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Chronic pain is a disease that impacts 1.9 billion people worldwide every year, which includes 

over 100 million in the United States alone. Despite the extensive efforts in preclinical research, 

only a few pain treatments have been approved over the past decade. And out of these approved 

new treatments for pain, the majority are still narcotics or NSAIDs. We are in desperate need of 

novel targets for developing treatments.  

Preclinical research in the pain field has been limited to certain established experimental 

approach, including but not limited to electrophysiology, immunohistochemistry, and behavioral 

experiments mostly in animals. These limited approaches strained researchers’ ability to identify 

novel pharmacological targets for the treatment of pain. In the past 2 decades, the development 

and advancement of RNA sequencing (RNA-seq) technology has provided a novel, high-

throughput, unbiased method for investigating transcriptome landscapes in biological samples 

and even individual cells. This allows us to evaluate potential pharmacological targets across the 

whole transcriptome in different chronic pain models and in human samples. Here we applied 
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computational methods over multiple RNA-seq datasets to demonstrate a novel approach for the 

identification of new pharmacological targets for developing potential chronic pain treatments. 

Because pain usually originates from injured or diseased tissue, we first sought to identify the 

ligand-receptor mediated interactions (interactome) and their corresponding signaling pathways 

between sensory neurons and their innervating tissue. Dorsal root ganglia (DRG), the peripheral 

sensory neuron cluster where chronic pain development is mediated, is widely used in 

experiments to investigate chronic pain. We utilized single-cell RNA-seq (scRNA-seq) datasets 

of DRG, and 42 cell-types identified in 20 tissues innervated by DRG to set a baseline 

transcriptome landscape in mouse. We then used ligand-receptor interaction lists previously 

reported in literature and databases to identify potential ligand-receptor mediated signaling 

pathways. We successfully established the interactome landscape of DRG neurons at baseline, 

and identified interactions specific to certain types of cells, like TNFα and interferon gamma 

pathways are enriched in T-cells and natural killer cells, respectively. Some of the 

interactions/pathways previously identified in pain models also present in naïve state suggests 

that the pain phenotype may be caused by the recruit of immune cells to the peripheral nerve or 

regulation of the gene expression level, rather than switch on/off of these important genes.  

After successfully performed the interactome analysis in naïve state in mouse, we then sought to 

apply the same analysis to disease models to identify interactions regulated in disease states. We 

chose a colitis model in mouse, a human rheumatoid arthritis (RA) study, and a human 

pancreatic cancer study, where all 3 diseases are known to be painful. These 3 studies were 

chosen to demonstrate our computational approach of identifying potential pharmacological 

targets for pain treatment works across species and diseases. We successfully identified certain 
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ligand-receptor signaling pathways are potentially responsible for the development of chronic 

pain in these 3 disease models. For example, we’ve identified cytokine to cytokine receptor 

signaling pathways including CXCL9 signaling to CXCR3 is elevated in RA patients comparing 

with osteoarthritis patients. These findings demonstrate the impact of utilizing multiple RNA-seq 

datasets from interacting tissues on identification of novel pharmacological targets potentially 

available for developing new treatments. 

In the final part of this dissertation, we sought to understand the systematic differences between 

neurons in central nervous system (CNS) and peripheral nervous system (PNS). Understanding 

the systematic differences between CNS neurons vs. PNS neurons will greatly help the selection 

for PNS specific pharmacological targets. Besides well-established PNS specific genes like 

Scn10a and Trpv1, we identified novel ion channels, GPCRs, kinases, and cytokine related 

receptor genes that are enriched in CNS or PNS neurons. For example, Lpar3 is enriched in PNS 

sensory neurons, and has only been previously mentioned in nerve injury models related to 

LPA1/LPA3 pathway. These findings will systematically identify signal transduction related 

genes that are specific to PNS/CNS, which will guide the selection of potential pharmacological 

targets in drug development. 
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CHAPTER 1 

INTRODUCTION 

 
The impacts of chronic pain on economy and society 

Chronic pain is defined as pain that continues after the healing completes, which lacks the 

physiological beneficial function of acute warning (Bonica & Hoffman, 1954; Raja et al., 2020). 

Chronic pain affects over 20% of world population (Gureje et al., 1998), and over 116 million in 

United States alone (Simon, 2012). Aging is one of the leading factor for the prevalence of 

chronic pain: over 50% of people are affected by chronic pain by the age of 70 (Bergh et al., 

2003). The increase of elderly population makes it an even greater concern. United Nations 

world population prospects predicted the population of 65+ will be around 800 million by 2025, 

which is over 10% of the world population. This number will increase to over 15% by 2050 

(United Nations et al., 2019).  

Chronic pain greatly impacts the economy: chronic pain treatments cost over $210 billion 

annually in United States (Turk et al., 2011). And it can cost Americans upwards of $600 billion 

each year when considering the losses in productivity due to chronic pain. 

 

Current treatments for chronic pain are limited 

The transition from acute pain to chronic pain happens through many routes, involving 

multiple pathways in both peripheral nervous systems (PNS) and central nervous systems (CNS) 

(Feizerfan & Sheh, 2015; Voscopoulos & Lema, 2010). Multiple pathways responsible for the 

development of chronic pain have been identified by preclinical research over the past 2 decades, 

including but not limited to calcitonin gene-related peptide (CGRP) and receptor activity-
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modifying protein 1 (RAMP1) pathway (Avona et al., 2019; Benemei et al., 2009; Iyengar et al., 

2017), interleukin 6 (IL-6) and nerve growth factor (NGF) induced MNK-eIF4E translation 

regulation pathway (Melemedjian et al., 2010; Moy et al., 2017), etc. Despite scientific 

improvements in understanding chronic pain mechanisms from neurophysiological and genomic 

perspectives in the past decades, there are fairly few advancements in chronic pain treatment 

(Turk et al., 2011).  

Current therapeutics for chronic pain are still greatly limited to non-steroidal anti-

inflammatory drugs (NSAIDs), acetaminophen, and opioids (Baron et al., 2010; Breivik et al., 

2006). NSAIDs are widely used for treating slight-to-moderate pain like visceral pain, muscle 

and joint pain, and migraine (American Society of Anesthesiologists Task Force on Acute Pain 

Management, 2012). But NSAIDs have limited efficacy in treatment of chronic pain, and come 

with side effects such as nausea, gastric bleeding, and certain NSAIDs have association with risk 

of heart attack and stroke (Finnerup, 2019). 

Acetaminophen is one of the most widely used analgesic in both over-the-counter and 

prescription, yet with unknown mechanisms (Finnerup, 2019). It also comes with sever 

hepatotoxic side effects at large dose and is the leading cause of liver failure in the United States 

(Research, 2019). In addition, there is yet thorough researches on the potential side effects of 

acetaminophen, and its safety is being closely monitored by the United States Food and Drug 

Administration (FDA) (Finnerup, 2019).  

Opioids are extremely effective for the treatment of acute pain, and commonly used in 

chronic pain management (Dart et al., 2015). The history of opioid usage dates back to 3400 BC, 

and morphine was first extracted in 1803 (Rosenblum et al., 2008). Despite this long history, 
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opioids are still among the most effective treatments available for pain (Ballantyne & Shin, 

2008; Finnerup, 2019). However, long-term usage of opioids have limited effectiveness in 

treating chronic pain (Chou et al., 2015), and can cause severe side effects including nausea, 

tolerance, physical dependence, drowsiness, and respiratory depression (Benyamin et al., 2008; 

Finnerup, 2019). The tolerance and dependance of opioids, along with extensive prescription for 

chronic pain management has led to the opioid epidemic in America. According to the United 

States Centers for Disease Control and Prevention (CDC), opioids were involved in 69.5% of all 

drug overdose deaths in 2018 (Drug Overdose Deaths | Drug Overdose | CDC Injury Center, 

2020). The fact that opioids are still widely prescribed for pain management despite all the high-

risk side effects clearly indicates that we are desperately in need of novel pain treatments. 

 

Difficulties in the development of novel pain treatments 

One of the major challenges for developing new pain therapeutics is the lack of translation 

from research to final medication. Out of the analgesic drug candidates identified and developed 

through the last decades, very few have successfully developed into innovative pain therapeutics 

(Kalliomäki et al., 2012). Multiple potential pain drugs with scientific proof on pain targets have 

failed clinical trials due to lack of efficacy (Dworkin et al., 2010). This is partially due to lack of 

translation efficiency between rodent preclinical research to human disease models. Multiple 

researchers have reported systematic differences in peripheral sensory nervous system between 

rodents and human (Grace et al., 2020; P. Ray et al., 2018; Wangzhou, McIlvried, et al., 2020). 

Lack of studies in human peripheral sensory nervous system, especially DRG is one of the major 
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causes of this problem. There is still no single-cell transcriptome profile of human DRG sensory 

neurons to date.  

Besides lack of translation from preclinical research to final treatment, lack of studies in 

female specific pain mechanisms is one of the other leading causes to the difficulties in 

development of pain treatment. Despite the fact that more women suffer chronic pain (Pitcher et 

al., 2019; Ruau et al., 2012), the majority of the preclinical research were performed only in 

male. In fact, pain mechanisms studied were greatly biased towards male due to lack of 

experiments performed in female rodents (Mogil, 2020). These systematic biases in preclinical 

research also lead to a lack of efficacy in pain treatment for female patients.  

 

Technology advances in RNA sequencing (RNA-seq) lead to a novel approach for 

identification of new pharmacological targets for the treatment of pain 

After the identification of the law of genetics by Mendel in 1865, and the discovery of 

DNA double strand structure (Watson & Crick, 1953), in the 1970s the first generation 

sequencing of DNA was invented by Sanger and his colleagues (Sanger et al., 1977). This 

sequencing technology was first commercialized in the 1980s, and led to the human genome 

project started in America in 1990. Along the timeline of human genome project (International 

Human Genome Sequencing Consortium, 2004), the genome of multiple organisms was 

sequenced, including mouse (Chinwalla et al., 2002) and rat (Gibbs et al., 2004). And the usage 

of shotgun sequencing was widely established (Anderson, 1981; Staden, 1979), along with the 

idea of sequencing fragments of nucleotide and mapping them back to the genome. This later 

became the foundation of all sequencing technologies. In 2008, the first RNA-seq experiments 
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were performed (Lister et al., 2008; Mortazavi et al., 2008; Nagalakshmi et al., 2008), providing 

a new approach for high-throughput quantification of the transcriptome. Accompanied by the 

drastic drop for the cost of sequencing, transcriptome of a great variety of different tissues from 

different species under different experimental conditions have been sequenced. Currently, over 

143,000 RNA-seq experiments have been performed and the data have been uploaded to the NIH 

GEO database. This also leads to the establishment of multiple RNA-seq databases. For example, 

the cancer genome atlas program (TCGA) program (Tomczak et al., 2015), includes RNA-seq 

data from over 84,000 cancer samples of over 33 types of cancer.  

Only one year after the first RNA-seq papers were published, the first single cell RNA-seq 

paper was published in 2009 (Tang et al., 2009). With the fast development of commercial 

solutions of scRNA-seq, and the continuous drop on the cost of sequencing, multiple scRNA-seq 

datasets became available. For example, Tabula Muris established single-cell transcriptome 

landscape of mouse by single-cell sequenced 100,000 cells from 20 organs and tissues in mouse 

(Tabula Muris Consortium et al., 2018). A similar project was done by a Chinese group as well, 

and was finished around the same time (Han et al., 2018). This Chinese group further performed 

the same experiment in human tissues and published the single-cell transcriptome landscape of 

human recently (Han et al., 2020).  

The advancements in sequencing technology have led to the production of transcriptome 

datasets for a great variety of tissues in both mouse and human, including multiple disease states. 

These provide us the resource and the great opportunity to utilize computational methods to 

perform meta-analysis across available datasets in the effort of identifying potential 

pharmacological targets for the treatment of pain. 
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Impact of the work 

In this dissertation, we developed a computational analysis pipeline, utilizing existing RNA-seq 

and scRNA-seq datasets, as well as generating our own, to expand the knowledge about chronic 

pain in 3 different perspectives: understand how signals transduce between nociceptive neurons 

and tissues innervated by these neurons, identify ligand-receptor mediated interactions regulated 

in disease models which could lead to novel pharmacological target for chronic pain treatment, 

and identify differences between central nervous system (CNS) and peripheral nervous system 

(PNS) which helps selecting gene targets that are specific to the PNS and won’t have CNS side 

effects.  

Overall, we demonstrated how the usage of computational methods on existing RNA-seq 

datasets can better guide the process of novel pharmacological target identification in the pain 

field. 
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Abstract 

Dorsal root ganglion (DRG) neurons detect sensory inputs and are crucial for pain 

processing. They are often studied in vitro as dissociated cell cultures with the assumption that 

this reasonably represents in vivo conditions. However, to the best of our knowledge, no study 

has directly compared genome-wide transcriptomes of DRG tissue in vivo versus in vitro or 

between laboratories and culturing protocols. Comparing RNA sequencing-based transcriptomes 

of native to cultured (4 days in vitro) human or mouse DRG, we found that the overall 

expression levels of many ion channels and G-protein–coupled receptors specifically expressed 

in neurons are markedly lower although still expressed in culture. This suggests that most 

pharmacological targets expressed in vivo are present under the condition of dissociated cell 

culture, but with changes in expression levels. The reduced relative expression for neuronal 

genes inhuman DRG cultures is likely accounted for by increased expression of genes in 

fibroblast-like and other proliferating cells, consistent with their mitotic status in these cultures. 

We found that the expression of a subset of genes typically expressed in neurons increased 

inhuman and mouse DRG cultures relative to the intact ganglion, including genes associated with 

nerve injury or inflammation in preclinical models such as BDNF, MMP9, GAL, and ATF3. We 

also found a striking upregulation of a number of inflammation-associated genes in DRG 

cultures, although many were different between mouse and human. Our findings suggest an 

injury-like phenotype in DRG cultures that has important implications for the use of this model 

system for pain drug discovery 
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Introduction 

Nociceptors within the dorsal root ganglia (DRG) or trigeminal ganglia are the first 

neurons in the pain pathway (Woolf & Ma, 2007). These neurons are crucial contributors to 

chronic pain disorders ranging from inflammatory to neuropathic pain (Basbaum et al., 2009). 

These neurons are frequently studied to gain insight into mechanisms that drive chronic pain and 

to develop better treatment strategies. Traditionally, investigators have studied rodent 

nociceptors in vitro as dissociated cell cultures prepared from DRG or trigeminal ganglia. More 

recently, investigators have also started to study DRG nociceptors from human organ donors and 

surgical patients (Davidson et al., 2016; North et al., 2019; P. Ray et al., 2018; Sheahan et al., 

2018; Shepherd et al., 2018; Valtcheva et al., 2016; X. Zhang et al., 2017, p.). This creates a 

“clinical bridge” for advancing mechanisms or therapeutics from rodents toward the clinic. 

These models have many advantages; cultures can easily be used for electrophysiology, Ca2+ 

imaging, biochemical, or other functional studies. These studies have unquestionably advanced 

the field of pain neurobiology and sensory transduction. Despite the widespread use of this 

model system,38many investigators are skeptical of the degree to which these cells in dissociated 

culture accurately reflect the status of nociceptors in vivo. Several studies have analyzed the 

genome-wide RNA profiles of these dissociated cultures (Hirai et al., 2017; Perry et al., 2018), 

but not in the context of changes with respect to the native, acutely dissected ganglia (referred to 

as “intact” DRG henceforth). A previous study by Thakur et al. (Thakur et al., 2014) contrasted 

RNA sequencing (RNA-seq) profiles of intact DRG with unsorted, acutely dissociated DRG. The 

study found few differences between intact DRG tissue and unsorted, acutely dissociated DRG, 

suggesting that the process of dissociation does not dramatically alter the molecular phenotype. 
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Although some studies have compared expression of a single gene or a handful of genes in these 

in vitro cultures vs the intact ganglia (Goswami et al., 2014; Sheahan et al., 2018), we are 

unaware of any study that has used genome-wide assays to study how gene expression might be 

altered from native to cultured DRG conditions. We addressed this question by comparing intact 

vs cultured DRG from human donors and mice using RNA-seq. We designed a series of 

experiments to study how the transcriptomes of human and mouse native DRG differ under the 

conditions of dissociated cell cultures relative to native, intact ganglia. Our findings provide a 

comprehensive, genome-wide evaluation of gene expression changes from native to cultured 

DRG in both humans and mice. Consistent with previous studies (Dussor et al., 2003; Ono et al., 

2012), we found that DRG neurons in culture show transcriptional signatures that suggest an 

injury phenotype (Berta et al., 2017; Hu et al., 2016). This supports the use of cultured DRG 

neurons as a model system to study underlying mechanisms of pain. However, our findings point 

out some shortcomings of using these models to study multiple classes of receptors that show 

altered expression in culture. Some of these differences do not occur consistently across species, 

suggesting mouse DRG cultures may not be a good surrogate for human cultures in certain 

experiments. The data provided in this study will help investigators choose and design 

appropriate experimental parameters and can provide an important tool for future experiments in 

the pain and somatosensory fields. 
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Methods 

Experimental design 

Because genetic variation can be a possible contributor to transcriptome level differences 

in nervous system samples from human populations (North et al., 2019; Parisien et al., 2017), we 

chose a study design wherein we cultured lumbar DRG from one side in human donors and 

immediately froze the opposite side from the same donor for RNA sequencing. Although we 

used an inbred mouse strain (C57BL/6) for parallel mouse studies, we used a similar culturing 

design where cultures were performed in 2 independent laboratories to look for variability across 

laboratories. RNA sequencing was performed at 4 days in vitro (DIV) to stay within the 

electrophysiologically relevant range of 1 to 7 DIV for human DRG and the biochemical assay 

range of 4 to 7 DIV for both human and mouse DRG. 

Animals 

Price laboratory 

All procedures were approved by the Institutional Animal Care and Use Committee of 

University of Texas at Dallas and were in strict accordance with the US National Institute of 

Health (NIH)Guide for the Care and Use of Laboratory Animals. Adult C57Bl/6 mice (8-15 

weeks of age) were bred in house and were originally obtained from The Jackson Laboratory. 

Animals were housed in the University of Texas at Dallas animal facilities on a 12-hour 

light/dark cycle with access ad libitum to food and water. 

Gereau laboratory 

All procedures were approved by the Animal Care and Use Committee of Washington 

University and in strict accordance with the US National Institute of Health (NIH) Guide for the 



 

12 

Care and Use of Laboratory Animals. Adult C57Bl/6 mice (8-15 weeks of age) were bred in 

house, originally obtained from The Jackson Laboratory. Animals were housed in Washington 

University School of Medicine animal facilities on a 12-hour light/dark cycle with access ad 

libitum to food and water. 

Intact vs cultured mouse dorsal root ganglia 

Price laboratory 

Male and female C57BL/6 mice (4 week-old, ~15-20 g; n = 3, for each sex) were 

anesthetized with isoflurane and killed by decapitation. Male C57BL/6 mice (5 week-old, n = 2) 

were used for RNAscope validation. Mice were not perfused before removal of DRG. Lumbar 

DRG (L1-L6) from one side of the spine were frozen in RNAlater (Invitrogen, Carlsbad, CA) 

while DRG from the other side from the same mouse were cultured and then scraped at 4 DIV 

into RNAlater. All L1-L6 DRG were used for RNAscope validation. L1-L6 DRG for culturing 

were dissected and placed in chilled HBSS (Invitrogen) until processed. Dorsal root ganglia were 

then digested in 1-mg/mL collagenase A (Roche, Indianapolis, IN) for 25 minutes at 37 ̊C then 

subsequently digested in 1-mg/mL collagenase D for 20 minutes at 37 ̊C. Dorsal root ganglia 

were then triturated in 1-mg/mL trypsin inhibitor (Roche),then filtered through a 70-µm cell 

strainer (Corning, Oneonta, NY). Cells were pelleted, and then resuspended in DMEM/F12 with 

GlutaMAX (Thermo Fisher Scientific, Carlsbad, CA) containing 10% fetal bovine serum 

(Thermo Fisher Scientific), 1% penicillin and streptomycin, 5-ng/mL mouse 2.5S nerve growth 

factor (Millipore, Billerica, MA), and 3-µg/mL 5-fluorouridine with 7-µg/mL uridine. Cells were 

distributed evenly across 4 wells using a 24-well plate coated with poly-D-lysine (Becton 

Dickinson, Franklin Lakes, NJ). For RNAscope validation cultures, cells were plated as 
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described on an 8-well chamber slide (NuncLab-Tek, Naperville, IL). Dorsal root ganglion 

neurons were maintained in a 37 ̊C incubator containing 5% CO2 with a media change every 

other day. At 4 DIV, cells were scraped into 500-mLRNAlater and processed for RNA 

extraction. 

Gereau laboratory 

Male and female C57Bl/6 mice (n53, for each sex) were deeply anesthetized with 

isoflurane and quickly decapitated. Mice were not perfused before removal of DRG. From one 

side, L1-6 DRG were extracted, directly placed into 500-mL RNAlater, and stored at -80 ̊C. 

From the other side, L1-6 DRG were extracted and dissociated in freshly made N-methyl-D-

glucamine (NMDG) solution (Valtcheva et al., 2016). Dorsal root ganglia were digested in15-

U/mL papain (Worthington Biochemical, Lakewood, NJ) for 20 minutes at 37 ̊C, washed, and 

then further digested in 1.5-mg/mL collagenase type 2 (Sigma, St Louis, MO) for another 20 

minutes at37 ̊C. Dorsal root ganglia were washed and triturated in DRG media(5% fetal bovine 

serum [Gibco, Carlsbad, CA] and 1% penicillin/streptomycin [Corning] in Neurobasal A 

medium 1x [Gibco] plus Glutamax [Life Technologies, Carlsbad, CA] and B27[Gibco]). Final 

solutions of cells were filtered (40 µm, Fisher) and cultured in DRG media on coverslips coated 

with poly-D-lysine (Sigma) and rat tail collagen (Sigma). Cultures were maintained in an 

incubator at 37 ̊C containing 5% CO2. On 4 DIV (no media changes), cultured coverslips were 

scraped in 500-µL RNAlater and stored at -80 ̊C. 
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Intact vs cultured human dorsal root ganglia 

Studies involving human DRG were performed on deidentified biospecimens and approved 

by Institutional Review Boards at Washington University in St. Louis and University of Texas at 

Dallas. 

Gereau laboratory 

Human DRG extraction and culturing was performed as described previously (Valtcheva et 

al., 2016), in a similar manner to the mouse culturing protocol. Briefly, in collaboration with 

Mid-America Transplant Services, L4-L5 DRG were extracted from tissue/organ donors less 

than 2 hours after aortic cross clamp. Donor information is presented in Table 2.1. Dorsal root 

ganglia were placed in NMDG solution for transport to the laboratory for fine dissection. From 

one side, intact L4-5 DRG were directly placed into 500-µL RNAlater and stored at -80 ̊C. From 

the other side, L4-5 DRG were minced and cultured. Pieces were dissociated enzymatically with 

papain and collagenase type 2 for 1 hour each and mechanically with trituration. Final solutions 

were filtered (100 µm, Fisher) and cultured with DRG media. On 4 DIV, cultured coverslips 

were scraped in 500-µL RNAlater and stored at -80 ̊C. 

Table 2.1. Human DRG donor characteristics and donor-sample mapping. 
Donor id Age Sex Race Cause of death Sample ids 
1 53 F White ICH/stroke hDRG-1F, hDRG-1Fre,  

hDIV4-1F, and hDIV4-1Fre 
2 12 F White Anoxia/OD hDRG-2F, hDIV4-2F 
3 26 M White Head trauma/MVA hDRG-3F, hDIV4-3F 
4 34 M White Anoxia/OD hDRG-4F, hDIV4-4F 
5 18 F White Head trauma/MVA hDRG-5F, hDIV4-5F 
6 18 M White Head trauma/GSW hDRG-6F, hDIV4-6F 

DIV, days in vitro; DRG, dorsal root ganglion; ICH, intra-cerebral hemorrhage; OD, oxygen 
depreivation; MVA, motor vehicle accident; GSW, gunshot wound. 
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RNA sequencing 

Human and mouse DRG tissue/cultured cells were stored in RNAlater and frozen in -80 ̊C 

until use. Samples obtained at the Washington University at St Louis were shipped to UT Dallas 

on dry ice for uniform library preparation. All RNA isolation and sequencing was performed in 

the Price laboratory. On the day of use, the frozen tubes were thawed to room temperature. To 

obtain RNA from tissue samples, the tissue was extracted from RNAlater with ethanol cleaned 

tweezers and put in 1 mL of QIAzol (QIAGEN, Inc, Valencia, CA) inside 2-mL tissue 

homogenizing CKMix tubes (Bertin Instruments, Rockville, MD). To obtain RNA from cell 

cultures, cells were spun down to the bottom of the tube by centrifuge at 5000g for 10 minutes. 

RNAlater was then removed from the tube, and cells were resuspended with 1 mL of QIAzol and 

transferred to the homogenizing tube. For both tissues and cell cultures, homogenization was 

performed for 3 x 1 minute with Minilys personal homogenizer (Bertin Instruments) at 4 ̊C. This 

time course was used to avoid heating during homogenization. RNA extraction was performed 

with RNeasy Plus Universal Mini Kit (QIAGEN, Inc) with the manufacturer provided protocol. 

RNA was eluted with 30 µL of RNase free water. Based on the RNA size profile determined by 

the Fragment Analyzer (Agilent Technologies, Santa Clara, CA) with the High Sensitivity Next 

Generation Sequencing fragment analysis kit, we decided to sequence all human samples with 

total RNA library preparation and all mouse samples with mRNA library preparation. Total RNA 

was purified and subjected to TruSeq stranded mRNA library preparation for mouse or total 

RNA Gold library preparation (with ribosomal RNA depletion) for human, according to the 

manufacturer’s instructions (Illumina, San Diego, CA).Quality control was performed for RNA 

extraction and cDNA library preparation steps with Qubit (Invitrogen) and High Sensitivity Next 
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Generation Sequencing fragment analysis kit on the Fragment Analyzer (Agilent Technologies). 

After standardizing the amount of cDNA per sample, the libraries were sequenced on an Illumina 

NextSeq 500 sequencing platform with 75-bp single-end reads in multiplexed sequencing 

experiments, yielding a median of 22.3 million reads per sample. mRNA library preparation and 

sequencing was prepared at the Genome Center in the University of Texas at Dallas Research 

Core Facilities. 

RNAscope-based imaging 

RNAscope in situ hybridization (multiplex version 1) (F. Wang et al., 2012) assays were 

conducted based on Advanced Cell Diagnostics (ACD) protocols. 

