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Abstract 

 Current sequencing technologies allows researchers unprecedented insight into 

our biology, and how these biological mechanisms can become distorted and lead to 

disease. These aberrant mechanisms can be brought about by many causes, but some 

occur as a result of genetic mutations or external factors through the epigenome. Here, 

we used our microfluidic technology to profile the epigenome and transcriptome to study 

such aberrant mechanisms in three different diseases and illnesses: breast cancer, 

chronic inflammation, and mental illness. We profiled the epigenome of breast tissue from 

healthy women with the BRCA1 mutation to understand how the mutation may facilitate 

eventual breast cancer. Epigenomic changes in breast cells suggest that cells in the basal 

compartment may differentiate into a different cell type, and perhaps become the source 

of breast cancer. Next, we compared the epigenome and genome of murine immune cells 

under low-grade inflammation and acute inflammation conditions. We found that low-

grade inflammation preferentially utilizes different signaling pathways than in acute 

inflammation, and this may lead to a non-resolving state. Finally, we analyzed the effect 

of the maternal immune activation on unborn offspring, and how these changes could 

cause later mental illness. The insights we made into these diseases may lead to future 

therapies.  



Epigenomic and Transcriptomic Changes in the Onset of Disease 

 

Lynette Brigitte Naler 

 

General Audience Abstract 

 Despite advances in medical and scientific research, there is still a dearth of 

information on how diseases affect the expression of our genes, such as breast cancer, 

chronic inflammation, and influenza. Mutation in the BRCA1 gene is probably the most 

well-known mutation that can lead to breast cancer. We know the overarching reason that 

mutation in BRCA1 can lead to cancer, as BRCA1 is responsible for repairing damage in 

the DNA, so mutations can compound and create cancerous cells. However, we do not 

know the exact mechanisms by which this actually happens. Another widespread problem 

is chronic inflammation, which can promote or lead to diseases such as diabetes, cancer, 

Alzheimer’s, Rheumatoid arthritis, and heart disease. In addition, there are many causes 

of chronic inflammation that many people have experienced at some point in time, 

including stress, insomnia, being sedentary, poor eating habits, and obesity. Despite this, 

we still do not fully understand why chronic inflammation differs from normal inflammation, 

which is a healthy process, or why it does not resolve. There are also other connections 

that are surprising, and many are not aware of. If a pregnant woman gets the flu during 

her second trimester, her baby has much higher odds of developing schizophrenia later 

in its lifetime. Given the prevalence of the flu, there is a very real chance that an expecting 

mother will be infected during her pregnancy.   
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1 Introduction 

The epigenome is the means by which our environment and our experiences, or those 

of our parents, can produce a tangible effect on us. As opposed to our DNA, which is 

largely stable, our epigenome is in flux and is capable of changing how our DNA 

expresses itself. It is how two living things, with the same exact DNA, can have very 

different features or diseases. For example, if an individual who has schizophrenia has 

an identical twin, their twin will also be diagnosed with schizophrenia only about 50% of 

the time. Furthermore, our surroundings and our experiences can affect our epigenome 

in ways that induce, exacerbate, or leave us vulnerable to disease. Even internal changes, 

such as genetic mutation, can affect the epigenome and lay the foundation for later illness.  

1.1 Epigenetics 

Epigenetics is the body of inheritable modifications to the genome that do not 

change the underlying gene sequence.1 It is responsible for the myriad of cells that are 

present within a human body, despite the fact that they all share the same exact genome. 

Furthermore, epigenetics is what allows our bodies to be affected by and adapt to our 

surroundings. Disruption of the epigenome can be both a cause or contributor of disease 

as well as a marker. For example, widespread changes in the epigenome are a hallmark 

of cancer – sometimes as a result of genetic mutation, though not always.2 Due to its 

reversible nature, it has become a popular target for medical therapies.3 The main focus 

in epigenetics research is on DNA methylation, 3D chromatin structure, histone 

modification, and non-coding RNA, though there are other epigenetic marks. Here, we 

will primarily focus on histone modifications. 
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Chromatin Structure 

Within each human cell, there is approximately 2 meters of DNA. In order for it 

pack tightly in the cell, the DNA is wrapped around an octamer of histones in a unit 

structure known as a nucleosome.4 The histone octamer consists of four pairs of H2A, 

H2B, H3, and H4 histones which are wrapped by ~147bp of DNA. Between each 

nucleosome, there is ~50bp of DNA, such that the series of nucleosomes mimics ‘beads 

on a string’.5 The chromatin can then be further coiled and packed in a form known as 

heterochromatin, which is associated with gene repression.1 Conversely, the less dense 

form, euchromatin, is associated with gene activation. The state of chromatin packing is 

largely determined by either histone modifications or DNA methylation. 

Histone Modification 

While the location of a nucleosome is relatively stable, each histone has an N-

terminal amino-acid tail that can be modified.4 The number of known modifications has 

rapidly increased with recent years, though the main modifications studied involve mono-, 

di-, or tri-methylation or acetylation of one of the amino acids (primarily lysine) present on 

the tail. In notation, the acetylation of the lysine in the 27th position of the amino acid tail 

on histone H3 is denoted as H3K27ac. The type and location of the modification can affect 

whether or not gene expression is promoted or repressed. For example, H3K27ac and 

H3K9ac are associated with active enhancer and promoter regions, respectively.6-8 

H3K9me3 is associated with densely packed heterochromatin, where gene expression is 

silenced.9 Similarly, H3K27me3 is associated with Polycomb silencing of genes.10 In 

contrast, H3K79me2 is associated with increased gene expression and H3K4me3 marks 

promoters.11,12 In order to determine the locations at which these histone modifications 
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are occurring across the genome, researchers use chromatin immunoprecipitation 

followed by high-throughput sequencing. 

Chromatin Immunoprecipitation (ChIP) 

Chromatin immunoprecipitation (ChIP) is a method of isolating the DNA that is 

wrapped around nucleosomes that have been modified in a specific way.13 Generally, 

superparamagnetic beads are coated in antibody against the histone mark of interest (e.g. 

anti-H3K27ac). The beads are then incubated with chromatin, which is either fixed with 

formaldehyde then sonicated (XChIP) or digested through MNase (nativeChIP or nChIP). 

Smaller fragments of DNA allow for better resolution of a histone’s location, however there 

needs to be an adequate number of DNA bases for the location to be determined. 

Afterwards, the beads are washed to remove non-specific binding and the chromatin is 

eluted from the beads. The DNA is then removed from the histone and tagged with 

sequencer-specific adapters in a process known as library preparation. Once the libraries 

are prepared, the DNA is sequenced to determine where the modifications are occurring 

along the genome. While ChIP is an effective means for genome-wide histone mapping, 

it does not provide data on which one of the two histones are modified, or if both histones 

share the same or different modifications.4 

MOWChIP 

Unfortunately, traditional ChIP methods generally require on the order of millions 

of cells to perform the assay.13 This is particularly difficult in the case of rare cell types or 

from primary tissues, such as from a biopsy, where sample is severely limited or must be 

shared.14-17 In response to this, our lab created a device to perform microfluidic oscillatory 

washing-based ChIP (MOWChIP) that was capable of effectively isolating ChIP-DNA for 
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sequencing from as few as 100 cells.18 By leveraging a packed bed to increase adsorption, 

we were able to obtain over 25 times more ChIP-DNA from cells than previous methods.19 

Recent optimization has allowed us to perform up to eight MOWChIP assays in parallel. 

20 It has also been used to analyze a wide variety of cell types and histone modifications, 

even some known for their difficulty. Other technologies such as Drop-ChIP21, 

CUT&RUN22,23, and ChIL-seq24 are also capable of performing low-input ChIP-seq. 

However, they suffer from either few reads per sample (Drop-ChIP), lower data quality 

(CUT&RUN), belabored process (ChIL-seq), or low throughput data acquisition 

(CUT&RUN, ChIL-seq). 

 

1.2 Sequencing Technology 

In order to understand how the epigenome is affected, specifically for ChIP-seq, the 

enriched ChIP-seq DNA must be sequenced. During this process, each nucleotide in a 

fragment of DNA is identified, and eventually this information can be used to identify the 

genomic locations at which the histone modification occurs.  

Sanger Sequencing 

The first major iteration of automated sequencing was Sanger’s ‘chain-termination’ 

sequencing, developed originally in 1977.25 Sanger sequencing used amplification of 

DNA strands using a mix of nucleotides (dNTPs) and dideoxynucleotides (ddNTPs). 

When incorporated into the complementary strand, the ddNTPs prevent further 

additions.26 Many strands of various lengths would be formed and the samples could be 

sequenced by running the samples on a gel. At first, this required four lanes (one for each 

ddNTP) but eventually incorporated fluorescent labelling to be run on one. Sanger 
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sequencing was famously used by the Human Genome Project in sequencing the human 

genome during the 1990’s at a cost of $3 billion dollars over 13 years.27,28 

Next Generation Sequencing 

The second generation of high-throughput sequencing is referred to as next-

generation sequencing. The three biggest technologies over the years have been 

Roche’s 454 pyrosequencing, Thermo Fisher’s Ion Torrent sequencing, and Illumina 

Solexa sequencing.29 The most popular technology by far, and the one we use in our lab, 

is Illumina’s sequencing technology. Developed by Solexa, who was later purchased by 

Illumina, in 2006, it makes use of a solid-phase amplification technique known as ‘bridge 

amplification’.30 Adapters are added to DNA fragments, which allows them to bind to 

complementary anchor points on the flow cell. DNA polymerase fabricates a 

complementary strand of DNA at the anchor point, and the original fragments are washed 

away. Then, the DNA strands fold over and attach to a nearby anchor point, forming a 

bridge. The complementary sequence is generated, the two strands are separated, and 

the cycle continues. Illumina’s production level sequencers are capable of generating 

billions of reads per run, with reads up to 150-250bp.  

Third Generation Sequencing 

The third generation of high-throughput sequencing consists of PacBio SMRT and 

Oxford Nanopore technologies. These technologies are notable for their ability to perform 

real-time sequencing with significantly longer (~100x) reads.31 In addition, they are 

capable of directly sequencing methylated DNA, histone modifications, and other 

epigenetic marks. Pac-Bio’s SMRT (single molecule real-time) sequencing platform was 

a sequencing-by-synthesis technology released in 2009 that leverages small 



   Chapter 1 – Introduction 

6 
 

wavelengths to perform sequencing and is currently capable of read lengths greater than 

10kb and over 350k reads per run.31,32 Oxford Nanopore, released in 2015, feeds DNA 

strands through a protein nanopore that is embedded within a charged membrane and 

changes in voltage are used to determine the sequence.33,34 While both technologies are 

better at handling high repeat regions than Illumina, they also suffer from higher error 

rates, though there are methods of mitigating this such as consensus-based 

sequencing.31,34 Furthermore, their focus on long reads makes them less effective in 

genome-wide analyses such as ChIP-seq. 

 

1.3 Bioinformatics 

Once the DNA is sequenced, we are given substantial files with millions of reads 

denoting the bases sequenced. In order to obtain meaningful underlying biological data, 

the sequenced data must undergo specific processing methods. This use of 

computational tools in order to better understand biology is known as bioinformatics. In 

addition, the analysis can be empowered by combining multiple types of analysis, such 

as ChIP-seq and RNA-seq, to provide novel and robust insights into the underlying 

biology. 

 

ChIP-seq Data Analysis 

First, the reads are aligned to a reference genome. If there does not exist a 

reference genome, then one can be created, though it requires deep sequencing (i.e. 

each location has multiple reads that map it) with long enough reads such that there is 

sufficient overlap to determine the order of the reads. However, this is beyond the scope 
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of our work, since ChIP-seq uses short reads and thus requires a reference. Then, reads 

that map to many locations are removed and the locations of ‘peaks’ are determined. 

Peaks are locations of the genome where the ChIP sample has a significant number of 

reads as compared to a background sample – generally normal DNA that has been 

sequenced. The peaks denote locations where there is a histone modification present. 

Once we have determined where the peaks are located, we can isolate peaks unique to 

a condition, compare the peak height between conditions to analyze differential 

modification levels, and even map peaks to nearby genes to determine if any biological 

pathways are enriched.  

Furthermore, analysis of a combination of marks can provide additional insight into 

biology, such as regulatory elements, that is not capable with just one mark. For example, 

enhancers are a cell-type specific regulatory element that are responsible for activating 

gene transcription, even at great distances.35 Specifically, they are regions whose 

sequences can bind various transcription factors that then facilitate transcription of a 

target. While H3K27ac marks active enhancers, H3K4me3 levels should be low at 

enhancer locations.6,36 Thus, we are able to identify active enhancer regions by 

determining those regions that have high H3K27ac signal and low H3K4me3 signal. 

When multiple enhancers are present near one another, the region is deemed a super-

enhancer.37 Seemingly contradictory modifications can also co-occur on the same 

nucleosome. Promoters are regions of the gene where transcription starts and are distinct 

from enhancers. Promoters marked with both H3K4me3, which marks active promoters11, 

and H3K27me3, which is associated with gene silencing10, are considered to be bivalent 

promoters.38 They are suggested to be silenced regions that are poised for activation. 
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Altogether, the tools at our disposal enable us to probe the role of epigenetics across 

many situations. 

Transcriptomic Data Analysis 

Genes that are actively expressed are transcribed into messenger RNA (mRNA), 

which is in turn translated into functional proteins39. As such, sequencing the mRNA 

provides insight into gene expression levels, known as RNA-seq40. This is done by 

isolating the mRNA and converting it into complementary DNA (cDNA). Adaptors are 

ligated onto the cDNA and the cDNA is amplified, before being sequenced. Much like in 

ChIP-seq, the sequenced reads must be processed. However, there are two main ways 

this can occur. Traditionally, the reads are aligned to a reference genome, much like in 

ChIP-seq, before the transcripts are quantified. There are newer, alignment-free methods 

that associate the reads directly with the transcripts, by breaking them into smaller 

fragments and matching them to pre-indexed transcripts41,42. These methods are faster 

and are very accurate in the quantification of highly-expressed or long genes, but they 

have worse performance for small or low-expressed RNAs42. In both cases, transcripts 

with low read counts are removed, before all reads are normalized40. Once the RNA-seq 

data is prepared and determined to be of suitable quality, the data is primarily used for 

determining genes that are differentially expressed between two conditions. 
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1.4 Research Topics 

Here, we wanted to better understand the role of epigenetics in disease and related 

changes that occur in gene expression. As such we explore the effects of BRCA1 

mutation, lipopolysaccharide stimulation, and maternal immune activation on the 

epigenome and transcriptome. 

Chapter 2 – Effect of BRCA1 mutation 

Women who have a mutation in the BRCA1 gene are at high risk of developing breast 

cancer within their life time. To better understand the effect that BRCA1 has on the 

epigenome, we profiled healthy breast tissue for H3K27ac from women with the BRCA1 

mutation and from those without. We show that the BRCA1 mutation causes widespread 

changes to the epigenome of four different human breast cell types: basal, luminal 

progenitor, mature luminal, and stromal. However, there were only substantial differences 

in the H3K27ac modification levels of basal and stromal cells, despite previous research 

pointing to luminal progenitors as the source of breast cancer in women with the BRCA1 

mutation. Epigenomic variance at each of these marks were found to be in proximity to 

genes that were involved in DNA damage, unfolded protein response, and apoptosis, all 

of which BRCA1 has been implicated in. In addition, we analyzed NC cell-type-specific 

transcription factor enrichment in BRCA1 mutant cell types in conjunction with analysis of 

differential modification of cell-type specific genes. Together, our data suggests that the 

epigenomic changes due to BRCA1 mutation may promote the differentiation of cells in 

the basal compartment into luminal progenitor cells, which may later lead to breast cancer. 

Chapter 3 – Immune changes from differential lipopolysaccharide stimulation 
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Chronic inflammation can facilitate or exacerbate many diseases, and there are many 

causes of chronic inflammation that we have all experienced, like stress or poor sleep 

habits. Despite this, the specific process by which low-grade inflammation occurs is not 

clear. To study this, we stimulated murine bone marrow-derived monocytes at low-doses 

and high-doses of lipopolysaccharide, a component of Gram negative bacteria that is 

associated with chronic inflammation, to determine the differences between low-grade 

and acute inflammation. Analysis of genome-wide H3K27ac binding and gene expression 

data suggest that low-grade inflammation preferentially uses the TRAM/TRIF-dependent 

pathway of TLR4 signaling, instead of the MyD88-dependent pathway. Further analysis 

of gene expression data from TRAM-deficient mice support this conclusion. In addition, 

key genes were identified that might explain what prevents the resolution of low-grade 

inflammation. 

Chapter 4 – Neural alterations due to maternal immune activation 

Activation of the immune system of a pregnant mother, such as due to infection, can 

have long-term effects on her child. In humans, MIA increases risk for autism and 

schizophrenia and has been found to be effectively modeled in mice. Here, we analyze 

the effect of maternal immune activation (MIA) on the epigenome of mouse offspring. 

Moreover, we analyze how cross-fostering, a common tactic to determine prenatal and 

postnatal effects, has an effect. Non-fostered MIA offspring show subtle, yet possibly key, 

differences when compared to non-fostered Mock mice. However, both of these groups 

of mice were significantly different than their control group, suggesting that even being 

exposed to MIA-born pups has an effect on the non-fostered Mock mice. Furthermore, 

cross-fostered Mock offspring and MIA offspring were also different than both non-
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fostered offspring and their own control group, and were very similar to one another. 

These changes suggest that MIA exposure also has an effect on these mice similar to 

that in the non-fostered groups, but may be somewhat ameliorated as a result of cross-

fostering.  

Analysis of the epigenome and transcriptome is a powerful means of better 

understanding the biological mechanisms at play in many diseases. While the research 

described here advances knowledge into each of the disorders in question, there is still 

much more research that will be necessary to fully elucidate the etiology of each of these 

diseases, as well as means of possible treatment. Finally, Chapter 6 describes avenues 

of future research that can build upon the present work. 
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2 Cell-type-specific epigenomic variations associated with 

BRCA1 mutation in pre-cancer human breast tissues 

Published Work 

The work presented in this chapter was adapted from previously preprinted work noted 
below. Authors retain all copyright of figures. 
 
Hsieh, Y.-P., Naler, L. B., Ma, S., and Lu, C. Cell-type-specific epigenomic variations 
associated with BRCA1 mutation in pre-cancer human breast tissues. bioRxiv (2020) doi: 
10.1101/2020.08.24.265199 
  

Author Contributions 

Chang Lu designed and supervised the study. Yuan-Pang Hsieh conducted the 
epigenomic profiling of the breast tissue samples. Lynette Naler analyzed the data. Sai 
Ma helped with experimental work and data analysis. Lynette Naler and Chang Lu wrote 
the manuscript. All authors proofread the manuscript and provided comments. 

 

2.1 Project Summary 

BRCA1 germline mutation carriers are predisposed to breast cancers. Epigenomic 

regulations have been known to strongly interact with genetic variations and potentially 

mediate biochemical cascades involved in tumorigenesis. Due to the cell-type specificity 

of epigenomic features, profiling of individual cell types is critical for understanding the 

molecular events in various cellular compartments within complex breast tissue. We 

produced cell-type-specific profiles of genome-wide histone modifications including 

H3K27ac and H3K4me3 in basal, luminal progenitor, mature luminal, and stromal cells 

extracted from pre-cancer BRCA1 mutation carriers (BRCA1mut/+) and non-carriers 

(BRCA1+/+), using a low-input ChIP-seq technology that we developed. We discovered 

that basal and stromal cells present the most extensive epigenomic differences between 
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mutation carriers (BRCA1mut/+) and non-carriers (BRCA1+/+) while luminal progenitor and 

mature luminal cells are relatively unchanged with the mutation. Furthermore, the 

epigenomic changes in basal cells due to BRCA1 mutation appear to facilitate their 

transformation into luminal progenitor cells. Our findings shed light on the pre-cancer 

epigenomic dynamics due to BRCA1 mutation and how they may contribute to eventual 

development of predominantly basal-like breast cancer. 

 

2.2 Background 

Breast cancer is the most prevalent cancer in women, and is the cancer women 

are most likely to die from.43 In fact, it is the leading cause of death of women between 

35 and 55.44 At least one in ten women get breast cancer at some point in their life.45 

While mortality from breast cancer is decreasing in developed countries, it is steadily 

increasing in less developed countries. Although only 5% of breast cancer cases are 

estimated to be due to genetic predisposition, it is believed to be responsible for 25% of 

cases diagnosed before a woman turns 30.46 Despite the fact that there are multiple 

genes that are responsible for familial breast cancer inheritance, almost fifty percent can 

be attributed to mutations in BRCA1. First identified in 1990 and cloned in 1994, about 1 

in 1000 individuals have a mutations in BRCA1 and those who do have a 46% – 87% 

chance of getting breast cancer in their lifetime.46-51 Although there appears to be no 

relation between BRCA1 mutation and decreased odds of survival, women with early-

onset breast cancer do have higher rates of metastasis, recurrence, and mortality.52,53  

BRCA1 encodes a protein responsible for repairing DNA after double-stranded 

breaks and cell cycle checkpoint regulation; thus, BRCA1 mutations cause genomic 
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instability which can eventually lead to cancer.51,54 Approximately 80% of BRCA1 

mutation-based breast cancers are basal-like and/or triple-negative.55 However, BRCA1 

is expressed and functional in other tissues so there must be more than just a genetic 

component to BRCA1-mutation based breast cancer.  

