form similar to Table 1 of the Correspondence1.

The point that we are making here has been made already by 
others for data across technical platforms5 and also specifically for 
droplet-based data6, but it has apparently not received the necessary 
attention. Curiously, the Correspondence1 itself mentions possible 
reasons for zero-inflation, including that the use of UMI counts 
deflates amplification bias, although the Correspondence1 ignores 
that the use of UMI counts is not limited to droplet-based methods7. 
The main reason for suppressed zero-inflation with UMI counts is 
likely that UMI counts collapse multiple reads from the same origi-
nal RNA molecule to a single read, thus also collapsing for many 
weakly expressed genes the gap between zero and non-zero expres-
sion that had been artificially widened by amplification. After this 
collapsing, the non-zero-inflated negative binomial is again the 
appropriate distribution.

Although measuring UMI counts is a good way to avoid 
zero-inflation problems, UMI counting is not a panacea. For 
instance, if accurate mapping of reads or detection of isoforms is a 

major objective of an scRNA-seq study, a tag-based protocol with 
UMIs could be less useful than a full-length sequencing protocol 
without UMIs.
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“UMI or not UMI, that is the question for

scRNAseq zero-inflation”

Yingying Caoa, Simo Kitanovskia, Ralf Küppersb, Daniel Hoffmanna

Table 1. Overview of analyzed data sets 1

Data Method Cells Genes Measurements percentage of genes over x percentage points away from expected fraction
1 percentage point 5 percentage points 10 percentage points 20 percentage points

Cortex

10xChromium 5720 23313 reads 72.17% 59.31% 52.78% 43.95%
UMIs 9.62% 2.69% 1.25% 0.24%

DroNc-seq 3087 22864 reads 72.07% 57.72% 49.07% 36.09%
UMIs 15.82% 1.89% 0.50% 0.06%

Sci-RNA-seq 5792 23493 reads 74.05% 59.61% 51.80% 41.49%
UMIs 8.19% 1.60% 0.37% 0.08%

PBMC

Seq-Well 5676 22978 reads 54.24% 37.97% 28.26% 15.51%
UMIs 5.17% 1.58% 0.91% 0.54%

Drop-seq 11052 25015 reads 57.97% 44.28% 38.06% 29.96%
UMIs 7.88% 0.52% 0.18% 0.05%

inDrops 11350 21514 reads 63.53% 50.24% 43.25% 32.57%
UMIs 3.29% 0.67% 0.21% 0.06%

CEL-Seq2 560 22730 reads 86.03% 75.22% 69.34% 61.77%
UMIs 17.70% 2.26% 0.73% 0.17%

10xChromiumv3 4027 22499 reads 62.61% 48.07% 41.13% 31.68%
UMIs 13.01% 3.26% 1.28% 0.45%

10xChromiumv2 11768 24968 reads 57.83% 44.52% 37.94% 29.11%
UMIs 5.03% 1.18% 0.44% 0.18%

Table shows results for data sets 1 for heterogeneous cells from cortex (top) and
PMBCs (bottom), including scRNAseq method, cells and genes analyzed, and per-
centage of genes over x = 1, 5, 10, 20 percentage points away from expected fraction
for a negative binomial model without zero-inflation. Percentages are reported for
both read counts and UMI counts. 10xChromium: Chromium Single Cell 3’ Reagent;
DroNc-seq: single nucleus RNA-seqwithDrop-seq; Sci-RNA-seq: single-cell combina-
torial-indexing RNA-seq; Seq-Well; Drop-seq: Droplet-Sequencing; inDrops: index-
ing droplets; CEL-seq2: improved version of CEL-seq; 10xChromiumv3 / v2: Chromi-
um Single Cell 3’ Reagent (version 3 / version 2, respectively).
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Computational Biophysics, University of Duisburg-Essen, Essen, Germany, 3 Institute of Virology, University Hospital of Essen,
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Hubei Province, Wuhan, China, 5 Radiology Department, The Fifth People’s Hospital of Wuxi, Jiangnan University, Wuxi,

China, 6Department of Infectious Diseases, The Fifth People’s Hospital of Wuxi, Jiangnan University, Wuxi, China

Background: Cases of excessive neutrophil counts in the blood in severe coronavirus

disease (COVID-19) patients have drawn significant attention. Neutrophil infiltration

was also noted on the pathological findings from autopsies. It is urgent to clarify the

pathogenesis of neutrophils leading to severe pneumonia in COVID-19.

Methods: A retrospective analysis was performed on 55 COVID-19 patients classified as

mild (n= 22), moderate (n= 25), and severe (n= 8) according to the Guidelines released

by the National Health Commission of China. Trends relating leukocyte counts and

lungs examined by chest CT scan were quantified by Bayesian inference. Transcriptional

signatures of host immune cells of four COVID19 patients were analyzed by RNA

sequencing of lung specimens and BALF.

Results: Neutrophilia occurred in 6 of 8 severe patients at 7–19 days after symptom

onset, coinciding with lesion progression. Increasing neutrophil counts paralleled lesion

CT values (slope: 0.8 and 0.3–1.2), reflecting neutrophilia-induced lung injury in severe

patients. Transcriptome analysis revealed that neutrophil activation was correlated with

17 neutrophil extracellular trap (NET)-associated genes in COVID-19 patients, which

was related to innate immunity and interacted with T/NK/B cells, as supported by a

protein–protein interaction network analysis.

Conclusion: Excessive neutrophils and associated NETs could explain the

pathogenesis of lung injury in COVID-19 pneumonia.

Keywords: coronavirus, COVID-19, neutrophil extracellular trap, pneumonia, neutrophilia, lymphopenia

INTRODUCTION

As of early May 2020, more than 3 million cases of coronavirus disease 2019 (COVID-19) have
been confirmed worldwide, resulting in hundreds of thousands of deaths (1). According to the
Guidelines of the Diagnosis and Treatment of New Coronavirus Pneumonia (version 7) published
by the National Health Commission of China, COVID-19 patients can be classified as mild,
moderate, and severe cases. Severe patients easily develop acute respiratory distress syndrome
(ARDS) or multiple organ failure, with a 4–15% death rate (2, 3)

It is not well-understood what drives the exacerbated host response involving a cytokine
storm in severe COVID-19 (4). Specifically, it is unclear what initiates and propagates the
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cytokine storm. Neutrophil infiltration was noted in three
recent reports on the pathological findings from autopsied
COVID-19 patients (5–7). Neutrophil infiltration in pulmonary
capillaries, acute capillaritis with fibrin deposition, extravasation
of neutrophils into the alveolar space, and neutrophilic mucositis
were observed. Similarly, increased neutrophil counts were
reported to occur simultaneously in the peripheral blood of
severe and non-surviving COVID-19 patients (3, 8). Neutrophilia
predicts poor outcomes in patients with COVID-19, and our
previous research also indicated the neutrophil-to-lymphocyte
ratio (NLR) is an independent risk factor for severe disease (8, 9).

Recently, two serum markers of neutrophil extracellular traps
(NETs), myeloperoxidase (MPO)-DNA, and citrullinated histone
H3 (Cit-H3) levels were found to be elevated in the serum
of COVID-19 patients (10). This suggested that neutrophilia
and excessive NETs may contribute to cytokine release and
respiratory failure. As a contributor to pathological inflammation
of pneumonia, excessive neutrophils lead to tissue injury by
oxidative burst, phagocytosis, and the formation of neutrophil
NETs, known as NETosis. NETs are composed of extracellular
webs of DNA, histones, microbicidal proteins, and oxidative
enzymes that are released by neutrophils to corral infections (11–
15). The ability of NETs to damage tissues is well-documented
in infection and sterile disease. NETs directly kill epithelial
and endothelial cells (16, 17), and excessive NETosis damages
the epithelium in pulmonary fungal infection (18) and the
endothelium in transfusion-related acute lung injury (19).

In the present study, first, the dynamics of neutrophil
counts in COVID-19 patients (n = 23) during hospitalization
were examined, together with the corresponding lung injury,
to clinically define the relationship between lung injury and
leukocyte counts. Second, transcriptional signatures of host
immune cells from COVID-19 patients (n = 4) were analyzed
by RNA sequencing of lung specimens or bronchoalveolar
lavage fluids (BALF). Immune cell frequency was analyzed by
MCPcouter. We used average expression of genes enriched
in neutrophil degranulation and activation to screen highly
correlated genes and further identified NET associated genes in
the correlated gene list to construct an interactive network from
the STRING database.

METHODS

Participants and Study Design
The study was approved by the Ethics Committee of the Fifth
People’s Hospital, Wuxi (No. 2020-006-1). The 55 confirmed
COVID-19 patients were enrolled in this retrospective study
from January 23 to March 15, 2020. Written informed consent
was obtained from all patients from the Fifth People’s Hospital,
Wuxi, China.

The clinical handling of COVID-19 patients was performed
according to the Guidelines of the Diagnosis and Treatment
of New Coronavirus Pneumonia (version 7) published by the
National Health Commission of China. Mild, moderate, and
severe cases were defined by the following conditions: (1)
epidemiological history, (2) fever or other respiratory symptoms,
(3) frequency of typical CT image abnormalities of viral

pneumonia, and (4) positive RT-PCR result for SARS-CoV-2
RNA. In addition, mild cases were diagnosed if no typical CT
image abnormality of viral pneumonia (#3 above) was seen and
severe patients also met at least one of the following conditions:
(1) shortness of breath, respiratory rate (RR) ≥30 times/min, (2)
oxygen saturation (resting state) ≤93%, or (3) PaO2/FiO2 ≤300
mm Hg.

Data Collection
All medical records including epidemiological, demographic,
clinical manifestation, laboratory data, radiological
characteristics, treatment, and outcome data were reviewed
and collected. Laboratory confirmation of SARS-CoV-2 infection
was performed by real-time RT-PCR (Bojie Ltd, 119 Shanghai,
China) according to Chinese CDC approval. Five sets of RNA-
seq data from BALF of two COVID-19 patients were acquired
from BIG Data Center (accession number CRA002390), and
corresponding data of three healthy controls were from the NCBI
SRA database (accession numbers SRR10571724, SRR10571730,
and SRR10571732). Four RNA-seq data from lung specimens of
two COVID-19 patients and two healthy controls were acquired
from the GEO database (accession numbers GSM4462416,
GSM4462415, GSM4462414, and GSM4462413).

Chest CT Protocols
All images were obtained on the CT system (SomatomDefinition
AS+, Siemens Healthineers, Germany) with patients in supine
position. The main scanning parameters were as follows: tube
voltage = 120 kV, automatic tube current modulation (about 95
mAs), pitch = 1.2mm, slice thickness = 7mm, field of view =

350mm × 350mm. All images were then reconstructed with a
slice thickness of 0.6mm with the same increment.

Image Analysis
Two professional radiologists (Y.M.Y. and X.M.L.), who were
blinded to the laboratory test data, reported chest CT features and
assessed the CT features by consensus. The lesion CT values were
assessed using the Skyview pacs system. The region-of-interest
was selectedmanually marking the area of highest intensity (most
restricted area) of the lesion in CT images.

RNA-Seq Library Sequencing and Analysis
Kallisto was used to pseudoalign the RNA-seq reads and perform
bootstrap analysis using an index based on the ENSEMBL
GRCh38 Homo sapiens release 99 transcriptomes (20). Gene
expression levels were then calculated as transcripts per million
(TPM). Sleuth (version 0.30.0) (21) was used to perform
differential gene expression (DEGs) analysis with the Wald test.
Benjamini-Hochberg-adjusted false discovery rate (q < 0.1) was
used to correct for multiple comparisons.

