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Abstract 29 

Breast cancer (BC) displays remarkable heterogeneity, which creates difficulties for precise 30 



prognosis and individualized treatment. Copper metabolism has increasingly been recognized as a 31 

critical factor in tumor progression, yet its clinical relevance in BC remains undefined. We 32 

integrated multi-cohort transcriptomic data from TCGA and GEO databases. LASSO regression 33 

was employed to screen for copper metabolism-related genes (CMRGs), and then multivariate 34 

Cox regression was performed to develop a prognostic signature. A series of systematic 35 

evaluations were conducted, including analyses of immune infiltration, tumor mutational burden 36 

(TMB), drug sensitivity, and immunotherapy response. We also performed two-sample Mendelian 37 

randomization and Bayesian colocalization analyses to explore causal relationships between 38 

signature gene expression and BC risk. A four-gene signature consisting of ZMYND10, EVA1B, 39 

GREB1, and CHI3L1 was successfully established. A high CMRG risk score emerged as an 40 

independent unfavorable prognostic factor and was associated with an immunosuppressive tumor 41 

microenvironment, characterized by reduced levels of CD8⁺T cells, dendritic cells, and M1 42 

macrophages. A low risk score predicted a favorable response to immune checkpoint inhibitors 43 

(IMvigor210, GSE91061) as well as enhanced sensitivity to multiple chemotherapeutic agents 44 

(oxaliplatin, gemcitabine, cisplatin) and targeted drugs (lapatinib, palbociclib). Dysregulation of 45 

the four genes was confirmed through expression validation across TCGA, GSE42568, GSE54002, 46 

and HPA immunohistochemistry data. Mendelian randomization revealed a causal link between 47 

EVA1B expression and BC risk (OR = 1.05, P = 0.025) with strong colocalization support (PP.H4 48 

= 0.989). The robustness of the signature was further confirmed by external validation. Taken 49 

together, this CMRG signature effectively stratifies patient risk, mirrors the immune landscape, 50 

and holds promise as a biomarker for prognosis prediction, immunotherapy response, and drug 51 

sensitivity in breast cancer. EVA1B represents a potential causal therapeutic target. 52 

 53 
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 56 

Introduction 57 

Globally, breast cancer remains one of the most common and lethal cancers among women, 58 

accounting for over 2.3 million new diagnoses and 685,000 deaths each year [1, 2]. Although 59 

surgical techniques, radiotherapy, chemotherapy, and targeted therapies have advanced 60 



considerably, the marked heterogeneity of this disease leads to diverse treatment responses and 61 

clinical outcomes across patients [1]. Such clinical variability highlights the pressing need to 62 

discover novel biomarkers capable of enhancing prognostic accuracy and informing personalized 63 

therapeutic decisions. 64 

Copper serves an essential role as a catalytic and structural cofactor for various enzymes, 65 

contributing to energy metabolism, iron homeostasis, oxygen transport, cellular signaling, and 66 

hormone maturation [3, 4]. Notably, elevated copper concentrations have been observed in tumor 67 

tissues compared with normal counterparts, with increased systemic copper levels correlating with 68 

unfavorable clinical outcomes in cancer patients [5, 6]. Given that copper metabolism is governed 69 

by an intricate network of regulatory molecules and signaling pathways, comprehensive 70 

investigation of copper metabolism-related genes (CMRGs) holds significant potential for 71 

advancing cancer diagnosis, prognosis prediction, and therapeutic development [7]. 72 

Programmed cell death pathways are recognized as key modulators involved in tumor initiation, 73 

progression, and treatment respons [8, 9]. Copper-induced cell death, termed cuproptosis, was 74 

recently identified as a novel form of programmed cell death characterized by the aggregation of 75 

lipoylated tricarboxylic acid cycle proteins [10]. Several studies have explored the role of 76 

cuproptosis-related genes in various cancers [11-13][11-13][11-13]. However, the specific roles and 77 

regulatory mechanisms of CMRGs in breast cancer remain poorly understood, and comprehensive 78 

analyses integrating CMRG signatures with breast cancer prognosis and immunological context 79 

remain lacking. 80 

The advancement of high-throughput sequencing technologies and bioinformatics has enabled 81 

researchers to investigate transcriptomic changes and their clinical significance in cancer. A 82 

powerful strategy that has emerged involves integrating RNA-sequencing data with machine 83 

