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Background: CTBP1, an NADH-dependent transcriptional co-repressor subject to succinylation, may orchestrate both systemic and 
cell-type–specific effects on tumor development.
Methods: This integrative study represents a novel approach, combining genetic regulation, single-cell expression quantitative trait 
loci (eQTLs), and imaging radiomics to investigate CTBP1 in breast cancer. We integrated tissue-relevant eQTLs with breast cancer 
GWAS to evaluate genetically proxied associations for CTBP1. We further explored cell-type–dependent effects using single-cell 
eQTL resources and examined expression, survival, and imaging correlations as hypothesis-generating evidence.
Results: Tissue-focused analyses suggested an inverse association between CTBP1 expression and breast cancer risk, with consistent 
directions observed in expression and survival datasets. Single-cell explorations indicated potential cell-type–specific regulation. 
Imaging correlations with MRI-derived features were modest and exploratory.
Conclusion: Our results prioritise CTBP1 as a context-dependent, tissue- and cell-type–specific candidate in breast cancer. The 
observational and exploratory components warrant validation in larger cohorts and functional assays. To our knowledge, this is the first 
integrative study combining GWAS, single-cell eQTL and MRI radiomics to prioritize CTBP1 in breast cancer.
Keywords: CTBP1, breast cancer, single-cell RNA-seq, single-cell eQTL, Mendelian randomization, DCE-MRI radiomics, cell–cell 
communication

Introduction
Breast cancer remains one of the most prevalent and lethal malignancies among women globally, with rising incidence 
and substantial mortality rates presenting a significant challenge to public health worldwide.1–3 Despite advancements in 
early diagnosis and therapeutic interventions, clinical outcomes remain unpredictable, primarily due to tumor hetero
geneity, treatment resistance, and immune evasion mechanisms.4,5 These challenges underscore the critical need to 
identify novel, reliable biomarkers for risk prediction, prognostic assessment, and personalized therapeutic strategies.

Metabolic reprogramming is increasingly recognized as a hallmark of cancer initiation and progression.6,7 Among 
post-translational modifications (PTMs) involved in regulating cancer metabolism and immune surveillance, lysine 
succinylation has emerged as a key regulator of tumor biology.8 This modification alters protein structure and function, 
thereby modulating gene expression, metabolic flux, and immune signaling.9,10

While the role of succinylation in tumor biology has been increasingly acknowledged, its specific mechanisms in breast 
cancer remain underexplored, particularly in relation to its involvement in the immune microenvironment and imaging 
characteristics. This gap in knowledge limits the development of targeted interventions and prognostic tools. Therefore, 
constructing a comprehensive breast cancer prognostic model that integrates metabolic information, immune response, and 
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imaging features based on succinylation is of paramount clinical importance. Beyond its metabolic regulation, CTBP1 has 
been extensively implicated in cancer biology as a transcriptional corepressor promoting tumor proliferation, epithelial– 
mesenchymal transition (EMT), and metastasis through multiple pathways, such as the CDH1 repression axis and TGF-β 
signaling.11–15 In breast and other cancers, CTBP1 also interacts with metabolic and chromatin modifiers, thereby linking 
redox homeostasis to oncogenic transcriptional programs.11,12 These findings support the rationale to explore both the tissue- 
and cell-specific regulatory mechanisms of CTBP1 in breast cancer.

This study aimed to prioritise CTBP1 in breast cancer by integrating tissue-relevant genetic instruments with disease 
GWAS and by exploring cell-type–specific signals. We further complemented these analyses with expression, survival, 
and radiomics correlations as hypothesis-generating evidence rather than definitive biomarkers.CTBP1 is of particular 
interest in breast cancer because it bridges cellular metabolism with transcriptional control and immune regulation. Prior 
studies have shown that CTBP1 represses E-cadherin and modulates redox-sensitive transcription factors, influencing 
both tumor invasiveness and immune evasion. However, its regulation appears context-dependent and may differ across 
tissue or cell types.To address these gaps, our study integrates genetic, single-cell, and MRI radiomics data to system
atically characterize CTBP1 regulation across multiple biological levels.

