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ABSTRACT
Retinoblastoma (RB) is themost prevalentmalignant tumor that originates within the eye in children, occurring at a frequency of around 1:
20,000 to 1:15,000. RB typically occurswhen both alleles of the retinoblastoma 1 (RB1) gene are deactivated. RB is associatedwith variations
in the tumor suppressor geneRB1 and is inherited in an autosomal recessivemanner, operating at the genetic level. Variation inRB1 occurs
only when two alleles of the RB1 gene aremutated. Themechanism bywhich immune cellsmediate RB1 to afect RB is still unclear. Using
two-sample Mendelian randomization (MR) analysis based on published genome-wide association study (GWAS) summary statistics, we
investigated the relationship between immune cells andRB1 proteins. Our goalwas to understand their potential role in the development of
RB in ofspring. The analysis of alterations in RB tissue cells and potential molecular mechanisms was conducted using single-cell RNA
sequencing data. The research revealed the presence of 28 immune cells linked with RB1. These variables might potentially impact the
likelihood of RB in children by altering the expression of the RB1 gene in their parents. Furthermore, we found diferential gene expression
in diferent cells of the RB tissue. EZH2, UBLCP1, andHKDC1 overlappedwith the identifed instrumental variables (IVs) of immune cells
to investigate potential molecular mechanisms by which immune cells participate in RB processes.

1 | Introduction

Retinoblastoma (RB) is a malignant tumor that is usually de-
tected in individuals who are under the age of 5 [1]. It can develop
during pregnancy, often caused by genetic mutations linked to
malignant neuroplasmas and pineoblastomas. The disease has
a global incidence of approximately 1:16,000–1:18,000 [2], and
there are around 300 new cases reported annually in the USA [3].
There are regional variations in the incidence of RB, with higher
rates observed in India. This could be attributed to a combination
of genetic and environmental factors. The disease has an equal

impact on both genders. In China, the incidence of RB is ap-
proximately between 1:20,000 and 1:15,000, which is consistent
with the global rate. Around 1100 new cases are reported each
year [2, 4, 5].

Signifcantly, a staggering 84% of Chinese patients get a diagnosis
after their intraocular condition has already reached an advanced
stage. This emphasizes the urgent need for early screening and
heightened public awareness [6]. Understanding the develop-
ment of RB involves studying the mutation of the retinoblastoma
1 (RB1) gene [2, 7], which plays a crucial role in regulating cell
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growth. When the RB1 gene undergoes a mutation, it leads to an
abnormal increase in cell growth and diferentiation, resulting in
the formation of tumors [8]. Ofspring who inherit the faulty RB1
gene have an almost certain 100% probability of developing RB
[2, 9, 10]. In the dominantly inherited form, one mutation is
passed down through the germinal cells, while the second
mutation arises in somatic cells [11]. Using RB1 protein, we
explored the connection between RB and immune cells.

Research indicates that the tumor cells of both late-onset and early-
onset RB exhibit a striking resemblance to normal retinal progenitor
cells. However, they do not display the diferentiation markers
typically associatedwith normal development [12]. In addition, there
is a strong presence of immune gene expression in the early-onset RB
tumor cells, which leads to the buildup of various immune cells such
as dendritic cells, monocytes, macrophages, and T-lymphocytes
within the RB tumors [12]. Studies have shown that post-
translational modifcations of the RB1 protein may afect the be-
havior of immune cells. For example, the phosphorylation of RB1
can reduce its afnity for E2F1, thereby promoting entry into the cell
cycle [13]. However, the exact causal relationship remains to be
studied in depth. Mendelian randomization (MR) is a research
technique that utilizes genetic diversity to study the causal infuence
of functions or phenotypes on disease outcomes, similar to ran-
domized controlled trials (RCTs) [14, 15]. Unlike traditional RCTs,
MR utilizes instrumental variables (IVs) to account for possible
confounding factors without considering them as distinct in-
terventions. IVs may be used in MR to estimate the causal infuence
of an exposure on an outcome when there is a clear cause-and-efect
link between them [16]. This estimate is possible when the IV is
linked to the exposure but is not afected by any confounding
variables that may impact the connection between the exposure and
the result. Crucially, it is essential that there be no direct cause-and-
efect relationship between the IV and the result, except via the
exposure. The estimate may be conducted using either a single IV or
a collection of IVs for the exposure. MR has been extensively used
across several disciplines and has yielded substantial outcomes. The
Gene Expression Omnibus (GEO) database is a publicly accessible
resource of gene expression data, ofered by the National Center for
Biotechnology Information (NCBI) in the USA. It serves as a re-
pository for raw data obtained from microarray and other high-
throughput experimental methods [17]. Single-cell RNA sequencing
(scRNA-seq) is a high-throughput genomic technology that quan-
tifes gene expression at the individual cell level, revealing cellular
heterogeneity and changes in cell states during complex biological
processes. The role of scRNA-seq analysis is to provide unique gene
expression profles for each cell in a population, helping researchers
identify diferent cell types, states, and functions, aswell as their roles
in health and disease. Our work used MR and scRNA-seq data from
GEO databases to investigate the underlying causal connections and
potential processes linking immune cells and RB.

2 | Materials and Methods

2.1 | Study Design

This research complied with the STROBE-MR requirements and
conformed to the fundamental principles of the Strengthening
the Reporting of Observational Studies in Epidemiology
(STROBE) recommendations [18]. The MR method is based on
three assumptions: (1) It is crucial that the genetic variants used

in the analysis show a strong correlation with the exposure being
studied. (2) To ensure the accuracy of the analysis, the genetic
variants selected as IVs for the exposure are completely un-
afected by any potential confounding factors that may be linked
to both the exposure and the outcome. (3) The research should
not have the presence of horizontal pleiotropy, which refers to
the situation where the IVs may only afect RB via exposure [16].
We conducted our study using publicly accessible GWAS sum-
mary information. No more data were gathered, and no further
ethical clearance was necessary. Figure 1 depicts the method of
doing research in a study.

