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Abstract
The understanding of the heterogeneity of macrophages states and their tissue resident immune
function has long been incomplete, yet, pertinent for therapeutic targets in a variety of immune
mediated diseases. In vivo, tissue resident macrophages are known to have definitive changes
when exposed to a broad range of stimuli whose integration eventually determines a continuum
of distinct transcriptional and functional outputs.1 These outputs were not studied for many
years because systems immunology research had focused on monitoring global molecular
profiles of cells and tissues in response to perturbations or in the context of disease. Only now do
the tools exist to evaluate changes on both an individual cell and system-wide scale. 2 The
discovery of genes that mark a particular immune cell population by single cell RNA sequencing
(scRNA-seq) can generate new opportunities for therapeutic targeting and manipulation of a
particular cell type.2 The emergence of single cell RNA-seq has enabled de novo discovery of
immune cell types and states, and the development of new mechanistic hypotheses. 3,4
Here, we investigate changes in macrophage states as a result of chronic disease and in response
to treatment. Investigating these response states enables us to test the hypothesis that there are
unique expression profile characteristics in macrophages related specifically to disease state.
This multiphase project is unique in that we are analyzing macrophages in different immunemediated diseases. This work focuses on characterizing macrophage states in chronic hepatitis C
virus (HCV) infection and how this characterization relates to other systems of chronic disease,
ii
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in this case, melanoma. The main result of this work demonstrates quantitative and differential
expression changes between the transcription profiles of patients with chronic Hepatitis C Virus
(HCV) infection, before and after treatment; the changes in macrophages during HCV disease
have been illustrated. By extracting, sorting and sequencing, filtering, aligning, quantifying, and
clustering the single cell transcriptome data, we can gain insight about macrophage activity in
chronically infected HCV patients and more.
Using computational analysis and technology, the regulation of macrophage states in disease can
expand and provide more targeted pharmaceutical treatments.
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1.

Chapter 1: Background

1.1.

Background

Macrophages are critical participants in chronic infection, disease response,
inflammation, wound healing, and more. As such, investigating macrophage diversity in chronic
infection can give rise to insights about many disease. By definition, macrophages are diverse
myeloid immune cells that are strategically positioned throughout the body tissues and have a
role in a wide variety of immune mediated diseases. Macrophages ingest and degrade dead cells,
debris, and foreign material and orchestrate inflammatory processes. Macrophages are mainly
derived from two sources: tissue resident macrophages that have migrated to each tissue type
during fetal yolk sac development or monocytes that become macrophages in response to certain
immunogenic cues. 37,43 Of the two main origins of macrophages, most tissue-resident
macrophages are established prenatally and maintained through adulthood by longevity and selfrenewal. Their generation and maintenance are thus independent from ongoing hematopoiesis,
although the cells can be complemented by adult monocyte-derived macrophages. Aside from
being immune sentinels, tissue macrophages form integral components of their host tissue. 1
Macrophages are most notably known for doing the brunt of the phagocytic activity in the
cell.40,37,43,35 Additionally, mmacrophages are critical participants in the wound-healing process
and provide a useful therapeutic target for wound-healing disorders. Indeed, dysfunctional
macrophages are key features of delayed wound healing in aging and diabetes, or excessive
wound healing in fibrosis.58 In this work, we will investigate macrophage diversity in human
patients in response to Hepatitis C virus before and after treatment and if the diversity has any
relationships to other immune mediated diseases, such as melanoma.

1

Years ago, it was established that macrophages occupy two distinct, mutually exclusive
states called M1 and M2. These states are known as macrophage polarization and were thought
to have identifying characteristics related to each state. M2 has been previously thought to be
associated with anti-inflammatory responses, homeostasis and other similar processes.40,37,43,35
M1 had been associated with being more responsible for pro-inflammatory response. However,
more recent studies are beginning to elucidate many more roles of macrophages and their
polarization states that do not necessarily fall in these two categories. The old paradigm has been
challenged as being too simple or possibly outdated and does not include the extensive spectrum
of cues that are unfolding as a result of more sophisticated technology. Previous studies, as
indicated in fig 1a, show the M2 activation state involves heterogeneous and functionally distinct
macrophages.35 In figure 1a, we begin to see a glimpse of a slightly more current picture of many
macrophage polarization states, though this diagram is not updated with new cues from
sequencing analysis from tumor associated macrophages and more. There is increasing evidence
that macrophages are long‐lived and plastic, and can change their phenotype depending on
external stimuli. Therefore, it may be possible to skew their function within the aberrant wound
for improved outcomes.58
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Figure 1: Overview of the macrophage activation states35
Here is a visualization some canonical markers of macrophage states in response to different cues.