Materials and Methods
Selection of Hotspot Genes
This study collected a total of 19 Succinylation-related genes.9,10,16–18 A detailed list of the genes is provided in 
Supplemental Table S1. The overall workflow is summarized in Supplementary Figure S1.

eQTL Dataset
The eQTL data for all genes in this study were obtained from the eQTLGen database (website: https://www.eqtlgen.org/ 
cis-eqtls.html), and all data correspond to cis-eQTLs derived from blood samples. Instrumental SNPs were defined as 
genome-wide significant (P < 5×10−8) and LD-independent (clumping window 10 Mb, r2 < 0.1). After filtering, cis-eQTL 
information remained for 15,695 genes. Intersecting this set with the 19 succinylation-related genes yielded 16 
candidates.

Breast Cancer Outcome Dataset
Breast cancer outcome data were obtained from the FinnGen consortium (release R11; https://www.finngen.fi/en). The 
analytic cohort comprised 222,080 participants of European ancestry (20,586 cases; 201,494 controls).

Two-Sample MR Framework
We conducted two-sample MR using the TwoSampleMR R package (v4.3.1). Cis-eQTL proxies for succinylation-related 
genes served as exposures, and breast cancer status was the outcome. To limit weak-instrument bias, variants with 
F-statistics <10 were removed. The main estimator was inverse-variance weighting (IVW); exposures lacking compu
table IVW effects were omitted. Horizontal pleiotropy was evaluated with the MR-Egger intercept, heterogeneity with 
Cochran’s Q, and robustness with leave-one-out analyses.

SMR Framework and Colocalization Tests
Summary-data–based Mendelian randomization (SMR) was used to integrate GWAS summary statistics with GTEx 
Breast_Mammary_Tissue eQTLs, testing whether variation in gene expression is associated with the trait via a shared causal 
variant. Analyses were run with the official SMR software v1.3.1 (https://yanglab.westlake.edu.cn/software/smr/#Overview) 
using default settings. To distinguish pleiotropy from linkage, we applied the HEIDI test; failure to reject the HEIDI null 
(no heterogeneity) supports compatibility with a single variant underlying both the expression and trait signals.
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Differential Expression Analysis and Survival Analysis
Gene expression analysis was performed using the Breast Cancer Gene-Expression Miner v5.2 website (https://bcgenex.ico. 
unicancer.fr/BC-GEM/GEM-requete.php),19 comparing cancer tissue (743 cases) with adjacent normal tissue (92 cases) and 
healthy control tissue (89 cases). Survival analysis was performed using the Kaplan-Meier Plotter website (https://kmplot. 
com/analysis/).20 ELISA peripheral blood samples were collected from breast cancer patients (n=40) and normal controls 
(n=40) at Jiaxing Hospital of Traditional Chinese Medical (Jiayitong Medical Ethics Review 2023 Research No. 095–1). 
Ethical approval was obtained from the hospital’s ethics committee, and informed consent was obtained from all participants.

Serum CTBP1 concentrations were quantified using a commercially available human CTBP1 ELISA kit. 
Measurements were performed in duplicate according to the manufacturer’s instructions. Optical density was read at 
450 nm, and concentration values were interpolated from standard curves.Because the GWAS datasets are predominantly 
of European ancestry, whereas the ELISA validation cohort comprises Chinese participants, potential population 
stratification bias cannot be fully excluded.

Single-Cell Mendelian Randomization Analysis
Single-cell eQTL data were from the OneK1K (https://onek1k.org/).21,22 The following SNP selection criteria were 
applied: p-value < 0.05, clumping window: 10,0 kb, r2 < 0.3, resulting in 14 cell-related data points. This component 
should be regarded as exploratory and hypothesis-generating rather than confirmatory.

DCE-MRI Radiomics Correlation
Dynamic contrast–enhanced (DCE) MRI scans were sourced from the TCGA imaging archive. Tumor volumes of 
interest (VOIs) on peak-phase images were first segmented with the U2-Net model and then manually refined by 
two radiologists (M.P.H., J.Y.W). To harmonize inter-scanner variation, images were resampled to isotropic 
1×1×1 mm3 using linear interpolation. A 15-pixel 3D margin was appended around the tumor during segmentation, 
followed by intensity histogram equalization stratified by field strength. Radiomic features—shape, first-order, 
texture, wavelet, exponential, and square-filtered—were extracted with PyRadiomics v3.0.1. To assess repeatability, 
segmentation and extraction were repeated after two months in 50 cases to compute intraclass correlation 
coefficients (ICC). Pearson correlations were then calculated between hub-gene expression and the radiomic 
features.Correlation analyses between radiomic features and CTBP1 expression were adjusted for testing using 
the p_value (p < 0.05).