Intact dorsal root ganglia 

Fresh frozen lumbar DRG were rapidly dissected, frozen in cryomolds with O.C.T (Fisher 

Scientific; Cat# 23-730-571) over dry ice, and sectioned at 20 µm onto charged slides. The 

sections were fixed in cold (4 ̊C) 10% formalin for 15 minutes and then dehydrated in 50% 

ethanol (5 minutes), 70% ethanol (5 minutes), and 100% ethanol (10 minutes) at room 

temperature. Slides were briefly air dried, and boundaries were then drawn around each section 

using the hydrophobic ImmEdge PAP pen (Vector Labs, Burlingame, CA). When hydrophobic 

boundaries had dried, protease IV reagent was used to incubate the sections for 2 minutes and 

then washed in 1x phosphate-buffered saline (PBS). Every slide was placed in a prewarmed 

humidity control tray (ACD) with dampened filter paper and incubated in a mixture of channel 1 

(Cd68; ACD Cat# 316611), channel 2 (Calca; ACD Cat#417961), and channel 3 (P2rx3; ACD 

Cat# 521611) probes for 2 hours at 40 ̊C. This was performed one slide at a time to avoid liquid 

evaporation and section drying. After probe incubation, the slides were washed 2 times in 1x 
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RNAscope wash buffer, submersed in AMP-1 reagent, and returned to the oven for 30 minutes. 

Washes and amplification were repeated using AMP-2, AMP-3, and AMP-4B reagents with 15-, 

30-, and15-minute incubation period, respectively. Slides were then washed 2 times in 0.1 M 

phosphate buffer (PB, pH7.4) and then submerged in blocking reagent (10% Normal Goat serum 

and 0.3% Triton-X 100 in 0.1 M PB) for 1 hour at room temperature. Slides were incubated in 

primary antibody (mouse-anti-Neurofilament 200; clone N52; Sigma) at 1:500 in blocking buffer 

overnight at 4 ̊C. The next day, slides were washed 2 times in 0.1 M PB and then incubated in 

secondary antibody (goat-anti-mouse H&L 405; 1:2000) for 1 hour at room temperature. 

Sections were washed 2 times in 0.1 MPB, air dried, and cover-slipped with Prolong Gold 

Antifade (Fisher Scientific; Cat# P36930) mounting medium. 

Cultured dorsal root ganglia 

At 4 DIV (no media change), media were aspirated from each well and the chambers 

disassembled from the slide. The slide was washed once in 1x PBS and fixed for 30 minutes at 

room temperature in 10% formalin. Slides were then washed twice in 1x PBS after which 

RNAscope in situ hybridization was performed as described above with the noted changes. 

Protease incubation was 10 minutes at room temperature with protease III reagent (1:30 in 1x 

PBS). Probe incubation used a channel 1 (Cd68) probe. Permeabilizing reagent (0.02% Triton-X 

100) was added to blocking buffer (10% normal goat serum in 0.1 M PB) only for the one-hour 

blocking step. Slides were incubated in primary (rabbit-anti-peripherin; 1:1000; Sigma) and 

secondary (goat-anti-rabbit H&L 488; 1:2000) antibodies as described. Slides were washed once 

in 0.1 M PB and incubated in 4’,6-diamidino-2-phenylindole (DAPI) (1:5000) for 5 minutes at 

room temperature before washing, mounting, and imaging as described. 
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Imaging 

All images were taken on an Olympus FV3000 confocal microscope using the 20x and 40x 

objectives. Images were pseudocolored to show 4 distinct color frequencies and overlaid, using 

the CellSens software (Olympus). 

Computational analysis 

Mapping and trancripts per million quantification 

RNA-seq read files (fastq files) were checked for quality by FastQC (Babraham 

Bioinformatics, https://www.bioinfor-matics.babraham.ac.uk/projects/fastqc/), and read 

trimming was performed based on the Phred score and per-base sequence content (base pairs 13 

through 72 were retained). Trimmed Reads were then mapped against the reference genome and 

transcriptome (Gencode vM16 and GRCm38.p5 for mouse, Gencode v27 and GRCh38.p10 for 

human (Frankish et al., 2019)) using STAR v2.2.1 (Dobin et al., 2013; Dobin & Gingeras, 2016). 

Relative abundances in transcripts per million (TPM) for every gene of every sample was 

quantified by stringtie v1.3.5 (Pertea et al., 2015). Downstream analyses were restricted to 

protein coding genes to make human (total RNA) and mouse(polyA+ RNA) libraries 

comparable; hence, TPMs of only genes annotated as coding genes in the Gencode database 

were renormalized to sum to a million. Sequencing and mapping statistics reported by STAR are 

presented in Table 2.2. 

Hierarchical clustering 

RNA-seq samples for each species were analyzed for similarity by performing hierarchical 

clustering. The distance metric used for clustering was (1 – correlation coefficient) based on the 

Pearson correlation coefficient (Pearson, 1895), and average linkage was used to generate the  
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Table 2.2. Statistics for RNA-seq experiments. 
Sample id No. of reads 

sequenced 
No. of reads 
mapped 

No. of reads 
mapped 
uniquely 

No. of coding 
genes detected 

mDRG-1Mg 22,212,434 21,048,941 16,559,517 15,749 
mDRG-2Mg 19,189,967 18,300,700 14,957,918 15,626 
mDRG-3Mg 22,487,076 21,509,723 17,478,260 15,731 
mDRG-4Fg 22,509,372 21,402,718 17,608,765 15,719 
mDRG-5Fg 19,655,816 18,756,552 15,205,161 15,619 
mDRG-6Fg 23,274,760 22,290,521 18,174,167 15,828 
mDRG-1Mp 14,877,799 14,315,363 11,760,256 15,536 
mDRG-2Mp 15,635,533 15,082,808 12,348,811 15,593 
mDRG-3Mp 16,808,435 16,186,083 13,173,528 15,797 
mDRG-4Fp 15,577,724 14,993,698 12,189,645 15,631 
mDRG-5Fp 15,316,097 14,756,450 11,993,815 15,638 
mDRG-6Fp 16,108,903 15,531,301 12,558,411 15,707 
mDIV4-1Mg 19,520,498 18,593,009 15,426,436 15,193 
mDIV4-2Mg 23,861,527 22,827,565 18,645,619 15,402 
mDIV4-3Mg 22,706,726 21,755,398 17,668,475 15,520 
mDIV4-4Fg 14,769,253 13,761,459 10,464,363 15,078 
mDIV4-5Fg 21,735,780 20,745,007 16,544,691 15,362 
mDIV4-6Fg 21,313,704 20,495,656 16,698,375 15,463 
mDIV4-1Mp 15,572,289 14,959,958 11,966,895 14,879 
mDIV4-2Mp 16,189,281 15,581,390 12,564,211 15,105 
mDIV4-3Mp 17,299,306 16,653,412 13,433,467 15,025 
mDIV4-4Fp 15,873,155 15,285,290 12,296,395 14,778 
mDIV4-5Fp 14,300,332 13,735,983 11,025,628 14,767 
mDIV4-6Fp 16,582,457 15,955,531 12,832,261 14,991 
hDRG-1F 37,683,580 35,740,910 12,227,687 15,590 
hDRG-1Fre 60,648,611 58,374,576 19,659,672 16,016 
hDRG-2F 45,504,043 43,479,464 16,157,986 15,881 
hDRG-3M 43,890,090 41,819,026 14,804,561 15,656 
hDRG-4M 83,956,740 79,390,702 27,625,219 16,507 
hDRG-5F 44,290,887 42,269,829 15,481,526 15,594 
hDRG-6M 39,464,882 36,862,011 12,529,277 15,684 
hDIV4-1F 29,815,327 28,497,933 9,368,106 14,420 
hDIV4-1Fre 42,975,599 40,614,264 15,459,290 15,230 
hDIV4-2F 35,923,946 34,767,067 19,764,235 14,886 
hDIV4-3M 37,956,210 36,724,983 19,909,457 14,979 
hDIV4-4M 49,113,664 47,509,436 26,123,855 15,253 

DIV, days in vitro; DRG, dorsal root ganglia. 
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dendrogram from the distance matrix. The hierarchical clustering was then used to determine 

whether there were any transcriptome-wide differences in the RNA profiles based on sex or 

based on technical factors that were changing across laboratories (for the mouse samples). 

Outlier analysis 

In human cultured DRG samples, we detected an outlier (sample id hDIV4-1F, Figure 

2.1A). To rule out incorrect library construction, we sequenced this sample again using another 

independently prepared library. However, the new library was still an outlier on sequencing but 

very similar to the original library (suggesting low technical variability in our library preparation 

and sequencing steps). In contrast to the other human DRG cultures, this sample had negligible 

expression levels for many neuronal markers such as CALCA, TRPV1, and SCN10A 

(Supplementary Table s2.1, sheet 1), suggesting that few neurons survived the culturing 

process for this sample. Consistent with this, experimental notes regarding cultures from hDIV4-

1F indicated very sparse apparent neurons in the cultures (not shown). Thus, this sample and its 

paired intact DRG sample (sample id hDRG-1F) were excluded from further analysis. A mouse 

outlier sample (sample id mDIV4-4Fg, Figure 2.1B) was similarly analyzed, but expression of 

neuronal marker genes was considered sufficient for retention in the analysis. 

Identification of consistently detectable genes 

Previous studies on whole DRG tissue have found functional responses for G-protein-

coupled receptors (GPCRs) with < 0.4 TPMs (e.g. GRM2 functionally studied and abundance 

quantified in the papers (Davidson et al., 2016; P. Ray et al., 2018)). This suggests that the 

approach of picking an expression threshold (in TPMs) to classify a gene either as “on” or “off” 

is likely to miss functionally relevant gene products based on traditional thresholds (~1 TPM, as 
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in North et al. (North et al., 2019)). Instead, we classified consistently detectable genes based on 

reads being detected in the exonic region in 80% or more of the samples in a particular condition 

(i.e in at least 4 of 5 human replicates, or in at least 10 of 12 mouse replicates).Assuming iid 

probabilities for detecting a read emanating from a particular gene in an RNA-seq experiment, 

this criterion causes the sensitivity of our approach to be suitable for our purpose, calling 

consistently detectable genes to be those that have ≥1 read in 7 million coding gene reads in an 

RNA-seq library, as: 

1− �1−
1

7 × 106�
11×106

= 0.792 ≈ 0.8 

(all of our RNA-seq datasets have > 11 million reads mapping to coding gene exons) 

Differential expression metrics 

Owing to small sample sizes in humans, stringent statistical hypothesis testing using the 

Student’s t test (Student, 1908) with Benjamini–Hochberg multitesting correction (Benjamini & 

Hochberg, 1995) yields few statistically significant differences. 

We therefore decided to use strictly standardized mean difference (SSMD) to discover 

genes with systematically altered expression levels between experimental conditions. For each 

human and mouse coding gene, we report foldchange and the SSMD across conditions. 

Standardized mean difference is the difference of means controlled by the variance of the sample 

measurements. We used SSMD as a secondary effect size since it is well suited for small sample 

sizes as in our human samples (North et al., 2019; X. D. Zhang et al., 2009) while 

simultaneously taking into account the dispersion of the data points. For determining SSMD 

thresholds that identify genes that are systematically changing between conditions, we use the 

notion of the related Bhattacharyya coefficient (Bhattacharyya, 1943) which is used to calculate 
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the amount of overlap in the area under the curve of the 2 sample distributions to control for false 

positives in differential expression analysis. For homoskedastic Gaussian distributions, we find 

that based on the Bhattacharyya coefficient, the less stringent constraint |SSMD| > 2.0 

corresponds to a 36.8% overlap in the area under the curve of the 2 sample distributions being 

tested, while the more stringent |SSMD| > 3.0 corresponds to a 10.5% overlap. The less stringent 

criterion was used to select differentially expressed genes in gene sets of pharmacological 

interest, since genes with a moderate amount (< 36.8%) of overlap in TPM distributions between 

intact and cultured DRG should likely not be targeted for pharmacological purposes. The more 

stringent constraint corresponding to little or no overlap in sample distributions (< 10.5%) was 

used to identify differentially expressed genes at the genome-wide level. Since our data are 

paired, we report several variations of the standard fold change metric. We calculated the ratio of 

means across conditions to not only compare cohort-level statistics but also calculate the mean of 

ratios of paired samples to better control for individual to individual variations in the 

transcriptome. However, the mean of ratios is more susceptible to outlier values, so we further 

modified it to calculate the median of ratios. All foldchanges are reported as log2 fold changes, 

for symmetric scaling of fold changes in both directions. Since naive filtering or ranking by log-

fold change can produce incorrect results (Pimentel et al., 2017) we constrain differentially 

expressed genes by SSMD threshold. However, we do additionally constrain that the fold change 

(ratio of means or median of ratios) be > 1.5, since dosage-based functional effects are unlikely 

to be manifested as a result of lower fold changes. To avoid issues in calculations of these 

metrics for genes with no detectable reads in one or both conditions, a smoothing factor of 0.01 

was added to both the numerator and denominator when calculating fold changes and to the 
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denominator when calculating the SSMD. We also provide uncorrected P values for paired, 2-

sample, 2-tailed t tests conducted for individual genes. These cohort and intercohort statistics, 

along with individual sample TPMs, and cohort means, are provided in Supplementary Table 

s2.1, sheets 1 and 2. 

Estimation of density functions 

To estimate the density functions of fold change (ratio of means) and SSMD for human 

and mouse pharmacologically relevant genes, we used the inbuilt ksdensity function in Matlab, 

using normal kernel smoothing. 

Human-mouse gene orthology mapping and gene expression change comparisons across species 

Orthologous genes with a one-to-one mapping between human and mouse genomes were 

identified using the Ensembl database (Herrero et al., 2016). Genes from the relevant gene 

families (GPCRs, ion channels, kinases) were removed from analysis if one-to-one orthology 

was not identified between human and mouse genes. In addition, because of the complicated 

nature of the orthology map in the olfactory receptor and TAS2R families in mice and human 

(Conte et al., 2003; Young et al., 2002), these genes families were also excluded from analysis. 

For all remaining genes in these families that were consistently detected in human or mouse 

samples, a trend score was calculated by multiplying the SSMD and log median of paired fold 

change values. The correlation of the human and mouse trend scores were calculated using 

Pearson’s R (Pearson, 1895). Genes not consistently detected in samples of either species were 

left out of the analysis to avoid inflating the correlation based on the trend scores. 
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Marker gene list compilation 

Gene lists used in the paper (ion channel, GPCR, kinase) were acquired from online 

databases including the Gene Ontology (AMIGO), HUGO Gene Nomenclature Committee and 

the Human Kinome database.20,35,58 

Marker gene lists for constituent cell types in the DRG were sourced from the literature 

and validated in a recently published mouse nervous system single cell RNA-seq database 

published by Zeisel et al.(Zeisel et al., 2018) We found that many of the traditional protein-based 

fluorescence markers for these cell types were not ideal for our analyses. Of the 49 marker genes 

we sourced from the literature, we looked for enrichment in the relevant cell subpopulations in 

the Zeisel et al. database. Since PNS macrophages and PNS vascular cells were not profiled in 

the database, the maximum expression levels in subpopulations of central nervous system (CNS) 

immune cells/microglia and CNS vascular cells profiled in the database were used as surrogates. 

Genes that had expression levels in the Zeisel et al. database that were 2-fold (or greater) higher 

in at least one of the subpopulations of the relevant cell type compared with the other constituent 

DRG cell types (or their surrogates) were considered to be enriched in the corresponding cell 

types. Of the 49 marker genes we sourced from the literature, only 34 were found to be enriched 

in the relevant cell types and were subject to statistical hypothesis testing using paired t-tests. 

Benjamini–Hochberg correction for false discovery rate control was performed on these genes 

since this gene set was determined pre hoc. A complete list of the 49 genes and their expression 

levels in cultured and intact DRG, along with statistical hypothesis testing on the 34 validated 

marker genes, is provided in Table 2.3. Based on our analysis in the Zeisel et al. database, the 

literature-based markers Gap43, Ncam1, and Ncam2 for non-myelinating Schwann cells were  
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Table 2.3. Differential expression analysis in human and mouse DRG for constituent cell type 
marker genes. 
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also found to be expressed in satellite glial cells (SGCs) and/or neurons. Similarly, SGC markers 

Dhh, Fbln5, and Ceacam10 are expressed in both Schwann cells and SGCs. Fbnl2, Tyrp1, and 

Prss35 were found to be comparably enriched in proliferating and nonproliferating SGCs. 

Microglial/macrophage markers Apoe, Fabp7, and Dbi were also found to be expressed in SGCs 

and not used as markers. Finally, Trpc5 was found to be absent in mouse sensory neurons. 

Code 

Coding was performed in Matlab, and data visualization was performed in Matlab and 

GraphPad Prism V8. Normalized counts and analysis are presented in a companion website: 

https://bbs.utdallas.edu/painneurosciencelab/sensoryomics/culturetxome/. 

 

Results 

Hierarchical clustering of human and mouse samples reveal whole transcriptome differences 

between cultured and intact DRG 

We used hierarchical clustering to assess differences between RNA-seq samples analyzed in this 

study. As shown in Figure 2.1, the top-level split of the hierarchical clustering for both human 

and mouse samples was between cultured and intact DRG tissue, showing consistent whole 

transcriptome changes between the two. We identified broad changes in the transcriptome 

between intact and cultured DRG, with 2440 human and 2941 mouse genes having a fold change 

(ratio of means and median of ratios) > 1.5, and |SSMD| > 3.0 between compared conditions 

(Supplementary Table s2.1, sheets 1 and 2). The smaller number of changed genes that we 

detect in human can be attributed to a smaller number of detected genes that increase in 

abundance in culture in humans compared with mouse. Of the differentially expressed genes,  
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Figure 2.1. Hierarchical clustering of all human (A) and mouse (B) samples based on TPM-based 
whole genome gene abundances. (A) Cultured and intact human DRG tissue samples are 
separated into 2 clusters. The outlier sample hDIV-1F and its paired dissected sample (hDRG-
1F) were excluded from further analysis. (B) Cultured and intact mouse DRG samples also 
segregate into separate clusters. Subclusters in the cultured DRG and dissected DRG clusters 
correspond to sample generated in Gereau and Price laboratories. The outlier sample mDIV4-
4Fg shows moderate expression of neuronal genes, and clusters with other Gereau laboratory 
cultured samples when unrooted clustering is performed for cultured mouse DRG samples. 
(Sample id nomenclature—Prefix: h, human; m, mouse; Infix: DRG, intact DRG samples; DIV4, 
4 days in vitro (4 DIV) DRG cultures; Suffix: M, male; F, female; p, Price laboratory; g, Gereau 
laboratory; re, repeated library preparation and sequencing. DRG, dorsal root ganglia) 
 
only 443 (18%) of the human genes and 1156 (39%) of the mouse genes have increased 

abundances in cultured conditions, which suggests that a majority of the differentially expressed 

genes gain in relative abundance in intact DRG compared with culture. Controlled laboratory 
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conditions and a similar genome (belonging to the same mouse strain) potentially causes lower 

within-group variation at the level of individual genes in the mouse samples with respect to the 

human samples. The smaller number of human genes detected to be increasing in culture can 

likely be attributed to higher within-group variation in human samples, since genes that show 

significantly increased expression in cultured conditions have more moderate changes (median 

across ratio of means in genes satisfying differential expression criterion—human: 2.8 fold, 

mouse: 3.5 fold) in expression compared with genes that show significantly increased expression 

in intact DRG (median in human: 5.4 fold, mouse: 5.1 fold). They are therefore less likely to be 

detected in a lower signal to noise ratio scenario. 

No distinct differences at the whole transcriptome level across sexes 

In both human and mouse samples, we did not find clear sex differences at the whole 

transcriptome level, although individual sex markers such as UTY differ between the sexes 

(Supplementary Table s2.1, sheets 1 and 2), consistent with previous findings (Lopes et al., 

2017). Thus, male and female samples were grouped together for further analyses. 

Small set of differences between cultured mouse dorsal root ganglion transcriptomes across 

different laboratories 

Experiments were performed in 2 laboratories (Gereau laboratory—sample ids with a “g” 

suffix; and Price laboratory—sample ids with a “p” suffix, Figure 2.1B) independently for 

mouse data sets. Although both laboratories used the same strain of mouse, both intact and 

cultured DRG had a small but distinct transcriptome difference between the 2 laboratories, 

leading us to analyze the magnitude and nature of the laboratory-specific differences.  



 

29 

Changes in intact DRG RNA profiles across laboratories are likely caused by 

environmental differences between animal facilities. In addition, although changes in gene 

expression levels are well known to be different across inbred mouse strains , recent research 

suggests that even for inbred mouse strains separated for over hundreds of generations, mutation 

profiles diverge and can cause different outcomes in molecular assays and have been shown to 

cause changes in immune function–related genes (Chisolm et al., 2019).  

Changes in cultured DRG across laboratories can additionally be explained by differences 

in culturing protocol. Among the genes that have a greater than 2-fold change in expression is 

Ngfr (mean TPM in Price laboratory: 973, in Gereau laboratory: 438), potentially due to the use 

of nerve growth factor in the culturing process in the Price laboratory. Several genes that were 

detected in one or both laboratories’ cultures had laboratory-specific expression changes with 

|SSMD| > 2 and are noted in Figure 2.2. Surprisingly, we saw that interlaboratory transcriptome 

differences in cultured mouse DRG were smaller in cultured samples with respect to intact DRG 

(Figure 2.1B) despite differences in culturing protocols (e.g. without nerve growth factor in the 

Gereau laboratory, and with nerve growth factor in the Price laboratory).This is likely due to the 

fact that neurons have the most plastic molecular profiles and putatively decline in proportion in 

cultured DRG.  

The small amount of changes in DRG culture between the 2 laboratories can be 

summarized as follows. A large amount of overlap was found in consistently detected genes for 

GPCRs (consistently detected in Price laboratory culture: 191, in Gereau laboratory culture: 214, 

overlap in both laboratories’ cultures:183; Figure 2.2A), RKs (consistently detected in Price 

laboratory culture: 59, consistently detected in Gereau laboratory culture: 66, overlap in both  
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Figure 2.2. Scatter plot and Venn diagrams showing a small amount of differential expression of 
GPCR genes (A), RK genes (B), and ion channel genes (C) in culture between the Price and 



 

31 

Gereau laboratories. The number of genes consistently detected in RNA-sequencing assays for 
each laboratory is shown in Venn diagrams separated by gene families in (D). Expression levels 
of genes in all 3 families showed consistent correlation between the 2 laboratories: GPCR genes: 
Pearson’s R2: 0.64, P < 0.01, RK genes: Pearson’s R2: 0.81, P < 0.01, ion channel genes: 
Pearson’s R2: 0.83, P < 0.01. Genes such as Alk and Insrr are plotted on the diagonal, but marked 
as consistently detected only in Gereau laboratory samples. This is because they have 
comparable mean TPMs in samples from both laboratories, but are only consistently detected (in 
5 or more samples of 6) in the Gereau laboratory. GPCR, G-protein–coupled receptor; TPM, 
transcripts per million. 
 
laboratories’ cultures: 57; Figure 2.2B), and ion channels (consistently detected in Price 

laboratory culture: 204, in Gereau laboratory culture: 217, overlap in both laboratories’ cultures: 

200; Figure 2.2C and D for summary of numbers).  

We find that most genes highlighted in Figure 2.2 have low expression levels (high 

concentration of genes in the region corresponding to mean TPM < 1.0 for one or more 

laboratories in scatter plots of Figure 2.2), or low log fold changes across laboratories (high 

concentration of genes in the proximal region of the line x = y in scatter plots of Figure 2.2), or 

both. This drives the high correlation in RNA profiles between cultured DRG from both 

laboratories. Most importantly, for a large majority of the genes that are differentially expressed 

in DRG cultures between the laboratories, the trend of changes between intact and cultured DRG 

transcriptome was identical, suggesting that though the degree of change is different for these 

genes between laboratories, the direction of change is consistent. However, we did identify a 

small set of pharmacologically relevant genes that had moderate or high gene expression (mean 

TPM > 1.0) in cultured conditions for at least one laboratory, and a 2-fold or greater change in 

mean TPM between cultures from the 2 laboratories, but trended in opposite directions between 

intact and cultured DRG transcriptomes. These genes, which consist of 12 GPCRs 

(Adgrd1/g3/l2/l4, Adra2a, Aplnr, Bdkrb2, Gpr85/158, Gpr37l1, Mchr1, and Prokr2), 1 RK 
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(Kdr), and 10 ion channels (Aqp1, Cacna2d1, Gjb2, Grid1/2, Kcna1/q2, Lrrc8b/8d, and P2rx3) 

show that expression levels for a small set of potential pharmacological targets are influenced by 

the culturing protocol.  

Overall, despite differences in culturing protocol, we find a consistent molecular phenotype 

in cultured mouse DRG (Figure 2.1B) in both laboratories that is further explored in the 

following sections. 

Increases in proliferating satellite glial cell and fibroblast markers compensated for by decrease 

in neuronal and Schwann cell markers in human and mouse cultures 

Owing to the magnitude of changes, we tested whether the proportion of mRNA sourced 

from the different constituent cell types of the DRG were different between intact and cultured 

samples. We profiled the expression levels of neuron, fibroblast-like cell, Schwann cell, SGC, 

and macrophage marker genes (chosen based on mouse single cell profiles (Zeisel et al., 2018)) 

in both human and mouse cultured and intact DRG. We found that neuronal markers were 

broadly downregulated in all cultured samples from mice and humans. Expression levels of 

neuronal markers in culture were decreased by a median SSMD of 5.55 and 4.20 in human and 

mouse data sets, respectively (Table 2.3). Conversely, markers for fibroblast-like cells (often of 

vascular origin) were increased by a median SSMD of 2.90 (human) and 2.03 (mouse) (Table 

2.3) in culture compared with intact samples. We found that myelinating Schwann cell markers 

(MPZ and MBP) in culture were decreased by a median SSMD of 4.24 (human) and 1.13 

(mouse) compared with intact tissues (Table 2.3), but markers for proliferating SGCs (Table 

2.3) were increased (by a median SSMD of 2.13 and 6.38 in humans and mice, respectively). 

Marker genes for all SGCs show a more mixed set of changes in both species since it is likely  
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Figure 2.3. Empirical density distribution of log2 fold changes (ratio of means) for GPCRs, ion 
channels, RKs, and non-RK kinases in human (A) and mouse (B). RKs and kinases as a group 
are weakly de-enriched in human and weakly enriched in mouse cultures (in the context of mean 
expression). However, both GPCRs and ion channels are strongly de-enriched in both human and 
mouse cultures, likely because of the variety of these genes that are expressed in sensory 
neurons. GPCR, G-protein–coupled receptor. 
 
that the proportion of proliferating SGCs in culture gain at the expense of other SGC 

subpopulations (Table 2.3). The marker gene CD68 for monocyte-derived immune cells also 

increases in humans (by 0.89, SSMD) and mice (by 3.25, SSMD) (Table 2.3). Of the 49 

literature sourced marker genes, 34 marker genes were validated by the Zeisel et al.’s data set. 