2.2 | Data Sources

2.2.1 | Circulating Immune Cells

GWAS summary statistics for each immune trait are publicly
available from the GWAS Catalog (Accession Numbers from
GCST0001391 to GCST0002121). A comprehensive analysis was
conducted on a total of 731 immunophenotypes, which inclu-
ded several measurements such as absolute cell (AC) counts
(n= 118), median fuorescence intensities (MFI) indicating
surface antigen levels (n= 389), morphological parameters
(MPs) (n= 32), and relative cell (RC) counts (n= 192). The MFI,
AC, and RC features contain B cells, CDCs, mature T cells,
monocytes, myeloid cells, TBNK (T cells, B cells, and natural
killer cells), and Treg panels. The MP feature includes CDC and
TBNK panels. The frst genome-wide association study (GWAS)
research on immunological features included data from 3757
people of European descent, ensuring that there were no over-
lapping cohorts [19].

2.2.2 | Outcome Data Source

We obtained data on the RB1 protein from a GWAS that included
3301 European samples and 10,534,735 SNPs (prot-a-2496).
These data came from a research on the genes encoding human
plasma proteins, which found 1927 genetic relationships with
1478 proteins—a fourfold increase over what is already
known—and 1104 trans associations with proteins.

2.3 | MR Statistical Analysis

We used the inverse variance-weighted (IVW) method as the
main technique for MR analysis to assess the causal impacts of
various exposures on RB1 protein. In addition, we used the MR
Egger, weighted median, simple mode, and weighted mode
methods. The objective was to examine the possible causal
connection between these four exposure variables and RB by use
of RB1 protein. The Wald ratio approach was used to determine
the impacts of each SNP, while Cochrane’s Q test was used to
evaluate the heterogeneity across the SNP instruments. If het-
erogeneity was discovered (p < 0.05), we used the random-efects
IVW test to get a conservative and robust estimator. The weighted
median test yielded reliable results when at least 50% of the
weights were from genuine IVs. The MR Egger regression test
was used to address the issue of pleiotropy in over 50% of the IVs.
The sensitivity analyses conducted in this study included the MR
Egger intercept test, the global test for outliers (MR-PRESSO),
and the leave-one-out analysis. The MR Egger intercept and MR
pleiotropy residual sum and outlier (MR-PRESSO) global test
were used to evaluate the presence of pleiotropy. The use of the
leave-one-out methodology facilitated the identifcation of
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whether important outcomes were impacted by specifc SNPs.
The statistical analyses were conducted using R (version 4.3.3).
The IVW, weighted median, simple mode, weighted mode, and
MR Egger regression techniques were executed using the
“TwoSampleMR” software (version 0.5.11). The MR-PRESSO
test was performed with the “MRPRESSO” software program.
A signifcant criterion of p value < 0.05 was used.

2.4 | scRNA-seq Data Analysis

The scRNA-seq data of RB (GSE174202) were acquired from the
GEO database. The dataset comprises RB tissues generated by
stem cells and RB patient tissues. The dataset used in this work
has gained the required ethics clearances and is accessible to the
public. The analysis of scRNA-seq data was performed using the
“Seurat” R program. Following the removal of low-quality data,
which consisted of genes expressed in less than three individual
cells, cells expressing less than 1000 genes, and cells with mi-
tochondrial gene content above 20%, we continued with further
analysis. Afterward, we used the “NormalizeData” function to do
the “LogNormalize” normalization on the data and then con-
verted it into a Seurat object. The “FindVariableFeatures” al-
gorithm was used to identify the top 2500 genes that exhibit high
variability. Subsequently, the “RunPCA” function was used to
conduct principal component analysis (PCA) on the genes with
high variability, specifcally focusing on the top 15 principal
components (PCs). The “FindNeighbors” and “FindClusters”
functions were used to conduct cell clustering analysis. The
Uniform Manifold Approximation and Projection (UMAP) al-
gorithm was then applied using the “RunUMAP” function, and
cell clustering tests were carried out based on the UMAP-1 and
UMAP-2 dimensions. In order to assign cell types to the cell
clusters, we used the “SingleR” R program and conducted cell

annotation using the Human Primary Cell Atlas as the reference
dataset.

2.5 | KeyMarker Gene eQTL andRB1 Protein’sMR
Analysis

The preparation of gene expression data included normalization,
reduction of batch efects, and management of missing values.
Distinctive marker genes for each cell type (progenitor cells,
plasmablasts, and naive CD8 T cells belonging to neurons;
plasmacytoid dendritic cells, plasmablasts, and progenitor cells
belonging to neuroepithelial cells) were discovered in contrast to
other cells. An eQTL analysis was conducted for each marker
gene of the cell type. The conversion of gene symbols to
ENSEMBL IDs was performed to maintain data consistency.
SNPs of poor quality were eliminated, and genotyping ftting was
performed. A strict criterion for the eQTL p value, such as 5
× 10�8, was established. SNPs associated with the main marker
gene were extracted as IVs for MR analysis from the “fnn-b-
C3_NSCLC_ADENO_EXALLC” GWAS dataset. After perform-
ing R2 and F-statistic calculations for each SNP, only the SNPs of
high quality were retained. The outcome data associated with
these instrumental factors enabled the use of MR analysis using
the TwoSampleMR program. We represented the data using
volcanic maps and tree diagrams.

2.6 | Seeking Genes Associated With Exposure

We accessed the internet database of the National Center for
Biotechnology Information (NCBI) (https://www.ncbi.nlm.nih.
gov/SNP/) to map each IVs to its closest gene. The found genes
were compared with important marker genes that may have
a causal association with the RB1 protein, serving as key genes.

MR analysis

Instrumental
variables Confounders

Outcome (RB1) IVs

Exposure

MR analysis

Pleiotropy analysis and
sensitivity analysis

Inverse variance weighting
Simple mode
Weighted mode
Weighted median
MR Egger regression

Single-cell transcriptomic analysis
Exposure associated

with RB

Dimensionality
reduction clustering Standardization Data quality control Primary data

Harmonized Visualization Cell trajectory analysis and
cell communication analysis

MR analysis of key genes
in cell subsets

IVs --> genes

EZH2 UBCLP1 HKDC1

Cell communication analysis and
metabolic pathway analysis

FIGURE 1 | Summary of the main assumptions and methods used in MR analysis.
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2.7 | Exploring the Function of Exposure Factors at
the Single-Cell Level

Initially, we conducted single-cell RNA expression analysis to
investigate the expression of the target gene at the individual
cell level. We used visualization tools such as DotPlot and
FeaturePlot to exhibit the expression patterns of important
genes. The scMetabolism tool was used in metabolic analysis
to assess the metabolic activity of macrophages. We used the
DotPlot of metabolic pathways to illustrate the variations in
cellular activity across distinct gene groups within certain
metabolic pathways.