Generation of Single-Cell Suspensions From Human Specimens
Human tissue from healthy donors and patients was handled on ice in sterile, RNase-free dishes preloaded with 
calcium- and magnesium-free 1× PBS. Specimens were transferred, minced into ~0.5 mm2 fragments, and 
repeatedly rinsed with 1× PBS to remove non-target material (eg, blood clots and adipose layers). Single-cell 
dissociation was performed by incubating the fragments in an enzyme cocktail (0.35% collagenase IV, 2 mg/mL 
papain, 120 U/mL DNase I) at 37 °C with shaking at 100 rpm for 20 min. Digestion was quenched with 1× PBS 
containing 10% (v/v) fetal bovine serum (FBS). The suspension was gently triturated 5–10 times using a Pasteur 
pipette, passed through stacked 70- and 30-µm strainers, and pelleted by centrifugation (300 g, 5 min, 4 °C). Cells 
were resuspended in 100 µL 1× PBS (0.04% BSA) and treated with 1 mL of 1× red blood cell lysis buffer (MACS 
130–094-183, 10× stock) for 2–10 min at room temperature or on ice. After centrifugation (300 g, 5 min, RT), the 
supernatant was discarded and the pellet was incubated with 100 µL Dead Cell Removal MicroBeads (MACS 
130–090-101) and processed using the Miltenyi® Dead Cell Removal Kit (MACS 130–090-101). The cells were 
washed twice in 1× PBS (0.04% BSA) with brief spins (300 g, 3 min, 4 °C) and finally resuspended in 50 µL 1× 
PBS (0.04% BSA). Viability was assessed by trypan blue exclusion, and preparations with >85% viable cells were 
retained. Cell counts were obtained on a Countess II Automated Cell Counter and adjusted to 700–1200 cells/µL.
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Single-Cell Capture and Library Preparation (DNBelab C-TaiM 4; DNBSEQ-T7 Sequencing)
Single-cell suspensions were processed on the DNBelab C-TaiM 4 platform to target capture of ~8,000 cells, following the 
manufacturer’s guidance aligned with the 10x Genomics Chromium Single Cell 3′ Kit (v3). cDNA amplification and library 
preparation proceeded per the standard workflow.23 Libraries were sequenced on a DNBSEQ-T7 (paired-end, 150 bp) with 
a minimum yield of 100 G.

Single-Cell RNA-Seq Data Preprocessing and Integration
Raw UMI count matrices from six scRNA-seq libraries (control.1–3, treat.4–6) were imported into Seurat objects (min.cells = 
3, min.features = 200). Doublets were detected and removed with DoubletFinder v1.2.2 (default parameters). After doublet 
removal, cells were further filtered to retain only those with >50 detected genes (nFeature_RNA > 50) and <5% mitochondrial 
content (percent.mt < 5), and normalized by log-transformation (NormalizeData, scale.factor = 10,000). The top 1,500 variable 
genes per sample were identified using vst (FindVariableFeatures, nfeatures = 1500).

Batch correction and dimensionality reduction were performed via Seurat’s integration workflow: anchors were identified 
across the six samples (FindIntegrationAnchors) and integrated into a single dataset (IntegrateData). To further remove 
residual batch effects, Harmony (RunHarmony on “orig.ident”) was applied to the integrated PCA space. The data were scaled 
(ScaleData) and principal component analysis was run on the 1,500 most variable genes (RunPCA, npcs = 20). JackStraw 
analysis (JackStraw & ScoreJackStraw) was used to assess PC significance.

Clustering and Marker Identification
A shared-nearest neighbor graph was constructed on the first 20 Harmony-corrected PCs (FindNeighbors), and cells were 
clustered at resolution = 0.6 (FindClusters). UMAP embedding (RunUMAP, dims = 1:20) was used for visualization. 
Cluster marker genes were identified with FindAllMarkers (only.pos = FALSE, min.pct = 0.25, logfc.threshold = 1), and 
markers with |avg_log2FC| > 1 and adjusted p < 0.05 were retained.