Of these, 5 SGC marker genes (CATSPERZ, FBLN2, TYRP1, PRSS35, and FBLN5) that were 
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found to be expressed in Schwann cell and SGC subpopulations beside proliferating SGCs from 

the Zeisel et al. data set show a variety of changes between abundances in intact and cultured 

DRG. Benjamini-Hochberg–corrected P values (at the level of false discovery rate ≤ 0.05 based 

on the pre hoc list of 34 cell type enriched marker genes) in the human and mouse marker genes 

are consistent in trend and statistically significant for all remaining 29 genes in both species 

(except for CD68 in humans which shows a consistent trend but higher within-group variability 

compared to its mouse ortholog; and Col13a1 in mouse and COL4A5 in human that show 

opposite trends in humans and mice possibly due to evolutionary gene regulatory divergence) 

(Table 2.3).These changes happen broadly (as shown by the density function across 

pharmacologically relevant gene families, Figure 2.3) and not just in specific regulatory 

pathways or gene sets. They indicate that the proportion of mRNA derived from neurons (and 

possibly Schwann cells) in our RNA-seq libraries decreases in cultured samples. In turn, this 

suggests that the proportion of neurons (which are postmitotic) to other cell types decreased in 

DRG cultures, while the proportion of dividing cells (such as fibroblast-like cells and 

proliferating SGCs) to other cell types increased. However, Schwann cells, which can be mitotic 

and proliferate under certain conditions, potentially also decrease in proportion based on our 

data. This is likely because axonal contact is required for Schwann cell survival (Valtcheva et al., 

2016). Developmentally established transcription factor expressions that define sensory neuronal 

identity (PRDM12, TLX2, TLX3, POU4F1, and DRGX) are all consistently decreased in human 

and mouse cultures (Supplementary Table s2.1 sheets 1 and 2), further suggesting that the 

observed changes are more likely to be caused by changes in relative proportions of cell types 

rather than molecular plasticity of neurons. These changes were expected, given the different 
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mitotic statuses of these cell types, and were almost certainly the primary factors in distorting the 

transcriptome from what is seen in vivo. The zero-sum nature of our relative abundance measure 

(TPM) potentially also amplifies this signal. 

Expression profiles of several pharmacologically relevant gene families show lower expression 

levels in dorsal root ganglion culture 

A primary use of DRG cultures is to examine pharmacological effects of ligands for 

receptors with the assumption that this type of experiment reflects what occurs in vivo (Melli & 

Höke, 2009). An underlying assumption of this type of experiment is that the presence or 

absence of a tested effect is reflected in consistent expression between in vivo and cultured 

conditions. To give insight into this assumption, we comprehensively cataloged expression of 

GPCRs, ligand-gated ion channels, and receptor kinases (RKs) in native and cultured human and 

mouse DRG. To comprehensively characterize the changes in these gene families, we also 

characterized expression profiles of non-RK soluble kinases (Supplementary Table s2.1, sheets 

3-10). We limited our soluble kinase comparisons to a well-characterized subset with clear 

mouse to human orthologs (Megat et al., 2019). 

We find that a number of these genes are consistently detected in intact DRG but not in 

culture. This was seen in human gene families of GPCRs (detected in intact DRG: 292; in 

culture: 190; of which 176were detected in both), ion channels (in intact DRG: 239, in 

culture:179, in both: 172), RKs (in intact DRG: 68; in culture: 60; in both: 59), and non-RK 

kinases (in intact DRG: 286; in culture: 277; in both:272), and a similar trend was observed in 

the mouse gene families as well. Since sensory neurons express a rich diversity of GPCRs and 

ion channels, the greater decrease in the number of consistently detected GPCRs and ion 



 

36 

channels is likely the result of a proportional decrease of neurons in culture and/or decrease of 

gene expression in cultured neurons. Lists of consistently detected genes in these gene families 

are presented in Supplementary Table s2.1, sheets 3–10.  

However, it is important to note that more than 75% of the human genes in these families 

(human: 679 of 885, mouse: 702 of 824) that are consistently detected in intact DRG are still 

detectable in culture. This suggests that at single cell resolution, DRG cultures could be used as a 

surrogate for in vivo models in preclinical research for a majority of pharmacologically relevant 

molecular assays.  

Next, for genes that are consistently detected in at least one condition, we identified the 

ones in these gene families that have |SSMD| > 2.0 (Tables 2.4 and 2.5, for human and mouse 

genes). Based on the SSMD values, while comparable numbers of GPCRs, ion channels and 

kinases were found to be decreased in cultured DRG (GPCRs—human: 85, mouse: 95; ion 

channels—human: 109, mouse: 122; kinases—human: 106, mouse: 70), more mouse genes were 

detected to be systematically trending in the opposite direction as compared to their human 

counterparts (GPCRs—human: 7, mouse: 20; ion channels—human: 7,mouse: 14; kinases—

human: 22, mouse: 66). As noted before, within-group variation is likely lower in mice due to 

controlled laboratory conditions and similar genetic backgrounds, and this enables us to detect 

more expression changes that have smaller effect sizes (as in the case of genes that are increased 

in cultured conditions). 

We also characterized the degree of change in expression by estimating the probability 

density of the fold change (ratio of means) for all the genes in these families. The empirically 

estimated probability density for the ratio of means (intact DRG : cultured DRG) of the human 
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and mouse pharmacologically relevant genes (Figure 2.3) shows a clear trend of decreased 

expression for a majority of the human ion channels and GPCRs. 

Table 2.4. Differentially expressed pharmacologically relevant genes (RKs boldfaced) in intact 
vs cultured human DRGs with | SSMD | > 2, partitioned by mean TPM in condition of higher 
expression. The number of genes in each column is shown in parentheses. Genes known to be 
associated with pain from GWAS / functional association databases and the literature are 
underlined. Typically, smaller TPM brackets have higher technical variance. 

GPCRs Ion channels Kinases 
Up in native DRG (85) Up in 

cultured 
DRG (7) 

Up in native DRG (109) Up in 
cultured 
DRG (7) 

Up in native DRG (105) Up in 
cultured 
DRG (22) 

> 50 TPM      
ADGRA2, ADGRB3, 
ADGRL1, ADGRL3, 
ADGRV1, GABBR1, 
GPR17, LGR5, LPAR6, 
TACR2 

GPR33, 
P2RY11 

ANO5, AQP1, 
CACNA1A, CACNA1B, 
CACNA2D1, 
CACNA2D3, CACNB1, 
CACNB3, CLCN2, 
CLCN6, GRIK2, GRIN1, 
ITPR3, KCNQ2, P2RX3, 
PKD2L2, RYR1, RYR2, 
RYR3, SCN10A, 
SCN11A, SCN1B, 
SCN4B, SCN8A, SCN9A, 
TPCN1, TRPV1, ZACN 

CLIC1, 
CLIC4, 
P2RX4, 
ANO6 

BCR, BRAF, BRD2, BRSK2, CAMK1D, 
CAMK2A, CAMK2B, CAMK2G, 
CAMKK1, CDK10, CDK9, CDKL1, 
CLK1, CLK2, CLK4, CSNK1G2, DCLK2, 
ERBB3, FER, FGFR1,  KALRN, KSR1, 
LIMK1, MAP2K5, MAP3K5, MAP3K6, 
MAPK12, MARK1, MARK2, MAST1, 
MAST2, MAST3, NEK1, NRBP2, NPR2, 
NTRK1, NTRK3, PINK1, PRKACA, 
PRKCA, PRKCZ, RET, ROCK2, SPEG, 
SRPK2, TAF1, TGFBR2, TLK2, TRRAP, 
TYRO3, ULK2, ULK3, WNK1 

ABL2, 
AXL, 
CDK2, 
CDK4, 
DAPK3, 
ILK, 
MAPKAPK
2, MYLK, 
NRBP1, 
PDGFRB, 
PTK7, 
TRIO 

> 25 TPM      
ADGRB1, ADGRG2, 
CELSR2, GABBR2, GPR18, 
GPR183, MRGPRE 

ADGRF5, 
ADGRL4 

ANO3, ANO8, AQP11, 
CACNA1C, CACNA1D, 
CHRNA7, CHRNE, CLCN5, 
GABRA2, GABRB3, GRIA4, 
GRIK3, GRIK5, HCN2, 
MCOLN3, SCN1A, TRPM2 

KCNN4 BMPR2, DCLK1, EGFR,  HIPK2, HSPB8, 
LRRK1, LRRK2, MAPK11, MST1, NTRK2, 
PAK3, PRKACB, PRKCB, PRKCE, PRKCI, 
SLK, TSSK3, TSSK4, TTBK2, TTN, ULK1 

DYRK4, 
FLT1, 
MAPKAPK3, 
MELK 

> 12.5 TPM      
CCR10, CHRM5, CXCR6, 
GNRHR, GPR146, GPR171, 
GPR37L1, GPR62, 
GPRC5B, GRM7, HTR2B, 
OR10AD1, OR2A1, 
OR2A42, OR52B6, P2RY12, 
P2RY14, SSTR1, TAS1R3, 
TAS2R40 

CXCR4 ANO4, ASIC1, CACNB2, 
CACNB4, CACNG7, 
CHRNB1, CLCN4, 
GABRG2, GJA9, GLRB, 
GRIA2, GRIK1, GRIN3B, 
KCNC1, KCND1, KCNH2, 
KCNQ5, KCNT2, LRRC8B, 
NALCN, P2RX5, P2RX6, 
SCNN1D 

AQP9 ACVR2A, ADCK1, BRD3, CDKL2, DAPK2, 
DSTYK, EPHA5, EPHA6, EPHB3, EPHB6, 
MAK, MAP2K6, MUSK, MYT1, OBSCN, 
POMK, PRKX, TNK1, TTBK1, WNK2 

IRAK2, 
PLK1, 
TRIB3, TTK 

> 6.3 TPM      
AVPR2, CELSR3, F2RL2, 
FZD2, GPER1, GPR158, 
GPR162, GPR182, GPR82, 
GPR87, GRM4, LPAR3, 
OPRM1, OR1K1, OR2A7, 
OR3A3, OR51I2, OR51J1, 
OXER1, PTGER4, 
TAS2R39, TSHR 

–   ANO2, CFTR, CHRNG, 
CLIC3, GJA4, GJB7, GJC3, 
GRIN2B, HCN1, KCNA2, 
KCNH7, KCNH8, KCNK12, 
KCNN2, KCNS1, LRRC8D, 
SCN3B 

–   EPHA10, FLT3, HIPK4, LMTK2, NEK5, 
PNCK, STKLD1 

NEK2 

> 3.1 TPM      
GPR149, GPR45, GRM3, 
GRM6, MRGPRF, OR11L1, 
OR13J1, OR5C1, OR6F1, 
OR6V1, PITPNM3 

GPR176, 
F2R 

AQP12B, GJB3, GRIN3A, 
KCNB2, KCNH1, KCNH3, 
KCNH6, KCNJ3, KCNK1, 
KCNK15, TRPC5 

–   KSR2, PRKAA2 DYRK3 

≤ 3.1 TPM      
ADRA2C, CCKBR, CXCR3, 
GPR135, GPR179, GPR26, 
GRM8, HTR5A, HTR6, 
OPRL1, OR1Q1, OR2AE1, 
OR5AS1, SSTR2, TBXA2R 

–   GLRA3, HCN3, KCNK10, 
KCNH5, KCNJ10, KCNJ12, 
KCNJ5, KCNJ9, KCNQ4, 
KCNV1, LRRC8E, SCN2B, 
TRPC3 

KCNJ8 FRK, PRKCQ –   
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Table 2.5. Differentially expressed pharmacologically relevant genes (RKs boldfaced) in intact 
vs cultured mouse DRGs, with | SSMD | > 2 partitioned by mean TPM in condition of higher 
expression. The number of genes in each column is shown in parentheses. Typically, smaller 
TPM brackets have higher technical variance. 

GPCRs Ion channels Kinases 
Up in native DRG (95) Up in 

cultured 
DRG (20) 

Up in native DRG (122) Up in 
cultured 
DRG (14) 

Up in native DRG (70) Up in cultured DRG 
(66) 

> 50 TPM      

Adora1, F2rl2, Gabbr1, 
Gabbr2, Gpr137, Lpar3, 
Mrgprd 

Adgre5, 
Mrgprf, 
Smo 

Ano3, Asic1, Asic2, Asic3, 
Cacna1a, Cacnb1, Cacnb3, 
Cacng7, Clcn2, Clcn6, 
Gabrg2, Glrb, Grik1, Grik5, 
Grin1, Hcn2, Htr3a, Kcna2, 
Kcnc4, Kcnd1, Kcnk1, 
Kcns1, Kcns3, Kcnt1, 
Mcoln1, Scn10a, Scn11a, 
Scn1b, Scn4b, Trpc3, Trpm4, 
Trpv1 

Clic1, 
Clic4, 
Gja1, 
Kcnn4, 
Lrrc8c 

Akt3, Brsk1, Brsk2, 
Camk2a, Camk2b, 
Camk2g, Cdk10, Cdk5, 
Cdkl2, Kit, Limk1, Limk2, 
Map2k4, Mapk11, Mapk12, 
Mast1, Nek1, Nek7, Npr2, 
Nrbp2, Ntrk1, Ntrk2, 
Phkg2, Pim3, Pink1, 
Prkaca, Prkacb, Prkca, 
Prkcb, Prkcd, Prkce, 
Prkcq, Prkcz 

Acvr1, Aurka, Aurkb, 
Axl, Bckdk, Bmpr1a, 
Cdk4, Ddr1, Erbb3, 
Ilk, Mapkapk2, 
Mark3, Pak2, Pbk, 
Pdgfrb, Plk1, Plk2, 
Riok3, Rock2, Ryk, 
Srm 

> 25 TPM           

Adgrb1, Cysltr2, Gpr45, 
Gprc5c, Grm7, Htr1d, 
P2ry1, Ptgdr, Pth1r 

Adgra2, 
Fzd1, 
Fzd2 

Ano8, Cacna1h, Cacna2d3, 
Chrna6, Chrnb2, Gabrb3, 
Gria4, Hcn3, Kcnb1, Kcnc1, 
Kcnc3, Kcnj12, Kcnn1, 
Kcnq4, Tpcn1, Trpa1 

Gjc1, 

Kcnk5, 

Pkd2 

Acvr1b, Camk1g, Dclk3, 
Mark1, Myt1, Ntrk3, Pim2, 
Pnck, Ttbk1 

Abl1, Bub1, Cdk2, 
Cdk7, Ddr2, Ephb2, 
Ephb3, Erbb2, 
Map3k3, Melk, Met, 
Nek2, Peak1, Pkd2, 
Pkn2, Plk4, Prag1, 
Ripk1, Ripk3, Tec, 
Tgfbr1, Tgfbr2 

> 12.5 TPM           
Adgrb2, Adgrg2, 
Adra2c, Agtr1a, Cckar, 
Cxcr4, Gpr161, Gpr162, 
Gpr27, Gpr35, Grm4, 
Mrgpra2a, Mrgpra2b, 
Mrgprx1, Npy2r, Opn3, 
Oprl1, Ptger1, Ptgfr 

Ackr3, 
Fzd7, 
S1pr2 

Cacna2d2, Cacng5, Chrna3, 
Chrna7, Gabra1, Gabra2, 
Grik4, Htr3b, Kcnb2, Kcng2, 
Kcnh1, Kcnh6, Kcnk2, 
Kcnk3, Kcnk4, Kcnn2, 
P2rx6, Scn1a, Scn2b, Trpm2 

Clcn5 
Camk1d, Camkk1, Dapk2, 
Flt3, Lmtk3, Map3k5, 
Pdk1, Wnk2 

Cdc7, Cdk6, Ephb4, 
Fer, Haspin, Irak4, 
Jak2, Lyn, Mastl, 
Mlkl, Pask, Riok1, 
Rock1, Scyl3, Trib3, 
Ttk, Vrk1, Vrk2, Wee1 

> 6.3 TPM           

Adora2a, Chrm4, Cnr1, 
Gpr135, Gpr139, 
Gpr146, Gpr149, 
Gpr157, Gpr37, Gpr61, 
Gpr75, Grm8, Hcrtr1, 
Htr1b, Htr7, Lgr5, 
Lpar5, Prokr1, Ptger3, 
Ptger4, Sstr2 

C3ar1, 
C5ar1, 
Celsr1, 
Cmklr1, 
Fzd6, 
Lpar6 

Aqp11, Cacna1d, Cacng2, 
Cacng4, Chrnb3, Chrnb4, 
Gabra3, Gabrg1, Gjb6, 
Gria1, Grin3a, Hcn4, 
Kcna4, Kcnc2, Kcng4, 
Kcnh7, Kcnj11, Kcnj3, 
Kcnj4, Kcnq3, Kcnq5, 
Kcnu1, Kcnv1, Nalcn, P2rx2, 
P2rx5, Ryr2, Trpc6, Trpm8 

– Amhr2, Cdkl1, Mst1r, 
Prkaa2, Tie1 Ikbke, Map3k2 

> 3.1 TPM           
Chrm2, Crhr2, Gpr156, 
Gpr160, Gpr22, Gpr3, 
Gpr68, Hcrtr2, Hrh3, 
Htr1a, Htr4, Nmur1, 
Ntsr2, Pitpnm3 

Adra1b, 
F2rl1, 
P2ry6 

Cacna1i, Gria2, Kcnk18, 
Scn5a 

Gjb5, 
Lrrc8e 

Brdt, Camk4, Epha10, 
Ksr2, Npr1, Tek Ror1 

<= 3.1 TPM           
Adrb1, Ccr10, Ccr2, 
Chrm1, Crhr1, Galr1, 
Gpr150, Gpr174, 
Gpr179, Gpr182, 
Gpr21, Gpr26, Gpr62, 
Gpr83, Gpr88, Hcar1, 
Hrh2, Htr5a, Lhcgr, 
Mas1, Oprd1, Oprk1, 
Ptafr, Ptger2, Rho 

Ccr5, 
Gpr84 

Aqp4, Best1, Cacna1e, 
Cacng3, Chrna10, Chrna4, 
Clic5, Gabrb1, Gabrb2, 
Gjd2, Kcnd2, Kcng1, Kcng3, 
Kcnh5, Kcnj13, Kcnj14, 
Kcnj16, Kcnj2, Kcnj8, 
Kcnj9, Kcnn3, Kcns2, 
Scnn1a 

Chrna1, 
Gjb4, 
Itpr2 

Bmx, Cdkl4, Epha6, 
Epha8, Ephb1, Insrr, Itk, 
Nek11, Sbk3 

Frk 
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Finally, we analyzed the trends in genes known to be involved in nociception, pain, and 

neuronal plasticity. Genes with |SSMD| > 2.0between conditions, and known to be associated 

with pain from the Human Pain Genetics Database, and the Pain—Gene association gene set 

(from the Comparative Toxicogenomics Database in Harmonizome (Davis et al., 2019; Rouillard 

et al., 2016)), as well as from the literature, are underlined in Table 2.4. They identify pain-

associated genes in these pharmacologically relevant families that change in expression between 

intact and cultured DRG. Based on changes in consistent detectability between the 2 conditions, 

|SSMD| values > 2.0, or ratio of means > 2.0, changes in expression of several genes are 

discussed below. 

Changes in human G-protein–coupled receptors 

Several GPCRs involved in proinflammatory pathways, including CCR1, CCRL2, CNR1, 

CXCR4, F2R, and CHRM1 (Yarwood et al., 2017; Y. Yu et al., 2017) were found to increase in 

abundance in cultured DRG. G-protein–coupled receptors found to be decreased in culture 

included DRD5, HTR5A, HTR6, and some metabotropic glutamate receptors (GRMs) such as 

GRM4 and GRM7, all of which have been shown to be highly neural tissue-enriched in humans 

(based on neural proportion score > 0.9 in Ray et al. (P. Ray et al., 2018)). Their mouse 

orthologs have also been shown to be neuronally expressed in DRG single-cell RNA-seq 

experiments (Usoskin et al., 2015). Many of these and other GPCRs changing in abundance 

between intact and cultured DRG (Table 2.4, and Supplementary Table s2.1, sheet 3) have 

been noted as potential targets for pain treatment (Bhave et al., 2001; Davidson et al., 2016; 

Megat et al., 2018; Stone & Molliver, 2009). Therefore, our findings suggest that under certain 

culture conditions false negatives could arise for these targets. 
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Changes in mouse G-protein–coupled receptors 

Proinflammatory mouse GPCRs were also found to be increased in cultured DRG, 

including Ccr5, Cxcr6, F2r, and F2rl1 (Kiguchi et al., 2010; Tillu et al., 2015; N. Vergnolle et 

al., 2001). Several neuronally expressed mouse GPCRs (based on Usoskin et al. (Usoskin et al., 

2015)), including Chrm2, Htr1a, Htr2c, Htr7, and metabotropic GRMs such as Grm4, showed 

higher expression in intact DRG (Table 2.5, and Supplementary Table s2.1, sheet 4). Many of 

these genes in the human and mice data sets were from orthologous families of receptors, 

including cytokine receptors, the protease activated receptor family (F2R), 5-HT receptors, and 

metabotropic GRMs. 

Changes in human ion channels 

Among the ion channels increased in abundance in cultured DRG were the chloride 

intracellular channels CLIC1 and CLIC4, gap junction protein GJA1, KCNG1 (Kv6.1), KCNJ8 

(KIR6.1), KCNN4 (KCa4.2), and P2RX4, TRPV4, and voltage-dependent anion channels VDAC1 

and VDAC2. Interestingly, many of these ion channels are involved in membrane potential 

hyperpolarization, suggesting a potential compensatory mechanism to suppress excitability. 

Neuronally expressed voltage-gated calcium channels such as CACNA1B, CACNA1F, CACNA1I, 

CACNAG5, CACNAG7, and CACNAG8; glutamate ionotropic receptors GRIA2 and GRIN1; 

voltage-gated potassium channels KCNA1, KCNA2, KCNB2, KCNC3, KCND1, KCND2, 

KCNH2, KCNH3, KCNH5, KCNJ12, KCNK18, KCNQ2, KCNT1, and KCNV1; purinergic 

receptors P2RX2 and P2RX5; and voltage-gated sodium channels SCN1A, SCN4A, SCNN1A, and 

SCNN1D were found to be increased in intact DRG (Table 2.4, and Supplementary Table s2.1, 

sheet 5). 
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Changes in mouse ion channels 

Changes in mouse ion channel genes were also quantified (Table 2.5, and upplementary 

Table s2.1, sheet 6). Genes increased in DRG cultures included several of the same families seen 

in human, such as chloride intracellular channels Clic1 and Clic4; gap junction proteins Gja1, 

Gja3, Gjb3, Gjb4, Gjb5, and Gjc1; the glutamate ionotropic receptor Grik3; voltage-gated 

potassium channels Kcnk5 (K2p5.1) and Kcnn4 (KCa4.2); and purinergic receptors P2rx1 and 

P2rx7. Among ion channels decreased in culture were the chloride intracellular channels Clic3 

and Clic5; voltage-gated calcium channels Cacna1i, Cacna1s, and Cacng3; cholinergic receptors 

Chrna10, Chrna6, Chrnb3, and Chrnb4; glutamate  ionotropic receptors Grik1 and Grin2c; 5-HT 

receptors Htr3a and Htr3b; voltage-gated potassium channels Kcnd2, Kcng3, Kcng4, Kcnj11, 

Kcnj13, Kcnn1, Kcnn2, and Kcns1; P2rx2; voltage-gated sodium channels Scn1a and Scn11a; 

and TRP channels Trpm2 and Trpm8.Most of these genes are well known to be neuronal in 

expression (Usoskin et al., 2015). Overall, the ion channel subfamilies changing in expression in 

culture in both species were similar and included primarily voltage-gated 

calcium/potassium/sodium channels, purinergic receptors, and gap junction proteins. 

Changes in human RKs and other kinases 

We found that the neuronally expressed genes from the NTRK family (NTRK1, NTRK2, 

and NTRK3) and the CAMK family (CAMK1D, CAMK1G, CAMK2A, CAMK2B, CAMK2G, and 

CAMKK1) were decreased in culture in the human DRG (Table 2.4, and Supplementary Table 

s2.1, sheets 7 and 9) 
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Changes in mouse RKs and other kinases 

Consistent with what we found in the human cultures, we identify decrease in abundance in 

neuronally expressed Ntrk family (Ntrk1, Ntrk2, and Ntrk3) and Camk (Camk1g, Camk2a, and 

Camk2b) family genes. The changes in the Ntrk family, re-sponsible for neurotrophin signaling 

in adult DRG neurons, demonstrate a consistent interspecies trend in culture. Consistent trends in 

the Camk family genes, which play a vital role in Ca2+-dependent plasticity in the brain (Colbran 

& Brown, 2004) and in nociceptors (Carlton, 2002; Y. Chen et al., 2010; Ferrari et al., 2013), 

also show conserved patterns in the DRG cultures (Table 2.5, and Supplementary Table s2.1, 

sheets 8 and 10). 

Neuronal injury and inflammation markers were increased in human and mouse dorsal root 

ganglion culture 

Dissection of the DRG causes an axotomy that may induce an inflammatory phenotype as 

is seen in vivo after peripheral nerve injury (Niemi et al., 2013). As shown in Figure 2.4, many 

genes associated with inflammation and cell proliferation, neuronal injury and repair, and 

immune signaling and response, including cytokines (Abbadie et al., 2009; Campbell & Meyer, 

2006; Watkins & Maier, 2002) and matrix metalloproteases (Ji, Xu, et al., 2009) associated with 

neuropathic pain, were differentially expressed in human and mouse DRG cultures with respect 

to intact DRG.  

Since several of these genes are increased or decreased in cultured samples, we used the 

mouse DRG single cell RNA-seqprofiles61to putatively identify cell types of expression among 

cells constituting the DRG (Supplementary Table s2.1, sheet 11). Indeed, we find that genes 

primarily expressed in neurons and Schwann cells decrease in relative abundance, even if they 
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are involved in proinflammatory signaling, since it is likely that these cell types are reduced in 

frequency in DRG cultures. Interestingly, several genes predicted to be primarily expressed in 

immune cells (TLR9 and CXCR3) (Figure 2.4A) and in vascular cells such as IL18BP (Figure 

2.4A) and CXCL17 (Figure 2.4B) were found to be reduced in relative abundance in cultures, 

suggesting that potential increase in immune and vascular cell proportions in culture are limited 

to certain cell subtypes in these categories. As maximal examples of gene expression changes in   

Figure 2.4. Expression levels in human and mouse intact vs cultured DRG. A wide diversity of 
genes involved in inflammation and proliferation, nerve and neuronal injury and repair, and 
immune signaling and response are profiled (A–C). Key expressed genes for M1 macrophages 
andHBEGF1macrophages are also shown(D). DRG, dorsal root ganglia; NS, |SSMD| ≥ 2; NE, 
not consistently detected for that condition; N/A, not applicable because orthologous gene not 
identified in that species; SSMD, strictly standardized mean difference. 
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our data sets, IL6 and MMP9 mRNA expression were increased 100-fold or more in human DRG  

culture (Figure 2.4C). 

Multiple subtypes of macrophages are involved in inflammatory processes and can be 

identified with specific markers (Hamidzadeh et al., 2017). In human and mouse, key M1 

macrophage genes CD68, CD80, and SOCS3 were all upregulated in culture compared with 

intact ganglia. As identified in a recent study, HBEGF+ inflammatory macrophages are 

responsible for fibroblast invasiveness in rheumatoid arthritis patients (Kuo et al., 2019). We 

noted that multiple genes expressed in this specific subtype of macrophage (PLAUR, HBEGF, 

and CREM) were increased in human and mouse DRG cultures, suggesting that this particular 

subtype of macrophage may be present in DRG cultures from both species (Figure 2.4D). 