The diagram represents the most prevalent examples of the M2 activation and lists the markers
associated with the distinct activation phenotypes. The upstream signals are labeled in dotted
frames35.
In macrophage transcription profiles, both M1 and M2 associated genes have been shown to be
more frequently expressed in the same cells and positively correlated with one another along the
same activation trajectory. These published results challenge not only the customary model of
macrophage polarization wherein M1 and M2 activation states exist as mutually exclusive

3

discrete states but also a refined model wherein macrophages reside along a spectrum between
the 2 states.
In fact, published data goes further than models that admit for the co-existence of M1 and M2
states; it has been demonstrated that there is a positive correlation between the 2.13 While there
might be evidence to suggest that macrophage heterogeneity is more expansive than previously
considered, the significance of the findings are most impactful for therapeutic targets for a
variety of immune mediated diseases.
On such example of new understandings of macrophage polarization states is in the tumorassociated macrophages in cancer. It has been demonstrated that macrophage activity can be
altered by the tumor microenvironment.30 It has been shown that tumor-associated macrophages
(TAMs) actively promote all aspects of tumor initiation, growth, and development. Tumor cells
with high glycolytic activity induce acidic microenvironments.14 The acid microenvironments
serve as signals to macrophages, shifting their activity from tumor reducing to tumor promoting.
This is just one system where understanding details about how this shift occurs, enables cancer
treatments to target the change. And since the more current picture shows an array of
macrophage roles in response to signals in the environment, many are beginning to build a new
more comprehensive map of the different roles seen in macrophage states30,38. This result can be
extended to other systems of chronic inflammation. Because macrophages are involved in a
variety of other diseases and modify their phenotype depending on external stimuli. More
specifically, macrophages are key, heterogeneous, dynamic players in HCV disease progression,
resolution, fibrosis in late-stage infection, and wound healing. Our hypothesis is that
macrophages have characteristic expression profiles relative to the disease environment in HCV
with possible extensions into other immune-mediated illnesses.
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In order to evaluate our hypothesis, we first must take a closer look at HCV infection and the
emerging treatment options.
Hepatitis C is a viral infection of the liver that affects millions of people worldwide. It is often a
chronic infection in patients that can result in severe liver damage, liver cancer, or death. HCV is
a small, enveloped, single-stranded, positive-sense RNA virus.55 It is mainly spread through
infected blood. The details of HCV infection of the liver is illustrated in figure 1. As previously
mentioned, many cell types are involved in disease progression, though macrophages are
particularly important for liver fibrosis and cirrhosis.2 Chronic viral hepatitis induced by the
either Hepatitis B and Hepatitis C virus affects almost 500 million people worldwide and leads to
progressive liver fibrosis, decompensated cirrhosis, and hepatocellular carcinoma. Due to ethical
constraints, studies of liver residing leukocytes are seldom performed in patients, although these
cells are essential in determining the outcome of the infection. 5

Detailed knowledge of intrahepatic immune responses are crucial for a better understanding of
the processes underlying immunopathology. Since innate immune cells also have a large
presence in the liver. The majority of immune cells in the liver are myeloid derived cells. The
resident macrophage Kupffer cell is the most highly represented immune cell, comprising nearly
one-third of non-parenchymal cells in the liver.15 Kupffer cells are abundantly present in the liver
sinusoids, are crucial players in maintaining tissue homeostasis, and form together with
sinusoidal endothelial cells the first barrier for pathogens to enter the liver. KCs can respond to
danger signals using a variety of pathogen recognition receptors, such as Toll like, scavenger and
antibody-receptors and, depending on the local environment, initiate an inflammatory response,
or induce tolerogenic T-cell responses.5
5

Macrophages play a key role in the homeostatic functions of the liver as well as in disease states
and are among the most widely studied immune cells in the liver. 15 Macrophages derived from
circulating monocytes have been identified as a motile population of myeloid cells infiltrating
the liver during inflammation and at varying levels during homeostasis. 15
While we know that monocytes and macrophages comprise a variety of subsets with diverse
functions, it is thought that these cells play a crucial role in homeostasis of peripheral organs, key
immunological processes and development of various diseases.15
The prevalence and severity of many chronic liver diseases increases with age, including
alcoholic hepatitis, non-alcoholic steatohepatitis, cirrhosis, and hepatocellular carcinoma. Among
these diseases, fibrosis is a life-threatening disease of unknown etiology and its pathogenesis is
poorly understood, and there are few effective therapies. Fibrosis, or excessive wound-healing, is
the result of long-term chronic inflammatory infection. Yet, the mechanisms underlying changes
in the liver structure and cellular function, including hepatocytes and resident immune cell
populations, are not well understood.15
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Figure 2: Hepatitis C and Direct Acting Antiviral Treatments8,51
An overview of hepatitis C infection mechanism and targets for DAA treatment.