While DNA hypomethylation is common in many cancers, BRCA1 mutation breast 

cancers generally have even lower DNA methylation levels than sporadic breast cancer.56 

In normal tissue, BRCA1 positively regulates the expression of DNMT1, which is 

responsible for maintenance of DNA methylation levels.57 Therefore, loss of BRCA1 

function causes widespread DNA demethylation and is associated with increases in the 

gene expression levels of multiple proto-oncogenes. Despite this, BRCA1 mutant breast 

cancers do exhibit promotor hypermethylation of estrogen receptor alpha, which encodes 

ER and explains the decreased ER levels that often occurs in BRCA1 mutant breast 

cancer.58 

BRCA1 is also capable of affecting histone modifications. BRCA1 has been shown 

to interact with the histone deacetylases HDAC1 and HDAC2.59 Since histone acetylation 

is associated with open and active chromatin, the loss of BRCA1 function leads to 

activation of other components. For example, normal BRCA1/HDAC2 function is shown 

to repress the oncogenic microRNA miR-155 and BRCA1’s absence increases miR-155 

expression.60 BRCA1 is part of a complex that ubiquitylates histone H2A, which has been 

shown to be critical for the suppression of satellite transcripts.61 In the absence of BRCA1, 

the satellite DNA is transcribed into non-coding RNAs that cause widespread genomic 

instability and induces breast cancer.62 
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However, how these genetic alterations trigger the molecular cascades that 

ultimately lead to the pathology of tumorigenesis remains unclear. Breast tissue contains 

both epithelial and stromal compartments and the former can be further divided into basal 

(BCs), luminal progenitors (LPs), and mature luminal (MLs) cells based on their surface 

markers that are indicative of their developmental lineage and/or location in the two 

epithelial layers of the mammary duct 63. These various cell types present characteristic 

gene expression patterns and epigenomic landscapes 64-67. Recent studies have 

suggested that BRCA1-associated basal-like breast cancers originate from luminal 

progenitor cells instead of basal stem cells 68,69. Furthermore, BRCA1 mutation appears 

to retard the differentiation of luminal progenitors into mature luminal cells.70-72 Thus it is 

critical to understand how various cell types within breast tissue are affected by BRCA1 

mutation and how such dynamics in the cellular identity potentially contribute to 

tumorigenesis.   

Epigenomic landscape plays a significant role in defining the cell state and 

mediating genetic factors into molecular cascades that are eventually involved in disease 

development. DNA sequence variation is known to impact epigenetic landscape, 

chromatin structures and molecular phenotypes via influencing the cis-regulatory 

elements such as promoters and enhancers73-75. The changes in the epigenetic 

landscape may in turn alter gene expression and cellular phenotypes to promote cancer 

development. BRCA1 mutation has been recently discovered to significantly alter 

epigenomic functional elements such as enhancers in our study using breast tissue 

homogenates76. However, due to predominant basal-like characteristic of BRCA1-

associated tumors, cell-type-specific profiling of tissue samples is needed to decipher 
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how each cell type within breast tissue is affected by the mutation and contributes to 

tumorigenesis.  

In this study, we profile two important histone marks H3K4me3 and H3K27ac in a 

cell-type-specific manner in all four major cell types from pre-cancerous human breast 

tissue samples using a low-input ChIP-seq technology that we developed (MOWChIP-

seq 18,20). We compare the data on BRCA1 mutation carriers (BRCA1mut/+) and non-

carriers (BRCA1+/+) and extract epigenomic features that separate the two groups. Such 

comparison reveals that the extent of epigenomic changes varies among the four cell 

types. These epigenomic alterations potentially change the cell state and lay the 

groundwork for future tumorigenesis. 

 

2.3 Methods 

Breast tissues 

Breast tissues were obtained from adult female cancer-free BRCA1 mutation 

carriers (MUT) or non-carriers (NC) who underwent cosmetic reduction of mammoplasty, 

diagnostic biopsies, or mastectomy. All procedures were approved by the University of 

Texas Health Science Center at San Antonio. The consent forms were signed by donors 

to approve the use of the tissue for breast cancer research. Genetic testing of BRCA1 

mutation was conducted by the hospital77. Briefly, samples were minced and dissociated 
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for 18 hours in a 1:1 solution of Hams F12 and DMEM media supplemented with 2% 

wt/vol BSA, 300 U/mL collagenase, and 100 U/mL of hyaluronidase. 

Sorting Cell Populations 

To sort the cell populations, first the isolated cell suspension was incubated with 

10% rat serum to prevent non-specific binding. Then, the cells were incubated with 

antibodies to APC-conjugated CD49f, FITC-conjugated EpCAM, Pacific Blue-conjugated 

streptavidin, and Biotin-conjugated CD45, CD235a, and CD31. Lastly, cells were 

incubated with 7-AAD. After gating to remove debris and doublets, cells that were live (7-

AADneg) and not hematopoietic or endothelial cells (Lineageneg, PacBlueneg) were then 

separated into four fractions using FACS:  EpCAM
_
CD49f

_ stromal cells (SCs), 

EpCAMlowCD49fhigh basal cells (BCs), EpCAMhigh CD49f+ luminal progenitor cells 

(LPs), and EpCAMhigh CD49f
_ mature luminal cells (MLs).  

Chromatin Shearing 

The sonication process to generate chromatin fragments is similar to what we 

described in previous publications18,20. A sorted cell sample of a specific type (containing 

100K to 3 million cells, depending on the cell type and sample) was centrifuged at 1600 

g for 5 min at room temperature and washed twice with 1 ml PBS (4 ˚C). Cells were 

resuspended in 1 ml of 1% freshly prepared formaldehyde in PBS and incubated at room 

temperature on a shaker for 5 min. Crosslinking was quenched by adding 0.05 ml of 2.5 

M glycine and shaking for 5 min at room temperature. The crosslinked cells were 

centrifuged at 1600 g for 5 min and washed twice with 1 ml PBS (4 ˚C). The pelleted cells 

were resuspended in 130 ml of the sonication buffer (Covaris, 10 mM Tris-HCl, pH 8.0, 1 

mM EDTA, 0.1% SDS and 1x protease inhibitor cocktail (PIC)) and sonicated with 105 W 
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peak incident power, 5% duty factor, and 200 cycles per burst for 16 min using a Covaris 

S220 sonicator (Covaris). The sonicated chromatin samples were shipped to Virginia 

Tech for MOWChIP-seq assay. The sonicated sample was centrifuged at 16,100 g for 10 

min at 4 ˚C. The sheared chromatin in the supernatant was transferred to a pre-

autoclaved 1.5 ml microcentrifuge tube (VWR). A fraction of the sonicated chromatin 

sample was mixed with IP buffer (20 Mm Tris-HCl, pH 8.0, 140 mM NaCl, 1 mM EDTA, 

0.5 mM EGTA, 0.1% (w/v) sodium deoxycholate, 0.1% SDS, 1% (v/v) Triton X-100, with 

1% freshly added PMSF and PIC) to generate a MOWChIP sample containing chromatin 

from 50,000 cells with a total volume of 50 ml. 

Fabrication of MOWChIP Devices 

PDMS devices are fabricated by multi-layer soft lithography and use a master as 

the mold. Masters are fabricated using photolithography. The device layout is designed 

using LayoutEditor (juspertor GmbH) and printed on 10k dpi transparencies (Fineline 

Imaging) to generate the photomasks. A photomask was generated for each of the two 

layers, fluidic and control. Next, the photoresist SU-8 2025 (MicroChem) is spun onto a 

3-inch diameter silicon wafer (University Wafers). For the fluidic master, it was spun at 

500 rpm for 10 seconds then at 2500 rpm for 30 seconds. For the control master, it was 

spun at 500 rpm for 10 seconds then at 1500 rpm for 30 seconds. The coated wafer was 

then baked at 95 °C for 8 minutes. The wafer was then covered with the appropriate 

photomask and exposed to UV light (575 mW) for 17 seconds followed by another 95 °C 

bake for 8 minutes. The wafer was then placed in SU-8 developer and developed for 3-5 

minutes. After developing, the wafer was washed with isopropranol and dried with 
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pressurized air. SU-8 bonding was strengthened by baking the wafer one last time at 

150 °C for 15 minutes. 

Once the master was prepared, the device was fabricated with 

polydimethylsiloxane (PDMS) polymer (Momentive, RTV 615). For the fluidic layer, 5 

parts of reagent A and one part of reagent B (~36 g total) were thoroughly mixed and 

poured into a petri dish containing the fluidic master. For the control layer, 20 parts of 

reagent A and one part of reagent B (~5.25 g total) were thoroughly mixed in a weigh 

boat. Both PDMS mixtures were then degassed for one hour to remove air bubbles. Once 

degassed, the PDMS for the control layer was spun onto the control master at 500 rpm 

for 10 seconds followed by 1100 rpm for 30 seconds. Both PDMS covered devices were 

baked for ~12 minutes at 80 °C to partially cure the PDMS. Once cooled, the fluidic layer 

was cut and peeled. Then, it was aligned onto the control layer and baked for an additional 

two hours. After the bake, the PDMS device was removed from the wafer, inlet holes 

punched with a 2-mm hole puncher and cut into multi-unit slabs. Each slab was bonded 

to a cleaned glass slide and bake for an additional hour to strengthen the bond. 

 

MOWChIP-seq 

We conducted MOWChIP-seq of the sonicated chromatin samples with 50,000 

cells per assay for H3K27ac profiling and 10,000 cells per assay for H3K4me3 profiling, 

using protocols and microfluidic devices described in our previous publications18,20. We 

used anti-H3K27ac antibody (abcam, cat: ab4729, lot: GR323132-1) and anti-H3K4me3 

antibody (Millipore, cat: 07-473, lot: 2930138) in these experiments. 
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Protein A-coated Dynabeads (Life Technologies) were washed twice with IP buffer 

(20 mM Tris-HCl [pH 8], 140 mM NaCl, 1 mM EDTA, 0.5 mM EGTA, 0.1% (w/v) sodium 

doxycholate, 0.1% SDS, 1% (v/v) Triton-100X in Milli-Q water) before being resuspended 

in 150 µL of IP buffer and 0.5 µg of H3K27ac (Abcam) antibody. The bead solution was 

then rotated at 4 °C for 2 hours. After incubation, beads were washed three times, 

resuspended in 5 µL of IP, and placed on ice until use. 

For the operation of the MOWChIP device, the on-device valve was actuated by a 

solenoid valve in conjunction with a compressed air outlet. The solenoid valve was 

manipulated with a data acquisition card and through the LabVIEW (National Instruments) 

program. First, the on chip sieve valve is filled with water (30 psi). Once all the air has 

been expelled, the valve was opened and IP buffer is flowed through the inlet at a flow 

rate of 200 µL/min by use of a syringe pump connected to PFA tubing. The flow rate was 

decreased to 1 µL/min, the sieve valve closed, and IP buffer flowed for an additional 2 

minutes before the flow was stopped and the tubing removed. The antibody-coated beads 

were loaded into the inlet by pipette and guided into the main chamber with a magnet. 

Next, the chromatin sample was flowed through at 1.5 µL/minute and the magnet was 

used to form the beads into a packed bed after five minutes of flow. Chromatin amount 

was equivalent to 50k cells for H3K27ac. After the chromatin was finished, IP buffer was 

flowed for 5 minutes at 1.5 µL/minute. Oscillatory washing was then performed with 50 

µL of Low Salt washing buffer (20 mM Tris-HCl [pH 8], 150 mM NaCl, 2 mM EDTA, 0.1% 

SDS, 1% (v/v) Triton-100X in Milli-Q water) for five minutes at ~0.65 psi (valve open). 

Another five-minute oscillatory wash was performed with High Salt washing buffer (20 

mM Tris-HCl [pH 8], 500 mM NaCl, 2 mM EDTA, 0.1% SDS, 1% (v/v) Triton-100X in Milli-
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Q water). The sieve valve was closed and IP buffer flowed for an additional 2 minutes. 

Finally, the sieve valve was opened and the beads were flowed out at 200 µL/min with IP 

buffer. 

ChIP DNA Isolation 

Tubes containing IP beads were placed on a magnet and the supernatant removed. 

100 µL of elution buffer (10 mM Tris-HCl [pH 8], 50 mM NaCl, 10 mM EDTA, 0.03% SDS 

in Milli-Q water) was added to the tube, followed by 4 µL of 20 mg/mL proteinase K. For 

the input sample, 90 µL of elution buffer and 4 µL of proteinase K were added. Samples 

were then incubated at 65 °C for 8 hours. Once completed, the samples were vortexed 

and briefly centrifuged. 100 µL of phenol-chloroform was added into each tube and 

vortexed for one minute, then centrifuged at 16,000 g for 10 minutes. The upper aqueous 

phase was carefully removed to a fresh tube. Next, an ethanol precipitation of the DNA 

was performed by adding 480 µL of 100% ethanol, 60 µL of 5 M ammonium acetate, and 

6 µL of glycogen. The mixture was vortexed briefly and placed at -80 °C for two hours. 

Then, the samples were centrifuged at 16,100 g for 10 minutes at 4 °C and the 

supernatant removed. 500 µL of cold 70% ethanol was added and the samples were 

centrifuged for an additional five minutes. The supernatant was discarded and the DNA 

pellets were air dried for 10 minutes before resuspension in 12 µL of low EDTA TE buffer 

(Swift Biosciences). 

Determining Sample Enrichment 

For each sample and sample input, 2 µL of DNA was diluted to 20 µL with low 

EDTA TE buffer. A 20 µL qPCR reaction was assembled using 10 uL of SYBR Green 

Master Mix (BioRad), 1.4 µL of combined forward and reverse primers, and 8.6 µL of DNA 
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in a 96-well plate. Each histone mark was tested with at least one positive and one 

negative primer (Table 2-1): 

Table 2-1 Human H3K27ac Primers 

Name Type F/R Primer 

KLF6 Positive 
F GCG TTT ACC TGT TGC CAG TA 
R CCA TGT GCA GCA TCT TCC A 

BAZ1A Positive 
F TCT CAA CTC CGC TCC TCT CT 
R TGG GCT GGG CTT CGT TT 

N-SLC Negative 
F TTC CCA ACG TCA CAG AGT TAG 
R GAC AGT ACA GCA CAG AGG TTA G 

N-PER Negative 
F GGT GCT CCC TGA TTG TTA GT 
R CTT GTG CTT TGG GTC CAT TAA G 

The qPCR was then performed by first denaturing the DNA for 2 minutes at 95 °C followed 

by 45 cycles of 95 °C for 15 seconds, 58 °C for 20 seconds, and 72 °C for 20 seconds. 

Once the qPCR was completed, the enrichment was determined by the following equation: 

ὉὲὶὭὧὬάὩὲὸ 
ὖὩὶὧὩὲὸ Ὥὲὴόὸ έὪ ὴέίὭὸὭὺὩ ὰέὧόί

ὖὩὶὧὩὲὸ Ὥὲὴόὸ έὪ ὲὩὫὥὸὭὺὩ ὰέὧόί
 

where the positive and negative percent inputs are calculated by: 

ὖὩὶὧὩὲὸ Ὅὲὴόὸς
  

 
  

ρππϷ 

The Ct values of the input and ChIP were taken from the qPCR results and the dilution 

factor is defined as follows: 

ὈὭὰόὸὭέὲ Ὂὥὧὸέὶ 
ὛὥάὴὰὩ ὺέὰȢέὪ Ὥὲὴόὸ ὈὔὃὛὥάὴὰὩ ὺέὰȢέὪ ὅὬὍὖ Ὀὔὃ

ὛὥάὴὰὩ ὺέὰȢέὪ Ὥὲὴόὸ Ὀὔὃ
 

ChIP-seq Library Preparation 

Library preparation was performed using the Accel-NGS 2S Plus DNA Library Kit 

protocol (Swift Biosciences) with minor modifications as described below. For each library, 

8 µL of sample was used. For all steps, we used options that pertained to samples with 

less than 10 ng of genomic DNA. At the end of the Ligation II clean-up, beads were 
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resuspended in 22 µL of low EDTA TE buffer. Then, 20 µL of the ChIP sample was used 

in the PCR-Library Amplification step, along with 2.5 µL of 20X EvaGreen dye (Biotium) 

to monitor the amplification. Amplification was stopped when the fluorescent intensity of 

a sample had increased by 3000 RFU over its baseline (typically ~13-14 cycles). After 

the library bead clean-up, samples were resuspended in 10 µL of low EDTA TE buffer 

and the library enrichment was determined. Libraries were quantified using a KAPA 

Library Quantification kit (KAPA Biosystems) and fragment sizes were verified using the 

High Sensitivity DNA Analysis kit on a TapeStation (Agilent). Libraries were pooled to a 

final concentration of 10 nM and sequenced with an Illumina HiSeq 4000 using single-

end 50 bp reads.  

Data Quality Control 

ChIP-seq data sets that had fewer than 10,000 called peaks were discarded. After 

quality control, the technical replicates of the same cell sample were combined for the 

data analysis. As the result, we obtained 3 biological replicates for MUT H3K27ac 

samples, 4 biological replicates for NC H3K27ac samples, 2 biological replicates for MUT 

H3K4me3 samples, and one biological replicate for the NC H3K4me3 sample. The 

fraction of reads in peaks (FrIP) was calculated using the number of mapped reads within 

peak regions divided by total mapped reads. Normalized-strand correlation (NSC) and 

relative-strand correlation (RSC) was calculated using phantompeakqualtools78,79.  

Data Processing 

Unless otherwise mentioned, all data analysis was performed with Bash scripts or 

with R (The R Foundation) scripts in RStudio. Sequencing reads were trimmed using 

default settings by Trim Galore! (Babraham Institute).  Trimmed reads were aligned to the 



   Chapter 2 – Effect of BRCA1 Mutation 

24 
 

hg19 genome with Bowtie80. Peaks were called using MACS2 (q < 0.05)81. Blacklisted 

regions in hg19 as defined by ENCODE were removed to improve data quality82. Mapped 

reads from ChIP and input samples were extended by 100 bp on either side (250 bp total) 

and a normalized signal was calculated.  

ὔέὶάὥὰὭᾀὩὨ ὛὭὫὲὥὰ
ὅὬὍὖ ὛὭὫὲὥὰ

ὔέȢέὪ ὅὬὍὖ ὙὩὥὨί

Ὅὲὴόὸ ὛὭὫὲὥὰ

ὔέȢέὪ Ὅὲὴόὸ ὙὩὥὨί
ρπ 

For Pearson’s correlation, the signal was calculated around the promoter region (TSS +/- 

2 kb) and plotted with the corr and levelplot functions. For visualization in IGV (Broad 

Institute), the signal was calculated in 100 bp windows over the entire genome and output 

as a bigWig file.  

Differential Analysis 

To determine peak regions with differential signal, the Bioconductor package 

DiffBind was used83,84. A ‘majority-rules’ consensus peak set was generated for each 

experimental group and combined to make a master set for analysis. Peaks were 

considered to be valid if they were present in the majority of biological replicates. Counts 

were generated using default conditions and compared using the DESeq2 option. 

Normalized signal counts were extracted and plotted in heatmaps and boxplots using 

ggplot285. Gene ontology analysis was performed using the web-based tool GREAT 

4.0.486 with default settings for hg19. For the SC analysis, the top 6,000 regions (by 

smallest FDR value) were used. 

Enhancers Analysis 

To call enhancers, we considered H3K27achigh regions that did not intersect with 

promoter regions to be enhancer regions. First, consensus H3K27ac peak sets were 
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generated for NC and MUT samples for each cell type after determining the set of peak 

regions present in NC and/or MUT samples. Peak widths were expanded to be 1000 bp 

long (summit +/-500 bp). Promoters were defined as TSS +/- 500 bp. Any H3K27ac 1 kb 

regions that intersected with a promoter region was removed and the remaining regions 

were designated as enhancers. Motif analysis was performed to determine enriched 

transcription factor binding motifs among the enhancer regions with HOMER87 (with 

options –size 1000 –mask –p 16 –nomotif). Functional classification of transcription 

factors was performed using Panther v15.0.088. Enhancers were mapped to genomic 

regions with ChIPSeeker89. Enhancers were considered associated with ER-negative 

SNPs (obtained from NHGRI-EBI GWAS Catalog90) if the SNP was within 150 kb up- or 

downstream. 
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2.4 Results 

Breast tissues from BRCA1 mutation carriers (MUTs, n = 3) and non-carriers (NCs, 

n = 4) were collected during breast reduction or mastectomy surgery, dissociated, and 

sorted into the basal, luminal progenitor, mature luminal, and stromal cell (SC) types (Fig. 