To compare lung and BALF samples of COVID-19 patients
with healthy controls, differentially expressed genes were
exhibited in a scaled heatmap using pheatmap (22).MCP-counter
was used to characterize immune cell subpopulations (23).
The MCP-counter scores obtained from the three underlying
transcriptome platforms (Affymetrix Human Genome U133 Plus
2.0, Affymetrix 133A, and Illumina HiSeq) were used to estimate
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the expression of each cell population. Functional enrichment
analysis of the 29 upregulated marker genes of neutrophils was
conducted with Metascape (http://metascape.org/) (24). Gene set
enrichment analysis (GSEA) was performed in pre-ranked list
mode with 1,000 permutations and weighted enrichment statistic
(25). The gene interaction was analyzed by STRING (26). Gene
interaction networks were visualized with eXamine (27).

Statistical Analyzes
Quantitative parameters are described as the median value
followed by the inter-quartile range (IQR) in parentheses.
Principal component analysis was performed with R package
“FactoMineR” to identify those clinical parameters that
contribute most to distinguishing severe, moderate, and mild
cases of COVID-19 (28). Figures were produced with R package
“ggplot2” (29). Logistic regression was conducted with R package
“rstanarm” (30) to identify associations of laboratory parameters
with severity of cases.

Severe cases were typed as severe and others (moderate and
mild cases) as non-severe. The generalized linear model was
then used to calculate coefficients (mean value with 5%, 95%
confidence interval) of all parameters for severe. Finally, we
used the function of exp [exp(x) = ex] for coefficients. The
results were an odd’s ratio (mean, 5–95% credible interval).
Receiver operating characteristic curves (ROC) were calculated
by R package “pROC.” The area under the ROC curve (AUC)
and cut-off values of selected parameters were used to distinguish
mild and severe cases (31). Numerical Bayesian linear regression
was carried out with Stan using Hamiltonian Monte Carlo
(Supplemental Materials; Supplementary Figure 1) (32).

RESULTS

Characteristics of COVID-19 Patients
Fifty-five confirmed COVID-19 patients were hospitalized in
The Fifth People’s Hospital of Wuxi from Jan 23 to Mar 15,
2020. The median age of patients was 45 years (IQR 25–61),
and 27 (49%) were male. Based on the previously described
guidelines, 22 (40%), 25 (45%), and 8 (15%) of the 55 COVID-
19 patients were classified as mild, moderate, and severe cases,
respectively. There were five patients with diabetes (9%), 13 with
hypertension (24%), eight with surgical history (15%), and two
with co-infections (4%). The most common symptoms at onset
were fever in 28 cases (51%), sputum production in 13 cases
(24%), cough in 22 cases (40%), and fatigue in 17 cases (31%)
(Table 1).

The clinical handling and relevant time-points of 33 patients
including eight severe and 25 moderate cases are shown in
Figure 1. The median time from the date of onset of symptoms
to hospital admission, lymphopenia, ARDS, and neutrophilia was
3, 7, 8, and 9 d, respectively. Lymphopenia occurred in seven
of eight severe patients and 11 of 25 moderate cases within 7
d, ARDS occurred in all eight severe patients within 8 d, and
neutrophilia occurred in six of eight severe patients and one of
25 moderate cases within 9 d (Figure 1).

The laboratory test of each patient on the day of hospital
admission showed that the median neutrophil count in severe

TABLE 1 | Demographic and clinical characteristics of 55 COVID-19 patients.

Variable Value

Age (year) 45.0 (25.0–61.0)

Gender—no./(%)

Male 27 (49.1)

Female 28 (50.9)

Clinical diagnosis—no./(%)

Severe 8

Moderate 25

Mild 22

Initial symptoms—no./(%)

Fever (>38◦C) 28 (50.9)

Sputum production 13 (23.6)

Headache 5 (9.1)

Chill 7 (12.7)

Shivering 2 (3.6)

Nausea or vomiting 1 (1.8)

Diarrhea 13 (23.6)

Fatigue 17 (30.9)

Cough 22 (40)

Pharyngalgia 2 (3.6)

Rhinorrhea 6 (10.9)

Chest pain 1 (1.8)

Shortness of breath 5 (9.1)

Chest tightness 9 (16.4)

Chronic disease—no./(%)

Diabetes 5 (9.1)

Hypertension 13 (23.6)

Thyroid disease 2 (3.6)

Malignant tumor 2 (3.6)

Gastritis 2 (3.6)

Coronary artery disease 1 (1.8)

Surgical history 8 (14.5)

Co-infection—no./(%)

Initial 0

Progressive 2 (3.6)

COVID-19 patients (3.4, IQR: 1.8–6.7) was higher than in
the moderate (3.0, 2.4–3.6) and mild (2.9, 2.3–3.5) groups. In
contrast, lymphocyte and monocyte counts in severe COVID-
19 patients were lower than in the other two groups (Table 2).
By logistic regression, the following ORs for effects on having
a severe case were obtained: neutrophil counts (1.5, 95% CI:
1.0–2.1), ratio of neutrophil to lymphocyte (NLR; 1.2, 95% CI:
1.1–1.4), C-reactive protein (CRP; log-scaled; 2.6, 95% CI: 1.6–
4.7), Fibrinogen (FIB, 2.6, 95% CI: 1.5–4.9), and thrombin time
(TT, 2.5, 95% CI: 1.4–5.0). These findings suggest that higher
neutrophil counts, the NLR, and CRP, FIB, and TT levels as
potential prognostic factors. The ORs of lymphocyte (0.28, 95%
CI: 0.08–0.85) and monocyte (0.02, 95% CI: 0.00–1.16) counts
suggest an association of lower lymphocyte and monocyte counts
with severe pneumonia.
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FIGURE 1 | Clinical courses of the study patients. The time lines showed the

days of hospital admission, lymphopenia, acute respiratory distress syndrome,

neutrophilia, and discharge from symptom onset for each case. The median

time from onset of symptoms to hospital admission and discharge was 3, 22

days, respectively. Among the 33 patients (black), eight cases were severe

cases (red). A total of 18 cases exhibited lymphopenia within 7 days, including

seven severe patients. All eight patients presented with acute respiratory

distress syndrome within 8 days. Seven cases presented with neutrophilia,

including six severe cases within 9 days.

Principal Component Analysis and
Dynamic Monitoring of Laboratory
Parameters
Principal component analysis was performed to visualize the
contribution of all mentioned clinical parameters on disease
severity (Figure 2A). Nine variables contributed most strongly.
Among them, higher CRP, FIB, neutrophil count, and NLR, and
lower lymphocyte count were associated with increased disease
severity. These parameters may therefore be used for prognosis.
To assess the diagnostic value of the top two contributors,
CRP and lymphocytes, the AUC and cut-off values from the
ROC curves were calculated for the severe and mild cases,
respectively (Supplementary Figure 2B). The cut-off values for
severe patients were CRP (26.1) and lymphocytes (1.0), and for
mild patients the values were CRP (2.2) and lymphocytes (1.4)
(see dashed lines in Figure 2B).

Next, dynamic changes of neutrophil, lymphocyte, and
monocyte counts in the peripheral blood of COVID-19 patients
were monitored (Figure 2C). Dramatically increased neutrophil
counts were found in severe COVID-19 patients in comparison
to the other two groups. In contrast, lymphocyte counts persisted
at lower values in severe COVID-19 patients. Monocyte counts
were lower in severe cases, although the monocyte count
fluctuated over a wide range. Timing of the occurrence of
maximum neutrophil, minimum lymphocyte, and minimum
monocyte counts, and the corresponding counts in COVID-19
patients, during hospitalization are shown in Figure 2D. From
day 7 to day 9 after symptom onset, neutrophil counts erupted
(>7.7 × 109/L) and peaked in six of eight severe COVID-
19 patients. In contrast, only one moderate (1/26) COVID-19
patient was found with neutrophilia. Lymphopenia occurred
in seven of eight severe patients but only in four mild (4/22)
COVID-19 patients. Monopenia (<1 × 108/L) was found in

three moderate (3/25) and four severe (4/8) COVID-19 patients.
Overall, monitoring blood cell parameters revealed neutrophilia
as a characteristic of severe COVID-19 patients.

Bayesian Linear Regression of CT Values
and Changing Neutrophil and Lymphocyte
Counts
Neutrophilia and lymphopenia obviously occurred in severe
COVID-19 patients during hospitalization. Here was a case of
severe patient. The CRP level remained low when neutrophilia
occurred, and the D-dimer levels increased after neutrophilia.
Series of chest CT images exhibited enlarged patches and ground-
glass nodules in the sub-pleura area of both lungs during
neutrophilia. Interestingly, all observed lesions were reduced
or gradually absorbed along with the return of neutrophils to
normal levels after neutrophilia (Figures 3A,B). The CT value
of lesions, reflecting lung lesions, was further demonstrated to
have the same trend with neutrophils but the opposite trend with
lymphocytes (Figure 3C).

To estimate the overall correlation of CT value with
neutrophil and lymphocyte counts across patients with a visual
inspection of possible trends, linear models were fitted to
summarize the dependency of z-values of CT value (CTz, see
Supplementary Information) of neutrophil and lymphocyte
counts. Thus, Bayesian linear regression was used to quantify
the observed trends of CTz values as a function of parameters
mentioned above. For log-transformed neutrophil counts, a slope
for the moderate cases of 0.3 [−0.3, 0.9] (0.05 and 0.95 quantiles
in square brackets) was obtained, i.e., with a slope that could
be flat. For the severe cases, the mean slope was 0.8 [0.3, 1.2],
i.e., clearly positive. Thus, no clear trend for moderate cases
was visible, whereas an increase in CTz value with neutrophil
counts was significantly correlated for severe cases. For CTz as
a function of lymphocyte counts, the slope was −0.1 [−0.4, 0.6]
for moderate cases and −0.3 [−0.5, 0.0] for the severe cases,
supporting the trends in Figure 3D. Overall, the results showed
that the CTz value has no average trend with changing neutrophil
and lymphocyte counts for moderate cases (green). However,
for the severe cases (red), there are clear trends for CTz value
with changing cell counts; specifically, CTz value increased for
increasing neutrophil counts, whereas CTz value decreased for
increasing lymphocyte counts (Figure 3D).

Immune Cell Transcriptional Signatures of
the Lung and BALF in COVID-19 Patients
Immune cell transcriptional signatures were established
from RNA-seq data of BALF and lung specimens of
COVID-19 patients and healthy controls. Marker genes of
neutrophils, T cells, monocytes, and B cells were identified from
Microenvironment Cell Populations-counter (MCP-counter).
Their representation in the RNA-seq data were exhibited using
a scaled heatmap by comparing both lung and BALF samples of
COVID-19 patients to healthy controls (Figure 4A).

The results revealed that 112 marker genes represented
four immune populations: neutrophils (46 genes), T cells (13
genes), monocytes (10 genes), and B cells (43 genes). For lung
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TABLE 2 | Laboratory parameters of mild, moderate, and severe COVID-19 cases.