It is known that the development of fibrosis is associated with activation of monocytes and
macrophages as shown in figure 2. However, the specific subtypes of monocytes and
macrophages that are involved in fibrosis have not yet been identified.40

Additionally, while both activating factors and downstream effectors of wound‐healing
macrophages are well‐defined, challenges to macrophage‐specific wound‐healing strategies
remain. These include the extensive spectrum and heterogeneity of the macrophage subsets, and
the lack of understanding of the individual cues that can control this heterogeneity.
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Figure 3: Monocytes and Macrophages in Wound Healing56
Monocytes and macrophages involved in wound healing.

New technologies targeting individual macrophage lineages and macrophage‐derived molecules,
as well phenotyping these subsets at the single‐cell level, provide the promising prospect that
identification of an optimal wound‐healing macrophage program of therapeutic potential will
soon be possible.58 While this thesis focuses on HCV patients before the development of fibrosis,
8

we are hoping to shed more light on macrophage heterogeneity in disease and investigate any
correlates with wound-healing factors that could link to other illness using a bevy of more novel
technologies.

Some of the novel technological advancements include RNA sequencing methods, expanded use
of flow-cytometry, gene alignment, quantification methods and algorithms.

9

1.2 Schematic Figures

Until more recently, HCV treatment mainly focused on eliciting an immune response to the
virus. The treatments did not engage the virus directly. This treatment was effective on some but
not all HCV patients. Presently, newer, more effective classes of drugs have been developed to
act on the virus itself. These drugs are called, direct acting anti-viral (DAA) drugs, target
different structural attributes of the virus. Direct-acting antiviral agents targeting the viral
NS3/4A protease, NS5B polymerase and NS5A protein have been developed.8

Combinations of antiviral agents with different mechanism of action lead to high rates of
sustained viral response without the need for interferon. 8 Classes of direct-acting antiviral agents
have different antiviral attributes such as barrier to resistance and genotypic coverage, and
different clinical attributes such as adverse effects, dosing, and drug–drug interactions. 8
Patients treated with the drugs usually resolve infection with a few weeks. For this work, we are
able to capitalize on this short term human system and isolate macrophages directly from the
liver of human HCV patients. Once the samples have been isolated from patients before and after
treatment, we harness technology, like fine needle aspiration biopsies and Smart-seq-2, to isolate,
amplify, analyze, and visualizes expression profiles and markers from these cells.
Smart-seq2 is preferable when transcriptome annotation, identification of sequence variants, or
the quantification of different splice forms is of interest. Furthermore, the presence of batch
effects shows that experiments need to be designed in a way that does not confound batches with
biological factors. 52
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The most important, unifying aspect in the quantum unit of analysis for the new technologies is
the cell and, at present, the tools exist to evaluate changes on both an individual cell and systemwide scale.
Discovery of genes that mark a particular immune cell population by scRNA-seq can generate
new opportunities for therapeutic targeting and manipulation of a particular cell type. 6
For many years, systems immunology research has focused on monitoring global molecular
profiles of cells and tissues in response to perturbations or in the context of disease. Such a
strategy has been particularly useful in studies of the human immune system, where the variation
across individuals needs to be systematically monitored to define disease versus healthy states,
and where many components need to be tracked to translate the findings from animal models like
with macrophage polarization states. 6
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Figure 4: The History of Deciphering Cell Population Complexity
Technological advancements (right column) and corresponding discoveries enabled by the advancements.

The complexity of the blood cell populations has grown in parallel with the development of
always more sophisticated technology. The molecular characterization of the leucocytes
required the advent of flow cytometry (1960) and monoclonal antibodies (1975). The latter were
a crucial tool for the discrimination of CD4+ and CD8+ T helper cells. In the next decades the
12

scenario of CD4+ T helper cells became more and more complicated with the discovery of
distinct subclasses. Single‐cell RNA‐sequencing has revealed the existence of a subpopulation
of steroid‐producing cells within the Th2 compartment.4
We are continuing this history in that a central strategy has been deriving gene expression
signatures associated with disease or therapy using gene expression datasets (microarray or nextgeneration RNA sequencing) collected from blood or tissue, with the goal of identifying
associated cells, molecules, and pathways. Examples of key signatures include those associated
with effective immune responses to vaccines, or viral and bacterial infections, progression to
active disease in tuberculosis, severity of autoimmune diseases, as well as immune responses as a
function of age, genetics, and environment. While systematic in the monitoring of thousands of
human transcripts, these signature-finding strategies have typically profiled whole blood,
peripheral blood mononuclear cells, or whole tissue samples, thus aggregating and blurring RNA
species from different cell types and states together. 6

