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Epigenetic modifications constitute a complicated regulatory network controlling 

various biological processes from cell development to immune responses. The 

mechanisms through which CD4+ T cells react to environmental stimuli, including 

virus intrusion and differentiation signals, represent the fundamental cell biological 

question of how the external microenvironment influences intrinsic transcriptional 

networks. This dissertation investigates the epigenetic status changes in CD4+ T cells 

induced by Marek’s disease virus (MDV) infection in chickens and during 

differentiation in mice. First, a genome-wide gene expression analysis in the immune 

organs from resistant line 63 and susceptible line 72 chickens was performed to 

explore Marek’s disease (MD) resistance mechanisms. MDV infection influences 



  

both cytokine-cytokine receptor interaction and cellular development in resistant and 

susceptible chickens. Second, we examined the epigenetic status of CD4+ T cells 

induced by MDV infection, including chromatin accessibility and chromosome 

organization. Our results revealed extensive epigenetic modification changes caused 

by MDV infection. Only resistant line 63 chickens could initiate robust adaptive 

immune responses at the transcription level, and the increase in chromatin 

accessibility and chromosome reorganization represented by A/B compartment 

flipping were related to up-regulated genes induced by MDV infection at 10 days 

post-infection in line 63 chickens. Finally, we investigated CD4+ T cells plasticity 

during Th1 helper cell differentiation. We showed “early” (48 hours) CD4+ T cells 

were plastic for cellular reprogramming while “late” (72 hours) cells lost reprogram 

plasticity and became committed to Th1 cell fate. T-bet, the Th1 cell master regulator, 

was not the direct determinant of Th1 cell plasticity. Our integrative analysis of 

multiple “omics” datasets revealed dynamic and genome-wide changes of chromatin 

accessibility associated with the process of cellular differentiation and commitment. 

We predicted that several candidate regulators could contribute to cellular plasticity, 

including Mxi1, JunB, BATF, IRF4, and Hif-1𝛼𝛼 . We observed that substantial 

alterations of chromatin interactions occurred at the IRF4 locus across differentiation 

time. Conditional deletion of IRF4 in CD4+ T cells impacted the expression of T cell 

activation and differentiation genes, including T-bet, and extended Th1 cell plasticity 

during the differentiation process. Our findings provided deeper understanding of 

CD4+ T cell commitment and responses toward viral infection.  

 



  

 
 
 
 
 
 
 
 
 
 
 
 
DYNAMIC ANALYSIS OF CD4+ T CELL EPIGENETIC STATUS IN CHICKENS 
FOLLOWING MDV INFECTION AND DURING DIFFERENTIATION IN MICE 

 
 
 

by 
 
 

Yi Ding 
 
 
 
 
 

Dissertation submitted to the Faculty of the Graduate School of the  
University of Maryland, College Park, in partial fulfillment 

of the requirements for the degree of 
Doctor of Philosophy 

2018 
 
 
 
 
 
 
Advisory Committee: 
Professor Dr. Jiuzhou Song, Chair 
Senior Investigator Dr. Keji Zhao 
Professor Dr. Tom Porter 
Associate Professor Dr. Stephen Mount 
Research Biologist Dr. George Liu 
Assistant Professor Dr. Li Ma 
 
 



  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

© Copyright by 
Yi Ding 

2018 
 
 
 
 
 
 
 



 

 ii 
 

Acknowledgements 

My advisor Dr. Jiuzhou Song, who has passion and motivation toward science, 

influenced everybody in the lab especially me deeply. Dr. Song consistently 

encouraged us with a spirit of enterprise and an open mind regarding research and 

teaching, and a positive attitude towards life. Without his supervision and continuous 

encouragement, this dissertation would not have been possible.  

Besides my advisor, I would like to thank my committee members, Dr. Keji Zhao, Dr. 

George Liu, Dr. Tom Porter, Dr. Stephen Mount, and Dr. Li Ma for their consistent 

help and guidance over the years, immeasurable encouragement, insightful 

comments, and constructive criticism. Without those, I would not be where I am 

today.    

I would give my thanks to all my fellow students and postdocs in Dr. Jiuzhou Song’s 

lab for their feedback, cooperation, and friendship. With the help from including but 

not limited to Dr. Juan Luo, Dr. Yanghua He, Dr. Fei Tian, Dr. Apratim Mitra, Dr. 

Jose Carrillo, Fei Zhan, Dr. Yaokun Li, Dr. Hao Bai, Jianan Liu, Wentao Cai in Dr. 

Jiuzhou Song’s lab, I learnt how to become a eligible PhD candidate, devote myself 

into research, and develop a critical point of view.  

My special thanks go to Dr. Keji Zhao, for offering me the research opportunities in 

his lab in the National Heart, Lung, and Blood Institute (NHLBI), NIH, and leading 

me working on exciting projects. I also would like to thank every extraordinary 

researcher in his lab including but not limited to Dr. Kairong Cui, Dr. WaiLim Ku, 

Dr. Katarzyna Placek, Dr. Gang Ren, and Qingsong Tang. I will remember the 

stimulating discussions, the hand-by-hand instruction on experimental procedures, the 



 

 iii 
 

enlightening troubleshooting suggestions, and all the laughs we have had together for 

my lifetime. Before my journey in Dr. Keji Zhao’s lab, I could not understand that the 

impossible is possible with every step of hardwork, and the unreachable is reachable 

if you are willing to get your feet wet.  

I would say thank you to my friends for accepting nothing less than excellence from 

me. Last but not the least, I am so grateful to my parents, who have supported me in 

overcoming numerous obstacles from the day of my birth and helping me spiritually. 

I am also thankful to my husband, Dr. Wentao Luan, and other family members who 

have supported me along the way.   



 

 iv 
 

Table of Contents 

 
 
Acknowledgements ....................................................................................................... ii 
Table of Contents ......................................................................................................... iv 
List of Tables .............................................................................................................. vii 
List of Figures ............................................................................................................ viii 
Chapter 1 : Literature Review ....................................................................................... 1 

Marek’s Disease Resistance in Chickens .................................................................. 1 
Pathogenesis of Marek’s virus infection ............................................................... 1 
Classification of MDV .......................................................................................... 2 
Immune responses to Marek’s disease virus infection ......................................... 4 
Resistance/Susceptibility to Marek’s disease ....................................................... 7 

Helper T Cell Diversity and Plasticity .................................................................... 11 
Lineage relationships of helper T cell subsets .................................................... 11 
Cytokine environment and transcription factors in fate determination .............. 13 
Flexibility of CD4+ T cell subsets ...................................................................... 19 
Mechanisms for T helper cell plasticity .............................................................. 22 

Active Gene Regulatory Elements and Chromatin Structure ................................. 27 
Gene sequence and chromosome spatial localizations ....................................... 27 
Chromatin hypersensitive sites ........................................................................... 29 
3D structure and chromatin interaction ............................................................... 35 

Rationale and Significance ..................................................................................... 41 
Chapter 2 : Transcriptomic Analysis of Chicken Immune Organs Affected by 
Marek’s Disease Virus Infection ................................................................................ 46 

Abstract ................................................................................................................... 46 
Introduction ............................................................................................................. 47 
Materials and Methods ............................................................................................ 48 

Animals and experimental design ....................................................................... 48 
RNA preparation and sequencing ....................................................................... 49 
Differential expression and pathway analysis..................................................... 49 
Principal component analysis and Venn diagram construction .......................... 50 
Quantitative Real-time RT-PCR ......................................................................... 50 

Results ..................................................................................................................... 51 
Gene expression profiles of immune organs in MDV challenge experiments ... 51 
Genome-wide profiling of the spleen transcriptome at late cytolytic phase ....... 53 
Thymus and bursa transcriptome profiling at late cytolytic phase ..................... 55 
Pathway analysis to reveal networks and biofunctions involved in MDV 
infection .............................................................................................................. 58 
The potential native dissimilarity between lines makes the resistance different 63 
Experimental validation of differentially expressed genes ................................. 64 

Discussion ............................................................................................................... 66 



 

 v 
 

Chapter 3 : Gene Expression, Chromatin Accessibility and Chromosome 
Organization in CD4+ T Cells Induced by Marek’s Disease Virus Infection in 
Chickens ...................................................................................................................... 70 

Abstract ................................................................................................................... 70 
Introduction ............................................................................................................. 71 
Materials and Methods ............................................................................................ 72 

Experimental animals and chicken CD4+ T cell isolation.................................. 72 
RNA preparation and sequencing ....................................................................... 73 
CD4+ T cell ATAC-seq ...................................................................................... 74 
CD4+ T cell 3e Hi-C assay ................................................................................. 75 
Whole genome gene expression analysis ............................................................ 75 
Alignment and peak identification of ATAC-seq data ....................................... 77 
3e Hi-C data mapping and analysis .................................................................... 77 

Results ..................................................................................................................... 78 
Transcriptional activity changes caused by MDV infection ............................... 78 
Genes related to immune response were highly enriched in line 63 chickens .... 80 
Correlation between chromatin accessibility and differential gene expression .. 83 
Gene expression and chromatin organization ..................................................... 87 

Discussion ............................................................................................................... 90 
Chapter 4 : Dynamic Epigenetic Status and Plasticity during Mouse CD4+ T Cell 
Differentiation ............................................................................................................. 94 

Abstract ................................................................................................................... 94 
Introduction ............................................................................................................. 95 
Materials and Methods .......................................................................................... 100 

Mice .................................................................................................................. 100 
Cell isolation ..................................................................................................... 101 
In vitro cell differentiation and FACS sorting .................................................. 101 
Flow cytometric analysis and intracellular staining .......................................... 102 
DNase-seq ......................................................................................................... 102 
RNA-Seq ........................................................................................................... 103 
ChIP-seq experiments ....................................................................................... 103 
Hyperactive Tnp purification and transposome complex assembly ................. 104 
TrAC-looping (Transposition-mediated Analysis of Chromatin Looping) ...... 104 
Data analysis ..................................................................................................... 106 
Statistics ............................................................................................................ 112 

Results ................................................................................................................... 113 
Th1 like cells can be reprogrammed to express Foxp3 in a time-dependent 
manner............................................................................................................... 113 
T-bet is not the direct determinant of Th1 cell lineage commitment and plasticity
........................................................................................................................... 116 
Dynamic chromatin states for the different stages of differentiated Th1 cells . 120 
Identification of potential regulators governing Th1 lineage commitment ...... 120 
Deletion of IRF4 results in enhanced Th1 cell reprogramming capability ....... 127 
IRF4-regulated transcriptional profiles in differentiated Th1 cells .................. 129 
Three-dimensional architecture is conserved in differentiating cells ............... 138 
Local epigenetic environments of the IRF4 locus during differentiation ......... 141 



 

 vi 
 

Discussion ............................................................................................................. 143 
Chapter 5 :  Conclusions and Future Directions ....................................................... 147 
Appendices ................................................................................................................ 152 

Appendix I. Top Pathways of Differentially Expressed Genes Between MDV 
Infected and Uninfected Chickens ........................................................................ 152 
Appendix II. Mapping Quality of Chicken CD4+ T Cell RNA-Seq Data ............ 154 
Appendix III. Genome Browser View of Chicken 10 DPI RNA-Seq Data .......... 155 
Appendix IV. Sequencing Statistics of Chicken CD4+ T Cell ATAC-Seq and Hi-C
............................................................................................................................... 156 
Appendix V. Mouse Th1 Helper Cell Time-Course Differentiation Experiments 158 
Appendix VI. Sequencing Statistics of Mouse RNA-Seq and DNase-Seq .......... 159 
Appendix VII. PCA of Mouse DNase-Seq and RNA-Seq Data ........................... 161 

Bibliography ............................................................................................................. 162 
 
 
 
 
 
 
 
 
 
 
 



 

 vii 
 

List of Tables 
 
Table 2.1 Enriched networks in organs of chicken lines after MDV infection .......... 60 
Table 2.2 Top disease and bio-functions in chicken organs after MDV infection ..... 62 



 

 viii 
 

List of Figures 
Chapter 1 
 
Figure 1.1 CD4+ T Cell Differentiation ..................................................................... 13 
Figure 1.2 Plastic CD4+ T Cell Model ....................................................................... 21 
Figure 1.3 DNA Hypersensitive Sites ......................................................................... 30 
Figure 1.4 Connection Between Promoters and Enhancers ........................................ 36 
 
Chapter 2 
Figure 2.1 PCA Plots. ................................................................................................. 53 
Figure 2.2 Differentially Expressed Genes in Chicken Spleen Tissues...................... 55 
Figure 2.3 Differentially Expressed Genes in Thymus Tissue ................................... 56 
Figure 2.4 Differentially Expressed Genes in Bursa Tissue ....................................... 56 
Figure 2.5 Venn Diagram Indicating Overlap Genes ................................................. 58 
Figure 2.6 Cytokine-cytokine Receptor Interaction Pathway ..................................... 63 
Figure 2.7 Real-time PCR Validation. ........................................................................ 65 
 
Chapter 3 
Figure 3.1 Venn Diagram of DEG Lists ..................................................................... 79 
Figure 3.2 Hierarchical Clustering and Gene Ontology ............................................. 83 
Figure 3.3 Chromatin Accessibility and Gene Expression ......................................... 86 
Figure 3.4 Reproducibility of Hi-C Data .................................................................... 88 
Figure 3.5 A/B Compartment and Correlation with Gene Expression ....................... 89 
 
Chapter 4 
Figure 4.1 Th1 Cell Reprogramming ........................................................................ 116 
Figure 4.2 T-bet Function in Th1 Cell Fate .............................................................. 119 
Figure 4.3 Analysis of the DNase-seq and RNA-seq Data ....................................... 126 
Figure 4.4 IRF4 Controls Th1 Differentiation .......................................................... 128 
Figure 4.5 Analysis of IRF4-deleted Th1 Cells. ....................................................... 133 
Figure 4.6 IRF4 Role During Th1 Differentiation .................................................... 138 
Figure 4.7 TrAC-looping Principle ........................................................................... 140 
Figure 4.8 Compartment Analysis of Different Time Points .................................... 141 
Figure 4.9 Epigenetic Changes at the IRF4 Locus ................................................... 142 
 



 

 1 
 

Chapter 1 : Literature Review 

Marek’s Disease Resistance in Chickens 

Pathogenesis of Marek’s virus infection 
 
In 1907 a Hungarian veterinarian Jozsef Marek first reported a generalized 

polyneuritis in four chickens [1], and half a century later this disease was named after 

him. After infection, the sciatic nerve and areas of the spinal cord were infiltrated 

with mononuclear cells [2, 3]. Marek’s disease (MD) is a chicken’s contagious and 

neuropathic disease induced by Marek’s disease virus (MDV). MDV is a cell-

associated alphaherpesvirus that transforms T lymphocytes and triggers mononuclear 

tissue infiltration such as peripheral nerves, muscle, visceral organs, and skin [4-6].  

MDV infection involves several distinct phases: the early cytolytic stage, latency 

phase, and late cytolytic phase. MDV is pervasive and can survive for a relatively 

long time in the environment, and almost every chicken worldwide could face MDV 

challenge from its first day of life [7]. The first phase involves the virus inhalation 

from the respiratory tract [8]. The phagocytic cells (including macrophages and 

dendritic cells) in the respiratory tract could become the very early infected cell 

population [8]. 

MDV can be detected in spleen, thymus and bursa of Fabricius within 24 hours of 

contact [9]. MDV confronts the primary target cells (B lymphocytes and activated 

CD4+ T lymphocytes) and reaches replication peak from three to seven days post-

infection [10-12]. With the circulation of the infected CD4+ T cells, MDV enters the 

feather-follicle epithelium and gets ready to spread to uninfected birds that come into 

contact with the infected chicken [13-15]. The decreased expression of major 
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histocompatibility complex (MHC) class I molecules on the infected cell surface is 

caused by an MDV early gene and is retained through the lytic cycle. This 

mechanism helps the virus-infected cells become ‘transparent’ to the CD8+ T cells 

cytotoxic immune response [16] and allows MDV to spread to organs and the skin. 

MDV can produce viral interleukin-8 (vIL-8) [17-20] and attract B cells, T cells, and 

monocytes for efficient lytic replication [21]. Another protein, viral lipase (vLIP), is 

also necessary for efficient lytic replication of MDV in chickens [22].   

Seven to eight days after infection, MDV progression switches from the cytolytic 

phase to latency without producing infectious progeny in the activated CD4+ T cells 

and infected B cells [23-25]. There is not enough information about the latent stage 

mechanisms, and it is nearly impossible to separate the latently infected cells from 

transformed cells because the transitions and boundaries between the two states are 

not clearly defined. The early cytolytic and latent phases could occur in all MDV-

infected chickens. Depending on the genetic resistance of the host [26, 27], the 

reactivation from latency to late cytolytic infection occurs around 2-3 weeks post-

infection in susceptible chickens [7]. The formation of multifocal lymphoma [28] is 

the most significant outcome of MDV infection. It is assumed that only a small subset 

of latently infected T cells will proliferate and spread to develop neoplasms [8], and 

the tumors in the bird might derive from few or even one originally transformed cells 

[29, 30].  

Classification of MDV 
 
MDV was thought to be closely associated with Epstein-Barr virus (EBV) for a long 

time because of its similar biological properties to EBV. It was the discovery of the 
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double-stranded DNA structure with inverted repeats nucleotide sequences of MDV 

[17, 18, 31] that made people believe MDV is genetically closely related to human 

herpesvirus 1 (herpes simplex virus type 1, HSV-1) and human herpesvirus 3 

(varicella-zoster virus, VZV) [7]. MDV is one member of the genus Mardivirus, and 

three species, including MDV, GaHV-3, and turkey herpesvirus 1, have been grouped 

in the same genus. The protein similarity between the three viruses ranges from 50% 

to 80% [32], and only MDV leads to disease in chickens. The genomes of three 

viruses contain a unique long (UL) and a unique short (US) segment bracketed by 

inverted repeats [7]. Homologous genes are largely located in the UL and US 

segments, whereas genus- and virus-specific genes are predominantly located in the 

inverted repeat regions. MDV DNA can be randomly integrated into chicken 

chromosomes, as no recombination hot spots have been reported. However, telomeric 

repeats are added to the ends of integrated MDV genomes [31].  

During its evolution, MDV has adopted effective strategies to recruit and infect 

chicken cells. In the inverted repeated regions, MDV has a spliced gene that mimics 

interleukin-8, referred to as vIL-8. MDV vIL8 is a chemoattractant for mononuclear 

cells, and deletion of vIL-8-encoding open reading frames led to deficient lytic 

replication of MDV. Another protein MDV glycoprotein C (gC) is one of the major 

antigens. Overexpression of gC in vitro resulted in a substantial decrease in MDV 

replication.  

Malignant transformation by MDV involves the basic leucine zipper protein Meq, 

which is similar to the oncoproteins Fos and Jun. Wild-type Meq has 339 amino acids 

and is expressed during the lytic and latent phases of infection [33]. Meq has a similar 
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structure to the Jun/Fos family and forms a heterodimer with Jun/Fos family 

members. It is possible that the Meq-c-Jun interaction activates the cathepsin-like 

protein JTAP-1, JAC, and the heparin-binding epidermal-growth-factor-like growth 

factor (HB-EGF). As an oncogene, Meq could repress or activate host and viral gene 

expression by binding to target promoter regions and thus changing the cell 

phenotypes [34, 35]. By binding to AP-1 sites, the oncogenic pathway was activated 

[36, 37]. Consistent with this observation, the overexpression of Meq led to 

downregulation of apoptotic genes Fas and DAP5 in vitro [35]. 

The existence of a viral homolog of telomerase RNA (TR), termed vTR, promotes 

MDV-induced T-cell lymphomagenesis. MDV vTR has 88% sequence identity to 

chicken telomerase RNA and might play a role in MDV genome integration by 

adding telomeric elongations at the viral genome ends.  

 

Immune responses to Marek’s disease virus infection 
 
Over the years, our understanding of immune responses to MDV infection has 

expanded dramatically, although some challenges remain unsolved. In general, the 

infection with MDV may initiate the host’s innate and acquired immune responses. 

The innate responses involve the rapid activation of macrophages, natural killer (NK) 

cells, and cytokines, nitric oxide (NO), and other soluble mediators [38]. Acquired 

immune responses contain mainly the development of antigen-specific antibodies and 

cytotoxic T cells (CD8+ T cells). 

MDV can be detected within 48 hours in the spleen, and at 3 days post-infection the 

first innate immune response starts with the increasing activity of IFN-𝛾𝛾  mRNA 
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expression and NK cell-mediated lysis. The upregulation of IFN-𝛾𝛾 mRNA initiates 

the expression of iNOS and IL-1 𝛽𝛽  mRNA in macrophages. IL-1 𝛽𝛽  mRNA 

upregulation in macrophages may trigger CTL development by increasing IL-2 

expression and the production of NO. The increased level of circulating soluble 

mediator nitric oxide (NO) produced by activated macrophages and spleen cells 

might assist restraining viral replication [39] and also suppress T cell proliferation 

which blocks the potential MDV target cells. However, IFN-𝛾𝛾 might have a negative 

effect on chickens since it allows the establishment of latency by initiating IL-8 

receptor expression on activated T cells [8]. NK cells are the first firewall of defense 

against MDV by targeting virus-infected cells, which have changed or decreased 

MHC-1 expression levels. 

In nonspecific immune responses, the functions of cytokines and soluble mediators 

have been extensively studied during the early cytolytic stage, while the information 

is not complete for the latency and tumor stages. The infection of MDV in B and T 

cells may cause the deregulation of interleukins and IFNs expressions during all 

phases. The mRNA level of IFN-𝛾𝛾 is upregulated in splenocytes, and MHC class II 

expression is increased. Studies in the 2000s suggested both types of IFN (IFN-𝛼𝛼 and 

IFN-𝛾𝛾) could inhibit MDV replication in vitro and in vivo [40] especially in early 

pathogenesis. Meanwhile, as early as 3 days post-infection (DPI) MDV infection 

could up-regulate IFN-𝛾𝛾, IL-1𝛽𝛽, and IL-8 genes in spleens from infected chickens 

[41]. IFN-𝛾𝛾  itself would stimulate the expression of IL-1𝛽𝛽 , which is not only a 

chemoattractant for T cells but also a stimulus of generation of IL-2 and CTL [42]. 

The expression of IL-8 receptors on T cells is stimulated by IFN-𝛾𝛾 [43]. Since IL-8 is 
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a chemoattractant for T cells [44], the IL-8 receptors on T cells may be necessary to 

attract activated T lymphocytes to virus-infected B lymphocytes through the 

production of vIL-8 [45]. The differential expression of IFN-𝛾𝛾, IL-6, and IL-18 genes 

in susceptible and resistant chicken lines may indicate that these cytokines play an 

important role in causing lymphomas in susceptible lines and maintaining latency in 

resistant chickens [46]. Macrophages may also be involved in defending against 

MDV infection because some reports show the inhibition of MDV replication in vitro 

is much more effective by macrophages from infected chickens compared to those 

from uninfected chickens [47]. Decreased or lost macrophage activities in infected 

chickens could increase the MD incidence and reduce the animal’s survival time [48].  

Adaptive immune responses to MDV usually arise around 5 to 7 DPI and involve the 

development of MDV-specific antibodies and cytotoxic T lymphocytes [49]. MDV 

genome could encode 103 viral proteins including structural glycoproteins gB, gE, 

and gI. Some antibodies are produced to target MDV based on the structural 

glycoproteins. For example, monospecific antibodies to two gB monomers could 

detect MDV antigens on the infected cell membranes and inhibit virus penetration of 

host cells and cell-to-cell spread [50-52]. Maternal antibodies obtained from 

vaccinated mothers to children have been proven to reduce MD pathogenesis severity 

when measuring the morbidity, mortality and tumor formation frequencies [53-55]. 

Infection in both the genetically susceptible and resistant chicken lines could lead to a 

similar early cytolytic infection. However, the reactivation and tumor formation 

stages only occur in the susceptible line. This might indicate that CTLs are critical in 

preventing virus reactivation from the latent stage and also cell transformation.  
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Immunosuppression is accompanied by CD4 cell transformation in MD-susceptible 

chicken lines [56]. The most direct consequence of immunosuppression by MDV is 

the depletion of B and T cells by induction of apoptosis [57]. Immune tolerance in 

animal bodies is also associated with Treg cell activity. Some researchers suggest that 

activated Treg cells may be involved in MDV-infected immunosuppression in 

chickens. The detailed information of Treg cells will be discussed later in the 

following sections. In general, chicken CD4+CD25+ T cells have been classified as 

Treg cells although CD25 is not the exclusive cell marker of Treg cells. However, no 

Foxp3-like (Foxp3 is the master regulator of Treg cells in humans and mice) genes 

have been identified in the chicken genome [58]. With the limitation of knowledge on 

chicken Treg cells, the studies of immunosuppression mechanisms and their 

relationship with Treg cells are lagging behind. Some researchers try to separate 

chicken Treg cells by identifying more cell-specific markers. In 2017, TGF-𝛽𝛽+ Treg 

cells were identified as a subgroup of CD4+CD25+ chicken T cells and showed a 

higher percentage in MD-susceptible chicken lines [59]. The MDV-induced 

lymphoma cells in the susceptible lines adopt Treg phenotype and secrete soluble 

molecules that can inhibit T cell function, which might lead to immunosuppression in 

chickens [59].  

 

Resistance/Susceptibility to Marek’s disease 
 
Following MDV challenge, different chicken strains show various phenotypic 

responses. These discoveries facilitate the understanding of MD resistance 

mechanisms. Many studies have used different populations to estimate the heritability 
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of MD resistance in chickens. However, the results are not consistent among 

estimations (range from 0.1 to 0.61) [60, 61]. This may due to the various 

populations, chicken lines, ages, virus strains and MDV exposure procedures. The 

first breakthrough was the observed association between MD resistance and 

inheritance of the B blood group locus [62], which is a known marker for the chicken 

MHC. The expression levels of class I MHC molecules on the uninfected cell surface 

vary depending on the haplotypes [63]. Several subsequent experiments further 

confirmed the responsibility of major histocompatibility complex (MHC) molecule in 

controlling MD resistance in chickens, although other non-MHC genes might also be 

involved. For example, B21 gives high resistance regardless of genetic background, 

and B19 is correlated with susceptibility. B1, B4/B13, B5, B12, and B15 are associated 

with moderate susceptibility, and B2, B6, and B14 provide moderate resistance relying 

on other factors. The most famous MHC associated resistant and susceptible chickens 

are the N and P chicken lines, with B21 and B19 haplotypes respectively [64]. When 

different haplotypes are crossed to generate MHC heterozygotes, their offspring show 

various MD resistance. B2/B21 chickens have the most significant MD resistance (9% 

MD incidence); chickens with B2/B13 and B2/B14 haplotypes are moderately 

susceptible (42-43% MD incidence) [65]. MDV infection is thought to induce low 

levels of CTLs, and the major viral transcription factor ICP4 is found in N chickens 

but not in the P line [66].  

Different from lines N and P, line 6 (MD resistant) and 7 (MD susceptible) inbred 

chickens developed by the Avian Disease and Oncology Laboratory (ADOL) [4] both 

carry the B2 haplotype but show significant differences in MD resistance. B 
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haplotypes cannot also explain the different responses to MDV infection in several 

outbred and commercial chicken flocks. Hence other genes should also have strong 

effects on the overall MD resistance levels.  Approximately 99% of line 72 chickens 

develop tumors after infection with vv+MDV, however almost none of the line 63 

chickens become infected with MDV. The susceptible line 72 chickens showed higher 

rates of viral replication and higher viral loads from the early infection stage through 

their lifetime. In contrast, the resistant line 62 chickens had a gradual increase in viral 

load with a peak around 10 DPI before falling to low levels [67]. The transplantation 

of thymus from line 7 to line 6 increased the line 6 recipient chickens’ susceptibility, 

while transplantation of thymus from line 6 to line 7 chickens did not improve 

recipients’ resistance [68]. The innate immune response might help explain the early 

differences between the two lines, and at later stages of MD the line 6 clearance of 

infection indicates the impact of adaptive immune response. Substantial damage to 

the immune system during the early cytolytic infection [11] or the inherent variability 

in immune responses between the two chicken lines [67] might contribute to the line 

7’s failure of defense. 