Baseline variables Reference

range

Severe cases

(n = 8)

Moderate cases

(n = 25)

Mild cases

(n = 22)

*Odds ratio for

severe (95% CI)

Age (year) 59 (50–73) 45 (30–60) 39.5

(22.3–52)

1.07

(1.02–1.12)

Female (%) 3 (37.5) 11 (44) 14

(64)

1.90

(0.57–7.34)

Blood routine

White blood cell

(×109/L)

3.5–9.5 5.4

(3.4–7.6)

4.8

(4.1–5.7)

5.3

(4.7–6.8)

1.23

(0.86–1.78)

Neutrophil (×109/L) 1.8–6.3 3.4

(1.8–6.7)

3.0

(2.4–3.6)

2.9

(2.3–3.4)

1.47

(1.05–2.14)

Lymphocyte

(×109/L)

1.1–3.2 1.0

(0.7–1.6)

1.3

(0.9–1.5)

1.9

(1.1–2.8)

0.28

(0.08–0.85)

Monocyte (×109/L) 0.1–0.6 0.4

(0.2–0.6)

0.5

(0.4–0.6)

0.5

(0.4–0.6)

0.02

(0.00–1.16)

Platelet (×109/L) 125.0–350.0 154.0

(121.0–182.8)

191.0

(156.5–213.5)

194.5

(163.8–214.5)

0.98

(0.97–1.01)

PDW (CV %) 15.5–18.1 15.4 (11.4–16.6) 14.2

(13.7–15.9)

12.8

(11.1–14.0)

1.12

(0.83–1.50)

Red blood cell

(×1012/L)

4.30–5.80 4.3

(4.0–4.9)

4.8

(4.1–5.0)

4.4

(4.0–4.7)

0.48

(0.15–1.50)

RDW (CV %) 11.5–14.9 12.9

(12.1–13.9)

12.4

(11.7–13.6)

11.9

(11.6–12.3)

1.91

(1.19–3.41)

Ratio of neutrophils

to lymphocytes

2.4

(1.4–16.2)

2.3

(1.7–2.9)

1.8

(0.9–2.8)

1.21

(1.06–1.42)

Ratio of monocytes

to lymphocytes

0.3

(0.3–0.8)

0.4

(0.2–0.5)

0.3

(0.2–0.4)

2.86

(0.28–27.0)

C-reactive protein

(mg/L)

0.0–10.0 41.1

(13.8–139.9)

6.2

(1.1–12.7)

2.1

(0.5–17.7)

2.64

(1.64–4.65)

Biochemical indicators

ALT (U/L) 4.0–44.0 17.0

(14.0–60.0)

19.0

(16.0–35.3)

26.0

(14.0–43.3)

1.02

(0.99–1.04)

AST (U/L) 8.0–38.0 28.0

(23.0–49.0)

23.5

(20.8–31.3)

24.5

(19.0–31.0)

1.04

(0.99–1.09)

Total bilirubin

(µmol/L)

2.0–21.0 7.0

(3.0–12.0)

5.0

(2.8–9.0)

6.5

(4.8–10.3)

1.01

(0.87–1.16)

Direct bilirubin

(µmol/L)

2.0–7.0 0.1

(0.1–1.0)

0.1

(0.1–1.8)

0.1

(0–1.4)

0.99

(0.67–1.37)

Serum total protein

(g/L)

67.0–83.0 68.0

(65.0–75.0)

69.5

(65.0–73.3)

69.0

(65.0–71.3)

0.98

(0.87–1.16)

Serum albumin (g/L) 35.0–50.0 39.0

(34.0–43.0)

43.5

(38.8–47.3)

41.5

(38.8–45.0)

0.85

(0.73–1.00)

Creatine kinase (U/L) 0.0–171.0 101.0

(54.0–151.0)

69.0

(53.8–106.8)

68.0

(46.8–102.0)

1.000

(0.99–1.01)

Creatine kinase MB

(U/L)

0.0–12.0 11.0

(10.0–13.0)

10.0

(9.0–12.5)

10.0

(7.8–14.8)

0.97

(0.79–1.17)

Blood urea nitrogen

(mmol/L)

3.1–8.0 5.9

(3.3–10.1)

4.2

(3.5–4.9)

4.0

(3.0–4.6)

1.60

(1.18–2.31)

Serum creatinine

(µmol/L)

53.0–97.0 64.0

(38.0–88.0)

54.5

(43.5–64.5)

48.5 (39.3–58.5) 1.04

(1.01–1.08)

Serum potassium

(mmol/L)

3.8–5.0 3.8

(3.2–4.2)

4.1

(3.8–4.2)

4.0

(3.9–5.0)

0.24

(0.06–0.79)

Serum sodium

(mmol/L)

136.0–149.0 140.0

(13.9.0–141.0)

142.0

(141.0–143.0)

142.0

(140.0–143.0)

0.59

(0.38–0.89)

Serum chlorine

(mmol/L)

98.0–106.0 105.0

(103.0–106.0)

104.0

(102.8–106.0)

105.0

(103.0–106.0)

0.72

(0.95–1.25)

(Continued)
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TABLE 2 | Continued

Baseline variables Reference

range

Severe cases

(n = 8)

Moderate cases

(n = 25)

Mild cases

(n = 22)

*Odds ratio for

severe (95% CI)

Blood coagulation function

D-dimer (mg/L) 0.0–0.5 0.6

(0.3–1.2)

0.3

(0.2–0.6)

0.3

(0.2–0.5)

1.314

(0.579–2.986)

PT (s) 11.5–15.5 13.2

(12.2–13.4)

13.2

(12.9–13.6)

13.2

(13.2–13.5)

0.22

(0.05–0.90)

APTT (s) 26.0–40.0 37.5

(35.5–42.3)

38.2

(36.3–42.9)

41.3

(37.6–44.3)

0.93

(0.79–1.09)

Fibrinogen (g/L) 2.0–4.0 4.9

(4.4–5.9)

3.6

(2.9–4.8)

3.6

(2.7–4.1)

2.61

(1.52–4.87)

TT (s) 14.0–21.0 17.1

(16.2–18.2)

16.2

(15.8–16.8)

16.2

(15.9–17.4)

2.46

(1.35–4.97)

Blood gas analysis

PaCO2 (mm Hg) 35.0–48.0 42.5

(39.3–44.0)

43.0

(40.5–47.0)

42.0

(40.3–45.0)

0.92

(0.76–1.09)

PaO2 (mm Hg) 83.0–108.0 83.0

(64.5–00.5)

106.0

(93.5–134.0)

103.5

(93.3–124.3)

0.95

(0.91–0.98)

PaO2/FiO2 (mm Hg) 400.0–500.0 395.2

(300.0–478.6)

504.8

(445.2–632.6)

461.9

(395.6–591.7)

0.99

(0.98–1.00)

Lactic acid (mmol/L) 0.5–2.2 1.9 (1.3–3.4) 1.6

(1.3–1.9)

1.7

(1.1–2.3)

2.44

(1.07–5.93)

*The Odd Ratio of log normalization.

tissue, the most up-regulated marker genes were enriched in
neutrophils, second in monocytes, and only a small proportion
were enriched in B cells. Marker genes of T cells were almost all
lowly expressed. For BALF, the most upregulated marker genes
were similarly enriched in neutrophils, but more up-regulated
genes in monocytes and B cells were observed in COVID-19
patients compared to healthy controls, which is different from the
lung samples.

Functional enrichment analysis of the 27 upregulated marker
genes of neutrophils were further conducted withMetascape. The
enrichment analysis revealed that five gene sets with lowest q-
value were related to neutrophil degranulation and activation
(Figure 4B) and there were 15 marker genes involved. Then, we
calculated the average expression of these genes as an evaluating
score for neutrophil activation (NAS).

To further assess the abundance of infiltrating immune cells
of the lung and BALF in COVID-19 patients, the MCP-counter
score was used to quantify the absolute abundance of immune cell
subpopulations. Notably, the neutrophil scores were higher and T
cell scores were lower in lung samples of COVID-19 patients. The
higher abundance of cytotoxic T lymphocytes contributed for cell
injury, not for anti-virus. Due to the marker genes for cytotoxic
T lymphocytes was KLRC1 (Killer Cell Lectin Like Receptor
C1). For the BALF samples, the score of neutrophils, cytotoxic
lymphocytes, B cells, monocytes, and dendritic cells were found
to be higher in one of the COVID-19 patients compared to the
three healthy controls (Figure 4C).

Neutrophil Activation Related Genes
Enrichment Analysis
To explore the outcome of neutrophil activation in COVID-19,
we further analyzed the correlation of NAS with 1,363 DEGs that

overlapped in both the lung and BALF samples. The spearman
correlation was used separately for COVID-19 patients and
healthy controls. Then, the R value for every single gene was
acquired for COVID-19 patients (R1) and healthy cases (R2).
All DEGs were ranked based on 1R (R1-R2). The “R value” of
the top 84 genes (R1 > 0) in the two groups are displayed in
Figure 5A. Of these 84 genes, 16 genes were NETs associated
genes (Figure 5B; Table 3) (33–46) Of the 16 genes, LGALS9,
HCK, LCP1, CEACAM1 were involved in the cytokine-mediated
signaling pathway. S100A8, LGALS9, and CTSC were involved in
regulation of apoptotic signal by enrichment annotation from the
Metascape tool (Figure 5B; Table 3) (33–46).

To further investigate the role of NETs in COVID-19, we

generated a gene set termed “NET-associated genes” based on

genes coding for proteins enriched in NETs released from human

neutrophils with mass spectrometry (Supplementary Table 1).
Pre-ranked GSEA by 1R resulted in significant enriched

gene sets of “NET-associated genes” (Enrichment Score =

0.80) and “Regulation of inflammatory response” (Enrichment
Score= 0.72) (Figure 5C).

NETs Associated Genes From RNA-Seq
Data in COVID-19 Patients
As known, the formation of NETs could induce direct lung
injury (17). There were 16 NETs associated genes related
with neutrophils activation in COVID-19 patients. To further
illustrate the interaction between these NETs associated genes
with other neutrophils activation related genes, we constructed
a protein-to-protein interaction network from the STRING
database (Figure 6). We found that the NETs interacted with
STAT1 induced Interferon stimulated genes by IL2RG, implying
that NETs associated genes may be triggered by IFN signaling.
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FIGURE 2 | Principal component analysis of laboratory parameters and dynamic monitoring of blood cells in the peripheral blood of COVID-19 patients. (A) Principal

component analysis to identify variables for distinguishing the disease severity of COVID-19 patients. The nine variables that contributed mostly to distinguishing the

disease severity were white blood cell counts (WBC), neutrophil counts, neutrophil-to-lymphocyte ratio (NLR), C-reactive protein (CRP), FIB, ALT, Total Bilirubin (TB),

Direct Bilirubin (DB), and lymphocyte counts. (B) CRP levels and lymphocyte counts in 55 cases with the cut-off values CRP = 26.1 and lymphocyte = 1.0 for eight

severe cases (brown) and the cut-off values CRP = 4.3 and lymphocyte = 1.4 for 22 mild cases (green). (C) The dynamic change of neutrophil, lymphocyte and

monocyte counts over time in COVID-19 patients in mild (cyan), moderate (blue), and severe (red) groups, circled dots: mean value; colored background area: IQR

(interval quartile range). The (D) Time points of maximum neutrophil, minimum lymphocyte, and minimum monocyte counts, and the corresponding counts in mild

(cyan), moderate (blue), and severe (red) COVID-19 patients during hospitalization.

Besides, NETs in turn may activate B cells via TNFSF13B and
inhibit the function of T and NK cells via LGAS9 and CEACAM1,
which are negative regulators for T and NK cells. LGAS9 is a
possible promoter of protein-arginine deiminase type 4 (PAD4).
PAD4, a key NETs associated gene, lies downstream of ROS and
promotes chromatin decondensation (47, 48). Of note, we also
observed ROS related genes including HCK, RAC2, and NCF2
among NETs associated genes (Figure 6).

To annotate the function of NETs associated genes, they
were categorized as metabolic enzymes (RAC2, NCF2), structural
proteins (LCP1), anti-microbial related (TREM1), peroxisomal
(SH3BGRL3), and others (C1QC, LGALS9, SERPINA1, C1QB,

CCL7, CCL8, CEACAM1,HCK, andCXCL16) (Table 3). Thus, we
speculate that NETs may be activated by innate immunity such
as IFN signaling, in COVID-19 patients. NETs may negatively
regulate the immune function of T cells and NK cells via LGAS9
and CEACAM1, respectively, leading to insufficient anti-viral
immunity and injuring the lung tissue directly.