3 | Result

3.1 | Mendelian Randomization Analysis

Following quality control measures including LD efects and
palindromic analysis, we found SNPs to be IVs associated with
exposures for RB we have been working on (with the threshold of
p < 1 × 10−5). Their details are shown in the supporting in-
formation (Supporting Table 1).

Based on the IVWMR analysis, we have determined that there
is a causal relationship between the main result, RB1 protein,
and 28 immune cells (with the threshold of p < 0.05). Our
research revealed that CD3 on CD8br, FSC-A on CD14+

monocyte, CD25 on CD39+ activated Treg, Mo MDSC AC,
CD14− CD16+ monocyte %monocyte, CD19 on IgD +CD24−,
Secreting Treg %CD4, CD45RA− CD4+ %CD4+, IgD− CD27−

%B cell, and CD28 on secreting Treg all have a detrimental
efect on RB1 protein. On the contrary, TCRgd %T cell,
CD24 on IgD- CD38-, HLA DR on DC, CD27 on IgD- CD38−,
CD20 on IgD +CD38br, CD19 on CD24+ CD27+, CD20
on transitional, CD3-lymphocyte %leukocyte, HLA DR on
CD14+ monocyte, CD27 on IgD +CD38−unsw mem, TD
CD4+ %T cell, CCR7 on naive CD8br, CD45RA on TD CD8br,
CD45RA- CD28- CD8br %T cell, TCRgd %lymphocyte, BAFF-
R on IgD- CD38br, naive CD4+ %CD4+, and CD27 on sw mem
are positively associated with RB -associated protein. We used
forest plots and scatter plots to visually represent the corre-
lation fndings for exposures that exhibit a distinct causal link,
respectively (Figures 2 and 3). Remarkably, the odds ratios for
all the approaches consistently fall on one side of 1 for all the
causal links examined, indicating a high level of homogeneity.
The loop plots display the p values of all exposures for out-
comes in color (Figure 4), while more information can be
found in Supporting Table 2. The MR Egger, weighted mode,
simple mode, and weighted median techniques produced
comparable causal estimates in terms of both size and di-
rection. Our analysis employing the MR Egger regression
intercept technique did not reveal any indication of horizontal
pleiotropy for gut microbiota in neurological diseases, with a p
value > 0.05. The MR-PRESSO analysis did not identify any
outliers in the fndings. Assuming there is no variation in
characteristics and no multiple efects, the outcomes of IVW
may be considered reliable. The pleiotropy and heterogeneity
test fndings are shown in Table 1. Furthermore, the leave-
one-out analysis indicated that there were no signifcant
variations in the estimated causal efects of any exposure to
RB1 protein. This suggests that none of the detected causal
relationships were infuenced by any individual IV (Figure 5).

3.2 | Single-Cell Analysis Result

We conducted an analysis of scRNA-seq data (GSE174202) obtained
from four samples. These samples consisted of human retina tissue
cells, with two samples derived from healthy individuals and two
samples derived from individuals with RB. Following the use of
rigorous quality control criteria to preprocess the data, we employed
the UMAP approach to display the high-dimensional scRNA-seq
data. This visualization was based on the top 15 main components.
Afterward, we efectively categorized the cells into 14 subclusters
and identifed their recognized cell types using the SingleR program.
The main cellular components were neuroepithelial cells, neurons,
endothelial cells, and astrocytes (Figure 6). Our analysis revealed
that neuroepithelial cells and neurons were the two most abundant
cell types in RB tissues. Consequently, we conducted independent
classifcations and analyses for each of their subsets. Plasmacytoid
dendritic cells, plasmablasts, and progenitor cells are included in
neuroepithelial cell; progenitor cells and plasmablasts are discov-
ered in the RB issue, and naive T cells (CD8þ) as cell subset of
neurons are discovered in the healthy controls.We used UMAP and
DIMplot techniques to visually represent the distribution and
percentage of individual cell subpopulations (Figure 7). ScRNA-seq
allows for the acquisition of cells at diferent stages, allowing the
investigation of uninterrupted diferentiation paths. The UMAP
dimensionality reduction approach surpasses other algorithms in
accurately capturing the overall and topological structures of
datasets, including the spatial arrangement of individual cells. We
used the slingshot R package to evaluate cellular diferentiation
processes, as shown in Figures 8(a) and 8(b). The CellChat algo-
rithm detected the presence of ligand-receptor pairings (MDK-
SDC2) among the primary cell types found in the cavernous tissue
milieu, as shown in Figures 8(c), 8(d), 8(e), and 8(f).

3.3 | MR Analysis Using Key Marker Genes
Identifes Novel Causal Genes That Can Mediate the
Efect of Exposure Factors on the Development of RB

We used MR analysis on scRNA-seq data for the RB1 protein to
identify crucial genes that may have an impact on RB. Using the
Seurat tool, we frst discovered specifc genes that diferentiate
each cell fraction from other cell kinds and subtypes. Addi-
tionally, we selected relevant indicators for additional in-
vestigation. In order to further investigate, we efectively
transformed gene symbols into their matching ENSEMBL IDs
utilizing the org.Hs.eg.db database. Subsequently, a two-sample
MR study was conducted. This analysis included obtaining SNP
data associated with our genes of interest as the exposure data,
getting lung adenocarcinoma outcome data from the EBI data-
base, and ensuring consistency between the exposure and out-
come datasets. The MR study identifed a number of genes that
are strongly linked to the RB1 protein. A volcano plot was created
to graphically display the relationship between the -log10-
transformed p values and ln (OR) for each gene. Genes with
signifcant p values were highlighted in the fgure (Figure 9). The
plot clearly identifes genes that have strong positive and negative
relationships. Afterward, we created a forest plot to display the
OR and 95% CI for each signifcant gene. This plot highlights the
strength and direction of the connection for each gene (Fig-
ure 10). Subsequently, we conducted a search for these genes
within the SNPs related to exposure factors. Our investigation
revealed that EZH2 (rs34900401), UBCLP1 (rs146974582), and
HKDC1 (rs148384064) were the pivotal genes that exhibited
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SNPs of CD20 on transitional and CD45RA- CD28- CD8br %T cell
and had an infuence on the result of the RB1 protein.