2-1a)91. We profiled H3K4me3 and H3K27ac using MOWChIP-seq with at least two 

technical replicates for each cell sample (Tables 2-2 and 2-3). All samples had a fraction 

of reads in peaks (FrIP), normalized-strand correlation (NSC), and relative-strand 

correlation (RSC) that fell within ENCODE guidelines 79. H3K4me3 is an activating mark 

that is associated with transcriptional start sites of genes 92,93 and H3K27ac labels active 

enhancers 6. Our ChIP-seq datasets are highly correlated between technical replicates 

with an average Pearson correlation coefficient r of 0.962 for H3K4me3 and 0.950 for 

H3K27ac. We also observed very high genome-wide correlations among biological 

replicates in a group (MUTs or NCs), with an average r of 0.960 for H3K4me3 and 0.918 

for H3K27ac (Fig. 2-1b). Generally, H3K4me3 is not a strong differentiating mark for 

separating MUTs and NCs. The correlation r between NCs and MUTs H3K4me3 data is 

high for all cell types (0.962 for BCs, 0.960 for LPs, 0.962 for MLs and 0.960 for SCs) 

(Fig. 2-2). In contrast, when genome-wide H3K27ac is examined, many more differential 

peaks are observed between MUTs and NCs and among various cell types (Fig. 2-1c). 

BCs and SCs show large difference between MUTs and NCs (with an average r of 0.739 

and 0.877, respectively). In comparison, LPs and MLs have similar H3K27ac profiles 

between MUT and NC (with an average r of 0.914 and 0.888, respectively). 
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Figure 2-1 Cell-type-specific ChIP-seq data on human breast samples from BRCA1  

(a) Breast tissue samples of mutation carriers (MUTs) and non-carriers (NCs) were 
separated into the basal cells (BCs), luminal progenitor cells (LPs), mature luminal cells 
(MLs), and stromal cells (SCs) by FACS. (b) Pearson correlations among H3K27ac ChIP-
seq data sets of various cell types from NCs and MUTs around promoter regions (TSS 
+/- 2 kb). Each solid-line frame circles the technical replicates on one cell sample and 
each broken-line frame circles the data on a specific cell type. (c) Representative tracks 
of normalized H3K27ac signal for each of the cell types from NCs and MUTs. Three 
regions in the genome are presented and separated by vertical lines. 
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Table 2-2 H3K27ac Metadata 

Cell 
Type Sample 

Total 
Reads 

(millions) 

Trimmed 
Reads 

(millions) 

Aligned 
Reads 

(millions) 
Alignment 

(%) 
Duplication 

(%) Peaks 
FrIP 
(%) NSC RSC 

BC 

NC1 19.6 19.5 18.8 96.3 10.3 13,581 3.2 1.03 1.52 

NC2 16.4 15.4 14.2 92.2 38.3 19,319 4.2 1.11 4.23 

NC4 
10.1 10.1 9.6 95.5 7.9 

5,910 1.4 1.03 1.57 
17.7 17.4 16.7 95.7 9.3 

NC 
Input 

9.0 8.8 8.1 91.1 7.1 - - - - 

MUT1 19.8 19.7 18.9 96.0 16.4 20,883 3.2 1.03 2.92 

MUT2 
18.6 18.6 18.0 97.1 32.1 

42,252 7.4 1.02 1.86 
16.2 16.1 15.7 97.1 30.0 

MUT3 
18.6 18.6 18.1 97.7 14.4 

18,718 2.6 1.02 1.82 
13.6 13.6 13.2 97.2 13.1 

MUT 
Input 

16.7 16.7 15.3 91.6 11.7 - - - - 

LP 

NC1 
14.1 14.1 13.3 94.2 68.0 

37,362 8.1 1.14 4.00 
16.9 16.8 15.9 94.6 71.0 

NC2 
22.8 22.3 21.2 95.2 14.3 

53,218 23.3 1.18 1.41 
13.6 13.5 12.9 95.8 11.5 

NC3 
13.8 12.8 13.2 95.6 13.3 

51,651 17.7 1.10 1.46 
22.1 21.9 21.0 96.0 13.2 

NC4 

5.2 5.2 5.0 96.4 6.0 

49,647 21.9 1.15 1.48 23.3 23.0 22.2 96.5 13.8 

31.2 30.3 28.7 94.9 13.5 

NC 
Input 

15.3 15.2 14.0 92.0 11.7 - - - - 

MUT1 

14.6 14.6 14.0 96.3 13.7 

52,641 15.7 1.07 1.55 15.2 15.1 14.4 95.7 16.5 

20.6 20.5 19.7 96.0 13.3 

MUT2 
13.0 13.0 12.7 97.2 30.1 

70,990 21.1 1.08 1.63 
21.4 21.4 20.8 97.1 31.6 

MUT3 
14.8 14.7 14.3 97.0 12.8 

40,357 9.2 1.05 1.82 
13.3 13.3 13.0 97.2 13.5 

MUT 
Input 

19.4 19.4 17.7 91.4 9.5 - - - - 

ML 

NC1 
12.1 11.7 11.0 93.8 66.5 

21,702 5.8 1.14 3.83 
14.0 13.8 13.0 94.6 55.3 

NC2 
12.2 12.1 11.4 94.8 12.7 

16,062 5.0 1.06 1.66 
16.2 16.0 15.2 95.1 16.5 

NC3 
19.6 19.5 18.9 96.8 10.6 

31,709 12.2 1.08 1.45 
16.7 16.7 16.1 96.6 8.0 

NC4 
41.9 41.7 40.6 97.2 17.9 

32,428 11.8 1.08 1.45 
44.3 43.7 42.4 97.0 14.1 
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NC 
Input 

8.5 8.5 7.8 91.9 7.0 - - - - 

MUT1 15.6 15.5 14.8 95.5 17.8 14,831 2.8 1.03 2.50 

MUT2 
18.3 18.3 17.7 96.9 34.5 

49,674 17.5 1.11 1.82 
17.9 17.9 17.4 97.1 33.5 

MUT3 
13.5 13.5 13.1 96.9 12.4 

17,262 4.7 1.04 1.76 
14.0 14.0 13.6 97.1 15.6 

MUT 
Input 

11.5 11.5 10.5 91.4 10.5 - - - - 

SC 

NC1 
13.9 13.8 13.1 94.4 61.6 

51,558 16.3 1.20 2.50 
13.6 13.5 12.9 95.6 59.8 

NC2 
17.3 17.2 16.6 96.7 12.8 

44,403 15.8 1.13 1.58 
11.7 11.7 11.2 96.4 11.7 

NC4 
38.5 38.5 37.0 96.2 13.6 

52,229 22.7 1.11 1.59 
28.4 28.4 27.5 96.8 9.6 

NC 
Input 

11.5 11.5 10.6 92.0 9.6 - - - - 

MUT1 

14.0 14.0 13.5 96.3 11.8 

13,028 2.1 1.02 1.82 13.1 13.0 12.4 95.8 12.1 

13.0 13.0 12.2 93.7 12.7 

MUT2 
22.5 22.5 21.9 97.6 32.9 

51,265 12.9 1.06 2.08 
16.7 16.7 16.3 97.4 27.9 

MUT3 
12.4 12.4 12.0 97.4 11.7 

16,566 2.3 1.02 1.84 
13.4 13.3 13.0 97.5 12.6 

MUT 
Input 16.5 16.5 15.1 91.8 8.7 

-  - - 
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Table 2-3 H3K4me3 Metadata 

Cell 
Type Sample 

Total 
Reads 

(millions) 

Trimmed 
Reads 

(millions) 

Aligned 
Reads 

(millions) 
Alignment 

(%) 
Duplication 

(%) Peaks 
FrIP 
(%) NSC RSC 

BC 

NC5 
17.3 17.0 16.1 94.8 19.0 

27,186 16.1 1.14 1.66 
13.8 13.7 13.0 95.3 16.6 

NC 
Input 

9.0 8.8 8.1 91.1 7.1 -    

MUT2 
16.3 16.3 15.4 94.4 24.6 

29,507 10.1 1.07 1.93 
15.8 15.8 14.9 94.5 24.4 

MUT3 
13.6 13.6 13.0 95.8 15.8 

28,811 13.3 1.10 1.64 
14.7 14.7 14.0 95.5 16.4 

MUT 
Input 

16.7 16.7 15.3 91.6 11.7 -    

LP 

NC5 18.4 18.4 17.4 94.6 26.5 33,050 16.0 1.14 1.80 

NC 
Input 

15.3 15.2 14.0 92.0 11.7 -    

MUT2 

12.7 12.6 11.7 93.1 27.4 

29,066 10.1 1.06 1.60 13.3 13.3 12.4 93.4 20.9 

12.9 12.9 12.0 93.3 23.1 

MUT3 
13.9 13.7 12.8 93.4 15.6 

24,822 8.1 1.06 1.87 
12.6 12.5 11.9 94.9 15.5 

MUT 
Input 

19.4 19.4 17.7 91.4 9.5 -    

ML 

NC5 
13.1 12.9 12.3 96.9 17.6 

22,748 11.9 1.12 1.67 
13.6 13.5 12.8 95.0 16.5 

NC 
Input 

8.5 8.5 7.8 91.9 7.0 -    

MUT2 

13.0 11.9 11.2 94.0 27.7 

27,980 14.9 1.14 1.67 15.4 14.2 13.1 92.8 26.8 

13.8 12.8 12.0 93.6 25.8 

MUT3 
15.1 14.4 13.9 96.5 16.0 

19,290 7.3 1.07 1.84 
12.6 12.0 11.6 96.6 15.0 

MUT 
Input 

11.5 11.5 10.5 91.4 10.5 -    

SC 

NC5 
11.3 11.3 10.7 94.8 18.5 

25,504 15.3 1.16 1.82 
15.1 14.9 14.2 94.9 20.3 

NC 
Input 

11.5 11.5 10.6 92.0 9.6 -    

MUT2 
16.0 16.0 15.1 94.3 25.2 

27,806 10.4 1.08 1.90 
13.8 13.8 13.0 94.2 21.4 

MUT3 
14.4 14.4 13.6 95.0 16.4 

23,838 9.3 1.07 1.86 
12.3 12.3 11.7 95.3 13.5 

MUT 
Input 

16.5 16.5 15.1 91.8 8.7 -    
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Figure 2-2 Correlation of BRCA1 H3K4me3 ChIP-seq data sets  

Pearson correlation of various cell types from NCs and MUTs around promoter regions 
(TSS +/- 2 kb). Each solid-line frame circles the technical replicates on one cell sample 
and each broken-line frame circles the data on a specific cell type. 
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In terms of differences among various cell types, BCs, LPs, and MLs have very similar 

H3K4me3 profiles (average r of 0.926 among MUTs and 0.946 among NCs) and SCs 

show some differences from LPs and MLs (average r of 0.881 and 0.915 between SCs 

and LPs, 0.875 and 0.919 between SCs and MLs in MUT and NC, respectively). With 

H3K27ac data, LPs and MLs correlate with each other fairly well (average r = 0.832 and 

0.872 in MUTs and NCs, respectively) while the other pairs have much lower correlation 

(with average r in the range of 0.668-0.794).  

We carefully examined differentially modified H3K27ac peak regions (fold-change 

≥ 2, FDR < 0.05) between MUTs and NCs (Fig. 2-3a). We found very few differential 

regions in LPs and MLs (518 and 2, respectively). However, there were a substantial 

number of differential peaks present in BCs (3,545) and a large number of different peaks 

in SCs (19,946). BCs had a mix of regions that showed either higher or lower H3K27ac 

signal in MUTs than in NCs (1,497 and 2,048, respectively), while the vast majority of 

differential regions in SCs (19,367 out of 19,946) had lower H3K27ac signal in MUT 

samples. We then compared the normalized H3K27ac signal at all peak regions (Fig. 2-

3b). The median values were similar between NC and MUT patients in all epithelial cell 

types (with MUT values within ° 5% of NC ones), while there was a marked decrease in 

H3K27ac median signal in MUT SCs (by 13.5% compared to NC SCs). 

The differentially modified H3K27ac regions were then mapped to their nearest 

genes. These differential regions were associated with 783, 3,972, and 12,160 genes in 

LPs, BCs, and SCs, respectively. We also conducted gene ontology enrichment analysis 

on these three cell types. The analysis on LPs did not bring out any GO terms. Thus our 

focus was on BCs and SCs which had the largest numbers of differential  
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Figure 2-3 Differential H3K27ac peak regions between NCs and MUTs 

(a) Heatmaps of differentially modified H3K27ac peak regions found to be significant (fold-

change ≥ 2, FDR < 0.05) between NCs and MUTs. (b) Boxplots of normalized H3K27ac 

signal at all peak regions. (c) Gene ontology enrichment analysis using GREAT of 

significant differentially modified peak regions between NCs and MUTs. 
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H3K27ac regions between NCs and MUTs (Fig. 2-3c). A number of BRCA1-associated 

processes, including progesterone metabolism 94-97, RNA polymerase II transcription 98-

100, and unfolded protein response (UPR) 101, were enriched in both BCs and SCs. BRCA1 

has been shown to inhibit progesterone signaling 97 and reduction in BRCA1 level has 

been shown to increase expression of GRP78, a key UPR regulating gene 101. Moreover, 

BRCA1 is part of the RNA polymerase II holoenzyme 98. Ontologies related to apoptosis 

102,103, antigen processing 104-106, and DNA damage response 107,108 are only significant in 

SCs. BRCA1 has extensive association with apoptosis, including those due to 

endoplasmic reticulum stress that is related to UPR 109. For example, BRCA1 binding at 

the endoplasmic reticulum leads to a release of calcium that causes apoptosis. 

Furthermore, reduction in BRCA1 level has been shown to increase activation of CD8+ 

tumor-infiltrating lymphocytes. There are also several ontologies associated with DNA 

damage response significant in SCs. For instance, DNA replication-independent 

nucleosome assembly and organization can only occur with histone variant 3.3, which is 

part of the DNA repair pathway 110,111. In addition, histone H4 acetylation also opens up 

the chromatin for easier access to damaged regions 112. In contrast, we largely see 

ontologies associated with cell motility and adhesion in BCs. BRCA1 mutations have been 

shown to increase cell motility in cancer cells 113-115. However, epithelial cell fate 

commitment is also present only in BCs. Cells within the BC compartment have been 

previously shown to have the potential to differentiate into LPs116.  

Next, we predicted enhancers present in each of the cell types for both NC and 

MUT samples (Fig. 2-4a). Enhancers were determined by finding H3K27achigh regions  
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Figure 2-4 Enhancers predicted in various cell types from NCs and MUTs 

(a) Venn diagrams of overlap between NC and MUT enhancers. (b) Genomic locations 
of the enhancers in various cell 
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that did not intersect with areas nearby transcription start sites (+/- 500 bp from TSS). 

Using the NCs as the reference, MUTs covers 67%, 90%, 79%, and 29% of the NC 

enhancers in BCs, LPs, MLs, and SCs, respectively. The enhancers were then mapped 

to genomic regions (Fig. 2-4b). The most exaggerated differences due to BRCA1 

mutation were seen in BCs, including a 6.9% increase in the distal intergenic fraction and 

12.3% decrease in the promoter vicinity fraction (i.e. < 2 kb from promoters). It is clear 

that BRCA1 mutation plays a different role in enhancer activity that is unique to each cell 

type.  

Enhancer regions were then scanned to determine the transcription factor (TF) 

binding motifs significantly enriched in each cell population (Fig. 2-5). BCs had 

substantially more differentially enriched TF motifs than any other cell type, likely due to 

the smaller overlap between NC and MUT enhancers for BCs. In MUT samples, BCs 

primarily have many additional TFs, while SCs mainly lacked TFs. In all cases, over 50% 

of differentially enriched TFs were found to have no known link to BRCA1 mutation. 

However, some TFs were found to be differentially enriched between MUT and NC in 

multiple cell types with known association with BRCA1 mutation. These include PAX5 117 

(BCs, MLs, and SCs), CHOP 101 (BCs and SCs), EGR1 118,119 (BCs and LPs), and P73 

120 (BCs and SCs). Some TFs found were not associated with BRCA1 yet were associated 

with breast cancer. These include EGR2 121,122(BCs, LPs, and SCs), HOXC9 123,124(BCs, 

MLs, and SCs), HSF1 125-127(BCs, LPs, and SCs), NPAS2 128(BCs, LPs, and MLs), and 

USF1 129(BCs, LPs, and MLs). We then used PANTHER to classify the differential TFs in 

each cell type into pathways, and found that Gonadotropin-releasing hormone (GnRH) 

receptor pathway, Wnt Signaling pathway, apoptosis pathway, and p53 pathways were  
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Figure 2-5 Heatmaps of motifs significant in either NC or MUT cell types 

Heatmaps of motifs found to be significantly enriched in either NC or MUT but not both 
for various cell types. Color represents the level of significance. Venn diagrams of overlap 
between motifs enriched in NCs or MUTs are also presented. 
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enriched in all four cell types. BRCA1 has a key role in the Wnt signaling pathway130,131, 

regulates apoptotic responses102,103, and has been shown to interact with P53 132-135. As 

for the GnRH pathway, while there is not a direct link to BRCA1, GnRH agonists have 

been shown to be effective in the treatment of breast cancer 136.  

 Overall, we see the most significant epigenomic changes in BCs and SCs due to 

BRCA1 mutation among the four cell types from these pre-cancer breast tissue samples, 

while much fewer variations were see in LPs. This is unexpected as LPs have been 

implicated as the driver in the onset of BRCA1-mutation associated breast cancer70. Thus 

we examine the possibility of basal cells differentiating into luminal cells, as proposed in 

previous literature 116. First, we examined the cell-type specific genes identified for the 

three epithelial cell types (BCs, LPs, and MLs) in the literature 65. The expression of these 

genes largely defines the identity of specific cell types. By comparing NC and MUT BCs, 

we found that 6% (44/712) of the BC-specific genes experiences significant changes in 

H3K27ac state due to the mutation, compared to 1% (4/305) for LPs and 2% (23/444) for 

MLs. Of these differentially marked basal genes, 95% had lower H3K27ac signal in MUT, 

suggesting that there is primarily a loss of basal gene expression in MUT basal cells. In 

the same fashion, we also examined cell-type-specific TFs in the three cell types and how 

they vary due to the mutation. Enriched TFs in each cell population were predicted based 

on motif analysis of enhancers profiled using H3K27ac data 137. By examining NC 

samples, we extract 8, 55, and 6 cell-type-specific TFs (p-value < 0.0001) for BCs, LPs, 

and MLs, respectively (Fig. 2-6). In comparison, MUT BCs, LPs, and MLs preserved 6, 

44, and 5 of these TFs, respectively. Interestingly, MUT BCs also enriched 28 of the LP-

specific TFs and 3 of the ML-specific TFs, compared to MUT LP enriching 1 BC-specific 
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Figure 2-6 Enrichment of NC cell-type-specific motifs in NC and MUT 

Heatmap of p-values for motifs found to be significantly enriched (p-value < 0.0001) in 
only one of three cell types (BCs, LPs, or MLs) from NCs and their enrichment in MUTs. 
Color represents the level of significance. All p-values that are insignificant are colored 
gray. 
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Figure 2-7 Proximity of enhancers to ER-negative breast cancer SNPs 

Percent of enhancers that are within +/- 150 kb of SNPs significantly associated with ER-
negative breast cancers through GWAS for all 4 cell types. 
 

TFs and 5 ML-specific TFs, and MUT ML enriching 2 BC-specific TFs and 5 LP-specific 

TFs. These results indicate that the BC state experiences more substantial change than 

LPs and MLs due to BRCA1 mutation, consistent with the notion of BC differentiation into 

LPs.  

To further validate the possibility of the basal compartment being a significant 

contributor in BRCA1-mutation associated breast cancer, we determined the number of 

enhancers that were in proximity to 123 SNPs involved in ER-negative breast cancer as 

discovered by GWAS 90 (Fig. 2-7). ER-negative breast cancer is a term that effectively 

covers both basal-like and triple-negative breast cancers 138,139. In a cohort of 3,797 

BRCA1 mutation carriers diagnosed with breast cancer, 78% had ER-negative breast 

cancers 140. Overall, we saw increases in the percent of enhancers that were proximal to 

ER-negative SNPs in each cell type due to BRCA1 mutation, suggesting an overall 

increase in breast cancer risk. However, we see the largest increase (~55%) between NC 
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and MUT BCs followed by SCs (~21%). This further supports that the BRCA1 mutation 

leads to profound epigenetic changes in BCs and that these changes have the potential 

to increase breast cancer risk. 

 

2.5 Discussion 

The interactions between genomics and epigenomics are well-recognized events. 