Cell-Type Annotation and Differential Analysis
Cluster identities were annotated using SingleR v1.2.4 against the BlueprintEncode human reference 
(BlueprintEncode_bpe.se_human), and Seurat was used to rename clusters accordingly. To compare pCR versus non- 
pCR within each annotated cell type, we defined sample–cellType groups and ran FindMarkers, retaining genes with 
|avg_log2FC| > 1 and adjusted p < 0.05. Continuous QC and all downstream analyses were performed in R using Seurat 
v4.0.0 and Harmony v1.0.

Subclustering of CD8 Cell Types
CD8+ T cells were first subset from the globally integrated atlas. These CD8+ cells were then re-integrated to enable 
fine-grained subclustering. After integration, gene expression values were standardized to unit variance, and scaling, 
dimensionality reduction, and clustering were carried out as described above.

Developmental Trajectory Inference
Monocle 2 infers cell trajectories with reversed graph embedding, enabling unsupervised modeling of branched fate 
decisions. We applied Monocle 2 to construct pseudotime trajectories.

Cell-Cell Interactions Analysis by CellPhoneDB
CellPhoneDB is a curated resource cataloging ligands, receptors, and their interactions, with subunit-level annotations to 
represent heteromeric complexes. We used CellPhoneDB (v2.1.4) to infer intercellular communication. Receptor–ligand 
pairs were retrieved from the official downloads page (https://www.cellphonedb.org/downloads), and interactions with 
p < 0.05 were considered significant.
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Statistical Methods
All analyses were conducted in R (version 4.3.1; https://www.r-project.org/). Statistical significance was defined as 
p < 0.05.

Results
Potential Causal Relationship Between CTBP1 and Breast Cancer
We utilized the IEU OpenGWAS eQTLs dataset for discovery. As shown in the IVW-MR analysis (Supplemental Table S2), 
CTBP1 eQTLs from this dataset were causally linked to breast cancer and associated with a significant reduction in breast 
cancer risk (OR = 0.95, 95% CI = 0.908–0.999, p = 0.04) (Figure 1A and B).

Additionally, the SMR analysis identified CTBP1 as a potential protective gene linked to a favorable prognosis in 
breast cancer (SMR p = 0.02, OR = 0.93, p HEIDI > 0.05) (Figure 1C) (Supplemental Table S3).The survival analysis 
further supported that CTBP1 could be a potential protective factor for breast cancer (Figure 1D). This was corroborated 
by public database analyses, which indicated differential expression of CTBP1 between breast cancer patients and normal 
controls (Figure 1E). The clinical ELISA results, showing the difference in CTBP1 protein expression between breast 
cancer patients and normal controls (Figure 1F).

sceQTL Analysis with CTBP1
Figure 2 presents the results of the single-cell Mendelian randomization (MR) analysis performed on tumor samples from 
breast cancer patients. The analysis reveals that CTBP1 expression in CD8+ T-cells is significantly associated with 
immune-related features, such as S100B expression. We observed a positive correlation between CTBP1 and S100B in 
these cells (odds ratio [OR] = 1.25, 95% confidence interval [CI] = 1.108–1.414, p < 0.01), suggesting that CTBP1 may 

Figure 1 CTBP1 and Breast Cancer: Causal, Prognostic and Expression Patterns. Healthy controls were selected from the TCGA and GTEx dataset, with no history of 
breast cancer or related conditions. (A): Forest plot of IVW - MR analysis from the IEU OpenGWAS dataset, showing the causal association between eQTL and breast 
cancer. (B): Scatter plot corresponding to A, assisting in presenting the causal association between eQTL and breast cancer. C): Result based on SMR analysis, indicating that 
CTBP1 is a potential protective gene for breast cancer prognosis. (D): Survival analysis plot, confirming the potential protective role of CTBP1 in breast cancer. (E): Box plot 
based on GTEx and TCGA data, showing the mRNA expression level of CTBP1 in different tissues (*p < 0.0001). (F): Box plot of clinical ELISA results, showing the 
difference in CTBP1 protein expression between breast cancer patients and normal controls.
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regulate immune responses within the tumor microenvironment. This finding underscores the potential of single-cell MR 
analysis to identify cell-type-specific regulatory mechanisms in breast cancer, providing a deeper understanding of the 
immune interactions within the tumor.