3.4 | Single-Cell Transcriptomic Analysis Reveals
EZH2 and UBCLP1’s Crucial Role in Metabolism and
Function in RB

We frst visualized the expression patterns of key marker genes
including EZH2 and UBCLP1 across various cell clusters within
Neuroepithelial_cell (Figures 11(a) and 11(b)). Figures 11(c) and

11(d) illustrate the variations in key genes, particularly the ex-
pression of EZH2, among several subtypes of neurons. Re-
markably, UBCLP1 and HKDC1 were shown to have a causal
relationship with RB1 proteins in naive CD8 T cells. Neverthe-
less, the limited expression of UBCLP1 and HKDC1 in naive CD8
T cells resulted in the absence of substantial diferences in cel-
lular communication and metabolic pathways. In order to ex-
amine changes in gene expression throughout cell growth or
transcriptional dynamics, we represented the activated or
deactivated states of diferent genes over pseudotime (as shown

FIGURE 2 | MR results of immune cells with a causal relationship to RB1.
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in Figures 12(a) and 12(b)). The link between the expression of
genes EZH2 and UBCLP1 and pseudotime was shown using
scatter plot analysis (Figures 13(a), 13(b), and 13(c)). The sta-
tistical analysis of Figure 13(a) revealed a modest positive as-
sociation (Pearson r= 0.13, p < 0.001), indicating a possible rise
in EZH2 expression in progenitor cells as pseudotime progresses.
In contrast, the expression of EZH2may decrease in plasmablasts
as pseudotime progresses, as seen in Figure 13(b) (Pearson r
=−0.1, p < 0.001). UBCLP1 did not provide any signifcant re-
sults, and the causal links can be shown in Figure 13(c). Figure 14
illustrates the diferences in metabolic pathways between cells
that are negative and positive for certain genes. In EZH2+

progenitor cells, the retinol metabolism, porphyrin and chloro-
phyll metabolism, and pantothenate and CoA biosynthesis
pathways were shown to be impaired.

4 | Discussion

In this work, we did a two-sampleMR analysis utilizing summary
statistics data from the largest GWAS of circulating immune
cells. The GWAS was done by the MiBioGen Consortium and
focused on the RB1 protein. The objective was to assess the causal
correlation between immune cells and RB. Regrettably, the
precise causative mechanism cannot be determined using MR
analysis. Therefore, we used the RB1 protein, which is strongly

linked to the development of RB, as the factor of exposure.
Furthermore, the analysis of single-cell sequencing data revealed
a direct correlation with RB1 genes. Specifcally, single-cell se-
quencing data mining also found a causal relationship with RB1
genes, among which EZH2, UBCLP1, and HKDC1 were iden-
tifed as exposure SNPs, indicating that exposure factors may
infuence the onset and progression of RB by modulating the
expression of these three genes.

RB tumor cells that develop at an early stage have a strong
immune gene expression pattern, which is then accompanied
by the buildup of dendritic, monocyte, macrophage, and T-
lymphocyte cells inside the RB tumors [20]. Early-onset RB is
more likely to be linked to abnormalities in the RB1 gene
since these mutations tend to arise specifcally during early
fetal development. Furthermore, family RB often manifests at
a young age, suggesting that genetic abnormalities in the RB1
gene have a signifcant infuence on the occurrence of early-
onset instances. Hence, there is a strong correlation between
immunophenotypes and the development of RB. Our in-
vestigation identifed 28 potential causal connections be-
tween immunophenotypes and the protein linked with RB.
Through the examination of the scRNA sequencing data, we
have discovered key genes that may be infuenced by the
immunophenotype in the progression of RB.
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FIGURE 3 | The scatter plots of immune cells on RB1.
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In tumor tissues, the presence of CD3þ T cells and CD8þ T cells
is considered to be a good prognostic indicator. In particular,
tumor-infltrating CD8þ T cells (also known as cytotoxic T cells)
recognize and kill tumor cells. In fact, several cancer treatments,
such checkpoint inhibitors, work against tumors bymaking these
CD8þ T cells more active. A study conducted on patients with
metastatic melanoma revealed a favorable correlation between
the presence of CD3þ and CD8þ T cells inside tumors and the
overall survival and disease-free survival of patients [21]. Re-
searchers reached similar fndings in another study conducted on
people with colorectal cancer [22]. This notion has been validated
in other kinds ofmalignancies, such as lung, bowel, stomach, and
breast cancers. Therefore, our work has shown that CD3 on
CD8br is a signifcant protective factor in a considerable number
of cancers. Additionally, we have found a positive correlation
between CD3 on CD8br and RB1, suggesting that CD3 on CD8br

may also serve as a protective factor for RB. The decrease in
CD247 expression was signifcantly linked to the presence of CD3
on CD8br cells in RB.