To unveil the mechanism of non-MHC associated MD resistance, some studies 

attempted to compare the divergence between the inbred lines 6 and 7 chickens. 

Lymphocyte surface markers and alloantigens designated as Ly-4 [69], Bu-1 and Th-

1 [70] were shown to be partially associated with MD resistance. Genomic mapping 

revealed the MDV1 resistant gene in a region on chromosome 1 [71]. Subsequent 

studies using microarrays and RNA-seq also identified several non-MHC genes 

related to MD resistance and susceptibility [39, 72-79]. Some cytokines and immune-
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related genes showed a significant transcriptional difference between line 6 and line 7 

chickens before and after MDV infection. For example, IL-6 and IL-18 genes were 

significantly higher in splenocytes of line 7, and higher IL-2 transcriptional level in 

line 7 chickens was only observed at 21 dpi. IFN-𝛾𝛾  had significant expression 

differences in the two lines during the early infection stage. Systematic analyses to 

uncover pathways related to MD [80, 81] have also expanded our knowledge of MD 

resistance mechanisms. 

Non-MHC associated MD resistance may play necessary roles in immune responses 

and is affected by various genetic and environmental factors. The current QTL and 

genomic mapping experiments serve as the cornerstone of further investigation. 

Examination of MDV induced transcriptional effects has also discovered a list of 

important host cytokines and viral genes. Nevertheless, none of these loci alone could 

adequately explain the MD-resistance and susceptibility mechanism. Besides, 

environmental factors could also affect the infection outcome, which indicates the 

involvement of epigenetic modifications during the MD progression. Hence, line 6 

and line 7 inbred chickens are precious animal models to study the progression of MD 

and the interplay between genes and environment influencing the phenotypic 

outcomes. Research on microRNAs and lincRNAs [82] has revealed their 

functionality in regulating gene expression and controlling MDV replication. For 

example, inhibition of gga-mir-221 and gga-mir-222 partially soothed the miRNA-

mediated suppression. The linc-GALMD3 in chickens could cis-regulate its 

downstream neighboring gga-miR-223 expression and trans-regulate gene expression 

[82]. With the decrease of linc-GALMD3 expression, MDV replication was repressed, 
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indicating that linc-GALMD3 could be a necessary regulator in chicken MD 

progression. The regulation of miRNAs by DNA methylation to control cancer 

metastasis [83, 84] provides a new research angle, and some researchers found DNA 

methylation heterogeneity between the resistant L63 and susceptible L72 chickens 

[85]. A better understanding of the MD progression mechanism requires further 

studies on the epigenetics and the system biology network. 

Helper T Cell Diversity and Plasticity 

Lineage relationships of helper T cell subsets 
 
CD4+ helper T cells plan a significant role in adaptive immunity and immune-

mediated diseases like autoimmunity, asthma, allergic responses, and tumor immunity 

[86]. In general, they assist B cells to produce antibodies, maintain and promote CD8 

T cell responses, control macrophage function, coordinate adaptive immune 

responses against various pathogens, and properly suppress/control autoimmunity 

regarding the magnitude and persistence. When their numbers and functions are 

decreased or lost, the individual becomes vulnerable to countless infectious 

attractions and may develop severe disorders. In this part of the review, we discuss 

the functions and relationships among T helper cells, the development requirements, 

the plasticity of T helper cells, and the epigenetic regulation of key cytokines and 

transcription factors.  

Under environmental stimuli, i.e., cytokines, naive CD4 T cells could differentiate 

into specialized subsets depending on particular TCR activation. The lineages of T 

helper (Th) cells, including Th1, Th2, Th17, iTreg etc., although coming from the 
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same precursors, have distinct cytokine production profiles and functions (Figure 1.1 

[87]). The first discovery of distinct CD4 populations was the Th1/Th2 scenario, with 

different cytokine production and patterns of cell surface molecules. In general, IFN-

γ is the signature cytokine of Th1 cells; IL-2, TNF-∝, and lymphotoxin are also the 

products of many Th1 cells. On the contrary, Th2 cells do not have the ability to 

produce IFN-γ or lymphotoxin; their signature cytokines are IL-4, IL-5, and IL-13. 

TNF-∝, IL-2, and IL-9 could also be the products, with modest amounts in some Th2 

cells. Although researchers are not sure if in vitro-generated IFN-γ-producing and IL-

4-producing CD4 T cells (i.e., Th1 and Th2) cells truly reflect the biological 

responses generated under physiologic conditions [86], in vitro differentiation could 

serve as an important model to understand the CD4 T cell functions. Within several 

years of the discovery of these two lineages, methods were developed to differentiate 

naive CD4 T cells into IL-4-producing (Th2) cells [88, 89] and IFN-γ-producing (Th1) 

cells in vitro [90]. In the 2000s, Th17 cells [91-94], with the signature cytokines of 

IL-17A, IL-17F, and IL-22, were discovered. The fourth major population, regulatory 

T cells (Tregs) [95-97], which can be induced to differentiate in vitro from naive CD4 

T cells, were discovered also in the 2000s. Induced Treg cells (iTregs) share the same 

characteristics of regulatory T cells (nTregs), whose lineages are developed in the 

thymus and distinct from the naive CD4 T cell progenitors. 
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Figure 1.1 CD4+ T Cell Differentiation  

(Russ BE, Prier JE, Rao S, Turner SJ: T cell immunity as a tool for studying 
epigenetic regulation of cellular differentiation. 2013.) 
Th0 (naive) CD4+ T cells are able to differentiate into different subsets depending on 
the soluble molecules (cytokines), e.g., IL-12 for Th1 cells and IL-4 for Th2 cells, 
during activation by antigen presenting cells (APC). The key transcription factors 
regulating and maintaining lineage-specific effector functions can be used as the 
biomarkers to distinguish the corresponding different subsets, e.g., T-bet for Th1 cells, 
Gata-3 for Th2 cells, and Foxp3 for Treg cells. The corresponding T effector cells can 
secrete cytokines, e.g., IFN-𝛾𝛾  for Th1 cells and IL-10 for Treg cells, to react to 
pathogen intrusion and mediate autoimmunity. 
 

Cytokine environment and transcription factors in fate determination 
 
The central power of the cytokine environment 

The differentiated subsets of CD4 effector/regulatory cells can be determined 

significantly by their expressed transcription factors in vivo. However, in vitro the 

main determinants of the cell state are the set of cytokines present during the T cell 

receptor (TCR)-mediated activation process [86]. It is an interesting discovery that 

some key inducing cytokines could also be the major product of the induced 

differentiated subsets. IL-4-producing CD4 T cells (Th2 cells) could be differentiated 
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from naive CD4 T cells if IL-4 and IL-2 were present at the time of stimulation by 

cognate antigens [88, 98-100]. IFN- 𝛾𝛾  plays an important role in Th1 cells 

differentiation path [101] and IFN- 𝛾𝛾  is also the Th1 cell’s signature cytokine. 

Similarly, the iTregs’ induction from naive CD4 T cells depends on T cell activation 

in the company of TGF-𝛽𝛽 and IL-2 meanwhile Tregs themselves are also good TGF-

𝛽𝛽 producers [86]. In vitro Th17 differentiation could be efficiently achieved in the 

environment of TGF-𝛽𝛽 and IL-6 or IL-21 and TGF-𝛽𝛽 [102-106]. Comparably, Th17 

cells produce IL-21, and IL-21 can positively promote the Th17 differentiation 

progression.  

 

Transcription factors and T helper cell fate determination 

The master transcription factors for each T helper cell type and the signaling 

transducer and activator of transcription (STAT) proteins are another two important 

elements mediating T helper cell fate determination, although through different 

mechanisms. STATs are regulated by cytokine signaling-mediated posttranslational 

modifications, including tyrosine and/or serine/threonine phosphorylation [86]. 

During naive CD4+ TCR-mediated activation, the cytokine environment for the cells 

predominantly determines the CD4 T cell fate by activating the latent signal 

transducers and activators of transcription (STAT) proteins [107] and triggering the 

STAT signaling pathway [108-110]. STATs are crucial not only for master 

regulator’s induction but also for cell cytokine’s production when cooperating with 

master regulators. The relationship between master transcription factors and STATs is 

not simply separated, which we will discuss in detail later.  
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T-bet and STAT4 for Th1 cells 

T-bet, the major transcription factor, and STAT4 are indispensable for inducing Th1-

specific gene productions, like IFN-𝛾𝛾, IL-18R1, IL-12R𝛽𝛽2, and HIx, and Th1 cell 

differentiation [111]. T-bet can target chromatin remodeling to IFN-𝛾𝛾  alleles and 

induce IL-12 receptor 𝛽𝛽2 expression [112] by interacting with HIx [113]. Also, Treg 

subset cells can express T-bet, and T-bet promotes chemokine receptor CXCR3 on 

Treg cells. Those T-bet+ Treg cells can accumulate at Th1 cell-mediated 

inflammation and control Th1 responses [114]. T-bet is also found to influence the 

fate of Th17 cells by directly regulating IL-23R transcription [115] because Th17 

cells rely on optimal IL-23 production for survival [116, 117]. T-bet expression is 

also required for IFN-𝛾𝛾 production control in NK cells [118], although not in CD8 

cells, which are controlled by another T-box family member Eomesodermin (Eomes) 

[119-121].  

STAT4 is required for Th1 cell development from naive CD4+ T cells [122] through 

induction of Interleukin 12 (IL-12). Upon IL-12 binding, two chains of IL-12 

receptors activate JAK2 and TYK2. These two tyrosine kinases phosphorylate 

STAT4, which translocates into the nucleus to activate its target gene transcription 

[123]. GATA3 overexpression in developing Th1 cells suppresses Th1 development 

through downregulation of STAT4, and overexpression of STAT4 could facilitate 

Th2 → Th1 conversion even in cells lacking T-bet [124].  

 

GATA3 and STAT5 for Th2 cells, and ROR𝛾𝛾t and STAT3 for Th17 cells 
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IL2 and IL4 are necessary for Th2 differentiation [125, 126] in vitro, and exogenous 

or endogenous IL4 promotes GATA3 expression, which is the master transcription 

factor of Th2 cells [127-129]. In the absence of STAT5 activation, GATA3 alone 

does not have the capability to induce IL-4 production [125] and vice versa [130]. 

Hence, the orchestra between GATA3 and STAT5 guarantees IL-4 production, and 

STAT5 activation is crucial for GATA3 expression maintenance in differentiated Th2 

cells [131, 132]. Similar experiments were performed on both ROR𝛾𝛾t and STAT3 for 

Th17 cell differentiation to prove the collaborative effect of these two molecules by 

discovering that deletion of either led to almost complete loss of IL-17 production [86, 

133-135]. 

 

Foxp3 for regulatory T cells 

Naturally occurring CD4+ regulatory T cells, the majority of which express CD25 

[interleukin (IL)-2 receptor α-chain] [136-138], play an important role in deleting 

potentially hazardous self-reactive lymphocytes in the periphery [139]. As a mature T 

helper cell subpopulation and their functional fluctuation results in spontaneous 

occurrences of organ-specific autoimmune diseases and other human diseases, 

including type-1 diabetes, allergies, and cancer [140-144]. In rodents and humans, 

development of CD4+CD25+ Treg cells involves the forkhead family transcription 

factor Foxp3 [145]. In vitro retroviral gene transfer of Foxp3 could convert naive T 

cells to iTreg cells whose phenotype is similar to that of naturally occurring CD4+ 

regulatory T cells [139]. Foxp3 deletion contributes to the lack of functional Treg 

cells in the periphery and occurrence of systemic autoimmunity [145]. Foxp3 
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expression is also necessary for maintaining Treg cells’ function [146] because  

decreased expression of Foxp3 in mouse Treg cells could abolish their suppressor 

function [147]. Although Foxp3 is not necessary for survival of Treg precursors, 

Foxp3 could amplify and stabilize molecular features of Treg precursor cells 

(including increased CD25 and CTLA4) and make them permanent [148]. 

Conditional deletion of Foxp3 gene in fully differentiated peripheral Treg cells led to 

loss of ‘normal’ gene expression pattern and suppressor function. Upon loss of Foxp3, 

‘ex-Treg’ cells were able to produce immune effector cytokines (including IFN-γ, IL-

4, and IL-17) [149].  

Foxp3 expression level must be constitutively high to induce maximum suppressive 

capacity [146] regardless of the state of T-cell activation in order to convert human 

CD4+ T cells into potent and stable Treg cells since activation-induced expression of 

Foxp3 is not sufficient to re-program human Teff into Treg cells [150-152]. And 

some researchers show that the Foxp3 capacity to reprogram human T cells into Treg 

cells is dose- and time-dependent [146]. Hence, the simple classification of T cells as 

Foxp3+ or Foxp3- is not adequate to decide their suppressive function, and Foxp3 

expression levels should be quantified over the course of T-cell activation before 

predictions of the T cell functional status can be made, at least in human Treg cells 

[146].   

 

Multiple master transcription factors are coexpressed in Treg and Th effector cells.  

Although as we discussed above that in most cases a transcription factor is dominant 

in one cell type, the phenomenon of coexpression of these factors has also been 
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observed. For example, T-bet, GATA3, and ROR𝛾𝛾t are expressed by the Treg cell 

subsets. T-bet and GATA3 expression level in Treg cells is much lower than that in T 

effector cells, and Treg cells’ CXCR3 expression relies on T-bet existence [153]. 

Although T-bet deletion, especially in Treg cells, has no correlation with Th1-related 

autoimmune diseases [153], it remains unclear whether T-bet expression in Treg cells 

plays a role in suppressing Th1-related immune responses [154, 155].  

Previous studies have shown that all T cells including all Treg cells express GATA3 

at a basal level; however, GATA3 could be expressed at a relatively high level in 

particularly activated Treg cells [153, 156, 157] and regulate several “Th2-specific” 

genes’ expression (including Ccr8 and ll1rl1) in Treg cells [158]. Contrary to T-bet 

expression in Treg cells, deletion of GATA3 specifically in Treg cells could cause 

mild to severe Th2-like autoimmunity [153, 156, 157, 159]. However, the causality of 

Th2-like autoimmunity is whether the absence of the “Th2-like” Treg cell subset or 

the removal of GATA3 basal expression in all Treg cells remains unclear [160].  

Similarly, probably due to the shared differentiation program between Th17 and Treg 

cells, RORγt and Foxp3 could be coexpressed, and this stage was initially treated as 

intermediate before lineage commitment to either Th17 or Treg cell fate [161-163]. 

However, recent studies might indicate that RORγt/Foxp3-coexpressing cells are a 

distinct subset of Treg cells [164] and Th2-related gut inflammation could be induced 

by deletion of RORγt in Foxp3-expressing cells [165].  

 

Coexpression of multiple master transcription factors is not only observed in Treg 

cells since T-bet/ROR𝛾𝛾t-coexpressing cells are able to produce both IL-17 and IFN-𝛾𝛾 
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[166-168] and are called Th1* cells. GATA3/T-bet and GATA3/ROR 𝛾𝛾 t dual 

expression is also discovered in mice and humans during type 2 immune responses, 

including helminth infection and asthmatic inflammation [169-171]. Nevertheless, 

particular functions of mixed phenotype cells and the synergistic/antagonistic effect 

of two master regulators on the expression of lineage-specific genes remain unclear 

and deserve further investigation [160]. 

Flexibility of CD4+ T cell subsets 
 
The first Th1-Th2 paradigm enlightened the community to characterize cytokines, 

signaling molecules and important effector transcription factors [129], however, this 

simplistic dichotomy also underestimated the complexity of flexibility in polarization 

of CD4+ cells [172, 173]. The initial idea that effector T helper cell subsets were 

distinct lineages was based on a series of in vitro experiments showing once naive 

cells had been polarized into Th1 or Th2 cells, these phenotypes would be reserved 

even when transferred into new polarizing conditions [174] and stable cytokine 

production had been established relying on a stable transcriptional program [175]. 

Expression of IL-12R complex 𝛽𝛽2 chain was relying on T-bet activation through 

IFN-𝛾𝛾 and STAT1 signaling [112] and conferred IL-12 responsiveness to Th1 cell 

lineage commitment [176]. IL-4 (Th2 cell cytokine) repressed IL-12 signaling and 

thus antagonizing Th1 cell differentiation [177]. With more studies on flexibility in 

polarization for Th1/Th2 cells both in mouse and human cells [178-180], the relative 

plasticity of early Th1 cells compared to rapidly committed Th2 cells might be caused 

by early loss of IL-12 receptor in Th2 cells [181]. Continued stimulation with 



 

 20 
 

antigens in vitro or chronic diseases in vivo might lead to the irreversible CD4+ T 

cells commitment [182].  

The interaction between Th1 and Th2 cells may also occur between Th17 and Th1 or 

Th2 cells [176] since IFN-𝛾𝛾 and IL-4 both inhibit IL-17 induction [92]. With the loss 

of T-bet in Th1 cells or Growth factor independent 1 (Gfi-1) which is induced by IL-4 

in Th2 cells, increase of IL-17 expression in CD4+ T cells was observed [134, 183, 

184]. Similarly, the relationship between Th17 and iTreg cells highly depends on 

TGF-𝛽𝛽 level. After in vitro ROR𝛾𝛾t and Foxp3 induction by TGF-𝛽𝛽, cells did not 

secrete IL-17 but possessed the dual potential to differentiate into either the Th17 or 

Treg cell lineage based on the cytokine environment and also the concentration of 

TGF-𝛽𝛽 [176]. Thymus-derived CD4+CD25+Foxp3+ regulatory T cells could produce 

IL-17 after exposure to IL-6 and would differentiate into Th17 cells [185]. The 

physiological significance of Treg conversion into effector cells might associate with 

restraining infections with specific viruses, microbial and fungal pathogens in vivo 

[176]. The local microenvironment (the exposure to specific cytokines, cell-cell, 

and/or cell-microorganism interplay) controls the directions of alternative cell fates 

that Foxp3+ cells could take on [176]. 

Some researchers proposed a model similar to energy levels of an electron in the atom 

(Figure 1.2 [186]) to explain the plastic relationship between CD4 subsets. With 

fewer energy levels, cells are more stable. In most cases, transitions occur from a 

higher-energy to lower-energy state to make cells more stable. As indicated in Figure 

1.2, Th1 phenotype can arise from Th17 cells through the transition from higher to 

lower energy levels. As suggested by experiments, being polarized in Th17 
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conditions for 3 weeks long, cells still failed to preserve IL-17 and IL-17F secretion 

and were converted to Th1 or Th2 cells in the presence of IL-12 or IL-4, respectively 

[166, 187]. In vivo memory CD4+CD62Llow Th17 cells behaved more resistant to 

conversion stimulus [187], and this might suggest differences between in vitro- and in 

vivo-generated Th17 cells. Naive CD4 T cells are most unstable and could 

differentiate to one of the known subsets after TCR stimulation and specific cytokine 

environment. 

 

Figure 1.2 Plastic CD4+ T Cell Model 

(Murphy KM, Stockinger B: Effector T cell plasticity: flexibility in the face of 
changing circumstances. Nature immunology 2010, 11(8):674-680.) 
This model describes transitions of plastic CD4+ T cells and suggests a potential 
hierarchy of stability similar to energy levels of an electron in the atom. Unstable 
naive CD4+ T cells can be differentiated into various subsets after TCR stimulation 
and specific conditions. iTreg, Th17, and Th1 cells maintain IL-12 receptor’s 
expression and thus remaining responsive to IL-12 signals, whereas Th2 cells lose IL-
12R expression in early differentiation path. An immediate state of Th1+2 could be 
induced from Th2 cells under influence of type I interferons, IFN-𝛾𝛾, and IL-12.  
 

Dynamic expression of several transcription factors has been implicated in 

modulating cell plasticity and development. Both Treg and Th17 cells could produce 
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IFN-𝛾𝛾 through T-bet induction, and losing Foxp3 expression might cause Treg cells 

to acquire Th2 or Th17 phenotype [154, 161, 166, 188-191]. Interestingly, T-bet and 

GATA3 may assist Foxp3 in suppressing ROR𝛾𝛾t in a redundant manner to maintain 

immune tolerance of Treg cells [153]. Th17 cell differentiation requires the existence 

of IRF4 both in vitro and in vivo [192] since its absence led to decreased ROR𝛾𝛾t 

expression, up-regulated Foxp3 expression, and no IL-17 production [176]. Runx1 is 

another important transcription factor that forms a complex with ROR 𝛾𝛾 t and 

participates in Th17 cell differentiation [134]. An interaction between Runx1 and 

Foxp3 is essential for Treg cells’ suppressive ability [193] and Runx-CBF 𝛽𝛽 

complexes control Foxp3 expression in regulatory T cells [194]. An iterative system 

approach has been applied to identify Th17 regulatory networks, and multiple Th17 

regulators, including Fosl2, have been associated with cellular plasticity [195]. 

Conditional deletion of Fosl2 in CD4+ T cells enabled IFN𝛾𝛾 production in Th17 and 

Th2 in vitro cultures, especially when subsequently exposing Th17 cells to Th1-

skewing conditions [195]. 

Mechanisms for T helper cell plasticity 
 
One core question to be asked is what elements could decide the relative stability 

between CD4+ subsets. As discussed above, microenvironments act as primary 

factors influencing cell differentiation and also stability. At the same time, the 

network of interactions between transcription factors, clonality or heterogeneity of 

cells (including in vivo versus in vitro differences), and epigenetic modifications 

(involve the chromatin modifications, small noncoding RNAs etc.) are also important 

factors.  
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Transcriptional regulatory network 

Although we often observe the expression of the same transcription factors in various 

cell types at different developmental stages, the function of transcription factors 

depends on the cell type and stage. One canonical instance is GATA3, whose 

expression is detected in T cell development. When GATA3 is expressed at high 

levels, the Th2 cell fate is determined; when it is expressed at low levels, it influences 

other cell types besides Th2. Meanwhile, many transcription factors may function as 

upstream, downstream, or cofactors of master regulators to form a regulatory network. 

Studies of Th17 cell differentiation network [195, 196] indicate that  besides ROR𝛾𝛾t, 

STAT3, IRF4, BATF, and Hif1𝛼𝛼, which were previously known involving Th17 cell 

differentiation, other transcription factors including Sp4, Etv6, Egr2, Fosl2, and IRF8 

are also important connecting nodes regulating IL-17 expression positively or 

negatively in the network landscape. Small influences either from the extracellular 

stimuli or cell-intrinsic fluctuation on core regulatory nodes and pathways could alter 

the balance among master regulators, thus affecting cell differentiation and stability in 

a cell type- and stage-specific manner.  

 

Cell clonality, heterogeneity and in vivo versus in vitro discrepancy 

The mystery of CD4 + T cell plasticity or stability is further complicated by concerns 

of clonality or heterogeneity in the cell population. As discussed above, early Th1 

cells remain reversible to a Th2 phenotype for a longer time period compared to 

“resistant” Th2 cells into Th1 phenotype [181], and this could be the outcome of 
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functional IL-4 signaling in Th1 cells or uncommitted cells present in the 

heterogeneous Th1 population [181]. In vitro polarization would never generate 100% 

identical cell populations and we should be cautious when we try to describe a 

population as plastic and assign properties to a ‘subset’ in the mixed population 

which is not represented by any individual cell [186]. If applicable, discriminating 

individual cell plasticity from heterogeneity should utilize the current single-cell 

technology (including scRNA-Seq, single cell imaging etc.) to remove artifacts 

coming from the not carefully examined mixed population. Also, the difference 

between differentiation conditions in vitro and in vivo may contribute substantially to 

cell polarization and heterogeneity, and in vitro cultured cells might not behave 

identically as in vivo generated cells as indicated by Th17 and Treg cells examples. In 

vivo generated Th17 cells stay more stable compared to in vitro counterparts [187]. In 

most cases, Treg cells could maintain their suppressive capacity and phenotype in a 

Th1-inducing environment while under highly inflammatory conditions leading to 

host death, Treg cells would lose their conventional phenotype and raise an effector 

profile with IFN-𝛾𝛾  production [154]. Hence, caution should be taken when we 

interpret our data from the heterogeneous cell population derived specifically in vitro 

and/or in vivo conditions.  

 

Chromatin and epigenetic views 

Epigenetics describes hereditable alterations in phenotype or gene expression without 

changes in DNA sequence. Histone protein N-terminal tails can be covalently 

modified through acetylation, methylation, and phosphorylation [197], and those 
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changes are related with activating or repressing gene transcription by relaxing or 

condensing the chromatin structure [198]. Differentiation of T helper cells is coupled 

to epigenetic changes in the chromatin structure, histone and DNA modifications, and 

small noncoding RNAs [199-201]. With broad usage of chromatin 

immunoprecipitation followed by high-throughput sequencing (ChIP-Seq), genome-

wide examination of histone modifications and DNA methylation in CD4+ T cell 

subsets provides more insights into mechanisms of T helper cell plasticity. 

Trimethylation of histone H3 lysine 4 (H3K4me3) is highly enriched at active 

promoters/enhancers near gene transcription start sites and is a permissive mark, 

whereas trimethylation of histone H3 lysine 27 (H3K27me3) is associated with 

downregulation or inactivity of nearby genes. Bivalent modifications (both 

permissive H3K4me3 and repressive H3K27me3 marks) at the same genomic regions 

may suggest poised genes are ready for switching to other phenotypes in response to 

cytokine environmental alterations [176]. Bivalent modifications are usually 

discovered in promoters of many master regulator genes, involving Tbx21, Gata3, 

Rorc, and Bcl6 etc. [202, 203]. Bivalent marks at Tbx21 (encoding T-bet) and Gata3 

genes in Th2 and Th1 cells respectively may help explain plasticity between Th1 and 

Th2 cells under certain inflammatory conditions [204]. Tbx21, Gata3, and Rorc are 

bivalently modified in Treg cells, and in vitro-generated Th17 cells show bivalent 

status at Tbx21 and Gata3 loci. Such ‘uncertainty’ of master transcription factors 

might associate with unstable status of Th17 and Treg cells compared to Th1/Th2 

cells (Figure 1.2). Such bivalent modifications may contribute to occurrence of mixed 

phenotype cells co-expressing multiple master regulators and bring lineage switch 
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when cells encounter transient extracellular signals during and/or after differentiation. 

Perturbation of the balance between master regulators may result in cell heterogeneity 

and flexibility, as observed in Treg cells [153].  

DNA methylation and microRNAs also provide tools to control stability of 

differentiated phenotypes [186, 205-207], especially in Treg cells. Thymus-derived 

nTreg cells and in vitro derived iTreg cells show different capabilities for 

reprogramming and also Foxp3 stability when subjected to other cell-types polarizing 

conditions. When nTreg cells were cultured in Th1 or Th17 cell-differentiation 

medium, a substantial fraction of IFN𝛾𝛾+Foxp3+ or IL-17+Foxp3+ cells occurred 

without decreased Foxp3 expression [162, 185, 202]. However, iTreg cells could 

rapidly upregulate IL-17 expression and lose Foxp3 expression when cultured in 

Th17 cell-differentiation medium [162]. A highly conserved CpG-rich element 

upstream of Foxp3 exon-1 locus [Treg cell-specific demethylated region (TSDR)] 

[208-212] between nTreg and iTreg cells might explain phenotypic variations. This 

region is methylated in iTreg cells and activated human conventional T cells while 

fully demethylated in nTreg cells. By inhibition of DNA methylation in iTreg cells, 

Foxp3 expression becomes stable [213]. It seems evident that DNA methylation has a 

general role in controlling T helper cell differentiation and plasticity rather than only 

the Foxp3 locus. Another tool could be the microRNAs. The deficiency of miR-146a 

in Treg cells led to loss of immunological tolerance and suppressive function of Treg 

[214], and miR-155 plays an important role in Th1, Th2 and Treg cell development 

[215-217]. MiR-326 promotes Th17 differentiation by targeting Ets-1, a negative 

regulator of Th17 differentiation [218]. MicroRNA miR-29 manages T-box 
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transcription factors (T-bet and Eomes) and IFN𝛾𝛾 production in Th1 differentiation 

[219, 220]. Those few examples demonstrate significant roles of miRNAs in T cell 

differentiation, and it is reasonable to assume miRNAs must be involved in T cell 

plasticity and contribute to regulatory networks among crucial transcription factors. 