Though a tremendous amount of work has been done investigating tissue resident macrophages
and monocytes, there is still a lot that is unknown because the updates to the original polarization
states have been incongruent and unconnected. Presently, with the emergence of new tools for
analysis and sequencing, we can analyze macrophage or monocyte populations more precisely
and an analysis approach which yields more translatable results, since gene markers can be
compared. Additionally, the direct acting treatment has increased effectiveness of resolving
HCV infections over previous methods. All these factors taken together create an ideal scenario
to investigate the activity of macrophage polarization states in chronic viral infection of the liver
using more emerging technologies. This project aims to gain traction on systems immunology of
13

macrophages/microglia by defining the identity, function, and origin of each cell, as well as the
factors regulating cellular properties. In this experiment, we hope to demonstrate the hypothesis
by answering the question, do macrophages have a unique expression profile as a result of HCV
infection that is absent post treatment?

14

1.2

Schematic figures

Figure 5: Experimental Schema5
The overall steps in completing the analysis.

The overall schema of the experiment, starting from the fine needle aspirations from the liver, to
sample preparation, labeling and cell sorting in flow cytometry to the identification of the
various macrophage cell states using clustering algorithms. Once the markers have been derived
from the analysis step, then those genes are investigated for possible roles in clinical presentation
of HCV or if they have any correlates with established genes markers for liver fibrosis (or
excessive wound healing).

15

2.

Chapter 2: Data and Methods for Investigating Macrophage States in HCV
2.1.

Short Introduction

In previous modeling on macrophage polarization states, one of the most limiting factors was the
experimental design was often limited to in vitro monitoring of macrophage states in response to
specific, individual cues in a well-plate. This may be an unrealistic perspective to build all
macrophage polarization states upon; our model characterizes macrophage activity directly from
the human patients with the experimental design illustrated in figure 3. From a phenotypic
standpoint, certain types of diseases may prove to be difficult to accurately diagnose, due to
specific combinations of confounding symptoms. Referred to as phenotypic overlap, these sets of
disease-related symptoms suggest shared pathophysiological mechanisms. Few attempts have
been made to visualize the phenotypic relationships between different human diseases from a
machine learning perspective, but, in the case of HCV and cell states the visualizations and
analysis can be performed.
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Figure 6: Experimental Design11
Clinical experimental design and sample extraction.

The experiment was constructed by collecting samples before and after direct acting antiviral
(DAA) treatment in Human HCV patients. The samples were drawn from patients who
underwent fine needle aspiration (FNA). Direct Acting Anti-viral Treatment was administered to
patients over a 12 week period. Blood was drawn, liver fine needle aspirate was collected and
macrophages were sorted, sequenced, and analyzed gene expression profile before and after
treatment.

2.2.

Materials and Methods

RNA sequencing (RNA-seq) is a genomic approach for the detection and quantitative analysis of
messenger RNA molecules in a biological sample and is useful for studying cellular responses.
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RNA-seq has fueled much discovery and innovation in medicine over recent years. For practical
reasons, the technique is usually conducted on samples comprising thousands to millions of cells
but less cells are required if utilizing Smart-Seq2 with flow cytometry. Smart-seq2 transcriptome
libraries have improved detection, coverage, bias and accuracy.9,10
As seen in the experimental schema in figure 2, the first step after fine needle aspiration of the
patients’ sample is to sort the cells using flow cytometry and fluorescent staining. CD14 is a
common monocyte marker, by isolating cells with both CD14 and CD64, the remaining
population of cells should be gated as monocytes, see gating strategy in figure 4.

2.3.

Results

Figure 7: Fluorescence Activated Cell Sorting (FACS) Live/Dead Sorting Approach12
Here are visualizations of the cell sorting and gating strategy in FACS

In this figure, we see the approach for monocyte cell identification and sorting from the fine
needle aspiration samples. More specifically, the live cells were sorted from the following
lineage-(CD3-CD19-CD56-) CD14+ and CD68+ macrophage populations.
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The scRNA sequencing to determine frequency and phenotypic states of macrophages pre/post
direct acting anti-viral treatment.9,10
Figure 8: RNA Sequencing and Alignment using Smart Seq 29
An overview of the sequence method of Samert-Seq2

In figure 8, we see the steps of Smart-seq2, it is a favored method because it has improved
reverse transcription, template switching and pre-amplification to increase both yield and length
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of cDNA libraries generated from individual cells. Smart-seq2 transcriptome libraries have
improved detection, coverage, bias and accuracy9
Figure 9: Bioinformatics Overview using Bow-Tie and RSEM 10
An overview of the sequence alignment algorithm steps and bioinformatics analyses using clustering methods.