Our investigation revealed that the presence of CD27 on IgD
�CD38� , CD27 on IgDþCD38� unswitched memory cells,
and CD27 on switched memory cells are associated with an
increased risk of RB. Additionally, we discovered that CD27,
a molecule strongly associated with these three immunological
characteristics, was increased in RB1-defcient RB tissues. CD27,
a member of the TNF receptor superfamily, is extensively present
in fully developed T and B cells, and its primary function is to
augment cell activation, cell viability, and the production of
memory cells. There is no doubt that this has a suppressive
impact on cancers. However, conversely, some studies indicates
an elevated presence of CD70 (the ligand for CD27) and proposes

FIGURE 4 | All p values of MR analysis between immune cells and RB1.
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that this might possibly serve as a means for tumors to exploit the
CD70-CD27 pathway in order to control immune cells that in-
fltrate the tumor, thereby facilitating immune evasion [23]. As
liver cancer progresses, the cancer cells in the liver may produce

CD27, a protein that helps them avoid being attacked by the
immune system. This allows the cancer cells to proliferate and
spread more easily. Furthermore, it has been suggested that cells
of nasopharyngeal carcinoma can enhance the formation and
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FIGURE 5 | Leave-one-out results of immune cells with a causal relationship to RB1.
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function of regulatory T cells (a specifc type of immune-
suppressing cell) by means of the interaction between CD70
and CD27. This interaction creates an immunosuppressive set-
ting, which, in turn, promotes the progression of nasopharyngeal
carcinoma [24].

Furthermore, studies have shown that some cancers might induce
immune evasion by activating B cells, particularly CD27þ B cells.
Upon encountering tumor cells, some B cells have the potential to
undergo a transformation into regulatory B cells that contain the
ability to suppress the immune system, hence hindering the assault
on tumors by other immune cells. Our results suggested that
RB cells may also exhibit immune evasion by overexpressing CD70
to induce the activation of CD27þB cells. Of course, this result still
needs further experiments and clinical evidence.

What is more, the investigation revealed two intriguing immu-
nological phenotypes: CD20 on IgDþCD38br and CD20 on
transitional. CD20 is a cell surface antigen that is mostly found on
B cells. From the pro-B cell phase forward, the expression of this

gene increases gradually as maturation takes place. Playing
a critical role in activating B cells for immunological responses, it
is an important target for therapeutic interventions in several
B cell illnesses, including lymphomas and leukemia.

We are pleased to see that our fndings from analyzing single-cell
sequencing data align with our MR results. The EZH2 and
UBLCP1 genes were identifed as IVs for CD20 on transitional.
The EZH2 gene was shown to be a risk factor for the RB1 protein,
while the UBLCP1 gene was found to be a protective factor.
These two genes are crucial genes that have been identifed as
being strongly associated with the progression of RB. EZH2, also
known as enhancer of zeste homolog 2, is an important epige-
netic modifer. Its primary role is to silence gene transcription by
adding methyl groups to the H3K27 locus of chromatin histones,
resulting in trimethylation modifcation. Multiple studies have
extensively shown its strong correlation with RB. Qifang Jin and
his colleagues discovered that microRNA-101-3p inhibits the
growth of RB cells by specifcally targeting EZH2 [25]. Specifc
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inhibition of EZH2 may selectively compromise the viability of
RB cells while leaving normal cells unafected, ofering a novel
approach for RB therapy. In our work, we conducted a more in-
depth examination of the gene’s expression and discovered that it
was present in both progenitor cells (a subtype of neurons) and
plasmablast cells (a subtype of Neuroepithelial_cells). Further-
more, the level of expression in these cells was much greater than
in other cell types. Nevertheless, the level of EZH2 expression
difered between these two cell lines. Signifcantly, after leaving
the bone marrow and moving to the periphery, transitional
B cells come across antigens, undergo additional maturation, and
transform into plasmablasts that are capable of generating an-
tibodies. Transitional B cells and plasmablasts have a close
connection, and EZH2 plays a vital role in maintaining this
connection. We identifed modifcations in 25 metabolic path-
ways in EZH2-positive plasmablast cells, which include retinol
metabolism, pantothenate and CoA production, and

glycosaminoglycan biosynthesis—specifcally keratan sulfate.
The discoveries have signifcant worth in the management of RB
and the advancement of medications that focus on EZH2. On the
other hand, UBLCP1 and HKDC1 are expressed in naive CD8
T cells and are causally related to RB1. The RB1 protein, as a key
regulator of the cell cycle, may have its stability and activity
infuenced by the process of ubiquitination, particularly through
the ubiquitination mediated by E3 ubiquitin ligases such as the
CRL4 complex, which could lead to the degradation of RB1 [26].
On the other hand, UBLCP1, as a proteasome phosphatase,
regulates the activity of the 26S proteasome by dephosphor-
ylating the Rpt1 subunit, afecting the degradation process of
proteins [27]. Therefore, RB1 may be marked for degradation
through the ubiquitination pathway, and UBLCP1 afects this
degradation process by regulating the activity of the proteasome.
If RB1 is one of the substrates of the proteasome activity regu-
lated by UBLCP1, then changes in the activity of UBLCP1 may

umap_1
–5–10

–2
–4

0

um
ap

_2 2
4

6
0

5

Progenitor cells

Plasmacytoid dendritic cells

Plasmablasts

(a)

umap_1
–5–10–15 0 5 10

Naive CD8 T cells

Progenitor cells

Plasmablasts

–5
um

ap
_2

5
10

0

(b)

(c)

Plasmacytoid dendritic cells ->
Progenitor cells

Plasmacytoid dendritic cells ->
Plasmacytoid dendritic cells

Plasmacytoid dendritic cells ->
Plasmablasts

Plasmacytoid dendritic cells ->
Neurons

max

min

p value
0.01 < p < 0.05
p < 0.01

MDK - SDC2

(d)

(e)

MDK - SDC2

Progenitor cells ->
Progenitor cells

Progenitor cells ->
Plasmacytoid dendritic cells

Progenitor cells ->
Plasmablasts

Progenitor cells ->
Neurons

Commun. Prob.
max

min

p value
p < 0.01

(f)

FIGURE 8 | (a) Trajectory analysis of Neuroepithelial_cell subset. (b) Trajectory analysis of neuron subset. (c and d) Cell communication between
plasmacytoid dendritic cells and other cells. (e and f) Cell communication between progenitor cells and other cells.

