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ABSTRACT: T cells are important to the immune system as they remove foreign pathogens such as bacteria, cancer cells, 
viruses, and parasites. T cells can change their DNA by undergoing a process called V(D)J recombination. There are two types 
of T cells: gamma-delta (𝛄δ) and alpha-beta (𝜶ꞵ). Gamma-delta T cells have been eliciting interest in the past few years as they 
have an important role in autoimmune diseases, various infections, and cancer. I hypothesized that there are many more gamma-
delta T cell subtypes that haven’t been characterized yet. Certain subsets of gamma-delta T cells can only be found in the liver as 
they perform specific functions in liver diseases. Their effect on liver diseases depends on the subset and cytokines produced so 
characterizing them now can be beneficial in developing vaccines in the future. These new subtypes could have an important role 
in tumor detection and regression. Cluster 1 had T follicular helper cells, cluster 2 had regulatory T cells, cluster 3 had effector 
memory cells, cluster 4 had activated tissue memory cells, and cluster 7 had T helper 2-like cells.
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�   Introduction
The immune system is the body’s defense mechanism 

against foreign and cancerous substances such as bacteria, 
viruses, parasites, and more. The immune system has many 
different components that are spread out all over the body.¹,² 
Leukocytes, more commonly known as white blood cells, are 
the cellular mediators of the immune response. They circulate 
through the body in the blood vessels, and lymphatic vessels, 
infiltrate tissue and identify any pathogens that might have 
entered the body.² Once they find a pathogen they will mul-
tiply and kill it. White blood cells are divided into two main 
types: myeloid and lymphoid.² Many myeloid cells are phago-
cytic cells that engulf pathogens and display them to other 
cells of the immune system. Lymphocytes are more targeted 
in that they not only get rid of any pathogens but also remem-
ber them.² This is better for the body as now your immune 
system can quickly remove any pathogen that enters the body 
for a second time. 

Lymphocytes are also further divided into three different 
subtypes: B cells, T cells, and NK cells.² All lymphocytes first 
develop in the bone marrow. From there some of them move 
to the thymus and become T cells while the rest remain in the 
bone marrow and become B cells or NK cells.² Some NK cells 
can also move to the lymph nodes, spleen, tonsils, thymus, 
or uterus to develop.³ B cells are responsible for producing 
antibodies and alerting T cells while T cells are responsible 
for killing the infected and cancerous cells in the body and 
alerting other leukocytes.⁴ Unlike the B and T cells, NK cells 
have small particles, or granules, which have enzymes that kill 
the infected or tumor cells.

Both B cells and T cells can undergo a process called V(D)
J recombination which allows the cell to assemble different 
gene segments and therefore change its DNA in the B and 
T cell receptors.⁵ This allows the T cell receptor to bind to 

specific peptides that are only found in infected cells.⁵ If a cy-
totoxic T cell receptor binds to the MHC of a cell and detects 
those proteins, then it will immediately kill that cell.⁵ T cells 
cannot only change their DNA to quickly remove pathogens, 
but they can also remember all the pathogens that have at-
tacked the body and how to get rid of them quickly.⁴ This 
allows the body to resist diseases much better in the future. 
This also means that B and T cells can have a near-infinite 
number of different receptors with each one being able to 
counter a different type of disease.

The innate immune response is the first line of defense 
against any invading viruses and is a very general response.⁶ 
This means that it gives a person the same amount of protec-
tion against all antigens.⁶ Additionally, it keeps no memory 
of the antigens that have previously attacked. The innate re-
sponse takes a long time to kill complex pathogens and it does 
not become any more efficient at killing specific pathogens. 
The adaptive immune response, as the name suggests, de-
velops a specific gene segment that targets the proteins on 
the surface of a pathogen and kills it quickly.⁶ The adaptive 
immune response still tends to take longer to respond than 
the innate immune response since specific cells have to find 
each other. However, once a pathogen has been identified, the 
adaptive immune response is much faster at getting rid of it. 
The memory B and T cells save these targeted gene segments 
as immunological memory.⁴ As one grows up, this memory 
storage of how to kill different pathogens grows larger and in 
turn, makes one get sick much less often. 