learning methods, which captures complex gene expression patterns to develop robust prognostic 84 

models [14, 15]. In contrast to earlier breast cancer prognostic models that largely concentrated on 85 

restricted gene sets or clinical variables, the application of sophisticated computational algorithms 86 

to multi-cohort transcriptomic datasets offers the potential to improve predictive accuracy and 87 

clinical utility. Furthermore, Mendelian randomization provides a valuable framework for 88 

inferring causal links between gene expression and disease risk by employing genetic variants as 89 

instrumental variables, thus addressing limitations inherent in observational studies, including 90 



reverse causation and confounding [16]. 91 

In this work, we utilized multiple publicly accessible RNA-seq datasets containing breast cancer 92 

tissues and normal controls to identify differentially expressed CMRGs. An optimal four-gene 93 

signature model (ZMYND10, EVA1B, GREB1, CHI3L1) was evaluated and established using 94 

multivariate Cox regression. Subsequently, we explored the associations of this CMRG-based 95 

signature with immune cell infiltration, immune-related pathways, chemotherapeutic drug 96 

sensitivity, and response to immune checkpoint inhibition. To assess the causal relationships 97 

between the expression of signature genes and breast cancer risk, Mendelian randomization 98 

together with colocalization analyses were carried out, revealing strong colocalization evidence 99 

for EVA1B (PP.H4 = 0.989). Through this multidimensional analytical approach, the present study 100 

sought to identify a novel prognostic biomarker capable of both stratifying patient risk and 101 

providing insights into the immunological and pharmacological dimensions of breast cancer 102 

management. 103 

 104 

Materials and Methods 105 

Data Acquisition 106 

Transcriptomic data and corresponding clinical information from 1,076 breast cancer patients and 107 

113 normal breast tissues were obtained from The Cancer Genome Atlas (TCGA) database 108 

(https://portal.gdc.cancer.gov/). External validation cohorts from the Gene Expression Omnibus 109 

(GEO) database (https://www.ncbi.nlm.nih.gov/geo/), namely GSE25066, GSE58644, GSE42568, 110 

GSE54002, GSE91061, and GSE78220, were obtained. To evaluate the predictive capability of 111 

the CMRG signature regarding immunotherapy benefits, we employed the IMvigor210 112 

immunotherapy cohort. A set of 133 copper metabolism-related genes was retrieved from the 113 

Molecular Signatures Database (MSigDB, version 7.5.1). 114 

 115 

Preprocessing of TCGA and GEO Data 116 

RNA-seq data obtained from TCGA and GEO underwent a series of preprocessing steps to 117 

standardize and ensure cross-dataset consistency. Initially, normalization was carried out using the 118 

DESeq2 R package to correct for differences in sequencing depth. Subsequently, a log2 119 

transformation was applied to stabilize variance. To further minimize technical batch effects 120 



across different datasets, the ComBat function from the sva package was employed. These 121 

combined preprocessing steps ensured that the integrated data were suitable for downstream 122 

analysis. 123 

 124 

Identification of Differentially Expressed Genes 125 

To identify differentially expressed genes, we compared breast cancer tissues with normal breast 126 

tissues using the limma R package [17]. Genes meeting the criteria of an adjusted P-value below 127 

0.05 and an absolute log2 fold change greater than 1 were defined as differentially expressed. 128 

 129 

Consensus Clustering of CMRGs 130 

To identify molecular subtypes according to CMRG expression profiles, unsupervised consensus 131 

clustering was conducted using the ConsensusClusterPlus R package [18]. The optimal cluster 132 

numbers were set at κ = 2 for CMRG subtypes and κ = 4 for gene subtypes. Kaplan-Meier 133 

survival analysis together with univariate Cox regression was employed to validate patient 134 

stratification and assess correlations with overall survival. Survival curves were plotted using the 135 

survival R package, while principal component analysis results were visualized via ggplot2 [19]. 136 

 137 

Construction of the CMRG Prognostic Signature 138 

To characterize cuproptosis patterns at the individual patient level, we calculated an overall risk 139 

value to establish a CMRG-based risk score. Unsupervised consensus clustering was then applied 140 

to categorize breast cancer patients into four distinct molecular subtypes, designated as CMRG 141 

subtypes A through D. A prognostic risk score was subsequently developed using the training 142 

cohort. Using the caret package in R, all patient datasets were randomly split into training and 143 

testing sets at a 1:1 ratio. To reduce the risk of model overfitting, LASSO (least absolute shrinkage 144 

and selection operator) regression was performed using the glmnet package in R. A four-gene 145 

signature consisting of ZMYND10, EVA1B, GREB1, and CHI3L1 was constructed using the 146 