14 of 20 International Journal of Genomics, 2026



afect the degradation rate of RB1, thereby infuencing the
regulation of the cell cycle. This interaction may play a role in
tumorigenesis and the control of cell proliferation [28], but
further experimental research is needed to verify this predicted
relationship. HKDC1 may regulate glycolysis and energy meta-
bolism [29, 30], thereby afecting the proliferation status of cells

and indirectly infuencing the function of RB1. Since RB1 plays
a central role in regulating the cell cycle and inhibiting excessive
cell proliferation, any factor that afects cellular metabolism and
energy status may indirectly afect the activity of RB1 and the
progression of the cell cycle. Therefore, HKDC1 may indirectly
regulate the function of RB1 by altering the metabolic state of
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FIGURE 9 | Neuroepithelial_cell subset: (a) A volcano plot showing a causal relationship between key genes and RB1 in plasmacytoid dendritic
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cells, afecting the control of the cell cycle and tumor
suppression.

Although harmony integration successfully minimized technical
batch efects between datasets (Figure 6), we acknowledge three
inherent constraints: (1) Harmony assumes that batch efects are

orthogonal to biological variation, which may not hold if tech-
nical artifacts correlate with disease states, (2) overcorrection
risks attenuating subtle but biologically relevant signals, par-
ticularly in rare cell populations, and (3) residual confounding
may persist due to fundamental protocol diferences between
stem cell-derived and patient-derived samples. To mitigate these

(a) (b) (c) (d) (e) (f)

FIGURE 10 | Neuroepithelial_cell subset: (a) A forest plot showing a causal relationship between key genes and RB1 in plasmacytoid dendritic cells.
(b) A forest plot showing a causal relationship between key genes and RB1 in plasmablasts. (c) A forest plot showing a causal relationship between key
genes and RB1 in progenitor cells. Neuron subset: (d) A forest plot showing a causal relationship between key genes and RB1 in naive CD8 T cells. (e) A
forest plot showing a causal relationship between key genes and RB1 in plasmablasts. (f) A forest plot showing a causal relationship between key genes
and RB1 in plasmablasts.
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limitations, we employed stringent quality controls and validated
biological consistency through marker gene expression patterns.
Future studies using uniformly processed samples would
strengthen batch efect robustness.

Our study, by leveraging the summary statistics data from the
largest circulating immune cell GWAS for two-sample MR
analysis, has for the frst time revealed a causal association
between the RB1 and immune cells. Additionally, through
single-cell sequencing analysis, we found that EZH2, UBLCP1,
and HKDC1 as SNPs of exposure factors may regulate RB1,
infuencing the onset and progression of RB. The study also
uncovered cellular-level changes and functions of these genes.
The results not only emphasize the strong correlation between
immunophenotypes and the development of RB but also provide
a new perspective for understanding the complex interactions in
the tumor immune microenvironment. This is of signifcant
importance for developing new therapeutic strategies and
prognostic biomarkers.

Acknowledgments

The authors thank the Key Research and Development Technology
Project of Anhui Province (Grant No. 2022j11020013), the Natural Sci-
ence Foundation of Tibet Autonomous Region (Grant No.
XZ202501ZR0090), the Natural Science Foundation for Group-style
Medical Aid Project of Tibet Autonomous Region (Grant No.
XZZR202402034[W]), and the College Students’ Innovation and Entre-
preneurship Training Project of Anhui Province (Grant No.
S202410366013). Jingqiu Li thanks the inimitable care and support of
Doc. Liu over the years.

Funding

This research was supported by the Key Research and Development
Technology project of Anhui Province (Grant No. 2022j11020013), the
Natural Science Foundation of Tibet Autonomous Region (Grant No.
XZ202501ZR0090), the Natural Science Foundation for Group-Style
Medical Aid Project of Tibet Autonomous Region (Grant No.
XZZR202402034 [W]), and the College Students’ Innovation and

Entrepreneurship Training Project of Anhui Province (Grant No.
S202410366013).

Ethics Statement

The authors have nothing to report.

Consent

The authors have nothing to report.

Conficts of Interest

The authors declare no conficts of interest.

Data Availability Statement

All data generated or analyzed during this study are included in this
published article and its supporting information fles. Our original data
come from the public databases mentioned in this article.

References

1. A. M. Rauschecker, C. V. Patel, K. W. Yeom, et al., “High-Resolution
MR Imaging of the Orbit in Patients with Retinoblastoma,” Radio-
Graphics 32, no. 5 (2012): 1307–1326, https://doi.org/10.1148/
rg.325115176.

2. H. Dimaras, T. W. Corson, D. Cobrinik, et al., Nature Reviews Disease
Primers 1 (2015): 15021, https://doi.org/10.1038/nrdp.2015.21.

3. J. R. Wong, M. A. Tucker, R. A. Kleinerman, and S. S. Devesa,
“Retinoblastoma Incidence Patterns in the US Surveillance, Epidemi-
ology, and End Results Program,” JAMA Ophthalmol 132, no. 4 (2014):
478–483, https://doi.org/10.1001/jamaophthalmol.2013.8001.

4. S. Kaliki, V. S. Vempuluru, A. Mohamed, et al., “Retinoblastoma in
Asia: Clinical Presentation and Treatment Outcomes in 2112 Patients
from 33 Countries,” Ophthalmology 131, no. 4 (2024): 468–477, https://
doi.org/10.1016/j.ophtha.2023.10.015.

5. C. E. Peeler, E. Gonzalez, Retinoblastoma, and 25, New England
Journal of Medicine 386 (2022): 2412.

6. J. Zhao, S. Li, J. Shi, and N. Wang, “Clinical Presentation and Group
Classifcation of Newly Diagnosed Intraocular Retinoblastoma in China,”
British Journal of Ophthalmology 95, no. 10 (2011): 1372–1375, https://
doi.org/10.1136/bjo.2010.191130.