T cells, specifically the 𝛄δ T cells, that bridge the innate 
and adaptive immune responses.⁷ 𝜶ꞵ T cells far outnumber 
the 𝛄δ T cells, however, currently not much is known about 
𝛄δ T cells and how they work.⁸  Not only are there signifi-
cantly more 𝜶ꞵ T cells than 𝛄δ T cells in the blood but 𝜶ꞵ T 
cells were also discovered first.⁸ 𝛄δ T cells on the other hand 
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have been gaining a lot of interest in the past few years as 
they have been discovered to play an important role in auto-
immune diseases, various infections, and cancer.⁸

To understand 𝛄δ T cells more in-depth, multiple sin-
gle-cell RNA-seq data sets from the liver were taken from 
multiple directories. They were then processed through Seur-
at and clustered into the various cells that were present. After 
that, the 𝛄δ T cell clusters were subsetted out and combined 
using the Harmony library. They were then clustered again 
and processed to find if there are any more 𝛄δ T cell subsets. 
Currently, the most well-known 𝛄δ T cell subtypes are Vδ1+, 
Vδ2+, and V𝛄9Vδ2+. Other subtypes h been identified but 
are less characterized such as Vδ3+, V𝛄5+, and V𝛄6+ but 
there are still even more subtypes that are undiscovered and 
uncharacterized. There are certain 𝛄δ T cells which can only 
be that in the liver due to their specific function of remov-
ing liver diseases.¹ These include viral hepatitis, autoimmune 
liver diseases, non-alcoholic fatty liver disease, liver cirrhosis, 
and liver cancers.¹ The effect of 𝛄δ T cells in liver diseases 
varies but can be determined through subsets and cytokines 
markers.¹ This makes characterization very important since 
it can allow the correct 𝛄δ T cell to be used for specific dis-
ease prevention. The use of diseased liver samples in our study 
allowed for the analysis of more cytokines which were used 
to identify 𝛄δ T cells which were in the process of fighting 
against specific diseases.  

The V(D)J recombination that T cells can undergo allows 
for hundreds, if not thousands, of different 𝛄δ T cell subtypes 
so if scientists search for the right genetic markers, then it 
is possible to find a new subtype or discover more about an 
already existing one.
�   Methods
Data collection:
Patient single-cell RNA sequencing data was collected 

from the Panglao, Human Cell Atlas, NCBI, and single-cell 
atlas databases (Table 1). The patients were filtered for only 
liver tissue data and then the data was further filtered into 
healthy and unhealthy tissues. Five of the datasets chosen had 
healthy liver tissue while four of the datasets had patients 
with one of three diseases: hepatocellular carcinoma, primary 
liver cancer, and non-alcoholic steatohepatitis.

Initial normalization and clustering:
The patient data was imported into RStudio, and the 

Seurat library was imported into the workflow (Table 2). 
The different patient datasets were then converted into 
Seurat objects for further processing following the “Guided 
Clustering Tutorial” with the following modifications: Cells 
that either had an expression of over 2500 or less than 200 
were removed and the remaining data was normalized using 
the NormalizeData function (Figure 1). The different features 
that have the highest cell-to-cell variation got put in a subset 
for use in downstream analysis using the FindVariableFeatures 
function. This is an important step to take so that highly 
expressed ubiquitous genes don’t dominate in the downstream 
analysis. For the final step of the preprocessing workflow, the 
data was scaled so that the mean expression of each variable 
gene across cells was 0 and the variance across cells was 1. 

Next, cell-cycle scoring, and regression were performed on 
each of the data sets. Using the CellCycleScoring function, 
each cell got assigned a score based on the expression of 
G2/M and S phase markers genes. The data were then scaled 
again but this time the S and G2/M cell cycle scores were 
regressed out. Linear dimensionality reduction was done 
using the RunPCA function. This uses the variable features 
meta-data that was calculated in the pre-processing workflow. 
The dimensionalities of the data were defined by the “elbow” 
of the elbow plot of the principal component variance of each 
dataset and then clustered them using that information.

Defining gamma delta clusters:
Once the data was clustered, the gamma delta clusters 

needed to be specifically identified so that they could be 
subsetted out. This was done using the FIndAllClusters 
function. This function reads through each of the clusters 
and finds out the percent exposure of each gene. It stores 
that data in a table that shows the gene, cluster number, and 
the percentage expression of that gene. This data then got 
used in feature plots to see which clusters have the gamma 
delta T cell markers TRGC1, TRGC2, TRDC, CD3D, and 
CD3E. If a cluster expressed at least three of these marker 
genes, each at a minimum percent exposure of 40%, then it 
was considered a gamma-delta cluster. After confirming that 
the clusters of interest contain only gamma delta T cells, we 
subsetted those clusters out of each data set.