DISCUSSION

In this study, a set of laboratory test parameters and the
corresponding chest CT images of 55 COVID-19 patients
were collected during hospitalization. Among these variables,
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FIGURE 3 | Kinetics of laboratory parameters and serial chest CT images of severe COVID-19 patient with the development of neutrophilia. (A) Normal chest CT with

axial planes at indicated time point. (B) The dynamics of neutrophil counts (blue line), lymphocyte counts (red line) with log2 scaling, and CRP (gray line) and D-dimer

(cyan line) levels at indicated time point. (C) CT value of lesions and its correlation with log2 scaled neutrophil and lymphocyte counts at indicated time point. (D)

Least-square fits of linear models to summarize the z-values of CT values as a function of log-transformed neutrophil counts for 23 patients. Points are pairs of CTz

values (z-values of individual CT measurements) and log-neutrophil counts, colored according to severity of COVID-19. Colored lines are the corresponding

least-square fits to the data form each severity group. Gray areas are 95% confidence intervals.
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FIGURE 4 | Transcriptome analysis of the lung and BALF in COVID-19 patient. (A) Marker genes from Microenvironment Cell Populations-counter (MCP-counter)

were used to identify of Neutrophils, T cells, Monocytes, and B cells in both Lung and BALF samples of COVID-19 patients and healthy controls, respectively. The

RNA-seq data TPM are shown in a scaled heatmap. (B) Circle plots for functional enrichment analysis of 29 marker genes of Neutrophils. (C) The absolute abundance

of immune cell subpopulations as scores in COVID-19 patients and healthy cases.

excessive neutrophils were associated with disease severity, as
shown by principal component analysis. Bayesian inference
across patients quantified that the increased trend of pneumonia
lung injury, as represented by CT values, was in accord with
the increased trend in neutrophil counts. Transcriptome analysis

of lung specimens and BALF from COVID-19 patients also
indicated the most up-regulated marker genes were neutrophil
related. Importantly, many neutrophil activation genes were
categorized as NET-associated genes. These genes were further
assessed to interact with T and NK cells via negative regulatory
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FIGURE 5 | Gene enrichment analysis of neutrophil activation related genes. (A) The 15 annotated genes of neutrophils activation were calculated the average

expression of every single samples as neutrophils activation score, and the correlation of the score with overlapped 1,363 differently expressed genes both in

COVID-19 and Healthy control were analyzed. The selected 84 genes were ranked based on 1R (R1-R2, R1 from COVID-19 patients, R2 from healthy control). (B)

Functional enrichment analysis of these 84 genes, of which 16 genes were NETs associated genes. (C) Nets associated genes set (Enrichment Score, 0.80) and the

GO term of regulation of inflammatory (Enrichment Score, 0.72) by GSEA with DEGs from pre-ranked by 1R.
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molecules in COVID-19 patients leading to insufficient anti-viral
response and lung injury (Figure 6).

Our previous study also found an increased neutrophil-to-
lymphocyte ratio in the most severe disease cases (9). Recently,
neutrophil infiltration was also noted in the lung tissue of
autopsied COVID-19 patients (5–7). Since neutrophilia predicts
poor outcomes in patients with COVID-19 (8), we propose that
the change in neutrophil counts in peripheral blood or tissues
may be closely associated with pathological injury in COVID-19
patients. We demonstrated here that the dynamics of neutrophil
counts in COVID-19 patients during hospitalization exhibited
the same trend as the corresponding lung injury.

TABLE 3 | Annotation of Nets associated genes.

Function Gene name References

Metabolic enzymes RAC2; NCF2 (33, 34)

Structural proteins LCP1 (35)

An-microbial related proteins TREM1; S100A8;

C1QB; C1QC

(35–37)

Peroxisomal enzyme SH3BGRL3 (38)

Not classified LGALS9; SERPINA1;

CEACAM1; HCK;

CXCL16; CLEC4E;

CTSC; SIGLEC14

(39–46)

NETs, as confirmed contributors to pathological inflammation
of pneumonia, can damage tissues by killing epithelial and
endothelial cells (16, 17) of pulmonary tissue in infection and
sterile disease. Recently, two elevated NETs markers have been
observed in serum from COVID-19 patients, which suggests
that neutrophilia and excessive NETs may contribute to cytokine
release and respiratory failure in COVID19 patients (10).
However, evidence is still lacking regarding NETosis in lungs.
We analyzed the differentially expressed genes in lung tissue
and BALF samples from COVID-19 patient in comparison to
healthy controls. Among all up-regulated genes in neutrophil
modules in COVID-19 patients, we found 17 genes derived from
the neutrophil activation pathway were NETs associated genes.
Thus, NETs may be activated in the lung of COVID-19 patients.
It is also poorly understood how NETosis induces the cytokine
storm or modulates the host immune response. Our STRING
analysis suggests that NETs associated genes could interact with
T, NK, and B cells through regulation of LGALS9, CEACAM1,
and TNFSF13B expressions, respectively. We suspect that the
progression of lesions in COVID-19 patients may be induced by
NETs as well as NETs-T/NK/B cell interactions.

In conclusion, the clear trend of lung injury in accord with
the trend of increasing neutrophils was quantified by Bayesian
inference analysis in COVID-19 patients. The transcriptome
signature of immune cells also indicated elevated neutrophil
markers in the lung and BALF samples of COVID-19 patients.

FIGURE 6 | PPI network of NETs associated genes in COVID-19 patients. The interaction between NETs associated genes with other neutrophil activated genes.
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Importantly, among the excessive neutrophil activated genes,
17 were NETs associated genes and these genes interacted with
T cells and NK cells through negative regulation. Therefore,
we posit that NETosis in lung tissue leads to an insufficient
anti-viral response in COVID-19 patients. We hope that future
studies will investigate the predictive power of circulating NETs
in well-phenotyped longitudinal cohorts.
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The pathogenesis of COVID-19 emerges as complex, with multiple factors

leading to injury of different organs. Several studies on underlying cellular

processes have produced contradictory claims, e.g. on SARS-CoV-2 cell en-

try or innate immune responses. However, clarity in these matters is imper-
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ative for therapy development. We therefore performed a meta-study with

a diverse set of transcriptomes under infections with SARS-CoV-2, SARS-

CoV and MERS-CoV, including data from different cells and COVID-19 pa-

tients. Using these data, we investigated viral entry routes and innate im-

mune responses. First, our analyses support the existence of cell entry mech-

anisms for SARS and SARS-CoV-2 other than the ACE2 route with evidence

of inefficient infection of cells without expression of ACE2; expression of TM-

PRSS2/TPMRSS4 is unnecessary for efficient SARS-CoV-2 infection with ev-

idence of efficient infection of A549 cells transduced with a vector expressing

human ACE2. Second, we find that innate immune responses in terms of inter-

ferons and interferon simulated genes are strong in relevant cells, for example

Calu3 cells, but vary markedly with cell type, virus dose, and virus type.

Introduction

Coronaviruses are non-segmented positive-sense RNA viruses with a genome of around 30

kilobases. The genome has a 5’ cap structure along with a 3’ poly (A) tail, which acts as mRNA

for translation of the replicase polyproteins. The replicase gene occupies approximately two

thirds of the entire genome and encodes 16 non-structural proteins (nsps). The remaining third

of the genome contains open reading frames (orfs) that encode accessory proteins and four

structural proteins, including spike (S), envelope (E), membrane (M), and nucleocapsid (N) (1).

Over the past 20 years, three epidemics or pandemics of life-threatening diseases have been

caused by three closely related coronaviruses – severe acute respiratory syndrome coronavirus

(SARS-CoV), which emerged with nearly 10 % mortality (2, 3) in 2002-2003 and spread to 26

countries before being contained; Middle East respiratory syndrome coronavirus (MERS-CoV),

with mortality around 34 % (4, 5) starting in 2012 and since then spreading to 27 countries;
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SARS-CoV-2, emerging in late 2019 (6), which has caused many millions of confirmed cases

and > 1 million deaths worldwide (7). Infection with SARS-CoV, MERS-CoV or SARS-CoV-2

can cause a severe acute respiratory illness with similar symptoms, including fever, cough, and

shortness of breath.

SARS-CoV-2 is a new coronavirus, but its similarity to SARS-CoV (amino acid sequences

about 76% identical (8)) and MERS-CoV suggests comparisons to these earlier epidemics. De-

spite the difference in the total number of cases caused by SARS-CoV and SARS-CoV-2 (3, 7)

due to different transmission rates, the outbreak caused by SARS-CoV-2 resembles the out-

break of SARS: both emerged in winter and were linked to exposure to wild animals sold at

markets. Although MERS-CoV has high morbidity and mortality rates, lack of autopsies from

MERS-CoV cases has hindered our understanding of MERS-CoV pathogenesis in humans.

Until now there are no specific anti-SARS-CoV-2, anti-SARS-CoV or anti-MERS-CoV

therapeutics approved for human use. There are several points of attack for potential anti-

SARS-CoV-2/SARS-CoV/MERS-CoV therapies, e.g. intervention on cell entry mechanisms to

prevent virus invasion, or acting on the host immune system to kill the infected cells and thus

prevent replication of the invading viruses. A better understanding of virus entry mechanisms

and the immune responses can therefore guide the development of novel therapeutics.

Virus entry into host cells is the first step of the viral life cycle. It is an essential component

of cross-species transmission and an important determinant of virus pathogenesis and infectivity

(9, 10), and also constitutes an antiviral target for treatment and prevention (11). It seems that

SARS-CoV and SARS-CoV-2 use similar virus entry mechanisms (12). The infection of SARS-

CoV or SARS-CoV-2 in target cells was initially identified to occur by cell-surface membrane

fusion (13,14). Some later studies have shown that SARS-CoV can infect cells through receptor

mediated endocytosis (15, 16) as well. Both mechanisms require the S protein of SARS-CoV

or SARS-CoV-2 to bind to angiotensin converting enzyme 2 (ACE2), and S protein of MERS-
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CoV to dipeptidyl peptidase 4 (DPP4) (17), respectively, through their receptor-binding domain

(RBD) (18). In addition to ACE2 and DPP4, some recent studies suggest that there are possible

other coronavirus-associated receptors and factors that facilitate the infection of SARS-CoV-

2 (19), including the cell surface proteins Basignin (BSG or CD147) (20), and CD209 (21).

Recently, clinical data have revealed that SARS-CoV-2 can infect several organs where ACE2

expression could not be detected in healthy individuals (22, 23), which highlights the need of

closer inspection of virus entry mechanisms.

The binding of S protein to a cell-surface receptor is not sufficient for infection of host

cell (24). In the cell-surface membrane fusion mechanism, after binding to the receptor, the S

protein requires proteolytic activation by cell surface proteases like TMPRSS2, TPMRSS4, or

other members of the TMPRSS family (14, 25, 26), followed by the fusion of virus and target

cell membranes. In the alternative receptor mediated endocytosis mechanism, the endocytosed

virion is subjected to an activation step in the endosome, resulting in the fusion of virus and

endosome membranes and the release of the viral genome into the cytoplasm. The endosomal

cysteine proteases cathepsin B (CTSB) and cathepsin L (CTSL) (27) might be involved in the

fusion of virus and endosome membranes. Availability of these proteases in target cells largely

determines whether viruses infect the cells through cell-surface membrane fusion or receptor

mediated endocytosis. How the presence of these proteases impacts efficiency of infection with

SARS-CoV-2, SARS-CoV and MERS-CoV, still remains elusive.

When the virus enters a cell, it may trigger an innate immune response, a crucial compo-

nent of the defense against viral invasion. Compounds that regulate innate immune responses

can be introduced as antiviral agents (10). The innate immune system is initialized as pat-

tern recognition receptors (PRRs) such as Toll-like receptors (TLRs) and cytoplasmic retinoic

acid-inducible gene I (RIG-I) like receptors (RLRs) recognize molecular structures of the in-

vading virus (28, 29). This pattern recognition activates several signaling pathways and then
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downstream transcription factors such as interferon regulator factors (IRFs) and nuclear factor

κB (NF-κB). Transcriptional activation of IRFs and NF-κB stimulates the expression of type

I (α or β) and type III (λ) interferons (IFNs). IFN-α (IFNA1, IFNA2, etc), IFN-β (IFNB1)

and IFN-λ (IFNL1-4) are important cytokines of the innate immune responses. IFNs bind and

induce signaling through their corresponding receptors (IFNAR for IFN-α/β and IFNLR for

IFN-λ), and subsequently induce expression of IFN-simulated genes (ISGs) (e.g. MX1, ISG15

and OASL) and pro-inflammatory chemokines (e.g. CXCL8 and CCL2) to suppress viral repli-

cation and dissemination (30, 31). Dysregulated inflammatory host response results in acute

respiratory distress syndrome (ARDS), a leading cause of COVID-19 mortality (32).