While specifically identifying the exact subtype of immune cell involved is outside the 

scope of our bulk RNA-sequencing assay, our findings reveal clearly that many genes involved 

in neuronal injury, cell proliferation and inflammation, and immune signaling and response are 

increased in DRG cultures. 

Similarities and differences between human and mouse dorsal root ganglion culture 

transcriptomes in the context of intact dorsal root ganglion transcriptomes 

Complicated orthologies and differential evolutionary dynamics between human and 

mouse gene families (Young et al., 2002), and gaps in human to mouse orthology annotation 

(Nichio et al., 2017), make comparative transcriptomic comparisons difficult between human and 

mouse transcriptomes. We have previously made similar comparisons between native human and 

mouse intact DRG (P. Ray et al., 2018) not only finding overall similarities but also some 

changes in gene expression. Since we are analyzing changes in expression at the level of 
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individual genes (such as pharmacologically relevant ones), we limited our analysis to changes in 

expression in GPCRs, ion channels, and kinases in DRG cultures for tractability.  

We calculated trend scores for each GPCR, ion channel, RK, and non-RK kinase, after 

eliminating genes from the analysis with complicated orthologies between humans and mouse 

(Supplementary Table s2.1, sheets 12-15). We find a weak correlation between trend scores of 

human genes and their mouse orthologs in GPCRs (Pearson’s R: 0.19, one-tailed test P value: 

0.0008) and ion channels (Pearson’s R: 0.15, one-tailed test P value: 0.012). For specific genes, 

we find consistent increased (e.g. F2R, GPRC5A, and TRPV4) or decreased (e.g. SCN subfamily 

members, GABAR subfamily members) in cultured samples for both species. This suggests that 

expression patterns across cell types, which potentially contributes to the trend scores, are likely 

conserved in these genes across species. However, in several cases, genes may not be 

consistently detectable in one species but present in one or more conditions in the other (e.g. 

CHRM5 only detectable in human DRG, CHRNB4 only detectable in mouse DRG). TRPC5 is 

expressed at low levels in 3 intact mouse DRG samples, but significantly increased in expression 

in all human samples. In addition, several genes are expressed in both species, but have opposing 

expression trends across intact and cultured DRG (e.g. ACKR4 and CXCR6 decreased in human 

cultures, but increased in mouse cultures). Such changes are likely due to evolutionary 

divergence between species in gene expression across cell types, and/or differential 

transcriptional regulation between species. Both of these involve regulatory evolution. 

Supplementary Table s2.1, sheets 12–15, profile members of these gene families, their 

trend scores, and the number of human and mouse samples where they are detectable. This 

provides a roadmap for identifying genes changing in cultured vs intact DRG across species and 
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creates a resource for the neuroscience community interested in performing molecular assays in 

cultured DRG on these genes. 

Since several members of the MRGPR family do not havea one-to-one orthology between 

human and mouse genes, they were not included in the trend score calculation tables 

(Supplementary Table s2.1, sheet 12). Transcripts per million values from human and mouse 

cultures for all members of this gene family are presented in their own table because this family 

of genes plays an important role in sensory neuroscience (Table 2.6). 

Table 2.6. MRGPR/Mrgpr family gene expression levels in human and mouse 
Human Mouse 
Gene name Mean TPM 

in intact 
DRG 

Mean TPM 
in cultured 
DRG 

Gene name Mean TPM 
in intact 
DRG 

Mean TPM 
in cultured 
DRG 

MAS1 0.02 0.06 Mas1 0.75 0.05 
MAS1L 0.00 0.00 No MAS1L 

ortholog 
—  — 

MRGPRD 0.85 0.21 Mrgpra1 20.91 0.67 
MRGPRE 31.41 1.53 Mrgpra2a 23.85 0.96 
MRGPRF 5.45 1.84 Mrgpra2b 24.50 0.02 
MRGPRG 0.00 0.00 Mrgpra3 0.48 0.01 
MRGPRX1 4.45 0.48 Mrgpra4 0.00 0.00 
MRGPRX2 0.00 0.00 Mrgpra6 0.98 0.01 
MRGPRX3 0.32 0.08 Mrgpra9 0.15 0.03 
MRGPRX4 0.12 0.00 Mrgprb1 0.09 0.00 
   Mrgprb2 0.00 0.00 
   Mrgprb3 7.33 0.00 
   Mrgprb4 9.14 0.04 
   Mrgprb5 0.02 0.00 
   Mrgprb8 74.20 0.03 
   Mrgprd 21.22 19.68 
   Mrgpre 7.91 73.72 
   Mrgprf 0.00 0.00 
   Mrgprg 0.23 0.04 
   Mrgprh 18.86 0.82 
   Mrgprx1 0.04 0.01 
   Mrgprx2 20.91 0.67 
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Cd68 expression profiling using RNAscope 

Previous mammalian DRG culture protocols for profiling RNA landscapes in sensory 

neurons have used mitotic suppressors to inhibit proliferation of mitotic cells (Thakur et al., 

2014) despite evidence that such inhibitors produce off-target effects on neurons (Wallace & 

Johnson, 1989). This lends support to our hypothesis that changes to the cultured DRG 

transcriptome are at least partly shaped by an increase in proportion of proliferative cells. 

We chose to profile Cd68 by RNAscope. The gene product for Cd68 is well known as a 

marker for myeloid lineage immune cells such as monocytes and macrophages, including tissue-

residential and circulating myeloid cells (microglia/macrophage) in the mouse CNS (Zeisel et al., 

2018) and DRG (Liang et al., 2020). 

RNAscope assays were conducted in intact mouse DRG (Figure 2.5A). Gene expression 

for Cd68, and Calca (marker for most nociceptive neuronal subpopulations) and P2rx3 (marker 

for most nonpeptidergic nociceptive neuronal subpopulations), was detected using the 

RNAscope probes. In addition, immunostaining of Nf200 (gene product of Nefh, marker for 

neurofilament cell bodies and afferents) was performed. We also performed RNAscope assays 

incultured mouse DRG (Figure 2.5B) using only the Cd68 probe identifying Cd68 gene 

expression, additionally immunostaining Peripherin (gene product of Prph—a pan-sensory 

neuronal gene marker). 

We then queried the mousebrain.org (Zeisel et al., 2018) database to identify putative cell 

type of expression (Figure 2.5C) of Cd68. The database contained gene expression levels for 

neurofilament (PSNF1-3), peptidergic (PSPEP1-8), and nonpeptidergic (PSNP1-6) sensory 

neuronal subpopulations as well as Schwann cell (SCHW) and SGC (SATG1-2) subpopulations.  
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Figure 2.5. Cd68 expression in intact vs cultured mouse DRG. RNAscope in situ hybridization 
imaging (20x) in pseudocolor for Cd68 (red) in combination with various neuronal markers 
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including Calca (green), P2rx3 (cyan), and immunostained Nf200 (blue) in intact mouse DRG 
(A). RNAscope in situ hybridization imaging (20x) in pseudocolor for Cd68 (red) and 
immunostained Peripherin (green) and DAPI staining (blue) in cultured mouse DRG (B). log2 
transformed expression levelsofCd68and neuronal markers from mousebrain.org (C) in mouse 
DRG neuron and glial subtypes, and nervous system vascular and immune cells show Cd68 is 
detected only in macrophage-like cells (ND, not detectable). Overlay of images show that Cd68 
mRNA is not expressed in neurons in either intact (D) or cultured (E)mouse DRG neurons. 
Expression levels (in log2-transformed TPMs) of Cd68 in intact vs cultured mouse DRG are 
plotted (F) to show the consistent increase of Cd68 expression in cultures. Differentially 
expressed gene TPMs show strong correlation (or anticorrelation) to Cd68 abundance (in TPMs) 
(G), suggesting a consistent phenotype across samples and laboratories. Overlay of RNAscope in 
situ hybridization imaging (40x) for cultured mouse DRG (H) suggests Cd68+ cells have 
consistent shape and size with respect to DRG macrophages. Scale bar for 20x images equal to 
50 µm and 40x equal to 20 µm. DRG, dorsal root ganglia; TPM, transcripts per million. 
 
Since the database did not profile DRG vascular or immune cells, we used CNS vascular and 

immune cell population gene expression profiles as surrogate. Central nervous system vascular 

cells profiled include venous/capillary/arterial endothelial cells (VECA, VECV and 

VECC),vascular leptomeningeal cells (ABC and VLMC1-2), pericytes(PER1-3), and arterial 

smooth muscle cells (VSMCA). Central nervous system immune cells profiled include 

microglia/tissue-resident macrophages (MGL1-3) and perivascular macrophages (PVM1-2). We 

thus find (using an external data set) that Cd68 expression in mouse DRG is non-neuronal, and 

that it is only expressed in macrophage-like cell populations, in agreement with DRG immune 

cell studies (Liang et al., 2020). 

Overlays of fluorescence imaging of the intact DRG (Figure 2.5D) and cultured DRG 

(Figure 2.5E, additionally overlaid with DAPI stain to identify nuclear DNA) on the 20x 

objective show cofluorescence among the cell type markers. Little to no overlap is seen between 

Cd68-driven fluorescence and the neuronal markers in intact DRG, clearly showing that Cd68 

expression is non-neuronal in origin. In the cultured DRG, we find no overlap of Cd68-driven 

fluorescence and Peripherin staining. 
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It is well documented that macrophage accumulation occurs in the DRG in mouse models 

of neuroinflammation (Lindborg et al., 2018), and macrophages are also known to upregulate 

Cd68 expression in response to inflammatory stimuli (Chistiakov et al., 2017). Looking at the 

RNA-seq libraries we generated, we find that Cd68 expression is consistently increased in both 

Price and Gereau laboratory mouse cultured DRG data sets (Figure 2.5F). In conjunction with 

the RNAscope data, this suggests that either Cd68+ macrophages increase in proportion in 

culture, or gene expression of Cd68 increases in macrophages in culture, or a combination of 

both occurs. 

We then chose all the genes that were identified as differentially expressed between intact 

and cultured mouse DRG based on our differential expression criteria (Supplementary Table 

s2.1, sheet 2, Column AR), which include Cd68. For both the Price and Gereau laboratory 

datasets, expression levels of these genes were tested for correlation with Cd68 expression levels 

(Figure 2.5G) showing strong correlationofCd68with genes that increased in relative abundance 

in culture, and strong anticorrelation with genes that decreased in relative abundance in culture. 

This is also in agreement with our hypothesis of increase in cell type proportions of mitotic cells 

at the expense of sensory neurons (and possibly Schwann cells).The increased spread of 

correlation coefficients of genes increasing in Gereau laboratory mouse cultures (with respect to 

Price laboratory data sets) is in agreement with greater variabilityinCd68expression (in TPM) in 

Gereau laboratory cultures (SD = 19.3) compared with Price laboratory cultures (SD = 10.9). 

Using the 40x objective (Figure 2.5H), we further find that the size and shape of Cd68+ cells are 

commensurate with previous studies of DRG macrophages (X. Yu et al., 2020). The evidence, in 
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its entirety, points to changes in constituent cell type proportions in DRG cultures, with potential 

increase of frequency of macrophage-like cells in DRG cultures. 

 

Discussion 

We are unaware of any previous studies that have used genome-wide technologies to 

characterize transcriptomes between intact and cultured DRG. Although in vivo cross-species 

comparisons have previously been made (P. Ray et al., 2018), in vitro transcriptome comparisons 

between mice and human DRG have not been performed, despite the obvious need for such 

knowledge given the reliance on the mouse model for both target and drug discovery work in the 

pain area (Davidson et al., 2016; Melli & Höke, 2009; Price & Gold, 2018; Valtcheva et al., 

2016; X. Zhang et al., 2017). Certain perturbation studies (Perry et al., 2018) such as gene 

expression knockdowns, DNA editing, or optogenetic optimization (Mickle & Gereau, 2018), 

especially in the context of human research, cannot be performed in vivo, causing DRG cultures 

to be essential to human, clinical translational research. Our work gives fundamental new insight 

into some of the most commonly used model systems in the pain field with important 

implications for future work. 

We reach 2 major conclusions. First, although many pharmacologically meaningful 

features of the DRG are well-conserved from mouse to human, there are some important 

differences that need to be considered in future experimental design. Moreover, there are a small 

but potentially important number of human receptors that simply cannot be studied in culture 

systems that may be good targets for drug discovery. Second, mouse and human DRG cultures 

take on an inflammatory-like transcriptomic phenotype that shares some qualities with 
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transcriptomic changes in neuropathic pain (Abbadie et al., 2009; Ji, Xu, et al., 2009; Lopes et 

al., 2017; North et al., 2019). Therefore, the cultured DRG system may reflect certain clinical 

features that would be advantageous for neuropathic pain mechanism and/or drug discovery, 

especially in humans where these samples are not readily available except under very unique 

circumstances (North et al., 2019). In further support of this conclusion, we find a subset of 

genes that are upregulated in cultures from mouse and human DRG that are consistent with a 

transcriptional reprogramming of sensory neurons after axonal injury that is associated with 

some aspects of neuropathic pain (Nguyen et al., 2019). 

A critique of using primary neuronal cultures to test pharmacological targets is that 

cultures are not an accurate representation of native tissue. Although there were some specific 

genes that did not appear in culture when compared with native tissue and vice versa, the main 

difference between the 2 conditions was in the expression level of each gene, which our data 

strongly suggest is due to change in the proportion of cell types. Specifically, the proportion of 

neurons in culture was decreased when compared with macrophages, fibroblast-like cells, and 

SGCs. To this end, when specific pharmacological targets are being tested in either mouse or 

human cultures, it is important to check that these targets remain expressed and our work 

provides a comprehensive resource to do this in both species (Supplementary Table s2.1). 

Because pharmacology is the most common use of cultured DRG, we focused our analysis on 

pharmacologically relevant targets. Interestingly, both mouse and human cultures displayed an 

increase in M1 and HBEGF+ macrophage (Kuo et al., 2019) markers when compared with native 

tissue. This change suggests an increase in the inflammatory macrophage population in culture. 

We predict that this shift is due to phenotypic shifts and/or increased cell type proportion of 
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tissue resident macrophages caused during the dissociation and culturing process, potentially 

replicating a nerve injury phenotype (Abbadie et al., 2009; Campbell & Meyer, 2006; Ji, Xu, et 

al., 2009; Ji et al., 2016; Watkins & Maier, 2002). The presence of these cell types in culture 

could be used to further study how macrophages and sensory neurons interact and should be very 

relevant to the pain community. 

Families of genes remained consistently expressed in both species following dissociation 

and culturing protocols, but individual genes of the same family varied in whether they were 

present in either mouse or human. For example, Kcna1 was consistently detected only in mouse 

DRG cultures. Therefore, although most ion channel types are likely to be equally represented in 

both human and mouse DRG neurons, there is a substantial chance that the specific subtypes of 

channels that make up those conductances will be different between species, and such changes 

may be present both in vivo and in culture. In fact, studies focusing on exactly this question for 

voltage-gated sodium channels in DRG between rat and human have found qualitative 

similarities but key differences that are almost certainly due to differences in expression between 

species (X. Zhang et al., 2017). This is a critical distinction for pharmacology because a primary 

goal in therapeutic development is ion channel subtype specific targeting (Price & Gold, 2018). 

It is vital to understand these similarities and differences when choosing a model system to study 

a particular target, and critically, we provide a resource to do this. From a discovery perspective, 

studies performed in vitro in mouse neuronal cultures likely remain a valid and reliable option 

for researchers as the families of ion channels, GPCRs, and RKs are well conserved from mice to 

humans (Supplementary Table s2.1, sheets12–15).  
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Our study has several limitations to acknowledge. The first isthe choice of time point for 

the cultured DRG RNA-seq studies. We chose 4 DIV for our studies. Given the literature on 

biochemical and Ca2+ imaging studies (which is too extensive to cite) we think that our findings 

will provide a substantial resource for studies of this nature as most of them are performed 

between 3 and 7 DIV. This can also be said for many electrophysiological studies on human 

DRG neurons as most investigators do experiments on these neurons over many days, with 4 

DIV falling in the middle of the experimental spectrum for this small, but growing, body of 

work. The exception is mouse DRG electrophysiology where the vast majority of this very large 

literature has been performed at 24 hours after culturing. It is possible that some of the changes 

we observe at 4 DIV are not present at less than 1 DIV and/or that other differences are observed 

at this early time point. Another limitation is that changes in mRNA expression in culture may 

not represent differences in functional protein because some of these proteins may have long 

half-lives. In such a scenario, a downregulation of mRNA would not lead to any difference in 

functional protein over the time course of our experiment (4 DIV). This can only be addressed 

with proteomic or physiological (Sheahan et al., 2018; X. Zhang et al., 2017) methods, which we 

have not performed. Finally, we have relied on bulk RNA sequencing in the work described here. 

We acknowledge that single cell sequencing would yield additional insights that will be useful 

for the field. This will be a goal of future work. 

We have focused on using DRG from uninjured mice. Many studies have demonstrated 

that cultured DRG neurons from mice with neuropathic pain retain some neuropathic qualities in 

vitro, in particular spontaneous activity in a subpopulation of nociceptors (Amir et al., 2005; 

Megat et al., 2019; North et al., 2019; Wu et al., 2017; Yang et al., 2014). This also occurs in 
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human DRG neurons taken from people with neuropathic pain (North et al., 2019). Our 

transcriptomic studies suggest that cultured DRG neurons from normal mice and human organ 

donors show some transcriptomic changes consistent with a neuropathic phenotype, but these 

neurons likely do not generate spontaneous activity. Some transcriptomic changes were found in 

mice but not conserved in humans, especially relevant for translational pharmacological studies 

in cultured mouse DRG. An example is caspase 6 (Casp6) which has been implicated in many 

neuropathic pain models in mice (Berta et al., 2014, 2017; Megat et al., 2019). This gene was 

over 3-fold increased in mouse DRG culture but unchanged in human DRG cultures. 

An interesting observation emerging from our work is that some macrophages are 

apparently present in DRG cultures and this macrophage phenotype is inflammatory in nature. 

An emerging literature describes DRG resident macrophages as key players in development of 

many chronic pain states, including neuropathic pain (Hamidzadeh et al., 2017; Ji et al., 2016; 

North et al., 2019; Shepherd et al., 2018; Watkins & Maier, 2002). In future studies, it may be 

possible to manipulate these macrophages to interact with DRG neurons in culture to push this 

neuropathic pain phenotype further toward the generation of spontaneous activity. Such studies 

could allow for the generation of a neuropathic pain model in vitro. Such an advance would be 

particularly useful for the human organ donor DRG model, especially considering that 

neuropathic pain inpatients is associated with a macrophage transcriptomic signature, at least in 

males (North et al., 2019). 

We have comprehensively characterized transcriptomic changes between native and 

cultured mouse and human DRG. These tissues are similar between the 2 species, suggesting that 

discovery work that is largely performed in mice faithfully models many physiological 
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characteristics of human DRG neurons. There are, however, important differences between 

species and between native and cultured conditions, with minimal impact of the type of culturing 

protocol used. Our resource brings these differences to light. A priori knowledge of gene 

expression levels of a potential pharmacological or perturbation assay target in mouse and 

human cultured and excised DRG can provide a convenient framework for the pain biologist to 

decide appropriate model system choice and delineate pharmacological divergences. Additional 

whole transcriptome assays at varying time points in culture, from different DRG culture 

protocols, in additional species, and subject to various perturbations (including sorted cell type 

specific cell-pools) can be integrated into our database to get a more comprehensive picture of 

the RNA landscape of mammalian DRG cultures. 
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Abstract 

Cells communicate with each other through ligand and receptor interactions. In the case of 

the peripheral nervous system, these ligand-receptor interactions shape sensory experience. 

Using RNA sequencing datasets from mouse and human we created an interactome map for how 

mammalian sensory neurons potentially interact with peripheral cell types. We used this 

knowledge base to gain insight into how specific cell types and sensory neurons might interact in 

disease states. We created interactomes of knee joint macrophages from rheumatoid arthritis 

patients and pancreatic cancer samples with human dorsal root ganglion (DRG). A common 

theme was heparin binding EGF-like growth factor (HBEGF) interaction with sensory neurons 

through epidermal growth factor receptor (EGFR), a member of the ErbB family of receptors 

(encoded by EGFR and ERBB2-4). We validated that HBEGF causes pain in mice, likely acting 

on DRG neurons through ErbB family receptors. Collectively, these interactomes highlight 

ligand-receptor interactions in mouse models and human disease states that reflect the 

complexity of cell to neuron signaling in chronic pain states. 

 

Introduction 

Nociceptive sensory neurons are responsible for detecting changes in the environment 

through specific receptors and then transmitting this signal to the central nervous system (CNS) 

by generation of action potentials (Basbaum et al., 2009). These nociceptors innervate almost 

every tissue in the body, playing a critical role in detecting injury and/or pathology to skin, 

joints, bones and visceral organs (Dubin & Patapoutian, 2010; Woolf & Ma, 2007). While 

nociceptor function is needed to navigate environments safely (Bennett & Woods, 2014) and to 
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recover after injury (Walters, 2019), these cells can also create misery when they become 

persistently active (Denk et al., 2014; Price & Inyang, 2015; Reichling & Levine, 2009). 

Nociceptor hyperexcitability and spontaneous activity are key contributors to many chronic pain 

states driven by inflammation, arthritis, nerve injury, cancer or other pathologies (Basbaum et al., 

2009; Denk et al., 2014; Price & Inyang, 2015; Reichling & Levine, 2009; Woolf & Ma, 2007). 

It is widely accepted that tissue injury is directly linked to changes in the activity of nociceptors 

that innervate that tissue (Price & Gold, 2018). Relatively little is known about the factors that 

are released by cells within specific tissues and how these factors act on the nociceptors 

innervating the tissue. Our goal was to catalog this potential “interactome” because such a 

resource can suggest identification of new targets that could be manipulated to treat pain 

disorders. 

RNA sequencing (RNA-seq) experiments have defined tissue-wide and cell-specific 

transcriptomes for much of the body in both mice (Tabula Muris Consortium et al., 2018; 

Usoskin et al., 2015; Zeisel et al., 2018) and humans (Melé et al., 2015; P. Ray et al., 2018). Cell 

profiling experiments on normal and diseased tissues have identified key molecular players in an 

increasing number of disease processes (Roy et al., 2018), including disorders with a strong pain 

component (Hockley et al., 2019; Kuo et al., 2019). However, these studies mostly focus on gene 

expression within a specific tissue or across cell types in a tissue and do not characterize how 

multiple tissues may interact to promote disease. This type of cross-tissue interaction is 

especially critical to pain. Nociceptors express a wide variety of receptors that allow them to 

detect ligands that are produced in the tissues they innervate (Basbaum et al., 2009; Dubin & 

Patapoutian, 2010; Woolf & Ma, 2007). Tissue pathology frequently drives changes in gene 
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expression resulting in de novo or enhanced expression of ligands (for example, cytokines and 

chemokines). Since many pathological tissue states produce enhanced nociception and pain 

(Basbaum et al., 2009; Price & Gold, 2018; Walters, 2019), it is logical to assume that changes in 

ligand expression cause changes in signaling frequency or intensity through receptors expressed 

by nociceptors. These ligand-receptor interactions are candidates for drivers of pain states.  

Here, we describe a computational framework that identifies potential ligand-receptor 

mediated interactions on a genome-wide scale (interactome), between target tissues and sensory 

neurons from publicly available RNA-seq datasets. We first used this tool to identify potential 

interactions between mouse tissues and cell-types and dorsal root ganglion (DRG) nociceptors. 

Then, we performed 3 case studies to demonstrate the utility of this tool for identifying potential 

drivers of pain states. First, we used single cell RNA-seq (scRNA-seq) data from colon-

innervating nociceptors in the mouse (Hockley et al., 2019) to illustrate how these neurons might 

interact with normal and inflamed enteric glial cells (Delvalle et al., 2018). Second, we examined 

how human DRG (hDRG) neurons (North et al., 2019; P. Ray et al., 2018) may interact with 

macrophages taken from the joints of people with rheumatoid arthritis (RA) (Kuo et al., 2019). 

Finally, we assessed how pancreatic cancer (Tomczak et al., 2015) could drive ligand-receptor 

interactions with hDRG neurons potentially providing new insight into tumor - neuron 

interactions in this notoriously painful disease. An intriguing theme emerging from these distinct 

interactomes is the prominence of corresponding ligands for epidermal growth factor receptor 

(EGFR) /ErbB family receptors, hereafter referred to as ErbB family receptors, as possible 

mediators of interactions between diseased tissue and mouse and human nociceptors. This 

finding is consistent with recent preclinical and clinical findings suggesting efficacy of blocking 
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ErbB family signaling for chronic pain (C. Kersten et al., 2015; Christian Kersten et al., 2013, 

2019; Martin et al., 2017). As RNA sequencing resources continue to proliferate, our tool can be 

used to mine for potential signaling pathways and pharmacological targets in a data-driven 

manner based on high-throughput assay analyses.  

 

Materials and Methods 

Mouse RNA-seq resources 

scRNA-seq from 42 cell-types from Tabula Muris 

The Tabula Muris dataset (Tabula Muris Consortium et al., 2018) contains scRNA-seq data 

generated by 2 different methods: Smart-seq2 sequencing of FACS sorted cells (FACS method) 

and microfluidic emulsion method. The scRNA-seq data generated by the FACS method 

includes more tissue-types and greater sensitivity (higher number of genes detected per cell), 

therefore we used that data for our analysis. From all cell types identified in the Tabula Muris 

dataset we selected cells from tissues that are strongly innervated by DRG neurons and identified 

42 component cell-types likely to interact directly with DRG-derived nerve endings, and used 

these in our analysis. Details of the tissues and cell-types found in the Tabula Muris dataset, and 

which ones we chose for analysis in this work are located in Supplementary Table s3.1.  

Mouse DRG scRNA-seq data 

scRNA-seq data from the mDRG (Zeisel et al., 2018) was used to generate the 

transcriptome profile of individual cell-types within DRG. Expression values and metadata for 

each subpopulation of component cells provided in databases (L5_All.agg.loom) created by the 

original publication was used in our analysis. Neurofilaments (NF1-3), non-peptidergic neurons 
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(NP1-6), peptidergic neurons (PEP1-8), satellite glial cells (SATG1-2), and Schwann cells 

(SCHW) cell-types from DRG tissue were selected for analysis. These were further grouped as 

described in the results section.  

Enteric glial cell RiboTag RNA-seq data 

Previously published RiboTag RNA-seq data of enteric glial cells from colon tissue was 

used (Delvalle et al., 2018). In this study, colonic inflammation was used to study how the active 

translatome of enteric glia changes with inflammation. The RiboTag procedure driven by Sox10-

cre was used to generate enteric glia translatomes in vehicle treated and colonic inflammation 

conditions. In turn, this was used to generate the interactome between colonic sensory neurons 

(details below) and enteric glia. Raw sequencing data were provided by the authors of the 

original paper, and mapped to gencode vM16 mouse genome annotation (Frankish et al., 2019) 

and quantified using STAR 2.6.1c (Dobin et al., 2013; Dobin & Gingeras, 2016). Read counts 

per gene per sample were provided as output by STAR and suitably normalized and used in 

downstream analysis. 