The next step of data preparation and processing involves using these computational tools in
figure 9, we can visualize the most differentially expressed genes. The Bow-Tie Alignment
20

Algorithm for aligning short DNA sequence reads to large genomes. RSEM enables accurate
transcript quantification for species without sequenced genomes.9
Figure 10: Details of RNA-Seq by Expectation Maximization Algorithm (RSEM)57
The standard RSEM workflow (indicated by the solid arrows) consists of running just two programs (rsem-preparereference and rsem-calculate-expression), which automate the use of Bowtie for read alignment. Workflows with an
alternative alignment program additionally use the steps connected by the dashed arrows.

This is the general workflow of single-cell RNA-sequencing (scRNA-seq) experiments. A
typical scRNA-seq workflow includes most of the following steps: 1) isolation of single cells, 2)
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cell lysis while preserving mRNA, 3) mRNA capture, 4) reverse transcription of primed RNA
into complementary DNA (cDNA), 5) cDNA amplification, 6) preparation of cDNA sequencing
library, 7) pooling of sequence libraries, 8) use of bio-informatics tools to assess quality and
variability, and 9) use of specialized tools to cluster as in figure 11 and present the data using tSNE t-distributed stochastic neighbor embedding.9,10
Figure 11: Overview of the Seurat Method for Cluster Analysis58
An overview of the graph-based clustering algorithm and t-SNE visualization and analysis.
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Figure 12: Exploring the Transcriptome Data
Here are visualizations of the quality control steps by percent mitochondrial genes and gene count.

In figure 9, we see an illustration of gene count and percent mitochondria for the first to patients
in the analysis. The objective here is to evaluate data quality. Data with high overall percent
mitochondria are likely to have damaged cells. This step is critical for quality control in order to
be sure that counts below and above gates are filtered out of the data set because the cells with
counts outside of the gates may be poor quality.
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Figure 13: Choosing Principle Components
Here are visualizations illustrating the principle component number selection process based on the significance of each
component.

Principle component number was selected as indicated in the figure above.
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Figure 14: Exploring the Transcriptome Data by Principle Component Analysis
Here are visualizations of the principle component analysis and genes indicated.

We examine and visualize PCA results a few different ways for the exploration of the primary
sources of heterogeneity in a dataset. This analysis can be used as an early tool to identify
markers that are strongly correlated with cellular heterogeneity, but may not have passed through
25

variable gene selection. PCA is a reliable method but it loses some special information about the
data and markers.

Figure 15: Visualization and Comparison of Treatment Groups Using t-SNE
Here are visualizations of the macrophage cells using t-SNE plot before clustering methods applied.

The first visualization of the clusters or macrophage cell states are in this figure.
The method in figure 9 is primarily based on multiple maps t-SNE (mm-tSNE), which is a
probabilistic method for visualizing data points in multiple low dimensional spaces.18
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Figure 16: Visualization of Unbiased Clustering Using t-SNE
Here are visualizations of HCV macrophages using t-SNE after the clustering method indicated in figure 11.

In figure 16, we can see that there are three distinct clusters that can be interpreted as possibly
three cluster although there does seem to be a relationship between the three states. It is likely
that with more patients, the data will cluster more cleanly, especially considering that we are
losing information in these types of graphs since the t-SNE plot is visualizing data points from
multiple dimensions in low dimensional spaces. 18

27

Figure 17: Feature Extraction and Visualization Using t-SNE
Here are visualizations of the presence of canonical markers to note the distribution of specific markers across the
clusters.

In this figure above, a feature plot gives more insight and dimensionality for the cluster analysis
performed and illustrated in figure 10. Each factor can be investigated and to address two main
questions:
- Which markers are ubiquitously expressed in every cell cluster?
- Which markers are not expressed in any of the three cluster?
- Which markers are uniquely expressed in some but not all of the clusters?
For example, it seems that FCGR3A is not ubiquitously expressed in all clusters when
visualizing data points in multiple low dimensional spaces. 18
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Figure 18: Comparisons between HCV Clusters
Here are visualizations of the presence of canonical markers using quantitated ratios of differences.

In this figure 18, we are taking a closer look at the markers that are differentially expressed
across clusters, most notably, FCGR3A (or CD16) seems to distinctly available in the
macrophage cluster 2. This could give insight in the function of this macrophage state. Maybe
macrophage cluster 2 is responsible for signaling natural killer cells?
CD16 is known to have a role in that process. Another follow-up question is, what other markers
are differentially expressed between the clusters and how is that related to the molecular role of
that cluster?
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Figure 19: Macrophage Response Genes Markers in HCV by Cluster
Here are visualizations of the heatmap comparing differentially expressed genes across clusters.