Active Gene Regulatory Elements and Chromatin Structure 

Gene sequence and chromosome spatial localizations 
Although various cell types of an organism share identical DNA information, their 

genomes have diverse structural and organizational alterations during differentiation 

and replication and such fluctuation could influence gene expression and cellular 

stability [221]. Two-meter long DNA in mammalian cells is packed with histones and 

folded through different mechanisms into chromosomes, which occupy specific 

locations in the nucleus. Chromosomes are highly diverse in lengths, and are 

intricately folded in three dimensions [222]. Multiple levels of folding produce 

extensive contacts between various genomic regions [223]. During cell cycle 

replication and differentiation, structural re-organization of chromosomes will happen 

and affect gene expression and cellular activities, which in turn alter the interaction 

between chromosomal regions [223].  

Half a century ago, a gene locus on a single chromosome was treated as the main 

determinant of gene activity. Due to the shortage of profiling techniques, regulatory 

attributes were characterized as a one-dimensional sequence. Advances in high-

throughput and computational technologies have resulted in genome sequencing of 

thousands of organisms across all three domains of life [224]. Cost-effective 

sequencing techniques have exceeded manual annotation, because input data have 
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increased by orders of magnitude [225]. Next-Generation Sequencing methods 

provide researchers the possibility to sequence up to one gigabase in a single run 

[226]. Techniques including chromatin immunoprecipitation followed by deep 

sequencing (ChIP-seq) have yielded large datasets on transcription factor binding and 

post-translational histone modifications in different cell types. The versatile data 

obtained from NGS are now analyzed to provide insight into gene expression and loci 

structure [227]. Keeping pace with various high-throughput technologies, the flood of 

biological data, and increasing information about component interactions, 

multidimensional genome studies have emerged [228]. One-dimension study focuses 

on DNA sequence information, and two-dimension study reveals cellular components 

and interaction network domains. Three-dimension studies emphasize the importance 

of spatial localization of a gene to genome function [229], and four-dimension 

investigates genome-scale sequence changes during evolution [228]. Generating two-

dimensional reconstructions allows information in one-dimension to be correlated 

with another biological context [230]. In most cases, two-dimension information is 

helpful for evaluating one-dimension function. Two-dimension information can help 

analyze and explain experimental results and sometimes can spark new biological 

discovery. Also, reconstructions lay the foundation for computation of phenotypic 

traits and the field of systems biology [231]. Studies of chromosome three-

dimensional structures have emerged as researchers agree that both the genomic 

location and the spatial localization of a gene are functionally critical. With the 

growing number of fully sequenced genomes and high efficient NGS technologies, 

more and more researchers realize that genomes are evolutionally altering. Some 
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researchers have applied high-accuracy mass spectroscopy and NGS methods to re-

sequence small and substantial portion of E. coli genomes [232, 233]. They 

discovered that those genomes have adaptive evolution and the sequence alteration 

information can shed light on mechanisms and functions of genome adaptive 

evolutionary changes.   

 

Chromatin hypersensitive sites 
 
The structure of chromatin is not static nor uniform, as some chromatin regions have 

to be “open” for transcriptional regulations by transcription factors while “closed 

DNA” would stay compact stopping transcription from happening (Figure 1.3 [234]). 

It is always a key question to identify locations of regulatory elements in the genome 

to understand the regulatory machinery. Regulatory DNA regions coordinate cell-

specific gene expression [235], and in those regions nucleosomes can be modified to 

mediate accessibility of chromatin-binding proteins to DNA during transcription 

[236]. Those chromatin accessible regions involve a wide range of regulatory features 

including promoters, enhancers, silencers, insulators, and boundary elements [234]. 

DNase I hypersensitive sites (DHSs) give important information about the existence 

of regulatory elements and the chromatin state in cells [235, 237, 238]. Since the 

discovery of DHSs 30 years ago, they have been widely used as markers of regulatory 

DNA regions, and techniques based on DHS data have revealed thousands of 

regulatory elements in various types of cells. Thanks to the explosive development of 

Next-Generation Sequencing, DNase sequencing (DNase-seq) and assay for 

transposase-accessible chromatin with high-throughput sequencing (ATAC-seq) have 
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become the universal methodology to identify DNA accessibility on a genome-wide 

scale [237-240]. 

 

 

Figure 1.3 DNA Hypersensitive Sites 

(Wang Y-M, Zhou P, Wang L-Y, Li Z-H, Zhang Y-N, Zhang Y-X: Correlation 
between DNase I hypersensitive site distribution and gene expression in HeLa S3 
cells. PloS one 2012, 7(8):e42414.) 
This figure demonstrates DNA hypersensitive sites (DHS) in the chromatin. 

 

The single-cell DNase-Seq method has been available through these years for single-

cell or limited-cell inputs [241]. Jin et al. utilized the scDNase-Seq to map DHSs at 

the single-cell level in several different cell types [241], which indicate the cell-to-

cell variation within the population. The conventional DNase-seq technique requires 

millions of cells, which limits applications to cell lines or abundant primary cells 

[237]. The key idea of scDNase-Seq is to include a bacterial circular carrier DNA to 

minimize sample DNA loss during experiments [236]. Also, DNase-I digestion 

optimization and PCR conditions to amplify desired small DNA fragments are other 
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major changes compared to the bulk population method, though general procedures 

are similar to the conventional DNase-seq. The first step of scDNase-seq is to 

permeabilize cellular and nuclear membranes to allow DNase I enzyme entry to the 

nucleus. Genomic regions unbound by histones, transcription factors and/or other 

proteins are “open” and more accessible to the DNase I enzyme. This step will 

generate short DNA fragments from DHSs, and those small fragments are purified 

and sequenced using next-generation techniques. Data processing is initiated by 

alignment of short reads to the corresponding genome, and only unique and 

nonredundant reads are retained for further analysis. In conventional DNase-seq data, 

DHS peaks are defined as the enrichment of multiple peaks at specific genomic 

locations, which can be captured by existing peak-calling software like MACS. 

However, some analysis modifications are needed when applying to fewer than ten 

cells, since not enough reads would be identified at each DHS.  

DNase-seq was applied to nuclei isolated from C. elegan embryos and L1 arrest 

larvae to profile high-resolution transcription factor binding maps [242]. DNase-seq 

along with RNA-seq assays helped identify bone morphogenetic protein 4 (BMP4) 

signaling in breast cancer [243]. Applications of DNase-seq are not limited to 

hypersensitive sites since DNase I could be used to precisely map translational 

positions of in vivo nucleosomes [244]. DNase-seq also has the potential to predict 

transcription factor occupancy via footprints [245] and reveal the regulatory 

interaction between specific transcription factors and genes [246]. Conventional 

DHSs usually span hundreds to thousands of nucleotides and their lengths are much 

longer than true TF binding motifs, which makes it difficult to infer exact TF binding 
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loci in real experiments. However, when sequencing depths increase to a very high 

level, the “footprints” of TF binding could be precisely observed. The ENCODE 

project [247, 248] described a metric sensitive to sharp drops in the DNase signal 

within a DHS as the Footprint Occupancy Score (FOS) [249]. This enlightened the 

pathway to reconstruct TF-TF interaction networks in different cell types and 

organisms [250]. Footprint detection requires dedicated algorithms [246], and it is 

necessary to evaluate and modify algorithm parameters based on specific 

experimental conditions.  

Another common method, ATAC-seq, is very useful to identify open chromatin 

regions and infer DNA-binding proteins using ‘footprinting’ [238]. This technique 

involves prokaryotic hyperactive Tn5 transposase [251, 252] to tag regulatory regions. 

In ATAC-seq Tn5 transposase integrates its adaptor into regulatory regions of 

chromatin, while in less accessible regions such transposition is less favorable. With 

Tn5 insertions, PCR amplifiable DNA fragments are preferentially generated at open 

chromatin regions [238]. Similar to DNase-seq, ATAC-seq simultaneously 

interrogates transcription factor occupancy and chromatin accessibility genome-wide 

by analyzing insertion positions and insertion lengths generated during transposition 

reactions. The single-cell assay for transposase-accessible chromatin (scATAC-seq) 

technique captures and assays individual cells using a programmable microfluidics 

platform with optimization parameters [253]. Transposition and PCR were processed 

on the integrated fluidics circuit then libraries were pooled including cell-identifying 

barcoded primers. DNA accessibility maps from individual lymphoblastoid cells 

obtained from scATAC-seq data shared similar characteristics of bulk ATAC-seq 
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data [253]. ATAC-seq was used to identify the repertoire of active promoters and 

enhancers during normal development and oncogenesis in vivo [254]. Some 

researchers integrated ATAC-seq and RNA-seq to characterize human alpha cells and 

beta cells and identified endocrine cell type-specific cis-regulatory elements [255]. 

ATAC-seq was also utilized to identify chromatin accessibility changes in the model 

organism Caenorhabditis elegans from embryogenesis to adulthood [256]. EOR-1 

was discovered as a unique transcription factor regulating chromatin dynamics during 

C. elegans development [256]. In the immune system, naive CD8+ T cells could 

differentiate into effector cells in response to acute infection and maintain a long-

lived pool of memory cells after infection clearance. Genome-wide chromatin 

accessibility and gene expression of CD8+ T cells reacting to acute and chronic viral 

infection were characterized using ATAC-seq and RNA-seq techniques [257]. Those 

differentially accessible regions were enriched for transcription factor binding sites 

including E2A, BATF, IRF4, T-bet, and TCF1, which were known for regulating T 

cell development and differentiation [257].  Several candidate biomarkers associated 

with aging immunodeficiency were identified when system immunology approaches 

and chromatin accessibility assays were applied in human donor cells [258]. 

The traditional ATAC-seq technique is optimized for exactly 50,000 cells for the sake 

of proper cellular DNA to Tn5 transposase ratio. ATAC-seq sensitivity and 

specificity would decrease considerably when starting with 500 or 5,000 cells [238]. 

Meanwhile, the cost-effect ratio of scDNase-seq [241] per sample is much lower than 

the commercially available transposase for ATAC-seq, though it is feasible to 

independently produce the ATAC-seq transposase in research labs [259]. Single-cell 
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ATAC-seq (scATAC-seq) protocols [260] involve either a programmable 

microfluidics platform or combinatorial indexing of nuclei. Compared to scDNase-

seq, these techniques could efficiently process a larger number of single cells at the 

same time although they require special knowledge and acquisition with the 

microfluidics machine. Every single cell can get more than 300,000 unique reads on 

average with saturation scDNase-seq, while individual cells passing quality filters for 

scATAC-seq get about 5,000 unique reads. Less than 10% of the bulk ATAC-seq 

identified promoters are detected in any individual cell scATAC-seq, while about 50% 

of bulk DHS promoter sites can be detected in scDNase-seq data. Hence, it is 

important to combine results from hundreds of single cell scATAC-seq data to draw 

trustworthy conclusions considering limitations of scATAC-seq ability to capture 

enough DHSs for an individual cell. 50,000 formaldehyde-fixed cells and larger cell 

numbers have been tested using ATAC-seq [261], while the scDNase-seq protocol is 

available for both native and formaldehyde-cross-linked cells. In this aspect, the 

scDNase-seq protocol increases the flexibility of experiment plan and sample 

preparation. Undoubtedly, the ATAC-seq protocol is also keeping improving to 

increase signal-to-background ratio and work on difficult cell lines, rare primary cells, 

and clinically relevant frozen tissues [262]. The new technique is called Omni-ATAC, 

which is an improved ATAC-seq protocol. Researchers demonstrated that both Omni-

ATAC and DNase-seq protocols were capable of identifying substantial numbers of 

peaks not found using the standard ATAC-seq method [262]. Lastly, formaldehyde-

assisted isolation of regulatory elements sequencing (FAIRE-seq) is another assay of 

DNA accessibility, although not as that popular as DNase-seq and ATAC-seq. 
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FAIRE-seq is more sensitive for distal regulatory elements detection compared to 

DNase-seq [263, 264]. However, the FAIRE-seq protocol requires 1 million to 10 

million cells, which makes its application to rare primary cells and other difficult-to-

get specimens infeasible. In a nutshell, both scDNase-seq and ATAC-seq protocols 

have been widely used in a range of cells and tissues to detect genome-wide DNA 

hypersensitive sites and regulatory regions. With each technique’s powers and 

limitations in mind, it is the researchers’ responsibility to choose the optimal protocol 

for special experiment materials in hand. 

3D structure and chromatin interaction 
 
The old-fashion concept that locations of genes on the chromosome were the primary 

determinants of gene activity has been abandoned substantially since more and more 

scientific evidence showed gene activities were highly influenced by the three- 

dimensional organization of regulatory elements and the corresponding chromatin 

interaction. Over the past decade a series of approaches have been developed to study 

three-dimensional chromosome folding based on sequence profiling technologies, 

such as high-throughput sequencing to detect the genome conformation and 

chromatin interaction (Hi-C and ChIA-PET) [265, 266]. These methods substantially 

rely on the chromosome conformation capture (3C) technique [222]. The underlying 

hypothesis is that if any pair of loci in the genome is in physically close proximity 

(possibly in the range of 10-100nm), frequencies of contacts should be high compared 

to random occurrence [267, 268]. Those techniques enable the study of how various 

cellular activities are affected by constraints of chromatin and chromosomal structure. 

DNA looping is a crucial element to bind promoters and distally located enhancers, 
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and influence the function of transcription initiation complexes (Figure 1.4 [223]). 

Fluorescence in situ hybridization (FISH) has been used to measure the influence of 

genomic distance on enhancers [269, 270].  

 

 
Figure 1.4 Connection Between Promoters and Enhancers 

(Pombo A, Dillon N: Three-dimensional genome architecture: players and 
mechanisms. Nature reviews Molecular cell biology 2015, 16(4):245-257.) 
This figure indicates the direct connection between promoters and enhancers through 
looping out of intervening genomic sequences. RNA polymerase II would bind to 
transcription factor binding enhancers before transcription activation. 
 
 

The rapid development of 3C-based techniques, including chromosome conformation 

capture on chip (4C) [271], 3C combined with high-throughput sequencing (4C-seq) 

[272], multiplexed 3C sequencing (3C-seq) [273], carbon-copy chromosome 

conformation capture (5C) [274], capture-C [275], genome conformation capture 

(GCC) [276], Hi-C [265], tethered conformation capture (TCC) [277], and targeted 

chromatin capture (T2C) [278], has accelerated the study of chromatin organization, 

making it possible to map interactions across different genomic distances with 

varying levels of resolution [223]. The core concept of 3C-based methods involves 

crosslinking and ligation of interacting regions. Those ligated regions are considered 

as chromatin contacts. However, background noise could come from both basal levels 

of random ligation [222] and inherent biases in restriction enzyme cutting efficiency. 
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Also, the fluctuation (temperature, time etc.) initiated in the process of crosslinking 

would highly contribute to variations among samples. We should be cautious when 

interpreting results from those ligation-based techniques.  

One of the most well studied DNA looping mechanisms is the formation of active 

chromatin hubs involving the locus control regions (LCR). ACH-type contacts have 

been reported in erythroid-specific mouse 𝛽𝛽-globin gene [279], mouse CD8 locus 

[280], human RUNX1 [281] and CFTR loci [282]. Active chromatin hubs formation 

might be able to create a specific chromatin folding structure. However, contacts 

between enhancers, promoters and silencers can be highly flexible and diverse rather 

than a single pattern like ACHs. The current discovery supports the function of 

cohesin and CCCTC-binding factor (CTCF) that promote interactions between 

distally located sequences. The core cohesin complex forms a ring structure and is 

loaded onto DNA in the cell cycle [283]. Cohesin is also involved in controlling gene 

expression through the stabilization of long-range interactions between cis-regulatory 

elements [223], and large numbers of cohesin-binding sites colocalize with CTCF 

binding in the mouse genome [284]. CTCF attracts great interest because it has been 

associated with insulators, which are sequences that block the action of enhancers on 

promoters [285], and is involved in promoting long-range interactions that stimulate 

transcription [223]. Ren et al. demonstrated that CTCF decreases cell-to-cell gene 

expression variations by stabilizing enhancer-promoter interactions [286].  

Some genomic regions contain high levels of chromatin interactions, which are 

interspersed with genomic regions with fewer interactions [223]. Some researchers 

define the self-interacting regions as topologically associating domains (TADs). The 



 

 38 
 

occurrence of topological domains is stable across different cell types and partially 

conserved among species. Housekeeping genes, rather than enhancers or transcription 

repression associated histone marks, are often enriched in boundaries between TADs. 

TAD is an individually folded structure with particular chromatin activities, which 

has the size of a kilo to megabase pairs. The central regions have high numbers of 

chromatin interactions, along with the high frequency of CTCF and cohesin binding 

events. Interestingly, CTCF binding is involved in inhibition of inter-interactions 

between TADs and delineation of boundaries between TADs [223].  There also exists 

highly dynamic structures of submegabase scale, i.e. smaller-size domains named 

sub-TADs [287-289], and chromatin loops [288, 290]. As complex entities controlled 

by different parameters, TADs’ chromatin interactions are likely to depend on active 

chromatin hubs (ACH) formation through enhancer-promoter organizations. The 

inner envelope of the nucleus is covered by lamins, and lamins help form the nuclear 

lamina. The nuclear lamina plays a vital role in organizing the spatial chromosome 

structure through contacts with chromatin and maintaining spatial locations on the 

inner nucleus. Lamina-associated domains (LADs) are regions of condensed 

chromatin bound by the nuclear lamina and are enriched for histone 3 Lys9 

dimethylation marks, which are related to heterochromatin and silent genes. LADs 

have a relatively low gene density and most of genes are inactive, indicating a 

repressive role in gene regulation. During cell differentiation, constitutive LADs 

(cLADs) maintain attachment with the lamina while facultative LADs (fLADs) 

become detached to activate gene expression within fLADs. After mitosis, some 



 

 39 
 

LADs can relocate to the nucleolus periphery, although the underlying mechanism 

remains unknown [291, 292].  

As discussed above, high-resolution 3C-based techniques and microscopy technology 

have revealed some complex chromatin organization and cellular functions [293, 294]. 

However, it is necessary to note that different experiment protocols may require 

specific computational algorithms and pipelines for profiling 3D chromatin 

interactions. A standard sequence-based 3D data processing involves raw reads 

mapping, fragment filtering, read-pair filtering, normalization, and downstream 

analysis [221]. Most critical parts are choices of statistical models and quantitative 

analyses since they are the prerequisite for correctly interpreting the data and 

discovering the chromosome folding mechanism. The Strings and Binders Switch 

(SBS) model was generated relying on the hypothesis that chromatin conformations 

happen during the interaction of specific binding sites with diffusing binding factors 

[221] and it has been used to decipher dynamic chromatin structures in spatial and 

temporal dimensions [295, 296]. TargetFinder, developed to reconstruct regulatory 

landscapes, has been reported to correctly infer interactions up to 2 Mb apart with a 

concentration on high-resolution intra-TAD interactions rather than inter-TAD 

interactions [297, 298]. A Mixture Poisson Regression Model and a power-law decay 

background were proposed to delineate specific sets of interacting genomic loci and 

regions [280], and integration analysis with DNase-seq and ChIP-seq data proved that 

Hi-C data contain informative interacting loci [299]. The multiscale correlation 

evaluation (MCORE) algorithm was introduced to quantify and compare chromatin 

patterns depending on mapped sequencing reads fluctuation spectrum [300]. Bortle et 
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al. concentrated on highly conserved insulator and Polycomb multiprotein complexes, 

which were previously known for mediating long-range interactions and nuclear 

structures [301]. Network analysis combined with epigenomic landscape was 

proposed recently to identify proteins and chromatin marks interceding genomic 

interactions [302]. Hi-C contact maps are the basis for Hi-C data analysis; a linear 

regression-based chromosome-level adjustment method called caICB [303] was 

developed to correct the copy number bias in the Hi-C interaction matrix. In order to 

infer 3D spatial associations within TADs from histone modification, chromatin 

accessibility, and gene expression profiles, EpiTensor was introduced to 

computationally characterize hotspots as critical factors maintaining 3D contacts 

[304]. 

It is another exciting research focus to apply 3C-based high-throughput profiling 

techniques to disease biology. Several studies have shown aberrant 3D chromatin 

structures and interactions in human diseases. Three-dimensional genome architecture 

rearrangements were directly observed in human diseases especially in cancer, and 

interaction frequencies were tissue-specific [305]. The complicated relationship 

between gene expression and chromatin 3D structure has been observed in breast 

cancer [306] and leukemia [299]. The recent study found that genomic duplications in 

human patient cells and mice could result in the formation of new chromatin domains 

(neo-TADs), and neo-TADs, in turn, could influence pathology consequences [307]. 

A new concept, enhancer hijacking, was proposed to explain the rearrangement of 

TAD boundaries, and enhancer hijacking was reported to control cancer-related gene 

overexpression in colorectal cancer [308]. Genetic mutations influencing 
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chromosome neighborhood boundaries were discovered in many types of cancer, and 

oncogene activation could happen in those malignant cells [309]. Human IDH mutant 

glioma had abnormal TADs and initiated oncogene expression because of 

hypermethylation at cohesin and CTCF binding sites [310]. TADs’ disruption has led 

to human limb malformations due to the rearrangement of chromatin interactions 

between promoters and enhancers [311].  

Within a short period of time, the numbers of 3D genome organization studies 

explosively increased, and various new techniques are under active development. 

Molecular imaging techniques, including quantitative 3D telomere fluorescence in 

situ hybridization (FISH) analysis and 3D super-resolution imaging (3D-SIM) [312, 

313], could become potent tools to validate genome-wide profiling results and their 

functional characteristics. We nevertheless should be cautious with the nature of 

ligation-based methods and corresponding data analysis. Multi-source information 

integration from different angles would be expected in studies to accurately interpret 

transcriptional regulation and functional entities [314]. 

 

Rationale and Significance 

CD4+ helper T cells play a significant role in host defense and immune-mediated 

diseases. CD4+ cells assist B cells in making antibodies, inducing macrophages, and 

recruiting neutrophils, eosinophils, and basophils to infection and inflammation sites. 

Antigen-inexperienced naive CD4+ T cells can differentiate and develop into 

specialized subsets of T helper cells in response to many microbial pathogens for 

various immune-related purposes. A further investigation of signals that control 
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CD4+ T cell lineage commitment versus flexibility/plasticity has clear implications 

for disease pathogenesis and new therapeutic applications, to fight infections and to 

manage autoimmune and allergic inflammatory disorders. A variety of autoimmunity 

diseases are associated with particular T cell types, and new therapeutic approaches 

for treating those diseases may be pragmatic if T cell responses are plastic. This topic 

of the mechanisms by which CD4+ T cells respond to environmental stimuli 

including virus infection and cell differentiation also represents a fundamentally 

essential and intriguing cell biological question of how the microenvironment impacts 

the organism’s intrinsic gene expression control networks. 

Marek’s disease (MD), which is highly contagious and caused by MDV infection, has 

a high mortality rate and results in considerable economic loss to the poultry industry. 

The current over-usage of vaccines and drugs promotes greater MDV virulence. Since 

CD4+ T cells are primary targets of Marek’s disease virus (MDV), it is reasonable to 

infer their unique and vital functions in disease progression. It is also justifiable to 

hypothesize that the viral infection in chickens would in turn influence CD4+ T cell 

differentiation and plasticity. Therefore, a better understanding of CD4+ T cell 

differentiation and plasticity would benefit substantially towards MD resistance.  

Other studies in mammals and yeasts have revealed significant involvement of 

chromatin accessibility changes and three-dimensional chromosome reorganization 

during development, disease progression, and viral infection, as discussed in the 

above literature review. Hence, we hypothesize that CD4+ T cell progression is 

universally navigated by epigenetic factors including DNA hypersensitive sites and 

chromatin topologically associated domains. The further testing and exploration of 
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this hypothesis will provide deep insight into the mechanism of MD progression and 

facilitate disease control and prevention in the poultry industry. Meanwhile, such 

genome research helps reveal the significance of genetic and environmental 

interaction networks behind complex diseases, viral infection, and even primary 

living activities. 

One aspect to test our hypothesis is to identify genes and regulators most likely 

related to MD-resistance and the universal influence of MDV infection on the hosts, 

including chromatin accessibility and three-dimensional chromosome organization. 

Two chicken lines with varying Marek’s disease resistance induced by Marek’s 

disease virus (MDV) infection provide an excellent model to study how CD4+ T cells 

behave differently in these two chicken lines, from the aspect of transcription activity 

and epigenetic factors, such as DNA hypersensitive sites and chromatin interactions, 

and how the fluctuation would explain the biological and disease response differences. 

We also anticipate studying CD4+ T cell differentiation in detail with regards to time, 

environment, and plasticity. However, the T cell differentiation model is well 

established in mice rather than chickens, which makes the further mechanistic study 

in chicken CD4+ cells technically tricky. In order to investigate the interaction 

between the animal’s genome and environmental factors, especially finding key 

regulators that control the animal’s immune response when facing changes in 

environment and viral infection, the mouse CD4+ T cell differentiation model is 

utilized in my study. My research is trying to answer questions if T helper subsets are 

intrinsically distinct cell populations and if they are capable of changing or adjusting 

their committed cell fates. Factors determining commitment and plasticity, including 
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transcription factors and epigenetic modifications, will also be investigated. High-

throughput and more sophisticated approaches discussed earlier in this introduction 

will generate comprehensive data sets and allow genome-wide analysis of CD4+ T 

cells’ epigenetic status. 

Although at first glance, different studies on chicken CD4+ T cell changes induced by 

Marek’s disease virus infection and on mouse CD4+ T cells plasticity with the focus 

on Th1 subsets have no apparent relationships, they are inherently and intricately 

related. The time-dependent plasticity of Th1 helper cells identified in mouse CD4+ T 

cells highly mimics the biological process that occurred in Marek’s disease resistant 

and susceptible chicken lines. The viral infection in chickens is only a system of 

environmental changes that could influence cell behavior and function, like the 

cytokine circumstances during the mouse Th1 cell differentiation process. To the best 

of our knowledge, our intriguing findings in mouse CD4+ T cells would facilitate our 

understanding of how phenotypic differences in the two inbred chicken lines correlate 

with CD4+ T cell differentiation in MD progression.   

Outcomes of this dissertation will further our understanding of epigenetic factors’ 

influence on CD4+ T cell differentiation and immune responses, in general, and the 

effect of MDV infection on host genomes, in particular. This dissertation consists of 

the following three parts: 

1. To investigate tissue-specific gene expression induced by MDV infection in 

the spleen, thymus, and bursa of chickens. 

2. To reveal chromatin accessibility and organization changes induced by MDV 

infection in chicken CD4+ T cells.  
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3. To decipher the mechanism of dynamic epigenetic status and plasticity during 

mouse CD4+ T cell differentiation.  
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Chapter 2 : Transcriptomic Analysis of Chicken Immune Organs 

Affected by Marek’s Disease Virus Infection 

Abstract 

Over the past decades, MDV has dramatically evolved towards more virulent strains 

and constructs a persistent threat to the world’s poultry industry. We performed 

genome-wide gene expression analysis in the spleen, thymus, and bursa tissues from 

MD-resistant line 63 and susceptible line 72 to explore the mechanism of MD 

resistance and susceptibility. By utilizing the robust RNA sequencing approach, we 

identified confident genes and pathways that were associated with transcriptional 

response to MDV infection. The transcriptome analysis revealed a tissue-specific 

expression pattern among immune organs when confronting MDV. At pathway and 

network levels, MDV infections influenced both cytokine-cytokine receptor 

interaction and cellular development in resistant and susceptible chicken lines. 

Meanwhile, we also observed the different genetic responses between the two chicken 

lines:  some pathways like Herpes simplex infection and Influenza A were found in 

line 63 spleen tissues whereas metabolic related pathways and DNA replication could 

only be observed in line 72 chickens. In summary, our research renders new 

perception into the MD progression mechanism and beckons further gene function 

studies into MD-resistance. 
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Introduction 

Marek’s disease (MD) is a chicken’s highly contagious and neuropathic disease 

caused by Marek’s disease virus (MDV), which is a cell-associated alphaherpesvirus 

that transforms T lymphocytes and triggers mononuclear tissue infiltration such as 

peripheral nerves, muscle, visceral organs, and skin [4-6]. MDV infection involves 

the early cytolytic stage, latency phase, and late cytolytic phase; at each stage of 

infection, the virus targets immune components of the host system [315]. MDV 

confronts primary target cells (B lymphocytes and activated CD4+ T lymphocytes) 

and reaches replication peak from three to seven days post-infection [10-12]. 7-8 days 

after infection, MDV progression switches from cytolytic phase to latency without 

producing infectious progeny in activated CD4+ T cells and infected B cells. 