Retrogradely traced neurons from the colon to DRG  

Previously published scRNA-seq of mDRG neurons retrogradely traced from colon 

(Hockley et al., 2019) were used in the interactome analysis for colonic inflammation. Read 

counts per gene per cell, as well as cell-type labels (based on clustering) and gene marker 

information for cell-types were provided by the authors. 

 

 

 



 

63 

Human RNA-seq resources 

Human DRG RNA-sequencing 

Human DRG tissue samples, previously sequenced using bulk RNA-seq and analyzed by 

our laboratory (North et al., 2019; P. Ray et al., 2018), were used for quantifying the 

transcriptome profile of hDRG. Normalized read counts per gene (as Transcripts per Million or 

TPMs) reported in those papers were used in the analysis here. 

Synovial scRNA-seq from RA and OA patients 

Kuo et al. (Kuo et al., 2019), identified cell-types involved in different types of arthritis 

from scRNA-seq data of 940 human synovial CD14+ cells. One cell cluster was enriched in 

Rheumatoid Arthritis (RA) samples when compared with Osteoarthritis (OA) samples (RA-

enriched macrophages). Conversely, a second cluster was enriched in OA patients when 

compared to RA patients (OA-enriched macrophages). These 2 cell-types were picked for the 

interactome analysis to compare macrophages from RA patients versus macrophages from OA 

patients. The original single-cell RNA-seq data provided as read counts per gene per cell in the 

original publication and clustering-based cell-type labels for each cell (provided by the authors) 

were used. 

The Cancer Genome Atlas (TCGA) pancreatic cancer samples 

Pancreatic cancer tissue bulk RNA-seq data was acquired from TCGA database (Tomczak 

et al., 2015). Samples from individuals that had matched healthy and cancerous pancreatic tissue 

were used for analysis in this paper. There were a total of 4 pairs of samples in TCGA pancreatic 

cancer database that fit the criteria and all pairs were used. TCGA database provides normalized 

read counts per gene (as FPKMs), which was used for downstream analysis. 
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Reference annotation for receptor and ligand pairs 

Ramilowski et al. (Ramilowski et al., 2015) identified 2557 pairs of ligand-receptor 

interactions that were used as the basis for generating the full database of ligand-receptor pairs 

used here. In order to curate a more complete list of ligand and receptor like interactions, we 

manually curated and incremented this database as follows. Additional genes whose products are 

ligands and receptors were identified from gene annotation databases like the HUGO (Braschi et 

al., 2019; Yates et al., 2017) and AMIGO (Carbon et al., 2009) database, as well as the literature. 

Their corresponding signaling interaction partners were identified from the literature, and an 

existing database (Szklarczyk et al., 2019). 

It is to be noted that not all ligand-receptor pair interactions are directly encoded in the 

genome so we added enzymes that are known to synthesize ligands to the ligand database and 

paired these with receptors for the synthesized ligand. Some interactions between proteins found 

at the surface of cells do not have a clear ligand-receptor relationship, for instance in some 

extracellular matrix and cell adhesion protein interactions. In these cases, if one of the pair was 

expressed in the DRG (transcriptionally), the corresponding gene was included in the receptor 

database, and its interacting protein partner’s gene name was included in the ligand database. 

The COMPARTMENT database (Binder et al., 2014) and literature was additionally used to 

filter out ligand-side proteins that are not known to be secreted or localized in the extracellular 

matrix.  

Gene annotations for cell adhesion molecules (CAM), G-protein coupled receptor (GPCR), 

growth factor, ion channels, neuropeptides, nuclear receptors, and receptor kinases obtained from 

the literature, the human HUGO (Braschi et al., 2019; Yates et al., 2017) and human and mouse 
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AMIGO (Carbon et al., 2009) databases, were used to additionally populate our database on top 

of the Ramilowski et al. (Ramilowski et al., 2015) protein interaction lists. A total of 3098 pairs 

of ligand-receptor interactions are used in our interactome analysis (entire list shown in 

Supplementary Table s3.2).  

Gene relative abundance normalization 

RNA-seq read counts per gene are typically normalized for gene length and whole-

transcriptome coverage to quantify relative abundance of transcripts for each gene. We used 

several different normalization strategies based on the public availability of read counts and 

normalized data, and what was the most appropriate normalization in the context of the analysis. 

While there is some heterogeneity in normalization procedures across RNA-seq datasets we 

analyzed, within each dataset normalization was performed consistently using a single approach.  

Gene abundances for the human pancreatic cancer samples in Fragments per Kilobase per 

Million Mapped Fragments or FPKM (obtained from the TCGA website), and RNA-seq data for 

human DRG samples in transcripts per million (TPM) (obtained from the original paper) were 

used for downstream analysis. However, some of the RNA-seq datasets used in this paper were 

obtained as read counts per gene per sample (for bulk RNA-seq) or per cell (for scRNA-seq), and 

we thus normalized these using standard approaches (Pachter, 2011). Since we did not explicitly 

compare expression levels across different genes, normalization by gene length was not 

performed as it does not influence our analysis. We calculated Reads per Million Mapped Reads 

(RPM) for bulk RNA-seq and for scRNA-seq datasets that had lower transcriptome coverage, 

udRPM (Upper decile-normalized RPM) were used to normalize read counts.  
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RPM 

RPM of a gene was calculated with the following formula: 

𝑅𝑅𝑅𝑅𝑅𝑅𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 =
𝑅𝑅𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 × 106

∑ 𝑅𝑅𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔
 

where 𝑅𝑅𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔  stands for the read counts for a specific gene, ∑ 𝑅𝑅𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔  stands for the read count 

sum of all genes. 

udRPM 

Upper decile normalized RPM (udRPM) was calculated to normalize sequencing depth and 

coverage differences across multiple samples in low sequencing depth situations (like scRNA-

seq). The formula used was: 

𝑢𝑢𝑢𝑢𝑅𝑅𝑅𝑅𝑅𝑅𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 =
𝑅𝑅𝑅𝑅𝑅𝑅𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔

90𝑡𝑡ℎ 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑜𝑜𝑜𝑜 𝑅𝑅𝑅𝑅𝑅𝑅𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 𝑤𝑤𝑝𝑝𝑝𝑝ℎ𝑝𝑝𝑝𝑝 𝑝𝑝ℎ𝑝𝑝 𝑠𝑠𝑠𝑠𝑠𝑠𝑝𝑝𝑝𝑝𝑝𝑝 

Interactome identification 

Interactomes were predicted for ordered pairs of relevant tissues or cell-types. Based on the 

biological context, we identified ligand-to-receptor signaling from one tissue or cell-type to the 

other (unidirectional), or from each tissue/cell-type to the other (bidirectional).  

The first step in building the interactome was to overlay ligand gene abundance levels in 

all samples/cells in the tissue or cell type where we investigate the upstream component of the 

signaling, and to similarly overlay the receptor gene abundance levels in the tissue or cell type 

where we investigate the downstream component.  

Depending on the data available and the question being asked in each of our case studies, 

the interactions were then ranked based on ligand-side or receptor-side criteria (like degree of 
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differential expression, specificity of expression in that tissue/cell type) and filtered out if the 

gene expression was not consistently detectable across biological replicates.  

Our approach uses gene abundance levels as a surrogate for protein abundance levels, due 

to the difficulty of generating high-throughput, high signal to noise ratio protein abundance data. 

Identification of cell-type restricted gene expression patterns in mouse scRNA-seq datasets 

The Tabula Muris dataset was specifically analyzed to identify gene co-expression 

modules that were not expressed ubiquitously across all 42 relevant cell types in the database, 

but restricted to a subset of them. To identify gene modules that were enriched in different cell-

types, a cell and gene bi-clustering was performed on the udRPM per gene per cell-type matrix 

generated in the for the 42 cell types. The scrattch.hicat package from the Allen Institute (Tasic 

et al., 2018) was used to generate clusters to identify gene modules.  

The udRPM matrix was first multiplied by 1000 (to limit the effect of adding a smoothing 

factor), and 1 was added to each element of the matrix before it was log2-tranformed. Such a 

log-transformed matrix is an approximation of the qualitative expression patterns of different 

genes across all 42 cell types. 

Through a top-down approach, we performed hierarchical clustering, identifying a total of 

8189 genes that were generically expressed across all pre-identified cell-types in the first round, 

which were labelled as ubiquitously expressed, and set aside from the clustering. In the next 

round of clustering, another 5117 genes were identified to have low to no expression across all 

cell-types and were excluded from the analysis. Distinct clusters of cell-types and gene modules 

were identified in the final round of clustering, and genes from these co-expression modules that 

were restricted in expression to a subset of the cell-types were used to characterize a “cell-type 
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enriched” interactome. The parameters for each round of clustering are listed in Supplementary 

Table s3.3. 

Criteria for a gene to be considered detectable in a given cell type 

Ligands and/or receptors were filtered in some of the interactomes for our case studies 

based on whether reads were consistently detectable in biological replicates for one (or more) 

groups. For scRNA-seq datasets, we use the trinarization score for this purpose. 

Trinarization score 

scRNA-seq data usually have low sequencing depth per cell. To estimate if a gene is 

expressed in a particular cell type, trinarization scores were used. The trinarization score, with 

methodological details in a previous work by Zeisel et al. (Zeisel et al., 2018), is a formulation of 

the posterior probability whether a gene is detected in a cell-type. The parameters used in the 

calculation of the trinarization score were: f = 0.05, α = 1.5, β = 2. Genes with probability P > 

0.95 were considered expressed.  

Criteria for identifying differential expression of gene relative abundance 

Additionally, ligand and receptor genes are ranked by degree of differential expression in 

interactomes of some of our case studies. While traditional statistical hypothesis testing is the 

norm for identifying differential expression, in experimental setups involving limited replication, 

differential expression analysis can be performed using related statistics like the Strictly 

Standardized Mean Difference or Bhattacharyya Distance, which take both between and within 

group variance into account when ranking genes by differential expression.  
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Strictly standardized mean difference (SSMD) 

Strictly Standardized Mean Difference (P. R. Ray et al., 2019; X. D. Zhang et al., 2006) is 

used to characterize the difference in means of two groups, controlled by within-group 

variability, and was used to estimate effect size between 2 different groups under comparison, 

using the following formula: 

𝑆𝑆𝑆𝑆𝑅𝑅𝑆𝑆 =
𝜇𝜇𝑝𝑝 − 𝜇𝜇𝑞𝑞
�𝜎𝜎𝑞𝑞2 + 𝜎𝜎𝑝𝑝2

 

where in a particular gene, for two groups 𝑝𝑝 and 𝑞𝑞, 𝜎𝜎2 stands for the variance and 𝜇𝜇 stands for 

mean of the gene expression levels across libraries for each group in question (represented by a 

subscript).  

Bhattacharyya distance 

The Bhattacharyya distance (Bhattacharyya, 1943; Wangzhou et al., 2020) was used to 

calculate the similarity of the probability distributions of scRNA-seq data from 2 different 

conditions using the following formula. The related Bhattacharyya Coefficient (derived from the 

Bhattacharyya Distance DB) was used to calculate the amount of overlap in the area under the 

curve of the two sample distributions being compared: 
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In this formula 𝑆𝑆 stands for distance, 𝑝𝑝 and 𝑞𝑞 stands for gene expression level across all cells in 

the first condition and second condition respectively, 𝜎𝜎 stands for standard deviation and 𝜇𝜇 

stands for mean. Genes with a distance > 0.3 between 2 conditions of scRNA-seq were 

considered differentially expressed.  
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Interactome analysis methodological details for case studies 

Mouse Tabula Muris and Zeisel et al scRNA-seq datasets 

For the mouse scRNA-seq datasets, Interactome analysis was performed between cell types 

in tissues innervated by the DRG (42 cell-types identified in Tabula Muris (Tabula Muris 

Consortium et al., 2018) ) and 3 broad classes of mDRG sensory neurons (top-level 

subpopulations of PEP, NP and NF) obtained by merging all subcategories under them based on 

hierarchical clustering from the mDRG scRNA-seq study (Zeisel et al., 2018). For each of the 42 

Tabula Muris cell-types and the 3 mDRG subpopulations from mousebrain.org, individual cells 

in these subcategories were pooled and summed per-gene read counts were normalized to 

udRPM to obtain a single value for each gene’s relative abundance in each cell type.  

Additionally, based on the biclustering of genes and cell types of the Tabula Muris dataset, 

25 co-expression modules were identified that showed restricted expression across 18 classes of 

cell types over the 42 constituent cell types in Tabula Muris. Interactome analysis was then 

performed for each of the 42 Tabula Maris cell types to each of the 3 mouse sensory neuronal 

cell types. Finally, interactomes were built using the set of genes present in the 25 gene co-

expression modules having cell type restricted expression in Tabula Muris to the 3 sensory 

neuronal subpopulations. 

Interactomes were then filtered by the receptor gene expression level in DRG sensory 

neurons. Ligand-receptor interactions with receptor expression level < 0.001 udRPM across all 3 

types of sensory neurons (PEP, NF, NP) were excluded from the results. 

GO term analysis was performed on the ligand and receptor genes for the individual 

interactomes using Enrichr (E. Y. Chen et al., 2013; Kuleshov et al., 2016) and the top 5 (ranked 
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by adjusted p-value) GO terms for GO biological process and GO molecular function were 

collected and shown. Data sheets are presented in Supplementary Table s3.4, and results are 

visualized in Figure 3.1.  

Bidirectional interactome between different cell-types within the mDRG 

scRNA-seq mouse neuronal and glial cell type subpopulations in the DRG scRNA-seq data 

(Zeisel et al., 2018) were further pooled into 5 main groups based on how similar their 

expression profiles were: neurofilament (NF), non-peptidergic (NP), and peptidergic (PEP) 

sensory neurons, satellite glial cells (SATG), and Schwann cells (SCHW). The mean of the 

normalized expression values across the related subpopulations was used for the expression level 

of each merged group, and udRPMs were calculated. These were then used as the transcriptome 

profile of different cell-types from the mDRG. 

Interactome analysis on mDRG cell clusters was performed in 2 separate directions: 

ligands from neuronal cells (NF, NP, PEP) signaling to receptors from glial cells (SCHW, 

SATG), and vice versa. All identified ligand-receptor interactions (Supplementary Table s3.5) 

were filtered by whether the ligands and receptors were both expressed in at least 1 source cell-

type. The trinarization score was calculated to determine if a gene was to be considered 

expressed in a certain cell-type (score > 0.95). Circle plots were generated to present these 

interactions using the Circos program (Krzywinski et al., 2009) (Figures 3.3, 3.4, A.1 and A.2) 

where each identified ligand and receptor interaction is represented on the plot. To better present 

how certain groups of ligands or receptors interact with each other, the ligand and receptor genes 

on the circle plots were ordered by hierarchical bi-clustering (Euclidean distance, average 

distance between elements of two clusters used as representative distance between those clusters) 
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of the ligand and receptor genes based on their interactions with each other. Additionally, each 

gene was identified as expressed in either NF, NP, PEP, SATG, or SCHW, and marked as such 

on the plot.  

Interactome between retrogradely traced colonic sensory neurons and enteric glial cells in a 

colitis model 

For the transcriptome of retrogradely traced colonic sensory neurons (Hockley et al., 

2019), reads from all cells of the same cell-type were pooled together to generate the gene 

expression level per cell-type (as RPM). The interactome was then generated between these 7 

cell-types and enteric glial cells after vehicle or DNBS treatment (Delvalle et al., 2018). Ligand-

receptor interactions were filtered by the following criteria: ligand genes were required to be 

consistently expressed (> 0.01 RPM) in enteric glial cells across all replicates in at least one 

condition (vehicle/DNBS treated); ligand genes were considered to be altered by treatment when 

the |𝑆𝑆𝑆𝑆𝑅𝑅𝑆𝑆| >  𝜇𝜇|𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆| + 1.2𝜎𝜎|𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆|; and finally, receptor genes with trinarization score > 0.95. 

Putative interactions where the receptor genes were enriched in specific populations of colonic 

afferents are shown in Figure 3.5. All ligand receptor interactions are provided in 

Supplementary Table s3.6.  

Interactome between macrophages enriched in human RA synovial tissue versus OA, and hDRG 

The interactome was generated between RA/OA enriched macrophages (Kuo et al., 2019), 

and human DRG (P. Ray et al., 2018). Predicted ligand-receptor interactions were filtered by the 

following criteria: (1) Ligand genes were required to be considered expressed in either RA 

enriched macrophages or OA enriched macrophages using the trinarization score > 0.95; (2) 

Ligand genes were considered substantially differentially expressed between RA enriched 
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macrophages and OA enriched macrophages, using Bhattacharyya distance > 0.3; and (3) 

Receptor genes were required to be consistently expressed (> 0.1 TPM) in all 3 human DRG 

samples. Interactions where the ligand genes were highly expressed in RA enriched macrophages 

are presented in Figure 3.6. The interactions with ligand genes highly expressed in OA enriched 

macrophages are provided in Supplementary Table s3.7, sheets 1 - 2.  

Interactome between human pancreatic cancer tissue and human DRG 

The interactome was generated between 4 paired healthy/cancer tissue samples from 

pancreatic cancer patients (TCGA), and hDRG samples (P. Ray et al., 2018). Ligand-receptor 

interactions (Supplementary Table s3.8) were filtered by the following criteria: (1) Ligand 

genes were considered significantly increased in pancreatic cancer samples vs healthy samples 

by statistical testing (paired Student’s t-test, p-value < 0.05), since the low sample size (4 pairs) 

does not allow us to stringently perform multiple testing p-value correction, an additional criteria 

was imposed that direction of change in ligand gene abundance had to be consistent for all 4 

pairs of samples; (2) Receptor genes were required to be consistently expressed (> 0.1 TPM) in 

all 3 hDRG samples. All interactions that met the filtering criteria are presented in Figures 3.7 

and 3.8.  

Animals 

All animal protocols were approved by the University of Texas at Dallas Institutional 

Animal Care and Use Committee and were consistent with the NIH Guide. Mice were kept on a 

12 hour light-dark cycle with food and water provided ad libitum. Both C57BL/6 and ICR mice 

were bred at The University of Texas at Dallas.  
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Experimental Reagents 

Recombinant human HBEGF was purchased from R&D Systems (259-HE; Minneapolis, 

MN) and reconstituted to 50 µg/ml in 0.1% BSA. For hind paw injections, stock HBEGF was 

diluted in 0.9% saline to 5 ng/ul. Hind paw injections (10 µl) were done with a 30G needle 

(305106; BD, Franklin Lakes, NJ) and glass gastight syringe (80901; Hamilton Co., Reno, NV).  

Behavioral methods 

Male ICR mice and female C57BL/6 mice (7-9 weeks old) were used for behavioral 

experiments, and experimenters were blinded to treatment. Mice were habituated to acrylic 

behavior boxes (11.4x7.6x7.6 cm) with a wire mesh bottom (1 cm2) prior to experiments. Hind 

paw mechanical withdrawal thresholds were determined using calibrated von Frey filaments 

(Stoelting Co., Wood Dale, IL) and the up-down method (Chaplan et al., 1994). As a measure of 

spontaneous pain, mouse grimace scale (MGS) scores were determined by observation of facial 

action units as described by Langford et al, 2010 (Langford et al., 2010). Facial action unit 

intensity ratings were averaged to yield a MGS score for each mouse at each time point.  

DRG Cultures 

The neuronal cultures used in the calcium imaging, DRG’s (Dorsal Root Ganglion) were 

dissected from adult male and female C57BL/6 mice and suspended in Hank’s Balanced Salt 

Solution without calcium or magnesium before culturing. The DRG’s were then enzymatically 

digested using collagenase A (1 mg/ml, 25 min, Roche, Indianapolis, IN) and collagenase D (1 

mg/ml, Roche, Indianapolis, IN) with papain (30 units/ml) for 20 min at 37°C. Following this 

ganglion were suspended and triturated in 1ml HBSS. The solution was passed through a 70μM 

cell strainer for the removal of any debris. The cells were then resuspended in 
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DMEM/F12/GlutaMAX (Gibco) culture media nourished with 10% fetal bovine serum (FBS; 

SH30088.03; Hyclone) and 1% penicillin/streptomycin (Pen-Strep; 15070-063; Gibco). Cells were 

plated on pre-coated Poly-D-lysine dishes (P35GC-1.5-10-C; MatTek) which were additionally 

coated with laminin (L2020; Sigma). The plated cells were then kept undisturbed in an incubator 

for 2 hours to allow them to adhere. The cells were then supplemented with the same culture media 

as described above but with the addition of 10 ng/ml nerve growth factor (NGF; 01-125; Millipore) 

and 3 ug/ml 5-fluoro-2′-deoxyuridine + 7 ug/ml uridine (FRD+U; Sigma). Finally, the cells were 

kept in an incubator with 5% CO2 and maintained at 37 0C for 48 hours before use. 

Calcium Imaging 

The cultures prepared and plated as described previously remained undisturbed in the 

incubator for 48 hours after plating. Cells were then loaded with 1 µg/µl Fura 2 AM (108964-32-

5; Life Technologies) for 1 hour. In the case of the experiments performed with the Lapatinib 

(6nM, Tocris, 6811) the cells were incubated in the drug 30 mins before loading with Fura 2 AM. 

After the incubation period the Fura 2 AM solution was replaced with normal bath solution (135 

mM NaCl, 5 mM KCl, 10 mM HEPES, 1 M CaCl2, 1 M MgCl2 and 2 M glucose, adjusted to pH 

7.4 with N-methyl-glucamine, the osmolarity of 300±5 mOsm). After a 30-minute incubation in 

the bath, the cells were then treated with 10 ng/ml solution of HBEGF for 10 minutes (Sanders et 

al., 2013). The recordings were done using an Olympus IX73 inverted microscope at 40X 

magnification and the MetaFluor Fluorescence Ratio Imaging Software. The cells that exhibited a 

20% ratiometric change (340 nm/380 nm) in Ca2+ levels when subjected to KCl treatment were 

classified as neurons. From there, the neurons that exhibited a 40% ratiometric change in response 

to HBEGF treatment were considered as responsive. 
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Results 

Cell type-enriched interactomes for DRG nociceptors from 42 cell types in the Tabula Muris 

dataset are characterized 

DRG neurons interact with nearly every tissue in the body and express an array of 

receptors allowing them to receive signals from distinct cell types within these tissues (Dubin & 

Patapoutian, 2010; Woolf & Ma, 2007). To map these potential ligand-receptor interactions, we 

curated a database of ligand and receptor pairs across the genome, based on the literature and 

curated bioinformatics databases (Binder et al., 2014; Braschi et al., 2019; Carbon et al., 2009; 

Ramilowski et al., 2015; Szklarczyk et al., 2019; Yates et al., 2017). This led to the creation of a 

ligand-receptor pair interactome containing more than 3000 interactions.  

We first sought to examine ligand-receptor interactions between different classes of mouse 

sensory neurons and a diverse array of peripheral cell types under normal conditions. To do this, 

we used mouse DRG (mDRG) scRNA-seq data (Zeisel et al., 2018) and scRNA-seq datasets 

from tissues innervated by the DRG using the Tabula Muris project (Tabula Muris Consortium et 

al., 2018). While many subtypes of sensory neurons have been identified (Usoskin et al., 2015; 

Zeisel et al., 2018), for simplicity we clustered these into 3 well-identified neuronal 

subpopulations: peptidergic (PEP), non-peptidergic (NP) nociceptors and neurofilament-positive, 

large diameter low-threshold mechanoreceptors (NF) (Basbaum et al., 2009; Dubin & 

Patapoutian, 2010; Woolf & Ma, 2007). This predicted a broad interactome between 42 cell-

types found in 19 tissues, and PEP, NP and NF sensory neurons from DRG, and establishes a 

ligand-receptor interaction map for sensory neurons and tissues they innervate or interact with in 

the mouse (Supplementary Table s3.4, sheets 0 - 42). We extracted the pairs of ligand-receptor 
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interactions for each of these cell types where the receptor was expressed in at least one type of 

sensory neuron (PEP, NP, or NF) and looked for enriched pharmacology relevant gene ontology 

(GO) terms using Enrichr (E. Y. Chen et al., 2013; Kuleshov et al., 2016). The top 5 GO terms 

for biological process (large-scale “biological programs” accomplished by several coordinated 

molecular activities) and molecular function (molecule level activities performed by gene 

products, for instance) are shown (Figure 3.1). For the biological process GO terms found for 

ligand genes the “extracellular matrix organization” term appeared in the top 5 for all but one 

cell-type, and was ranked as the top 1 in 37 of the 42 cell-types. This likely occurred because 

among the 894 ligand genes we included in the interactome, many are secreted and 89 of them 

are among the 229 total genes classified under the biological process GO term “extracellular 

matrix organization”. This biases our dataset to show this particular GO term to be enriched. The 

positive regulation of cell proliferation, regulation of cell proliferation, positive regulation of cell 

motility, and positive regulation of cell migration GO terms were also enriched in both non-

immune cell types and macrophages. For terms that were enriched specifically in immune cells, 

cytokine-mediated signaling pathway was enriched in most of the immune cell-types, while 

regulated exocytosis and cellular protein metabolic process GO terms were specific to T cells 

and natural killer cells (Figure 3.1). This shows that for most cell types extracellular matrix and 

cell adhesion ligands represent the most abundant ligand-receptor interaction between these 

peripheral cells and sensory neurons. The exception is immune cells, which primarily interact 

with these neurons through diffusible factors. 

For receptor genes found in sensory neurons, the same 5 GO terms were enriched for 

molecular functions: transmembrane receptor protein kinase activity, G-protein coupled receptor  
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Figure 3.1. Peripheral cell type to sensory neuron interactome reveals shared principles of cell 
to neuron signaling across tissues. Interactome analysis was performed between all 42 peripheral  
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cell-types from the Tabula Muris project (Tabula Muris Consortium et al., 2018) and 3 types of 
sensory neurons (Usoskin et al., 2015; Zeisel et al., 2018). Only interactions where ligands were 
detected in the corresponding cell-type and receptors were detected in at least one of the 3 
sensory neuron types were included for the GO term enrichment analysis. For the interactions 
identified in each cell-type, the corresponding ligand and receptor genes were separately 
analyzed with Enrichr for their enriched GO terms in both biological process and molecular 
function. The result of this analysis are shown in 4 different groups of columns. The 5 columns 
of color- and number-coded boxes within each of these 4 groups of columns represent the top 5 
enriched GO terms in that group, ranked from left to right. Cell-types are listed as rows and 
ordered by the cell-type and gene bi-clustering as described in methods. 

 
activity, transmembrane receptor protein tyrosine kinase activity, mitogen activated protein 

(MAP) kinase kinase binding, MAP kinase kinase kinase activity (Figure 3.1). The biological 

process GO terms were also consistent for sensory neuron receptors identified from this 

interactome. The same 4 GO terms were enriched for most of the cell-types: positive regulation 

of protein phosphorylation, positive regulation of MAPK cascade, negative regulation of cell 

communication, regulation of MAPK cascade. Two other GO terms, Negative regulation of 

signaling and positive regulation of ERK1 and ERK2 cascade were enriched in non-immune 

cell-types and macrophages or T cells and natural killer cells, respectively. This highlights the 

key role that MAPK signaling plays in transducing signals from cells throughout the body to 

signaling within sensory neurons. Because MAPK signaling in nociceptors plays a critical role in 

the generation of pain states (Dina et al., 2003; Ji, Gereau, et al., 2009; Moy et al., 2017; Zhuang 

et al., 2004), this suggests that ligand-receptor interactions between nociceptors and most cell 

types found in the body could be capable of inducing hyperexcitability in nociceptors leading to 

persistent pain.  