Gene mutation may alter epigenomic landscape in a significant way and such alternation 

may carry important implications on cancer development. Several lines of evidence 

support the feasibility of sorting out epigenomic differences between BRCA1 mutation 

carriers and non-carriers using a cell-type specific approach. First, we found very high 

correlations among biological replicates in both H3K4me3 and H3K27ac within either 

MUT or NC group. When we compare across the two groups (MUT vs. NC), H3K27ac is 

more differentiating than H3K4me3, which is consistent with previous findings by us 137 

and others 141. Second, we compared our NC data with published results obtained by 

examining normal breast tissues pooled from multiple individuals 65. Each of the top 5 

significantly enriched transcription factors in BCs, LPs, and MLs were also significantly 

enriched in our respective NC cell populations. Basal-associated transcription factors 65 

such as TP53, TP63, STAT3, and SOX9 were also enriched in NC BCs. Similarly, luminal-

associated transcription factors 142-144 CEBPB, GATA3, ELF5, and FOXA1 were all 

significantly enriched in our NC LP and MLs. Third, we found that three members of the 

GATA family (GATA1, GATA2, and GATA3) were enriched in either NC BCs or LPs, but 

not in MUT epithelial cells (Fig. 2-5 and 2-6). This agrees with our earlier study conducted 

using breast tissue homogenates 76. GATA3 is known to be critically involved in the 
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regulation of luminal cell differentiation 145,146. Finally, we also compared our cell-type-

specific data with our published data on breast tissue homogenates obtained using a 

separate patient cohort and conventional ChIP-seq technology 76 (Fig 2-8). The H3K27ac 

data taken using the breast tissue homogenate (mix) do not differentiate MUT and NC. 

The homogenate data show a similar degree of correlations with all individual cell types 

(Pearson correlation in the range of 0.741-0.890). This also underscores the importance 

for cell-type-specific profiling to pinpoint specific roles for each cell type. These 

comparisons suggest that although epigenomic differences exist among individual 

humans 147,148, careful cell-type-specific ChIP-seq profiling captures important genome-

wide epigenomic differences due to BRCA1 mutation.  

 Epigenetic profiles define cell identity by regulating cell-type-defining genes and 

transcription factors. The difference in the epigenomic landscape between BRCA1 

mutants and non-carriers may be important for explaining the high propensity of BRCA1 

mutation carriers for breast cancer. Our data on a sensitive mark H3K27ac are the most 

different in BCs and SCs when MUTs and NCs are compared. In comparison, very few 

changes were observed in LPs and MLs due to the mutation. Furthermore, our analysis 

of the cell-type-specific genes and TFs also reveal that MUT BCs resemble LPs. Such 

resemblance was in accordance with previous reports on the presence of LP-fated cells 

and bi-potent mammary stem cells in the basal compartment 116,149. Thus we propose that 

the precancerous process within BRCA1 mutation carriers may start with substantial 

epigenomic changes in basal cells among all epithelial cell types and these basal cells 

share similarity with luminal progenitor cells. These findings provide new insights into 

epigenomic factors involved in BRCA1 cancer biology. 
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Figure 2-8 Correlation of cell-type-specific data and homogenate H3K27ac data  

Pearson correlations among cell-type-specific and homogenate H3K27ac data. “Mix” 
refers to H3K27ac data (GSE121229 from GEO) obtained using human breast tissue 
homogenates containing epithelium-enriched cell population. 
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3 Epigenomic and transcriptomic differences between low-

grade and acute inflammation in LPS-induced murine 

immune cells 
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3.1 Project Summary 

Chronic, low-grade inflammation has a widespread and significant impact on health, 

especially in Western-society. While inflammation is beneficial for the removal of 

microbes, low-grade inflammation never resolves and can cause or worsen other 

diseases. However, the process by which low-grade inflammation occurs is poorly 

understood. As lipopolysaccharide (LPS) is associated with chronic inflammatory 

diseases, we exposed murine bone-marrow derived monocytes to chronic LPS-

stimulation at Low-dose (100 pg/mL) or High-dose (1 µg/mL), as well as a PBS control. 

The cells were profiled for H3K27ac expression and gene expression. The gene 

expression of TRAM-deficient and IRAK-M-deficient mice with LPS exposure was also 
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analyzed for mechanistic insight. We determined that many of the differences between 

the Low-dose and High-dose conditions are related to the TRIF-dependent pathway of 

TLR4 signaling. Furthermore, these changes are also seen in the epigenome, suggesting 

the epigenome may be what leads to the differential response. These findings further 

characterize the different means utilized in low-grade conditions, and how it might lead to 

a damaging, non-resolving state. Moreover, our data provide potential targets for future 

mechanistic or therapeutic studies. 

 

3.2 Background 

Low-grade, or chronic inflammation, plays a large role in the onset or exacerbation of 

many mental and physical diseases, including Alzheimer’s disease150, depression151, 

diabetes152, and some cancers153. Despite this, there still are no canonical markers for 

low-grade inflammation, partly due to a correlation of inflammatory activity with age154,155. 

Some recent studies in humans have attempted more sophisticated integrated 

approaches that show promise, but more research is required to identify key biomarkers 

and how they should be interpreted155-157. 

Low-grade inflammation is often associated with certain lifestyle choices, like 

Western-style eating practices158, sedentary behavior159,160, sleep deprivation161, and 

social stress162. In fact, individuals who underwent major childhood stressors have 

elevated mortality and morbidity of immune or chronic diseases later in life, and epigenetic 

programming has been proposed163. This is further supported by twin studies that showed 

most variation in the immune system is due to non-heritable (e.g. epigenetic) influences164. 

In a bacterial infection, components of the pathogen165 are recognized by pattern-
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recognition receptors (PRRs) that are found on immune and non-immune cells166-169. This, 

in turn, leads to a signaling cascade that is used to recruit immune cells, such as 

neutrophils and monocytes/macrophages, which ingest the microbes or release anti-

microbials170,171. Once the threat is eliminated, pro-inflammatory macrophages uptake 

spent neutrophils, which reprogram the macrophages to an anti-inflammatory state172,173. 

Anti-inflammatory macrophages help promote healing by protecting against tissue 

damage, clearing out debris, and producing growth factors173. However, when 

macrophage and monocyte inflammatory activity is not resolved then it can lead to low-

grade inflammation and chronic diseases76,174-178.  

Lipopolysaccharide (LPS) is an endotoxin and component of the cell wall of Gram-

negative bacteria, such as Escherichia coli, that also has been found at low levels in 

individuals who have chronic diseases or detrimental lifestyle choices as mentioned 

previously179,180. It has been used to study inflammation both in vivo and in vitro, although 

more often with high-doses of LPS. While persistent low-dose LPS has been shown to 

lead to a low-grade inflammatory state, the mechanism by which it does so is still not 

entirely known, though it could be due to sustained activity of the inflammatory NF-κB180-

183. 

LPS stimulation activates two different pathways, which both have pro- and anti-

inflammatory aspects. First, LPS binds to Toll-like receptor 4 (TLR4) and activates the 

MyD88-dependent pathway180,184,185. The MyD88-dependent signaling cascade activates 

mitogen-activated protein kinases (MAPKs), NF-κB translocation to the nucleus, 

transcription factors CREB and AP-1, as well as induces expression of pro-inflammatory 

genes such as TNF-α, IL-6, and COX-2185. However, it is also involved in the production 
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of anti-inflammatory cytokines like IL-10. In addition, MyD88-dependent signaling leads 

to an increase in glycolysis, synthesis of acetyl-CoA, and synthesis of fatty acids. Next, 

TLR4 is endocytosed, ending the MyD88-dependent pathway and triggering the TRIF-

dependent pathway185. The TRIF-dependent pathway activates IRF3 and IRF7 to induce 

expression of type I interferons (IFN), CCL5, and CXCL10. It is also involved in anti-

inflammatory cytokine IL-10 production and is important for TNF-α expression185,186. 

Furthermore, in macrophages, the TRIF-dependent pathway also upregulates cell-

surface CD40, CD80, and CD86 which are necessary for antigen presentation for T 

lymphocytes, bridging the gap between the innate and adaptive immune system185,187. 

Finally, both pathways are involved in the canonical activation of the NRLP3 

inflammasome, which is responsible for the activation of the inflammatory cytokine, IL-1β, 

and can cause pyroptosis, a form of programmed cell-death185. 

The epigenome plays a large role in the behavior and identity of macrophages. For 

example, the epigenome of tissue-resident macrophages is affected by their local 

microenvironment and they can even be reprogrammed by transplanting them to a 

different location188. They also have varied transcriptional signatures during efferocytosis, 

a process where apoptotic cells are cleared189. LPS-stimulation has also been shown to 

have a significant, and sometimes lasting, effect on the histone modifications of 

macrophages190. LPS-induced tolerance affects the epigenome of macrophages by 

inhibiting induction of inflammatory genes while leaving antimicrobial genes unaffected191. 

Research into means of targeting and altering the epigenome of inflammatory 

macrophages into an anti-inflammatory state has also increased in recent years, with 

studies showing possible therapeutic potential192. Despite this, there is little research on 
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how low-doses of LPS affect the epigenome193-196 or transcriptome196-200 of monocytes or 

macrophages differently compared to high-doses of LPS.  

In this study, we profiled the histone mark H3K27ac and performed RNA-seq 

analysis of murine bone marrow-derived monocytes that are exposed to low and high-

dose levels of LPS, as would be seen in low-grade and acute inflammation, respectively. 

H3K27ac marks active enhancers which, in conjunction with RNA-seq, allows us to 

determine how the epigenome affects gene expression. Low-input technologies including 

Microfluidic Oscillatory Washing ChIP-seq (MOWChIP-seq20,201) and Smart-seq2202,203 

were used for the epigenomic and transcriptomic profiling. We compared the conditions 

to extract the effects of LPS-dosage on the epigenome and, in turn, the transcriptome of 

immune cells. Furthermore, we also analyzed the effects of TRAM deletion, necessary 

for the TRIF-dependent pathway185, and IRAK-M deletion, which suppresses TLR-

signaling and is associated with endotoxin tolerance204. Altogether, this analysis could 

help elucidate the means by which subclinical concentrations of endotoxin can lead to 

low-grade inflammation as opposed to acute inflammation. 
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3.3 Results 

Bone marrow-derived monocytes (BMDMs) were isolated from mice and dosed with 

PBS, low-dose LPS (100 pg/mL), or high-dose LPS (1 µg/mL). We profiled H3K27ac 

using MOWChIP-seq18 and performed RNA-seq with two replicates per condition (Tables 

3-1 and 3-2). We found very high average correlation between ChIP-seq replicates of 

0.9858 (Fig. 3-1a). Between conditions, the highest correlation is between PBS and low-

dose (0.9572) and the lowest correlation between PBS and high-dose (0.8959), with low-

dose and high-dose falling in-between (0.9385). This suggests that the increasing LPS 

dosage causes a concomitant change to H3K27ac signal. When looking at genome-wide 

H3K27ac signal, we see that increasing the dose of LPS tends to reduce the H3K27ac 

signal (Fig. 3-1b). In fact, the overall H3K27ac signal at peaks also tends to go down with 

increasing LPS-dosage (Fig. 3-1c). Furthermore, the number of peaks present in each 

sample as decreased with increasing dosage (PBS = 25,679, Low = 21,597, High = 

14,659). 

As such, many of the peaks that were present in PBS samples were not present 

in Low-dose samples (6,566) and even more (12,602) were not present in High-dose (Fig. 

3-1d). However, Low-dose samples gained a small number of peaks (2,484) while High-

dose samples gained even fewer (1,582). In addition, the fraction of peaks near promoters 

increased with increasing LPS dosage, yet, this primarily was due to a reduction of distal 

peaks, rather than an increase of proximal peaks (Fig. 3-1e). However, some of the peaks 

gained by Low-dose and High-dose conditions were proximal to gene promoters. Since 

H3K27ac also localizes to active promoters, this suggests that dosage of LPS leads to 

the activation of genes that are not active under normal conditions205. 
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Table 3-1 WT H3K27ac Metadata 

Sample 

Total 

Reads 

(millions) 

Trimmed 

Reads 

(millions) 

Aligned 

Reads 

(millions) 

Alignment 

(%) Peaks 

Consensus 

Peaks 

PBS – 1 13.8 13.8 12.0 87.1 34,372 
25,679 

PBS – 2 15.9 15.9 14.0 88.0 46,067 

Low – 1 21.4 21.3 18.2 85.4 34,967 
21,597 

Low – 2 19.4 19.4 16.8 86.8 28,091 

High – 1 19.4 19.4 16.6 83.5 20,685 
14,659 

High – 2 21.0 21.0 18.1 86.2 23,775 

 

 

 

Table 3-2 RNA-seq Metadata 

Genotype Sample 
Total Reads 

(millions) 

Trimmed 
Reads 

(millions) 

Aligned 
Reads 

(millions) 
Alignment 

(%) 

WT 

PBS-1 18.0 18.0 15.0 83.4 

PBS-2 16.9 16.9 14.3 84.7 

Low-1 15.6 15.6 12.9 83.2 

Low-2 15.1 15.1 12.6 83.8 

High-1 16.8 16.8 14.2 84.5 

High-2 14.0 14.0 11.9 85.3 

TRAM-/- 

PBS-1 13.7 13.7 10.9 79.5 

PBS-2 14.2 14.2 11.7 82.2 

Low-1 14.0 14.0 11.3 80.7 

Low-2 15.0 14.9 11.8 79.1 

High-1 30.4 30.4 25.2 83.1 

High-2 14.2 14.2 11.0 77.9 

IRAK-M -/- 

PBS-1 13.4 13.4 11.1 82.7 

PBS-2 17.7 17.7 14.8 83.8 

High-1 16.2 16.2 13.8 85.4 

High-2 18.3 18.3 14.7 80.7 
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Figure 3-1 Overview of ChIP-seq data for murine BMDMs dosed with PBS or LPS 

(a) Pearson’s correlation of normalized H3K27ac signal around promoter regions (TSS 
+/- 2 kb). (b) Tracks of normalized H3K27ac signal for replicates dosed with PBS, low-
dose LPS, or high-dose LPS. Add vertical scale. (c) Distribution of normalized H3K27ac 
signal at peaks. (d) Number of peaks gained or lost in low-dose or high-dose conditions 
compared to PBS. (e) Percentage of peaks at genomic locations. 
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 Although H3K27ac does mark active transcription, it plays a more pivotal role in 

long-range gene regulation at enhancer regions. Therefore, we determined the locations 

of enhancers, which were defined as H3K27achigh regions that do not overlap with regions 

near transcription start sites and can be linked to genes in conjunction with RNA-

sequencing data (see Methods). The number of enhancers also decreased with 

increasing LPS-dosage (PBS=5,738, Low=4,400, High=2,711). Normalized H3K27ac 

signal for the conditions at each enhancer was clustered with k-means clustering (Fig.  

3-2a). The genes linked to the enhancers in each of the clusters were analyzed for 

overrepresentation of Gene Ontology biological process gene sets (Fig. 3-2b).  We then 

separated these into three groups: dosage correlated, acute inflammation and low-grade 

inflammation.  

The dosage correlated group, including clusters I, II, and III, had either increased 

or decreased H3K27ac signal with increased LPS-dosage. Due to the binary nature of 

histone modifications, this means that increased LPS dosage leads to a higher fraction of 

cells with either presence or absence of H3K27ac at enhancers linked to the genes in 

these clusters. Most obviously, we see that Cluster I, which increases in expression from 

PBS to High-dose, is filled with leukocyte-related (which include monocytes and 

macrophages) gene ontologies, which play a key role in inflammation206,207. As such, it is 

reasonable that with increased LPS-dosage we would see a stronger inflammatory 

response. In Clusters II and III, which decreased from PBS to High-dose, we see several 

pathways related to autophagy and endocytosis. It has been shown in literature that LPS-

stimulation induces autophagy as a means of mediating the inflammatory response208-211. 

Upon further investigation into the enhancer-linked genes in these autophagy-related 
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Figure 3-2 Effect of LPS dosage on enhancers 

(a) K-means clustering of enhancers present in PBS, Low-dose, or High-dose samples 
(b) Significant (FDR < 0.05) Gene Ontology biological process gene sets for clusters 
from (a). (c) Significantly enriched motifs (p < 1 x 10-6) that are different in two 
comparisons. One purple cell denotes enrichment over the two gray cells and two 
denotes enrichment over the third cell. One light and one dark purple signifies dark is 
enriched over light, and light is enriched over gray. 
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processes, we find genes such as Trem2212, Sesn1213, and Nrbf2214, all of which inhibit 

the inflammatory effect of macrophages. Differential H3K27ac expression at gene 

promoters also shows that increased LPS-dosage reduces expression at genes that 

negatively regulate components of the TLR4 signalling pathway, such as the MAPK 

cascade (Fig. 3-3, Cluster III)185,215,216. This suggests that LPS stimulation may lead to 

the inhibition of anti-inflammatory genes, allowing for the pro-inflammatory aspects of the 

TLR4 signalling pathway to be freely utilized. 

The acute inflammation group, where the signal was either substantially lower or 

higher in High-dose LPS compared to Low-dose LPS and PBS, consists of clusters IV 

and V. These enhancers are recognized as highly characteristic of the High-dose 

condition and associated acute inflammation. In Cluster IV, we once again see 

autophagy-related pathways. Gene promoters with substantially lower H3K27ac signal in 

High-dose cells were enriched in pathways for Il-6 and Il-8 production, which can have 

anti-inflammatory effects (Fig. 3-3, Cluster IV)215,216. In Cluster V, we see many 

nucleotide-associated metabolic and catabolic processes, which have been shown to be 

increased with LPS stimulation in literature217,218. It is unclear why these processes are 

not increased in Low-dose cells.  

The low-grade inflammation group, in which signal was either substantially 

increased or decreased in Low-dose LPS when compared to High-dose LPS or PBS, 

consists of clusters VI, VII, VIII, IX, and X. These enhancers are recognized as highly 

characteristic of the Low-dose condition and associated low-grade inflammation. Only 

Cluster VIII had any significantly enriched terms, most of which were related to histone 

and protein acetylation, primarily acetylation at lysines. LPS stimulation has been shown 
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Figure 3-3 H3K27ac signal at promoters for murine BMDMs 

(a) Normalized H3K27ac signal around promoter regions (TSS +/- 2 kb) with differential 
marking (FDR < 0.05, fold-change >= 2) clustered using k-means clustering. (b) Gene 
ontologies that are significantly enriched (FDR < 0.05) in the associated clusters from (a). 
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in literature to affect histone acetylation219, but we do not have enough information to 

determine which modifications (other than H3K27ac) are affected uniquely by Low-dose 

LPS, though aberrant histone acetylation has been found in multiple chronic inflammatory 

diseases220,221. However, the enhancers within this grouping were linked to some 

interesting genes within the immune system. For example, enhancers that had  

higher signal in Low-dose were linked to genes like Csf1, Irf5, Rab11a, Ccr5, Irf7, Ticam2, 

Ifit3, and Irf1, while enhancers with lower signal in Low-dose were linked to genes like 

Arg1, Hdac5, and Treml1. Rab11a is responsible for transporting TLR4 from the endocytic 

recycling compartment to forming phagosomes185. This transport triggers the TRIF-

dependent signalling pathway, which requires TRAM (Ticam2). TRIF-dependent 

signalling leads to increases in interferon-alpha and interferon-beta production which, in 

turn, activate interferon-induced genes such as Ifit3. Hdac5222 and Treml1223 both 

regulate the inflammatory response. Furthermore, reduction of Hdac5 expression was 

also associated with an increase of Irf1 and transcription of interferon-beta222. In addition, 

Arg1, which is a typical marker of anti-inflammatory macrophages197, is reduced in Low-

dose while Irf5, shown to promote pro-inflammatory macrophage polarization224, is 

increased in Low-dose. Together, these suggest that, while the Low-dose cells are 

markedly different from High-dose cells, they do have a pro-inflammatory phenotype, 

which is consistent with previous studies181. It is interesting to note that Csf1, which is 

associated with anti-inflammatory macrophages, is highly increased in Low-dose cells, 

however, previous studies have shown an association between Csf1 and chronic 

inflammation225. 

Since enhancers are hotbeds of transcription factor binding activity, the enhancer 
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regions were then scanned for transcription factor binding motifs that were separated into 

motifs uniquely and significantly enriched or diminished in low-grade inflammation, acute 

inflammation, or if the enrichment was correlated to LPS-dosage (Fig. 3-2c). Among the 

dosage-dependent affected motifs, we see multiple immune-related transcription factors 

that are increased with increasing LPS-stimulated inflammation such as JunB226, AP-

1227,228, Atf4229, and NF-E2199.  

In acute inflammation, we see several transcription factors that are important in the 

TLR-signaling pathway such as Nfil3230,231, Hoxa2232, Nrf2233, CEBP:AP1234,235, and 

OCT2236,237, all of which are activated with LPS stimulation in literature. In fact, the 

differential enrichment of Nrf2 between High-dose and Low-dose is also supported by 

previous research. Nrf2 is activated by LPS stimulation via the reduction of the protein 

Keap1, however, Keap1 protein has been shown to accumulate in Low-dose 

conditions181,233. The Mef2 family (Mef2a, Mef2b, Mef2c, Mef2d) of transcription factors 

motifs are significantly deficient in High-dose cells, but are present in Low-dose cells. It 

has been show that the Mef2 family is initially upregulated by LPS-stimulation but are 

soon downregulated199. It is possible that, in the Low-dose condition, the LPS-stimulation 

is not enough to lead to the downregulation of the Mef2 family. 