One attractive therapy option to combat COVID-19 is to harness the IFN-mediated innate

immune responses. Clinical trials with type I and type III IFNs for treatment of COVID-19

have been conducted and many more are still ongoing (33,34). In this regard, the kinetics of the

secretion of IFNs in the course of SARS-CoV-2 infection needs to be defined. Unfortunately,

some results on the host innate immune responses to SARS-CoV-2 are apparently at odds with

each other (35–39), e.g. it is unclear whether SARS-CoV-2 infection induces low IFNs and

moderate ISGs (35), or robust IFN responses and markedly elevated expression of ISGs (36–

39). This has to be clarified. The use of IFNs as a treatment in COVID-19 is now a subject

of debate as well (40). Thus, the kinetics of IFN secretion relative to the kinetics of virus

replication need to be thoroughly examined to better understand the biology of IFNs in the

course of SARS-CoV-2 infection and thus provide guidance to identify the temporal window of

therapeutic opportunity.

We have collected and analyzed a diverse set of publicly available transcriptome data (35,

41–45): (1) bulk RNA-Seq data with different types of cells, including human non-small cell

lung carcinoma cell line (H1299), human lung fibroblast-derived cells (MRC5), human alveo-

lar basal epithelial carcinoma cell line (A549), A549 cells transduced with a vector expressing
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human ACE2 (A549-ACE2), primary normal human bronchial epithelial cells (NHBE), hetero-

geneous human epithelial colorectal adenocarcinoma cells (Caco2), and African green monkey

(Chlorocebus sabaeus) kidney epithelial cells (Vero E6) infected with SARS-CoV-2, SARS-

CoV and MERS-CoV (Table 1); (2) RNA-Seq data of lung samples, peripheral blood mononu-

clear cell (PBMC) samples, and bronchoalveolar lavage fluid (BALF) samples of COVID-19

patients and their corresponding healthy controls (Table 1 and Table 2). Using this collection,

we systemically evaluated the replication and transcription status of virus in these cells, ex-

pression levels of coronavirus-associated receptors and factors, as well as the innate immune

responses of these cells during virus infection.

Results

Different infection efficiency of SARS-CoV-2, SARS-CoV and MERS-CoV
in different cell types

The RNA-Seq data for all samples can be aligned to the genome of the corresponding virus to

evaluate the infection efficiency in cells, estimated by the mapping rate to the virus genome,

i.e. the percentages of viral RNAs in intracellular RNAs. To assess the infection efficiency

of SARS-CoV-2, SARS-CoV, and MERS-CoV in different types of cells, we collected and

analyzed a comprehensive public datasets of RNA-Seq data of cells infected with these viruses

at 24 hours post infection (hpi) with comparable multiplicity of cellular infection (MOI) (Table

1). MOI refers to the number of viruses that are added per cell in infection experiments. For

example, if 2000 viruses are added to 1000 cells, the MOI is 2.

Our analysis shows that the infection efficiency of viruses can be both cell type dependent

and virus dose dependent (Fig. 1). MERS-CoV can efficiently infect MRC5 and Vero E6 cells.

However, the infection efficiency is influenced strongly by MOI in the same type of cells. Cells

infected with low MOI, say 0.1, have significantly lower mapping rates than those with high
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MOI, say 3 (Fig. 1). For SARS-CoV and SARS-CoV-2, the infection efficiency is influenced

strongly by cell type. For SARS-CoV-2, there is efficient virus infection in A549-ACE2, Calu3,

Caco2, and Vero E6 cells, but not in A549, H1299, or NHBE cells (Fig. 1 and Table S1). The

mapping rates in A549, H1299, and NHBE cells are low even at high MOIs (Fig. 1 and Table

S1). Similar to SARS-CoV-2, the infection by SARS-CoV is also cell type dependent, Vero E6

cells and Calu3 cells show high mapping rates to SARS-CoV genome, but the mapping rates of

SARS-CoV in MRC5 and H1299 cells are close to zero even at the high MOI of 3 (Fig. 1 and

Table S1). Since “total RNA” (see Methods/Data collection) includes additional negative-strand

templates of virus, the mapping rates are usually much higher than those that used the PolyA+

selection method in the same condition (Fig. 1 and Table S1).

Evidence for multiple entry mechanisms for SARS-CoV-2 and SARS-CoV

To examine the detailed replication and transcription status of these viruses in the cells, we

calculated the number of reads (depth) mapped to each site of the corresponding virus genome

(Fig. 2). For better comparison, these read numbers were log10 transformed. The replication

and transcription of MERS-CoV, SARS-CoV-2 and SARS-CoV share an uneven pattern of

expression along the genome, typically with a minimum depth in the first half of the viral

genome, and the maximum towards the end. Among the parts with very high levels, there are

especially coding regions for structural proteins, including S, E, M, and N proteins, as well

as the first coding regions with nsp1 and nsp2. Interestingly, there is an exception for BALF

samples in COVID-19 patients, which show a more irregular, fluctuating behavior along the

genome (Fig. 2B). The deviation from the cellular expression pattern is not surprising because

BALF is not a well-organized tissue but a mixture of many components, some of which will

probably digest viral RNA.

Interestingly, the mentioned uneven transcription pattern of efficient infections with SARS-
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CoV-2, SARS-CoV, and MERS-CoV, is also visible for inefficient infection with SARS-CoV-2

in A549, NHBE, and H1299 cells, and SARS-CoV in H1299 and MRC5 cells (Fig. 2C, D),

although there the total mapping rates to their corresponding virus genomes are much lower

(Fig. 1).

To further elucidate the corresponding entry mechanisms for different types of cells, we

examined the expression levels of those receptors and proteases that have already been described

as facilitating target cell infection (Fig. 3).

Our analysis shows that MERS-CoV can efficiently infect MRC5 and Vero E6 cells (Fig. 1

and Fig. 2E) that both express DPP4 (Fig. 3A), though compared to Vero E6 cells, MRC5 cells

infected with MERS-CoV have higher expression levels of DPP4 (Fig. 3A), but lower mapping

rates to the virus genome (Fig. 1). These observations show that higher expression levels of the

receptor (DPP4) do not guarantee higher MERS-CoV infection efficiency in cells. This is also

true for SARS-CoV-2 receptor ACE2, which is expressed three orders of magnitudes higher

in A549-ACE2 cells than in Vero E6 cells (Fig. 3B), while both cells produce about the same

amount of virus (Fig. 1).

Although SARS-CoV-2 can efficiently infect A549-ACE2 cells (Fig. 1 and Fig. 2), there is

no expression of TMPRSS2 or TMPRSS4 (Fig. 3C, D), needed for the canonical cell-surface

membrane fusion mechanism (Fig. 3J). However, there are considerable expression levels of

CTSB and CTSL (Fig. 3E, F), which are involved in endocytosis (Fig. 3J).

In A549, H1299, and MRC5 cells, which do express small amounts of SARS-CoV-2 and

SARS-CoV virus (Fig. 1, Fig. 2C, D), there is no ACE2 expression at all (Fig. 3B). This could

point to an alternative ACE2-independent entry mechanism for SARS-CoV-2 and SARS-CoV

(Fig. 3J). Since there were already reports about alternative SARS-CoV-2 receptors such as

BSG/CD147 and CD209 (20,21), we examined their expressions in these cells as well (Fig. 3G,

H). For all cells, the expression of BSG is at the same level of 2-3 (Fig. 3G), and the expression

8
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of CD209 is very low. Certainly, CD209 and BSG alone cannot explain the differences in virus

expression (Fig. 1), nor can we exclude other low efficiency entry mechanisms. It could e.g. be

that relatively inefficient alternative entry paths are often present but in some cells masked by

more efficient entry via ACE2/TPMRSS.

To gain a comprehensive overview we clustered cells with respect to gene expression levels

of coronavirus-associated receptors and factors (Fig. 3I), and summarized conceivable mecha-

nisms accordingly (Fig. 3J). Since all cells show high expression levels of CTSB and CTSL,

the major differences between these cells lie in the expression levels of ACE2, TMPRSS2 and

TPMRSS4.

Cell-surface membrane fusion (Fig. 3J, 1a) might be mainly used in SARS-CoV-2 infec-

tion of Calu3, Caco2, and NHBE cells where there are low to moderate expression of ACE2

and moderate expression of TMPRSS2 and TMPRSS4. Endocytosis (Fig. 3J, 1b) might be

mainly used in SARS-CoV-2 infection of A549-ACE2 cells where ACE2 is expressed at high

levels but there is no expression of TMPRSS2 or TMPRSS4. An alternative ACE2-independent

way (Fig. 3J, 1c) in absence of ACE2, TMPRSS2, or TMPRSS4 could be mainly employed

in SARS-CoV-2 infection of MRC5, A549, and H1299 cells. Note that although the expres-

sion pattern of coronavirus-associated receptors and factors of NHBE cells is similar to that in

Caco2 cells, NHBE cells are not infected efficiently by SARS-CoV-2. Vero E6 cells have mod-

erate expression of ACE2, and low expression of TMPRSS2 and TMPRSS4, so all these entry

mechanisms mentioned above could contribute to SARS-CoV-2 infection of Vero E6 cells.

Strength of IFN/ISG response varies between cell lines and viruses, with
strong response to SARS-CoV-2 in relevant cells

As a virus enters a cell, it may trigger an innate immune response, i.e. the cell may start expres-

sion of various types of innate immunity molecules at different strengths. There is currently

9

(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprintthis version posted January 11, 2021. ; https://doi.org/10.1101/2021.01.07.425716doi: bioRxiv preprint 



an intense debate about which of these molecules, especially IFNs and ISGs, are expressed

how strongly (35–39). We therefore focused in our analysis on innate immunity molecules

such as IFNs, ISGs, and pro-inflammatory cytokines. To broaden the basis for conclusions,

we analyzed, apart from cell lines, bulk RNA-Seq data of lung, PBMC, and BALF samples of

COVID-19 patients, and single-cell RNA-Seq data of BALF samples from moderate and severe

COVID-19 patients; for each type of patient data, we also included healthy controls. Gene ex-

pressions were compared quantitatively in terms of TPM (transcripts per million), as well as

log fold changes (logFC) with respect to healthy controls (human samples) or mock-infected

cultures (cell lines) (Fig. S1, Fig. S2).

The heatmap and clustering dendrogram of the logFC of IFNs, ISGs and pro-inflammatory

cytokines in Fig. 4A reveal broadly two groups of samples with fundamentally different expres-

sion of ISGs, IFNs, and pro-inflammatory cytokines.

The top cluster in Fig. 4A are samples that show weaker innate immune response, includ-

ing the two PBMC samples of COVID-19 patients, A549, NHBE, Caco2, and H1299 cells

infected with SARS-CoV-2 and A549-ACE2 cells infected with SARS-CoV-2 at lower MOI

(0.2), MRC5 cells infected with SARS, MRC5 and Vero E6 cells infected with MERS. The

bottom cluster in Fig. 4A are samples that show stronger innate immune response, including

BALF and lung samples of COVID-19 patients, Calu3 cells infected with SARS-CoV-2, A549-

ACE2 cells infected with SARS-CoV-2 at higher MOI (2), as well as Vero E6 cells infected

with SARS-CoV-2 and SARS. Most of the samples in the bottom part show markedly elevated

levels of ISGs and elevated pro-inflammatory cytokines. An exception in the bottom cluster are

four samples, namely Lung.1/2 and BALF.1/2, with a mixture of up- and down-regulation of

ISGs and pro-inflammatory cytokines. In this respect, these four samples from patients with un-

known COVID-19 severity differ from the BALF samples from moderate and severe COVID-19

patients.
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The expression levels of IFNs are not upregulated either in most of these lung, PBMC and

BALF samples of COVID-19 patients where no information about the severity of infection of

these COVID-19 patients are available. However, we estimated the severity of their infection by

aligning all the samples to SARS-COV-2 virus genome. There are no (0.00%) reads mapping

to the SARS-CoV-2 genome in the PBMC samples. For the two BALF samples, there are low

mapping rates (1.56% and 0.65%) to SARS-CoV-2 genome. The expression levels of ACE2 in

these tissues (PBMC, lung and BALF samples) of healthy individuals are around zero (Fig. S8),

which explains why there are almost no virus reads in these tissues.