Reactivation from latency to late cytolytic infection occurs around 2-3 weeks post-

infection in susceptible chickens [7]. The reactivation period (late cytolytic phase) is 

usually companioned with tumor formation and other acute disease symptoms. 

High-throughput gene expression analysis has been widely used to understand host-

virus interactions.   Before the RNA-Seq method, microarrays were helpful to detect 

host gene expression in chicken embryo fibroblasts [316] and spleen tissue [75, 77, 

79] using MD-resistant and MD-susceptible chicken models [39, 78, 80]. CD8A, IL8, 

USP1, and CTLA4 genes were considered as significant genes associated with MD-

resistance or –susceptibility by testing temporal transcriptome changes using three 

representative chicken lines [39]. By taking advantage of next-generation sequencing 

techniques, researchers have characterized differential genes in the spleen of broiler 
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and layer chickens, finding that TLR receptor and JAK/STAT signaling pathways 

were enriched following MDV infection [317].  

Well-defined chicken models involve two highly inbred chicken lines 63 and 72, sub-

lines of lines 6 and 7, which have been bred since 1939 and served as unique 

resources to explore the mechanistic difference towards MD response. Availability of 

chicken genome sequence [318] and next-generation sequencing techniques have 

altered our capability to identify more critical factors for MD resistance using these 

two chicken lines. Here we conducted genome-wide profiling of spleen, thymus, and 

bursa transcriptomes in MD-resistant line 63 and MD-susceptible line 72 using mRNA 

sequencing (RNA-Seq). Age-matched controls aiming at testing innate distinction 

among inbred chicken lines and those induced by MDV infection were implemented 

in our experimental design. Also, comparisons among immune organs would further 

uncover gene candidates related to different MD response. 

Materials and Methods 

Animals and experimental design 
 
Two inbred lines of White Leghorn (line 63 and line 72) were hatched, raised and 

maintained in Avian Disease and Oncology Laboratory (Michigan, USDA). Chickens 

from each line were separated into infected and non-infected groups respectively. 

Chickens from the infected group were injected intra-abdominally with a partially 

attenuated virulent plus strain of MDV (648A passage 40) at 5 days after hatching 

with a viral dosage of 500 plaque-forming units (PFU). At 21 days post-infection, 

chickens from each treatment and control group were sacrificed following standard 
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animal ethics and usage guidelines. Samples from spleen, thymus, and bursa organs 

were gathered, frozen and stored at -20 C until RNA extraction. 

RNA preparation and sequencing 
 
Spleen, bursa, and thymus samples were randomly selected from infected and control 

groups from line 63 and line 72 chickens. Approximately 30~50mg of the spleen, 

thymus, and bursa tissues were homogenized in TRizol Reagent (Qiagen, USA), and 

total RNA in infected and control groups was extracted by using RNeasy Mini Kit 

(Qiagen, USA). The mRNA isolation was performed using Oligotex mRNA Mini Kit 

(Qiagen USA) according to the manufacturer's instruction. Biological replicates were 

applied for further RNA-Seq library construction and analysis. About 300ng of 

mRNA was used to synthesize the first and second strands of cDNA by 

SuperScriptTM III Reverse Transcriptase (Invitrogen, USA) and Second Strand 

cDNA Synthesis Kit (NEB, USA). After sonication, the dscDNA fragment ends were 

repaired by T4 and Klenow DNA polymerase and underwent library construction 

procedures following Illumina. Each library was identified by adding a 6-bp adaptor 

and sequenced at 50-bp read by an Illumina HiSeq 2500 Sequencer. 

Differential expression and pathway analysis 
 
Raw sequencing data were checked for quality considering read counts, overall read 

quality, and read distribution, etc. The alignment to the reference genome (ICGSC 

Gallus_gallus-4.0/galGal4) downloaded from the UCSC Genome Brower 

(http://genome.ucsc.edu/) was performed by using an ultrafast memory-efficient short 

read aligner Bowtie [319]. First 15 bps from the original raw 50-bp reads were 

http://genome.ucsc.edu/
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trimmed to control the mapping quality. The counting matrix was generated by the 

summarizeOverlaps function in R. R package edgeR [320] and corresponding 

complementary functions GLM were executed to analyze count reads data and 

perform comparative analysis. The threshold of differentially expressed genes was set 

as 0.1 FDR. David [321] and Ingenuity Pathways Analysis (IPA) [322] were utilized 

to analyze the biological process, molecular functions and pathways enriched for 

those differentially expressed genes. 

Principal component analysis and Venn diagram construction 
 
After alignment of sequencing reads and the generation of counting matrix by 

summarizeOverlaps function in R, an integrated, normalized data matrix for the 

spleen, bursa, and thymus was created using Bioconductor’s DESeq [323] package. 

Principal components facilitate dimensionality reduction and noise filter, which 

identifies directions of maximum variance in the original data. The function prcomp 

in the R statistic package was used to perform PCA on the integrated, normalized data 

matrix. The top PCs were visualized using the factoextra package in R. The Venn 

diagram was constructed using Venn diagram function in R.  

Quantitative Real-time RT-PCR 
 
Several significant genes based on RNA-Seq analysis were validated by real-time 

PCR using the synthesized dscDNA described previously [39]. Real-time reactions 

were conducted with an iQ SYBR Green PCR Kit (Bio-rad, USA) according to 

manufacturer’s instructions. Primers were designed using Primer3 

(http://fokker.wi.mit.edu/primer3/input.htm). The melting temperature was 60℃, and 

http://fokker.wi.mit.edu/primer3/input.htm
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the length of amplicons was between 50-200bp. Ct values were calculated based on 

normalization of the housekeeping gene GAPDH, and three technical replicates were 

performed.  

Results 

Gene expression profiles of immune organs in MDV challenge experiments 
 
To discover genes that might involve in MDV response, we performed transcriptome 

analysis on the spleen, thymus, and bursa of Fabricius of two chicken lines at 21 days 

post-MDV infection. An integrated gene expression dataset of three immune organs 

was created as described in Materials and Methods. The data matrix contained 

normalized gene expression measurements of 24 samples for 17,108 genes. To 

explore whether the samples would form distinct groups based on their gene 

expression profiles, we used principal component analysis (PCA) on the data matrix, 

and the results were visualized by scatter plots (Figure 2.1). The preliminary PCA 

plot indicated the chicken samples tended to cluster by organs regardless of MDV 

infection when we examined the first two principal components, indicating tissue-

specific gene expression patterns after MDV infection. Also, the similarity of gene 

expression patterns between the spleen and thymus was higher compared to other 

combinations when we plotted PC2 and PC3. 
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Figure 2.1 PCA Plots. 

Two-dimensional PCA plots of 24 individuals indicate tissue-specific gene 
expression patterns with a slight similarity between chicken spleen and thymus 
organs. Cos2 values indicate quality of the representation for individuals on the 
principal components. A higher cos2 represents a better representation of the 
individual on the principal component.  

 

Genome-wide profiling of the spleen transcriptome at late cytolytic phase 
 
For the spleen tissues, more than 211 million sequence reads were generated and 

mapped to November 2011 version of the chicken genome (galGal4). Read counts 
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associated with annotated Ensembl genes [324] were calculated, and differential gene 

expression was profiled by the statistical package edgeR [320]. Comparisons were 

carried out between infected and control birds within each line, and birds underwent 

non-infection status from two lines to indicate disease response and baseline 

transcription differences.  

The behavior discrepancy between the two chicken lines (L63 and L72) is remarkable 

when challenged by MDV infection. We witnessed a significantly larger number of 

differentially expressed (DE) genes in the comparison between MDV-infected and 

non-infected line 72 chickens (susceptible chicken line) than that between MD-

resistance chickens. In general, the analysis detected 817 differentially expressed (DE) 

genes between infected and control line 63 chickens, and 4584 DE genes in L72 

chickens using a threshold of FDR<0.1 (Figure 2.2). Two chicken lines share 522 DE 

genes regardless of the changing direction. Interestingly, the direction of changes in 

these two lines is similar: a majority of the DE transcripts in the resistant line 63 (563 

out of 817, 68.91%) and the susceptible line 72 (2959 out of 4584, 64.55%) were 

downregulated. In those shared 522 DE genes, 136 genes were upregulated both in 

line 63 and 72 infected birds, and 365 genes were downregulated while the remaining 

21 genes displayed opposite alteration trends in resistant and susceptible chicken lines. 

When comparing the innate difference between two chicken lines, a majority of DE 

genes (801 out of 1118, 71.64%) exhibited higher expression levels in line 63. Almost 

half (548 out of 1118) of these genes were also differentially expressed in susceptible 

line 72 in response to MDV infection (84.49% downregulated). Those distinctions 
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between the two inbred chicken lines might reflect the baseline transcription that 

could be the possible contribution of varying MD-resistant phenotypes.  

 

 
 
Figure 2.2 Differentially Expressed Genes in Chicken Spleen Tissues 

In chicken spleen tissues, the analysis detected 817 differentially expressed genes 
between MDV infected and non-infected L63 chickens (left panel), and 4584 genes in 
L72 chickens (right panel) with FDR<0.1. Each red dot represents the individual 
differentially expressed gene. 

 

Thymus and bursa transcriptome profiling at late cytolytic phase 
 
Following the similar experimental design and analysis methodology, we examined 

the genome-wide transcription levels in the thymus and bursa organs at the late 

cytolytic phase for the above chicken lines. Similarly, considerably larger number of 

DE genes were observed in line 72 birds for both tissues. In thymus tissues, we 

discovered 734 DE genes in susceptible chicken lines while only 14 DE genes in 

resistant chicken lines using a threshold of FDR<0.1 (Figure 2.3). In the bursa organ, 

259 and 5387 DE genes were detected in resistant and susceptible chickens 

respectively with FDR<0.1 (Figure 2.4). Interestingly, the majority of DE genes were 
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upregulated in response to MDV infection in bursa and thymus tissues except for line 

63 chicken thymus. 

 

 
 
 
Figure 2.3 Differentially Expressed Genes in Thymus Tissue 

The volcano plot is showing the discovered 734 DE genes in susceptible line 72 
chickens while 14 DE genes in resistant line 63 birds using a threshold of FDR<0.1 in 
the thymus tissue. 

 

 

 

Figure 2.4 Differentially Expressed Genes in Bursa Tissue 

In the bursa organ, 259 and 5387 DE genes were detected in line 63 and line 72 
chickens respectively with FDR<0.1. 
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Comparisons between control birds in thymus and bursa organs revealed the intrinsic 

difference between chicken lines. Approximately 57% (266 out of 465) DE genes 

showed higher expression levels in the thymus of resistant line 63 chickens and 54.74% 

(1542 out of 2817) in the bursa of line 63 chickens. In summary, by conducting two 

sets of comparisons in different immune organs, we were able to uncover the innate 

and MDV-induced variation in two inbred chicken lines. A slightly larger proportion 

of genes exhibited higher baseline expression levels in the resistant line. However, 

more significant numbers of DE genes were detected in the susceptible chickens than 

in the resistant chickens at the late stage of infection, probably due to transcriptional 

activation during the late cytolytic phase in MDV-susceptible chickens. 

Witnessing the distinct features of these chicken lines, we attempted to characterize 

genes associated with MD-resistance and –susceptibility to pair-wise comparisons. 

We made the following hypothesis: genes differentially expressed after MDV 

infection in all three immune organs are likely a reflection of the typical host response 

and an immune network to viral infection; genes that are differentially expressed 

merely in one immune tissue could be part of an organ-specific host response and 

function to viral infection. According to this rationale, we identified common 

responses and organ-specific functional genes after MDV challenges (Figure 2.5). 

The majority of DE genes were only present in one tissue, which indicated the tissue-

specific expression patterns of MDV infection. Based on KEGG pathway, the 

significant pathway for those shared DE genes involved the cytokine-cytokine 

receptor interaction. 
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Figure 2.5 Venn Diagram Indicating Overlap Genes 

The Venn diagram indicates the overlap differentially expressed genes among 
different organs after Marek’s disease virus infection.  

 

Pathway analysis to reveal networks and biofunctions involved in MDV infection 
 
In the DE gene list, some well-known immune factors have been identified in 

previous studies. These include chemokine receptor 1 (Xcr1), chemokine receptor 2 

(CCR2), interleukin 1 receptor, type II (IL1R2), type I (IFNA) interferon, and type II 

(IFNG) interferon. Additionally, several other innate immune function genes were 

influenced, such as FYN oncogene related to SRC, FGR, YES (FYN), and CD247 
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molecule (cd247), which are involved in natural killer cell-mediated cytotoxicity.  

Interestingly, some profoundly affected genes have no known function in innate 

immune responses, including collagen type II alpha 1 (COL2A1) and growth factor 

receptor-bound protein 2 (GRB2). 

To identify enriched biological function and networks associated with the 

differentially expressed genes after MDV infection, we utilized the Ingenuity 

Pathway Analysis (IPA) and DAVID Bioinformatics Resources to analyze the gene 

sets obtained by comparing to age-matched uninfected controls. Top networks (from 

IPA) influenced by MDV infection in three organs are shown in Table 2.1.  From 

these networks, we noticed that the virus has an evident and broad impact on host 

gene expression in all immune organs of two chicken lines. Also, if we considered 

those genes associated with diseases and bio-functions, we discovered that by MDV 

infection, many genes were influenced, which are involved in metabolism, tissue 

development, and immune-related disorders. Those genes indicated broad similarities 

in the host response to MDV infection. Nevertheless, some unique networks, such as 

digestive system development and function, gastrointestinal disease, and hepatic 

system development and function, were only shown in the spleen of line 72 chickens 

after MDV infection (Table 2.1). To gain more insight into the bio-function 

associated with MDV infection, we utilized the IPA program to analyze disease and 

bio-function of those differentially expressed genes (Table 2.2). As might be expected, 

cancer and immunological illness were observed.  

Complementary to the discoveries from IPA, DAVID displays biological pathways 

that were altered (compared to a relevant control) during the host response to MDV 
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infection (Appendix I). Based on KEGG pathways [325], immune-related pathways, 

such as cytokine-cytokine receptor interaction (Figure 2.6), phagosome, herpes 

simplex infection, and lysosome, were involved in MDV infection response. Also 

interestingly we could notice the changes in focal adhesion and tight junction 

pathways, and this might relate to the viral progression in host bodies since MDV 

requires cell-to-cell contact for dispersal [80], and the virus might promote such 

communication by altering the expression of related tight junction formation genes.  

 

 

 

Table 2.1 Enriched networks in organs of chicken lines after MDV infection 

Lines Organ Enriched Network Functions 

L63 Spleen Cellular Development, Embryonic Development, Nervous System 
Development and Function 

Cancer, Respiratory Disease, Developmental Disorder 

Cell Death and Survival, Cellular Development, Cellular Function and 
Maintenance 

Developmental Disorder, Hereditary Disorder, Immunological Disease 

Cellular Function and Maintenance, Connective Tissue Development 
and Function 

 Bursa Cell-To-Cell Signaling and Interaction, Hematological System 
Development and Function, Immune Cell Trafficking 

Cardiac Hypertrophy, Cardiovascular Disease, Developmental Disorder 

Cellular Development, Embryonic Development, Organismal 
Development 

Cell-mediated Immune Response, Cellular Development, Cellular 
Function and Maintenance 
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 Thymus Cardiac Arrythmia, Cardiovascular Disease, Organismal Injury and 
Abnormalities 

Cell Death and Survival, Cell Morphology, Cellular Compromise 

L72 Spleen Cell-To-Cell Signaling and Interaction, Cell Signaling, Cell Morphology 

Post-Translational Modification, Dermatological Diseases and 
Conditions, Developmental Disorder 

Digestive System Development and Function, Gastrointestinal Disease, 
Hepatic System Development and Function 

Hematological Disease, Metabolic Disease, Protein Synthesis 

Embryonic Development, Organismal Development, Cellular Movement 

 Bursa Cellular Development, Cellular Growth and Proliferation, Hematological 
System Development and Function 

Cell-mediated Immune Response, Cellular Function and Maintenance 

Carbohydrate Metabolism, Cell Death and Survival, Cellular Movement 

DNA Replication, Recombination, and Repair, Developmental Disorder 

 Thymus Infectious Disease, Connective Tissue Disorders, Dental Disease 

Metabolic Disease, Lipid Metabolism, Small Molecule Biochemistry 

Humoral Immune Response, Protein Synthesis, Inflammatory 

ResponseCell-To-Cell Signaling and Interaction, Cell Signaling, 
Molecular Transport 

Cell Cycle, Cellular Development, Cellular Growth and Proliferation 
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Table 2.2 Top disease and bio-functions in chicken organs after MDV infection 

Lines Organ Diseases and Disorders Physiological System Development and 
Function 

L63 Spleen Metabolic Disease, Inflammatory 
Response, Immunological Disease, 
Cancer, Organismal Injury and 
Abnormalities 

Cardiovascular System Development and 
Function, Hepatic System Development 
and Function, Tissue Development, 
Connective Tissue Development and 
Function, Embryonic Development 

 Bursa Cancer, Organismal Injury and 
Abnormalities, Inflammatory Response 

Hematological System Development and 
Function, Cell-mediated Immune 
Response, Hematopoiesis, Lymphoid 
Tissue Structure and Development, 
Immune Cell Trafficking 

 Thymus Cardiovascular Disease, Organismal 
Injury and Abnormalities, Connective 
Tissue Disorders, Developmental 
Disorder, hereditary Disorder 

Cardiovascular System Development and 
Function, Embryonic Development, 
Organ Morphology, Organismal 
Development, Skeletal and Muscular 
System Development and Function 

L72 Spleen Cancer, Gastrointestinal Disease, 
Organismal Injury and Abnormalities, 
Reproductive System Disease, Hepatic 
System Disease 

Cardiovascular System Development and 
Function, Organismal Survival, 
Organismal Development, Tissue 
Morphology, Embryonic Development 

 Bursa Cancer, Organismal Injury and 
Abnormalities, Inflammatory Response, 
Hematological Response, 
Immunological Disease 

Hematological System Development and 
Function, Tissue Morphology, 
Hematopoiesis, Cell-mediated Immune 
Response, Lymphoid Tissue Structure and 
Development 

 Thymus Cancer, Inflammatory Response, 
Infectious Disease, Cardiovascular 
Disease, Gastrointestinal Disease 

Tissue Morphology, Organismal 
Development, Hematological System 
Development and Function, Immune Cell 
Trafficking, Humoral Immune Response 
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Figure 2.6 Cytokine-cytokine Receptor Interaction Pathway 

One example of the enriched pathway induced by MDV infection in line 63 chickens. 
Several genes from this pathway display differential expression patterns, as indicated 
by red stars in the figure.  
 
 

The potential native dissimilarity between lines makes the resistance different 
 
The underlying mechanism for the different response to MDV infection between two 

lines might not be straightforward since MD is a complex disease. One possible 

hypothesis is that before MDV infection, line 63 chickens could promote better 

immune system development and higher expression of innate immune-related genes 
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compared to line 72 chickens, while after MDV infection, line 63 chickens mount 

stronger induced immune response by regulating adaptive immunity gene activities. 

As demonstrated previously, baseline transcription differences were discovered 

between two lines (1118 DE genes in the spleen, 465 DE genes in the thymus, and 

2817 DE genes in the bursa) in tissues from the control (uninfected) birds. Among 

those genes, examples like Apoa4, C3, IL1RL1, LOC395914, Rag2, Smad5, 

CATHL2, TLR4, TNFRSF1A, Cxcl14, and IL1B are involved in immune system 

development and innate immune response. 

Gene expression disparity was also witnessed between these two lines after MDV 

infection (3852 DE genes in the spleen, 222 DE genes in the thymus, and 1439 DE 

genes in the bursa). We could notice changes of adaptive immunity genes including 

IL18, il10, IRF7, TAP2, SWAP70, Fas, CD28, TNFSF13B, TNFRSF13C, B-MA1, 

CD40LG, ada, HSPD1, PRKCD, and IFNG. For example, if we focused on the DE 

genes that only existed in the spleen tissue of line 63 but were not seen in the spleen 

tissue of line 72 chickens after MDV infection, we would detect two very interesting 

pathways: toll-like receptor signaling pathway and herpes simplex infection pathway. 

Therefore, regardless of MDV infection the inborn discrepancy between two lines 

might contribute to MD resistance mechanism. 

Experimental validation of differentially expressed genes 
 
To confirm the RNA-Seq reliability and differential expression among contrasting 

treatment groups, we randomly selected several DE genes and analyzed by qPCR 

with dscDNA as the template from sequencing samples. A reference gene with stable 

expression is necessary to avoid distortions in qPCR, so GAPDH was used as an 
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internal reference [78]. Notably, in the spleen organ, eight genes were examined in 

both L63 and L72 chickens in response to MDV infection (Figure 2.7). These eight 

genes manifested the concordant change direction compared to the RNA-Seq 

analysis-estimation, and the gene expression difference was verified. In general, the 

validation outcomes from qPCR assay provide us with further confidence in our 

analysis.  

 

 

 

Figure 2.7 Real-time PCR Validation. 

Eight genes (five up-regulated genes and three down-regulated genes) identified in 
spleen tissues of L63 and L72 chickens were selected for validation. Gene expression 
difference is confirmed if the direction of change is concordant (as estimated by 
RNA-Seq analysis). 
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Discussion 

With extensive studies, cytokine production in response to MDV infection and their 

potential immune functions against MD have been described including IL4 [46], IL6 

[326, 327], IL10 [328], IL18 [80, 326, 327], and IFN-γ [41, 329]. For instance, 

several studies together indicated the lacking association of IFN-γexpression with 

resistance against MD [327]. Meanwhile, increased IL6 and IL18 expression levels 

were observed in splenocytes of susceptible chickens. However, those cytokines 

alone do not adequately manifest interactions among vital immunological mediators 

and their receptors.  

We noticed several interesting DE genes including a set of chemokine receptors and 

interleukin receptors. For example, chemokine receptors XCR1, CCR2, and CX3CR1 

were upregulated in the resistant line’s spleen tissue at the late cytolytic phase, and 

interleukin receptors IL1R2, IL21R, IL4R, and IL11RA underwent dramatic 

expression changes. The XCL1-XCR1 axis is necessary for efficient cytotoxic 

immune response mediated by CD8+ T cells [330]. Also, CCR2 is indispensable for 

macrophage-dependent inflammatory reactions and regulates monocyte and 

macrophage recruitment [331], and has been correlated with delayed AIDS 

progression in HIV infection [332, 333]. The expression of CX3CR1 appears to 

induce both adhesion and migration of leukocytes [334]. Considering potential roles 

of these chemokine receptors in innate immunity and adaptive immunity against HIV 

infection etc., it’s reasonable to infer that upregulation of these chemokine receptors 

in MDV-infected birds from the resistant line might suggest a stronger anti-viral 

response compared to the susceptible line. Meanwhile, the over-expressed interleukin 
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receptor IL1R2 in the resistant chicken spleen indicates regulation of inflammatory 

response; researchers have revealed IL1R2’s function as a proinflammatory factor by 

activating several inflammatory cytokines’ expression [335]. Also in the chicken 

spleen, the upregulated IL4R (ENSGALG00000006313) promotes differentiation of 

Th2 cells [336], and IL21R (ENSGALG00000006318) fosters T cells, B cells, and 

natural killer cells’ proliferation and differentiation [337].  

Other interesting genes include signal transducer and activator of transcription 1 

(STAT1) and leukemia inhibitory factor (LIF). STAT1 was discovered through its 

involvement in interferon (IFN) signaling and its function in regulating cell growth 

and differentiation, immune response, antiviral activity, and homeostasis [338]. 

Challenged with chemical carcinogens, mice lacking STAT1 showed more rapid and 

frequent tumor development [339]. There was little or no STAT1 expression even 

after IFN treatment in some tumor cells and tumor-derived cell lines, and STAT1-

depleted cells resisted apoptosis in response to TNF or IFN-gamma [339, 340]. ChIP-

seq experiments using IFNγ-stimulated HeLa S3 cells indicated the genome-wide 

binding sites of STAT1 mainly fall into promoters and intronic regions, and 

suggested the high complexity of STAT1-mediated gene regulatory mechanism [341]. 

Leukemia inhibitory factor (LIF) was observed to stimulate proliferation of breast, 

kidney, and prostate cancer cells [342]. LIF inhibited Th17 cells differentiation by 

exerting an opposite effect on STAT3 phosphorylation, which is required for Th17 

cell differentiation, in experimental autoimmune encephalomyelitis mice [343]. When 

examining STAT1 and LIF expression levels in spleen tissues from the resistant 

chickens, it is interesting to note that STAT1 was overexpressed (with a logFC of 
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1.43), and LIF was downregulated (with a logFC -3.33) compared to the non-infected 

control birds. In resistant chickens, the high level of STAT1 might promote the 

expression of immune-related genes to fight against MDV while the inhibition of LIF 

could activate T cell differentiation under the MDV challenge.  Since these two genes 

were only differentially expressed in resistant rather than susceptible chicken lines, 

their biological functions may contribute to the phenotypic variations induced by 

MDV infection.   

In the three immune organs, we discovered common pathways including cytokine-

cytokine receptor interactions and cell adhesion molecules (CAMs) induced by MDV 

infection. The cytokines and cell adhesion molecules indicate the involvement of 

innate as well as adaptive inflammatory host defense against MDV infection and 

immune cell-cell interactions. In fact, most DE genes (as shown in Figure 2.5) and 

enriched pathways (Appendix I) identified in our study were tissue-specific. For 

instance, Herpes simplex infection and Influenza A pathways were mainly enriched in 

line 63 chicken spleen tissues, while tight junction and focal adhesion were enriched 

in line 63 chicken bursa tissues. In line 72 chickens, pathways associated with 

metabolism, cell cycle, and DNA replication were highly enriched in three organs 

induced by MDV infection. This observation is in line with previous findings that 

networks related to cell-mediated immune response were specifically enriched in line 

63 chickens [39, 344], broiler and layer chickens [317]. 

Although in recent years many studies examining gene expression changes related to 

MD have revealed the interaction between virus and hosts to some extent, the results 

from similar experiments vary significantly. Admittedly, the complex nature of 
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Marek's disease introduces confounding sources of variations, such as virus strains, 

the genetic background of birds and experimental procedures. Hence, it is arbitrary to 

compare results from experiments performed under different circumstances simply. 

In summary, we have carried out a comprehensive analysis of three immune organs’ 

transcriptome in inbred chicken lines showing differential reactions to MD with a 

focus on the spleen tissue because all stages of the MDV life cycle occur in the spleen 

[345]. To control the intrinsic transcriptional fluctuation and take full advantage of 

the similar genetic background of these inbred lines, we designed and performed a 

pair-wise experiment based on chicken lines and infection time. This methodology 

not only enabled us to characterize genes highly associated with MD resistance and 

susceptibility but also reveal a universal impact of MDV infection on the hosts. By 

using DAVID and IPA analysis, we observed remarkable distinctions between two 

lines both in the natural state and in response to MDV infection. We discovered 

enriched networks in metabolism, tissue development, gene expression, and cell 

signaling. Although our data have provided candidate genes and pathways controlling 

the different physiological response between two chicken lines, functional studies are 

necessary to validate impacts of those intriguing genes/pathways and elucidate the 

underlying mechanism associated with MD resistance. 
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Chapter 3 : Gene Expression, Chromatin Accessibility and 
Chromosome Organization in CD4+ T Cells Induced by 
Marek’s Disease Virus Infection in Chickens 
 

Abstract 

Two inbred line 63 and line 72 chickens show distinct phenotypes under the infection 

of Marek’s disease virus (MDV). As primary targets of MDV and immune response 

regulators, CD4+ T cells play a critical role in defending against viral infection. It is 

beneficial to understand epigenetic alterations occurred in CD4+ T cells for revealing 

MD resistance mechanism. To achieve this goal, we performed experiments to 

measure the differential response induced by MDV infection in CD4+ T cells 

between line 63 and line 72 chickens in both aspects of transcriptome and epigenome 

including chromatin accessibility and chromosome organization. We observed that 

more significant transcriptional activity changes occurred at 10 DPI compared to 5 

DPI. Gene ontology analysis showed that at 10 DPI line 63 chickens’ specific genes 

were enriched in robust adaptive immune response while there was no enrichment in 

line 72 chickens. The increase of chromatin accessibility levels and chromosome 

structural changes represented by compartment reorganization were mainly associated 

with line 63 chicken CD4+ T cells’ up-regulated genes induced by MDV infection at 

10 DPI. Our results validate the existence of widespread epigenetic modifications 

caused by MDV infection. Such changes in resistant chicken lines may contribute to 

the epigenetic regulatory mechanism for regulation of CD4+ T cells’ transcriptional 

activity and control of MD progression outcomes.  
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Introduction 

Chromatin accessibility, determined by “open” or “closed” conformation, is related to 

regulatory activities of gene expression. A Chromosome’s three-dimensional 

reorganization has been reported to associate with human and mice diseases. 