M
et

ab
ol

ic
 p

at
hw

ay

EZ
H

2–
PC

EZ
H

2+
PC

Pl
as

m
ab

la
st

s

gene_group

Vitamin B6 metabolism
Ubiquinone and other terpenoid—quinone biosynthesis

Thiamine metabolism
Terpenoid backbone biosynthesis

Ribofavin metabolism
Retinol metabolism

Porphyrin and chlorophyll metabolism
Pantothenate and CoA biosynthesis

Other glycan degradation
One carbon pool by folate

Nicotinate and nicotinamide metabolism
Neomycin, kanamycin and gentamicin biosynthesis

Metabolism of xenobiotics by cytochrome P450
Lipoic acid metabolism

Glycosylphosphatidylinositol (GPI)—anchor biosynthesis
Glycosphingolipid biosynthesis—lacto and neolacto series
Glycosphingolipid biosynthesis—globo and isoglobo series

Glycosphingolipid biosynthesis—ganglio series
Glycosaminoglycan degradation

Glycosaminoglycan biosynthesis—keratan sulfate
Folate biosynthesis

Drug metabolism—other enzymes
Drug metabolism—cytochrome P450

Cafeine metabolism
Biotin metabolism

Value

0.00

0.25

0.50

0.75

1.00

Value

0.00

0.25

0.50

0.75

1.00

(c)

FIGURE 14 | (a) Metabolic pathway analysis showing the activation states, revealing diferences in metabolic activities between EZH2þ

plasmablasts and EZH2-plasmablast cell subgroups. (b) Metabolic pathway analysis showing the activation states, revealing diferences in metabolic
activities between UBCLP1þ plasmablast and UBCLP1-plasmablast cell subgroups. (c) Metabolic pathway analysis showing the activation states,
revealing diferences in metabolic activities between EZH2þ progenitor cells and EZH2-progenitor cell subgroups.

International Journal of Genomics, 2026 19 of 20

http://doi.org/10.1148/rg.325115176
http://doi.org/10.1148/rg.325115176
http://doi.org/10.1038/nrdp.2015.21
http://doi.org/10.1001/jamaophthalmol.2013.8001
http://doi.org/10.1016/j.ophtha.2023.10.015
http://doi.org/10.1016/j.ophtha.2023.10.015
http://doi.org/10.1136/bjo.2010.191130
http://doi.org/10.1136/bjo.2010.191130


7. J. Zhang, C. A. Benavente, J. Mcevoy, et al., “A Novel Retinoblastoma
Therapy from Genomic and Epigenetic Analyses,” Nature 481, no. 7381
(2012): 329–334, https://doi.org/10.1038/nature10733.

8. C. A. Benavente and M. A. Dyer, “Genetics and Epigenetics of Human
Retinoblastoma,” Annual Review of Pathology: Mechanisms of Disease 10,
no. 1 (2015): 547–562, https://doi.org/10.1146/annurev-pathol-012414-
040259.

9. M. C. De Jong, W. A. Kors, P. De Graaf, J. A. Castelijns, T. Kivelä, and
A. C. Moll, “Trilateral Retinoblastoma: A Systematic Review and meta-
analysis,” The Lancet Oncology 15, no. 10 (2014): 1157–1167, https://
doi.org/10.1016/s1470-2045(14)70336-5.

10. J. L. Norrie, A. Nityanandam, K. Lai, et al., “Retinoblastoma from
Human Stem cell-derived Retinal Organoids,” Nature Communications
12, no. 1 (2021): 4535, https://doi.org/10.1038/s41467-021-24781-7.

11. Y. Yao, X. Gu, X. Xu, S. Ge, and R. Jia, “Novel Insights into RB1
Mutation,” Cancer Letters 547 (2022): 215870, https://doi.org/10.1016/
j.canlet.2022.215870.

12. A. L. Sarver, C. Xie, M. J. Riddle, et al., “Retinoblastoma Tumor Cell
Proliferation is Negatively Associated with an Immune Gene Expression
Signature and Increased Immune Cells,” Laboratory Investigation 101,
no. 6 (2021): 701–718, https://doi.org/10.1038/s41374-021-00573-x.

13. R. Janostiak, A. Torres-Sanchez, F. Posas, and E. De Nadal, “Un-
derstanding Retinoblastoma Post-Translational Regulation for the De-
sign of Targeted Cancer Therapies,”Cancers (Basel) 14, no. 5 (2022): 1265,
https://doi.org/10.3390/cancers14051265.

14. J. Bowden and M. V. Holmes, “Meta-Analysis and Mendelian
Randomization: A Review,” Research Synthesis Methods 10, no. 4 (2019):
486–496, https://doi.org/10.1002/jrsm.1346.

15. P. Sekula, M. F. Del Greco, C. Pattaro, and A. KöTTGEN, “Mendelian
Randomization as an Approach to Assess Causality Using Observational
Data,” Journal of the American Society of Nephrology 27, no. 11 (2016):
3253–3265, https://doi.org/10.1681/ASN.2016010098.

16. E. Sanderson, M. M. Glymour, M. V. Holmes, et al., “Mendelian
Randomization,” Nature Reviews Methods Primers (2022): 2.

17. E. Clough, T. Barrett, S. E. Wilhite, et al., “NCBI GEO: Archive for
Gene Expression and Epigenomics Data Sets: 23-Year Update,” Nucleic
Acids Research 52, no. D1 (2024): D138–d144, https://doi.org/10.1093/
nar/gkad965.

18. V. W. Skrivankova, R. C. Richmond, B. A. R. Woolf, et al.,
“Strengthening the Reporting of Observational Studies in Epidemiology
Using Mendelian Randomisation (STROBE-MR): Explanation and
Elaboration,” BMJ 375 (2021): n2233, https://doi.org/10.1136/bmj.n2233.

19. C. Sidore, F. Busonero, A. Maschio, et al., “Genome Sequencing
Elucidates Sardinian Genetic Architecture and Augments Association
Analyses for Lipid and Blood Infammatory Markers,” Nature Genetics
47, no. 11 (2015): 1272–1281, https://doi.org/10.1038/ng.3368.

20. C. Wu, J. Yang, W. Xiao, et al., “Single-Cell Characterization of
Malignant Phenotypes and Microenvironment Alteration in Retino-
blastoma,” Cell Death & Disease 13, no. 5 (2022): 438, https://doi.org/
10.1038/s41419-022-04904-8.

21. J. Blando, A. Sharma, M. G. Higa, et al., “Comparison of Immune
Infltrates in Melanoma and Pancreatic Cancer Highlights VISTA as
a Potential Target in Pancreatic Cancer,” Proceedings of the National
Academy of Sciences of the United States of America 116, no. 5 (2019):
1692–1697, https://doi.org/10.1073/pnas.1811067116.