One of the two lung samples (accession number: SAMN14563387) has slightly upregulated

IFNL1 (Fig. S6), which had been ignored in the original publication (35), although the total

mapping rates to virus genome are both 0.00% for these two lung samples. We then checked

the detailed coverage along the virus genome. There were a small number of virus reads aligned

to SARS-CoV-2 genome in this sample (Fig. S7). Different from other lung samples that did

not express ACE2, this lung sample expressed ACE2 at a considerable level (5.45 TPM, Table

S2). This result implies that when SARS-CoV-2 enters into lung successfully, or when the lung

tissue chosen for sequencing are successfully infected by SARS-CoV-2, IFNs (at least IFNL1)

can be upregulated.

Calu3 cells infected with SARS-CoV and SARS-CoV-2, and A549-ACE2 cells infected

with SARS-CoV-2 at a high MOI of 2 have upregulated IFNB1, IFNL1, IFNL2 and IFNL3

(Fig. 4B-E). A549, H1299, NHBE (Fig. 4B-E), and MRC5 cells (Fig. S3), which do not support

efficient virus infection, show no upregulation of IFNs. Low levels of IFN expression are also

observed in Caco2 cells, which are efficiently infected with SARS-CoV and SARS-CoV-2. The

same is true for A549-ACE2 cells infected with SARS-CoV-2 at low MOI of 0.2. In Vero

E6 cells IFNL1 is upregulated as well in infected with SARS-CoV and SARS-CoV-2, but not

with MERS-CoV (Fig. 4F). In BALF samples of moderate and severe COVID-19 patients,
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upregulation of IFNs was not as obvious as in Calu3 cells, but is still present in some patients.

These observations demonstrate that the innate immune response depends in complex ways on

cell line, viral dose, and virus.

Several studies (36–39) reported robust IFN responses and markedly elevated expression of

ISGs in SARS-CoV-2 infection of different cells and patient samples. Conversely, the study

by (35) concluded that weak IFN response and moderate ISG expression are characteristic

for SARS-CoV-2 infection. This apparent contradiction can be resolved if we consider that

Ref. (35) generalized from patient samples and cells that were only weakly infected, and that

in such cases the host, in fact, responds with low levels of IFNs and ISGs. On the other hand,

Ref. (35) treated efficiently infected cells, such as Calu3 and A549-ACE2 (at MOI 0f 2) as

exceptions. However, our meta-analysis shows that these are not exceptions but typical for

severely infected target cells that have robust IFN responses and ISG expressions (cluster 2 in

Fig. 4A).

Discussion

One attractive potential anti-SARS-CoV-2 therapy is intervention in the cell entry mechanisms

(12). However, the entry mechanisms of SARS-CoV-2 into human cells are partly unknown.

During the last few months scientists have confirmed that SARS-CoV-2 and SARS-CoV both

use human ACE2 as entry receptor, and human proteases like TMPRSS2 and TMPRSS4 (8,

14, 25), and lysosomal proteases like CTSB and CTSL (27) as entry activators. Since ACE2 is

beneficial in cardiovascular diseases such as hypertension or heart failure (46), treatments tar-

geting ACE2 could have a negative effect. Inhibitors of CTSL (47) or TMPRSS2 (14) are seen

as potential treatment options for SARS-CoV and SARS-CoV-2. However, recently alternate

coronavirus-associated receptors and factors including BSG/CD147 (20) and CD209 (21) have

been proposed to facilitate virus invasion. Additionally, clinical data of SARS-CoV-2 infection
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have shown that SARS-CoV-2 can infect several organs where ACE2 expression could not be

detected (22, 23), urging us to explore other potential entry routes.

First, our analyses here have shown that even without expression of TMPRRS2 or TM-

PRSS4, high SARS-CoV-2 infection efficiency in cells is possible (Fig. 1A, C) with consider-

able expression levels of CTSB and CTSL (Fig. 2E, F). This suggests receptor mediated endo-

cytosis (15, 16, 27) as an alternative major entry mechanism. Given this TMPRSS-independent

route, TMPRSS inhibitors will likely not provide complete protection. The studies designed to

predict the tropism of SARS-CoV-2 by profiling the expression levels of ACE2 and TMPRSS2

across healthy tissues (48, 49) may need to be reconsidered as well.

Second, the evidence presented in our study suggests further, possibly undiscovered entry

mechanism for SARS-CoV-2 and SARS-CoV (Fig. 2). Although BSG/CD147 has been re-

cently proposed as an alternate receptor (20), later experiments reported there was no evidence

supporting the role of BSG/CD147 as a putative spike-binding receptor (50). The expression

patterns of BSG/CD147 in different types of cells observed in our study could not explain the

difference in virus loads observed in these cells either. CD209 and CD209L were recently re-

ported as attachment factors to contribute to SARS-CoV-2 infection in human cells as well (21).

However, CD209 expression in the cell lines included here is low. Another reasonable hypoth-

esis could be that the inefficient ACE2-independent entry mechanism we observed could be

macropinocytosis, one endocytic pathway that does not require receptors (51). Until now there

is still no direct evidence for macropinocytosis involvement in SARS-CoV-2 and SARS-CoV

entry mechanism. To confirm such an involvment, specific experiments are needed. Moreover,

this ACE2-independent entry mechanism, only enables inefficient infection by SARS-CoV and

SARS-CoV-2 (Fig. 2) and therefore cannot be a major entry mechanism.

Fig. 3J summarizes the outcomes of our study with respect to entry mechanisms. The ob-

servations with the broad range of transcriptome data can only be explained if there are several
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entry routes. This is certainly a challenge to be reckoned with in the development of antiviral

therapeutics (52).

Another attractive potential anti-SARS-CoV-2 point of attack is supporting the human innate

immune system to kill the infected cells and, thus disrupt viral replication. Not surprisingly,

research in this area is flourishing but sometimes generates conflicting results, especially on the

involvement of type I and III IFNs and ISGs (35–39). The results of our analyses could help to

dissolve the confusion on the involvement of IFNs and ISGs.

We found that immune responses in Calu3 cells infected with SARS-CoV and SARS-CoV-2

resemble those of BALF samples of moderate and severe COVID-19 patients, with elevated lev-

els of type I and III IFNs, robust ISG induction as well as markedly elevated pro-inflammatory

cytokines, in agreement with recent studies (36–39). However this picture differs from the one

reported by (35) with low levels of IFNs and moderate ISGs. This latter study was partially

based on A549 cells and NHBE cells with nearly no ACE2 expression and very low map-

ping rate to the viral genome, and lung samples of two patients (both show 0.00% mapping

rate to virus genome). Hence, given that there was no efficient virus infection in theses cells,

the low levels of IFNs and ISGs were to be expected. However, in one of the lung samples

sequenced by (35) (accession number: SAMN14563387), we observed a slight upregulation

of IFNL1 (Fig. S6), which was ignored in the original publication, together with considerable

ACE2 expression (Table S2) (5.45 TPM), and a few virus reads aligned to SARS-CoV-2 genome

(Fig. S7). This results suggests that levels of IFNs are ISGs are associated with viral load and

severity of virus infection.

We found low induction of IFNs and moderate expression of ISGs in PBMC samples and

BALF samples of COVID-19 patients (Fig. 4, Fig. S5). In these PBMC samples, there are no

(0.00%) virus reads mapping to the SARS-CoV-2 genome. The failure to detect virus reads

in these three PBMC samples can be explained by the absence of efficient entry routes (e.g.
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no expression of ACE2 in PBMC samples of healthy individuals, Fig. S8), or with the cell

types being otherwise incompatible with viral replication. This observation is consistent with

the studies on SARS-CoV (53–55) with abortive infections of macrophages, monocytes, and

dendritic cells; moreover, replication of SARS-CoV in PBMC samples is also self-limiting.

However, due to the limited number of PBMC, BALF and lung samples included in this study,

and the lack of the information of infection stage and infection severity of these COVID-19

patients, the assessment of IFNs and ISGs as well as the infection of SARS-CoV-2 in these

samples may not be representative of host response against SASR-CoV-2. Future studies that

include also other affected organs of more patients with different infection stages and severity

are necessary for a better understanding of the immune responses.

Several unexpected observations need further investigations. First, A549-ACE2 and Caco2

cells are efficiently infected with low MOI of 0.2 and 0.3, respectively, (Fig. 1), but fail to

upregulate INF expression (Fig. 4B-E). Their cellular immune responses are more similar to

those of cells that cannot support efficient virus infection (Fig. 4A). These results suggest that

in Caco2 and A549-ACE2 cells the invasion of SARS-CoV-2 or SARS-CoV at low MOI shuts

down or fails to activate the innate immune system.

Based on the results observed above, multiple factors including disease severity, different

organs, cell types and virus dose contribute to the variability in the innate immune responses.

For a better characterization of the innate immune responses, a more comprehensive profiling

is necessary, including of patients with infections in different stages, different levels of severity,

and different clinical outcomes of the infection. Further, a larger array of cell types should be

profiled over time after infection with different virus doses. In this way we would be better able

to understand the kinetics of IFNs and ISGs in response to SARS-CoV-2 infection.

In summary, our study has comparatively analyzed an extensive data collection from differ-

ent cell types infected with SARS-CoV-2, SARS-CoV and MERS-CoV, and from COVID-19
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patients. We have presented evidence for multiple SARS-CoV-2 entry mechanisms. We could

also dissolve apparent conflicts on innate immune responses in SARS-CoV-2 infection (35–39),

by drawing upon a larger set of cell types and infection severity. The results emphasize the com-

plexity of interactions between host and SARS-CoV-2, offer new insights into pathogenesis of

SARS-CoV-2, and can inform development of antiviral drugs.

Materials and Methods

Data collection

After the successful release of the virus genome into the cytoplasm, a negative-strand genomic-

length RNA is synthesized as the template for replication. Negative-strand subgenome-length

mRNAs are formed as well from the virus genome as discontinuous RNAs, and used as the

templates for transcription. In the public data we collected for the analysis, there are two main

library preparation methods to remove the highly abundant ribosomal RNAs (rRNA) from to-

tal RNA before sequencing. One is polyA+ selection, the other is rRNA-depletion (56). It is

known that coronavirus genomic and subgenomic mRNAs carry a polyA tail at their 3’ ends, so

in the polyA+ RNA-Seq, we have (1) virus genomic sequence from virus replication, i.e. repli-

cated genomic RNAs from negative-strand as template, and (2) subgenomic mRNAs from virus

transcription; in the rRNA-depletion RNA-Seq we have (1) virus genomic sequence from virus

replication: both replicated genomic RNAs from negative-strand as template and the negative-

strand templates themselves, and (2) subgenomic mRNAs from virus transcription. PolyA+

selection was used if not specifically stated in this study, “total RNA” is used to specify that the

rRNA-depletion method was used to prepare the sequencing libraries.