Low-grade inflammation leads to fewer enriched motifs than deficient motifs. Motifs 

that are enriched only in Low-dose are ISRE, Irf2, and Klf4. Irf2238,239 and Klf4240 are both 

inflammation regulators while ISRE is an IFN-I stimulating response element which, when 

bound, activates genes in the inflammation pathway241. This is consistent with previously 

discussed upregulated enhancer-linked genes such as Irf7. Additionally, Irf2 has been 

shown to positively regulate the non-canonical inflammasome pathway, which, in turn, 
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leads to increased GSDMD expression242. In fact, we do see increased GSDMD 

expression in our enhancer data, where it is located in Cluster VI. Low-dose also has 

reduced p65 motifs, a NF-κB subunit that is part of the canonical pathway involved in 

inflammation243 . However, in monocytic cells that have already been stimulated with a 

gram-negative bacteria, a second stimulation shows reduced p65 activity244,245. There is 

a possibility that sustained low-dosage of LPS may lead to such a reaction. Furthermore, 

it appears that reduced p65 expression can be somewhat compensated for246.  

We analyzed RNA-sequencing data to further understand the effect of LPS on 

murine immune cells. We see a similar pattern of RNA-seq data correlation as was in the 

ChIP-seq data (Fig. 3-4a). Average replicate correlation was 0.9964 and the correlation 

between PBS and low-dose was similarly high (0.9873). The high-dose replicates had 

approximately similar correlations with either PBS (0.8922) or low-dose (0.9142). Unlike 

the H3K27ac signal, there was not a decrease in RNA-signal with increasing LPS-dosage 

(Fig. 3-5a). Much like the differential peaks, the number of differentially expressed genes 

(DEGs) was lowest between PBS and Low-dose (155) with much greater differences 

between PBS and High-dose (3,249) closely followed by Low-dose and High-dose (3,061) 

(Fig. 3-5b). However, differentially expressed genes were largely equally split into up- and 

down-regulated genes for each comparison, except between PBS and Low-dose, where 

there were more genes upregulated in Low-dose than PBS samples. Many genes (~63%) 

that are differentially expressed in one comparison, are differentially expressed in multiple  

comparisons (Fig. 3-5c).  

The normalized RNA-sequencing expression data of differentially expressed 

genes were visualized in a heatmap (Fig. 3-4b). Each of these clusters were analyzed for  
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Figure 3-4 Effect of LPS dosage on gene expression 

(a) Pearson’s correlation of normalized RNA-seq counts at genes (b) Heatmap of 
normalized gene expression of DEGs present in more than one comparison. (c) 
Significant biological process gene ontologies for genes that are differentially expressed 
in more than one comparison. (d) Top upregulated and downregulated genes for each 
condition. (e) Gene-set enrichment analysis. Color denotes normalized expression score 
if that pathway was significant (FDR < 0.05) in sample vs. rest. 
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Figure 3-5 Overview of gene expression changes due to LPS 

(a) Boxplots of normalized RNA-seq counts at genes (b) MA-plots of the fold change 
between two samples of a comparison versus the mean gene expression of that gene. 
Color denotes significance (FDR < 0.05, FC >= 2) (c) Overlap of differentially expressed 
genes. 
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enrichment of Gene Ontology biological process gene sets (Fig. 3-4c). Dosage correlated 

Clusters I and II, which increased or decreased with added LPS-dosage, are consistent 

with enhancer analysis. Both analyses identified leukocyte-related pathways were 

increased with increasing dosage. In addition, negative viral process was also increased 

with additional LPS. While LPS is from a bacteria, TLR4 can also be activated by viral 

ligands, thus there is large overlap in the genes in each of these ontologies247. We also 

see an reduction of glucose import with increased LPS-dosage, which is also consistent 

with literature248. Clusters specific to acute inflammation, Clusters III and IV, had similar 

autophagy and nucleic acid-related processes as the corresponding enhancer clusters. 

However, Cluster III also had more lipid metabolic processes that were down-regulated 

in High-dose conditions, which is consistent with previous research showing LPS-

stimulation to decrease lipid catabolism249. 

Finally, Clusters V, VI, and VII were specific to Low-dose. In Clusters V and VI, we 

see ontologies that are significantly upregulated in Low-dose compared to High-dose or 

PBS. These include MHC II antigen processing and response to interferon-beta. MHC II 

antigen processing is the means by which an exogenous antigen is prepared and 

presented on the cell surface for the activation of CD4+ T cells. These cell surface 

molecules that present the antigen are only upregulated in the TRIF-dependent pathway. 

Furthermore, what the macrophage secretes can also affect CD4+ T cell function and 

aberrant CD4+ T cells have been implicated in inflammatory diseases250,251. Interferon-

beta related genes and motifs were also found to be enriched or have increased enhancer 

expression in Low-dose cells compared to High-dose or PBS. This suggests that 

epigenetics play a notable role in the etiology of low-grade inflammation. This is further 
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supported by the peptidyl-lysine modification process in Cluster VII, which is down in Low-

dose and high in High-dose. With closer inspection, Hdac2 and Hdac4 are included within 

this clusters. Hdac2 is considered to be crucial to the LPS inflammatory response while 

also mediating it, and decreased Hdac2 levels have been found in COPD patients252-254. 

Hdac4 is necessary for LPS-stimulated production of pro-inflammatory cytokines, and 

degradation leads to secretion of HMGB1, which is believed to play a significant role in 

sepsis255,256. 

The fold-changes of the top genes significantly expressed or repressed in Acute 

Inflammation (High-dose vs. rest), Low-grade inflammation (Low-dose vs. rest), General 

Inflammation (PBS vs. rest), and Dosage-specific (increasing or decreasing from PBS to 

High-dose) were inspected (Fig. 3-4d). In each, we see some genes that have been 

pointed out in literature before as affected by inflammation or LPS in some way, such as 

Steap4257, Bcl2a1a258, Saa3259, Marco260, CFH261, Ifit3262, Lrrc14b263, Ccl5264, and 

CD28265. We also see multiple predicted genes that might be worth further in vivo or in 

vitro functional investigation. 

Gene-set enrichment analysis was then performed using each of the conditions 

compared to the rest (Fig. 3-4e). The first aspect of note is that High-dose is significantly 

enriching many pathways that have been found to be enriched by LPS-stimulation in 

literature such as Myc266,267, hypoxia268, glycolysis269, and unfolded protein response270. 

We also see oxidative phosphorylation, which is generally believed to be reduced in LPS-

stimulation as the cell transfers to glycolysis, though there is some conflicting evidence271. 

Yet, there are two reasons that it might be enriched in High-dose. First, oxidative 

phosphorylation is necessary for inflammatory resolution272. Or, it could be as a result of 
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glucose starvation, which can cause cells to shift back towards oxidative 

phosphorylation273. In addition, there are also pathways that seem to be somewhat 

dosage-dependent, such as E2F targets274, MTORC1275, IL6 JAK Stat3 signaling276,277, 

and TNF-α278,279 that are hallmarks of inflammation. However, it is interesting to note that 

it appears low-dose cells are not undergoing as much replication, as seen in the reduced 

G2M checkpoint and glycolysis. Furthermore, it appears that, while slight interferon-

gamma enrichment280,281 occurs in both Low-dose and High-dose (seen by deficiency in 

PBS), that low-dose has stronger enrichment of interferon-alpha and Kras Signaling down. 

Interestingly, interferon-alpha overexpression, which studies suggest can lead to chronic 

inflammation282, is a characteristic of systemic lupus eruthematosus, an autoimmune 

disease283,284. The reduction in Kras Signaling, which is part of the Ras/MAPK pathway, 

would also point to reductions in the cell-cycle of Low-dose cells285.  

As differential transcript usage (DTU), such as alternative splicing, has been 

shown to be affected in the macrophage inflammatory response286, we also chose to 

examine DTU among the three experimental conditions as differential transcript usage 

can effect the function of the genes involved. There were a total of 309 genes that had 

significant DTU with predicted functional consequences across the three comparisons 

(PBS vs. Low-dose = 82, PBS vs. High-dose = 171, Low-dose vs. High-dose = 172) (Fig. 

3-6a). Genes with DTUs in PBS versus High-dose were entirely associated with RNA-

splicing ontologies (data not shown), as well as many in Low-dose vs High-dose (Fig. 3-

6b). However, Low-dose versus High-dose did have several immune related ontologies, 

suggesting that DTU may play a role in the differing responses. In particular, we see 

response to interferon-beta and one of the DTU genes that was involved, IFI204, plays a  
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Figure 3-6 Effect of LPS on differential transcript usage 

(a) Overlap of genes with significant differential transcript usage among the three 
conditions. (b) Gene ontologies significantly overrepresented in genes with DTUs in High-
dose compared to Low-dose. 
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key role in interferon-beta release287. We also found that, of the 172 DTUs in Low-dose 

vs. High-dose, 111 had (FDR<0.05) differential H3K27ac signal at their promoters 

(expected = 40) and 38 were linked to enhancers (expected = 22) for a total of 121 DTUs 

associated epigenetic regulation. This further suggests that epigenetic regulators may be 

playing a role in the differences between acute and low-grade inflammation. 

The increase that we see of type I interferons-alpha and beta-related processes in 

Low-dose cells, both epigenetically and transcriptomically, as well as increased 

epigenetic enhancement of TRAM (RNA-seq FDR < 0.05, FC ≈ 1.8) led us to postulate 

that low-dose LPS might lead to more use of the TRIF-dependent pathway (which 

requires TRAM), while high-dose might lead to more use of the MyD88-dependent 

pathway (Fig. 3-2a and Fig. 3-4c,e)185. In order to better understand the mechanistic 

pathways that might be differentially affected by low-dosage of LPS, we performed 

additional experiments using TRAM-deficient and IRAK-M-deficient BMDMs (Fig. 3-7a). 

TRAM-deficient cells are incapable of utilizing the TRIF-dependent pathway and IRAK-

M-deficient cells have an unregulated MyD88-dependent pathway. We see that WT-high-

dose cells correlate the strongest with TRAM-deficient-high (r = 0.9614) followed by the 

low-dose and PBS conditions (r = 0.8663 – 0.9149), while the two IRAK-M samples had 

the lowest correlation (High = 0.8150, PBS = 0.7623). Average correlation between the 

WT and TRAM-deficient low-dose and PBS samples was very high at r = 0.9859. IRAK-

M-deficient PBS was most highly correlated with the other two PBS samples, but IRAK-

M-deficient high-dose had lower correlation with all samples (r = 0.8090 – 0.9035). When 

we perform principle component analysis of the most variable genes, we see fairly similar 

results (Fig. 3-7b). Due to the significant differences in IRAK-M-deficient cells, we chose  
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Figure 3-7 Effect of TLR4 pathway on LPS-dosage response 

(a) Pearson’s correlation of RNA-seq signal between conditions. (b) Principle 
Component Analysis of replicates using top 500 variable genes. (c) Heatmap of WT and 
TRAM-deficient gene express at varied LPS-dosage using DEGs from the WT 
comparisons. Significant pathways on right are from Gene Ontology or WikiPathways. 
Log(FDR) for each in parentheses. 
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to limit  their inclusion in further analysis. 

We then analyzed gene expression across the three dosing conditions for both WT 

and TRAM-deficient cells, though we restricted the analysis to genes that were differential 

expressed between the WT conditions (Fig. 3-7c). A decent number of genes were 

moderately affected by TRAM-deletion, but most maintained a similar expression pattern 

to WT. Despite this, there are 4 clusters of interest (Clusters I, IV, VII, and VIII) that stand 

out. Clusters I and VII both show a failure to upregulate DNA replication pathways in 

TRAM-deficient high-dose cells. While there is evidence of macrophage renewal due to 

inflammatory insult, it is not well understood, but it is possible that it is TRIF-

dependent288,289. 

On the other hand, Clusters IV and VIII both have a pattern of low-dose having the 

highest expression and high-dose the lowest in WT. There appears to be little to no 

change in TRAM-deficient cells. In Cluster VIII, TLR9 is an intracellular toll-like receptor 

that recognizes unmethylated CpG motifs in bacterial or viral DNA290. However, TLR9 has 

been shown to occur after LPS stimulation291 and TLR9 inhibition helps suppress 

excessive inflammation in bacterial sepsis292-294. Furthermore, it helps regulate antigen 

presentation in macrophages295 and participates in interferon-alpha production through 

IκB kinase signaling296. Interestingly, TLR9 is found to be activated through the NF-κB, 

Erk, Jnk, and p38 Mapk pathways which are not TRIF-dependent, so it is unclear why 

there is not an increase in TRAM-deficient cells as well291,297. 

Another critical gene is Irf7, which is upregulated in WT-low but not in TRAM-low, 

that is important for the production of type I interferons298. Furthermore, Irf7 expression 

can lead to a feed-forward loop of type I interferon production, much like we see in WT-
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low299,300. However, research has shown that Irf7 is necessary for the Il-1β and the type I 

interferon response elicited through TLR4, and that Irf7 is induced through the TRIF-

dependent pathway, consistent with the lack of Irf7 increase in TRAM-deficient cells. Yet, 

Irf7 is not overwhelming in WT-high cells, so there must an additional factor in low-dose 

conditions. Trim28 is a negative regulator of Irf7298 and is significantly reduced in WT-low 

compared to WT-high cells (FDR < 0.05, FC < 2), while remaining unchanged across the 

TRAM-deficient cells. If Trim28 is phosphorylated at serine 473 through a PKR/p38 

MAPK/MSK1 signaling cascade, it is no longer capable of inhibiting Irf7301. Although 

knockdown of activated MSK1 does increase production of some inflammatory cytokines 

in neuroinflammation, Trim28 is responsible for regulating a staggering number of genes, 

so it is unclear if it is involved301,302. In addition, phosphorylation of Trim28 is not 

necessarily equivalent to reduced gene expression. Foxo3303 and Cflar304 have also been 

shown to inhibit Irf7 but neither had notable differences in gene expression.  

 

3.4 Discussion 

Our study of gene expression and histone modification changes due to LPS-

dosage suggest that a low dosage of LPS leads to cells preferentially utilizing the 

TRAM/TRIF-dependent TLR4 signaling pathway. First, we found that these changes are 

seen in the expression of enhancers, the regulators of gene expression. Enhancers with 

increased signal in Low-dose samples were linked to genes related to the TRAM/TRIF-

dependent pathway. In addition, promoters and motifs enriched in Low-dose samples 

were also associated with the interferon-beta response. Second, we showed genes with 

increased expression only in Low-dose LPS, such as Stat1, Irgm1, Ifit3, and BST2, were 

significantly involved in interferon-beta and interferon-alpha responses. Furthermore, 
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genes with differential transcript usage between Low-dose and High-dose were also 

associated with interferon-beta response. Finally, we compared the gene expression of 

WT samples to TRAM-deficient mice to determine that TRAM-deficiency abrogates the 

interferon-beta associated genes, indicating that the Low-dose increases in interferon-

beta specifically rely on TLR4-associated TRAM/TRIF-dependent pathway, as opposed 

to MyD88 pathway. This preference for the TRIF-dependent pathway also prevented Low-

dose samples to not alter nucleotide replication and metabolic pathways that were 

changed in High-dose samples preferentially going through the MyD88 pathway.   

There is increasing appreciation for signal-strength dependent programming of 

both innate and adaptive immune systems, enabling complex and dynamic host 

responses to changing landscapes of infectious and inflammatory conditions305,306. 

Although much progress has been made with the dynamic programming of T helper cells 

exhibiting multi-staged activation and exhaustion under signal-strength and history 

dependent challenges307, the similar scenario of innate immune cell adaptation is still less 

understood.  Due to limited systems approaches, even the most well-known concept of 

endotoxin tolerance regarding innate cell adaptation to repeated LPS challenges fails to 

clarify the complex innate immune adaptation dynamics.  Past studies regarding 

endotoxin tolerance overly focus on dampened gene expression of limited inflammatory 

mediators180, and fails to address augmented induction of diverse immune-; metabolic-; 

and proliferative related genes involved in complex adaptation to higher dosages of 

endotoxin. Much less is known about innate responses to pathologically relevant 

subclinical low dose LPS, highly prevalent in humans with chronic conditions due to mild 

leakage of mucosal barriers308. The lack of systems and clear understanding of signal 
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strength and history-dependent adaptation to LPS underlies our limited translational 

success in treating related diseases ranging from acute sepsis to chronic cardiovascular 

diseases.  Our current study provides a comprehensive assessment of gene expression 

dynamics as well as corresponding epigenetic variations in monocytes challenged with 

rising dosages of LPS.   

Confirming limited previous studies, our collected data reveal that higher doses of 

LPS not only cause suppression of certain subsets of inflammatory genes, but also 

potently induce wide arrays of genes involved in altered immune metabolism and 

proliferative potential. Further characterization of these altered gene expression 

landscape may help better explain the compound phenotypes of pathogenic inflammation 

and immune-suppression observed in septic leukocytes collected from human sepsis 

patients and model murine septic animals309,310.   In contrast, low dose LPS preferentially 

induces inflammatory interferon responsive genes, recently shown to be expressed in 

inflammatory monocytes collected in vivo from various chronic inflammatory disease 

models including lupus and atherosclerosis284,311,312.  

Our integrated analysis of epigenomic changes at enhancer and promoter regions 

complements our gene expression data, in further revealing the preferential usage of 

TRAM/TRIF pathway by low dose LPS. Our finding is consistent with limited previous 

studies showing that the TRAM/TRIF-dependent pathway is favored in Low-dose LPS 

conditions and critical for lesion development in atherosclerosis181. In addition, we 

identified signature transcription factors involved in monocyte activation by Low-dose LPS 

such as IRF1, 5 and 7, with IRF5 previously reported to be involved in monocyte priming 

by Low-dose LPS313. The preferential enrichment of additional transcription factors such 
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as IRF2 and KLF4 is also interesting, and may provide additional insight regarding the 

regulation of low-grade inflammatory monocytes.  Low-dose LPS also enhanced the 

expression of Rab11a, a molecule involved in endocytic recycling of TLR4, providing a 

further mechanistic explanation for our previous observation that internalization of TLR4-

LPS complex and the activation of TRAM/TRIF pathway are required for sensing Low-

dose LPS183.     

Collectively, our integrative systems study further clarifies the highly complex and 

dynamic adaptation of macrophages to rising dosages of LPS, and reveals more of the 

inner workings of underlying mechanisms, yet much more research will be required to 

fully understand how immune pathways and components interact in the dynamic 

ontogeny of macrophage activation states related to the etiology of low-grade 

inflammation. Studies that utilize time courses, additional LPS concentrations, and other 

transgenic mice all would be beneficial for truly unveiling low-grade inflammation. 

Additional epigenomic studies may also reveal the causal relationships at play and 

possible therapeutic targets. Together, this could lead to identification of relevant 

molecular targets in human immune cells for future clinical applications. 

 

3.5 Methods 

Mice 

C57/BL6 mice purchased from the Jackson Laboratory were bred and maintained 

in pathogenic-free conditions. Male 8-12 week old mice were used in this study. The 

Institutional Animal Care and Use Committee (IACUC) approved all procedures 

performed on the mice. 
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Cell Culture 

Crude BM cells were pooled from multiple (~6-7) mice and cultured as previously 

published181. Briefly, the pooled cells were split across three plates and cultured in RPMI 

complete media (RPMI 1640 with 10% FBS, 2 mM L-glutamine, and 1% 

penicillin/streptomycin) along with M-CSF (10 ng/mL) and either PBS, low-dose LPS (100 

pg/mL), or high-dose LPS (1 µg/mL). Fresh LPS was added every two days and the cells 

were harvested after 5 days. 

 

Chromatin Shearing 

Samples containing 106 cells were centrifuged at 1600 g for 5 minutes at 4 °C. 

Each sample was washed twice with cold 1 mL PBS and resuspended in 9.375 mL of 

PBS. Then, 0.625 mL of 16% formaldehyde was added and the samples were incubated 

on a shaker for 5 minutes at room temperature. The samples were then quenched with 

0.667 mL of 2 M glycine and incubated for 5 minutes at room temperature on a rotator. 

The cells were then centrifuged at 1600 g for 5 minutes and washed twice with 1 mL cold 

PBS. The pellet was resuspended in 130 µL of Covaris sonication buffer (10 mM Tris-HCl, 

pH 8.0, 1 mM EDTA, 0.1% SDS and 1x protease inhibitor cocktail (PIC)) and sonicated 

with a Covaris S220 sonicator using 75 W peak incident power, 5% duty factor, and 200 

cycles per burst for 16 minutes at 4 °C. Sonicated samples were centrifuged at 16,100 g 

for 10 minutes at 4 °C before the supernatant containing sheared chromatin was removed 

to a fresh tube. Finally, 2.4 µL of sheared chromatin was then mixed with 46.6 µL of IP 

buffer (20 mM Tris-HCl, pH 8.0, 140 mM NaCl, 1 mM EDTA, 0.5 mM EGTA, 0.1% (w/v) 

sodium deoxycholate, 0.1% SDS, 1% (v/v) Triton X-100, 1% freshly added PMSF and 
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PIC) to generate a 50 µL sample containing chromatin from 20,000 cells for MOWChIP-

seq. 

 

MOWChIP-seq 

Sonicated chromatin samples of 20,000 cells per assay were profiled for H3K27ac 

(abcam, cat: ab4729, lot: GR312651-2) with MOWCHIP-seq as described in our previous 

publications18,20. Libraries for sequencing were prepared using the Accel-NGS 2S Plus 

DNA Library Kit (Swift-Bio) and samples were sequenced using an Illumina HiSeq 4000 

with single-end 50 nt reads. 