22. F. PagèS, B. Mlecnik, F. Marliot, et al., “International Validation of
the Consensus Immunoscore for the Classifcation of Colon Cancer: A
Prognostic and Accuracy Study,” Lancet 391, no. 10135 (2018):
2128–2139.

23. T. Flieswasser, A. Van Den Eynde, J. Van Audenaerde, et al., “The
CD70-CD27 Axis in Oncology: The New Kids on the Block,” Journal of

Experimental & Clinical Cancer Research 41, no. 1 (2022): 12, https://
doi.org/10.1186/s13046-021-02215-y.

24. L. Gong, J. Luo, Y. Zhang, et al., “Nasopharyngeal Carcinoma Cells
Promote Regulatory T Cell Development and Suppressive Activity via
CD70-CD27 Interaction,” Nature Communications 14, no. 1 (2023): 1912,
https://doi.org/10.1038/s41467-023-37614-6.

25. Q. Jin, W. He, L. Chen, Y. Yang, K. Shi, and Z. You, “MicroRNA-101-
3p Inhibits Proliferation in Retinoblastoma Cells by Targeting EZH2 and
HDAC9,” Experimental and Therapeutic Medicine 16, no. 3 (2018):
1663–1670, https://doi.org/10.3892/etm.2018.6405.

26. P. Jia and Z. Zhao, “Characterization of Tumor-Suppressor Gene
Inactivation Events in 33 Cancer Types,” Cell Reports 26, no. 2 (2019):
496–506 e493, https://doi.org/10.1016/j.celrep.2018.12.066.

27. Y. He, X. Guo, Z. H. Yu, et al., “A Potent and Selective Inhibitor for
the UBLCP1 Proteasome Phosphatase,” Bioorganic & Medicinal Chem-
istry 23, no. 12 (2015): 2798–2809, https://doi.org/10.1016/
j.bmc.2015.03.066.

28. R. A. Weinberg, “The Retinoblastoma Protein and Cell Cycle Con-
trol,” Cell 81, no. 3 (1995): 323–330, https://doi.org/10.1016/0092-
8674(95)90385-2.

29. M. W. Khan, A. R. Terry, M. Priyadarshini, et al., “The Hexokinase
HKDC1 Interaction with the Mitochondria is Essential for Liver Cancer
Progression,” Cell Death & Disease 13, no. 7 (2022): 660, https://doi.org/
10.1038/s41419-022-04999-z.

30. L. Fuhr, R. El-Athman, R. Scrima, et al., “The Circadian Clock
Regulates Metabolic Phenotype Rewiring via HKDC1 and Modulates
Tumor Progression and Drug Response in Colorectal Cancer,” EBio-
Medicine 33 (2018): 105–121, https://doi.org/10.1016/
j.ebiom.2018.07.002.

Supporting Information

Additional supporting information can be found online in the Supporting
Information section. (Supporting Information)

Supporting 1. Supporting Table 1. IVs related to immune cells and RB1.

Supporting 2. Supporting Table 2. Casual efects of MR analysis between
immune cells and RB1.

20 of 20 International Journal of Genomics, 2026

http://doi.org/10.1038/nature10733
http://doi.org/10.1146/annurev-pathol-012414-040259
http://doi.org/10.1146/annurev-pathol-012414-040259
http://doi.org/10.1016/s1470-2045(14)70336-5
http://doi.org/10.1016/s1470-2045(14)70336-5
http://doi.org/10.1038/s41467-021-24781-7
http://doi.org/10.1016/j.canlet.2022.215870
http://doi.org/10.1016/j.canlet.2022.215870
http://doi.org/10.1038/s41374-021-00573-x
http://doi.org/10.3390/cancers14051265
http://doi.org/10.1002/jrsm.1346
http://doi.org/10.1681/ASN.2016010098
http://doi.org/10.1093/nar/gkad965
http://doi.org/10.1093/nar/gkad965
http://doi.org/10.1136/bmj.n2233
http://doi.org/10.1038/ng.3368
http://doi.org/10.1038/s41419-022-04904-8
http://doi.org/10.1038/s41419-022-04904-8
http://doi.org/10.1073/pnas.1811067116
http://doi.org/10.1186/s13046-021-02215-y
http://doi.org/10.1186/s13046-021-02215-y
http://doi.org/10.1038/s41467-023-37614-6
http://doi.org/10.3892/etm.2018.6405
http://doi.org/10.1016/j.celrep.2018.12.066
http://doi.org/10.1016/j.bmc.2015.03.066
http://doi.org/10.1016/j.bmc.2015.03.066
http://doi.org/10.1016/0092-8674(95)90385-2
http://doi.org/10.1016/0092-8674(95)90385-2
http://doi.org/10.1038/s41419-022-04999-z
http://doi.org/10.1038/s41419-022-04999-z
http://doi.org/10.1016/j.ebiom.2018.07.002
http://doi.org/10.1016/j.ebiom.2018.07.002
https://doi.org/10.1155/ijog/6303747

	Immune Cell-Mediated Retinoblastoma Development: Genetic and Molecular Mechanisms
	1. Introduction
	2. Materials and Methods
	2.1. Study Design
	2.2. Data Sources
	2.2.1. Circulating Immune Cells
	2.2.2. Outcome Data Source

	2.3. MR Statistical Analysis
	2.4. scRNA-seq Data Analysis
	2.5. Key Marker Gene eQTL and RB1 Protein’s MR Analysis
	2.6. Seeking Genes Associated With Exposure
	2.7. Exploring the Function of Exposure Factors at the Single-Cell Level

	3. Result
	3.1. Mendelian Randomization Analysis
	3.2. Single-Cell Analysis Result
	3.3. MR Analysis Using Key Marker Genes Identifies Novel Causal Genes That Can Mediate the Effect of Exposure Factors on the Development of RB
	3.4. Single-Cell Transcriptomic Analysis Reveals EZH2 and UBCLP1’s Crucial Role in Metabolism and Function in RB

	4. Discussion
	Acknowledgments
	Funding
	Ethics Statement
	Consent
	Conflicts of Interest
	Data Availability Statement
	Supporting Information