Visualizing the heatmap of clusters in terms of the upregulation of families of markers, there
seems to be two distinct families genes upregulated though it is possible that with more data
from more patients the patterns might be even more defined in figure 19. Yet, this view does
confirm the previous step, demonstrating that some of the clusters have identifying sets of
markers expressed.
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Figure 20: Macrophage Response Genes Markers Pre and Post Treatment
presence comparing
of canonicaldifferentially
markers of wound
healing
fibrosis
fromand
the treatments.
analysis
Here are visualizations of the heatmap
expressed
genesand
across
clusters

Next, we would like to compare the expression profiles before and after treatment with the heat
map above in figure 20. While there does not seem to be any clear upregulation or down
regulation patterns, we have to remember that there are only data from three patients. As such,
there could be more present but it is less apparent based on this figure.
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Figure 21: Macrophage Anti-Viral Response Genes Markers
Here are visualizations of the ten most differentially expressed genes by cluster.

In order to gain insight about the gene markers found in the individual clusters from the tDistributed Stochastic Neighbor Embedding visualization, the top 10 gene markers for each
cluster are illustrated above in the pseudocode. When comparing the markers for each cluster, it
is evident that the upregulated genes for each cluster are largely distinct from one another.
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Figure 22: Down Regulation of Overall Anti-Viral Response Genes
The gene set enrichment before (a) and after (b) treatment is indicated here.

(a) Before DAA Treatment

(b) After DAA Treatment
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In figure 22, Gene Set Enrichment Analysis (GSEA) is a computational method that determines
whether an a priori defined set of genes shows statistically significant, concordant differences
between two biological states. The gene enrichment from human patients before HCV treatment
illustrates a host of anti-viral and upregulated genes transcribed in the macrophages.
These early experimental results suggest that there is a difference in the gene expression profile
of macrophages in Hepatitis C infections before and after treatment. The full validation of the
HCV macrophage expression markers is ongoing.
In figure 22, we see that there is a marked absence of anti-viral genes in the post-treatment
group, this is consistent with the hypothesis that the expression profile after clearance of the
disease would be distinct than what we saw beforehand.
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Figure 23: Macrophage Gene Set Expression Analysis in Interferon Cluster in HCV
Expression analysis of cluster 2 shows the expression of many interferon response genes.

Additionally, in figure 23, it seems that uniquely in the expression analysis of cluster 2 shows the
expression of many interferon response genes in the HCV analysis.
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Figure 24: Fibrosis and Wound Healing Genes
Here are early visualizations of the presence of canonical markers of wound healing and fibrosis from the HCV analysis

Marker expression level:

This early result gives clues for macrophage transcriptional response in chronic viral infections
and may lay the foundation for future work in other systems, validation experiments, and more
extensions.
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Chapter 3: Extending Macrophage Diversity and Insights
3.1. Introduction.
Additional macrophage studies add to the insights gained from the results of the HCV analysis
by enabling us to do gene expression comparisons across disease type. The macrophages were
elucidated from the tumor microenvironment of human patients and analyzed. We hope that the
comparison will add a dimension of understanding to the previous HCV sequencing analysis
work.

3.2. Materials and Methods

The data was originally generated to analyze immune cells associated with efficacy of
checkpoint melanoma therapies, we performed scRNA-seq on immune cells isolated from 48
tumor biopsies taken from 32 metastatic melanoma patients treated with checkpoint therapy
(with 35 anti-PD-1, 11 anti-CTLA4+PD-1, and 2 anti-CTLA4 samples), including 11 patients
with longitudinal biopsies and 20 patients with 1 biopsy (or 2 for one patient), taken either at
baseline or during treatment. We used the following patient response categories defined by
RECIST criteria: complete response (CR) and partial response (PR) for responders or stable
disease (SD) and progressive disease (PD) for non-responders.5
To define the immune landscape and its association with outcome in an unbiased manner,
unsupervised clustering of CD45+ cells was used to identify a robust 11-cluster solution, with
two B cell clusters (G1, B cells; G2, plasma cells), two myeloid clusters (G3, monocytes and/or
macrophages; G4, dendritic cells), and seven clusters enriched for T/NK/NKT cells.
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Currently, we are taking a closer look at the macrophage/monocyte clusters.