Radiomics Correlations with CTBP1
A total of 944 radiomic features were extracted from each VOI in the MRI images. Pearson correlation analysis revealed that 
CTBP1 expression was positively associated with the wavelet-based feature HHH_gldm_LargeDependenceHighGray 
LevelEmphasis (Cor = 0.28, p < 0.05) but negatively correlated with HHH_gldm_SmallDependenceLowGrayLevelEmphasis 
(Cor = −0.27, p < 0.05) (Figure 3A)(Supplemental Table S4). Two typical samples are presented for demonstration 
(Figure 3B and C).These findings suggest that CTBP1 may be associated with specific radiomic features that reflect tumor 
heterogeneity and could potentially serve as an imaging biomarker for breast cancer prognosis.

The Immune Microenvironment of BRCA
We first performed global clustering of single-cell data from six breast tissue samples (3 controls and 3 tumors with 
higher malignancy) and identified eight major cell populations in the UMAP embedding, including epithelial cells, 
CD8+T cells, CD4+T cells, macrophages, and others (Figure 4A and B). CellChat communication analysis indicated that 
this subset interacts most actively with epithelial cells, macrophages, and CD4+T cells (Figure 4C).We then reclustered 
all CD8+T cells and delineated six functionally distinct subtypes: Naive CD8 T, Effector Memory CD8 T, Tissue-resident 
Memory CD8 T, Central Memory CD8T, Exhausted CD8T, and the CD8+S100B+T cell of interest (Figure 4D and E). 
The Monocle-inferred pseudotime trajectory shows that the CD8+ S100B+ T cells (red) are positioned at the bottom left 
of the trajectory plot (Figure 4F), suggesting that this subset may reside in an early activation state or on a distinct 
differentiation branch, with high functional plasticity. Sample-wise UMAP plots revealed that this subset is consistently 
present across all samples and is slightly enriched in tumor tissues (Figure 4G). Finally, overlaying CTBP1 expression on 
the UMAP highlighted its concentrated expression within CD8+S100B+T cells, with higher levels observed in tumor 
samples compared to controls, supporting its potential functional role in the tumor immune microenvironment 
(Figure 4H).

Discussion
In summary, our integrative analyses reveal a context-dependent role for CTBP1 in breast cancer. Using tissue-relevant 
genetic instruments, both Mendelian randomization (IVW-MR OR = 0.95, p = 0.04) and SMR (SMR OR = 0.93, p = 0.02) 
indicated an inverse genetically-proxied association between whole-blood CTBP1 expression and breast cancer risk, 
consistent with GTEx and TCGA transcriptomic patterns, as well as our ELISA data. In contrast, exploratory single-cell 
eQTL analyses identified a positive association between CTBP1 expression and immune-related features within the CD8+ 
S100B+ T-cell subset (OR = 1.25, p < 0.01). Additionally, radiomics analysis showed modest correlations between CTBP1 
expression and MRI-derived texture-dependence features. Further, CellChat analysis suggested enriched cell-cell commu
nication between CD8+ S100B+ T cells, epithelial cells, macrophages, and CD4+ T cells, indicating a potential role for 
CTBP1 in immune regulation within the tumor microenvironment.