Harmony sample integration:
All the different subsets were then combined into a single 

Seurat object and put through the pre-processing pipeline 
again. Then we ran harmony on this Seurat object to converge 
the clusters from different datasets which would allow the 
processing to work better. This Seurat object was put through 
the downstream analysis pipeline to find the different gamma 
delta T cell clusters. To filter the cells even further, another 
subset was made with the clusters containing mostly gamma 
delta T cells. We then found the cytokine markers and cell 
surface receptors to characterize each cell (Figures 2 & 3). 
We then used this information and compared it with existing 
literature to find identify each of the cell types. 
Table 1: Description of all the datasets used in this study.  
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Table 2: What software was used.  

Figure 1: Diagram of workflow before Harmony sample reduction 
including sample code for one of the datasets. This pipeline was generalized 
for all datasets.  

Figure 2: A. Final UMAP of mostly gamma delta T cells. Most clusters 
represent a different subset of 𝛄δ T cells that needed to be analyzed. B. 
Heatmap showing the expression of the cytokines in each cluster. This 
gave us valuable information needed to characterize each cluster. Finds are 
discussed in the “Results and Discussion” section.  

Figure 3: A Heatmap showing the expression of all the cytokine and 
receptor genes in each cluster. This was the heart of my research and it 
allowed us to classify what type of gamma-delta T cells were there in all the 
liver datasets as discussed in the Final Analysis. The colored columns on the 
top represent the 8 clusters from the post-Harmony UMAP. All the genes in 
the UMAP are listed on the left and the yellow lines represent the expression 
of that gene in various parts of the clusters.   

Figure 4: A. UMAP of sc-RNA seq data from PMID: 30348985 with 
relative gene expression superimposed on a UMAP. Cluster 2 had 𝛄δ T cells. 
B. UMAP of sc-RNA seq data from SRA: SRP327611 with the relative gene 
expression superimposed on a UMAP. Clusters 3, 5, and 7 had 𝛄δ T cells.   

Supplemental Figure 1: A. UMAP of sc-RNA seq data from SRS: 
SRS3391632 with relative gene expression superimposed on a UMAP. 
Figure 12 contained some 𝛄δ T cells and was analyzed further. B. UMAP of 
sc-RNA seq data from SRA: SRP311823 with the relative gene expression 
superimposed on a UMAP. Cluster 12 contained some 𝛄δ T cells. C. 
UMAP of sc-RNA seq data from SRS: SRS3391629 with the relative gene 
expression superimposed on a UMAP. Cluster 14 had the 𝛄δ T cells.  
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�   Results and Discussion
Nine liver scRNA-seq data sets were downloaded from 

Panglao, Human Cell Atlas, NCBI, and single-cell atlas 
databases. These were imported into RStudio and converted 
into Seurat objects to be processed (Methods and Materials). 
After normalization and data filtering, UMAPs were 
generated for each data set and were analyzed. To identify 
the gamma-delta (𝛄δ) T cells, five different markers were 
used to locate them in the UMAP. A feature plot was used to 
represent the expression of the genes in each cluster. Clusters 
that expressed these markers were then further examined to 
make sure that they contained mostly gamma delta T cells.

Dataset 1:
For dataset 1 we identified 16 different clusters as can be 

seen in section A of Supplemental Figure 1. The featured plot 
showed that there was an expression of the genes of interest 
in cluster 12 (Methods and Materials). Closer analysis, 
however, reveals that not all of cluster 12 has only 𝛄δ T cells. 
This cluster was extracted, and a clustering pipeline was run 
through it to isolate the 𝛄δ T cells in their cluster. After this 
run, we extracted the cluster with the 𝛄δ T cells and created 
a subtype for this dataset to store these cells. This dataset had 
only healthy tissue cells.

Dataset 2:
This data set contained 19 different clusters and was unique 

in that it only contained the immune cells from the liver. This 
also meant that processing this data was much easier. The 
feature plots show clearly that the genes of interest are highly 
expressed in cluster 2 as can be seen in Figure 4, section A. We 
were able to then conclude that cluster 2 had mostly 𝛄δ cells 
with high certainty. This data set had only healthy tissue cells.