3.3 Early Preliminary Results

We are comparing the gene expression markers from the HCV analysis to other systems to gain
insight about the macrophage polarization. In doing that, we are developing a novel scoring
technique for macrophage comparison, we see that the cluster that expresses a high number of
interferon response genes, also seems to have some wound healing markers. Fibrosis is excessive
wound healing, so it may be interesting to follow this result in more patients and in other
diseases.
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Figure 25: Preliminary Gene and Clustering Analysis
Visualizations using t-NSE. Note the presence of an abundance of interferon response markers in cluster 6.
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To further investigate the likelihood of distinct macrophage clusters in tumor microenvironments
of cancer patients in the figure above, we started a clustering analysis of myeloid samples taken
from human melanoma patients.5
These myeloid cell populations were isolated and analyzed by FACs sorting, then the
macrophage data was isolated and further evaluated using clustering method which resolves the
best clustering scheme from the different results obtained by varying all combinations of number
of clusters, distance measures, and clustering methods.5,53
To further investigate the likelihood of distinct macrophage clusters in Human melanoma
patients, we started a clustering analysis of myeloid samples.54
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These myeloid cell populations were isolated and analyzed by FACs sorting, then the data was
isolated and further evaluated using a method which resolves the best clustering scheme from the
different results obtained by varying all combinations of number of clusters, distance measures,
and clustering methods.54,53 From the figure, it seem that there is differential expression of
macrophage genes, we choose to focus on cluster 6.

Figure 26: Macrophage Gene Set Expression Analysis of Interferon Cluster in Melanoma13
Expression analysis of cluster 6 in melanoma shows the expression of many interferon response genes.

To assign each cluster to a cell type, Azizi et al. compared cluster mean expression to sorted bulk
datasets and identified 38 T cell, 27 myeloid lineage, 9 B cell, and 9 NK cell clusters. These
annotations were confirmed and honed using the expression of canonical marker, shown in the
top portion of the figure above (top).13
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We can compare the markers to those expressed in the different clusters from the HCV analysis.
It seems that for both diseases, it seems like there was a single cluster with the upregulation of
many interferon response genes, although more patients and data is needed. Additionally, there is
a cluster with wound healing marker selectively in the interferon response cluster.

From this figure, it seems that cluster 6 from the Hepatitis comparison has the highest similarity
to the interferon response cluster derived from this tumor microenvironment. This could have
clinical significance since certain markers are associated with varying inflammatory roles.
The results shown suggests that there may be distinct clusters of macrophage populations from
the tumor microenvironment of human melanoma patients and HCV. Also, for both diseases
there seems to be one cluster with a very strong interferon response and this cluster seems to also
express several wound healing markers, as seen in the following figure.

Figure 27: Preliminary Analysis of Wound Healing and Fibrosis Markers in Melanoma60
Here are visualizations of the presence of canonical markers of wound healing and fibrosis from the
analysis
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These comparisons are early but could add a dimension to our previous understanding of
macrophage polarization in response to chronic inflammatory disease. These preliminary steps
pave the way for future investigation of key pharmaceutical triggers of specific macrophage
activity.
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4. Chapter 4: Discussion and Perspectives

Macrophage polarization continues to be a controversial topic in innate immunity. As previously
mentioned, the M1/M2 paradigm has been disputed in the tumor microenvironment and other
systems to the extent that sequencing analysis has shown cells co-expressing both M1 and M2
factors at the same time. Increasingly, researchers are focusing on individual systems of
macrophages, like in a particular disease of tissue instead of looking to relate macrophage
profiles with each other. Yet, the most profound polarization implications reach beyond one
particular disease, tissue, or macrophage treatment. The most effective method will be to
amalgamate all of the various observations about macrophage response to a wide array of
environmental cues, including age of the patient. Another step will be to investigate further the
effectiveness of current macrophage based treatments in patients to gain further insight into
particular changes happening temporally and more globally. As previously illustrated, we will be
best served when there is a more comprehensive map of macrophage activity with other immune
partners.
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More specifically for this work, we noticed an absence of a metric to compare the existing
macrophage sequencing analysis systems in the process of aiming to address our hypothesis. In
other words, while there are many methods of sequencing analysis newly emerging, there is yet
to be a standardize approach to compare the results of these different methods.

Overall, the experiment does address the hypothesis of whether there is a characteristic
macrophage response to HCV before and after treatment. It also is possible that this
characteristic profile is also evident for viral infection response of macrophage in general.

4.1.