 

RNA-seq 

10,000 cells were used to produce each RNA-seq library, with two replicates for 

each genotype and experimental condition. RNA was extracted into a 30 µL volume using 

the RNeasy Mini Kit (74104, Qiagen) and RNase-Free DNase Set (79254, Qiagen), 

following the manufacturer’s instruction. The extracted mRNA was then concentrated by 

ethanol precipitation and resuspended in 4.6 mL of RNase-free water. Next, we used the 

SMART-seq2 protocol202, with minor modifications, to prepare cDNA. 2 mL of oligo-dT 

primer (100 mM) and 2 mL of dNTP mix (10 mM) were added to 2 ng of mRNA in 4.6 µL 

of water.  The mRNA solution was denatured at 72 °C for 3 min, then immediately placed 

on ice. Next, 11.4 mL of reverse transcription mix [1 mL of SuperScript II reverse 

transcriptase (200 U/mL), 0.5 mL of RNAse inhibitor (40 U/mL), 4 mL of Superscript II first-

strand buffer, 1 mL of DTT (100 mM), 4 mL of 5 M Betaine, 0.12 mL of 1 M MgCl2, 0.2 mL 

of TSO (100 mM), 0.58 mL of nuclease-free water] was added to the mRNA solution. For 
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the reverse transcription reaction, the solution was incubated at 42 °C for 90 min, followed 

by 10 cycles of 50 °C for 2 min, 42 °C for 2 min, then inactivation at 70 °C for 15 min. 20 

mL of the resulting solution (first-strand mixture) was then mixed with 30 mL of PCR mix 

[25 mL KAPA HiFi HotStart ReadyMix, 0.5 mL IS PCR primers (10 mM), 0.5 mL Evagreen 

dye, and 4 mL nuclease-free water] and amplified using the program 98 °C for 1 min, 

followed by 9-11 cycles of 98 °C 15 s, 67 °C 30 s, 72 °C 6 min. Finally, the cDNA was 

purified using 50 mL of SPRIselect beads. RNA-seq libraries were generated with the 

Nextera XT DNA Library Preparation kit (FC-131-1024, Illumina) and manufacturer’s 

protocol, using approximately 600 pg of purified cDNA from each sample. Samples were 

sequenced using an Illumina HiSeq 4000 with single-end 50 nt reads. 

 

Data Processing 

Unless otherwise mentioned, all data analysis was performed with Bash scripts or 

with R (The R Foundation) scripts in RStudio. Sequencing reads were trimmed using 

default settings by Trim Galore! (Babraham Institute).  Trimmed reads were aligned to the 

mm10 genome with Bowtie80. Peaks were called using MACS2 (q < 0.05)81. Blacklisted 

regions in mm10 as defined by ENCODE were removed to improve data quality82. 

Mapped reads from ChIP and input samples were extended by 100 bp on either side (250 

bp total) and a normalized signal was calculated.  

ὔέὶάὥὰὭᾀὩὨ ὛὭὫὲὥὰ
ὅὬὍὖ ὛὭὫὲὥὰ

ὔέȢέὪ ὅὬὍὖ ὙὩὥὨί

Ὅὲὴόὸ ὛὭὫὲὥὰ

ὔέȢέὪ Ὅὲὴόὸ ὙὩὥὨί
ρπ 

For Pearson’s correlation, the signal was calculated around the promoter region (TSS +/- 

2 kb) and plotted with the corr and levelplot functions. For visualization in IGV (Broad 
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Institute), the signal was calculated in 100 bp windows over the entire genome and output 

as a bigWig file. RNA-seq data was quantified using Salmon41 against the mm10 

transcriptome using a full decoy and normalized counts were calculated with DESeq2314. 

 

Enhancers Analysis 

To call enhancers, we considered H3K27achigh regions that did not intersect with 

promoter regions to be enhancer regions. First, consensus H3K27ac peak sets were 

generated for each of the experimental conditions. Peak widths were expanded to be 

1000 bp long (summit +/-500 bp). Promoters were defined as TSS +/- 2000 bp. Any 

H3K27ac 1 kb regions that intersected with a promoter region was removed and the 

remaining regions were designated as putative enhancers. The signal at each of the 

putative enhancers was then correlated (Spearman) to RNA-seq gene expression values 

within the same topological domain. Putative enhancers were linked to the gene with the 

highest correlation, however, links were only considered significant if the Spearman 

correlation coefficient (SCC) > 0.25 and if the correlation was considered significant if 

both empirical and quantitative p-values were less than 0.05. For both p-values, the SCC 

was calculated between the given putative enhancer and all genes on the same 

chromosome. The empirical p-value was then calculated as the fraction of genes on the 

same chromosome that has a higher correlation than the currently linked gene. The 

quantitative p-value was calculated by treating the calculated SCC values as a distribution 

and using the R function pnorm to calculate a significance. Motif analysis was performed 

to determine enriched transcription factor binding motifs among the enhancer regions with 

HOMER87 (with options –size 1000 –mask –p 16 –nomotif). 
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RNA-seq Analysis 

Differential gene expression analysis was performed using DESeq2, where genes 

with a fold-change >= 2 and FDR < 0.05 were considered to be significantly differentially 

expressed. Boxplots and MA plots were done in R using ggplot and ggpubr. Clustering 

was performed using clusterProfiler. Gene-set enrichment analysis was performed with 

GSEA315,316 using the Hallmark gene set and gene-set level permutation. Gene sets were 

considered significant if the FDR < 0.05. Significant differential transcript usage (p < 0.05, 

dIF > 0.1) was determined using IsoformSwitchAnalyzeR317,318 with the default 

DEXSeq319. Data output was then ran through CPAT320, PFAM321, SignalP322, NetSurfP-

2.0323, and results were combined back into IsoformSwitchAnalyzeR to determine genes 

that might have functional consequences as a result of the DTUs. Genes were analyzed 

for gene ontologies with clusterProfiler. 
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4 The effect of maternal immune activation and cross-

fostering on the murine brain epigenome and transcriptome 

Published Work 

The work presented in this chapter has not yet been published. 
 

Author Contributions 
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research. Justin Anderson conducted the animal experiments and produced the tissue 

samples. Bohan Zhu conducted the ChIP-seq and RNA-seq assays. Lynette Naler 

analyzed the data. Lynette Naler, Bohan Zhu, Justin Anderson, Javier González-Maeso, 

and Chang Lu wrote the manuscript. 

 

4.1 Project Summary 

Activation of the maternal immune system (MIA) during pregnancy can significantly 

increase the lifetime risk of neurodevelopmental disorders, such as schizophrenia or 

autism, in the unborn child. Although this risk has been linked to increased exposure of 

the fetus to immune cytokines, it is unclear exactly how this exposure affects the brain 

and why that might predispose disorders like schizophrenia. Here, we activate the 

immune system of pregnant mice with exposure to influenza virus or a mock solution. In 

order to separate prenatal and postnatal effects, half of the litter was then swapped, such 

that, regardless if the mother was exposed to the virus or not, each mother would be 

raising both Mock-born and MIA-born pups. This was also done with Mock-only mice as 

a control. Widespread changes associated with schizophrenia or neurological disorders 

were found in all mice that were raised with MIA co-siblings, yet reduced effects 

suggested a protective effect on those that were removed from their own parent and 

fostered. 
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4.2 Background 

Activation of the maternal immune system (MIA), such as by viral or bacterial 

infection, has been shown to be a risk factor in the development of neurodevelopmental 

disorders, such as schizophrenia324-337 and autism338-341. Worldwide, schizophrenia has a 

lifetime risk of 0.4%, although risks are higher in developed and developing countries.342 

Schizophrenia is a heterogeneous condition diagnosed clinically by determining an 

individual’s mental state and personal or familial history.343 Symptoms of schizophrenia 

include delusion, hallucinations, and disorganized speech, impaired motivation, social 

withdrawal, and reduction of spontaneous speech. In addition to these, there are can also 

be cognitive impairments, particularly in memory, though this seems to vary widely 

between individuals.344 Differences are not just limited to symptoms either. For example, 

there is evidence that the brains of schizophrenics born to mothers who had an infection 

during pregnancy are physically distinct from those that were not a result of MIA.332   

While the lifetime risk of schizophrenia is low in the general population, having 

family diagnosed with schizophrenia can significantly increase an individual’s risk of 

developing schizophrenia, leading to a heritability rate of 80%.345,346 However, pinning 

down common genetics has been difficult and results have been inconsistent due to the 

heterogeneity of the disease, environmental aspects, and study limitations.347,348 In fact, 

the genetic component of schizophrenia could stem from multiple genetic faults 

concurrently.349-351 Genes from neurodevelopment and cognition352,353, the immune 

system350,353,354, glutamatergic neurotransmission355, and postsynaptic signaling351,356 

have all been implicated. Yet, schizophrenia risk is also affected by environmental (i.e. 

epigenetic) factors.349,357,358 For example, concordance rates of schizophrenia between 
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twins is only about 40-50%.346 Unfortunately, it is not always possible to separate 

epigenetic changes that are due to disease and those from treatment with anti-

psychotics.359 In addition, most work has primarily looked at specific regions instead of 

genome wide analysis.347 Studies have found differential methylation in the promoter 

regions of genes associated with serotoninergic360-363, dopaminergic364, glutamatergic365, 

and GABAergic (particularly reelin)365-367 neurotransmission systems as well as 

neurodevelopment365,368,369 and other genes associated with schizophrenia370-372. Far 

less work has been done looking at histone modifications in schizophrenia, which has 

primarily focused on either specific genes or on overall histone modification levels347,373-

377. 

In order to model the effect of MIA with more constrained environmental factors, 

research has turned to animal models. Three main rodent models are used to study 

maternal infection: influenza, poly(I:C), and lipopolysaccharide (LPS).378,379 Influenza 

infection is performed intranasally during the first or second term of pregnancy and leads 

to several physical and behavioral changes in the offspring that strongly resemble 

neurodevelopmental disorders like schizophrenia. For example, the offspring show 

deficits in social interaction, exploratory behavior, and prepulse inhibition (PPI), which 

measures how resistant an individual is to being startled after being primed.378 Physically, 

offspring have a localized deficit in Purkinje cells380, more densely packed pyramidal 

cells381, localized brain atrophy, and white matter thinning of male offspring.382,383 

Although intranasal influenza infection provides the most complete immune 

response, most research into how MIA affects offspring instead utilizes poly(I:C) and LPS 

injections to activate the maternal immune response.384 These models have shown 
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increased levels of immune cytokines such as IL-1β, IL-6, IL-10, and TNFα occur in the 

placenta and amniotic fluid of immune-activated mothers, and further studies suggested 

that these cytokines might lead to the neurodevelopmental changes in offspring.378,385-396  

 Cross-fostering studies have shown that just being raised by mothers who 

underwent immune activation was enough to confer some changes on the pups, despite 

being born to unaffected mothers397. In fact, cross-fostering is a powerful means of 

isolating prenatal and postnatal effects398. Despite this, little research has been done into 

how prenatal and postnatal MIA conditions affect offspring differently399.  A cross-fostering 

experiment that utilized maternal stress, instead of infection, as a means of inducing 

schizophrenic-like symptoms, suggested that postnatal effects had little to no effect on 

neuropsychological changes400. Maternal care has been shown to not be significantly 

different between biological and cross-fostered pups, however these studies did not 

include maternal immune activation401,402. Furthermore, the maternal care behavior of 

mice has been shown to be significantly affected by immune activation during gestation, 

and aberrant maternal care can affect the neurobiology of their offspring403,404. Thus, the 

effect postnatal care has on neurodevelopmental changes due to maternal immune 

activation is unclear. This, in conjunction with a lack of genome-wide data profiling the 

transcriptome and epigenome, led us to perform the experiments and analysis described 

in this manuscript. 

In this study, the histone marks H3K27ac and H3K4me3 were profiled through the 

use of our low-input Microfluidic Oscillatory Washing ChIP-seq (MOWChIP-seq20,201) 

technology, and performed RNA-seq analysis with Smart-seq2202,203 of neurons isolated 

from the prefrontal cortices of mice. Our goal was to understand the effect of maternal 



   Chapter 4 – Maternal Immune Activation 

81 
 

immune activation on offspring, and to determine if these changes are prenatal, postnatal, 

or a mix of the two through cross-fostering. This led us to seven experimental groups. We 

chose to then separate our analysis into three main parts. First, we analyze groups that 

were not born to or raised by an MIA mother to determine what effect cross-fostering has 

on both the fostered pups and the adopting pups in a mock setting. Then, we analyze the 

effect of MIA on pups in the adopting family. Finally, we investigate the effect of MIA on 

the fostered pups. 
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4.3 Results 

The prefrontal cortices were isolated from mice to understand the effect of 

maternal immune activation and elucidate the roles of prenatal and postnatal effects. 

There were seven experimental groups (Fig. 4-1a). Groups A, B, C, and D followed 

standard cross-fostering procedure to study pre-natal versus post-natal effects. Groups 

A and C were born to a Mock mother, while B and D were born to a MIA mother. Within 

24 hours of birth, B and C were swapped such that a Mock mother raised groups A and 

B and a MIA mother raised groups B and C. Groups E and F underwent a similar cross-

fostering procedure, but using only Mock mice, while group G had no cross-fostering of 

any form. We profiled H3K27ac and H3K4me3, as well as performed RNA-seq, for each 

mouse in all of the conditions. The mice were clustered with tSNE utilizing gene 

expression and histone modification signal at peaks, and colored according to their 

experimental group (Fig. 4-1b). Interestingly, we see that groups A and D cluster together, 

separate from groups B and C, and from groups E, F, and G. This was unexpected, as 

from literature we expected that B and C would fall between A and D. However, we did 

see that groups A, B, C, and D, which had some form of exposure to MIA or to MIA pups, 

did cluster away from groups E, F, and G, suggesting that MIA does have an effect, even 

on pups in the adopting family. Each of the groups can be cleanly distinguished from one 

another, except for B and C. We then correlated the mice according to their normalized 

H3K27ac and H3K4me3 signal at promoter regions, or according to their gene expression 

(Fig. 4-1c). H3K27ac had the most variable correlations, which is consistent with previous 

work done using murine neurons405, with an average in-group correlation of 0.922 and 

average inter-group correlation of 0.843.  
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Figure 4-1 Histone modification and gene expression data from MIA and Mock mice 

(a) Overview of the experiment and labels of experimental groups. (b) tSNE of histone 

modification and gene expression data. Each point represents a unique mouse. (c) 

Pearson’s correlation of histone modification signal at promoters or of gene expression. 

(d) Visualized tracks displaying ChIP-seq peaks and RNA-seq signal. 
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We do see that group D, has largely poor correlation with every other group (0.772) but 

is slightly higher with group A (0.802). In contrast, H3K4me3 and RNA expression had 

much higher in-group correlations (0.970 and 0.952, respectively) and inter-group 

correlations (0.951 and 0.918, respectively), even with group D. The similarity of these 

groups are shown in visualization of the ChIP-seq tracks and RNA-seq values (Fig. 4-1d).  

To better understand the effect of cross-fostering on murine pups, we compared 

the epigenomic and transcriptomic data of groups E, F, and G through the use of weighted 

gene correlation network analysis (WGCNA) (Fig. 4-2). WGCNA was performed on gene 

expression (denoted R), H3K27ac signal at gene-linked enhancers (denoted E), and 

H3K4me3 signal at gene promoter regions (denoted P), before the modules from each 

were clustered together into clusters I - IV. Clusters with similar trait correlation and 

module eigengene values, which represent gene expression or histone signal, were 

grouped. It should be noted that, using cluster I as an example, the clusters include genes 

that are substantially higher in E and F than G (positively correlated), as well as genes 

that are substantially lower in E and F than G (negatively correlated). Significance for 

ontologies was determined separately using the positively correlated genes (ontologies 

in red) and the negatively correlated genes (ontologies in blue). 

Cluster I involved genes that correlated with being fostered or being in a mixed 

family (as groups A – F would be), and groups E and F generally had more similar 

expression to one another than to group G. The genes with positive correlation in these 

modules were almost entirely enriched in the oxidative phosphorylation or other related 

ontologies. It is not clear if these ontologies are upregulated or downregulated, however 

oxidative phosphorylation is considered to be the primary means of fueling neuronal  
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Figure 4-2 Effect of cross-fostering on RNA, enhancer, and promoter expression  

Letters and colors denote the modules calculated using WGCNA. Modules are correlated 

against traits and module eigengenes are shown. Significantly enriched ontologies for 

genes that positively correlate (red) or negatively correlate (blue) with the eigengenes of 

the cluster. 
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stimulation406. 

Cluster II involved genes that correlated with being fostered, but not correlated with 

being in a mixed family. In this cluster, group E generally had the highest eigengene value 

and group F had the lowest. Genes in these modules that positively correlated with the 

eigengenes were largely enriched in the related group of ontologies such as synaptic 

vesicle cycle, exocytosis, and neurotransmitter secretion. While many of these ontologies 

did not achieve significance in their sub-ontologies to determine positive or negative 

regulation, there were a few that did. We see negative regulation of catabolic process in 

the top ontologies listed in the figure, but other significant directional ontologies include 

positive regulation of binding, neuron differentiation, and neuron projection development. 

The negative catabolic ontology is of interest because protein catabolism is critical for 

healthy neuronal function407. Too little degradation, as suggested in this cluster, 

prematurely ages the brain and is associated with diseases such as Alzheimer’s407, as 

well as memory and cognitive decline408. On the other hand, too much degradation has 

been linked to disorders like schizophrenia409. As for the positive ontologies, although the 

anti-NeuN antibody used to isolate the cells generally is used to isolate mature neurons, 

post-mitotic neuroblasts which differentiate into neurons also can express NeuN410. Thus, 

it is possible that this change in gene expression is due to recent or upcoming 

differentiation.  

Cluster III was correlated with both being fostered and being in a mixed family, with 

highest eigengene value in group G and lowest in group F. Genes that positively 

correlated with the eigengenes (i.e. highest in group G) were enriched in ontologies 

associated with positive regulation of neuron differentiation, neuron projection 
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development, catabolic process, axonogenesis, Wnt signaling, and ion transport. In 

addition, there are also ontologies for negative regulation of nervous system development, 

cell cycle, neurogenesis, apoptotic signaling, and locomotion. Wnt signaling has been 

found to regulate neuron differentiation and axon growth411, consistent with the positive 

ontologies we see. Genes that negatively correlated with the eigengenes were enriched 

in ontologies associated with RNA processing, epigenomic modifications, and DNA repair. 

Of all significant ontologies, negatively correlated genes were found to positively regulate 

chromosome organization, cell cycle, DNA repair, dendritic spine formation, and histone 

modification. Changes in the epigenome are high in mixed families, which is reasonable 

due to their altered living conditions, but it is surprising that such changes are so long 

lasting. The fostered mice in particular, group F, also had more cell proliferation and 

increased dendritic spine formation, which is associated with increased neural plasticity, 

memory, and learning412. These negatively correlated genes were also found to 

negatively regulate translation of mRNA to proteins and telomere maintenance. Reduced 

mRNA translation has been associated with neurodegenerative disorders413 while 

postmitotic neurons with reduced telomere maintenance have been found to have 

increased DNA repair response (as we see here) and were more likely to become 

apoptotic414. Cluster IV has the mildest differences between the three groups. The genes 

that positively correlated with the eigengene values were enriched in many ontologies 

associated with core cellular functions, some of which were seen in other clusters. As 

there was not significant correlation with any of the traits, these ontologies do not seem 

to have experimental significance.   

To elucidate the effect of MIA on the pups from the adopting family, we compared 
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groups A and D with group E (Fig. 4-3). Comparing A to E informs on the effect of being 

host to pups born to an MIA mother, and D to E informs on the effect of being born to an 

MIA mother while hosting Mock-born pups. Cluster I is the sole cluster in which groups A 

and D had higher eigengene values, and these modules generally correlated with being 

born to a MIA mother, having MIA co-siblings (like in groups A and C), or coming from a 

mixed family. Genes that positively correlated with this cluster were enriched in similar 

ontologies as in cluster I of the EFG comparison, where E and F were also higher than in 

G. In addition, these genes were also significantly associated with positive regulation of 

mitochondrial translation, which suggests that, in both this cluster and cluster I of Figure 

5-2, oxidative phosphorylation is indeed being increased. Genes that negatively 

correlated with cluster I (i.e. generally higher in E and G) were enriched in ontologies such 

as positive regulation of neuron projection development, neuron differentiation, 

posttranscriptional gene silencing, synapse assembly, dendrite development, neuron 

migration, and axonogenesis. The only negatively regulated ontology was the negative 

regulation of translation. Together, these ontologies suggest that groups A and D have 

reduced numbers of newly differentiated neurons, in addition to possible reductions in 

neural plasticity, yet seem to have increased neural stimulation. 