Dataset 3:
This dataset had only 12 clusters and appeared to have 𝛄δ 

cells in cluster 12, as can be seen in Supplemental Figure 1, 
section B. However, we determined that this was a low-quality 
dataset and that cluster 12 contained mostly alpha-beta T cells 
instead of gamma delta T cells. We still extracted this cluster 
out of this dataset, but it was filtered in post-processing. This 
dataset had some diseased tissue data.

Dataset 4:
This was one of the bigger datasets as it had 24 clusters, 

as shown in section C of Supplemental Figure 1, and it had 
only healthy tissue data. Looking at the feature plot shows 
clearly that cluster 14 is the 𝛄δ cells. The feature plots show 
high expression of the 𝛄δ specific genes as well as the T cell-
specific genes.

Dataset 5:
This data was small with only 9 clusters, and it had diseased 

tissue data. As the UMAP shows in section B of Figure 4, 
there weren’t many cells in this dataset either. The feature 
plots can be used to show that there was high expression of 
the genes of interest in clusters 3, 5, and 7. The TRDC and 
CD3 genes were highly expressed in those areas. We believe 
that it expressed a different type of TRGC gene because while 
TRGC1 was highly expressed in those clusters, TRGC2 
wasn’t.

Dataset 6:
This dataset had diseased cells and 12 clusters overall as 

shown in section A of Supplemental Figure 2. Based on the 
expression of the CD3 genes, we knew that clusters 4 and 5 
were T cell clusters. Looking closely at cluster 4 we could see 
that there were 𝛄δ cells at the bottom of it. We then isolated 
cluster 4 and ran it through the clustering pipeline again to 
extract the bottom part of that cluster to get only 𝛄δ cells.

Dataset 7:
This dataset also had diseased cells and had 15 clusters 

as can be seen in section B of Supplemental Figure 2. This 
was harder to analyze as the 𝛄δ cells were spread throughout 
multiple different clusters. We couldn’t extract clusters 1, 
2, and 6 since there would have been a multitude of other 
cells which we are not looking for. We decided to just extract 
out cluster 6 since it was the smallest of these clusters and 
would not contain too many other cells that would need to 
get filtered out later.

Dataset 8:
This dataset had only healthy cells and had 24 total clusters 

as is shown in section C of Supplemental Figure 2. It was very 
faint to recognize but cluster 12 has the highest expression of 
all the genes of interest. We believe that this cluster does have 

Supplemental Figure 2: A. UMAP of sc-RNA seq data from SRA: 
SRP305905 with relative gene expression superimposed on a UMAP. 
Cluster 2 had 𝛄δ T cells. B. UMAP of sc-RNA seq data from SRA: 
SRP305905 with relative gene expression superimposed on a UMAP. 
Clusters 1, 2, 3, and 6 had 𝛄δ T cells. C. UMAP of sc-RNA seq data from 
SRS: SRS3391631 with relative gene expression superimposed on a UMAP. 
Cluster 12 had 𝛄δ T cells. D. UMAP of sc-RNA seq data from SRS: 
SRS3391630 with relative gene expression superimposed on a UMAP. 
Cluster 7 had 𝛄δ T cells.    

Figure 4: A. PCA plot of the Seurat object with all the subsets before 
Harmony. B. PCA plot of the Seurat object with all the subsets after 
Harmony. This merged the subsets making it easier to analyze further.     
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the 𝛄δ cells but there might also be some alpha-beta T cells 
that were filtered through post-processing.

Dataset 9:
This dataset had healthy cells and was very big with 26 

clusters in total. This can be seen in section D of Supplemental 
Figure 2. Using the feature plots, we could see the high 
expression of these genes from mainly cluster 7. Using that 
information, we believe that some 𝛄δ cells in that cluster can 
be clustered out. We extracted those cells so that they could be 
further analyzed and filtered in the post-processing.

Harmony:
The harmony package was imported so that the different 

subsets would cluster together instead of being separate 
(Figure 4). The new UMAP with the harmony regression was 
processed again to ensure that there were mostly only 𝛄δ cells 
present. Then we defined the unique characteristics of each 
cluster such as cytokines and cell surface receptors.