The raw FASTQ data of different cell types infected with SARS-CoV-2, SARS-CoV and

MERS-CoV, and lung samples of COVID-19 patients and healthy controls were retrieved from

NCBI (57) (https://www.ncbi.nlm.nih.gov/) and ENA (58) (https://www.ebi.ac.uk/ena) (acces-
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sion numbers GSE147507 (35), GSE56189, GSE148729 (41) and GSE153940 (59)). The

raw FASTQ data of PBMC and BALF samples of COVID-19 patients and corresponding con-

trols were downloaded from BIG Data Center (60) (https://bigd.big.ac.cn/) (accession number

CRA002390) (42), and the raw FASTQ data for BALF healthy control samples were down-

loaded from NCBI (accession numbers SRR10571724, SRR10571730, and SRR10571732 un-

der project PRJNA434133 (43)). The preprocessed single cell RNA-Seq data of BALF sam-

ples from 6 severe COVID-19 patients and 3 moderate COVID-19 patients were downloaded

from NCBI with accession number GSE145926 (44). The preprocessed single cell RNA-Seq

data of BALF sample from a healthy control was retrieved from NCBI (accession number

GSM3660650 under project PRJNA526088 (45)). Detailed information about these public

datasets are available in the supplementary file: Supplementary.pdf

For analysis, the human GRCh38 release 99 transcriptome and the green monkey (Chloro-

cebus sabaeus) ChlSab1.1 release 99 transcriptome and their corresponding annotation GTF

files were downloaded from ENSEMBL (61) (https://www.ensembl.org). The reference virus

genomes were downloaded from NCBI: SARS-CoV-2 (GenBank: MN985325.1), SARS-CoV

(GenBank: AY278741.1), MERS-CoV (GenBank: JX869059.2).

Data analysis workflow

The workflow of this study is summarized in Fig. S1 and Fig. S2 in the supplementary file:

Supplementary.pdf. The quality of the raw FASTQ data was examined with FastQC (62).

Trimmomatic-0.36 (63) was used to remove adapters and filter out low quality reads with param-

eters “-threads 4 -phred33 ILLUMINACLIP:adapters.fasta:2:30:10 HEADCROP:10 LEAD-

ING:20 TRAILING:20 SLIDINGWINDOW:4:20 MINLEN:36”. The clean RNA sequencing

reads were then pseudo-aligned to reference transcriptome and quantified using Kallisto (ver-

sion 0.43.1) (64) with parameters “-b 30 –single -l 180 -s 20” for single-end sequencing data
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and with parameter “-b 30” for paired-end sequencing data. Expression levels were calculated

and summarized as transcripts per million (TPM) on gene levels with Sleuth (65), and logFC

was then calculated for each condition. The single cell RNA-Seq data were summarized across

all cells to obtain “pseudo-bulk” samples. R packages EDASeq (66) and org.Hs.eg.db (67)

were used to obtain gene length, and TPM was calculated with the “calculateTPM” function of

R package scater (68). logFC was then calculated for each patient.

The clean RNA-Seq data were also aligned to the virus genome with Bowtie 2 (69) (version

2.2.6) and the aligned BAM files were created, and the mapping rates to the virus genomes

were obtained as well. SAMtools (70) (version 1.5) was then used for sorting and indexing

the aligned BAM files. The “SAMtools depth” command was used to produce the number of

aligned reads per site along the virus genome.

The heatmap in Fig. 3I was made by pheatmap R package (71), “complete” clustering

method was used for clustering the rows and “euclidean” distance was used to measure the

cluster distance. The heatmap in Fig. 4A was made by ComplexHeatmap R package (72).

“complete” clustering method was used for clustering the rows and columns and “euclidean”

distance was used to measure the cluster distance.
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Figures and Tables:

Table 1. Data of cell lines (cells) included in this study

Virus Virus strain Virus dose (MOI) Time Replicates Species of origin Cell type Library preparation Accession number
SARS-CoV-2 USA-WA1/2020 2 24h 3 Homo sapiens NHBE polyA+ selection GSE147507

Mock Mock Mock 24h 3 Homo sapiens NHBE polyA+ selection GSE147507
SARS-CoV-2 USA-WA1/2020 0.2 24h 3 Homo sapiens A549 polyA+ selection GSE147507

Mock Mock Mock 24h 3 Homo sapiens A549 polyA+ selection GSE147507
SARS-CoV-2 USA-WA1/2020 2 24h 3 Homo sapiens A549 polyA+ selection GSE147507

Mock Mock Mock 24h 3 Homo sapiens A549 polyA+ selection GSE147507
SARS-CoV-2 USA-WA1/2020 0.2 24h 3 Homo sapiens A549-ACE2 polyA+ selection GSE147507

Mock Mock Mock 24h 3 Homo sapiens A549-ACE2 polyA+ selection GSE147507
SARS-CoV-2 USA-WA1/2020 2 24h 3 Homo sapiens A549-ACE2 polyA+ selection GSE147507

Mock Mock Mock 24h 3 Homo sapiens A549-ACE2 polyA+ selection GSE147507
SARS-CoV-2 USA-WA1/2020 2 24h 3 Homo sapiens Calu3 polyA+ selection GSE147507

Mock Mock Mock 24h 3 Homo sapiens Calu3 polyA+ selection GSE147507
SARS-CoV-2 Munich/BavPat1/2020 0.3 24h 2 Homo sapiens Calu3 rRNA-depletion GSE148729

Mock Mock Mock 24h 2 Homo sapiens Calu3 rRNA-depletion GSE148729
SARS-CoV-2 Munich/BavPat1/2020 0.3 24h 2 Homo sapiens Calu3 polyA+ selection GSE148729

Mock Mock Mock 24h 2 Homo sapiens Calu3 polyA+ selection GSE148729
SARS-CoV-2 Munich/BavPat1/2020 0.3 24h 2 Homo sapiens Caco2 polyA+ selection GSE148729

Mock Mock Mock 24h 2 Homo sapiens Caco2 polyA+ selection GSE148729
SARS-CoV-2 Munich/BavPat1/2020 0.3 24h 2 Homo sapiens H1299 polyA+ selection GSE148729

Mock Mock Mock 36h^ 2 Homo sapiens H1299 polyA+ selection GSE148729
SARS-CoV-2 USA-WA1/2020 0.3 24h 2* Chlorocebus sabaeus Vero E6 rRNA-depletion GSE153940

Mock Mock Mock 24h 3 Chlorocebus sabaeus Vero E6 rRNA-depletion GSE153940
SARS-CoV Frankfurt strain 0.3 24h 2 Homo sapiens Calu3 polyA+ selection GSE148729
SARS-CoV Frankfurt strain 0.3 24h 2 Homo sapiens Calu3 rRNA-depletion GSE148729
SARS-CoV Frankfurt strain 0.3 24h 2 Homo sapiens Caco2 polyA+ selection GSE148729
SARS-CoV Frankfurt strain 0.3 24h 2 Homo sapiens H1299 polyA+ selection GSE148729
SARS-CoV Urbani strain 0.1 24h 3 Homo sapiens MRC5 polyA+ selection GSE56189
SARS-CoV Urbani strain 3 24h 3 Homo sapiens MRC5 polyA+ selection GSE56189
SARS-CoV Urbani strain 0.1 24h 3 Chlorocebus sabaeus Vero E6 polyA+ selection GSE56189
SARS-CoV Urbani strain 3 24h 3 Chlorocebus sabaeus Vero E6 polyA+ selection GSE56189
MERS-CoV EMC/2012 0.1 24h 3 Homo sapiens MRC5 polyA+ selection GSE56189
MERS-CoV EMC/2012 3 24h 3 Homo sapiens MRC5 polyA+ selection GSE56189
MERS-CoV EMC/2012 0.1 24h 3 Chlorocebus sabaeus Vero E6 polyA+ selection GSE56189
MERS-CoV EMC/2012 3 24h 3 Chlorocebus sabaeus Vero E6 polyA+ selection GSE56189

Mock Mock Mock 24h 3 Homo sapiens MRC5 polyA+ selection GSE56189
Mock Mock Mock 24h 3 Homo sapiens Vero E6 polyA+ selection GSE56189

^No corresponding 24h mock control samples for H1299 cells, 36h mock control samples were used instead.
* There are three replicates, but when the manuscript was in preparation only two of them are available for downloading.

Table 2. Data of COVID-19 patients included in this study

Individuals Tissue Data Type Accession number
2 bronchoalveolar lavage fluid from COVID-19 patients bulk RNA-Seq CRA002390
3 bronchoalveolar lavage fluid from healthy negative control bulk RNA-Seq PRJNA434133^
3 peripheral blood mononuclear cells from COVID-19 patients bulk RNA-Seq CRA002390
3 peripheral blood mononuclear cells from healthy negative control bulk RNA-Seq CRA002390
2 lung biopsy from postmortem COVID-19 patients bulk RNA-Seq GSE147507
2 lung biopsy from healthy negative control bulk RNA-Seq GSE147507
6 bronchoalveolar lavage fluid from COVID-19 patients (severe) single cell RNA-Seq GSE145926
3 bronchoalveolar lavage fluid from COVID-19 patients (moderate) single cell RNA-Seq GSE145926
1 bronchoalveolar lavage fluid from healthy negative control single cell RNA-Seq PRJNA526088*

^Three samples under project PRJNA434133: SRR10571724, SRR10571730, and SRR10571732 were used.
* One sample with accession number GSM3660650 under project PRJNA526088 was used.
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Fig. 1. Mapping rate to virus genome. The dots represent the mapping rates to the virus

genome for each individual replicate under the given conditions (cell line, MOI, and virus). Bar

heights are mean mapping rates to the virus genome for each condition.
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Fig. 2. The number of reads mapped to the corresponding virus genome. (A-E) The dot

plots show the number of reads mapped to each site of the corresponding virus genome. The

annotation of the genome of each virus is from NCBI (SARS: GCF_000864885.1, SARS-CoV-

2: GCF_009858895.2, MERS: GCF_000901155.1). Labels in grey title bars correspond to

conditions as in Fig. 1.
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Fig. 3. The expression levels of the receptors and proteases. (A-H) Each dot represents

the expression value in each sample. (I) Heatmap of the expression levels of coronavirus as-

sociated receptors and factors of different cell types. Labels 1a, 1b, 1c mark cell clusters that

likely share entry routes sketched in panel J. (J) Entry mechanisms involved in SARS-CoV-2

entry into cells. Schematic is based on a figure by Vega Asensio - Own work, CC BY-SA 4.0,

https://commons.wikimedia.org/w/index.php?curid=88682468.
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Fig. 4. Expression levels of genes related to immune responses (A) Heatmap of the logFC

of IFNs, ISGs and pro-inflammatory cytokines. The clustering of samples produces a clus-

ter 1 (top) with little IFN/ISG expression comprising MERS infections and non-infectable

cells/SARS-CoV-1/2 (except for Caco2 cells), and a cluster 2 (bottom) strong IFN/ISG ex-

pression with SARS-CoV-1/2 infectable cells and patient samples. (B-G) Expression levels of

IFNs. Each dot represents the expression value of a sample. Bars indicate mean expression

levels (in TPM) of respective IFN at different MOI values.
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1 Additional information about public data
All data can be downloaded from public repositories, the three main sources are NCBI (1)
(https://www.ncbi.nlm.nih.gov/) and ENA (2) (https://www.ebi.ac.uk/ena) and BIG Data Center
(3) (https://bigd.big.ac.cn/).

1.1 GSE147507 dataset (4)
From this dataset we downloaded: Biological triplicates of primary human lung epithelium
(NHBE) which were mock treated or infected with SARS-CoV-2 (USA-WA1/2020) at an MOI

1



of 2; Biological triplicates of transformed lung alveolar (A549) cells which were mock treated
or infected with SARS-CoV-2 (USA-WA1/2020) at an MOI of 0.2 or 2; Biological triplicates
of transformed lung alveolar (A549) transduced with a vector expressing human ACE2, which
were also mock treated or infected with SARS-CoV-2 (USA-WA1/2020) at an MOI of 0.2 or
2; Biological triplicates of transformed lung-derived Calu-3 cells which were mock treated or
infected with SARS-CoV-2 (USA-WA1/2020) at an MOI of 2; COVID-19 patient samples:
Uninfected human lung biopsies derived from one male (age 72) and one female (age 60) and
used as control biological replicates, and lung samples derived from a single male COVID-19
deceased patient (age 74) which were processed in technical replicates. Library preparation
method polyA+ selection was used to remove rRNAs before sequencing.