However, studies on the association between those epigenetic changes and poultry 

health, especially chickens, are limited. Marek’s disease (MD), with a high mortality 

rate, has resulted in a considerable economic loss to the poultry industry. Since the 

first discovery of Marek’s disease over 100 years, we have witnessed remarkable 

progress in vaccine development and understanding of immunity against MD; 

however, the over usage of vaccines conversely promotes greater virulence and more 

acute symptoms in susceptible birds. More broad knowledge of MDV susceptibility 

in chickens requires information from genetic and other environmental factors. The 

two highly inbred chicken lines 63 and 72, sub-lines of lines 6 and 7, have been bred 

since 1939 and served as unique resources to explore the mechanistic difference 

towards MD response. The availability of chicken genome sequence and next-

generation sequencing techniques have altered our capability to identify more critical 

factors for MD resistance [73, 317]. 

As target cells of MDV, CD4+ T cells play an essential role in viral replication and 

disease resistance. The study on how CD4+ T cells respond to viral infection in the 

epigenetic aspect would significantly benefit our understanding of the disease 

resistance mechanism. In the present research, ATAC-seq and Hi-C experiments on 

chicken splenic CD4+ T cells from MD-resistant line 63 and MD-susceptible line 72 

chickens were performed to characterize chromatin accessibility and organization 
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after MDV infection. We also conducted genome-wide profiling of splenic CD4+ T 

cells using mRNA sequencing (RNA-Seq) with limited cell numbers with the Smart-

seq2 protocol [346] to capture the fluctuation in transcriptional activities. Age-

matched control chickens without MDV infection were implemented in our 

experimental design.  

Materials and Methods 

Experimental animals and chicken CD4+ T cell isolation 
 
Two inbred lines of White Leghorn (line 63 and line 72) were hatched, raised and 

maintained in Avian Disease and Oncology Laboratory (Michigan, USDA). Chickens 

from each line were divided into infected (treatment) and non-infected (control) 

groups respectively. Chickens from the treatment group were injected intra-

abdominally with a partially attenuated virulent plus strain of MDV (648A passage 

10) at 5 days after hatching with a viral dosage of 500 plaque-forming units (PFU). At 

5 and 10 days post-infection, chickens from the treatment and control groups were 

sacrificed following standard animal ethics and usage guidelines. Samples from the 

spleen tissue were temporarily stored in the medium (PBS with 2% FBS and 1 mM 

EDTA) for CD4+ T cell isolation preparation. The spleen was meshed and filtered 

through a 70-𝜇𝜇m mesh nylon strainer to make a cell suspension in medium (PBS with 

2% FBS and 1 mM EDTA). Pellets were collected by centrifuge at 300g for 5 

minutes. 5 ml of ACK buffer was added to lyse blood red cells for 5 minutes at room 

temperature. The cell pellets were recollected by centrifuge at 300g for 5 minutes. 

Then the cells were resuspended at a cell concentration of 2 x 108 cells/ml. 5% 
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Normal mouse serum (Cat. 0050-01, SouthernBiotech) was added to block non-

specific antibody binding. 2𝜇𝜇g of mouse anti-chicken CD4-PE antibody (Cat. No. 

8210-09, SouthernBiotech) was added and mixed well. The binding was complete by 

incubating at room temperature for 15 minutes. Excess antibody was washed away by 

one time of wash with 10-fold excess medium (PBS with 2% FBS and 1 mM EDTA). 

Cells were resuspended to original volume for next selection step. EasySep PE 

Selection Cocktail from EasySep Positive Selection, PE Selection Kit (Cat. #18557, 

STEMCELL Technologies) was added at 100𝜇𝜇l/ml cells and mixed well. Second 

binding was complete by incubating at room temperature for 15 minutes. EasySep 

Magnetic Nanoparticles from EasySep Positive Selection, PE Selection Kit (Cat. 

#18557, STEMCELL Technologies) were added at 50𝜇𝜇l/ml cells and incubated at 

room temperature for 10 minutes. The splenic CD4+ T cells were enriched after three 

times of wash using a magnetic stand. After the last wash step, the tubes were 

removed from the magnet and cells were resuspended in an appropriate amount of 

medium (PBS with 2% FBS and 1 mM EDTA). The CD4+ T cell purity was accessed 

by flow cytometry, and an average 90%-95% purity was achieved. The positively 

selected CD4+ T cells were then processed differently according to the following 

protocol’s specific requirements. 

RNA preparation and sequencing 
 
Approximately 50,000 isolated splenic CD4+ T cells were homogenized and stored in 

DNA/RNA Shield (Cat. # R1100, Zymo Research) for total RNA extraction. Total 

RNA from splenic CD4+ T cells in infected and non-infected groups was extracted 

using Quick-RNA MicroPrep Kit (Cat. # R1050, Zymo Research, USA) according to 
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the manufacturer's instruction. Polyadenylated RNA was synthesized following the 

instructions in the Smart-seq2 protocol [346]. About 100ng of double-stranded cDNA 

was used for sonication to obtain random size DNA fragments. The dscDNA 

fragment ends were repaired by T4 and Klenow DNA polymerase and underwent 

library construction procedures following Illumina protocol instructions. Each library 

was identified by adding a 6-bp adaptor and sequenced at 50-bp read by an Illumina 

HiSeq 3000 Sequencer, as previously described [39]. 

CD4+ T cell ATAC-seq 
 
Approximately 50,000 isolated CD4+ T cells were cross-linked by adding 

formaldehyde to a final concentration of 1% and rotated at room temperature for 10 

minutes. 0.125M final concentration of glycine was added to stop the cross-link 

reaction. The cell pellets were collected by centrifuge at 300g for 5 minutes at 4 ℃. 

The cell pellets were washed twice with ice-cold PBS and stored in a -80℃ freezer 

for later usage. The cells were thawed on ice and transposition reaction using Tn5 

transposase was conducted on the resuspended nuclei at 37℃  for 30 minutes, 

following the ATAC-seq protocol [238]. EDTA was added to stop transposition 

reaction, and nuclei were incubated with proteinase K at 65 ℃ overnight to reverse-

crosslink. Cell DNA was purified using the conventional phenol-chloroform 

precipitation method. The transposed DNA fragments were amplified using PCR with 

8-bp adaptors added on the ends. Filtration in a 2% agarose gel was used to select 

PCR product fragments (DNA plus adaptors) from 200 to 500 bp. After purification, 

DNA quality was assessed by Qubit assay (Life Technology, USA) and was adjusted 
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for sequencing on the Illumina HiSeq 3000 Sequencer following manufacturer 

protocols. 

CD4+ T cell 3e Hi-C assay 
 
The three enzyme Hi-C (3e Hi-C) was utilized according to in situ Hi-C [288] with 

some modifications. Isolated CD4+ T cells were cross-linked with 1% formaldehyde 

for 10 minutes at room temperature. 1-2 million cells were lysed in 10 ml lysis buffer 

with rotation at 4℃ for one hour and then incubated with 400 𝜇𝜇L 1X NEB cutsmart 

buffer with 0.1% SDS at 65℃ for 10 minutes. Cell chromatin was afterward digested 

with 20 Units CviQ I (NEB, USA) and 20 Units CviA II (NEB, USA) at 25℃ for 20 

minutes, then with 20 Units Bfa I (NEB, USA) at 37 ℃ for 20 minutes. 600 𝜇𝜇L wash 

buffer (10 mM NaCl, 1 mM EDTA, 0.1% Triton X-100) was used twice to wash the 

cells. The DNA ends were marked with biotin containing dCTP, dTTP, biotin-14-

dATP, and ligated using T4 DNA ligase. After 65℃ overnight reverse crosslink, the 

samples’ DNA biotin labels were removed using T4 DNA polymerase. Sonication 

(Diagenode, USA) was used to fragment DNA into 300-500 bp. Fragmented DNA 

was end-repaired and A-added. Dynabeads MyOne Streptavidin C1 beads 

(Invitrogen, USA) were used to enrich the biotinylated DNA fragments according to 

manufacturer instructions. Illumina paired-end adaptors were ligated to the DNA on 

beads, and the enriched DNA was amplified using PCR with appropriate parameters. 

300 to 700 bp DNA fragments were selected using 2% E-gel and sequenced on Hi-

Seq 3000.  

Whole genome gene expression analysis 
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Mapping and Data Visualization. The raw RNA-Seq reads were mapped onto the 

chicken reference genome using Tophat [347] (by selecting options –transcriptome 

only and allowing 5 multi-hits). The gene annotation files for the chicken reference 

galGal4 was downloaded from UCSC. To quantify gene expression for a fair 

comparison among libraries, we computed RPKM values (Reads Per Kilobase of 

transcript per Million mapped reads) for each gene using a Python script 

rpkmforgenes.py [348]. Genes with RPKM values <1 were excluded from the 

following analysis. The function prcomp in the R statistic package was used to 

perform PCA analysis to detect the existence of batch effects and testing 

reproducibility of the data. For data visualization, we transformed the mapped bed 

files to bedgraph files using a window size equal to 20, and we uploaded the bedgraph 

files to the WashU Epigenome Browser [349].   

Differential Expression, Clustering, and Ontology Analysis. The transcript numbers 

of genes were used as an input for the R package edgeR [320] for computing the 

differential genes using two replicates. In order to get a better fit for the assumed 

statistical distribution in edgeR, we only considered the expressed genes as mentioned 

above. The thresholds of FDR and the fold change were set as 0.01 and 1.5, 

respectively. We applied the K-medoids (K=6) clustering method to the gene 

expression data for all four conditions. To perform clustering, we computed the 

variance of gene expression across all four experimental conditions. Genes with 

dispersion, defined as sd/mean, lower than 1 were filtered out. Then log-

transformation was used for the gene expression data, and the clustering results were 

visualized by plotting the z-score values of gene expression across experimental 
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conditions. Gene ontology analysis using the online Gene consortium platform [350] 

was used on the list of differentially expressed genes.  

Alignment and peak identification of ATAC-seq data 
 
We mapped the raw ATAC-seq data onto the chicken reference genome (galGal4) 

using Bowtie2 with default parameters (MAPQ>10). Peak enriched regions, which 

are mainly DNase hypersensitivity sites (DHSs), were identified using SICER with E-

value cutoff =0.01. We combined any two of the discovered DHS sites if they overlap 

> 1bp from different experimental conditions. To determine various DHS sites, we 

computed the number of reads in each of the combined DHSs for each library. We 

calculated the quantity CPM (count per million base pair) divided by peak lengths to 

quantify chromatin accessibility of those regions. Using the raw read counts in the 

DHSs we applied the same strategy as the RNA-Seq data to identify the differential 

DHSs. 

3e Hi-C data mapping and analysis 
 
Mapping, Visualization, and Normalization. We mapped the raw Hi-C data onto the 

chicken reference genome (galGal4) using Bowtie2 (the pair-ended mode allowing 

discordant pairs and MAPQ>30). We applied two ways to visualize the Hi-C 

interaction data. First, we used a bin with size = 1kb among the reference genome; we 

merely kept the PETS between any bin pairs if the numbers of PETS between the two 

bin pairs were more or equal to 2. We transformed the bed files to WashU 

visualization format and visualized the interaction data using WashU Epigenome 

Browser [349]. Second, we divided the genome into bins with equal sizes (bin size 
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=40kb), such that an interaction matrix was obtained. To normalize our Hi-C data for 

further analysis, we first filtered out the distance factor in the interaction matrix by 

dividing an expected interaction matrix. Then, we applied the matrix balancing 

method (KR-matrix balancing) regressing out the other elements. 

A/B compartments and Flipping. In order to compute the A/B compartments for the 

interaction matrices, we considered each row of the normalized matrix as a variable 

containing different values. We interpreted these different values as the interaction 

profiles of the genome location corresponding to the bin of the row. Then we 

computed the Pearson correlation between any two rows such that we obtained a 

correlation matrix with the same dimension as the interaction matrix. PCA analysis 

was applied to the correlation matrix, in which the first principal component is the 

indicator for the A/B compartment. We consider those bins that have the switching of 

the sign of PC1 vector to be the flipping of A/B compartments. In particular, the A 

compartment is defined as related to euchromatin regions, and the B compartment is 

defined as relevant to the heterochromatin regions. By combining with the ATAC-seq 

data, we recognized the flipping from A to B or B to A. 

 

Results 

Transcriptional activity changes caused by MDV infection 
 
We sampled two time-points of MD progression (5 and 10 DPI) by including 4 

biological replicates in each treatment condition. The sequencing reads from chicken 

CD4+ T cell RNA-Seq were analyzed and the mapping statistics of libraries is 

summarized in Appendix II. The average mapping rate was about 65%. Using small 
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number of cells, we could still capture the transcriptional activity of genes and notice 

the expression differences induced by MDV infection in CD4+ T cells (Appendix 

III). We computed differentially expressed genes between same lines with and 

without infection and compared the up-regulated and down-regulated gene lists 

among different chicken lines for different infection days (i.e., 5 DPI and 10 DPI) 

(Figure 3.1). In general, our detected gene expression levels for CD4+ T cells at 5 

DPI were much lower compared to those at 10 DPI, and more transcriptional activity 

changes were observed at 10 DPI regardless of chicken lines. There were 570 

differentially expressed genes (319 up-regulated and 251 down-regulated) in line 63 

chickens induced by MDV infection at 10 DPI, and there were 303 DEGs (224 up-

regulated and 79 down-regulated) in line 72 chickens. The genes’ overlapping 

information can be found in Figure 3.1.  

 

 
 
Figure 3.1 Venn Diagram of DEG Lists 

(In collaboration with Dr. Wai Lim Ku from Dr. Keji Zhao’s lab in NHLBI, NIH) 
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Each set in this figure stands for the number of differentially expressed genes 
comparing within the same line with and without MDV infection. Blue sets indicate 
the up-regulated genes in infected groups and red sets stand for the down-regulated 
genes in infected groups. For instance, there were 319 (298+21) up-regulated genes 
when comparing line 63 infected chickens to line 63 non-infected (control) chickens at 
10 DPI. The Venn diagram shows the overlapping gene numbers identified between 
different sets as indicated in the figure.  
 
 

Genes related to immune response were highly enriched in line 63 chickens 
 
In order to visualize the dynamic transcriptional activities initiated by MDV infection, 

the hierarchical clustering of gene expression changes was plotted. We extracted 

genes with dispersion larger than 1 over all conditions and performed the K-medoids 

clustering (K=6) (Figure 3.2). It was obvious that some genes’ expression levels 

increased dynamically over time as shown in the cluster. In line 63 chickens, the 

infection of MDV caused a dramatic change in the gene expression profile from 5 

DPI to 10 DPI, while the patterns in line 72 chickens remained constant regardless of 

MDV infection. Line 63 chickens are resistant to MDV infection without the 

development of tumors, and it may be due to the lack of MDV latency establishment 

around 2 weeks after infection. Hence, we mainly focused on 10 DPI, representing 

the latent stage of MD progression, and conducted functional annotation of the 

differentially expressed genes identified in CD4+ T cells of line 63 and line 72 

chickens at 10 DPI (Figure 3.2). In line 63 chickens, the most significantly enriched 

pathways were associated with the substantial adaptive immune response including 

lymphocytes proliferation and activation, interleukin production, and regulations of 

cytokine production. However, those immune pathways were not observed in line 72 

chickens after MDV infection, and only metabolic processes were enriched. It is 
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reasonable to infer that the failure of line 72 chickens to induce potent immune 

response after MDV infection may lead to the expansion of MDV during recovery 

from latency.   

 
 
 
 
 
A 
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Figure 3.2 Hierarchical Clustering and Gene Ontology 

(In collaboration with Dr. Wai Lim Ku from Dr. Keji Zhao’s lab in NHLBI, NIH) 
A) Unsupervised clustering reveals striking patterns of dynamic gene expression at 
each time-point. Each row indicates a single gene and the color represents its relative 
expression level. Genes with dispersion larger than 1 over all conditions are included 
in K-medoids clustering (K = 6). Z-score is computed across conditions and clustered 
as shown.  (B) Gene Ontology analysis shows the enriched pathway of CD4+ T cells 
in lines 63 and 72 chickens after MDV infection. The color represents the –log of the 
p-value. A high value indicates the specific genes are more enriched in the gene 
ontology terms (redder). 
 
 

Correlation between chromatin accessibility and differential gene expression 
 
To reveal the potential roles of chromatin accessibility on gene expression associated 

with MDV infection, we generated ATAC-seq data using the next-generation 

sequencing in chicken CD4+ T cells with similar experimental settings as RNA-Seq. 

The unique mapped reads were used to identify the peak enrichment regions, which 

are mainly DNA hypersensitive sites (DHSs). Up-regulated and down-regulated 

peaks were computed by comparing the same line chickens with and without MDV 

infection. Our ATAC-seq data generated enough unique reads to characterize the 

genome-wide DHS changes (Appendix III and Appendix IV). Here we mainly 

focused on 10 DPI for two reasons: 1) 10 DPI is a critical time-point for establishing 

latency in susceptible chicken lines, and no significant enrichment of virus load is 

observed in resistant chickens and 2) Our RNA-Seq data suggested a more interesting 

gene expression pattern in 10 DPI chicken lines, and we hoped to study the 

relationship between chromatin accessibility and transcriptional activities. Here we 

identified 901 up-regulated and 403 down-regulated peaks in line 63 chickens 

(infected vs. control) at 10 DPI and 1133 up-regulated and 439 down-regulated peaks 

in line 72 chickens (infected vs. control) at 10 DPI (Figure 3.3). There were 316 
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overlapping up-regulated and 99 overlapping down-regulated peaks between line 63 

and line 72 chickens induced by MDV infection (Figure 3.3). We named those genes 

that were only up-regulated in one treatment condition as that treatment-specific 

genes. In order to find the relationship between chromatin accessibility and gene 

expression, we annotated 4 groups of genes (i.e., L63 non-infected specific genes, L72 

non-infected specific genes, L63 infected specific genes, and L72 infected specific 

genes) with the DNA hypersensitive sites (DHSs). Then we plotted the chromatin 

accessibility density in each condition for those treatment-specific genes (Figure 3.3). 

For line 63 non-infected specific genes (specifically down-regulated genes when 

comparing line 63 infected to non-infected chickens), chromatin accessibility of 

CD4+ T cells in both line 63 and line 72 non-infected (control) chickens was higher (P 

< 0.01). For both line 72 non-infected specific genes (i.e., specifically down-regulated 

genes induced by MDV infection) and line 72 infected specific genes (i.e., specifically 

up-regulated genes induced by MDV infection), chromatin accessibility of those 

genes in CD4+ T cells did not change significantly (P > 0.05). Interestingly, line 63 

infected specific genes (i.e., specifically up-regulated genes induced by MDV 

infection in line 63 chickens) had significantly higher accessibility in line 63 infected 

chickens compared to non-infected chickens (P < 0.01); such difference was not 

observed in line 72 chickens (P > 0.05). Among those comparisons, we found that 

only line 63 specifically up-regulated genes induced by MDV infection were 

accompanied by the increase of chromatin accessibility levels. Gene expression 

regulation involves a wide range of mechanisms and sophisticated programs 

including DNA methylation, histone modifications, non-coding RNAs, nucleosome 
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positioning, and chromatin architectures etc. It is reasonable to infer that no 

correlation between other chicken lines’ specific genes (except line 63 infected 

specific genes) and chromatin accessibility is the outcome of the complex gene 

regulation networks.  

 
 
 
 
 
 
A 
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Figure 3.3 Chromatin Accessibility and Gene Expression 

(In collaboration with Dr. Wai Lim Ku from Dr. Keji Zhao’s lab in NHLBI, NIH) 
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(A) Each set in this figure stands for the number of up-regulated (blue) or down-
regulated (red) peaks comparing within the same line with and without MDV 
infection (infected vs. control). The Venn diagram shows the overlapping peak 
numbers identified in each set as indicated in the figure. (B) CDF plots of chromatin 
accessibility between infected and non-infected chickens for specific gene sets. 
Specific genes indicate their expression levels are higher in that treatment condition. 
The left panel stands for line 63 groups, and the right panel represents line 72 groups. 
Infected groups are annotated with blue lines, and non-infected groups are colored red.  
 

Gene expression and chromatin organization 
 
To investigate if chromatin reorganization could happen after MDV infection, 

primarily at 10 DPI, we performed Hi-C experiments on line 63 and line 72 chickens 

with and without MDV infection using two biological replicates (Appendix IV). The 

reproducibility between two biological replicates was high (Figure 3.4). By further 

analysis of A/B compartments, we observed 2317 numbers of A/B compartment 

flipping events whole genome-wide from two chicken lines. Some A/B compartment 

flips were only witnessed in CD4+ T cells of line 63 chickens (infected vs. control) 

(Figure 3.5). In general, the A compartment is often associated with open and active 

chromatin profiles and the B compartment is often related to repressive chromatin 

accessibility. Here we focused on the A/B compartment flipping caused by MDV 

infection in line 63 chicken CD4+ T cells and separated genomic regions based on 

repressive to active (B to A) flips and active to repressive (A to B) flips in the non-

infected (control) group. For repressive to active flipping regions that occurred in 

non-infected line 63 chickens, we did not observe gene expression changes induced 

by MDV infection (Figure 3.5). For non-infected line 63 chickens active to repressive 

flipping regions, gene expression levels were higher in line 63 infected chickens 

compared to non-infected controls, although the P-value was not that significant (P = 
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0.073). This observation implies that the open chromosome structure in line 63 

chickens induced by MDV infection, which is indicated by the active to repressive 

flipping in non-infected controls, was correlated with local higher gene expression 

levels. This finding is in line with our previous observation that the expression of 

specifically up-regulated genes in line 63 chickens was related to the increase of 

chromatin accessibility levels. 

 
 

 
 
Figure 3.4 Reproducibility of Hi-C Data 

(In collaboration with Dr. Wai Lim Ku from Dr. Keji Zhao’s lab in NHLBI, NIH) 
This figure shows the correlation of the first principal component of Hi-C data for 
two biological replicates. Compartment analysis is performed for the Hi-C data in 
both infected and non-infected chickens. Scatter plots for the PC1 values obtained 
from the compartment analysis are plotted between two replicates.  
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Figure 3.5 A/B Compartment and Correlation with Gene Expression 

(In collaboration with Dr. Wai Lim Ku from Dr. Keji Zhao’s lab in NHLBI, NIH) 
(A) This figure shows an example of A/B compartment flips in chromosome 20. (B) 
CDF plots of gene expression in flipping regions (non-infected vs. infected line 63 
chickens) of line 63 infected and non-infected chickens. Each flipping locus is 
annotated with the residing gene, and corresponding expression levels are measured 
by the RNA-Seq data.   
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Discussion 

ATAC-seq (Assay for Transposase-Accessible Chromatin using sequencing) is a 

technique used in molecular biology to characterize chromatin accessibility levels, 

based on the genome-wide sequencing of regions sensitive for Tn5 transposase 

insertion. Identifying enrichment peaks from ATAC-seq is the primary step to find 

candidate regulatory regions. Hi-C is widely used to identify chromatin interactions in 

the nucleus comprehensively. Although these techniques have been extensively used 

in mammals and yeasts, their usage in vertebrates, especially chickens, is limited. We 

hoped to study the relationship between chromatin structures (including accessibility 

and three-dimensional organization) and gene expression induced by Marek’s disease 

virus infection. Consequently, we chose CD4+ T cells, the primary targets of MDV, 

as our research focus, and applied these techniques to our unique chicken models 

(line 63 and line 72 birds).  

In total, thousands of significantly enriched peaks were identified within the genome 

of CD4+ T cells induced by MDV infection. Transcriptional activity changes induced 

by MDV infection in line 63 resistant chickens suggested a boost of robust immune 

response against the viral infection, which was not observed in line 72 susceptible 

chickens. This phenomenon might help explain the intrinsic difference between these 

two chicken lines since the strong immune response in line 63 chickens play a critical 

role in restraining viral replication after the latency phase. Line 72 chickens remained 

“blind” to the virus intrusion and became vulnerable to viral replication and tumor 

formation after the latency phase. The gene expression alterations were correlated 

with chromatin accessibility changes in line 63 chickens, and our data identified 1304 
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differentially enriched peaks induced by MDV infection in line 63 chickens. Although 

we observed some connections between chromatin accessibility and gene expression, 

the lack of complete chicken protein binding motif database stopped us from 

searching for potential transcription factors controlling the difference between line 63 

and line 72 chickens. The differentially expressed gene lists provide us many essential 

candidate genes responsible for MD resistance; however, factors in the center of the 

complex regulatory network remain unknown. Hopefully, with the development of 

more chicken genome databases including protein-binding motifs in the near future, 

we could explore vital regulatory factors influencing MD resistance beyond the 

general correlation between chromatin accessibility and gene expression.  

Our Hi-C data suggested that the global chromosome reorganization was induced by 

MDV infection, especially in line 63 resistant chickens. Since viral infection could 

cause changes of chromatin domains in general, it is reasonable to believe some 

alterations of local interactions (including promoter-enhancer-interactions) would 

influence the expression of essential immune-related transcription factors. At the 

most basic level, TADs (topologically associating domains) stand for the genome 

physical structure. Usually, within the TAD the connections are self-associated, and 

between the barrier regions in neighboring TADs there is an “insulation layer”. 

Reports show that there are relatively fewer interactions across the TAD boundaries, 

and housekeeping genes are typically found at the boundaries. The stability of TADs 

is critical for maintaining the normal physiological activities of the cell. In our study, 

the A/B compartment flipping initiated by MDV infection may happen in TADs or 

even most local levels consisting individual “loops” [288] or “insulation 
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neighborhoods” [289]. This hypothesis is in line with previous findings that sub-

TADs, loops, and insulation neighborhoods seemed to vary between different cell 

lineages [288, 289] and were involved in cell-type-specific regulatory events. Some 

researchers believe that TADs are the large and invariant scaffold of genome structure 

within which cell-type-specific sub-domains (including loops and insulation 

neighbors) can adjust their dynamic structure to regulate the lineage-specific gene 

expression [351]. The chromosome structure changes observed in line 63 resistant 

chickens could provide us critical information about potential promoter-enhancer 

interactions. These interactions may influence the transcription factor binding and the 

expression of essential immune-related genes. The interplay among these factors may 

eventually determine MDV infection outcomes.  

In summary, our study identified more significant transcriptional activities in chicken 

CD4+ T cells at 10 DPI compared to 5 DPI. At the transcriptional level, pathways 

related to robust immune response were enriched in line 63 chickens rather than line 

72 chickens at 10 DPI. Increased chromatin accessibility and substantial chromosome 

structure changes were associated with specifically up-regulated genes in line 63 

chicken CD4+ T cells induced by MDV infection at 10 DPI. Our analysis confirmed 

the extensive epigenetic alteration caused by MDV infection and indicated the 

potential epigenetic regulation on CD4+ T cells’ transcriptional activities. Future 

directions of this study may fall into the following aspects: functional validations of 

both chromosome structure changes and transcriptional activities in chicken CD4+ T 

cells related to MDV infection. Fluorescence in situ hybridization (FISH) would be a 

useful technique to reveal the spatial organization of specific regions. Also, 
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conditional gene knockout chickens could be used to validate genes’ biological 

functions under physiological conditions after MDV infection.  
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Chapter 4 : Dynamic Epigenetic Status and Plasticity during 

Mouse CD4+ T Cell Differentiation 

Abstract 

As a subset of T lymphocytes, T helper cells can regulate other immune cells by 

releasing cytokines to mediate the immune response. Current T cell differentiation 

models invoke separate subsets governed by lineage-specifying transcription factors. 