Final Analysis:
We identified cluster 0 as Th2-like and it was also SAA1+ 

which was interesting as that is not common.⁹ This cluster ex-
pressed the CCL cytokines such as CCL3L3, CCL4, CCL3, 
and CCL5. Cluster 1 was identified as a T follicular helper 
cell.¹⁰ It also highly expressed certain CCL cytokines but it 
also expressed IFNG, TNFSF14, and CXCR4. We iden-
tified cluster 2 as a type of regulatory T cell that expressed 
SLAMF1 which is also a unique combination.¹¹ The most 
commonly expressed cytokine markers were different types of 
IL1. It also expressed certain CCR, IFNG, and TNF cyto-
kines. Cluster 3 contained effector memory CD8+ T cells but 
is also highly expressed the gene for an aquaporin.¹² We iden-
tified the cluster to be this gene based on the high expression 
of the CCR6 cytokine. Cluster 3 also expressed high levels of 
TGFB1, IFNGR1, TNFRSF18, IL2RA, and IL7R. Cluster 
4 had activated tissue-resident memory T cells. The highly 
expressed cytokines for this cluster include XCL2, XCL1, 
TNFRSF18, and TNFRSF1B. Cluster5 contained dying 
cells and Cluster 6 had hepatocytes so they weren’t further 
analyzed. Cluster 7 had Th2-like cells and the cytokines it ex-
pressed were IL10RA, IL2RG, TNFRSF4, LTB, TNFSF10, 
and XCL1. Cluster 8 didn’t have T cells, so it was not further 
analyzed.   
�   Conclusion
In this paper, we got nine different datasets from a total of 

four different databases. We then converted everything into 
Seurat objects so that they could be easily processed. After 
they were normalized and scaled, they were run through 
regression to remove any extraneous data. Finally, the cells 
were clustered and their UMAPs were generated so that they 
could be analyzed easier. For each dataset, a feature plot was 
created with the same five genes of interest: TRDC, TRGC1, 
TRGC2, CD3E, CD3D, and CD3G. The TRDC and TRGC 
genes are specific to gamma delta T cells and the CD3 genes 
are specific to all T cells so together they can show where all 
the 𝛄δ cells are in a dataset. Clusters with the 𝛄δ cells were 
extracted out of their original datasets and combined to create 
a dataset with only 𝛄δ cells. Previously discovered gamma delta 
T cells were researched to find out what signatures they had. 

Those were then compared to the data that we had extracted, 
and any new signatures meant that we had discovered a new 
type of 𝛄δ T cell subtype. One big strength of this study was 
that we used multiple different liver sc-RNA datasets. Other 
studies usually only analyze 1 dataset, so they get a limited 
amount of data but by using 9 different datasets as we did, we 
were able to get a much wider variety of data. We also used 
both healthy and diseased datasets. This added more cytokine 
receptors that we could have looked for and could also lead to 
a discovery of a new 𝛄δ T cell subset. A weakness of our study 
was that we had to rely on a computer program to sort and 
filter our data so we couldn’t make granular changes that we 
might have wanted. Additionally, the 𝛄δ T cell subsets that 
we created usually had a few other cells, although at very low 
expression levels. Regardless, this could have added variability 
to our data and affected our understanding of the results.

The purpose of this study was to identify new gamma delta 
T cell subtypes and their unique signatures. This would help 
future studies regarding 𝛄δ T cells as these cells will be more 
easily identifiable and, therefore, researchable. The uses for this 
kind of cell are numerous as it could be used to treat diseases 
that may suddenly appear or even cure cancer in a completely 
natural way. Currently, there are no complete cures to cancer 
even with modern technology and groundbreaking scientific 
research. Even though some treatments are present, none of 
them can guarantee survival. Cancer kills millions of people 
each year and there is no real way to stop or cure it permanently. 
CAR-T cell therapy has recently been developed to program 
T cells so that they can find a specific tumor or cancer cells 
and kill them immediately.¹³ Using 𝛄δ cells and their subtypes 
can allow scientists to try and cure cancer without having to 
edit the genome of the cell in the first place as the new cells 
we find might have the DNA sequence already needed to kill 
that specific cancer. This could save millions of dollars too as 
editing the genome is very expensive. Additionally, since this 
method of curing cancer would be completely natural, the side 
effects would be much less, if there are any at all.   
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