Cluster II had mild negative correlation to being in a mixed family or being born to 

an MIA mother. Group G had the highest eigengene values, with the remaining three 

groups having lower values. Correlated genes were associated with ontologies for the 

positive regulation of peptidyl-serine phosphorylation of STAT, and for the negative 

regulation of lipid biosynthetic processes and steroid biosynthetic processes.  
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Figure 4-3 Effect of MIA on RNA, enhancer, and promoter expression of adopting pups 

Letters and colors denote the modules calculated using WGCNA. Modules are correlated 
against traits and module eigengenes are shown. Significantly enriched ontologies for 
genes that positively correlate (red) or negatively correlate (blue) with the eigengenes of 
the cluster. 
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Phosphorylation of the serine in STAT proteins has been found to be involved in and 

highly beneficial for the survival of neurons, particularly during prolonged activation415. 

The regulation of lipid synthesis, in conjunction with the steroid synthesis, suggests the 

lipids synthesized are sterol lipids, such as cholesterol. Cholesterol synthesis is high in 

developing neurons, particularly during the process of myelination, and is key part of a 

neuron’s cell membrane416,417. Since genes that negatively regulate the synthesis are 

reduced in groups A and D, this suggests that A and D have increased cholesterol 

synthesis. In addition, mature neurons gradually lose their ability to synthesize cholesterol, 

which may be reflected by the negative regulation seen in G, yet can be increased during 

stimulation418. However, reactive oxidation species due to sustained increases in 

oxidative phosphorylation can lead to increases in neuronal lipid synthesis419,420. While 

research determining if hyperlipidemia occurs in schizophrenia has been mixed421,422, 

schizophrenia has been associated with oxidative stress423. 

Cluster III, in opposition to cluster I, are generally negatively correlated with the 

three traits and lower expression of groups A and D. Positively correlated genes in cluster 

III resemble the negatively correlated genes of cluster I, with positive regulation of neuron 

projection development, neuron differentiation, and catabolic process, as well as negative 

regulation of cell cycle and the apoptotic signaling pathway. Similarly, ontologies of 

negatively correlated genes of cluster III overlapped with those of the positively correlated 

genes in cluster I. In addition, they also demonstrated positive regulation of establishment 

of protein localization to telomere, plus negative regulation of response to endoplasmic 

reticulum stress and proteolysis in catabolic process. Since endoplasmic reticulum stress 

is highly intertwined with oxidative stress, and is considered to be a key component of 
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schizophrenia, this suggests that there is no means of ameliorating likely ER-stress in A 

and D424.  

Cluster IV had substantially reduced eigengene values in group A, with mixed 

expression in the remaining three groups, thus these modules had a strong correlation 

with having MIA co-siblings. The genes in these modules were significantly enriched in 

ontologies for the positive regulation of synapse assembly and cell projection, and for the 

negative regulation of substrate adhesion-dependent cell spreading. Substrate-based 

adhesive methods are primarily used during neuroblast migration, suggesting perhaps 

that group A has a higher proportion of recently migrated cells, and would explain the 

reductions in synapse assembly425,426. Since damaged neurons can stimulate the 

migration of neuroblasts to replace them, it is possible that oxidative stress is causing 

group A to replace their damaged neurons. If this is the case, it is unclear why group D is 

not. 

Cluster V had variable expression among the four groups, but group E largely had 

the highest expression. There was only mild correlation to experimental conditions, and 

many of the enriched ontologies did not appear to be experimentally relevant.  

In a similar, yet distinct analysis, we wanted to understand the effect of MIA on the 

pups that are being fostered, so we compared groups B and C with group F (Fig. 4-4). 

Comparing B to F determines the effect of being fostered in a Mock host family on an 

MIA-born pup, while C to F reveals the effect of being fostered in an MIA host family on 

a Mock-born pup. 

Cluster I had mild correlation with being born to an immune-activated mother. 

Expression was largely similar across all groups, except for group B, which was lower  
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Figure 4-4 Effect of MIA on RNA, enhancer, and promoter expression of fostered pups 

Letters and colors denote the modules calculated using WGCNA. Modules are correlated 
against traits and module eigengenes are shown. Significantly enriched ontologies for 
genes that positively correlate (red) or negatively correlate (blue) with the eigengenes of 
the cluster. 
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than the rest. Genes that positively correlated with the eigengene values were enriched 

in ontologies for the positive regulation of cellular projection, protein ubiquitination, and 

neuron differentiation. Meanwhile, gene that negatively correlated (i.e. were highest in 

group B) were enriched in ontologies associated with cell proliferation in the forebrain and 

dopaminergic neuron differentiation, and positive regulation of Wnt signaling. Since Wnt 

signaling is involved in the differentiation into dopaminergic neurons, we believe that the 

dopaminergic neuron differentiation is also positively regulated427. Furthermore, this is of 

interest since increased dopaminergic neuron activity in the prefrontal cortex has been 

implicated in schizophrenia428,429.  

Cluster II had more substantial correlation with each of the traits, and groups B 

and C both had lower eigengene values than groups F and G. Genes that positively 

correlated with the eigengenes were enriched in ontologies that positively regulated 

neuron projection development, neuron differentiation, synapse assembly, and CREB 

transcription factor activity. The CREB transcription factor family is an important part of 

many aspects of neuronal health and function, from neuronal survival to neural plasticity 

to memory formation430,431. In addition, altered or deficient CREB function has been 

implicated in schizophrenia432. Genes that negatively correlated with the eigengenes (i.e. 

higher in B and C) were significantly enriched in ontologies for the positive regulation of 

protein dephosphorylation, response to ER stress, and mTOR signaling. As CREB is 

activated through phosphorylation, the positive regulation of protein dephosphorylation is 

consistent with the above431. In addition, over-activation of mTOR signaling has been 

suggested to play a part in schizophrenia, and mTOR inhibitors have been found to be 

beneficial in neurodevelopmental disorders433. There were also enriched ontologies in the 
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negative regulation of long-term synaptic potentiation and MAP kinase activity. Long-term 

synaptic potentiation has been found to be impaired in schizophrenia434, while, after 

inspecting the genes involved, it appears that ERK signaling is the primary affected MAPK 

pathway. ERK signaling has been found to be reduced in schizophrenia435 and a previous 

study has shown that clozapine, an effective anti-psychotic for the treatment of 

schizophrenia, does upregulate the ERK signaling pathway436.  

Cluster III is the antithesis of cluster II, with positive correlation with each of the 

traits and higher eigengene values in groups B and C than in F and G. Much like in Figure 

3, we see ontologies associated with oxidative stress enriched in genes with higher 

expression in groups B and C. Similarly, genes with increased expression in F and G 

were also enriched in ontologies seen previously, such as positive regulation of neuron 

differentiation, axonogenesis, and neuron migration. Again, we see that exposure to MIA 

in some form leads to increased oxidative stress, with reduced neural plasticity. 

Cluster IV had correlation with being fostered, though groups B and C did have 

different expression from group F. Genes that positively correlated with the eigengene 

values were enriched in ontologies for the positive regulation of neuron projection 

organization, neuron differentiation, and synapse assembly. There were also ontologies 

for the negative regulation of response to endoplasmic reticulum stress and neuron 

apoptotic process. While this is generally consistent with our other results, there has not 

yet been any association of group F with ER stress. In negatively correlated genes, there 

was positive regulation of cell cycle, as well as some conflicting ontologies, such as both 

negative and positive regulation of DNA metabolic process or telomere maintenance. We 

were able to ascertain that this is likely due to specific aspects of each being changed. 
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For example, in telomere maintenance there was positive regulation of telomere capping, 

yet negative regulation of telomere lengthening through telomerase. Although neuron 

precursor cells transition from telomerase to telomere capping as they become neurons437, 

it is not entirely clear what this means for the cells of group F. It is possible that group F 

cells are dividing more and as such have fewer fully differentiated cells, or the changes 

may be a malignant result of being fostered. 

Cluster V had some correlation with being born to a MIA mother, and eigengene 

values were highest in group B, and lowest in group F. Positively correlated genes were 

enriched in ontologies such as positive regulation of GABAergic synaptic transmission, 

JNK signaling cascade, neuron death, cell cycle, and transcription by RNA polymerase I. 

Upregulation of the JNK cascade upregulation, in conjunction with the neuron death 

ontology, points to its function as an inducer of programmed cell death in this case438. In 

contrast, there are also aspects of proliferation (cell cycle, RNA pol I) at the same time. 

However, it has been shown that excitotoxicity (i.e. from sustained activity, see cluster I) 

or hypoxia (e.g. from increased oxidative phosphorylation, see cluster III) can cause 

mature neurons to re-enter the cell cycle, though it is almost guaranteed to end in cell 

death439. This may also explain why there are enriched ontologies for the negative 

regulation of growth, locomotion, and protein phosphorylation, as there is not enough 

energy available. Furthermore, genes with increase expression in group B that were 

enriched in the JNK signaling cascade also included multiple immune genes which have 

been implicated in neuroinflammation440, and uncontrolled neuroinflammation is another 

component of schizophrenia441. Lastly, the inclusion of GABAergic signaling within this 

group of apoptotic cells could elaborate on previous evidence of deficient GABAergic 
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signaling in schizophrenia442. 

Cluster VI has very mild correlation with the traits, with group F having lower 

expression than the other three groups. Genes that positively correlated with these 

modules were enriched in ontologies that positively regulated protein catabolic process, 

neuron projection development, response to DNA damage stimulus, and translation. They 

were also enriched in ontologies that negatively regulated the cell cycle and organelle 

organization. These are generally healthy neural ontologies, and suggest that these 

genes are probably not experimentally relevant, but the widespread reduction in group F 

might warrant further investigation.  

In order to have a better understanding of how each group relates to one another, 

we wanted to look at the overall picture. To do so, we continued with analyzing each 

group against their respective control, but looked at differences across the six treatment 

groups. First, we performed gene set enrichment analysis of gene expression from groups 

A – F to determine significantly over- and under-expressed pathways (Fig. 4-5a). There 

were the most significant changes in groups A and D, with increases in many pathways 

that we have mentioned previously in this manuscript, such as oxidative phosphorylation, 

cholesterol homeostasis, mTORC1 signaling, and adipogenesis. Between A and D, group 

D had reduced G2M checkpoint, suggesting reductions in the cell cycle. It also had 

reductions in apoptosis and TNFα signaling, though increased allograft rejection. 

Although there were no grafts, there was an immune response and it might be worth 

further investigation as to the differences in the immune response between A and D. Many 

of the pathways in A and D were also upregulated in groups B and C, though group B 

and C did not have increased expression of DNA repair, Myc targets subgroup V2, and 
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Figure 4-5 Changes in pathways, transcription factors, and SNP susceptibility 

(a) Gene-set enrichment analysis of gene expression data of groups A-F, compared 
against their respective controls. Significant pathways are colored. (b) Significantly 
enriched (red) or deficient (blue) transcription factors. (c) Significance of overlap between 
differential enhancers and SNPs from GWAS datasets. Dashed line representative of 
significance cutoff (p < 0.05). 
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myogenesis. Myogenesis is the formation of skeletal muscle cells, so it is unclear why it 

is enriched in groups A and D, but may be related to motor neurons in the brain. 

Interestingly, both groups B and D did not have enrichment of TNFα signaling, and 

perhaps is an aspect of being born to an MIA mother. In addition, TNFα signaling has 

been found to not have a role in abnormal behavior as a result maternal immune 

activation443. Finally, groups E and F had far fewer changes than A-D, and the ones they 

had were under-expressed in E and F, except for oxidative phosphorylation. Altogether, 

we see that MIA has widespread changes in groups A to D, with even more changes in 

“hosting pups”. 

 Next, we scanned the enhancers of each groups to determine if there are enriched 

or deficient transcription factor motifs present in each experimental group (Fig. 4-5b). 

Here, we see the first major difference between groups A and D. Group D only had deficits 

in transcription factor motifs, while A had a mix. Transcription factors in group D were 

involved in several pathways including hippo signaling (FDR=3.1E-4), oxidative stress 

response (FDR=0.015), and noradrenergic neuron development (FDR=0.0085), SMAD 

protein complex assembly (FDR=0.023). Dysregulation of hippo444, the SMAD445, and 

noradrenergic446 signaling pathways have all been implicated in schizophrenia. Group A 

did not have significant enrichment of any of these pathways, and instead had pathways 

like axon guidance (FDR=0.0036), glucose metabolic process (FDR=0.034), and histone 

acetylation (FDR=0.012). Groups B and C had far more overlap and were deficient in 

transcription factors part of pathways such as somatic motor neuron differentiation 

(FDR=0.0056), norepinephrine biosynthetic process (FDR=0.016), and neuron migration 

(FDR=0.0096). Norepinephrine is part of the noradrenergic signaling pathway, while 
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motor neuron dysfunction has been found in schizophrenic patients447. Finally, groups E 

and F only had enriched transcription factors in comparison to group G, and only a couple 

of these were enriched in even one other group. 

 Finally, we analyzed differential enhancers for overlap with single nucleotide 

polymorphisms (SNPs) from a variety of genome-wide association study (GWAS) 

diseases sets to see if there any of the experimental conditions confer additional 

vulnerability (Fig. 4-5c). To do this, we analyzed if the enhancers overlapped with SNPs 

more than would be expected, and we included non-neurological disorders as well as 

non-psychiatric diseases of the central nervous system. We largely see significance (p < 

0.05, denoted by the dashed line) in disorders like ADHD, Autism, depression, with a 

significant spike in schizophrenia. Interestingly, it appears the significance is higher in the 

hosting pups than in the fostered pups. Furthermore, group D had increased significance 

in white matter changes in the brain, a core trait of schizophrenia448. 

 

 

4.4 Discussion 

While there is a clear role of epigenetics in the etiology of schizophrenia, the exact 

means or mechanism by which the epigenome confers these changes is not well 

understood. In addition, the heterogeneity of schizophrenia makes it difficult to study in 

humans, particularly due to the confounding effects of anti-psychotics, and so many 

researchers have turned to animal models. The link between maternal immune activation 

and resulting neurodevelopmental disorders is shared between rodents and humans, 

providing an ideal means of elucidating the means by which to study what brain functions 

are affected by fetal exposure to immune cytokines. In order to study the pre- and 



   Chapter 4 – Maternal Immune Activation 

100 
 

postnatal effects of maternal immune activation on the resulting offspring, we utilized a 

cross-fostering method such that a Mock mother would raise both Mock-born and MIA-

born pups, and a MIA mother would do the same. While Mock-born and Mock-raised 

would normally constitute a control in such studies, we included additional controls were 

no MIA pups were included. 

 We found that even being host to MIA siblings can have a significant effect on 

Mock-born, Mock-raised pups (group A). We see significant similarities between groups 

A and groups D, with increases of oxidative phosphorylation, ER stress, and cholesterol 

synthesis, all of which suggest a prolonged neuron stimulation, and decreases in 

processes that suggest reductions in neural plasticity and is consistent with previous 

studies of schizophrenia423,424,449. They even both had higher susceptibility to 

schizophrenia GWAS SNPs. Similarly, we also see that fostered pups, groups B and C, 

had significant overlap with one another, to the point that they were the only inseparable 

groups in a t-SNE distribution. Groups B and C also had increases in oxidative 

phosphorylation and reduction of neural plasticity. However, they also had increases in 

dopaminergic neurons and possible reduction of GABAergic neurons that was not readily 

seen in A and D, both of which are seen in schizophrenia428,429,442. Comparisons across 

the groups suggest the B and C had less significant oxidative phosphorylation than A and 

D, and also less impairments of the cell cycle. In our comparisons of Mock-only cross-

fostering, the fostered mice showed improved neural plasticity, suggesting that being 

fostered might ameliorate the condition (for group B) or induce milder symptoms (for 

group C). While maternal care has not been shown to be significantly different in cross-

fostering of non-MIA mice401,402, postnatal maternal interactions can still have a 
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substantial effect on the physiology of developing pups450,451. Although A and D were 

largely similar, they did have notable differences in their active transcription factors and 

in association with SNPs implicated in white brain matter changes. In both of these, D 

demonstrated further schizophrenic-specific changes. 

 There are several avenues for future research that would address the limits within 

this study. First, epigenomic and transcriptomic analysis of MIA-only cross-fostering (akin 

to groups E, F, and G in this study) would provide some insight on if just the act of cross-

fostering has an effect on the severity of changes in MIA mice. Secondly, as it clearly 

appears that mixing families has an effect on the hosting Mock pups (group A), there may 

need to be future changes to experimental structure to better study pre- and postnatal 

effects. Despite the use of cross-fostering as a method for pre/postnatal analysis, there 

has been little study of cross-fostering itself outside of animal husbandry, which has 

different goals in their research. Thus, the complex effects cross-fostering has on both 

the mother and pups is not well understood, so care must be taken to ensure each pup 

and each mother undergoes the same experience. For example, all mice should probably 

be fostered to a new mother, with no co-siblings from a different condition. This means 

MIA-born mice would be raised by a different MIA mother. As such, multiple litters must 

be included to avoid litter effects. Third, additional behavioral and physiological studies of 

mice that undergo the experimental conditions listed here to better understand this co-

fostering effect. This study was performed in adult mice, but would also benefit from a 

time course study from fetus to adult brain, including the epigenome and transcriptome, 

to really understand the etiology of these changes. Finally, it would be interesting to 
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investigate the mechanism by which Mock pups are affected by their foster MIA-born co-

siblings. 

Despite the unexpected effect of cross-fostering in this analysis, maternal immune 

activation has clear effects on the epigenome and transcriptome that could help elucidate 

how the brain is changed as a result. This study also provides potential target pathways 

for future study that could lead to potential therapies. In addition, it also provides valuable 

insight on how to improve such experiments, to even better understand the role of MIA. 

 

4.5 Methods 

Animal handling  

Pregnant CD-1 dams were purchased from Charles River Laboratory by our 

collaborator, Dr. Javier González-Maeso of Virginia Commonwealth University (VCU). 

The animal protocol was approved by the Institutional Animal Care and Use Committee 

(IACUC) of VCU. On day 9.5 of gestation, they exposed two female mice to the influenza 

virus intranasally. After the birth of the pups, half of the male pups were cross-fostered to 

a mother of opposite experimental condition (e.g. pups of control mother fostered by 

influenza-exposed mother) and weaned once appropriate. Ten week-old male pups were 

then sacrificed and their prefrontal cortices harvested and snap frozen. Tissues were 

shipped overnight to our lab and processed within an hour of arrival. A total of six mice 

per experimental condition was obtained, although there was removal of samples for 

quality control if there were less than 10,000 peaks. 

Nuclei isolation 
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Neuronal nuclei were isolated by placing 100 mg of frozen tissue in a 7 mL glass 

dounce tissue grinder. Lysis buffer consisting of 5 mL of NE buffer (0.32 M sucrose, 5 

mM CaCl2, 3 mM Mg(Ac)2, 0.1 mM EDTA, 10 mM Tris-HCL, and 0.1% Triton X-100 in 

Milli-Q water), 50 µL of PIC, 5 µL of 100 mM PMSF and 5 µL of 1 M DTT were added to 

the grinder and the grinder placed on ice until the tissue thawed. Once thawed, the tissue 

was dounced with pestle A 15 times and pestle B 25 times while maintaining the grinder 

on the ice. Homogenized tissue was filtered through a 40 µm cell strainer into a fresh tube 

on ice and centrifuged at 1,000 g for 10 minutes at 4 °C. The pellet was resuspended in 

500 µL of NE buffer plus 5 µL of PIC, 0.5 µL of 100 mM PMSF, and 0.5 µL of 1 M DTT 

were added and placed on ice. Next, 750 µL of 50% (wt/vol) iodixanol (4 mL 60% iodixanol, 

0.8 mL Milli-Q water containing 150 mM KCL, 30 mM MgCl2, and 120 mM Tris-HCL [pH 

8]), 7.5 µL of PIC, 0.75 µL of 100 mM PMSF, and 0.75 µL of 1 M DTT were added to the 

tube and the mixture was centrifuged at 10,000 g for 20 minutes at 4 °C. The supernatant 

was removed and 500 µL 2% (wt/vol) NGS/dPBS, 5 µL PIC, 0.5 µL of 100 mM PMSF, 

and 0.5 µL of 1 M DTT was added to the tube before incubating for 10 minutes on ice. 8 

µL of nuclei suspension was set aside and diluted to 50 µL with 2% NGS/dPBS to be 

used as an unstained control. 4 ng of anti-NeuN Alexa 488 conjugated antibody (Millipore, 

MAB377X) was added to the remaining nuclei suspension and mix at 24 rpm for one hour 

at 4 °C in the dark. Samples were kept on ice in the dark until they could be sorted by 

flow cytometry into NeuN-positive (neurons) and NeuN-negative (glial). 

MNase digestion of chromatin 

10 µL of sorted neural nuclei suspension was combined with 0.1 µL PIC and 0.1 

µL PMSF before adding 10 µL of 2x lysis buffer (4% [vol/vol] Triton X-100, 100 mM Tris-
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HCL [pH 8], 100 mM NaCl, and 30 mM MgCl2 in Milli-Q) and incubating at room 

temperature for ten minutes. We then added 1 µL of 100 mM CaCl2 and 2 µL of 10 U/µL 

MNase (Thermo Fisher) freshly diluted in PBS before incubating for another ten minutes. 