While the interactome described above shows commonalities between ligand-receptor 

interactions between sensory neurons and a variety of tissues and cells found in the mouse, it 

does not reveal cell type-specific interaction points that may play important roles in normal 
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physiology and/or pathology. To find these more specific interactions in an unbiased fashion, we 

performed iterative hierarchical bi-clustering on cell-types and genes based on gene expression 

levels using scrattch.hicat (Tasic et al., 2018). This analysis revealed 18 classes of cell types (cell 

clusters A-R in Figure 3.2A) and 25 gene co-expression modules expressed across subsets of 

those cell types (Figure 3.2A). For each of these 25 gene modules we then extracted all the 

ligand genes from our ligand-receptor database for each module and constructed an interactome 

with receptors expressed by different classes of mouse sensory neurons (Supplementary Table 

s3.9). We focused on 2 module interactomes enriched in immune cell types for graphical 

representation: the macrophage and leukocyte enriched cluster, and the T-cell and natural killer 

cell enriched cluster. We chose these based on the key role these immune cell types play in 

neuropathic pain models in male and/or female mice (Davies et al., 2019; Krukowski et al., 2016, 

p. 8; Rosen et al., 2019; Sorge et al., 2015; Willemen et al., 2014; X. Yu et al., 2020). The 

ligand-receptor interactomes emerging from this gene cluster enrichment analysis revealed 

distinct factors expressed by these immune cells that are known to play a role in neuropathic pain 

states. The macrophage and leukocyte cluster included Mmp9, Il1b and Osm gene products 

signaling to their cognate receptors expressed by mouse nociceptors (Figure 3.2B). Macrophage 

recruitment by TNFα induces Mmp9 signaling which then promotes neuropathic pain after 

peripheral nerve injury (Shubayev et al., 2006). Il1b and Osm have also been identified as 

important pain signaling molecules in previous studies in rodent pain models (Garza Carbajal et 

al., 2020; Sweitzer et al., 1999) and in DRG samples from neuropathic pain patients (North et al., 

2019). The T-cell and natural killer cell cluster showed many genes associated with the TNFα 

super-family including Lta, Tnfsf14 and Tnfsf11 but also highlights the Ltbr gene which is paired  
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Figure 3.2. Cell type gene enrichment analysis reveals specific ligand-receptor interactions for 
individual cell types with sensory neurons. Iterative hierarchical bi-clustering was performed on 
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genes and cell-types using Scrattch.hicat (Tasic et al., 2018). Eighteen cell-type modules (A, row 
label A-R) and 25 gene modules were identified. Two gene modules and their interactomes were 
chosen to be graphically presented (B, C). A) Heatmap of gene expression level with columns 
showing 25 gene modules identified, and rows showing 42 cell-types grouped by the 18 cell-type 
modules identified through bi-clustering. B, C) Heatmaps of ligand expression level across all 18 
cell-type modules and receptor pair expression in 3 types of sensory neurons (N = 889 cells for 
NP, 126 cells for NF and 565 cells for PEP) for each interaction are shown. Ligand genes 
enriched in macrophages and leukocytes are shown in (B) and ligand genes enriched in T-cells 
and natural killer cells are shown in (C). The cell-type modules where the ligands are enriched 
are highlighted with red boxes (e.g. L and N in panel (B)). The gene category shown in the 
legend is marked next to each ligand or receptor gene.  
with several of these T-cell and natural killer cell expressed ligands (Figure 3.2C). This analysis 

also identified a specific interaction between T-cells and sensory neurons driven by interferon 

gamma (Ifng) acting through interferon gamma receptors (Ifngr1, Ifngr2) expressed by sensory 

neurons. Ifng had previously been found to enhance glutamate release in excitatory synapses in 

spinal cord and contributes to persistent pain (Grace et al., 2014). The work cited above 

implicates these factors in persistent pain, but our analysis shows that these immune cells express 

these factors at baseline. This suggests that recruitment of these immune cells to the peripheral 

nerve may be a key factor in driving persistent pain rather than plasticity in the transcriptomes of 

these cell types. This notion is supported by recent studies in rodent models (Davies et al., 2019; 

Krukowski et al., 2016; X. Yu et al., 2020) and patient transcriptional profiling (North et al., 

2019). This cell-type and gene module bi-clustering approach reveals potential ligand-receptor 

interactions for peripheral cell types with sensory neurons that can be further mined for 

identification of new pain targets. 

Ligand-receptor interactions among cell types within the mDRG are identified from the 

mousebrain.org dataset 

The interactomes described above map ligand-receptor pairs between sensory neurons and 

many other cell types found in target tissues for these neurons. The DRG is composed of many 
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different cell types besides sensory neurons, including Schwann cells and satellite glial cells. 

These glial cells are known to contribute to acute and chronic pain states (Gonçalves et al., 2018; 

Jager et al., 2020; Lemes et al., 2018) but how they interact with sensory neurons has not been 

characterized thoroughly. Moreover, how sensory neurons may interact with these cells through 

release of transmitter substances is almost completely unexplored. To examine ligand-receptor 

interactions that might occur within the DRG, we constructed ligand-receptor interactomes 

between NP, PEP and NF sensory neurons and satellite glial cells and Schwann cells. We did this 

with single cell RNA sequencing data from the mousebrain.org dataset (Zeisel et al., 2018). In 

our first analysis of this interactome it was clear that Cell Adhesion Molecule and Extracellular 

Matrix (ECM) categories dominated the ligand-receptor interactions for these cell types 

(Supplementary Table s3.5 sheets 1-4, Figures A.1 and A.2). This is not surprising, given the 

close proximity of these cells within the DRG and the obvious structural role that interactions 

between these cells play within the ganglion. The role of cell adhesion molecules and ECM 

molecules in chronic and neuropathic pain has been described in the literature (Hucho & Levine, 

2007; Parisien et al., 2019). However, because we wanted to focus on interactions driven by 

diffusible transmitter substances within the DRG, we chose to remove these two categories from 

this analysis of intercellular ligand-receptor signaling within the mDRG. These categories are 

included in subsequent analyses.  

When examining which neuronal ligands potentially signal to satellite glia and/or Schwann 

cell expressed receptors, we made several interesting observations (Figure 3.3). First, growth 

factor interactions were the dominant category of interactions when considering neuron to glial 

signaling, with 30 of the 133 interactions being between growth factors and their receptors. This  
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Figure 3.3. Ligand-receptor mediated interactions from neurons to glial cells within the DRG. 
Interactome analysis was performed to identify signaling between Satellite glia (681 cells) and 
Schwann cells (47 cells) and PEP (565 cells), NP (889 cells) and NF (126 cells) sensory neurons. 
Connections with ligands expressed by sensory neurons and the paired receptor expressed by 
DRG glial cells are shown. Outermost circles indicate the generic class of the cells expressing 
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the corresponding ligand or receptor genes. The middle layer shows the specific cell-type that the 
gene is detected in, with the dots color coded for their specific cell-types. The inner layer 
contains gene names, color coded for their corresponding ligand or receptor categories. 
Connections are marked as lines between ligand genes and receptor genes. The color of the 
connection line is based on the ligand gene category expressed by the neuron. 
 
is consistent with previous findings in the field (Furusho et al., 2009; Madiai et al., 2005; 

Yamanaka et al., 2007). Second, we found indications of robust Bdnf signaling within the DRG. 

We noted that gene products of Bdnf, which was expressed by NP and PEP nociceptors, has 

potential interactions with satellite glia and Schwann cells through its traditional receptor TrkB 

(Ntrk2 gene), as well as through Ddr2 (Ntrkr3r) and Sort1. Finally, we found that CGRP (Calca 

gene), a signature peptide of the PEP class of nociceptors, has an interaction with Ramp2, the 

amylin receptor in DRG glia cells. While it is known that CGRP can signal through receptors 

containing the amylin subunit (Hay et al., 2018), there is no previous literature on CGRP 

signaling through this receptor in DRG glia.  

We then assessed DRG glial ligand signaling to neuronal receptors. This interactome was 

more diverse and revealed an increased number of these interactions. There were 133 neuronal 

ligands interactions with glial receptors; conversely, there were 199 glial ligand and neuronal 

receptor interactions. While the classes of ligands coming from glia did not fall into one main 

category, 56 of the 199 receptors for neurons were comprised of GPCRs, ion channels, or 

cytokine receptors (Figure 3.4). A prominent ligand-receptor interaction emerging from this 

dataset was the broad expression of platelet derived growth factor family genes in satellite glial 

cells and Schwann cells, gene products of which signal to a single neuronal receptor whose gene 

(Pdgfrb) expression is enriched in the NP class of nociceptors. While PDGF is known to 

sensitize nociceptors leading to increased mechanical sensitivity (Barkai et al., 2019; Lopez- 
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Figure 3.4. Ligand-receptor mediated interactions from glial cells to neurons within the DRG. 
Interactome analysis was performed to identify signaling between Satellite glia (681 cells) and 
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Schwann cells (47 cells) and PEP (565 cells), NP (889 cells) and NF (126 cells) sensory neurons. 
Connections with ligands expressed by glial cells and the paired receptor expressed by DRG 
neurons are shown. Outermost circles indicate the generic class of the cells expressing 
corresponding ligand or receptor genes. The middle layer shows the specific cell-type that the 
gene is detected in, with the dots color coded for their specific cell-types. The inner layer 
contains gene names, color coded for their corresponding ligand or receptor categories. 
Connections are marked as lines between ligand genes and receptor genes. The color of the 
connection line is based on the receptor gene category expressed by the neuron.  
 
Bellido et al., 2019), little work has been done on PDGF signaling within the DRG, making this 

an attractive target for further exploration. When comparing these two sets of data it is notable 

that there is an enormous variety in the interactions between glial ligands and neuronal receptors. 

Our data support previous findings in the literature regarding neuronal signaling in the DRG, 

while identifying potential new interactions which will need further investigation. In the mDRG, 

we find similar neuron – glia ligand-receptor interaction profiles for peptidergic (PEP) and non-

peptidergic (NP) nociceptors, but note several differences between non-nociceptive 

neurofilament neurons (NF) and nociceptors (Figure 3.4). An example is Schwann cell and 

SGC-derived PDGF signaling to Pdgfrb, which was exclusively found in nonpeptidergic 

neurons. 

Enteric glia to colon innervating nociceptor interactome defines gut-neuron interactions in a 

colitis model 

Thus far, we have described interactomes between peripheral tissues and DRG neurons, as 

well as within the DRG, by using sequencing experiments from naïve mice. Certain ligand-

receptor interactions may not exist in this state and may only be revealed during pathology where 

those interactions play a critical role in promoting disease. This principle is the basis of the use 

of most drugs that are used to treat disease. To explore how the ligand-receptor interactome of 

DRG sensory neurons changes in a disease state, we examined how colonic enteric glial cells 
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react and communicate with retrogradely labelled and single cell sequenced sensory neurons 

innervating the colon (Hockley et al., 2019) in the mouse 2,4-di-nitrobenzene sulfonic acid 

(DNBS) colitis model. We used an existing dataset of RiboTag RNA-seq of enteric glial cells in 

this colitis model (Delvalle et al., 2018) as this technique affords cellular specificity combined 

with an in vivo inflammatory disease model. A scRNA-seq dataset of retrogradely traced sensory 

neurons that innervate the colon was chosen as these cells make contact with enteric glia and are 

at least partially transcriptomically distinct from other DRG sensory neurons (Hockley et al., 

2019).  

Transcriptomic changes in the DNBS treated enteric glial dataset were evaluated first. 

Differential gene expression analysis was performed between vehicle and DNBS treated groups 

to identify genes with substantial changes in abundance. This gene list was then intersected with 

our interactome analysis against retrogradely traced, mouse colonic sensory neuron scRNA-seq 

data. The original study identified 7 cell-types from these retrogradely traced mouse colonic 

sensory neurons. These cell-types were defined by expression profiles (NP, PEP, NF) and they 

were further defined by their anatomical location (either thoracolumbar and lumbosacral DRG, 

or lumbosacral only) (Hockley et al., 2019). We separated these into 5 cell-types that were found 

in both thoracolumbar and lumbosacral DRGs (denoted as mixed populations, denoted by m in 

Figure 3.5A), and 2 cell-types that were only found in lumbosacral DRG (pelvic populations, 

denoted by p in Figure 3.5A). The interactome between differentially expressed ligands in 

DNBS treated enteric glia and paired receptors enriched in one of these 7 cell-types are presented 

(Figure 3.5A, Supplementary Table s3.6 sheet 1, ligand-receptor pairs that did not show any 

DRG neuron enrichment for any of the 7 cell types are shown in Supplementary Table s3.6  
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Figure 3.5. An interactome between normal and inflamed colonic enteric glia and colonic 
projecting sensory neurons reveals potential key drivers of visceral pain. Interactome analysis 
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was performed to identify signaling between enteric glial cells and sensory neurons which 
innervate the colon. A) Connections with ligand up- or down-regulated in enteric glial cells after 
DNBS treatment, and the receptor expressed by DRG sensory neurons (314 cells) are shown. 
Connections are colored as red and blue, where red indicates ligand expression level was 
elevated in enteric glial cells after DNBS treatment, and blue indicates reduction. Ligand and 
receptor genes are labelled with color-coded category labels. Ligand expression level in all 6 
samples (3 Saline treated (blue) and 3 after DNBS treatment (red)) are shown to the left. 
Receptor expression level in all 7 colon innervating cell-types are shown as a heatmap to the 
right. B) Table showing that up-regulated ligand genes mostly signaling to receptors found in 
mixed level DRG neurons. 

 
sheet 2). We found that for 17 out of 22 interactions where the receptor gene was enriched in the 

2 pelvic (p) specific cell-types, their ligand pair gene expression was substantially decreased. In 

contrast, in 39 out of 64 interactions where the receptor gene was enriched in mixed (m) DRG 

cell-types, their paired ligand gene expression was substantially increased. Under the premise 

that increased gene (and potentially protein) abundance leads to increased protein interactions, 

this shows that there is a potential difference in signaling between enteric glia and colonic 

sensory neurons wherein inflammation relatively specifically augments ligand-receptor 

interactions between mixed population afferents whereas there is a tendency of decrease in 

interactions between enteric glia and pelvic afferents (Figure 3.5B). 

Based on the premise that elevated gene abundances could cause robust protein 

interactions and may be important for pelvic pain disorders, we looked more closely at this part 

of the interactome. Among increased ligand genes that signaled to DRG neurons in the mixed 

population we found that Bdnf and Gdnf were prominent. Bdnf signaling to TrkB (Ntrk2 gene) is 

known to play an important role in pain plasticity where it has primarily been studied in the 

context of BDNF release from primary afferents in the spinal cord (Sikandar et al., 2018; Zhao et 

al., 2006), but has also been linked to inflammatory visceral pain disorders (P. Wang et al., 2016; 

Y.-B. Yu et al., 2012; Zhu et al., 2001). Gdnf, which was linked to Gfra1 and Gfra2, was also 
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found to be increased in gene abundance in DNBS treated enteric glial cells. Other studies have 

indicated that GDNF upregulation in target tissues enhances nociception (Albers et al., 2006; 

Malin et al., 2006; Queme et al., 2020). Artn, a ligand in the same family as Gdnf, was also found 

to be increased in gene expression and linked with Gfra1 and Gfra3. This demonstrates a 

coordinated increased expression of neurotrophins in enteric glia that are likely to signal through 

pelvic and lumbosacral mechanisms to promote visceral pain (Albers et al., 2006; DeBerry et al., 

2015; Malin et al., 2006; Queme et al., 2020; P. Wang et al., 2016; Y.-B. Yu et al., 2012; Zhu et 

al., 2001). 

Disease promoting macrophages from rheumatoid arthritis patients interact with hDRG through 

an EGR-enriched pathway 

The interactome analysis described above shows that we can identify ligand-receptor 

signaling pathways in a mouse model of visceral pain. However, discoveries made in mouse 

models are not always consistent with actual human disease states (Bulmer & Grundy, 2011; 

Klinck et al., 2017). Therefore, we sought to assess whether this interactome approach could be 

used to identify novel targets in human disease states. This requires availability of human DRG 

sequencing data and sequencing data from target tissues or cells from patients with chronic pain 

diseases. We chose to investigate how macrophages from rheumatoid arthritis (RA) patient 

synovium might communicate with cell types in the human DRG, especially human sensory 

neurons. 

A previously published scRNA-seq study of synovial tissue from RA and osteoarthritis 

(OA) patients identified 4 specific sub types of macrophages within the joints of patients with 

either of these diseases (Kuo et al., 2019). A total of 12 RA patients (7 females and 5 males) and 



 

92 

2 OA patients (both male) were enrolled in the Kuo et al. study (Kuo et al., 2019). In order to 

find macrophage-driven interactions with human DRG neurons that are potentially responsible 

for promoting pain in RA, we contrasted the RA enriched macrophage cell-types with the OA 

enriched macrophage cell-types. Ligand genes that were highly expressed in the RA 

macrophages compared with the OA macrophages were selected, then filtered by whether their 

receptor genes were detected in human DRG RNA-seq data (North et al., 2019; P. Ray et al., 

2018). The resulting OA-enriched interactome includes pathways related to bone regeneration. 

RA-enriched macrophage ligand-receptor pairs are presented here (Figure 3.6, original data of 

RA-enriched interactions, as well as OA-enriched interactions are in Supplementary Table s3.7, 

sheets 1 and 2). Interestingly, of the 20 RA-enriched ligand genes, 4 of them, HBEGF, EREG, 

DCN, and HSP90AA1, have gene products that signal to EGFR. This suggests that ErbB family 

receptors may play a key role in promoting persistent pain in RA patients. Elevation of ErbB 

family related ligands and receptor expression level has been previously identified in RA 

patients. For instance, ErbB family pathway changes are triggered by elevated expression level 

of amphiregulin and epiregulin (EREG) in RA patients (Yamane et al., 2008), while experiments 

in mice have shown the development of cytokine-induced arthritis can be suppressed with local 

blockade of these ligands in the joint (Harada et al., 2015). The importance of the ErbB family 

pathway in chronic pain has been previously noted in the literature, but not in the context of RA 

pain. For instance, EREG-mediated EGFR activation causes pain sensitization through 

PI3K/AKT/mTOR pathways in inflammatory pain models (Martin et al., 2017) and EGFR 

inhibition reduces opioid tolerance and hyperalgesia (Puig et al., 2020). Moreover, ErbB receptor 

family inhibitors have recently been used successfully for the treatment of neuropathic pain in  
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Figure 3.6. A human DRG to synovial joint macrophage interactome identifies potential drivers 
of persistent pain in rheumatoid arthritis. Interactome analysis was performed on differentially 
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expressed ligand genes between synovial macrophages associated with RA (394 cells) and 
synovial macrophages associated with OA (139 cells), and receptor genes from human DRG (N 
= 3 from individual organ donors). Only ligand genes with higher expression level in RA 
macrophages compared with OA macrophages are shown. Gene expression level in reads per 
million (RPM) for each cell is shown (RA macrophages in blue; OA macrophages in orange) 
with the solid line as the mean and error bars as SEM. Corresponding receptor genes detected in 
human DRG are shown under each ligand gene. Corresponding ligand or receptor categories are 
color-coded and labeled for each ligand or receptor gene as shown in the legend. 
 
patients (C. Kersten et al., 2015; Christian Kersten et al., 2019). RA treatment has been 

transformed by the use of TNFα targeting biologics, but chronic pain remains a persistent 

problem for RA patients (Catrina et al., 2017; Krock et al., 2018). With previous findings 

showing ErbB family inhibitors can be used to treat RA in mouse models (Harada et al., 2015; 

Swanson et al., 2012), we propose that inhibitors of the ErbB receptor family could potentially 

be repurposed to treat inflammation and RA pain at the same time. 

Pancreatic cancer cells suppress inhibitory and enhance excitatory signaling to human DRG 

neurons 

Pancreatic cancer involves cancer driven mutational changes, and large scale 

transcriptional reprogramming. It is often associated with severe pain, and many patients are 

resistant to pharmacological pain treatment of any kind, requiring neurolytic treatments 

(Caraceni & Portenoy, 1996; Drewes et al., 2018). A better understanding of how cells from 

pancreatic cancerous tissue signal to DRG neurons could lead to identification of therapies that 

can alleviate pancreatic cancer pain. 

We utilized a bulk RNA-seq dataset of pancreatic cancer tissue where we could control for 

individual differences in transcriptomes by having matched cancer and non-cancer pancreatic 

samples from each of 4 patients (2 females and 2 males) in the TCGA database (Tomczak et al., 

2015). These 4 patients had stage II tumors (1 of them stage IIa, and the other 3 stage IIb).  
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Figure 3.7. An interactome between normal and pancreatic cancer tissue in humans identifies 
potential pathways for treatment of pancreatic cancer pain (ligands A – L). Interactome analysis 
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was performed on differentially expressed ligand genes between healthy and cancerous tissue 
from 4 individuals with pancreatic carcinoma. Only ligand genes with a corresponding receptor 
gene expressed in the human DRG (N = 3 from individual organ donors) dataset are shown. 
Gene expression level in fragments per kilobase million (FPKM) is shown (healthy tissue in 
orange; cancerous tissue in red) with the connected line marking the samples from the same 
patient. Corresponding receptor genes detected in human DRG are shown under each ligand 
gene. Corresponding ligand or receptor categories are color-coded and labeled for each ligand or 
receptor gene as shown in the legend. 
 
According to the definition of pancreatic cancer stages by the American Cancer Society, stage 

IIb pancreatic cancer has spread to no more than 3 nearby lymph nodes, and may be considered 

as unresectable by physicians (https://www.cancer.org/cancer/pancreatic-cancer/detection-

diagnosis-staging/staging.html). Over 80% of these patients with unresectable pancreatic cancer 

experience pain (Kalser et al., 1985; Krech & Walsh, 1991). Ligands systematically increasing or 

decreasing in abundance in cancer samples across all 4 patients were used for the interactome 

analysis. These interactions were then filtered by whether their receptor genes were detected in 

hDRG RNA-seq data (North et al., 2019). Results of this analysis are presented in Figures 3.7 

and 3.8. Among 41 ligand-receptor pairs identified, we noted that genes of certain mediators that 

are well-known pain suppressing ligands showed decreased expression in cancerous tissue 

compared with healthy tissue. These included the endogenous opioid ligand POMC and the anti-

inflammatory cytokine IL10. On the other hand, expression of many pain promoting and/or 

inflammatory ligand genes was increased, including SHH, TGFA, TFF1. These findings suggest 

that a central problem in pancreatic cancer pain may be a loss of balance between the pain 

suppressing and the pain promoting signaling that is found within the normal pancreas. Notably, 

4 of these 41 ligand genes, CEACAM1, FGF1, TFF1, TGFA, have gene products known to signal 

through EGFR, suggesting that the ErbB receptor family may play a role in driving pain in 

pancreatic cancer. While the corresponding ligands of ErbB receptor family have been  
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Figure 3.8. An interactome between normal and pancreatic cancer tissue in humans identifies 
potential pathways for treatment of pancreatic cancer pain (ligands M – V). Interactome analysis 
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was performed on differentially expressed ligand genes between healthy and cancerous tissue 
from 4 individuals with pancreatic carcinoma. Only ligand genes with a corresponding receptor 
gene expressed in the human DRG (N = 3 individual organ donors) dataset are shown. Gene 
expression level in fragments per kilobase million (FPKM) is shown (healthy tissue in orange; 
cancerous tissue in red) with the connected line marking the samples from the same patient. 
Corresponding receptor genes detected in human DRG are shown under each ligand gene. 
Corresponding ligand or receptor categories are color-coded and labeled for each ligand or 
receptor gene as shown in the legend. 

 
previously studied in the context of cancer, where EGFR and ErbB2 are known targets, they 

have not been widely studied in the context of pain. Additionally, ErbB receptor family 

inhibitors have been shown to provide pain relief in previous cancer clinical trials (Bezjak et al., 

2006). This may occur because of inhibition of tumor to nociceptor signaling or tumor shrinkage 

decreasing pressure on nearby nerves, like the celiac plexus. Details of the data are provided in 

Supplementary Table s3.8. 

HBEGF stimulates mDRG neurons and causes pain in vivo 

Our results suggest a potential role of ErbB receptor family in many types of pain but the 

only corresponding ligand that has been confirmed to cause pain in vivo is epiregulin (Martin et 

al., 2017). To the best of our knowledge, HBEGF has never been assessed for pro-nociceptive 

actions, but our datasets suggest a possible role in several pain states. We applied HBEGF (10 

ng/ml) to mDRG neurons from male and female mice and observed a Ca2+ signal in ~ 30% of 

neurons (Figures 3.9A and 3.9B). This effect was completely blocked by the ErbB family 

antagonist lapatinib (6 nM) (Figures 3.9C and 3.9D). Lapatinib blocks receptor kinase activity 

for both EGFR and ERBB2 (Kim et al., 2008). To examine the effect of HBEGF in peripheral 

tissues innervated by sensory nerve endings, we injected HBEGF (50 ng) into the paw of mice to 

test for mechanical sensitivity and grimacing. Male ICR and female C57BL/6 mice were used in 

order to test sex and strain differences. In male mice we observed mechanical hypersensitivity  
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Figure 3.9. HBEGF excites mDRG neurons and causes pain in vivo. HBEGF exposure to mouse 
male and female DRG neurons caused a rise in intracellular Ca2+ concentration (A) in ~30% of 
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neurons (B).  This effect was completely blocked by the EGFR antagonist lapatinib (C and D). 
HBEGF cause mechanical hypersensitivity (E) but did not have a significant effect on grimacing 
(F) in male mice. In female mice HBEGF cause mechanical hypersensitivity (G) and a 
significant effect on grimacing at 1 hr after exposure (H).  Pooling male and female mice shows 
a strong effect on mechanical hypersensitivity (I) and a transient effect on grimacing (J). * p 
<0.05, ** p<0.01, *** p<0.001 two-way anova with Bonferroni post test or t-test for effect size. 
 
(Figure 3.9E) and a trend toward increased grimacing (Figure 3.9F). In female mice HBEGF 

also caused mechanical hypersensitivity (Figure 3.9G) and grimacing at 1 hr after injection 

(Figure 3.9H). Examining pooled data from male and female mice revealed a strong effect on 

mechanical hypersensitivity lasting for at least 24 hrs (Figure 3.9I) and a significant effect on 

grimacing at 1 hr after injection (Figure 2.9J). Because responses were qualitatively similar 

between the two groups of mice, it is unlikely that there are major sex or strain differences in 

HBEGF responses in mice. We conclude that like epiregulin, HBEGF is an ErbB receptor family 

agonist that causes pain in vivo, likely through a direct action on ErbB2 receptors expressed by 

DRG nociceptors. 