However, the knowledge on the plasticity of Th1 cell lineage commitment is not 

complete. Here we show that in the presence of Treg lineage-defining cytokines, Th1 

cells could reprogram to adopt a T-bet+Foxp3+ “Th1+Treg” phenotype in a time-

dependent manner. We discovered a transition stage between 48 hours (plastic) and 

72 hours (committed) during the Th1 differentiation path. Interestedly, T-bet was not 

the direct factor determining the Th1 cell reprogramming efficiency.  DNase-Seq, 

RNA-Seq, and chromosome interaction data at different time points indicated 

genome-wide chromatin accessibility changes associated with differentiation time. 

Integration of multiple data sets allowed inference of potential Th1 regulators, 

including IRF4, as key determinants of cellular plasticity. Further conditional deletion 

of IRF4 in CD4+ T cells enabled Foxp3 expression in Th1 in vitro cultures when 

subsequently exposing Th1 like cells to Treg-skewing conditions. Our findings 

provide a deeper understanding of Th1 cell plasticity and have obvious implications 

for disease pathogenesis and new therapeutic applications to fight infection and to 

control autoimmune and allergic inflammatory disorders. 
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Introduction 

CD4+ T cells’ function in adaptive immunity and immune-mediated diseases, 

including autoimmunity, asthma, allergic responses, and tumor immunity [86], has 

been widely recognized by assisting B cells to produce antibodies, stimulating CD8+ 

T cells responses, mediating macrophage functions, and suppressing autoimmunity 

related to the magnitude and persistence. Unusual fluctuation in CD4+ T cell numbers 

or functions may result in vulnerability to severe disease disorders. Under 

environmental changes, naive CD4+ T cells have the capability to differentiate to 

distinct functional T helper cell subsets, including Th1, Th2, Th17, iTreg, depending 

on particular TCR activation. After the first discovery of Th1/Th2 scenario, different 

cytokine profiles and master transcription factors of each T helper cell subset have 

been characterized. In particular, IFN-γ is the signature cytokine of Th1 cells with the 

expression of T-bet; IL-4, IL-5, and IL-13 are the signature cytokines of Th2 cells 

with the expression of GATA-3; Th17 cells have the signature cytokines of IL-17A, 

IL-17F, and IL-22 with the master regulator RORγt. The induced Treg cells [95-97], 

which can be induced from naive CD4+ T cells, share similar characteristics of 

naturally occurring regulatory T cells developed in the thymus and different from the 

naive CD4 T cell progenitors. The expression of Foxp3 is critical for the normal Treg 

cell function as an immune-suppressor by suppressing induction and proliferation of 

effector T cells. The deletion of Foxp3 could result in the lack of functional Treg cells 

in the periphery and the occurrence of systemic autoimmunity [145]. 

The simplistic dichotomy of Th1-Th2 paradigm underestimated the complicated 

flexibility of CD4+ T cells [172, 173]. The initial concept that effector T cells were 
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distinct committed lineages was based on the stable signature cytokine production. 

For example, the Th2 cell cytokine IL-4 could repress IL-12 signaling and thus 

antagonize Th1 differentiation [177].  Studies on Th1/Th2 plasticity in mouse and 

human cells have revealed the relative flexibility of early Th1 cells compared to 

rapidly committed Th2 cells, which may be the outcome of early loss of IL-12 

receptors in Th2 cells [181]. TGF-β profoundly determines the balance between Th17 

and iTreg cells since after in vitro RORγt and Foxp3 induction cells have the dual 

potential to differentiate into either the Th17 or Treg cell lineage relying on the TGF-

β  level [176]. Thymus-derived CD4+CD25+Foxp3+ regulatory T cells could 

differentiate into Th17 cells after exposure to IL-6 [185], and such physiological Treg 

conversion into effector T cells might fight against specific viruses, microbial and 

fungal pathogens in vivo [176]. Transcription factors’ dynamic expression across 

different subsets, such as IFN-γ production through T-bet induction in Treg and Th17 

cells [154, 161, 166, 188, 191], T-bet and GATA3 coexistence in Treg cells to 

suppress RORγt expression and maintain immune tolerance [153], has implied CD4+ 

T cell plasticity. A model similar to the energy levels of an electron in the atom [186] 

has been proposed to explain the plastic relationships between CD4+ T cells, i.e., the 

transition is more likely to occur from a higher-energy (unstable) to a lower-energy 

(stable) state between different CD4+ T cell subsets. Although this model provides us 

with a broad view of CD4+ T cell plasticity scenario, the underlying mechanism such 

as the molecular basis remains unclear.  

Recent studies have explained the mechanism for T helper cell plasticity to some 

extent with the focus on the cellular microenvironment, the interaction networks 
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between transcription factors, and epigenetic modifications. Transcription factors may 

function as the upstream, downstream, or cofactors of those lineage-specific master 

regulators to form a regulatory network controlling cell fate and plasticity. Genome-

wide studies such as the Th17 cell differentiation network [195, 196] discovered core 

Th17 regulatory systems associated with cellular plasticity including Fosl2. 

Conditional deletion of Fosl2 in CD4+ T cells enabled IFNγ production in Th17 and 

Th2 in vitro cultures, especially when subsequently exposing Th17 cells to Th1-

skewing conditions [195]. The balance of transcription factor networks helps 

maintain the cell function and stability while extracellular or cell-intrinsic fluctuation 

on core regulatory nodes and pathways could alter cell fate in a cell type- and stage-

specific manner. The differentiation and plasticity of CD4+ T cells are also coupled to 

epigenetic changes in chromatin structure, histone and DNA modifications [199-201]. 

The bivalent modifications (both permissive H3K4me3 and repressive H3K27me3 

marks) exist in the promoters of many regulatory genes, including Tbx21, Gata3, 

Rorc, and Bcl6, etc. [202, 203]. This phenomenon may indicate the cells’ readiness 

for adopting other phenotypes in response to cellular microenvironment changes 

[176]. The bivalent marks at Tbx21 (encoding T-bet) in Th2 cells, Gata3 in Th1 cells, 

Tbx21, Gata3 and Rorc in Treg cells, and Tbx21 and Gata3 loci of in vitro-generated 

Th17 cells, may initiate lineage switch upon transient extracellular signals during and 

after differentiation. Disturbance of the equilibrium between master regulators may 

lead to cell heterogeneity and flexibility, as reported in Treg cells [153]. However, to 

the best of our knowledge, the answer to what factors control the lineage cellular 
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plasticity is not clear, and it is necessary to understand the lineage commitment status 

and evaluate cellular plasticity under environmental stimuli.  

The chromosome structures like chromatin looping and interactions could influence 

gene transcriptional activity during cellular differentiation and disease development. 

In eukaryotes, the genomes are organized into topologically associating domains 

(TADs) and lamina-associated domains (LADs). The involvement of three-

dimensional reorganization is observed in diseases such as breast cancer, colorectal 

cancer, and leukemia. The 3C-based techniques, including Hi-C (an unbiased 

genome-wide chromatin interaction mapping technique), have been widely used from 

yeast to mammals to decipher the chromatin architecture. The 3C-based methods 

involve crosslinking and ligation of interacting regions, which could contribute to the 

background noise coming from the ligation of random contacts between chromatin 

and also the biases in restriction enzyme cutting. Here, we introduce a new high-

resolution technique for mapping genome-wide interactions among regulatory regions 

without chromatin fragmentation and ligation. We named this technique as 

Transposase-mediated Analysis of Chromatin looping (TrAC-looping). This method 

utilizes the concept of transposition, a nuclear process that results in genomic 

rearrangements like insertions and deletion. Transposases could recognize a pair of 19 

bp Mosaic End (ME) sequences to initiate transposition. When only one 19 bp ME 

oligonucleotide sequence is present, transposition results in fragmentation and 

jointing of target DNA to the ME-containing adaptor, which is the principle of 

ATAC-seq to label the open chromatin regions. The long DNA spacer between the 

MEs makes it possible to dimerize the transposase-ME complex. With the power of 
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transposases, we designed a “bivalent ME linker” containing a pair of MEs using a 30 

bp oligonucleotide spacer to detect genomic chromatin interactions. The short spacer 

does not allow intramolecular dimerization of the transposase-ME complex and thus 

tend to form a tetramer complex through the bivalent MEs. The two MEs could be 

inserted into the genome in cis or in trans. Inserting one ME into each of the two 

interacting chromatin regions would create a “cross-linking” of the interacting 

chromatin regions by the oligonucleotide linker. We applied the transposase-bivalent 

ME linker complexes to formaldehyde-crosslinked cells to allow transposition and 

covalent linking formation within two interacting chromatin regions. The conjoined 

DNA products were reverse cross-linked, purified and digested with NlaIII and 

MluCI. The biotinylated bivalent linker-containing DNA fragments were isolated 

using streptavidin beads; the bound DNA was eluted and circularized; the self-

circularized DNA was amplified and sequenced on next-generation sequencing 

platforms.  

In this study, we examined the differentiation process from naive CD4+ T cells to 

Th1 cells and tested Th1 cells’ capability to alter phenotypic characteristics under 

secondary environmental stimuli in vitro. We differentiated naive CD4+ T cells in 

Th1 cell-polarizing cytokines for different time points (24hrs, 48hrs, 72hrs) and then 

switched to Treg cell-skewing conditions to test Foxp3 induction as a measurement 

for cellular plasticity. Th1 effectors, when fully committed, could not be converted to 

Foxp3+ Treg cells in vivo [352], and thus we can use Foxp3 induction as an indicator 

of the “pre-commitment” stage of Th1 cells. We discovered that Th1 cells after 48 

hours of differentiation were plastic and allowed Foxp3 induction while Th1 cells 
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after 72 hours of differentiation lost the plasticity and became more committed to 

their Th1 helper cell fate. To further uncover the molecular mechanism of time-

dependent plasticity, we performed different genome-wide measurements including 

chromatin accessibility and gene expression. We also utilized the new technique 

TrAC-looping, developed in our lab, on naive CD4+ T cells, 48-hour Th1 cells, and 

72-hour Th1 cells with the purpose to link chromatin interaction alterations with the 

different cellular plasticity observed between 48 hours and 72 hours differentiation 

time. By integrating the information of chromatin accessibility and gene expression 

for differentiated Th1 cells, we predicted several transcription factors, including IRF4, 

which might be critical for governing the different status between 48hr Th1 like cells 

and 72hr Th1 like cells. Further conditional deletion of IRF4 in CD4+ T cells 

experiments confirmed our predictions and provided more insights into cellular 

plasticity. 

 

Materials and Methods 

Mice 
The C57BL/6 T-bet-ZsGreen reporter mice were generously provided by Jinfang 

Zhu’s lab and had been previously described [353]. IRF4fl/fl CD4-Cre mice on the 

C57BL/6 background were provided by Stefan Muljo’s lab. In detail, IRF4fl/fl mice on 

mixed C57BL/6 and 129 backgrounds and CD4-Cre+ mice on the C57BL/6 

background were purchased from Jackson Laboratory. IRF4fl/fl CD4-Cre mice were 

generated by crossing IRF4fl/fl mice with CD4-Cre+ mice and subsequently 

backcrossed to C57BL/6 background mice for at least ten generations. C57BL/6 
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background mice were purchased from Taconic. Male and female mice were bred and 

maintained in an NHLBI specific-pathogen-free animal facility. All experiments were 

performed on 6- to 10-week-old mice in accordance with a protocol approved by the 

NHLBI Animal Care and Use Committee. Mice were sex-matched and age-matched. 

Cell isolation 
Mouse naive CD4+ cells were isolated from the lymph nodes and spleens of 

C57BL/6, IRF4fl/flCD4-Cre+, and IRF4fl/flCD4-Cre+ mice using magnetic selection 

following the protocol provided by the manufacturer (Stem Cell, EasySep Mouse 

CD4+CD62L+ T cell Isolation Kit) or were sorted by flow cytometry on a FACSAria 

II cell analyzer (BD Biosciences) for CD4+CD8-CD62L+CD44low. The purity of 

naive CD4+ T cells was examined by flow cytometry for CD4+, CD8- and CD62L+ 

on a FACSCanto II (BD Biosciences) or a BD LSR II (BD Biosciences) and was 

analyzed using FlowJo. Over 98% purity of CD4+CD8-CD62L+ cells was considered 

for further experiments. All antibodies used for sorting and flow-cytometry analyses 

were purchased from eBiosciences: anti-mouse CD4 (RM4-5), anti-mouse CD8 (53-

6.7), and anti-mouse CD62L (MEL-14). 

In vitro cell differentiation and FACS sorting 
Naive CD4+ T cells were incubated in Th1 cell-differentiation medium in the 

presence of the following: plate-bound anti-CD3 (Clone: 145-2C11, 1 𝜇𝜇 g/ml, 

eBioscience), anti-CD28 (Clone: 37.51, 2𝜇𝜇g/ml, eBioscience), anti-IL-4 (10 𝜇𝜇g/ml, 

BioXCell), IL-12 (Cat# 210-12, 10 ng/ml, Peprotech), and IL-2 (Cat# 212-12, 50 

U/ml, Peprotech). After 1-3 days in Th1 culture conditions, cells were washed by 

PBS twice and incubated in the Treg differentiation condition for additional 24 hours 
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in the presence of the following: anti-IL-4 (10 𝜇𝜇g/ml, BioXCell), anti-IL-12 (Clone: 

R1-5D9, 10 𝜇𝜇g/ml, BioXCell), anti-IFN-𝛾𝛾 (Clone: R4-6A2, 10 𝜇𝜇g/ml, BioXCell), IL-

2 (Cat# 212-12, 100 U/ml, Peprotech) and TGF-𝛽𝛽  (Cat# 240-B, 5 ng/ml, R&D 

Systems). For T-bet-ZsGreen reporter mice, cells were sorted by flow cytometry on a 

FACSAria II cell analyzer (BD Biosciences) for ZsGreen+ and ZsGreen-. DAPI 

staining was used to remove dead cells during FACS sorting. 

Flow cytometric analysis and intracellular staining 
Cells were stained for surface markers with anti-mouse CD4 (RM4-5, eBioscience) in 

PBS with 2% FBS. Cells were washed then fixed and permeabilized with Foxp3 

Staining Buffer Set (eBioscience) in accordance with the manufacturer’s instructions. 

Intracellular staining was performed by washing cells and adding the following 

antibodies: anti-human/mouse T-bet (eBio4B10, eBiosciences), anti-mouse IFN 𝛾𝛾 

(XMG1.2, eBiosciences), and anti-mouse Foxp3 (FJK-16s, eBioscience). Dead cells 

were removed from analysis using a LIVE/DEAD Fixable Aqua Dead Cell Stain Kit 

(Life Technologies) or eBioscience Fixable Viability Dye eFluor 780 (eBiosciences). 

All the antibodies for staining cell surface markers or cytokines were purchased from 

either BD Biosciences or eBiosciences. 

DNase-seq 
DNase-seq assays of CD4+ T cells at different differentiation stages were performed 

as described previously [236, 241]. In brief, 50,000 live cells were sorted and 

collected by flow cytometry on a FACSAria II cell analyzer (BD Biosciences) by 

using a LIVE/DEAD Fixable Aqua Dead Cell Stain Kit (Life Technologies) or 

eBioscience Fixable Viability Dye eFluor 780 (eBiosciences) to remove dead cells. 
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Live cells were fixed for 10 min in 1% formaldehyde and lysed in 30 𝜇𝜇l cell lysis 

buffer (10 mM Tris-HCl, pH 7.5, 10 mM NaCl, 3 mM MgCl2, 0.1% Triton X-100). 

For DNase I digestion, 8/3 unit of DNase I (Cat# 04716728001, Roche) was added to 

the cells and incubated at 37℃ for 5 min. 80 𝜇𝜇l of stop buffer (10 mM Tris-HCl, pH 

7.5, 10 mM NaCl, 0.15% SDS, 10 mM EDTA) containing 2 𝜇𝜇 l of 20 mg/ml 

proteinase K was added to quench the reaction. The mixture was incubated at 65℃ 

overnight, and cellular DNA was extracted using phenol-chloroform followed by 

ethanol precipitation. The libraries were prepared using Illumina kits as previously 

described [354] and one-step PCR which preferentially amplifies the small DNA 

fragments derived from the DNA hypersensitive sites was used. The fragments 

between 160 and 260 bp were isolated on E-gel and sequenced on Illumina HiSeq 

3000.  

RNA-Seq 
Approximately 50,000 CD4+ T cells were homogenized and stored in QIAzol Lysis 

Reagent (Cat# 79306, Qiagen) for following total RNA extraction. Total RNA from 

different treatment groups was extracted using miRNeasy Micro Kit (Cat# 217084, 

Qiagen) according to the manufacturer's instruction. Polyadenylated RNA was 

synthesized following the instructions in the Smart-seq2 protocol [346]. About 100ng 

of double-stranded cDNA was sonicated on Bioruptor (Diagenode), and the libraries 

were constructed using Illumina kits as previously described [354] and sequenced on 

Illumina HiSeq 3000. 

ChIP-seq experiments 
We used chromatin from approximately 1-2 x 106 cells for each ChIP-Seq library and 
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antibodies to IRF4 (sc-6059, Santa Cruz). ChIP-seq assays were performed as 

previously described [158, 355]. In brief, cells for ChIP-seq were fixed in 1% 

formaldehyde for 10 min and sonicated. The sonicated chromatin was incubated with 

1-2 𝜇𝜇 g of antibodies at 4 ℃  overnight, and enriched chromatin was washed 

sequentially twice with low-salt buffer, twice with high-salt buffer, twice with LiCl 

buffer, and twice with TE (10 mM Tris-HCl). Crosslinks were reversed by incubation 

overnight at 65 ℃, and ChIP DNA was purified by phenol-chloroform extraction and 

ethanol precipitation. Libraries were prepared using Illumina kits as described [354] 

and sequenced on Illumina HiSeq 3000.  

Hyperactive Tnp purification and transposome complex assembly 
The preparation details were described somewhere else in a manuscript under review. 

In brief, the hyperactive Tnp (pET15b-His6Tnp) construct was assembled by NEB 

Gibson builder (NEB cat# E5510S) into pET-15b (Novagen cat# 69661-3), and 

competent cells BL21 Gold (DE3) (Agilent cat# 230132) were transformed with 

pET15b-His6Tnp. Single colonies were cultured to induce Tnp expression, and Tnp 

was purified in the cell lysates. 20 μM Bio67F and 20 μM 67bpR were annealed by 

heating at 98°C for 5 min, and we named this bivalent ME linker as “67bpR-Bio67F”. 

Similarly, ME3ddCTPtop and 5NH2MEbottom were annealed to form NHddCTP. 

The transposome complex was formed in a mixture of glycerol, annealed NHddCTP, 

67bpR-Bio67F, and HisTnp enzyme at room temperature for 20 min.  

TrAC-looping (Transposition-mediated Analysis of Chromatin Looping) 
Approximately 10 million FACS-sorted live naive CD4+ T cells and Th1 cells were 

cross-linked using 1% formaldehyde (Thermo Scientific Cat# 28908) for 5 minutes at 
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room temperature, followed by adding glycine to 0.125M and washing twice with 

PBS. The cell pellets were resuspended in 100 ml cold lyse buffer sitting on ice for 15 

minutes. The cells were spun down with the gentle centrifuge and resuspended in 500 

μl cold lyse buffer containing 1x reaction buffer (50 μM Tris-acetate pH 7.5, 0.15 M 

potassium acetate, 10 mM magnesium acetate, 4 mM spermidine) and 8 μl transposon 

complex. The reaction mixture was split into 10 Eppendorf tubes to increase the 

transposition efficiency. The reaction was incubated at 50°C for 1.5 hours and 

stopped by adding 2.5 μl 0.5M EDTA, 1.6μl 10% SDS and 3 μl Protease K (Roche 

Cat# 03115828001). After the reverse crosslink was performed at 65°C overnight, the 

genomic DNA was extracted by phenol-chloroform and ethanol precipitation. The 

DNA was dissolved in elution buffer and repaired for the 9bp gap using T4 DNA 

polymerase (NEB cat# M0203L) in the presence of dNTP. The reaction was 

abolished by adding EDTA, and larger than 300 bp DNA fragments were purified 

using Ampure XP beads (Agencourt Cat# A63881) following the manufacturers’ 

protocol.  The target DNA was eluted with 1x cutsmart buffer (NEB) and equally 

split into two restriction enzyme cutting reactions: Nla III and MluCI, respectively, at 

37°C for 3 hours. Streptavidin C1 beads (Invitrogen Cat# 65001) were used to enrich 

the biotinylated bivalent linker-containing DNA fragments following the 

manufactures’ instructions. After the wash steps, the beads containing target DNA 

fragments were resuspended in elution buffer containing Proteinase K and incubated 

at 55°C for 4 hours. The DNA was extracted using phenol-chloroform and ethanol 

precipitation. The DNA was intramolecularly circularized in the presence of T7 DNA 

ligase (NEB) at room temperature overnight followed by phenol-chloroform 



 

 106 
 

extraction. The DNA pellets were resuspended in sampling buffer from Templify100 

Kit (GE Healthcare Cat# 25-6400-10) and denatured. Rolling cycle amplification was 

performed by adding reactions buffer plus enzyme mix to incubate at 30°C overnight 

according to the Templify100 Kit protocol. 1 μl of RCA product was used as the 

template for PCR amplification with Illumina adaptor primers N501 and N701. 250-

650 bp DNA fragments were isolated from the PCR products using E-gel and paired-

end sequenced on Illumina HiSeq 3000.  

Data analysis 
Sequencing Library Mapping. Raw sequence reads from the DNase-seq and ChIP-seq 

libraries were aligned to the reference mouse genome (mm9) using Bowtie2 [319]. 

Only one read per position matching was allowed, and redundant reads were removed 

for each aligned library. Raw sequence reads from the RNA-seq libraries were 

aligned to the reference mouse genome mm9 using Tophat (--max-multihits = 15) 

[347]. 

Cluster Analysis. DNA hypersensitive sites (DHS) were identified in DNase-seq data 

using the software SICER [356]. We generated a combined set of DHSs among all 

DNase-seq libraries by combining any two DHSs if they overlapped. Finally, we 

obtained a total of ~53000 combined DHSs. The read density was calculated for each 

library at the combined DHS regions, where the reads density at a DHS region is the 

number of reads in the DHS region divided by the total number of reads of the library 

and the size of the DHS region. Finally, we obtained the read density at the combined 

DHS regions for 4 time points (naive, 24, 48 and 72 hours). The K-medoids 
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clustering method (k=5) was applied to the read density data, which in turn generated 

five different clusters. 

Gene Ontology Analysis. The DHS regions in the five clusters were annotated with 

genes using the GREAT tool [357]. Gene ontology analysis was then performed for 

the associated genes in each cluster using the Gene Ontology Consortium [350].  

Footprint Analysis.  We applied the method called Protein Interaction Quantification 

(PIQ) [358] to estimate the TF-gene binding profiles. First, we downloaded the set of 

motifs in mouse (HOCOMOCOv10_MOUSE) [359]. The predicted motif binding 

sites were generated by the script pwmmatch.exact.r. The footprints were detected 

with the script pertf.r. To create the TF-gene binding profiles between 426 TFs and 

~23000 genes, we annotated the binding sites by genes using HOMER (command: 

annotatePeaks.pl) [360]. A cutoff (cutoff =700) was set for the binding score obtained 

from PIQ in order to determine whether a TF binds to the binding sites/genes. 

 Footprint Analysis with Modification. We also proposed a method to reconstruct the 

functional TF-gene binding profiles. In this study, we selected the potential regulators 

for the difference between 48hr Th1 cells and 72hr Th1 cells based on both networks 

generated by the footprint analysis and the following proposed method. 

Consider a TF-gene network that has 𝑁𝑁  TFs and 𝑀𝑀  genes. From the footprint 

analysis, a 𝑁𝑁 × 𝑀𝑀 matrix 𝑃𝑃 is obtained, where 𝑃𝑃𝑖𝑖𝑗𝑗 = 1 if the TF 𝑖𝑖  binds to regions 

associated with gene 𝑗𝑗, otherwise 𝑃𝑃𝑖𝑖𝑖𝑖 = 0. 

The expression level of a gene is regulated by different factors and is also associated 

with its mRNA degradation rate. Given the mRNA expression of gene 𝑖𝑖 at time 𝑡𝑡 to 

be 𝑋𝑋𝑖𝑖(𝑡𝑡), then 𝑋𝑋𝑖𝑖(𝑡𝑡) generally follows the following differential equation: 
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     𝑑𝑑𝑋𝑋𝑖𝑖(𝑡𝑡)
𝑑𝑑𝑑𝑑

= 𝑏𝑏(𝑡𝑡) − 𝑎𝑎(𝑡𝑡)𝑋𝑋𝑖𝑖(𝑡𝑡),  (1)Error! 

Bookmark not defined. 

 

where 𝑏𝑏(𝑡𝑡)  and 𝑎𝑎(𝑡𝑡)  refer to the production and degradation rate of 𝑋𝑋𝑖𝑖(𝑡𝑡) . We 

consider that the production rate of 𝑋𝑋𝑖𝑖(𝑡𝑡)  mainly depends on the regulation by 

transcription factors, which in turn depends on the protein level of TFs and the 

efficiency of the TF-gene regulations. For simplicity, we assume that the protein 

levels of TFs are equal to their mRNA expression levels. Therefore, 𝑏𝑏(𝑡𝑡) =

𝐾𝐾𝑗𝑗𝑗𝑗(𝑡𝑡)𝑃𝑃𝑗𝑗𝑗𝑗(𝑡𝑡)𝑋𝑋𝑗𝑗(𝑡𝑡), where gene 𝑗𝑗 can produce the transcription factor (TF 𝑗𝑗) protein 

that regulates gene 𝑖𝑖, and 𝐾𝐾𝑗𝑗𝑗𝑗(𝑡𝑡) is the efficiency of the regulation between TF 𝑗𝑗 and 

gene 𝑖𝑖 . 𝐾𝐾𝑗𝑗𝑗𝑗(𝑡𝑡)  can either have positive and negative values which refer to the 

activation or repression processes, respectively. 