Limitations

This work lays the foundation for future studies. These preliminary results are informative
though they need to be expanded to more patients with more data to more rigorously confirm the
results. With more number of sample and more data from more patients, these results can be
better confirmed. Also, due to the nature of sequencing the transcriptome, we are not capturing
the proteomic data. The proteomic data would add a dimension to our understanding of the
pathways that are occurring in different states. In addition to sequencing limitations, we have to
acknowledge that probabilistic clustering and the groups of markers that result, need
experimental validation. In this work, we focused on particular gene markers or gene families to
compare different clustering techniques, though the experimental validation would be most ideal.
So in summary, in order to get a more complete picture of macrophage polarization in HCV and
in melanoma, we need more data from more patients and more cells to control for distribution
45

differences and other variance. With more data, we can validate the consistency of our results
and develop additional validation experiments in mice. Additionally, with more human patients,
we could possibly consider negative control designs to better elucidate environments pertaining
to the markers.
4.2.

Conclusions

Experimenting with human macrophages in natural systems is critical for better development of
macrophage based treatments. Using cluster analysis and single cell sequencing, we have a more
complete array of macrophage transcriptome activity. This is important because the decline in
mitochondrial capacity with aging has emerged as a key mechanism underlying several of the
observed changes in the function of both hepatocytes and macrophages, likely contributing to the
increased prevalence and severity of chronic liver diseases in elderly populations, for example.
Treatment regimens have already been designed, based on the oversimplified M1/M2 model of
macrophage activity. With these conclusions, adjustments can start to be made. It has been
believed that in general, the accumulation of infiltrating or M1-polarized
monocytes/macrophages tends to exacerbate liver disease and contribute to fibrosis, cirrhosis,
and liver failure. However, very few, if any, studies have systematically identified changes in the
hepatic macrophage populations of aging livers in either animal models or human patients,
representing a hugely understudied area of research.15
Therapies that suppress M1-polarization or infiltration of macrophages are used to reduce the
progression of liver disease from manageable early stages to chronic end-stages requiring liver
transplantation, though the efficacy is unclear. In the context of aging specifically, promoting
M2-gene expression might delay the advancement of liver disease to later stages. Yet,
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previously, M2 macrophages had been associated with tumor progression, including clinical
hepatocellular carcinoma (HCC) specimens. Thus, modulating macrophage polarization has been
considered a double-edged sword, and the appearance of liver fibrosis or HCC would need to be
closely monitored.15
It should be noted again that these treatments are based on an over simplified model of
macrophage polarization activity. These early experiments could begin to alleviate these
treatment issues since the results suggest that there is a difference in the gene expression profile
of macrophages in Hepatitis C infections before and after treatment though the full validation of
the HCV macrophage expression markers is ongoing.
This early result gives clues for macrophage transcriptional response in chronic viral infections
and may lay the foundation for future work in other systems, validation experiments, and more
extensions.
Considering all of the aforementioned limitations, our experiment with Human HCV patients
yielded results that have enabled us to make some early characterization confirmations which
give insight for future about macrophage response to HCV and possibly other viral disease, this
information can help optimize treatment regimen for existing cirrhosis patients.
Overall, the observations that could have the more impact are that there seems to a distinctive
expression profile in both HCV and in melanoma macrophages/monocytes and these distinct
expression profiles for the clusters could represent macrophage/monocyte states in relation to the
corresponding diseases. The distinctive expression profiles are different from canonical and
historical macrophage profiles. Additionally, it seems that for both HCV and melanoma
macrophages, there seems to be a cluster that has a very strong interferon response gene cluster.
47

And most surprisingly, that this cluster in both melanoma and HCV is associated with several
markers for wound healing and fibrosis, yet this early result needs confirmation. Although more
data is needed, the interferon response clusters, in both diseases, could have a role in excessive
wound healing in fibrosis. More work needs to be done examining any possible relationship
between the viral response, chronic inflammation as in melanoma, and fibrosis. This relationship
could be critical for future therapeutic targets.
By optimizing machine learning methods with sequencing data processing technology, we
investigated the diversity of macrophage states in immune-mediated disease in hopes for more
targeted treatment approaches.

4.3 Future Research

As we have begun to uncover the macrophage system in terms of disease, next steps can include
answering the following questions:
1. Can we elucidate a more comprehensive map and predictive map of macrophage polarization
states in response to disease?
2. If we know more triggers and expression profiles, we can have more realistic targets in
controlling our body’s reaction to different diseases.
3. Is there a relationship between interferon gene-response state of macrophages or monocytes
and wound healing and fibrosis?
This work is just the first step to understanding the system of macrophages. Our next steps
should include, but not be limited to, considering more than one modality using more
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comprehensive and sophisticated computational tools. Although the transcriptome alone can give
insight for biomarkers and other key players, macrophage-based homeostasis and pathology
comes as a result of a nexus of factors from age to Weinberg effect. Our model should reflect
that nexus as realistically as possible because the effectiveness of existing treatments and
patients’ lives are dependent on accurate insight.
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