 

Discussion 

We have created an interactome identification framework for examination of how specific 

subtypes of cells in the body interact with sensory neurons that innervate the target tissues where 

these cells reside. This resource can be used to mine interactions between sensory neurons and 

many of the cell types found in the bodies of mice. Many of these ligand-receptor interactions 

are generic, however, a surprisingly large number of them show specificity. For instance, T-cells 

and natural killer cells appear to use lymphotoxin alpha (Lta) to lymphotoxin beta receptor (Ltbr) 

as a unique mechanism to signal to nociceptors. Our work also elucidates how ligand-receptor 

interactions can potentially change in chronic pain disease states such as rheumatoid arthritis and 
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pancreatic cancer. Our database and computational framework can be useful for identifying new 

targets for disease treatment (for example, HBEGF acting on ErbB receptors). We anticipate that 

continuing advances in sequencing techniques (Stark et al., 2019), such as spatial transcriptomics 

(Lein et al., 2017), and their application to human disease tissues will enable targeted therapeutic 

discoveries using this interactome framework.  

One of the key findings emerging from our work is the complexity of the potential ligand-

receptor interactions that are found in these interactomes. Pain is widely acknowledged to be a 

complex disease, but most pain therapeutic development focuses on a single factor, such as NGF 

or CGRP sequestering antibodies, or receptor or enzyme antagonists (Woodcock et al., 2007). 

Some of these approaches, for instance NGF (Brown et al., 2012) and CGRP (Sun et al., 2016) 

targeting, have been effective in the clinic. However, not all patients respond to these 

therapeutics and even when patients do respond, these therapies are not cures. Our work shows 

that chronic pain disease states are accompanied by complex changes in ligands produced in 

diseased tissues and that many of these ligands have considerable potential to have an action on 

the nociceptors that innervate that tissue. This likely means that multiple ligand-receptor 

interactions need to be simultaneously targeted to effectively treat chronic pain states. Of course, 

this is not a new concept, but our work starts to provide a toolkit to quantify these ligand-

receptor interactions and design therapeutic strategies that have an increased chance of success. 

Continuing to develop transcriptomic maps of human tissues, at the bulk and single cell level, 

including in disease states, will ultimately be needed to achieve this goal. Such efforts are well 

underway and the technology to do such studies at the individual patient level are rapidly 

becoming available (Stark et al., 2019). 
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Another key finding is the degree to which ECM and cell adhesion molecules govern 

ligand-receptor interactions between peripheral cells and sensory neurons. These interactions 

dominated our ligand-receptor interactomes and many of these interactions have not been studied 

at all in the context of sensory neurobiology. Several studies in the past decade have pointed out 

the key role that ECM molecules play in the development of chronic pain states (Ji, Xu, et al., 

2009; Parisien et al., 2019; Reichling et al., 2013), but, again, these studies have only focused on 

a small number of the many interactions that were apparent in our interactomes. These ECM and 

adhesion molecule interactions may also play a critical role in recruitment and proliferation of 

immune cells to peripheral nerves and the DRG after nerve injury. Insofar as these neuro-

immune interactions in the periphery are emerging as key players in nerve regeneration (Davies 

et al., 2019) and neuropathic pain (Ji et al., 2016; X. Yu et al., 2020), gaining a better 

understanding of how this occurs will yield new insight into disease states. Therefore, this is 

almost certainly an area that is ripe for further exploration from the perspective of fundamental 

neurobiology knowledge and therapeutic target discovery.  

A theme emerging from our interactomes built using sequencing data from human disease 

was the involvement of ErbB family receptors and their corresponding ligands. Previous studies 

have implicated the pathway associated with this family of receptors with chronic pain, but 

HBEGF has not been studied in this context. Genetic associations studies link the ErbB family of 

receptors and the ligand epiregulin (encoded by the EREG gene) to chronic temporomandibular 

joint pain (Martin et al., 2017). Animal pain models suggest that ErbB family activation by 

epiregulin promotes inflammatory and neuropathic pain and that ErbB receptor family signaling 

is critical for pain promoting effects of opioids (Martin et al., 2017; Puig et al., 2020). Finally, 
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several clinical trials have been done with inhibitors that target ErbB family receptors for 

neuropathic pain and some of these have been positive (C. Kersten et al., 2015; Christian Kersten 

et al., 2013, 2019). Our results point to a diversity of ligands specific to the ErbB family of 

receptors that are increased in abundance in painful tissues such as joints of people with 

rheumatoid arthritis and in pancreatic cancer. These ligands were distinct in these clinical 

cohorts, and did not include EREG, whose ortholog is reported to be unique among ErbB 

receptor ligands in sensitizing nociceptors in mice (Martin et al., 2017). Some of them did 

include HBEGF, and we show using mice that HBEGF can activate mDRG neurons in an ErbB 

receptor family-dependent fashion, and cause pain in vivo. In mouse, DRG neurons do not 

apparently express Egfr but both peptidergic and non-peptidergic nociceptors express Erbb2 

(Zeisel et al., 2018). HBEGF induced Ca2+ transients in mDRG neurons that were completely 

blocked by lapatinib, which inhibits both EGFR and ErbB2. It is very likely that pain promoting 

effects of HBEGF in mice are mediated by ErbB2. In human DRG both EGFR and ERBB2 

genes are expressed (P. Ray et al., 2018; Wangzhou, et al., 2020), suggesting a potential species 

difference. Another consideration is that different ErbB family ligands have differential signaling 

bias when activating ErbB receptors in neurons, as shown by Martin and colleagues (Martin et 

al., 2017). It is likely necessary to study the effects of ErbB family ligands on human nociceptors 

as several published reports have demonstrated important differences between rodent and human 

nociceptors (Davidson et al., 2016; Moy et al., 2020; North et al., 2019; Rostock et al., 2018). 

Nevertheless, our findings are promising from the perspective of broadening study of ErbB 

family receptor inhibitors for different chronic pain conditions. Our work highlights HBEGF, in 

addition to epiregulin, as EGFR agonists that may be involved in pathological pain. 
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There are some key limitations to our work. The first is that most of the interactomes 

presented are not precisely matched for the innervation of the target tissue. The exception is the 

colonic sensory neuron to enteric glia interactome. Future work will focus on building additional 

interactomes where the target cell types are matched to the subsets of nociceptors that 

specifically innervate those cells and, if possible, taken from samples with the same 

pathophysiological state. This will have important implications for more precise target 

identification.  

The second is that single cell resolution is not yet available for the hDRG so the human 

disease-based interactomes should be interpreted with some caution. Our bulk sequencing data 

affords a broad view of possible interactions between target tissues and hDRG neurons, but 

single cell sequencing on hDRG neurons would improve confidence in targets emerging from 

these types of experiments.  

A third limitation is in gaps in the ligand-receptor interactome. While we have made a 

concerted effort to include as many enzyme-derived small molecule interactions as we can in this 

database, it is not comprehensive. There are also many ligand-receptor interactions that are not 

yet known, and these are necessarily not part of our interactome. Therefore, while our work 

elucidates many aspects of ligand-receptor interactions that are potentially involved in driving 

painful disease states, it cannot be viewed as a comprehensive resource. 

Finally, while gene expression of ligands and receptors make signaling likely, post-

transcriptional and post-translational regulation, as well as mRNA and protein transport or 

localization can modulate the degree and viability of such protein interactions. For candidate 

signaling pathways, interventional studies need to be performed to validate the predicted 



 

105 

interactome. Our mouse HBEGF study provides a roadmap in how such studies may be 

designed. 

The work presented here provides a view into how different somatic and visceral 

interactions at the pharmacological level with the sensory neurons that innervate the entire body. 

Our findings create a resource for the field, and elucidate new therapeutic targets for several 

chronic pain states. Our interactome framework can be used alongside rapid advances in RNA 

sequencing datasets and other technologies that are happening in nearly every aspect of 

biological sciences and medicine. We envision this tool to be useful in identification of new 

therapeutic targeting strategies for specific chronic pain disorders.  
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Abstract 

Because somatosensory PNS neurons, in particular nociceptors, are specially tuned to be 

able to detect a wide variety of both exogenous and endogenous signals, it is widely assumed 

that these neurons express a greater variety of receptor genes. Because cells detect such signals 

via cell surface receptors, we sought to formally test the hypothesis that PNS neurons might 

express a broader array of cell surface receptors than CNS neurons using existing single cell 

RNA sequencing resources from mouse. We focused our analysis on ion channels, G-protein 

coupled receptors (GPCRS), receptor tyrosine kinase and cytokine family receptors. In partial 

support of our hypothesis, we found that mouse PNS somatosensory, sympathetic and enteric 

neurons and CNS neurons have similar receptor expression diversity in families of receptors 

examined, with the exception of GPCRs and cytokine receptors which showed greater diversity 

in the PNS. Surprisingly, these differences were mostly driven by enteric and sympathetic 

neurons, not by somatosensory neurons or nociceptors. Secondary analysis revealed many 

receptors that are very specifically expressed in subsets of PNS neurons, including some that are 

unique among neurons for nociceptors. Finally, we sought to examine specific ligand-receptor 

interactions between T cells and PNS and CNS neurons. Again, we noted that most interactions 

between these cells are shared by CNS and PNS neurons despite the fact that T cells only enter 

the CNS under rare circumstances. Our findings demonstrate that both PNS and CNS neurons 

express an astonishing array of cell surface receptors and suggest that most neurons are tuned to 

receive signals from other cells types, in particular immune cells. 
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Introduction 

Neurons receive signals from other cells through soluble chemical signals that act on 

receptors expressed by the neuron. Via the signaling action of these receptors, neurons are able 

to convert a chemical signal into electrical impulses that are the basis for information spread 

within the nervous system. Somatosensory neurons in the peripheral nervous system (PNS) can 

theoretically respond to soluble signals from almost any cell type in the body. A subset of 

neurons in the dorsal root (DRG) and trigeminal ganglion (TG) that detect injurious or 

potentially harmful stimuli, called nociceptors, are thought to be particularly tuned to detecting 

signals from other cell types because these neurons are the body’s first defense against cellular 

damage, inflammation, and pathogens (Chiu et al., 2016; Dubin & Patapoutian, 2010; Thakur et 

al., 2014; Woolf & Ma, 2007). Neurons in the central nervous system (CNS) have a smaller 

number of cell types from which to detect soluble ligands, but whether or not this means that 

they express a smaller repertoire of receptors has not been examined in a systematic way. Recent 

evidence indicates that cortical neurons are able to detect soluble factors released from immune 

cells that infiltrate the brain’s meninges, with profound influences on behavior (Alves de Lima et 

al., 2020; Da Mesquita et al., 2018; Filiano et al., 2016). Moreover, CNS glia can take on 

phenotypes that are strikingly similar to peripheral immune cells (Khakh & Deneen, 2019; Prinz 

et al., 2019). This growing understanding of direct non-neuronal influences on neuronal activity 

within the CNS implies that the receptor diversity thought to be a key characteristic of PNS 

neurons may also be found in many CNS neurons.  

 RNA sequencing technologies, in particular single cell sequencing technologies, have 

fundamentally changed our understanding of cellular populations within tissues (Stark et al., 



 

109 

2019). We now have unbiased expression profiles of most of the cell types in the PNS and CNS, 

at least in the mouse, with very specific knowledge of gene markers for these cells (Sharma et 

al., 2020; Tasic et al., 2018; Usoskin et al., 2015; Zeisel et al., 2018; Zheng et al., 2019). This 

information is incredibly useful because it gives genetic access to cell populations through a 

variety of transgenic and viral-vector technologies. It also is allowing for a better understanding 

of cell type conservation across species to enhance translational and evolutionary studies. These 

datasets can be mined in many interesting ways to reach conclusions that were not part of the 

aim of the original analysis. To this end, we were surprised that we were unable to find any 

previous studies that specifically examined pan-transcriptomic receptor expression diversity 

between neurons in the PNS and CNS. An exception may be the olfactory system where these 

neurons are very well known to express an array of G-protein coupled receptors (GPCRs) that 

are specifically involved in olfaction (Buck & Axel, 1991; Julius & Nathans, 2012). The primary 

goal of our work described here was to experimentally test the assumption that PNS 

somatosensory neurons express a greater variety of receptors than other types of neurons, 

excluding olfactory neurons.  

In the work described here, we sought to gain insight into the diversity of receptor 

expression in PNS and CNS neurons of the mouse using a variety of published single cell 

sequencing resources (Tabula Muris Consortium et al., 2018; Tasic et al., 2018; Zeisel et al., 

2018). Our specific hypothesis was that PNS somatosensory, sympathetic and enteric neurons 

would express a wider array of ion channels, GPCRs, tyrosine receptor kinases (TRKs) and 

cytokine receptors. In partial agreement with our expectation, we found that PNS neurons 

express a greater diversity of GPCRs and cytokine receptors than CNS neurons. However, both 
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PNS and CNS neurons express a very broad array of receptors of all of these families and there 

were no differences in expression diversity within the TRK or ion channel classes for PNS or 

CNS neurons. A secondary outcome of our analysis is the discovery of subsets of receptors 

within each family that are very specifically expressed in subsets of PNS neurons in the mouse. 

Because these receptors are not detected in CNS neurons, they may represent a new set of 

mechanistic or therapeutic targets for diseases of the PNS. Overall, our findings point to the 

astonishing array of receptors that are expressed by neurons, a feature that is common to both 

CNS and PNS neurons. 

 

Materials and methods 

Datasets  

scRNA-seq dataset for CNS and PNS neurons 

In order to minimize technical noise, we selected scRNA-seq generated by Zeisel et al. 

(Zeisel et al., 2018) where both mouse CNS and PNS tissues were collected and sequenced with 

the same methods in the same lab, and with similar sequencing depth across all cell-types. The 

cell types used include neurons and glial cells throughout the cortex and other brain regions 

including mid- and hind-brain structure. For the PNS, the datasets include neurons and other cell 

types from the DRG, the sympathetic ganglia and enteric nervous system. We did not include 

data from the olfactory system due to the well-known overrepresentation of GPCRs in those 

neurons. We used the expression values of individual cells from CNS and PNS, and their 

identified cell-types provided by the original publication (L5_All.loom) for our analysis.  
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scRNA-seq dataset for CNS neurons 

It is possible that, despite CNS neurons having a greater variety of receptors than PNS 

neurons, they have relative low expression level, and thus due to the low sequencing depth 

nature of scRNA-seq, less receptors are considered expressed in CNS than PNS. Here we 

selected a deeply sequenced scRNA-seq dataset of CNS neurons by Allen Institute (Tasic et al., 

2018) to show the differences we observed between CNS and PNS neurons are not a technical 

artifact. 

scRNA-seq dataset for T-cells 

With multiple T-cell scRNA-seq datasets available, we selected the Tabula Muris dataset 

(Tabula Muris Consortium et al., 2018). This is because the T-cells sequenced in this dataset 

were not selected by any specific experimental procedure and are T-cells resident to several 

specific tissues. T-cells were pooled from 4 tissues in mouse: fat, muscle, lung, and spleen. This 

dataset was used to create ligand-receptor interactomes between T-cells and different types of 

neurons, as described below.  

Trinarization score  

Trinarization score was developed by Zeisel et al., the original authors of the study from 

which the scRNA-seq datasets of CNS and PNS neurons were sourced (Zeisel et al., 2018). The 

trinarization score is a posterior probability score that identifies whether a gene is detectable in a 

set of sequenced cells (typically belonging to the same or related cell types). Presence or absence 

of reads in each cell are modelled as Bernoulli trials, with a Beta prior. The integral of the 

conjugate beta posterior P(Θ > f) is calculated, where f is the fraction of cells in the 

subpopulation where the gene should be detected. Methodology details can be found in the 
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Zeisel et al. paper. Here, we used f = 0.05 to identify if even a small subpopulation of the cell 

type has detected reads. Beta distribution parameters α = 1.5, β = 2 were used. Genes with the 

trinarization score > 0.95 were considered detected in the particular cell type. 

Receptor diversity compared between CNS and PNS neurons  

We used lists of GPCR, ion channel, and TRK genes from previously published paper in 

our lab (Wangzhou, et al., 2020). The list of cytokine related receptor genes was generated by 

combining genes under these gene groups from HGNC database (Braschi et al., 2019): tumor 

necrosis factor receptor superfamily, interferon receptors, interleukin receptors, complement 

system. We selected a human gene ontology database to increase translational value for human 

studies. Thus, we used the mouse orthologs of the human gene list to create the lists used in this 

analysis.  

Identification of PNS enriched gene modules and the calculation of enrichment score 

The scRNA-seq dataset from mousebrain.org (Zeisel et al., 2018) as used for this analysis. 

Cell-types with less than 4500 genes detected were excluded. Hierarchical clustering was 

performed using a correlation-based distance metric (1 – Pearsons Correlation Coefficient) and 

average-linkage on genes based on their trinarization score across all cell-types identified in CNS 

and PNS. Gene modules enriched in PNS neurons were then identified through an enrichment 

score. Enrichment score was calculated by the ratio of the mean trinarization scores of one set of 

cell-types to another. E.g. the enrichment score for PNS neurons vs. CNS neurons for a specific 

gene A was calculated as the following: 

𝐸𝐸𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝ℎ𝑠𝑠𝑝𝑝𝑝𝑝𝑝𝑝 𝑠𝑠𝑝𝑝𝑜𝑜𝑝𝑝𝑝𝑝 =  
𝑝𝑝𝑝𝑝𝑡𝑡𝑝𝑝𝑠𝑠𝑝𝑝𝑡𝑡𝑡𝑡𝑠𝑠𝑝𝑝𝑡𝑡𝑜𝑜𝑝𝑝 𝑠𝑠𝑝𝑝𝑜𝑜𝑝𝑝𝑝𝑝 𝑜𝑜𝑜𝑜 𝑔𝑔𝑝𝑝𝑝𝑝𝑝𝑝 𝐴𝐴 𝑡𝑡𝑝𝑝 𝑅𝑅𝑃𝑃𝑆𝑆 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑝𝑝𝑡𝑡𝑝𝑝𝑝𝑝𝑠𝑠���������������������������������������������������������������

𝑝𝑝𝑝𝑝𝑡𝑡𝑝𝑝𝑠𝑠𝑝𝑝𝑡𝑡𝑡𝑡𝑠𝑠𝑝𝑝𝑡𝑡𝑜𝑜𝑝𝑝 𝑠𝑠𝑝𝑝𝑜𝑜𝑝𝑝𝑝𝑝 𝑜𝑜𝑜𝑜 𝑔𝑔𝑝𝑝𝑝𝑝𝑝𝑝 𝐴𝐴 𝑡𝑡𝑝𝑝 𝐶𝐶𝑃𝑃𝑆𝑆 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑝𝑝𝑡𝑡𝑝𝑝𝑝𝑝𝑠𝑠��������������������������������������������������������������� 
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Receptor diversity score 

The diversity score is used to measure the diversity of genes under a certain gene class, 

GPCR, ion channel, TRK, or cytokine related receptors. The diversity score is calculated by 

summing the trinarization score of all genes under the corresponding gene class, for each cell-

type. Greater diversity score is correlate with more genes are more likely to be expressed in the 

corresponding cell-type.  

Trinarization scores, enrichment scores and diversity scores for genes of interest are 

available from Supplementary Tables s4.1 – s4.5. 

Ligand-receptor interactions between T-cells and CNS and PNS neurons  

We used scRNA-seq dataset from Tabula Muris (Tabula Muris Consortium et al., 2018) for 

the transcriptome of T-cells. Interactome between T-cells and CNS and PNS neurons were 

performed as previously described (P. R. Ray et al., 2020; Wangzhou, et al., 2020). Briefly, a 

ligand-receptor paired list was used to identify ligands expressed in T-cells. Then, we looked for 

the corresponding receptors of these ligands in CNS and PNS neurons. If the sum of trinarization 

score is greater than 25% of the cell-types, the gene is considered detected in CNS or PNS 

neurons. All identified interactions are listed in Supplementary Table s4.5. We then further 

filtered these interactions for presentation in Figure 4.5C. We excluded all interactions where 

the receptor is considered detected in both CNS and PNS neurons. Then, for the PNS or CNS 

‘specific’ receptors, we further looked at their corresponding ligands. If the ligands of these 

‘specific’ receptors have other receptors that are considered detected in both CNS and PNS 

neurons, the ligand-receptor pair was excluded. The remaining was as presented in Figure 4.5C. 
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Results 

Receptor diversity compared between CNS and PNS neurons for GPCR, ion channel, TRK and 

cytokine receptor families – mousebrain.org data 

We first used the mousebrain.org dataset to explore receptor diversity between CNS and 

PNS neurons. We split CNS and PNS cell types into classifications described in (Zeisel et al., 

2018) and mapped single cell expression by trinerization scores for all members of the GPCR 

family of receptors, excluding olfactory and other specialized receptor types that are mostly not 

expressed in either the CNS or DRG or enteric neurons. This revealed expression patterns for all 

GPCRs (Figure 4.1A, Supplementary Table s4.1) across cell types in the CNS and PNS. Since 

a secondary goal of this analysis was to identify receptors that were exclusively expressed in the 

PNS in mouse, we performed hierarchical clustering on all GPCR genes by their expression 

across CNS and PNS neuron types, and identified this subcluster (green box in Figure 4.1A) and 

show these genes in more detail in Figure 4.1B, including enrichment scores for individual 

genes showing their relative degree of enrichment in the PNS. Some of these GPCR gene are 

well known to be enriched in sensory neurons, in particular the Mrgpr family (Dong et al., 2001; 

Zylka et al., 2003). Others, such as F2r and F2rl2 (protease activated receptor type 1 and 2, 

respectively) have not been characterized as enriched for the PNS versus the CNS, but this 

receptor subfamily plays a well-established role in nociception (Oikonomopoulou et al., 2018; 

Nathalie Vergnolle et al., 2001). Other sensory neuron enriched genes included Lpar3 (Uchida et 

al., 2014; Ueda, 2021; Velasco et al., 2017) and P2ry2 (Moriyama et al., 2003; Stucky et al., 

2004), both of which have also been implicated in nociception previously. 
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Figure 4.1. GPCR diversity between CNS and PNS neurons. A) Hierarchical clustering of all 
GPCR genes based on their trinarization score across all CNS and PNS cell-types. Green box 
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highlights the GPCR genes enriched in PNS neurons. B) Detailed gene names and trinarization 
score across PNS neuron subtypes, and enrichment score for genes enriched in PNS neurons. 
Enrichment scores > 95th percentile in the corresponding column are highlighted in red, along 
with the gene name. C) Violin plot showing the distribution of GPCR diversity scores for all 
CNS neuron types comparing with PNS neuron types. Welch’s t-test returns a p-value of 0.0073 
indicating PNS neurons have greater GPCR diversity comparing with CNS neurons. D) Violin 
plot showing the distribution of GPCR diversity score for all non-nociceptor PNS neuron types 
comparing with nociceptors. Welch’s t-test returns a p-value of 0.0972. 
 

Examining receptor diversity between CNS and PNS cell types, we found that overall, PNS 

neurons expressed more GPCRs than did CNS neurons (Figure 4.1C); however, it is notable that 

both cell types express a broad number of GPCRs and this diversity is consistent across most 

neuronal types examined in the Zeisel et al. dataset (Zeisel et al., 2018). When examining 

potential differences between nociceptor neuronal subtypes and all other PNS neurons profiled, 

we did not find any significant difference in receptor diversity (Figure 4.1D). A potential 

explanation for these findings is that all cell types, not just neurons, in the CNS and PNS express 

a large number of GPCRs. To test this, we utilized single cell sequencing for non-neuronal cell 

types in the Zeisel et al. dataset (Zeisel et al., 2018). Here we noted a dramatic difference in 

GPCR diversity between non-neuronal cells and PNS neurons where neurons expressed a far 

greater number of receptor genes (Figure A.3A). 

We conducted a similar analysis for ion channel genes, including voltage gated-ion 

channels, even though many of them are technically not receptors. A great number of genes in 

this family were also broadly expressed across all neuron types (Figure 4.2A, Supplementary 

Table s4.2), with a smaller subset of genes that were enriched in the PNS (Figure 4.2B). These 

genes included several voltage gated sodium channels which are well-known to be enriched in 

the DRG (e.g. Scn10a (Akopian et al., 1996)), some purinergic ion channels like P2rx2 and 

P2rx3 (Bernier et al., 2018; Burnstock, 2018) and Trp channels that are also well-known sensory  



 

117 

Figure 4.2. Ion channel diversity between CNS and PNS neurons. A) Hierarchical clustering of 
all ion channel genes based on their trinarization score across all CNS and PNS cell-types. Green 



 

118 

box highlights the ion channel genes enriched in PNS neurons. B) Detailed gene names, 
trinarization score across PNS neuron subtypes, and enrichment scores for genes enriched in 
PNS neurons. Enrichment scores > 95th percentile in the corresponding column are highlighted 
in red, along with the gene name. C) Violin plot showing the distribution of ion channel diversity 
score for all CNS neuron types comparing with PNS neuron types. Welch’s t-test returns a p-
value of 0.3687. D) Violin plot showing the distribution of ion channel diversity score for all 
non-nociceptor PNS neuron types comparing with nociceptors. Welch’s t-test returns a p-value 
of 0.4115. 
 
neuron-enriched genes (Basbaum et al., 2009). Unlike GPCRs, there were no significant 

differences between CNS and PNS neurons in ion channel expression diversity (Figure 4.2C), 

although there were PNS and CNS enriched genes, such as Scn9a, Scn10a and Scn11a in the 

PNS. There were also no significant differences in ion channel gene expression diversity 

between all other peripheral neuron types and nociceptors (Figure 4.2D). On the other hand, 

similar to GPCRs, there was a dramatic difference in ion channel diversity between PNS neurons 

and non-neuronal cell types with neurons expressing more ion channel genes (Figure A.3B). 

Among TRKs, we again noted broad expression across neuron subtypes for a good number 

of genes in this family (Figure 4.3A, Supplementary Table s4.3), with a smaller subset of 

genes that were enriched in PNS neurons (Figure 4.3B). These TRK genes included the Erbb3 

gene which was exclusive to enteric neurons, where it plays a critical role in development 

(Espinosa-Medina et al., 2017), and the Ntrk1 gene that was specific for sympathetic and sensory 

neuron clusters. The latter was expected given its genetic link to nociceptor and sympathetic 

neuron development (Lewin et al., 2014; Lewin & Mendell, 1993). There was not a difference in 

diversity of TRK expression between CNS and PNS neurons (Figure 4.3C) although we did note 

a decrease in diversity in nociceptors versus all other PNS neuron types (Figure 4.3D). Again,  
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Figure 4.3. Tyrosine Receptor Kinase diversity between CNS and PNS neurons. A) Hierarchical 
clustering of all kinase genes based on their trinarization score across all CNS and PNS cell-
types. Green box highlights the kinase genes enriched in PNS neurons. B) Detailed gene names, 
trinarization score across PNS neuron subtypes, and enrichment scores for genes enriched in 
PNS neurons. Enrichment scores > 95th percentile in the corresponding column are highlighted 
in red, along with the gene name. C) Violin plot showing the distribution of kinase diversity 
score for all CNS neuron types comparing with PNS neuron types. Welch’s t-test returns a p-
value of 0.1332. D) Violin plot showing the distribution of kinase diversity score for all non-
nociceptor PNS neuron types comparing with nociceptors. Welch’s t-test returns a p-value of 
0.0222. 
 
there was a substantially greater diversity of TRK expression in PNS neurons than in non-

neuronal cell types (Figure A.3C). 