First, we consider the simplest case where only one TF (TF 𝑗𝑗) regulates the mRNA 

expression of gene 𝑖𝑖. By applying the trapezoidal rule and considering that 𝑡𝑡1 − 𝑡𝑡0 =

1, then Eq. (1) becomes: 

 

𝑑𝑑𝑋𝑋𝑖𝑖(𝑡𝑡)
𝑑𝑑𝑑𝑑

= 𝐾𝐾𝑗𝑗𝑗𝑗(𝑡𝑡)𝑃𝑃𝑗𝑗𝑗𝑗(𝑡𝑡)𝑋𝑋𝑗𝑗(𝑡𝑡) − 𝑎𝑎𝑋𝑋𝑖𝑖(𝑡𝑡), 

 

  �
𝑑𝑑𝑋𝑋𝑖𝑖(𝑡𝑡)
𝑑𝑑𝑑𝑑

𝑑𝑑𝑑𝑑 = � �𝐾𝐾𝑗𝑗𝑗𝑗(𝑡𝑡)𝑃𝑃𝑗𝑗𝑗𝑗(𝑡𝑡)𝑋𝑋𝑗𝑗(𝑡𝑡) − 𝑎𝑎𝑋𝑋𝑖𝑖(𝑡𝑡)�𝑑𝑑𝑑𝑑,
𝑡𝑡1

𝑡𝑡0

𝑡𝑡1

𝑡𝑡0
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𝑋𝑋𝑖𝑖(𝑡𝑡1) − 𝑋𝑋𝑖𝑖(𝑡𝑡0)

≈
�𝐾𝐾𝑗𝑗𝑗𝑗(𝑡𝑡1)𝑃𝑃𝑗𝑗𝑗𝑗(𝑡𝑡1)𝑋𝑋𝑗𝑗(𝑡𝑡1) + 𝐾𝐾𝑗𝑗𝑗𝑗(𝑡𝑡0)𝑃𝑃𝑗𝑗𝑗𝑗(𝑡𝑡0)𝑋𝑋𝑗𝑗(𝑡𝑡0)� − 𝑎𝑎[𝑋𝑋𝑖𝑖(𝑡𝑡1) + 𝑋𝑋𝑖𝑖(𝑡𝑡0)]

2
, 

 

�1 +
𝑎𝑎
2
�𝑋𝑋𝑖𝑖(𝑡𝑡1) − �1 −

𝑎𝑎
2
�𝑋𝑋𝑖𝑖(𝑡𝑡0)

=
�𝐾𝐾𝑗𝑗𝑗𝑗(𝑡𝑡1)𝑃𝑃𝑗𝑗𝑗𝑗(𝑡𝑡1)𝑋𝑋𝑗𝑗(𝑡𝑡1) + 𝐾𝐾𝑗𝑗𝑗𝑗(𝑡𝑡0)𝑃𝑃𝑗𝑗𝑗𝑗(𝑡𝑡0)𝑋𝑋𝑗𝑗(𝑡𝑡0)�

2
.    (2) 

 

Eq. (2) is a special case referring that only one TF regulates a gene. General, if many 

TFs regulate gene 𝑖𝑖, then Eq. 2 becomes 

 

𝑑𝑑𝑋𝑋𝑖𝑖′ = �
�𝐾𝐾𝑗𝑗𝑗𝑗(𝑡𝑡1)𝑃𝑃𝑗𝑗𝑗𝑗(𝑡𝑡1)𝑋𝑋𝑗𝑗(𝑡𝑡1) + 𝐾𝐾𝑗𝑗𝑗𝑗(𝑡𝑡0)𝑃𝑃𝑗𝑗𝑗𝑗(𝑡𝑡0)𝑋𝑋𝑗𝑗(𝑡𝑡0)�

2
,

∀𝑗𝑗∈𝑇𝑇𝑇𝑇

    (3) 

where 𝑑𝑑𝑋𝑋𝑖𝑖′ =  �1 + 𝑎𝑎
2
� 𝑋𝑋𝑖𝑖(𝑡𝑡1) − �1 − 𝑎𝑎

2
�𝑋𝑋𝑖𝑖(𝑡𝑡0). Eq (3) can be rewritten in a matrix 

form 

 

𝑑𝑑𝑋𝑋𝑖𝑖′ = 𝑸𝑸𝑸𝑸, 

where 𝑸𝑸 is a 1 × 𝑤𝑤 vector and 𝒀𝒀 is a 𝑤𝑤 × 1 vector. 𝑤𝑤 is equal to the total number of 

non-zero 𝑃𝑃𝑗𝑗𝑗𝑗(𝑡𝑡1) and 𝑃𝑃𝑗𝑗𝑗𝑗(𝑡𝑡0) for 𝑗𝑗 = 1 … ,𝑁𝑁. We can solve 𝐾𝐾𝑗𝑗𝑗𝑗(𝑡𝑡) by solving 𝑸𝑸. As an 

example for showing how to solve 𝐾𝐾𝑗𝑗𝑗𝑗(𝑡𝑡), we consider that there is a set of TFs 

denoted as 𝑆𝑆, in which contains 𝑞𝑞 elements denoted as 𝑆𝑆𝑗𝑗, 𝑗𝑗 = 1, . . , 𝑞𝑞. All TFs in 𝑆𝑆 

bind to gene 𝑖𝑖  at both time points. Therefore, 𝑃𝑃𝑆𝑆𝑗𝑗𝑖𝑖(𝑡𝑡1) and 𝑃𝑃𝑆𝑆𝑗𝑗𝑖𝑖(𝑡𝑡0) equal to 1 for 

𝑗𝑗 = 1, … , 𝑞𝑞 and 𝑤𝑤 = 2𝑞𝑞. Then 𝑸𝑸 and 𝒀𝒀 can be expressed as  
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𝑸𝑸 = �𝐾𝐾𝑆𝑆1𝑖𝑖(𝑡𝑡0),   𝐾𝐾𝑆𝑆1𝑖𝑖(𝑡𝑡1), … , 𝐾𝐾𝑆𝑆𝑗𝑗𝑖𝑖(𝑡𝑡0),   𝐾𝐾𝑆𝑆𝑗𝑗𝑖𝑖(𝑡𝑡1), … , 𝐾𝐾𝑆𝑆𝑞𝑞𝑖𝑖(𝑡𝑡0),   𝐾𝐾𝑆𝑆𝑞𝑞𝑖𝑖(𝑡𝑡1)�, 

and 

𝑌𝑌 =

⎣
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎡
𝑋𝑋𝑆𝑆1(𝑡𝑡0)
𝑋𝑋𝑆𝑆1(𝑡𝑡1)

⋮
𝑋𝑋𝑆𝑆𝑗𝑗(𝑡𝑡0)
𝑋𝑋𝑆𝑆𝑗𝑗(𝑡𝑡1)

⋮
𝑋𝑋𝑆𝑆𝑞𝑞(𝑡𝑡0)
𝑋𝑋𝑆𝑆𝑞𝑞(𝑡𝑡1)⎦

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎤

. 

 

 

Finally, 𝑸𝑸 can be solved by the following equation 

 

𝑸𝑸 =  𝑑𝑑𝑋𝑋𝑖𝑖′𝒀𝒀𝑇𝑇(𝒀𝒀𝒀𝒀𝑇𝑇)−1. 

As a result, the weighted TF-gene network can be obtained by computing 𝐾𝐾𝑗𝑗𝑗𝑗 for all 

gene 𝑖𝑖 and TF 𝑗𝑗. Note that 𝐾𝐾𝑗𝑗𝑗𝑗 = 0 if 𝑃𝑃𝑗𝑗𝑗𝑗 = 0. 

 Identification of potential regulators. To identify the potential regulators, we 

computed the TF-gene networks, 𝑃𝑃 and 𝐾𝐾, using the footprint analysis and modified 

footprint analysis described above, respectively. We defined a quantity 𝐷𝐷𝑗𝑗(𝑡𝑡) 

indicating the total binding of TF 𝑗𝑗 at time 𝑡𝑡. To distinguish the quantity for the two 

networks, a superscript was added to 𝐷𝐷𝑗𝑗(𝑡𝑡)  such that 𝐷𝐷𝑗𝑗𝑃𝑃(𝑡𝑡) = ∑ 𝑃𝑃𝑗𝑗𝑗𝑗(𝑡𝑡)𝑀𝑀
𝑖𝑖=1  and 

𝐷𝐷𝑗𝑗𝐾𝐾(𝑡𝑡) = ∑ 𝐾𝐾𝑗𝑗𝑗𝑗(𝑡𝑡)𝑀𝑀
𝑖𝑖=1 . Then we computed a ranking denoted as 𝑅𝑅 for the TFs based on 

the difference of 𝐷𝐷𝑗𝑗(𝑡𝑡1) versus 𝐷𝐷𝑗𝑗(𝑡𝑡0), where 𝑡𝑡1 and 𝑡𝑡0 refer to 72 hours and 48 hours, 
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respectively. Then a TF 𝑗𝑗 was considered to be a potential regulator if it satisfied the 

following three criteria: 

1. The TF 𝑗𝑗 has a top ranking, which means 𝑅𝑅𝑗𝑗 is smaller than a cutoff. 

2. The mRNA expression for the TF gene 𝑗𝑗 is higher than a cutoff (RPKM> 10). 

3. The folder change of mRNA expression for the TF gene 𝑗𝑗 is either larger or 

smaller than 1 and -1, respectively. 

 

TrAC-looping PETs mapping and significant interaction identification. The paired-

end tags (PETs) from TrAC-looping libraries were mapped to the mouse reference 

genome (mm9) using Bowtie2 [319], and the PETs with low mapping quality were 

filtered out, and only one uniquely mapped PET was maintained at each coordinate. 

The identified PETs were separated into three categories depending on the PETs’ end 

locations. Self-PETs, both ends located in the same hypersensitive site, were 

produced by two insertions of the tetramer-Tn5 complex into the same hypersensitive 

site and did not involve the interaction among regulatory regions. Inter-PETs, two 

ends located in two different hypersensitive sites, potentially indicated the existence 

of the interaction between two regions and provided information about chromatin 

organization and gene regulatory networks. Background-PETs, at least one end did 

not locate in hypersensitive sites, gave information about three-dimensional 

chromatin organization. We mostly focused on the intra-PETs since they helped 

reveal the possible enhancer-promoter interactions. The number of PETs linked two 

hypersensitive sites should follow a hyper-geometric distribution, similar to the 

ChIA-PET data [361, 362]. We assumed the inter-PETs number in a TrAC-lopping 
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library is N, and two hypersensitive sites are denoted as p and q. The numbers of 

inter-PETs with one end located in hypersensitive site p and hypersensitive site q are 

np and nq, respectively.  The following formula was obtained:  

 

 𝑃𝑃�𝐼𝐼𝑝𝑝𝑝𝑝� =
�𝑛𝑛𝑝𝑝𝐼𝐼𝑝𝑝𝑝𝑝� �

2𝑁𝑁−𝑛𝑛𝑝𝑝
𝑛𝑛𝑞𝑞−𝐼𝐼𝑝𝑝𝑝𝑝

�

�2𝑁𝑁𝑛𝑛𝑞𝑞�
 

Ipq is the observed number of PETs linked hypersensitive site p and q. The p-value for 

the hyper-geometric test could be calculated to decide if Ipq is over-represented. 

Multiple testing corrections were performed, and only significant interactions were 

maintained for further analysis (FDR<0.05 and strength ≥2PET). If we observed 3 or 

more PETs in one interaction, we believed this was a strong and confident interaction.  

Compartment Analysis. Each mouse chromosome was divided into 40Kb bins, and 

the interaction matrix of each chromosome was generated for TrAC-looping data 

from mouse naive CD4+ T cell, 48-hour Th1 cells, and 72-hour Th1 cells. The 

interaction matrix was normalized by filtering out the distance factor using the KR-

normalization. The correlation matrix was obtained by computing the Pearson 

correlation between any two interactions. The compartment score was the first 

principal component obtained by the PCA analysis on the correlation matrix. 

Statistics 
We applied a two-sided Mann-Whitney test (two-tailed throughout the manuscript) 

for any two groups of interests. The Mann-Whitney test is a nonparametric method 

that tests whether two probability distributions differ without the requirement of prior 

knowledge about the distributions [363]. All the statistical examinations were 
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performed using R (http:// www.r-project.org/) with proper parameter adjustments. 

 

Results 

Th1 like cells can be reprogrammed to express Foxp3 in a time-dependent manner 
 
In order to understand the plasticity and commitment of the Th1 cell lineage, naive 

CD4+ T cells, defined as CD62L+ and CD44 low, were differentiated into Th1 cells 

and challenged under iTreg cell-polarizing conditions in vitro at different time points 

(Figure 4.1(A)). After 1 day of Th1 differentiation, although more than 95% cells 

remained negative for T-bet and IFN-𝛾𝛾 , approximately 50% cells induced Foxp3 

expression under Treg-inducing conditions for additional 24 hours. After 2 days of 

Th1 differentiation, the majority of cells became T-bet positive with the up-regulation 

of IFN-𝛾𝛾. In response to Treg-inducing stimuli for 24 hours, approximately 35% of 

cells induced Foxp3 expression while almost all cells remained positive for T-bet. 

However, after 3 days of differentiation, cells that were positive for T-bet were 

resistant to reprogramming towards Foxp3 expressing Treg-like cells. The secondary 

stimulation in the presence of TGF𝛽𝛽 resulted in only minor reduction in the amount 

of T-bet protein, and Foxp3 expression remained very low when compared with the 

amount observed in 1 day and 2 day differentiated Th1 cells (Figure 4.1(B)). At the 

same time, TGF𝛽𝛽 induced strong iTreg cell differentiation and Foxp3 expression in 

naive CD4+ T cells (Appendix V). Such phenomenon was observed in several 

independent experiments (Figure 4.1(C)). Thus, the plasticity of Th1 cells was highly 

http://www.r-project.org/
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time-dependent, and the Th1 cell commitment stage was established after 3 days of 

differentiation.  
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Figure 4.1 Th1 Cell Reprogramming 

(A) Naive CD4+ T cell populations were polarized in Th1 culture conditions for 24 
hours, 48 hours, and 72 hours. At each stage, the cells were collected and then 
polarized in iTreg culture conditions for additional 24 hours to observe their Foxp3 
expression. (B) At the indicated time points (24 hours, 48 hours, 72 hours, and 
additional 24 hours), T-bet and Foxp3 protein expression were determined in Th1 like 
cells by FACS. Percentage of protein and cytokine production is indicated. Data are 
representative of at least two independent experiments. (C) Six independent 
experiments indicate T-bet and Foxp3 protein expression in Th1 like cells at the 
indicated time points as in (B). 
 

T-bet is not the direct determinant of Th1 cell lineage commitment and plasticity 
 
To understand if T-bet, the master transcription factor of Th1 cells, directly 

determines how Th1 cells respond to a secondary stimulation, we used T-bet-ZsGreen 

reporter mice [353] to separate CD4+T-bet+ and CD4+T-bet- cells under Th1 cell-

polarizing conditions for 2 days and 3 days, and then challenged under iTreg cell-

skewing conditions for additional 1 day in vitro. After the secondary stimulation in 

iTreg culture conditions, the protein expression of Foxp3 in CD4+T-bet+ cells did not 

change substantially compared to 2-day differentiated Th1 cells as indicated in Figure 
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4.1(B) (Figure 4.2(A)). Although the percentages of CD4+T-bet- cells under Th1 cell-

polarizing conditions for 2 days and 3 days were relatively low compared to CD4+T-

bet+ cells, CD4+T-bet- cells could still produce Foxp3 at a similar scale compared to 

CD4+T-bet+ cells (Figure 4.2(B)). In order to obtain enough CD4+T-bet- cells for 

FACS analysis as well as understand the dynamic of Th1 cell differentiation 

programs, 43 hours and 67 hours under Th1-cell polarizing conditions were also 

included. Notably, the expression of Foxp3 in CD4+T-bet+ cells after the 24 hours 

secondary stimulation showed a negative correlation with their culture time under 

Th1-polarizing conditions. And such substantial changes related to Th1 cell plasticity 

would mainly occur between 2 days and 3 days of differentiation. The ratio of Foxp3-

expressing cells for CD4+T-bet- cells after the secondary stimulation fluctuated, 

which might be caused by incomplete T cell activation or technical variations. We 

noticed that Foxp3 induction for 2-day CD4+T-bet+ and CD4+T-bet- cells was 

similar, while 3-day CD4+T-bet+ and CD4+T-bet- cells showed a slight difference in 

Foxp3 expression after the secondary stimulation (Figure 4.2(B)). Nevertheless, 

CD4+T-bet+ cells contributed to the majority or almost all of the cell populations on 

2 days and 3 days of differentiation (data not shown). And this might explain why the 

ratio of Foxp3 expression in CD4+T-bet+ cells under additional iTreg-polarizing 

conditions was almost the same compared to that in the unsorted population as 

indicated in Figure 4.1. And virtually the majority of the CD4+T-bet+ cells remained 

positive for T-bet at later time points (Figure 4.2(A)). Thus, it is fair to infer that T-

bet, the master regulator of Th1 cells, might not be the direct determinant of Th1-like 
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cells’ behavior toward environmental stimuli alterations. The key factors controlling 

such cell plasticity and commitment pattern deserve a more in-depth investigation.  
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Figure 4.2 T-bet Function in Th1 Cell Fate 

T-bet alone is not the only factor determining Th1 cell lineage commitment and 
plasticity. Naive CD4+ T cells isolated from T-bet-ZsGreen reporter mice were 
differentiated to Th1 cells for 2 days and 3 days before separated into T-bet-
ZsGreen+ and T-bet-ZsGreen- populations by cell sorting and then challenged under 
iTreg cell-polarizing conditions in vitro culture for additional 24 hours.  
(A) Sorted T-bet-ZsGreen+ cells and T-bet-ZsGreen- cells from T-bet-ZsGreen 
reporter mice under Th1 cell-polarizing conditions for 48 hours and 72 hours, 
respectively, were separately cultured in iTreg cell-polarizing conditions for 
additional 24 hours. Flow cytometric analysis was used to assess the expression of 
Foxp3 and T-bet-ZsGreen. 48hrTh1 and 72hrTh1 indicate the culture time under Th1 
cell-polarizing conditions, and 24hrTreg refers to the additional 24 hours under iTreg 
cell-polarizing conditions. Numbers show the percentage of cells in each quadrant or 
gate. Data are representative of at least two independent experiments. (B) T-bet-
ZsGreen+ and T-bet-ZsGreen- cells were also separated under Th1 cell-polarizing 
conditions for 43 hours and 67 hours. The x axle labels (43hr+/-, 48hr+/-, 63hr+/-, 
and 72hr+/) refer to the T-bet-ZsGreen+ or T-bet-ZsGreen- cells cultured in Th1 cell-
polarizing conditions for corresponding 43, 48, 63, and 72 hours, respectively, and 
then challenged in iTreg skewing conditions for additional 24 hours. Cells were 
collected for FACS analysis on Foxp3 expression in several independent experiments 
as indicated. 
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Dynamic chromatin states for the different stages of differentiated Th1 cells 
 
We next characterized the chromatin states in naive CD4+ T cells, cultured Th1 cells 

over the course of differentiation, as well as the cells under additional iTreg-

polarizing conditions. DNase-seq libraries were generated for the 8 experimental 

conditions (including 4 time points), in which there were two replicates for each 

library (Appendix VI and Appendix VII). In total, there were 54,000 DNase 

hypersensitive sites (DHSs) detected after combining the overlapped DHSs from all 

libraries. To characterize the chromatin state of Th1 differentiation, we applied the K-

medoids clustering (k=5) method to the DNase-seq data on differentiated Th1 cells 

(0, 24, 48, 72 hours). The cluster results (Figure 4.3(A)) showed that the accessibility 

of the DHS regions decreased in two clusters (𝐶𝐶2 and 𝐶𝐶4) and increased in the other 

three clusters (𝐶𝐶1, 𝐶𝐶3, and 𝐶𝐶5) during differentiation. Also, the transition from low 

accessible to high accessible regions occurred at different time points (DHSs in 𝐶𝐶1, 

𝐶𝐶3 , and 𝐶𝐶5  became accessible at 72, 24, and 48 hours respectively during Th1 

differentiation). Gene ontology analysis for the five clusters of DHS regions showed 

that they were associated with different biological processes (Figure 4.3(B)), which 

indicated that the Th1 differentiation process was dynamic, with a distinct emphasis 

on T cell activation or differentiation depending on time.   

Identification of potential regulators governing Th1 lineage commitment 
 
Based on both FACS staining and DNase-seq data, Th1 cells at different 

differentiation stages exhibited dynamic chromatin states, gene expression, and 

cellular function. More importantly, there existed a critical transition between 48-hour 

Th1 cells and 72-hour Th1 cells, where 72-hour Th1 cells were fully committed while 
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48-hour Th1 cells still exhibited cellular plasticity. Therefore, it would be interesting 

to elucidate the key regulators governing this critical transition of cell states. 

We reconstructed the TF-gene binding networks for the two differentiated stages 

using DNase-seq data, such that key regulators could be predicted by examining 

differences between TF-gene networks [195]. Previous studies applied footprint (FP) 

analysis to DNase-seq or ATAC-seq data to reconstruct the TF-gene binding network, 

which in turn identified the related regulators [364]. However, the bindings between 

TFs and target genes predicted by FP analysis do not necessarily imply a functional 

relationship between the TF and its target genes. Therefore, we developed a modified 

footprint analysis method (named as MFP) to reconstruct the TF-gene binding 

networks by integrating the gene expression data with the footprint analysis. 

We studied the TF-gene networks obtained by both FP analysis using the PIQ method 

[358] and our MFP method in parallel. For the FP method, 619,029 and 726,695 

interactions were detected between 426 TFs and 23,288 genes for the 48-hour Th1 

and 72-hour Th1 cells. For the MFP method, 356,153 and 410,868 interactions were 

detected between 426 TFs and 23,288 genes for the 48-hour Th1 and 72-hour Th1 

cells. Next, we predicted the potential regulators by using the transcription factor 

binding recovered by the FP and MFP analysis independently. We assigned a value to 

each TF at each time point, and the number referred to the total number of bindings of 

the TF. For each TF, we subtracted the value at 72 hours by that at 48 hours. The TFs 

were ranked in a descending order using the values after subtraction. The top-ranked 

TFs (top 30 in the FP and MFP analysis) were considered to be potential regulators if 

they satisfied two criteria: 1) the TF genes were expressed at both time points 
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(rpkm>=10) and 2) their fold changes of gene expression at 72 hours versus 48 hours 

were greater than a cutoff (>2-fold). Interestingly, we found that IRF4 was the 

consistent potential regulator predicted using TF-genes’ binding profiles from both 

FP (Figure 4.3(B)) and MFP analyses (Figure 4.3(C)). 
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Figure 4.3 Analysis of the DNase-seq and RNA-seq Data 

(In collaboration with Dr. Wai Lim Ku from Dr. Keji Zhao’s lab in NHLBI, NIH) 
(A) (The top panel) Five clusters (c1, c2, c3, c4, and c5) of the DNA hypersensitive 
sites (DHSs) were detected at 0, 24, 48 and 72 hours after Th1 differentiation. The 
clusters of DHS were generated by the K-medoids clustering method. The color 
spectrum refers to the DNA accessibility where the more accessible DHS is in red, 
and the less accessible DHS is in blue. For the y-axis, one row refers to the average 
the DNA accessibility of 10 DHSs across the four time points. (The bottom panel) 
The DHSs in the five clusters were annotated with genes using the GREAT tools. 
Gene ontology analysis was then performed for the associated genes in each cluster. 
The heatmap in the bottom panel showed the significance of the selected gene 
ontology terms enriched in genes in each of the five clusters. Each row in the y-axis 
of the heatmap refers to one of the selected gene ontology terms while each column in 
the x-axis refers to the cluster (c1, c2, c3, c4, and c5) in the heatmap in the top panel. 
More yellow in the color spectrum refers to a stronger enrichment while more blue 
refers to a weaker enrichment. (B) (The top panel) The TF-binding profiles were 
recovered using the DNase footprint analysis. TFs were ranked based on the number 
of different binding sites between 72 hours and 48 hours (72 hours vs. 48 hours). A 
positive number refers to more binding sites in 72 hours compared to 48 hours. The 
numbers of different binding sites for the top and bottom 30 ranked TFs are plotted in 
the top panel. Six TFs (Batf, Foxm1, Mxi1, Jun, Mycn, and IRF4) were selected. A 
subplot in the top right corner shows their mRNA expression levels in RPKM (y-axis) 
at 48 hours (blue) and 72 hours (red). The dashed black horizontal line refers to the 
cutoff of RPKM values at 10. (The bottom panel) The bottom panel shows a bar plot 
of the fold change of gene expression levels between 72 and 48 hours (72 vs. 48 
hours) for the top and bottom 30 ranked TFs. (C) (The top panel) The TF-binding 
profiles were recovered using the MFP method. Another six TFs (Mxi1, JunB, Jun, 
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Batf, IRF4, and HIf1a) were selected to make the subplot in the top right corner. (The 
bottom panel) The bottom panel shows a bar plot of the fold changes of gene 
expression levels between 72 and 48 hours (72 vs. 48 hours) for the top and bottom 
30 ranked TFs. (D) A genome browser snapshot at the gene locus of IRF4 showing 
the DNase-seq and RNA-seq data at 48 and 72 hours. The panel order from top to 
bottom is DNase-seq data at 48 hours (red), DNase-seq data at 72 hours (blue), RNA-
seq data at 48 hours (red), RNA-seq data at 72 hours (blue). 
 

 

Deletion of IRF4 results in enhanced Th1 cell reprogramming capability 
 
The interferon regulatory factor family TF IRF4 was among the highest-ranking 

candidates observed to regulate Th1 cell commitment (Figure 4.3(D)). To investigate 

its capacity in Th1 cell differentiation and reprogram, we used mice with conditional 

deficiency of IRF4 in CD4+ T cells (IRF4fl/fl CD4-Cre). The Th1 cells of 

IRF4fl/flCD4-Cre- mice maintained a similar capacity compared to wild-type mice (as 

indicated in Figure 4.1) to express Foxp3 after the subsequent exposure to Treg-

skewing conditions in the presence of TGF𝛽𝛽 for additional 24 hours (Figure 4.4(A)). 

However, conditionally IRF4-deleted Th1 like cells could be induced to produce 

more Foxp3, such that the frequency of Foxp3+ cells in IRF4-/- Th1 cells exceeded 

the frequency in wild-type or IRF4fl/flCD4-Cre- Th1 cells significantly (P-value < 

0.05) (Figure 4.4). This finding indicated a necessary role of IRF4 in restraining Th1 

cells reprogramming ability toward Foxp3-expressing Treg like cells. 
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Figure 4.4 IRF4 Controls Th1 Differentiation 
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(A) Naive CD4+ T cells isolated from IRF4fl/fl CD4-Cre+ and IRF4fl/fl CD4-Cre- mice 
were differentiated to Th1 cells for 48 hours and 64 hours, followed by iTreg culture 
conditions for additional 24 hours. At the indicated time points (48 + 24 hours, and 64 
+ 24 hours), T-bet and Foxp3 protein expression levels were determined by FACS. 
(B) The expression level of Foxp3 for cells cultured in Th1 conditions for 48 hours 
then re-stimulated in Treg conditions is indicated (n = 4 mice per group). Data are 
representative of at least three independent experiments. P-values are indicated 
(Mann-Whitney test). (C) The percentage of Foxp3 expression for cells cultured in 
Th1 conditions for 64 hours before re-stimulation is indicated (n = 4 mice per group). 
Data are representative of at least three independent experiments. P-values are 
indicated (Mann-Whitney test).  

 

IRF4-regulated transcriptional profiles in differentiated Th1 cells  
 
To understand the role of IRF4 in Th1 differentiation, we generated RNA-seq and 

DNase-seq libraries for naive cells under Th1 conditions for 0, 48, and 64 hours from 

IRF4fl/fl CD4-Cre+ and IRF4fl/fl CD4-Cre- mice. The PCA plots of the RNA-Seq data 

and DNase-Seq data showed that libraries from IRF4fl/fl CD4-Cre- mice at different 

time points were separated, which implied the dissimilarity among IRF4fl/fl CD4-Cre- 

mice libraries at different time points (Figure 4.5(A)). The libraries of IRF4-deleted 

CD4+ T cells at 0 hours were more similar to their corresponding IRF4fl/fl CD4-Cre- 

control libraries compared to other time points. However, the libraries of IRF4-

deleted Th1 cells at 64 hours were located closer to the libraries of IRF4fl/fl CD4-Cre- 

controls at 48 hours compared to 64 hours IRF4fl/fl CD4-Cre- controls. This 

observation was in line with our IRF4 deletion experiments in vitro (Figure 4.4) and 

indicated that IRF4 was required for Th1 cell differentiation and lineage commitment. 

We computed the differential genes between IRF4-deleted Th1 cells and IRF4fl/fl 

CD4-Cre- controls at 0, 48, and 64 hours. The scatter plots of the read densities in 

IRF4-deleted Th1 cells and controls including the differential genes were shown in 

Figure 4.5(B). Overall, there were 50 (15), 373 (321), 872 (847) up-regulated (down-
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regulated) genes when comparing IRF4-deleted Th1 cells to controls at 0, 48, and 64 

hours, respectively. This result indicated the strong influence of IRF4 to the 

expression of target genes at 64 hours during differentiation. The heat map of gene 

ontology analysis for the differential genes at 48 and 64 hours showed that the target 

genes of IRF4 in 64 hours Th1 cells were more associated with the development of T-

helper type 1 cells compared to those in 48 hours Th1 cells (Figure 4.5(C)). 