Figure 2 sceQTL analysis with CTBP1: Forest plot of IVW - MR analysis from the OneK1K dataset, showing the causal association between sceQTL and breast cancer.
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Figure 3 Radiomics Correlations with CTBP1, Representative cases illustrating the micro-macro relationship among imaging features and CTBP1 expression. (A): Top 10 
radiomic features correlated with CTBP1 expression. (B): Case TCGA-BH-A0B5 (low CTBP1 expression). (C): Case TCGA-BH-A0BQ (high CTBP1 expression).
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Figure 4 Identification of CD8+ T cell subpopulations and CTBP1 expression in breast cancer tissues. (A) UMAP of all 16 single-cell clusters from six breast tissue samples; 
(B) Same UMAP colored by major cell-type annotation (epithelial cells, CD8+ T cells, CD4+ T cells, macrophages, B cells, fibroblasts, neurons, endothelial cells); (C) 
CellChat communication probability heatmap; (D) UMAP of CD8+ T cell; (E) UMAP of reclustered CD8+ T cells, showing six subpopulations (Naive, Effector Memory, 
Tissue-resident Memory, Central Memory, Exhausted, CD8+ S100B+ T cells); (E) Sample-split UMAPshowing the distribution differences of CD8+ S100B+ T cells between 
control and tumor samples. (F) Pseudo-temporal cell differentiation trajectory. (G) UMAP of each sample, showing the distribution of CD8+ T cell subpopulations. (H) 
UMAP of each sample, showing CTBP1 expression in CD8+ T cells.
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CTBP1 is an NADH-dependent transcriptional co-repressor that plays a critical role in tumorigenesis by regulating 
cell proliferation, migration, and epithelial-to-mesenchymal transition (EMT).14 As a gene associated with succinylation, 
CTBP1 also influences cellular metabolism, gene expression, and signal transduction through the regulation of intracel
lular succinylation modifications.9 Recent studies have highlighted the complex role of CTBP1 in various cancers, 
particularly in breast cancer, where its expression level is closely associated with tumor initiation and progression.13

Several reports have highlighted CTBP1’s impact on breast cancer biology. Zhao et al demonstrated that CTBP1– 
ZEB1 complexes repress SREBF2 to modulate cholesterol homeostasis and EMT,11 while De Luca et al showed CTBP1 
activation promotes tumor proliferation and metastasis under metabolic syndrome conditions.11,12

Building on prior work, we systematically established CTBP1’s causal links to breast cancer via two-sample MR and 
SMR, and validated these findings across survival cohorts, GTEx/TCGA transcriptomes, and clinical ELISA assays. Our 
findings also suggest that CTBP1 may regulate immune cell populations, particularly CD8+ S100B+ T cell subsets, 
thereby modulating the tumor immune microenvironment. This finding is consistent with the protective role of T cells in 
breast cancer, as previous research has shown that high density of tumor-infiltrating T cells correlates with better 
prognosis in breast cancer patients, particularly in HER2-positive and triple-negative breast cancer.24

Moreover, our DCE-MRI radiomics demonstrated that CTBP1 expression correlates positively with 
HHH_gldm_LargeDependenceHighGrayLevelEmphasis (r=0.28, p<0.05) and negatively with HHH_gldm_SmallDe 
pendenceLowGrayLevelEmphasis (r=–0.27, p<0.05), emphasizing CTBP1’s role in modulating tumor texture complexity 
and supporting its value as a noninvasive imaging biomarker.25 In our study, higher CTBP1 expression was associated with 
tumor morphological complexity and texture homogeneity, suggesting that CTBP1 may play a protective role in the tumor, 
such as glioblastoma and26 small cell lung cancer, where they were found to correlate with tumor texture and immune 
infiltration patterns.27 By linking the molecular mechanisms of CTBP1 with MRI features, we gain a more comprehensive 
understanding of how CTBP1 functions as a protective factor in breast cancer. These imaging features, corresponding with 
molecular CTBP1 expression levels, provide visual evidence that CTBP1 may influence tumor invasiveness and metastatic 
potential.

Our single-cell analyses are limited by a modest sample size, and DCE-MRI associations require validation in larger, 
multi-center, multi-ethnic cohorts. Moreover, the molecular mechanisms underlying CTBP1’s divergent roles in CD8+ 
S100B+ T cells remain to be elucidated through targeted in vitro and in vivo experiments.

Conclusion
CTBP1 appears to have context-dependent associations with breast cancer: inverse at the systemic (whole-blood) level 
yet nominally positive within a specific CD8+ S100B+ T-cell niche. Its expression shows modest correlations with DCE- 
MRI texture-dependence features. These observations prioritize CTBP1 for further study, though they should be 
interpreted cautiously. Validation in larger, multi-center cohorts and targeted mechanistic work will be essential to clarify 
biological pathways and its potential translational relevance.
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