Finally, we examined the cytokine receptor family (Figure 4.4A, Supplementary Table 

s4.4). There was a clear population of receptors in this family that was enriched in PNS neurons 
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(Figure 4.4B), including receptors for cytokines such as IL31, IL10 and interferons. This was 

reflected in a greater diversity in these receptors in PNS versus CNS neurons (Figure 4.4C), but 

this was mostly contributed by increased diversity in non-nociceptor PNS cell types (Figure 

4.4D). Like all other receptor families, a greater diversity was noted in PNS neurons than in 

other non-neuronal cell types (Figure A.3D). 

Figure 4.4. Cytokine related receptor diversity between CNS and PNS neurons A) Hierarchical 
clustering of all cytokine related receptor genes based on their trinarization score across all CNS 
and PNS cell-types. Green box highlights the cytokine related receptor genes enriched in PNS 
neurons. B) Detailed gene names, trinarization score across PNS neuron subtypes, and 
enrichment scores for genes enriched in PNS neurons. Enrichment scores > 95th percentile in the 
corresponding column are highlighted in red, along with the gene name. C) Violin plot showing 
the distribution of cytokine related receptor diversity score for all CNS neuron types comparing 
with PNS neuron types. Welch’s t-test returns a p-value of <0.0001 indicating that PNS neurons 
have greater cytokine related receptor diversity comparing with CNS neurons. D) Violin plot 
showing the distribution of cytokine related receptor diversity scores for all non-nociceptor PNS 
neuron types comparing with nociceptors. Welch’s t-test returns a p-value of 0.0335 indicating 
that there is less cytokine related receptor diversity detected in nociceptors than other PNS 
neurons. 
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Receptor diversity for PNS versus CNS cell types – Allen brain atlas data  

A potential explanation for our findings is that this is an artifact of the CNS and PNS 

neuron preparations in the Zeisel et al. datasets (Zeisel et al., 2018). To formally test this 

possibility, we used single neuron sequencing data for CNS neurons from the Allen brain atlas 

dataset (Tasic et al., 2018). These neurons are sequenced more deeply than the Zeisel et al. 

dataset neurons so they could theoretically identify receptors in these families that are lowly 

expressed in neurons. Here we found precisely the same pattern that we found in the Zeisel et al. 

analysis. Despite the lower sequencing depth in Zeisel et al. dataset, PNS neurons still have 

greater diversity for GPCRs (Figure 4.5A) and cytokine receptor family genes (Figure 4.5D) 

than in the CNS whereas ion channels (Figure 4.5B) and TRKs were consistent (Figure 4.5C). 

Figure 4.5. Gene diversity between CNS neurons from Allen brain dataset and PNS neurons from 
mousebrain.org dataset. A) Violin plot showing the distribution of GPCR diversity score for 
CNS neuron types and PNS neuron types. Welch’s t-test returns a p-value of 0.0039 indicating 
that PNS neurons have greater GPCR diversity compared with CNS neurons. B) Violin plot 
showing the distribution of ion channel diversity score for CNS neuron types and PNS neuron 
types. Welch’s t-test returns a p-value of 0.2289. C) Violin plot showing the distribution of 
tyrosine receptor kinase diversity scores for CNS neuron types and PNS neuron types. Welch’s t-
test returns a p-value of 0.3131. D) Violin plot showing the distribution of cytokine related 
receptor diversity score for CNS neuron types and PNS neuron types. Welch’s t-test returns a p-
value of <0.0001 indicating that PNS neurons have greater cytokine related receptor diversity 
compared with CNS neurons. 
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Ligand-receptor interactions between T-cells and CNS and PNS neurons 

Finally, we sought to understand if ligand-receptor interactions between a specific immune 

cell type and CNS and PNS neurons would be similar or different. We chose T-cells because 

they are mostly found outside of the nervous system but are increasingly recognized to play a 

critical role in many types of behavior. T-cell interaction with nociceptors is critical for both the 

development of pain and pain resolution (Kavelaars & Heijnen, 2021; Krukowski et al., 2016; 

Laumet et al., 2019; Rosen et al., 2019; Sommer et al., 2018; Sorge et al., 2015). T-cells in the 

meninges can have a profound impact on cortical neurons potentially promoting neurological 

disease (Alves de Lima et al., 2020; Filiano et al., 2016).  

We used single cell transcriptomes of T-cells from different tissues in the tabula muris 

dataset (Tabula Muris Consortium et al., 2018). We used our previously described interactome 

framework (Wangzhou, et al., 2020; Wangzhou, et al., 2020) to identify ligands expressed in T-

cells isolated from different mouse tissues. We found that most T-cells expressed a common set 

of ligands, with 84 ligands shared between muscle, fat, lung and spleen T-cells (Figure 4.6A). 

Based on these strong commonalities, we pooled all ligands found in these T-cells and 

intersected them with receptors (GPCRs, ion channels, TRKs and cytokine receptors) expressed 

either in PNS neurons or in cortical CNS neurons. We focused on cortical neurons because they 

are known to be influenced by T-cells in close proximity to these neurons in the meninges. There 

are other neurons, such as those that are found in the arcuate or subfornical areas, that do not 

have a blood brain barrier, but our goal was to focus on a broader group of cortical neurons 

rather than a specialized subset. In this ligand-receptor interactome, we identified 197 ligand 

receptor pairs (Figure 4.6B). Most of these pairs were shared by PNS and cortical neurons (107) 
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and only 12 were unique to T-cells and cortical neurons (2 are shown in Figure 4.6C). Seventy-

eight were unique to PNS neurons, and some of these are highlighted in Figure 4.6C and the 

entire interactome is shown in Supplementary Table s4.5. Many of these PNS-specific  

Figure 4.6. Ligand-receptor interactions identified between T-cells and CNS cortex or PNS 
neurons. A) Venn diagram showing the number of ligands identified in T-cells from fat, lung, 
muscle, and spleen, where corresponding receptors are detected in either CNS cortex or PNS 
neurons. B) Venn diagram showing the number of receptors identified in CNS cortex vs. PNS 
neurons where corresponding ligands are identified in T-cells. C) Ligand-receptor interactions 
where the receptor is specifically expressed either in CNS cortex or PNS neurons. Pairs with 
ligands having multiple receptor genes commonly expressed across CNS cortex and PNS 
neurons are not shown in the graph for clarity. 
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interactions include receptors that are enriched in PNS neurons, such as Ltbr and Tnfrsf1a. 

Overall, these findings demonstrate that there are broad ligand-receptor interactions between 

both PNS neurons, which can come into direct contact with T-cells (Krukowski et al., 2016; 

Laumet et al., 2019), and CNS cortical neurons, which likely do not come into direct contact 

with T-cells, but rather communicate through release of factors in the meninges (Alves de Lima 

et al., 2020; Androdias et al., 2010; Filiano et al., 2016). 

 

Discussion 

We set out to do these experiments with the hypothesis that peripheral neurons are likely to 

express a far greater diversity of receptors than CNS neurons. Our rationale for this hypothesis 

was simple, PNS neurons, in particular nociceptors, are able to respond to factors that can be 

released from almost any cell type in the body. Our findings show that PNS neurons, of all types, 

express an astonishing array of GPCRs, ion channels, TRKs and cytokine receptors. 

Surprisingly, CNS neurons showed similar diversity for most of these families of receptors. Even 

when there were significant differences in this diversity, such as GPCRs and cytokine receptors, 

this difference was small compared the difference between receptor diversity for PNS neurons 

and non-neuronal cell types. Therefore, while our findings provide some support for our original 

hypothesis, the weight of the evidence we collected in this study suggests that receptor 

expression diversity is similar between CNS and PNS neurons. 

The next question is why would this be the case? There are several possible reasons. One is 

that the transcriptomic diversity of microglia, astrocytes and oligodendrocytes is far greater than 

was recognized prior to the emergence of single cell transcriptomic techniques (Khakh & 
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Deneen, 2019; Prinz et al., 2019). These cells have long been recognized to participate in many 

aspects of disease, but we are also now learning about important roles that these cells play in 

normal physiology. An excellent recent example is the role of astrocytes in glutamate spillover in 

long-term potentiation (Henneberger et al., 2020). While the current evidence points mostly to 

glutamate clearance, it is likely that ligand-receptor interactions between neurons and astrocytes 

will play a key role in rapid structural changes in astrocytes around synapses. Another important 

new area of work is how immune cells that infiltrate the meninges can play a key role in shaping 

the activity of cortical neurons, and subsequently behavior. Currently, the best example of this is 

interferon gamma, which is secreted by meningeal T cells and then crosses the blood brain 

barrier, presumably via a transport mechanism, and acts on cortical neurons that express the 

receptor for this immune mediator (Alves de Lima et al., 2020; Da Mesquita et al., 2018; Filiano 

et al., 2016). Our work suggests that there are many such mediators from meningeal immune 

cells which could profoundly influence cortical neurons, if the factors can cross the blood brain 

barrier. Again, a primary conclusion of our work is that although there are some significant 

differences, PNS and CNS neurons are both well-tuned to respond to ligands that can be released 

from a large variety of cell types.  

There are several limitations to our study. First, we have done this work using single cell 

sequencing resources from mouse. It will be important to do similar studies in human neurons, 

but single cell resources for the human PNS and/or CNS are not widely available. It will be 

interesting to make comparisons of receptor diversity across species. Based on previous work we 

have conducted looking at species differences in the DRG (P. Ray et al., 2018; Wangzhou, et al., 

2020), we would expect that the diversity would be preserved, but that different specific 
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receptors within families would likely be expressed between species. A second shortcoming is 

that we may have missed under-represented rare cell types in the PNS or, more likely, the CNS 

that may show dramatically different results than the cell types we have examined here. While 

these rare cell types would be unlikely to change our overall results, cell types that are potential 

outliers in their receptor diversity would be interesting to further analyze to understand the 

consequences of these differences. CNS neurons that are outside the blood brain barrier may be 

an interesting example of such outliers. A third limitation is that we have focused on datasets that 

represent healthy neurons. It is possible that receptor diversity could dramatically change in 

disease states. This will be a topic for future investigation. Our work creates a framework to do 

such an analysis. Extensive single cell sequencing datasets for injured peripheral neurons are 

now becoming available that will enable such future work (Hu et al., 2016; Nguyen et al., 2019; 

Renthal et al., 2020). A final limitation is that we have focused our analysis on receptor 

expression diversity within groups of neurons that have been classified by RNA sequencing, not 

on single neurons within any individual subset of cells. It would be interesting to approach this 

question of receptor diversity from the perspective of individual cells. However, current single 

cell sequencing technologies that are widely employed, such as nuclear RNA sequencing, likely 

do not provide a sufficiently robust snapshot of the transcriptome of single cells to do such an 

analysis (Stark et al., 2019). As these technologies continue to improve, these types of analyses 

can be done. 

From the work described here, we reach the surprising conclusion that CNS and PNS 

neurons express similarly diverse repertoires of receptors, albeit with some exceptions depending 

on the receptor family. We suggest that most neurons are tuned to detect ligands expressed by a 
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variety of cell types, a property that likely distinguishes them from many other cell types in the 

body. This does not mean that the expression diversity is identical in each type of neuron. In fact, 

our work identifies a large group of receptors that are exquisitely distinct for PNS neurons versus 

CNS neurons in the mouse. These receptors may represent a unique subset of drug targets for 

pain or other diseases if their distribution is conserved in humans.  
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CHAPTER 5 

DISCUSSION 

 
Identification of novel pain targets with the guidance of computational methods  

Our work demonstrates that using computational methods, coupled with existing RNA-seq 

datasets and scRNA-seq datasets, can guide the process of pharmacological target identification 

for developing new pain treatments.  

We first created the computational pipeline to identify the ligand-receptor mediated 

interactions (interactome) between sensory neurons previously identified in scRNA-seq of mouse 

DRG (Usoskin et al., 2015; Zeisel et al., 2018), and 42 cell-types identified in mouse scRNA-seq 

across 20 tissue or organs (Tabula Muris Consortium et al., 2018). This effort established the 

interactome landscape between DRG sensory neurons and cell-types they innervate at baseline in 

the mouse. We identified multiple modules of ligand-receptor mediated interactions enriched 

between DRG sensory neurons and certain cell-types. For example, we showed that cytokine to 

cytokine receptor mediated interactions are dominant in possible connections between T-

cell/natural killer cells and DRG neurons. The interactome we built shows the baseline 

pharmacological interactions between sensory neurons and connecting cell-types, including 

previously identified pathways responsible for the development of pain. Among the identified 

ligands from T-cell/natural killer cells include Lta, Tnfsf14 and Tnfsf11 which all belong to TNF 

alpha super-family. TNF alpha induced pathways have been previously shown to promote 

neuropathic pain in peripheral nerve injury model (Shubayev et al., 2006). Our work led to a 

DRG sensory neuron interactome which can be further mined for development of potential pain 

treatments. 
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We then demonstrated the computational pipeline we built can be used in actual painful 

disease models and lead to the identification of genes that can be pharmacologically targeted to 

develop novel treatment of pain. One of the key ligand-receptor mediated pathways we identified 

in the 2 human diseases (rheumatoid arthritis and pancreatic cancer) selected in this work was 

receptors from ErbB family and their corresponding ligands, especially heparin-binding EGF-

like growth factor (HBEGF). HBEGF expression level were elevated in both enteric glial cells in 

a mouse DNBS-induced colitis model and synovial macrophages from human RA patients. 

However, to the best of our knowledge, HBEGF has not been studied in the context of pain. On 

the other hand, the receptor family, ErbB family receptors have previously been shown to have 

an important role in pathways in pain. Epiregulin (encoded by gene EREG) as a ligand for ErbB 

family receptors, promotes inflammatory and neuropathic pain in mouse pain models and human 

chronic temporomandibular joint pain (Martin et al., 2017). This pathway has also been shown to 

be responsible for tolerance and pain promoting effects of morphine in a rat model (Puig et al., 

2020). Multiple inhibitors of the ErbB family receptors have shown positive results for treating 

neuropathic pain in clinical trials (C. Kersten et al., 2015; Christian Kersten et al., 2013, 2019). 

Recently, our group successfully performed single-cell level spatial transcriptome sequencing 

(Tavares-Ferreira et al., 2021) using the Visium Spatial Gene Expression platform from 10X 

Genomics (Rao et al., 2020; Ståhl et al., 2016). In this work, the authors identified 10 clusters of 

human sensory neurons (Figure 5.1A). We further examined the expression level of HBEGF 

receptor genes across these 10 clusters (Figure 5.1B). Out of the 7 HBEGF receptor genes, 

CD44, CD9, and ERBB2 are broadly detected, and widely distributed across all 10 clusters of 

cell-types identified. This finding suggests developing pharmacological treatments for pain 
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targeting HBEGF receptors may have general effect across all sensory neurons identified in 

human DRG. Overall, our work shows the pharmacological targets identified through the 

computational analysis pipeline in this work can lead to potential novel therapeutic solution for 

pain treatment.  

Figure 5.1. Expression level of HBEGF receptor genes identified across 10 clusters identified in 
human DRG using spatial transcriptome sequencing. A) UMAP plot showing the 10 clusters 
identified in the human DRG spatial transcriptome sequencing dataset. Clusters are labeled by 
their corresponding types of sensory neurons. B) UMAP plots showing the expression level of 
receptor genes for HBEGF. 
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Our lab has also recently applied the computational pipeline of identifying 

pharmacological interactions to COVID-19 (P. R. Ray et al., 2020; Shiers, Ray, et al., 2020). We 

identified that neuroimmune interactions induced by CCL2, CCR5, and EGFR are potentially 

responsible for the pneumonia and acute respiratory distress syndrome caused by COVID-19. 

This application shows our work has created a computational pipeline which can be applied to 

identify pharmacological targets for development of new treatment not just in pain, but other 

diseases where interactions and communications with neurons may play an important role.  

Our work also systematically investigated the differences between neurons in central 

nervous system (CNS) and peripheral nervous system (PNS). Sensory neurons, as a major 

subtype of PNS neurons, are responsible for the detection of a variety of stimulus including 

mechanical, temperature, chemical stimulus. We hypothesized that PNS sensory neurons express 

a greater variety of receptors, especially ion channels, GPCRs, kinases, and cytokine receptors 

for the purpose of detecting various type of stimulus but it was not systematically investigated. 

With scRNA-seq datasets across multiple neuronal tissues published in the past few years (Tasic 

et al., 2018; Usoskin et al., 2015; Zeisel et al., 2018), we now have the resources to study the 

differences between CNS and PNS neurons. Our set of experiments shows CNS and PNS 

neurons are actually greatly alike: expressing similar families of genes in ion channels, GPCRs, 

kinases, and cytokine receptors are expressed in both CNS and PNS neurons. The differences 

between CNS and PNS neurons are in subtypes of genes under the same gene superfamily. For 

example, protease-activated receptor 1 (PAR1, encoded by gene F2r) is widely expressed in 

neurons in both CNS and PNS, but PAR3 (F2rl2) is enriched in PNS neurons. Understanding the 

differences between CNS and PNS neurons can greatly help the selection for PNS specific 
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pharmacological targets, which is a critical step in developing novel pain treatments. This is 

because pharmacological targets like kappa opioid receptor (encoded by gene Oprk1) are good 

targets for pain treatment in the PNS, but its presence in the CNS makes developing pain 

treatments complicated, if not impossible (Albert‐Vartanian et al., 2016; Brust et al., 2016). 

Previous researches have shown PAR3, as a PNS specific pharmacological target, induce 

mechanical hypersensitivity in-vivo when stimulated with agonist (DALE & VERGNOLLE, 

2008; Mwirigi et al., 2021; Russell & McDougall, 2009). These results suggest that PAR3 

antagonist could potentially be a great drug for pain that is unlikely to have CNS side effects. 

More work is justified to more thoroughly explore this, and is ongoing in our laboratory. This 

work demonstrates how computational meta-analysis of existing scRNA-seq datasets can 

systematically identify signal transduction related genes that are specific to PNS or CNS, and 

guide the selection of potential pharmacological targets in drug development. 

Overall, our work established a computational analysis pipeline to understand how neurons 

and the tissues they innervate potentially communicate with each other through ligand-receptor 

mediated interactions, identified which interactions are being regulated in disease models which 

could potentially be responsible for the pain phenotype, and compared how the PNS neurons 

transduce signals different with the CNS neurons. We successfully show how computational 

methods, coupled with existing RNA-seq datasets and scRNA-seq datasets, can guide the process 

of pharmacological target identification for developing new pain therapeutics.  

 

Transcriptome does not always represent proteome  
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While RNA-seq has the ability to screen the whole genome at high throughput, one of the 

major concerns is the differences between transcriptome and proteome. Researchers have 

reported systematic differences between transcriptome and proteome (Griffin et al., 2002; Hack, 

2004; Lundberg et al., 2010). This is partially because of translational regulation. Previous 

studies have shown that translational regulation has a critical role in the development of chronic 

pain (Megat & Price, 2018; Price, 2018; Tansley et al., 2018; Yousuf et al., 2021). Several novel 

RNA-seq techniques have been invented to profile the mRNA being actively translated, or so 

called the translatome, including translating ribosome affinity purification (TRAP) (Heiman et 

al., 2008) and ribosomal footprinting (Ingolia, 2010, 2016). Experiments with these translational 

profiling technologies have identified the important role of MNK1-eIF4E-mediated translational 

regulation pathway in the development of neuropathic pain (Megat & Price, 2018; Moy et al., 

2017; Uttam et al., 2018). Thus, computational analysis of existing transcriptome datasets 

integrating translational profiling datasets can lead to more translatable results for developing 

novel pain drugs.  

 

Pain research going forward using computational methods and sequencing 

scRNA-seq provides unique cell-type specific information comparing with traditional 

RNA-seq, with which we have identified cell-type specific pharmacological targets from our 

base line interactome analysis, and also in mouse colitis model. However, this cannot be done in 

human disease models because scRNA-seq datasets of human DRG do not yet exist. A recent 

study from our lab has shown nociceptor subpopulation in human DRG can be different 

comparing to mouse DRG (Shiers, et al., 2020). This suggests systematic transcriptomic 
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profiling at single-cell resolution for human DRG is greatly needed to understand differences 

between human and mouse DRG neurons, and more importantly to select pharmacological 

targets translatable to novel pain therapeutics in human from preclinical research.  

Spatial transcriptome is a novel transcriptome profiling technology developed over the past 

decade and becoming widely used in neuroscience (Ståhl et al., 2016; Xia et al., 2019; Zechel et 

al., 2014). Spatial transcriptome profiling provides transcriptome information at single-cell 

resolution along with the location of the cells. This is particular important in neuroscience 

research where morphology plays an important role. Our work successfully identified potential 

ligand-receptor mediated interactions between cell-types or tissues. However, these interactions 

may not actually happen in-vivo since there is no proof of the expressed ligands and receptors 

actually interacts with each other. With the help of spatial transcriptome, we could investigate if 

the ligand and receptor genes are actually expressed by close-by cells, which brings more 

confidence to our research. 

Sex differences in pain mechanisms have been brought to attention (Mogil, 2020), and 

experiments have shown certain pain mechanisms are sex-specific: activation of spinal microglia 

promotes pain only in male (Inyang et al., 2019; Sorge et al., 2015; Taves et al., 2016), while 

prolactin and CGRP pathway seems to induce pain only in female (Avona et al., 2019; Moehring 

& Sadler, 2019; Patil et al., 2019). Although sex differences were taken into consideration while 

performing all analysis in this work by including equal number of male and female samples in 

the computational analysis, we did not investigate sex specific mechanisms. This is due to the 

limited sample size of existing datasets. Investigating sex specific ligand-receptor mediated 

interactions could lead to more effective pain therapeutics in the future. 
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In conclusion, our work demonstrates the potential of computational meta-analysis of 

existing RNA-seq (including scRNA-seq) datasets in guiding the development of novel pain 

treatment.   
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APPENDIX A 

SUPPLEMENTARY FIGURES 

Figure A.1. A full interactome for ligand-receptor mediated interactions from neurons to glial 
cells within the mDRG. In an identical manner to Figure 3.3, interactome analysis was 
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performed to identify signaling between Satellite glia (681 cells) and Schwann cells (47 cells) 
and PEP (565 cells), NP (889 cells) and NF (126 cells), sensory neurons. Connections with 
ligands expressed by DRG neurons and the paired receptor expressed by DRG glial cells are 
shown. The categories of Extra-cellular matrix and cell-adhesion molecule were retained as part 
of the supplementary figure analysis. Outermost circles indicate the generic class of the cells 
expressing the corresponding ligand or receptor genes. The middle layer shows the specific cell-
type that the gene is detected in, with the dots color coded for their specific cell-types. The inner 
layer contains gene names, color coded for their corresponding ligand or receptor categories. 
Connections are marked as lines between ligand genes and receptor genes. The color of the 
connection line is based on the ligand gene category expressed by the neuron. 
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Figure A.2 A full interactome for ligand-receptor mediated interactions from glial cells to 
neurons within the mDRG. Similar to Figure 3.4, interactome analysis was performed to identify 
signaling between Satellite glia (681 cells) and Schwann cells (47 cells) and PEP (565 cells), NP 
(889 cells) and NF (126 cells) sensory neurons. Connections with ligands expressed by DRG 
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glial cells and the paired receptor expressed by DRG neurons are shown. The categories of 
Extra-cellular matrix and cell-adhesion molecule were retained as part of the supplementary 
figure analysis. Outermost circles indicate the generic class of the cells expressing corresponding 
ligand or receptor genes. The middle layer shows the specific cell-type that the gene is detected 
in, with the dots color coded for their specific cell-types. The inner layer contains gene names, 
color coded for their corresponding ligand or receptor categories. Connections are marked as 
lines between ligand genes and receptor genes. The color of the connection line is based on the 
receptor gene category expressed by the neuron. 
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Figure A.3 Gene diversity between non-neuronal cells and PNS neurons from mousebrain.org 
dataset. A) Violin plot showing the distribution of GPCR diversity score for CNS neuron types 
and PNS neuron types. Welch’s t-test returns a p-value of <0.0001 indicating that PNS neurons 
have greater GPCR diversity compared with CNS neurons. B) Violin plot showing the 
distribution of ion channel diversity score for CNS neuron types and PNS neuron types. Welch’s 
t-test returns a p-value of <0.0001 indicating that PNS neurons have greater ion channel diversity 
compared with CNS neurons. C) Violin plot showing the distribution of tyrosine receptor kinase 
diversity scores for CNS neuron types and PNS neuron types. Welch’s t-test returns a p-value of 
<0.0001 indicating that PNS neurons have greater kinase diversity compared with CNS neurons. 
D) Violin plot showing the distribution of cytokine related receptor diversity score for CNS 
neuron types and PNS neuron types. Welch’s t-test returns a p-value of <0.0001 indicating that 
PNS neurons have greater cytokine related receptor diversity compared with CNS neurons.  
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APPENDIX B 

LIST OF SUPPLEMENTARY TABLES 

 

 

Supplementary Table s3.1 Cell-types selected from Tabula Muris dataset 

Supplementary Table s3.2 Ligand receptor interactome 

Supplementary Table s3.3 Parameters used in scrattch.hicat 

Supplementary Table s3.4 Interactome between sensory neurons in mouse DRG and 42 cell-

types innervated by these sensory neurons 

Supplementary Table s3.5 Interactome between sensory neurons and glial cells within mouse 

DRG 

Supplementary Table s3.6 Interactome between colon enteric glial cells and retrogradely traced 

colon innervating neurons in DRG, in a DNBS-induced mouse colitis model 

Supplementary Table s3.7 Interactome between synovial tissue from RA patients and human 

DRG 

Supplementary Table s3.8 Interactome between human pancreatic cancerous tissue and human 

DRG 

Supplementary Table s3.9 Interactome between sensory neurons in mouse DRG and 25 cell-

type modules innervated by these sensory neurons 

Supplementary Table s4.1 Enrichment analysis for GPCR genes across cell-types identified in 

CNS and PNS tissues. 
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Supplementary Table s4.2 Enrichment analysis for ion channel genes across cell-types 

identified in CNS and PNS tissues. 

Supplementary Table s4.3 Enrichment analysis for kinase genes across cell-types identified in 

CNS and PNS tissues. 

Supplementary Table s4.4 Enrichment analysis for cytokine family receptor genes across cell-

types identified in CNS and PNS tissues. 

Supplementary Table s4.5 Interactome between T-cells and neurons in CNS and PNS tissues. 
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