1.2 GSE148729 dataset (5)
From this dataset we downloaded biological replicates of Calu-3, Caco-2 and H1299 cells which
were mock treated or infected with SARS-CoV-2 (patient isolate BetaCoV/Munich/BavPat1/2020/
EPI ISL 406862) or SARS-CoV (Frankfurt strain) at an MOI of 0.3. Library preparation
method polyA+ selection was used to remove rRNAs before sequencing Caco-2 and H1299
cells. For Calu-3 cells, two library preparation method polyA+ selection and rRNA-depletion
were used respectively to remove rRNAs before sequencing.

1.3 GSE153940 dataset
From this dataset we downloaded RNA sequencing data of Vero E6 cells which were either
mock-infected or infected with SARS-CoV-2 USA-WA1/2020 (MOI = 0.3) with three repli-
cates. However, when we downloaded the data one sample with accession number GSM4658806
was not available for downloading. Cells were harvested at 24 hours after infection, and rRNA-
depletion method was used to extract RNA for sequencing.

1.4 GSE56189 dataset
From this dataset we downloaded: Biological triplicates of MRC5 and Vero E6 cells which
were mock treated or infected with SARS-CoV (Urbani strain) or MERS-CoV (EMC/2012) at
an MOI of 0.1 or 3. Library preparation method polyA+ selection was used to remove rRNAs
before sequencing.

1.5 CRA002390 dataset (6)
This dataset is public available in https://bigd.big.ac.cn/gsa/browse/CRA002390. From this
dataset we downloaded: The raw FASTQ data of PBMC and BALF samples of COVID-19
patients and corresponding PBMC controls.
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1.6 PRJNA434133 dataset (7)
From this dataset we downloaded the raw FASTQ data for BALF healthy control samples with
accession numbers SRR10571724, SRR10571730, and SRR10571732.

1.7 GSE145926 dataset (8)
From this dataset we downloaded the preprocessed single cell RNA-Seq data of BALF samples
from 6 severe COVID-19 patients and 3 mild COVID-19 patients.

1.8 PRJNA526088 dataset (9)
From this dataset we downloaded the preprocessed single cell RNA-Seq data of BALF sample
from a healthy control with accession number GSM3660650.
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2 Supplementary figures
Fig. S1:
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Fig. S3:
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Fig. S4:

●●● ●●0

1

H
ea

lth
y.

B
A

LF

P
at

ie
nt

.B
A

LF

T
P

M

IFNB1A

●●● ●●0

1

H
ea

lth
y.

B
A

LF

P
at

ie
nt

.B
A

LF

T
P

M

IFNL1B

●●● ●●0

1

H
ea

lth
y.

B
A

LF

P
at

ie
nt

.B
A

LF

T
P

M

IFNL2C

●●● ●●0

1

H
ea

lth
y.

B
A

LF

P
at

ie
nt

.B
A

LF

T
P

M

IFNL3D

6



Fig. S5:
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Fig. S6:
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Chapter 4

Discussion & outlook

It is an exciting time for modern biology with powerful performance of sequencing tech-

nologies and their rapid, active development. However, computational challenges come

along with the advantages. With the decreasing cost of sequencing and the advances of

high-throughput sequencing technologies in multi-omics such as genomics, epigenomics,

transcriptomics, and proteomics (Sun and Hu, 2016), it is imperative to take an inte-

grative approach to gain insights into the complex biological processes at multiple levels

simultaneously to overcome the limitation of single layer biological information provided

by single-omics. For example, not only can we evaluate the differential gene expression

levels in different conditions with RNA-seq data, we can also examine the changes in

signals of ChIP-seq of different histone modification marks to better understand the gene

regulation during development or differentiation. However, such integrative tools are still

very limited. In (Cao et al., 2020), we developed an R package named intePareto to

conduct such a task to prioritize genes with consistent changes in both RNA-seq and

ChIP-seq data of different histone modifications across different conditions using Pareto

optimization. Our easy-to-use approach to integrate such data and can be extended and

generalized to other data types as well in the future as long as the data can be quanti-

fied and logFC can be calculated. An integration method as we proposed here will yield

better understanding and clearer picture of the biological processions for example during

development or disease progression.

One of the main challenges in the computational analysis of scRNA-seq data is the

abundance of observed zeros, or dropouts. Over the past few years, lots of imputation

tools (Gong et al., 2018; Huang et al., 2018; Li and Li, 2018; Van Dijk et al., 2018)

have been developed for the computational correction of zeros, and zero-inflation model

is also universally widely used for modeling scRNA-seq data (Kharchenko et al., 2014;

Lopez et al., 2018; Pierson and Yau, 2015) without further detailed exploration of source

of zero-inflation. Imputation has the danger of introducing flase signals, oversmoothing

of the data and removing biologically meaningfully variation in gene expression which

could reflect the natural cellular heterogeneity (Andrews and Hemberg, 2018; Hou et al.,

2020). Svensson (Svensson, 2020) also points out previous misunderstanding of “zero-
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inflation” scRNA-seq data from droplet-based protocols. In (Cao et al., 2021a), we further

demonstrate that the observed zero-inflation in read counts are mainly attributed to

amplification bias not due to sequencing platforms by taking advantage of the fact that

one can count reads as well as UMIs at the same time and showing that in the same

data set, the read counts are zero-inflated, while the UMI counts are barely zero-inflated.

Recently several studies show that the variation in the observed zeros actually reflects

biological variation (Bouland et al., 2021; Choi et al., 2020; Qiu, 2020), of which by

binarizing single-cell RNA-seq count data as zeros and non-zeros to do further downstream

analysis (Qiu, 2020), or conducting differential dropout analysis to identify the biological

differences (Bouland et al., 2021). These most recent studies, including ours, all argue

against imputation and suggest zeros are informative should remain as zeros without

modification for further examination of transcriptional and cellular diversity inherent in

the original data.

We believe differential dropout analysis can be a quite interesting direction in addi-

tion to differential gene expression analysis, for example more further analyses can be

conducted by taking advantage of the full, quantitative data in addition to the binariza-

tion of zeros and non-zeros. Another interesting direction can be denoising of read counts

data. As we have already showed in (Cao et al., 2021a), we can take advantages of read

counts as well as UMIs in the same data set to examine the behavior of amplification

bias and then apply this relationship to denoise read counts from protocols that can not

incorporate UMIs. One similar method (Townes and Irizarry, 2020) has been published

recently but the influence of this practice on the further downstream analysis still needs

further careful examination and benchmark.

In (Cao et al., 2021b) and (Wang et al., 2020), we have conducted comprehensive large

scale data analyses to examine the biological processes during SARS-CoV-2 infection. We

include RNA-seq data of infections of different similar coronaviruses including SARS-CoV,

MERS-CoV and SARS-CoV-2; different cell types; and different viral doses to examine

the innate immune responses as well as the entry of virus in different cell types. Our

analysis supports the existence of alternative entry routes of SARS-CoV-2 and SARS.

We also find that innate immune responses in terms of IFNs and ISGs vary strongly as

function of cell types, virus doses, and virus types. We believe such a comprehensive

analysis is needed to better understand not only virus infection but also other diseases as

well. Conclusion made from single study can be limited and a comprehensive comparison

study like this can provide us unexpected novel information unobserved or hidden in a

single study.

The public sequencing data grow exponentially (Cook et al., 2020; Svensson et al.,

2018). They are unprecedented, vast and valuable resources which are free publicly

available for example at EMBL-EBI (European Molecular Biology Laboratory-European

Bioinformatics Institute) archive (https://www.ebi.ac.uk/), GEO (https://www.ncbi.

nlm.nih.gov/geo/) public repository and NGDC(National Genomics Data Center, https:
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//bigd.big.ac.cn/) for computational method development as well as for biological dis-

covery as we have shown in the examples above. We believe in the future more and more

integrative sequencing data analyses, comprehensive large scale meta-studies and method

development studies based on the public available sequencing data sets will further pro-

mote advances in biological and medical research.

112

https://bigd.big.ac.cn/
https://bigd.big.ac.cn/
https://bigd.big.ac.cn/


Bibliography

Bruce Alberts, Alexander Johnson, Julian Lewis, Martin Raff, Keith Roberts, and Peter

Walter. The structure and function of dna. In Molecular Biology of the Cell. 4th edition.

Garland Science, 2002.

Robert A Amezquita, Aaron TL Lun, Etienne Becht, Vince J Carey, Lindsay N Carpp,

Ludwig Geistlinger, Federico Martini, Kevin Rue-Albrecht, Davide Risso, Charlotte

Soneson, et al. Orchestrating single-cell analysis with bioconductor. Nature methods,

pages 1–9, 2019.

Benedict Anchang, Tom DP Hart, Sean C Bendall, Peng Qiu, Zach Bjornson, Michael

Linderman, Garry P Nolan, and Sylvia K Plevritis. Visualization and cellular hierarchy

inference of single-cell data using spade. Nature protocols, 11(7):1264–1279, 2016.

Simon Anders and Wolfgang Huber. Differential expression analysis for sequence count

data. Nature Precedings, pages 1–1, 2010.

Tallulah S Andrews and Martin Hemberg. False signals induced by single-cell imputation.

F1000Research, 7, 2018.

Andrew J Bannister and Tony Kouzarides. Regulation of chromatin by histone modifica-

tions. Cell research, 21(3):381–395, 2011.

Andrew J Bannister, Robert Schneider, Fiona A Myers, Alan W Thorne, Colyn Crane-

Robinson, and Tony Kouzarides. Spatial distribution of di-and tri-methyl lysine 36 of

histone h3 at active genes. Journal of Biological Chemistry, 280(18):17732–17736, 2005.

Artem Barski, Suresh Cuddapah, Kairong Cui, Tae-Young Roh, Dustin E Schones, Zhibin

Wang, Gang Wei, Iouri Chepelev, and Keji Zhao. High-resolution profiling of histone

methylations in the human genome. Cell, 129(4):823–837, 2007.

Christian Beisel and Renato Paro. Silencing chromatin: comparing modes and mecha-

nisms. Nature Reviews Genetics, 12(2):123–135, 2011.

Sandrine Belouzard, Jean K Millet, Beth N Licitra, and Gary R Whittaker. Mechanisms

of coronavirus cell entry mediated by the viral spike protein. Viruses, 4(6):1011–1033,

2012.

113



Elizaveta V Benevolenskaya. Histone h3k4 demethylases are essential in development and

differentiation. Biochemistry and cell biology, 85(4):435–443, 2007.

Yoav Benjamini and Yosef Hochberg. Controlling the false discovery rate: a practical and

powerful approach to multiple testing. Journal of the Royal statistical society: series B

(Methodological), 57(1):289–300, 1995.

Daniel Blanco-Melo, Benjamin E. Nilsson-Payant, Wen Chun Liu, Skyler Uhl, Daisy

Hoagland, Rasmus Møller, Tristan X. Jordan, Kohei Oishi, Maryline Panis, David

Sachs, Taia T. Wang, Robert E. Schwartz, Jean K. Lim, Randy A. Albrecht, and

Benjamin R. TenOever. Imbalanced host response to sars-cov-2 drives development of

covid-19. Cell, 2020.

Gerard A Bouland, Ahmed Mahfouz, and Marcel JT Reinders. Differential dropout anal-

ysis captures biological variation in single-cell rna sequencing data. bioRxiv, 2021.

Andrew G Bowie and Ismar R Haga. The role of toll-like receptors in the host response

to viruses. Molecular immunology, 42(8):859–867, 2005.
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Anteile:

• Konzept - %: 65
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inhaltlich übernommenen Stellen als solche gekennzeichnet habe.

Essen, den
Unterschrift des/r Doktoranden/in

Erklärung:
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