MNase digestion was arrested by adding 2.2 µL of 0.5 M EDTA and the sample placed 

on ice for 10 minutes. After incubation, the sample was centrifuged at 16,100 g for ten 

minutes at 4 °C and the supernatant (~22 µL) removed to a fresh tube. 2 µL of the sample 

was kept as an input control and the remaining 20 µL was diluted to 50 µL with 1x lysis 

buffer and kept on ice before MOWChIP.  

Fabrication of MOWChIP devices 

PDMS devices are fabricated by multi-layer soft lithography and use a master as 

the mold. Masters are fabricated using photolithography. The device layout is designed 

using LayoutEditor (juspertor GmbH) and printed on 10k dpi transparencies (Fineline 

Imaging) to generate the photomasks. A photomask was generated for each of the two 

layers, fluidic and control layers. Next, the photoresist SU-8 2025 (MicroChem) is spun 

onto a 3-inch diameter silicon wafer (University Wafers). For the fluidic master, it was 

spun at 500 rpm for 10 seconds then at 2500 rpm for 30 seconds. For the control master, 

it was spun at 500 rpm for 10 seconds then at 1500 rpm for 30 seconds. The coated wafer 

was then baked at 95 °C for 8 minutes. The wafer was then covered with the appropriate 

photomask and exposed to UV light (575 mW) for 17 seconds followed by another 95 °C 

bake for 8 minutes. The wafer was then placed in SU-8 developer and developed for 3-5 

minutes. After developing, the wafer was washed with isopropranol and dried with 

pressurize air. SU-8 bonding was strengthened by baking the wafer one last time at 

150 °C for 15 minutes. 
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Once the master was prepared, the device was fabricated with 

polydimethylsiloxane (PDMS) polymer (Momentive, RTV 615). For the fluidic layer, 5 

parts of reagent A and one part of reagent B (~36 g total) were thoroughly mixed and 

poured into a petri dish containing the fluidic master. For the control layer, 20 parts of 

reagent A and one part of reagent B (~5.25 g total) were thoroughly mixed in a weigh 

boat. Both PDMS mixtures were then degassed for one hour to remove air bubbles. Once 

degassed, the PDMS for the control layer was spun onto the control master at 500 rpm 

for 10 seconds followed by 1100 rpm for 30 seconds. Both PDMS covered devices were 

baked for ~12 minutes at 80 °C to partially cure the PDMS. Once cooled, the fluidic layer 

was cut and peeled. Then, it was aligned onto the control layer and baked for an additional 

two hours. After the bake, the PDMS device was removed from the wafer, inlet holes 

punched with a 2-mm hole puncher and cut into multi-unit slabs. Each slab was bonded 

to a cleaned glass slide and baked for an additional hour to strengthen the bond. 

MOWChIP-seq 

Protein A-coated Dynabeads (Life Technologies) were washed twice with IP buffer 

(20 mM Tris-HCl [pH 8], 140 mM NaCl, 1 mM EDTA, 0.5 mM EGTA, 0.1% (w/v) sodium 

doxycholate, 0.1% SDS, 1% (v/v) Triton-100X in Milli-Q water) before being resuspended 

in 150 µL of IP buffer and 0.5 µg of either H3K4me3 (Abcam, ab8580) or H3K27ac (Active 

Motif, 39133) antibody. The bead solution was then rotated at 4 °C for 2 hours. After 

incubation, beads were washed three times, resuspended in 5 µL of IP, and placed on 

ice until use. 

For the operation of the MOWChIP device, the on-device valve was actuated by a 

solenoid valve in conjunction with a compressed air outlet. The solenoid valve was 
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manipulated with a data acquisition card and through the LabVIEW (National Instruments) 

program. First, the on chip sieve valve is filled with water (30 psi). Once all the air has 

been expelled, the valve is opened and IP buffer is flowed through the inlet at a flow rate 

of 200 µL/min by use of a syringe pump connected to PFA tubing. The flow rate was 

decreased to 1 µL/min, the sieve valve closed, and IP buffer flowed for an additional 2 

minutes before the flow was stopped and the tubing removed. The antibody-coated beads 

were loaded into the inlet by pipette and guided into the main chamber with a magnet. 

Next, the chromatin sample was flowed through at 1.5 µL/minute and the magnet was 

used to form the beads into a packed bed after five minutes of flow. After the chromatin 

was finished, IP buffer was flowed for 5 minutes at 1.5 µL/minute. Oscillatory washing 

was then performed with 50 µL of Low Salt washing buffer (20 mM Tris-HCl [pH 8], 150 

mM NaCl, 2 mM EDTA, 0.1% SDS, 1% (v/v) Triton-100X in Milli-Q water) for five minutes 

at ~0.65 psi (valve open). Another five-minute oscillatory wash was performed with High 

Salt washing buffer (20 mM Tris-HCl [pH 8], 500 mM NaCl, 2 mM EDTA, 0.1% SDS, 1% 

(v/v) Triton-100X in Milli-Q water). The sieve valve was closed and IP buffer flowed for an 

additional 2 minutes. Finally, the sieve valve was opened and the beads were flowed out 

at 200 µL/min with IP buffer. 

ChIP DNA Isolation 

Tubes containing IP beads were placed on a magnet and the supernatant removed. 

100 µL of elution buffer (10 mM Tris-HCl [pH 8], 50 mM NaCl, 10mM EDTA, 0.03% SDS 

in Milli-Q water) was added to the tube, followed by 4 µL of 20 mg/mL proteinase K. For 

the input sample, 90 µL of elution buffer and 4 µL of proteinase K were added. Samples 

were then incubated at 65 °C for 8 hours. Once completed, the samples were vortexed 
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and briefly centrifuged. 100 µL of phenol-chloroform was added into each tube and 

vortexed for one minute, then centrifuged at 16,000 g for 10 minutes. The upper aqueous 

phase was carefully removed to a fresh tube. Next, an ethanol precipitation of the DNA 

was performed by adding 480 µL of 100% ethanol, 60 µL of 5 M ammonium acetate, and 

6 µL of glycogen. The mixture was vortexed briefly and placed at -80 °C for two hours. 

Then, the samples were centrifuged at 16,100 g for 10 minutes at 4 °C and the 

supernatant removed. 500 µL of cold 70% ethanol was added and the samples were 

centrifuged for an additional five minutes. The supernatant was discarded and the DNA 

pellets were air dried for 10 minutes before resuspension in 12 µL of low EDTA TE buffer 

(Swift Biosciences). 

Determining Sample Enrichment 

For each sample and sample input, 2 µL of DNA was diluted to 20 µL with low 

EDTA TE buffer. A 20 µL qPCR reaction was assembled using 10 µL of SYBR Green 

Master Mix (BioRad), 1.4 µL of combined forward and reverse primers, and 8.6 µL of DNA 

in a 96-well plate. Each histone mark was tested with one positive and one negative 

primer (Table 4-1): 

Table 4-1 Mouse H3K4me3 and H3K27ac Primers 

Histone Mark Name Type F/R Primer 

H3K4me3 
Gapdh-2 Positive F+R Active motif cat. #71018 

Negative 1 Negative F+R Active motif cat. #71011 

     

H3K27ac 
Zranb3 Positive 

F GAA TGT ACC AGC GTC TCT TCT C 
R TTT CTC TTT GGC AGC CTC TC 

N3 Negative 
F GCC CAT AAA GAA GGA GCT AGA G 
R GCA GCT AGA GAC AAG AGT TCT G 
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The qPCR was then performed by first denaturing the DNA for 2 minutes at 95 °C followed 

by 45 cycles of 95 °C for 15 seconds, 58 °C for 20 seconds, and 72 °C for 20 seconds. 

Once the qPCR was completed, the enrichment was determined by the following equation: 

ὉὲὶὭὧὬάὩὲὸ 
ὖὩὶὧὩὲὸ Ὥὲὴόὸ έὪ ὴέίὭὸὭὺὩ ὰέὧόί

ὖὩὶὧὩὲὸ Ὥὲὴόὸ έὪ ὲὩὫὥὸὭὺὩ ὰέὧόί
 

where the positive and negative percent inputs are calculated by: 

ὖὩὶὧὩὲὸ Ὅὲὴόὸς
  

 
  

ρππϷ 

The Ct values of the input and ChIP were taken from the qPCR results and the dilution 

factor is defined as follows: 

ὈὭὰόὸὭέὲ Ὂὥὧὸέὶ 
ὛὥάὴὰὩ ὺέὰȢέὪ Ὥὲὴόὸ ὈὔὃὛὥάὴὰὩ ὺέὰȢέὪ ὅὬὍὖ Ὀὔὃ

ὛὥάὴὰὩ ὺέὰȢέὪ Ὥὲὴόὸ Ὀὔὃ
 

ChIP-seq Library Preparation 

Library preparation was performed using the Accel-NGS 2S Plus DNA Library Kit 

protocol (Swift Biosciences) with minor modifications as described below. For each library, 

8 µL of sample was used. For all steps, we used options that pertained to samples with 

less than 10 ng of genomic DNA. At the end of the Ligation II clean-up, beads were 

resuspended in 22 µL of low EDTA TE buffer. Then, 20 µL of the ChIP sample was used 

in the PCR-Library Amplification step, along with 2.5 µL of 20X EvaGreen dye (Biotium) 

to monitor the amplification. Amplification was stopped when the fluorescent intensity of 

a sample had increased by 3000 RFU over its baseline (typically ~13-14 cycles). After 

the library bead clean-up, samples were resuspended in 10 µL of low EDTA TE buffer 

and the library enrichment was determined. 

RNA-seq Sample Preparation 
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RNA was extracted from nuclei with the RNeasy Mini Kit (Qiagen). It was 

performed as per manufacturer’s instructions with the inclusion of the optional 

deoxyribonuclease treatment to remove DNA contamination. Complementary DNA was 

synthesized using ~1 ng of isolated RNA with the SMART-Seq v4 Ultra Low Input RNA 

Kit (Clontech), with 14 cycles of amplification. The purified cDNA was then used in the 

library preparation using the Nextera XT DNA Library Prep Kit (Illumina) according to 

manufacturer’s instructions.  

Data Sequencing 

Libraries were quantified using a KAPA Library Quantification kit (KAPA 

Biosystems) and fragment sizes were verified using the High Sensitivity DNA Analysis kit 

on a TapeStation (Agilent). Libraries were pooled to a final concentration of 10 nM and 

sequenced with an Illumina HiSeq 4000 using single-end 50 bp reads.  

Data Quality Control 

Replicates that had fewer than 10,000 called peaks were removed from further 

analysis. After quality control, technical replicates were combined such that each replicate 

represent one histone mark of one biological sample. Any combined replicates with fewer 

than 10,000 called peaks were also removed. There were a total of 6 biological samples 

for each mark in each group, except for group A. This was due to three of the mice having 

poor correlation with the remaining samples. Due to the high intragroup correlation seen 

among all of the groups, these three mice were temporarily removed until we can raise 

and analyze more group A mice.  

Data Processing 
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Unless otherwise mentioned, all data analysis was performed with Bash scripts or 

with R (The R Foundation) scripts in RStudio. Sequencing reads were trimmed using 

default settings by Trim Galore! (Babraham Institute).  Trimmed reads were aligned to the 

mm9 genome with Bowtie80. Peaks were called using MACS2 (q < 0.05)81. Blacklisted 

regions in mm9 as defined by ENCODE were removed to improve data quality82. Mapped 

reads from ChIP and input samples were extended by 100bp on either side (250bp total) 

and a normalized signal was calculated.  

ὔέὶάὥὰὭᾀὩὨ ὛὭὫὲὥὰ
ὅὬὍὖ ὛὭὫὲὥὰ

ὔέȢέὪ ὅὬὍὖ ὙὩὥὨί

Ὅὲὴόὸ ὛὭὫὲὥὰ

ὔέȢέὪ Ὅὲὴόὸ ὙὩὥὨί
ρπ 

For Pearson’s correlation, the signal was calculated over the promoter region (TSS +/- 2 

kb) and plotted with the corr and levelplot functions. RNA-seq data was quantified using 

Salmon41 against the mm10 transcriptome using a full decoy and normalized counts were 

calculated with DESeq2314. For visualization in IGV (Broad Institute), the signal was 

calculated in 100 bp windows over the entire genome and output as a bigWig file.  

ChIP-seq Analysis 

To call enhancers, we considered H3K27achigh regions that did not intersect with 

promoter regions to be enhancer regions. First, consensus H3K27ac peak sets were 

generated for each of the experimental conditions and the peak widths were set to 1000 

bp long (summit +/-500 bp). Any of the H3K27ac 1kb regions that intersected with a 

promoter region (TSS +/- 2000 bp) was removed completely. Remaining regions were 

considered to be putative enhancers. Expression of the putative enhancers was 

correlated (Spearman) to RNA-seq gene expression values within the same topological 

domain with the highest correlation. Enhancer-gene linkages were only retained if the 
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Spearman correlation coefficient (SCC) > 0.25 and if the correlation was considered 

significant if both empirical and quantitative p-values were less than 0.05. The empirical 

p-value was calculated as the fraction of genes on the same chromosome that had a 

higher correlation with the enhancer than the currently linked gene. The quantitative p-

value was calculated by treating the using the distribution of all SCC values calculated 

between the enhancer and all other genes on the same chromosome to calculate a 

significance. DiffBind83,84 was used for normalization of enhancer and promoter signals, 

as well as to determine differentially expressed enhancers (FDR < 0.05) for the GWAS 

SNP analysis (see below). Motif analysis was performed to determine enriched and 

deficient transcription factor binding motifs among the enhancer regions with HOMER87 

(with options –size 1000 –mask –p 16 –nomotif) by alternatively setting the control set 

and the treatment set of enhancers as the background. Transcription factors were 

analyzed with Panther’s88 Overrepresentation Test (20210224 release) for biological 

process gene ontologies (20210201 release) against all mouse genes. Fisher’s Exact test 

was used with False Discovery Rate.    

RNA Analysis 

RNA-seq data was quantified using Salmon41 against the mm10 transcriptome using 

a full decoy and normalized counts were calculated with DESeq2314. Gene-set enrichment 

analysis was performed with GSEA315,316 using the Hallmark gene set and gene-set level 

permutation. Gene sets were considered significant if the FDR < 0.05.  

Weighted Gene Correlation Network Analysis (WGCNA) 

For each of the three analyses (EFG, ADEG, and BCFG), RNA-seq data, enhancer 

signal, and promoter signal was clustered separately using the WGCNA package in R452. 
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Unsigned networks were generated using signed topological overlap matrices, 

bicorrelation, and a soft-thresholding power that was calculated to be appropriate for each 

individual network. Each of the modules were clustered based off of group eigengene 

value using hierarchical clustering. Then, the genes from each cluster were separated 

into positive and negative correlating sets and analyzed for gene ontologies with 

clusterProfiler. 

Association of Enhancers to SNPs 

Differential enhancer locations were converted from mm10 to hg19 through 

UCSC’s liftOver tool (minMatch=0.1). GWAS datasets were obtained from NHGRI-EBI’s 

GWAS Catalog (https://www.ebi.ac.uk/gwas/home) and any SNPs that did not have a 

reference SNP ID were removed. In addition, SNPs that were not present in the 1000 

Genome Project Phase 3 European population were removed. For n SNPs present in a 

given GWAS set, n SNPs would be randomly selected from all possible SNPs while 

maintaining the same SNP location distribution (e.g. 5 on chromosome 1, 2 on 

chromosome 2, etc.). This was performed 5,000 times, and the number of overlaps 

between the dummy SNP set and differential enhancers was calculated. This distribution 

was used to calculate the significance of the overlap between the differential enhancers 

and the real GWAS SNP sets. 
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5 Summary and Outlook 

With the advancements in sequencing technology over the past two decades, we 

are capable of obtaining greater insights to the etiology of the diseases and illnesses that 

affect us. In this dissertation, I have analyzed the epigenomic and transcriptomic changes 

that occur due to insult or genetic mutation, and how these changes may explain the 

means by which disease or illness occur. This includes how mutation of the BRCA1 gene 

facilitates breast cancer, how chronic low levels of lipopolysaccharide cause low-grade 

inflammation and how that differs from acute inflammation, and how activation of the 

maternal immune system during pregnancy can predispose mental illness in the offspring. 

More studies are still necessary, not only for other diseases, but for the ones I have 

examined here. 

Many environmental and genetic factors can lead to breast cancer, including many 

genetic mutations other than BRCA1. However, BRCA1 is one of the most significant 

genes for breast cancer, and much is yet to be learned as to how it predisposes breast 

cancer. To fully map the epigenomic and transcriptomic trajectory of healthy breast tissue 

from BRCA1 mutant women to cancerous, would require samples taken from the same 

women over years. Furthermore, such studies would be most benefitted by taking into 

account variables such as pre/post-menopausal, parous or nulliparous, age, and resulting 

tumor type (if any). Yet, more timely and feasible studies are preferable. Instead, the 

physiology of the mutant basal cells can be inspected for similarities to non-carrier luminal 

progenitors, particularly in combination with transcriptomic analysis, to better understand 

if the subpopulation of the basal compartment is transitioning to LP cells. It is possible to 
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separate this subpopulation from the remainder of the basal cell compartment, which 

would provide more precise results. 

 Chronic inflammation is a widespread problem, particular for those that follow a 

Western lifestyle. Despite elucidating some of the mechanisms that are different between 

low-grade and acute inflammation, they are but one small piece of the puzzle. The 

immune system is vast, with many interacting cell types and competing signaling 

pathways. Asides from performing similar studies on other immune cell types, further 

study of inflammation in BMDMs is warranted. Such studies might include both time scale 

studies and LPS gradient studies, to determine if changes due to varied LPS dosage 

occur on a continuous or discrete scale. However, utilizing additional knockout or 

conditional knockout mice to further elucidate the mechanistic differences between low-

grade and acute inflammation may lead to more rapid and substantive results. Conditional 

knock-out mice, in particular, are useful for understanding the in vivo role of a specific 

gene in a certain cell or tissue, while leaving the remainder of the body unaltered. This 

allows for deletion of otherwise critical genes, as well as genes that could cause 

confounding effects on the cells or tissues targeted for research. 

 Lastly, activation of the maternal immune system during pregnancy can happen to 

any woman. With the recent COVID-19 pandemic, this may have a more widespread 

impact in the years to come. To better understand the effect of maternal immune 

activation, there are multiple studies that can be performed such as time course studies 

in which the mice offspring are analyzed at different ages, including prenatally. Beyond 

traditional genomic and epigenomic analysis, as in situ sequencing technologies advance, 

analysis of how MIA affects histone modifications and gene expression across the various 
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regions of the brain could provide insight for potential therapies. In the study of MIA in 

mice, we also discovered some unexpected changes due to cross-fostering that could be 

further studied to better understand the post-natal effects on MIA.  

If we focused a future study on the postnatal and cross-fostering aspects of MIA, 

several more experimental groups would be necessary. Groups A’-D’ would mimic A-D, 

though have no co-siblings, and groups A’ and D’ will be reared by a different Mock and 

MIA mother, respectively. Groups E’-G’ would undergo the same conditions as E-G, but 

using only MIA mice, leading to a total of 7 experimental groups. These cross-fostering 

experiments would have to occur 3 times, with each experiment on the prefrontal cortex 

occurring when the pups reach 10 weeks of age. One batch will be used for behavioral 

testing, utilizing tests such as, but not limited to, head twitch behavior, locomotor ability, 

and working memory to track schizophrenic behaviors in the experimental groups. The 

brains of the second group would undergo diffusion tensor imaging to measure white and 

gray matter volumes and neurochemical analysis to measure neurotransmitter (dopamine, 

serotonin, etc.) levels and their metabolites. The third batch would be utilized for 

epigenomic and transcriptomic profiling. While including additional epigenomic marks is 

ideal, particularly the gene repressors H3K27me3 and DNA methylation, it is difficult to 

determine if there would be enough of a return of investment to warrant the additional 

time and cost.  

First, we hypothesize that exposure to MIA mothers leads to neural changes in the 

exposed offspring. If this hypothesis is fully true, we will see that groups A’ and C’ are 

distinct groups. Previously acquired experimental data from group C could also be used 

to determine if exposure to both an MIA mother and MIA-born pups is more substantial 
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than MIA mother alone. Next, we hypothesize that these effects are propagated through 

changes in the gut microbiota. The gut microbiome of each of the mice from Groups A’-

D’ should be profiled, as well as those of the mothers immediately post-weaning. We 

would expect changes in the microbiota of both pups and mothers in groups B’ and C’. 

Finally, we hypothesize that cross-fostering is protective, regardless of rearing mother. 

By analyzing groups E’ – G’, we would expect to see reduced changes in both E’ and F’, 

with F’ having more substantial reductions. 

 Altogether, current sequencing technologies provide us with vast opportunities to 

unravel the mysteries surrounding the diseases and illnesses that can afflict us. Despite 

the advancements of sequencing technologies, sometimes obtaining sufficient clinical 

samples necessary for study presents the greatest challenge. As such, leveraging 

microfluidics in conjunction with bioinformatics techniques allows us unprecedented 

insight into the mechanisms of disease onset, particularly in studies previously considered 

to be out-of-reach due to low cell numbers available for study. 
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