Moreover, the conditional deletion of IRF4 in CD4+ T cells impacted the expression 

of T-bet, which is the master transcription factor of Th1 cells, thus delaying Th1 

differentiation status (Figure 4.5(D)). 
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Figure 4.5 Analysis of IRF4-deleted Th1 Cells. 

(In collaboration with Dr. Wai Lim Ku from Dr. Keji Zhao’s lab in NHLBI, NIH) 
Analysis for IRF4-deleted Th1 cells and IRF4fl/fl CD4-Cre- controls at 0, 48, and 64 
hours. (A) PCA plots for control and IRF4-deleted Th1 cells at 0, 48, and 64 hours 
using DNase-Seq data (The left panel) and RNA-Seq data (The right panel). (B) 
The scatter plots of the transcript (in log2 RPKM) in IRF4-deleted cells versus 
control cells at 0 (left), 48 (middle), and 64 (right) hours. The up-regulated genes are 
highlighted in red while the down-regulated genes are highlighted in green. The 
differential genes were selected if FDR<0.05 and abs(fold-change)>1.5. (C) The heat 
map shows the enriched gene ontology terms for the differential genes (IRF4-deleted 
Th1 cells vs. IRF4fl/fl CD4-Cre- controls) found at 48 and 64 hours. (D) Genome 
browser snapshots for the T-bet locus indicate the expression level of T-bet in IRF4-
deleted Th1 cells and IRF4fl/fl CD4-Cre- control cells at 0, 48, and 64 hours. 
 
 

Next, we summarized the differential genes (IRF4-deleted Th1 cells vs. IRF4fl/fl CD4-

Cre- control cells) at 48 and 64 hours and performed the K-medoids clustering 

method to the normalized gene expression matrix (with k=6) for both IRF4-deleted 

Th1 cells and IRF4fl/fl CD4-Cre- control cells (Figure 4.6(A)). 7149 genes were 

annotated with the IRF4 binding using the IRF4 ChIP-seq data in CD4 T cells 
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cultured under Th1 cell-polarizing conditions for 3 days. Figure 4.6(C) showed the 

overlap between those differential genes and IRF4 binding genes, indicating that 

IRF4 might influence Th1 differentiation by direct binding to both up-regulated and 

down-regulated genes. This observation suggested that IRF4 could be either a 

transcriptional activator or repressor.  

To investigate whether the IRF4 binding influence chromatin states, we further 

separated the DHSs into four groups based on the IRF4 binding levels: group1 

(rpkm>=0 and rpkm<=5), group 2 (rpkm>=5 and rpkm<=10), group 3 (rpkm>=10 

and rpkm<=15), and group 4 (rpkm>=15). We then compared chromatin accessibility 

measured by the reads density between IRF4fl/fl CD4-Cre- control cells and IRF4-

deleted Th1 cells at 64 hours. Figure 4.6(B) showed that IRF4 had a positive role in 

enhancing accessibility. We tried to detect the “true” differential genes under the 

influence of IRF4 deletion by only including those genes with both IRF4 bindings 

and accessibility either in IRF4-deleted Th1 cells or IRF4fl/fl CD4-Cre- controls. 

Therefore, finally, the up-regulated and down-regulated genes were narrowed down 

to about 300-400 genes. Gene ontology analysis was applied to these two sets of 

genes. Figure 4.6(D) showed that the final gene lists were highly related to the T cell 

activation processes, which suggested the dual function of IRF4 in both T cell 

activation and differentiation processes.  
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Figure 4.6 IRF4 Role During Th1 Differentiation 

(In collaboration with Dr. Wai Lim Ku from Dr. Keji Zhao’s lab in NHLBI, NIH) 
(A) We pooled the differential genes (IRF4-deleted Th1 cells vs. IRF4fl/fl CD4-Cre- 
control cells) at 48 and 64 hours and normalized the gene expression levels by the z-
score. The heat map using the K-medoids clustering method shows that some genes 
were showing opposite expression patterns between 48 hours and 64 hours. (B) DNA 
hypersensitive sites at 64 hours in both control and IRF4-deleted Th1 cells were 
annotated with the IRF4 binding in CD4 cells. We separated the DHSs into four 
groups based on the IRF4 binding levels. The solid line in the CDF plot refers to 
control cells at 64 hours while the dashed line refers to IRF4-deleted Th1 cells at 64 
hours. (C) Up and down-regulated genes at 48 hours and 64 hours were annotated 
with the IRF4 binding. The Venn diagram shows the overlap between those 
differential genes and IRF4 binding genes. (D) Up and down-regulated genes at 64 
hours were further filtered to about 300-400 genes. The heat map shows the p-value 
of the enrichment of GO terms. 
 

Three-dimensional architecture is conserved in differentiating cells 
 
The principle of TrAC-looping involves the transposition of bivalent Mosaic End 

sequences at one genomic region or between two interacting chromatin regions, 

followed by purification of biotinylated bivalent linker-containing DNA fragments 

(Figure 4.7). The enriched biotinylated bivalent linker-containing DNA fragments 

contain information of the long-range chromosome interactions. Followed by 

amplification and library preparations, those fragments could be identified by pair-

ended sequencing on the next-generation sequencing platform. By performing one 

assay, we could simultaneously identify both accessible chromatin regions and 

chromosome interactions since transposition preferentially happens at DNA 

hypersensitive sites (DHSs).  

We found that TrAC-looping possessed the following characteristics: (1) a lower 

noise level compared with Hi-C and ChIA-PET; (2) detection of accessible chromatin 
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regions; (3) discovery of both long-range and intermediate-range interactions; and (4) 

capture of effective promoter-enhancer interactions (supporting data unpublished).  

Because the three-dimensional nuclear structure contributes to gene regulation, it is of 

great interest to understand how chromatin interactions would change during CD4+ T 

cell differentiation. Hence, we applied TrAC-looping technique to Th1 helper cells at 

different time points of differentiation (i.e., 48 hours and 72 hours). By analyzing 

TrAC-looping libraries from naive CD4 T cells, 48-hour Th1 cells, and 72-hour Th1 

cells, we did not observe substantial compartment flipping changes as indicated by A- 

and B-compartments [265] genome-wide as examples shown in Figure 4.8. This 

indicates that the three-dimensional genome architecture was conserved during Th1 

helper cell differentiation and domain boundaries remained largely invariant, at least 

at 48 hours and 72 hours.  
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Figure 4.7 TrAC-looping Principle 

(In collaboration with Qingsong Tang from Dr. Keji Zhao’s lab in NHLBI, NIH) 
(A) The simplified structure of Mosaic ends (ME) sequences and Tn5 transposase 
complexes. (B) The simplified structure of monovalent ME linkers and dimeric Tn5 
complexes used in ATAC-seq and other DNA fragmentation applications. (C) The 
simplified structure of the bivalent ME linker, the monovalent ME adapter and the 
hyperactive Tnp enzyme assembling tetrameric Tn5 complex used in TrAC-looping. 
(D) The pipeline of performing the TrAC-looping method to detect chromatin 
interactions: (1) in trans transposition of the bivalent linker; (2) DNA fragmentation 
and enrichment of biotinylated DNA; (3) DNA circulation; (4) rolling cycle 
amplification of circular DNA; (5) paired-end sequencing. 
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Figure 4.8 Compartment Analysis of Different Time Points 

(In collaboration with Dr. Wai Lim Ku from Dr. Keji Zhao’s lab in NHLBI, NIH) 
The compartment distributions of naive CD4+ T cells, 48-hour Th1 cells, and 72-hour 
Th1 cells at genomic regions on chromosome 7, 11, and 16. Red peaks stand for the 
A compartment, and green peaks represent the B compartment.  
 

Local epigenetic environments of the IRF4 locus during differentiation 
 
Although the global domain boundaries stayed stable during CD4+ T cell 

differentiation, we were still interested in investigating whether the “local” chromatin 

changes occurred at the IRF4 locus. RNA-Seq, DNase-Seq, and TrAc-looping data 

(Appendix VI and Appendix VII) at the naive CD4+ T cell stage, the 48-hour Th1 

helper cell stage, and the 72-hour Th1 helper cell stage indicated that substantial 

epigenetic alterations happened at the IRF4 locus during cell differentiation (Figure 

4.9). Especially, the numbers of chromatin looping induced by cell differentiation at 

the IRF4 locus increased dramatically across time. At the naive stage, IRF4 

expression was at the basal level with almost no interactions with other chromatin 

regions; from 48 hours to 72 hours, the expression level increased accompanied by 
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more long and immediate chromosome interactions. This observation, in another 

aspect, confirmed the important role of IRF4 in driving Th1 cell differentiation.  

 

 

Figure 4.9 Epigenetic Changes at the IRF4 Locus 
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(In collaboration with Dr. Wai Lim Ku from Dr. Keji Zhao’s lab in NHLBI, NIH) 
IRF4 gene expression, chromatin accessibility, and spatial interactions in mouse naive 
CD4+ T cells, 48-hour Th1 cells, and 72-hour Th1 cells. The same color panels 
represent biological replicates. Conditions are indicated in the figure.  
 

Discussion 

In this study, we have investigated the plasticity and lineage commitment of Th1 cells 

by using in vitro culture and genome-wide analysis of gene expression, chromatin 

accessibility, and chromatin interactions. Several interesting discoveries were 

obtained. First, the early stage T-bet+ Th1 cells were plastic and could be 

reprogrammed to express Foxp3, a marker gene of Treg cells, under the challenge of 

Treg lineage-defining cytokines. On the contrary, the late stage T-bet+ Th1 cells lost 

the plasticity of expressing Foxp3. Second, the watershed between 48-hour Th1 cells 

and 72-hour Th1 cells’ lineage reprogramming was not entirely dependent on T-bet 

expression. Third, the chromatin accessibility profiles of Th1 cells at different 

differentiation stages, especially 48 hours and 72 hours, confirmed the phenotypic 

difference on the chromatin basis and our modified footprint analysis algorithm 

implied a functional relationship between the transcription factors and target genes. 

Among those transcription factors, we predicted the potential regulators, including 

Mxi1, JunB, Jun, BATF, IRF4, and Hif-1𝛼𝛼, could be essential for the Th1 lineage 

commitment. And finally, IRF4 was experimentally validated to drive Th1 cell 

commitment by altering the chromatin accessibility status during differentiation.  

The plasticity of CD4+ T cells has captured the intense research interest for many 

years, and Th1 cells were reported to be more susceptible to Th2 cell-favoring 

manipulations [181], implying that the cells were plastic to change their fate. 
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However, it remains unclear what factors control such plasticity and lineage 

commitment. Here, we provide evidence that such plasticity is time-dependent and 

the chromatin accessibility changes are associated with different differentiation stages. 

The partially plastic behavior of the Th1 cell lineage is in line with the observations 

in PDL1-mediated Th1 inhibition [365] and retinoic acid’s function as a Th1 fate 

commitment stabilizer [366]. Hence our results demonstrate the flexibility of the Th1 

cell lineage and molecular changes associated with the lineage maintenance.  

In addition, to promote Th1 differentiation, IRF4 was found to actively modify 

chromatin accessibility and control gene expression. It is well known that in Th17 

cells, BATF-IRF4 complexes act cooperatively as pioneer factors influencing the 

expression of crucial Th17 genes and controlling chromatin accessibility to assist 

STAT3 and ROR𝛾𝛾t binding [195]. BATF-IRF4 complexes are highly expressed in 

Th2, Th9, and Th17 cells, and some researchers believe that BATF-IRF4 complexes 

are in the central regulatory node of lineage-specific transcription factor networks. 

BATF deficiency does not affect Th1 cell differentiation [367]; however, our data 

suggest BATF and IRF4 are the primary stabilizers of Th1 cell lineage commitment. 

Induction of BATF and IRF4 may limit plasticity in early Th1 cells and silence other 

lineage-associated genes. Another transcription factor Hif-1𝛼𝛼 was reported to control 

the lineage choice between Th17 and Treg cells by binding Foxp3 and ROR𝛾𝛾 t 

simultaneously but functioning differently [368]. It is possible that Hif-1𝛼𝛼  would 

influence the committed Th1 cell status by binding to critical Th1 associated genes. It 

will be of great interest to study transcriptional targets of BATF, IRF4, and Hif-1𝛼𝛼 in 

Th1 cells.  
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It is reasonable to assume the phenotype we observed in our IRF4 deletion 

experiment could be caused by the destruction of BATF-IRF4 complexes. We 

hypothesize that BATF-IRF4 complexes are critical to maintain Th1-cell fates and 

restrain the conversion to other effector lineages. Although the previous study 

suggested that differentiated Th1 effectors could not efficiently develop into Foxp3+ 

Tregs in vivo [352], the “controversy” observed in our research might, in turn, 

indicate the significant influence of time on T helper cell differentiation. Meanwhile, 

Foxp3+ Tregs were able to convert into Th1 [369] and Th17 [162] cells in vivo. All 

information delineates the considerably various flexibility and inter-convertibility of 

differentiated CD4+ T cell populations. The question of whether there is a universal 

mechanism explaining the diverse plasticity among different cell types or such 

behavior is highly cell-type specific is still unanswered. At least, our research shows 

that IRF4 (highly probably BATF-IRF4 complexes) plays an important role in 

modulating Th1 cell plasticity. In the absence of IRF4 during Th1 cell differentiation, 

cells become unstable and susceptible to acquire Th17 cells phenotypes.  

The finding in our study that no dramatic 3D genome architecture changes occurred 

during Th1 helper cell differentiation is in line with previous studies showing that 

chromatin structures, especially the topologically associating domains (TADs), 

remained constant among different cell types in the same species. The question of 

whether TADs are inherently distinct from sub-TADs, loops, or insulation 

neighborhoods remains unanswered in the field. Some researchers hypothesize that 

TADs are fundamentally different from sub-TADs, loops, and insulation 

neighborhoods because those “subunits” at least partially differ between different cell 
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lineages and may regulate lineage-specific gene expression while TADs serve as 

barriers of the physically isolated units of genome organization. Indeed, the 

alterations of local chromatin interactions observed at the IRF4 locus during Th1 cell 

differentiation may provide another piece of evidence to the inherent differences 

between TADs and their “subunits”.  

In summary, our study gives insight into the mechanism balancing Th1 cell stability 

and plasticity in their gene expression programs and chromatin accessibility. A caveat 

is that our findings are derived from in vitro experiments, and the extreme polarizing 

conditions may exaggerate CD4+ T cell plasticity. It will be meaningful to 

substantiate our key discoveries from in vitro studies under physiological conditions. 

In vivo tests of IRF4’s impact on Th1 cell differentiation would be anticipated, and 

future experiments to evaluate the functionality of Th1 derived “Treg” cells and their 

implications in the pathogenesis of autoimmune diseases [365] may be informative. 
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Chapter 5 :  Conclusions and Future Directions 

The long-term pursuit of our lab is to integrate the knowledge from statistical genetics 

and computational epigenetic methods to decipher the interaction between animal 

genomes and environmental factors, and their relationship to disease-prevention and 

performance. In my graduate research, my general interest falls into several aspects: 

1) how CD4+ T cells in chickens change their epigenetic status to influence the 

transcriptional activity and their different phenotypes towards MDV infection; 2) how 

CD4+ T cells, especially Th1 helper cells, undergo differentiation and commitment 

towards their cell fates; and 3) what are the underlying epigenetic machinery 

controlling cellular plasticity and responses towards viral infection. The work 

presented here contributes some novel insights into the above topics.  

We first studied the effect of late cytolytic MDV infection on gene expression in three 

immune organs of two inbred chicken lines showing distinct degrees of resistance to 

MD. The transcriptome profile suggested the different behavior of spleen, bursa, and 

thymus when confronting MDV. Integration of differential gene expression and 

pathway analyses enabled the discovery of immune-related factors involved in MD 

resistance. For instance, Herpes simplex infection and Influenza A pathways were 

discovered in line 63 chickens, whereas pathways associated with metabolism, cell 

cycle, and DNA replication were observed in line 72 chickens. Our research provided 

further insight into the mechanism of MD progression and underlined the significance 

of genetic research behind complex diseases.  

The transcriptional changes in chicken tissues may not adequately represent the 

cellular response against viral infection. Being the primary targets of Marek’s disease 
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virus, CD4+ T cells are both the victims and the fighters against viral infection. It is 

highly reasonable to assume the innate differences between CD4+ T cells of the two 

chicken lines distinguish the symptom of disease progression. Our second study on 

chicken CD4+ T cells, in both transcriptome and chromatin accessibility aspects, 

observed more significant transcriptional activity changes at 10 DPI. The increase of 

chromatin accessibility and 3D genome architecture changes represented by A/B 

compartment flipping were associated with the specifically up-regulated genes in line 

63 chicken CD4+ T cells induced by MDV infection at 10 DPI. The epigenetic 

alterations in CD4+ T cells from resistant chickens may contribute to the disease 

outcomes.  

Cytokines directing Th1 (infection with intracellular pathogens) and Th2 types 

(infection of extracellular pathogens) of the immune response in the avian immune 

system have been reported to mimic the similar process in mammals [370]. However, 

the limitations of knowledge and techniques available for separating chicken CD4+ 

lineages restrain more in-depth study on cell differentiation and commitment. Hence, 

the next step in our exploration is the extension of our efforts to investigate the 

dynamic epigenetic changes occurred during Th1 differentiation in mice. Our in vitro 

studies discovered that the differentiation status of Th1 cells was not static and cells 

differently behaved when confronting a subsequent micro-environmental change 

during differentiation over time. The difference between 48-hour “plastic” Th1 cells 

and 72-hour “committed” Th1 cells was not directly caused by T-bet since at both 

stages T-bet expression levels were relatively high. Our integrative analysis at 

different time points indicated that the genome-wide transcriptional regulatory 
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networks were controlling Th1 activation and differentiation processes. Our modified 

footprinting analysis revealed potential Th1 regulators such as BATF, Jun, IRF4, Hif-

1𝛼𝛼 , Foxm1, Mxi1, and Mycn. The functional validation of IRF4 confirmed our 

integrative analysis results. Indeed, our ChIP-Seq assays confirmed that the binding 

of IRF4 could serve as both transcriptional activation and repression, and IRF4 was 

involved both in T cell activation and differentiation. Our discoveries gave further 

insights into CD4+ T cell lineage commitment and implications for disease 

pathogenesis associated with intracellular infection from bacteria and viruses.  

Since our Hi-C experiment has revealed the dynamic interacting regions after MDV 

infection, one future direction of our study would be the functional validation of those 

changes in chromosome organization and transcriptional activity in chicken CD4+ T 

cells. 5C methods and three-dimensional fluorescence in situ hybridization (FISH) 

could be used to confirm the spatial organization of targeted regions in the nucleus 

impacted by MDV infection. At the current stage the transgenic and knockout model 

systems are not well established in chickens; a possible future exploration of our 

study could be the establishment of conditional gene deletion chickens to validate 

biological functions. One common technique applied in chicken models involves 

RNA interference (RNAi) to knockdown interest genes in vitro, although it might not 

truly represent the physiological response after viral infection. It is always preferable 

to test candidate targets in vivo to truly understand their functions under physiological 

conditions after MDV infection. Also, the extensive study on mouse CD4+ T cell 

differentiation cannot be performed on the chicken model in our lab due to some 

funding and resource limitations at this moment. Nevertheless, it is of great interest to 
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exam the subsets of chicken CD4+ T cells under the influence of MDV infection. It 

will be promising to study gene functions both in vitro and in vivo associated with 

resistance to MDV infection.  

Another possible direction of our future research is to decipher the regulatory network 

during CD4+ T cell differentiation. We will systematically examine Th1 helper cells 

and identify novel proteins and genes with respect to T cell differentiation and 

plasticity. Although we discovered several candidate genes, including BATF, IRF4, 

and Hif-1 𝛼𝛼 , we believe there remain undiscovered factors controlling this 

complicated biological process. Our current integrative study on mouse Th1 cells 

mainly relies on the available transgenic and knockout mice models. Until now, only 

the dynamic regulatory network of Th17 subtypes has been validated systematically 

[195, 196] using transgenic and knockout mice models. Alternatively, the in vivo 

small RNA interference screen on mouse T cells [371] or the currently-developed in 

vivo CRISPR screening could facilitate our future studies. High knockout efficiency 

might be reached by introducing retroviral CRISPR sgRNAs into T cells from mice 

constitutively expressing Cas9. Also, it will be of great interest to evaluate the protein 

function in vitro and in vivo after identifying their critical roles in Th1 cell 

differentiation and plasticity. Gene knockouts and knockdowns stop the expression of 

protein indirectly and may cause delayed protein disruption and initiation of 

compensatory mechanisms [372]. Considering the possible disadvantages of both 

knockouts and small RNAi knockdowns, it may be worthy of trying the new 

technique Trim-Away [372], which does not require prior DNA or mRNA 

modification, to directly degrade mammalian endogenous proteins. We anticipate 



 

 151 
 

discovering and validating the CD4+ cells’ dynamic regulatory network in our 

subsequent future studies. 
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Appendices 
 

Appendix I. Top Pathways of Differentially Expressed Genes Between 
MDV Infected and Uninfected Chickens 

Lines Organ Category Term Count % P-value 

L63 Spleen KEGG_PATHWAY Phagosome 18 2.5 4.3E-4 

  KEGG_PATHWAY Cytokine-cytokine receptor interaction 21 2.9 6.3E-4 

  KEGG_PATHWAY Herpes simplex infection 19 2.6 6.43E-4 

  KEGG_PATHWAY Influenza A 16 2.2 4.2E-3 

L72 Spleen KEGG_PATHWAY Cytokine-cytokine receptor interaction 76 1.8 2.9E-5 

  KEGG_PATHWAY DNA replication 21 0.5 4.7E-5 

  KEGG_PATHWAY Focal adhesion  80 1.9 2.0E-4 

  KEGG_PATHWAY Proteasome 24 0.6 3.5E-5 

  KEGG_PATHWAY Cell cycle 50 1.2 1.2E-3 

  KEGG_PATHWAY Cell adhesion molecules (CAMs) 38 1.0 2.2E-2 

  KEGG_PATHWAY Glycosphingolipid biosynthesis 9 0.2 2.0E-2 

  KEGG_PATHWAY Gap junction 34 0.8 2.2E-2 

L72 Thymus KEGG_PATHWAY Drug metabolism 6 1.1 2.1E-3 

  KEGG_PATHWAY Linoleic acid metabolism 5 0.9 2.2E-3 

  KEGG_PATHWAY Cytokine-cytokine receptor interaction 13 2.3 3.0E-3 

  KEGG_PATHWAY Arachidonic acid metabolism 6 1.1 3.5E-3 

  KEGG_PATHWAY PPAR signaling pathway 6 1.1 4.2E-2 

  KEGG_PATHWAY Metabolism of xenobiotics by cytochrome P450 4 0.7 6.7E-2 

  KEGG_PATHWAY Retinol metabolism 4 0.7 6.7E-2 

L63 Bursa KEGG_PATHWAY Focal adhesion 8 4.7 4.3E-4 

  KEGG_PATHWAY Cardiac muscle contraction 4 2.4 8.0E-3 
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  KEGG_PATHWAY Tight junction 5 3.0 1.1E-2 

  KEGG_PATHWAY Regulation of actin cytoskeleton 5 3.0 5.3E-2 

L72 Bursa KEGG_PATHWAY Cell cycle 52 1.2 6.6E-5 

  KEGG_PATHWAY DNA replication 17 0.4 9.6E-4 

  KEGG_PATHWAY Drug metabolism 17 0.4 1.8E-3 

  KEGG_PATHWAY Focal adhesion 69 1.6 4.6E-3 

  KEGG_PATHWAY Cytokine-cytokine receptor interaction 57 1.3 9.3E-3 

  KEGG_PATHWAY Mismatch repair 10 0.2 2.3E-2 

  KEGG_PATHWAY Natural killer cell mediated cytotoxicity 29 0.7 2.5E-2 

  KEGG_PATHWAY Keratan sulfate biosynthesis 9 0.2 2.7E-2 

  KEGG_PATHWAY Lysosome 38 0.9 2.8E-2 

  KEGG_PATHWAY Metabolism of xenobiotics by cytochrome P450 14 0.3 4.2E-2 

  KEGG_PATHWAY P53 signaling pathway 24 0.5 5.2E-2 

  KEGG_PATHWAY Glutathione metabolism 16 0.4 5.5E-2 

  KEGG_PATHWAY ECM-receptor interaction 29 0.7 6.7E-2 
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Appendix II. Mapping Quality of Chicken CD4+ T Cell RNA-Seq Data 
 

Samples Total Reads  Mapped Reads Mappability 
Chicken CD4+ 5DPI 72I1 23675171 18890960 0.8 
Chicken CD4+ 5DPI 72I2 32455921 23897488 0.74 
Chicken CD4+ 5DPI 72I3 24892194 14740125 0.59 
Chicken CD4+ 5DPI 72I4 31803542 20305020 0.64 
Chicken CD4+ 5DPI 63I1 26762477 21024347 0.79 
Chicken CD4+ 5DPI 63I2 28946935 21917892 0.76 
Chicken CD4+ 5DPI 63I3 27062574 15779601 0.58 
Chicken CD4+ 5DPI 63I4 26199506 13025392 0.5 
Chicken CD4+ 5DPI 72N1 28754814 22022737 0.77 
Chicken CD4+ 5DPI 72N2 30587769 25968512 0.85 
Chicken CD4+ 5DPI 72N3 33784268 21849043 0.65 
Chicken CD4+ 5DPI 72N4 34235424 23342131 0.68 
Chicken CD4+ 5DPI 63N1 28018733 22241946 0.79 
Chicken CD4+ 5DPI 63N2 27965138 19584236 0.7 
Chicken CD4+ 5DPI 63N3 33211607 17925904 0.54 
Chicken CD4+ 5DPI 63N4 31316580 18674368 0.6 
Chicken CD4+ 10DPI 72I1 41813064 30006796 0.72 
Chicken CD4+ 10DPI 72I2 31704926 17644144 0.56 
Chicken CD4+ 10DPI 72I3 36879805 28092494 0.76 
Chicken CD4+ 10DPI 72I4 42102517 33128832 0.79 
Chicken CD4+ 10DPI 63I1 28120963 18349904 0.65 
Chicken CD4+ 10DPI 63I2 27912984 16584697 0.59 
Chicken CD4+ 10DPI 63I3 29461980 22322684 0.76 
Chicken CD4+ 10DPI 63I4 30665325 20670219 0.67 
Chicken CD4+ 10DPI 72N1 31909727 23495082 0.74 
Chicken CD4+ 10DPI 72N2 32321537 23669101 0.73 
Chicken CD4+ 10DPI 72N3 58097 4040 0.07 
Chicken CD4+ 10DPI 72N4 37065732 29907198 0.81 
Chicken CD4+ 10DPI 63N1 36239778 29294207 0.81 
Chicken CD4+ 10DPI 63N2 32755078 26547886 0.81 
Chicken CD4+ 10DPI 63N3 33257675 26026680 0.78 
Chicken CD4+ 10DPI 63N4 33718178 26144844 0.78 
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Appendix III. Genome Browser View of Chicken 10 DPI RNA-Seq Data 
10 days post infection CD4+ T cell RNA-Seq data at two gene locations (CDC16 and 
RASA3). Red tracks stand for line 72 infected chicken groups; blue tracks are 
representative of line 72 control (non-infected) chicken groups; pink tracks describe 
line 63 infected chicken groups; green tracks are from line 63 control (non-infected) 
chicken groups.  
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Appendix IV. Sequencing Statistics of Chicken CD4+ T Cell ATAC-Seq 
and Hi-C 
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Appendix V. Mouse Th1 Helper Cell Time-Course Differentiation 
Experiments 
As indicated in the figure, at different time points (0 hours, 24 hours, 48 hours, 60 
hours, and 72 hours) T-bet and Foxp3 protein expression were determined in Th1-like 
cells by FACS. Data are representative of at least two independent experiments. 
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Appendix VI. Sequencing Statistics of Mouse RNA-Seq and DNase-Seq 
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Appendix VII. PCA of Mouse DNase-Seq and RNA-Seq Data 
The principal component analysis revealed the dynamic changes occurred during Th1 
helper cell differentiation and under the secondary cytokine stimulation in Treg 
culture conditions.  
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