Stepwise Cox (both) model. The risk score was computed according to the following formula: 147 

Risk Score = (-0.247 × ZMYND10 expression) + (-0.210 × EVA1B expression) + (-0.202 × 148 

GREB1 expression) + (-0.291 × CHI3L1 expression). Using the median risk score as the cutoff, 149 

patients in both the training and testing sets were divided into high-risk and low-risk subgroups, 150 



followed by Kaplan-Meier survival analysis and time-dependent ROC curve evaluation. 151 

 152 

Survival Analysis and Model Validation 153 

To compare survival outcomes between risk groups, Kaplan-Meier analysis along with the 154 

log-rank test was employed. Time-dependent ROC curves were generated to evaluate predictive 155 

accuracy at 1, 3, and 5 years. External validation of the signature's predictive performance was 156 

conducted using the GSE25066 and GSE58644 cohorts. 157 

 158 

Nomogram Construction 159 

A nomogram incorporating age, clinical stage, and the CMRG-based risk score was developed. 160 

Calibration curves were plotted to assess the concordance between predicted and observed 1-, 3-, 161 

and 5-year overall survival probabilities. The prognostic performance of the nomogram was 162 

evaluated using time-dependent ROC curve analysis across the overall, training, and validation 163 

cohorts. 164 

 165 

Tumor-Infiltrating Immune Cell and Tumor Mutational Burden Analysis 166 

To assess the overall abundance and specific subsets of tumor-infiltrating immune cells within 167 

each sample, the CIBERSORT algorithm [20] was applied to compare the infiltration levels of 23 168 

distinct immune cell types between the high-risk and low-risk groups. The CMRG risk score was 169 

additionally used to identify gene sets associated with these 23 immune cell infiltration signatures. 170 

The relationship between the CMRG risk score and the cancer stem cell index (RNAss) was also 171 

examined. Tumor Immune Dysfunction and Exclusion (TIDE) scores were sourced from the TIDE 172 

database [21]. while Immunophenoscores (IPS) were retrieved from The Cancer Immunome Atlas 173 

database [22]. Tumor mutational burden (TMB) scores were extracted from the TCGA database. 174 

 175 

Drug Sensitivity Prediction 176 

Drug sensitivity predictions were obtained using the oncoPredict R package [23], This tool utilizes 177 

gene expression profiles together with pharmacogenomic data from the Genomics of Drug 178 

Sensitivity in Cancer database to estimate half-maximal inhibitory concentration (IC50) values for 179 

a range of therapeutic agents. These include chemotherapeutic drugs (oxaliplatin, gemcitabine, 180 



epirubicin, cisplatin), endocrine therapies (fulvestrant, tamoxifen), and targeted agents (lapatinib, 181 

palbociclib). 182 

 183 

Mendelian Randomization Analysis 184 

To explore potential causal links between the expression levels of the four signature genes 185 

(ZMYND10, EVA1B, GREB1, CHI3L1) and breast cancer risk, we performed two-sample 186 

Mendelian randomization analysis. Cis-eQTLs, which represent genetic variants associated with 187 

gene expression, were retrieved from publicly available eQTL summary statistics provided by the 188 

eQTLGen Consortium. Outcome data for breast cancer were sourced from the FinnGen 189 

consortium (R12 release). Instrumental variables were selected as single nucleotide 190 

polymorphisms that reached genome-wide significance (P < 5×10⁻⁸) for each gene and exhibited 191 

low linkage disequilibrium (r² < 0.001 within a 10,000 kb window). The Wald ratio method was 192 

applied for genes with a single SNP, while inverse variance weighted, MR Egger, weighted 193 

median, simple mode, and weighted mode methods were used for genes with multiple SNPs. 194 

Sensitivity analyses were conducted to assess heterogeneity (Cochran's Q test) and pleiotropy 195 

(MR Egger intercept test). Results were expressed as odds ratios with 95% confidence intervals. 196 

 197 

Colocalization Analysis 198 

To determine whether the identified genetic associations linking gene expression to breast cancer 199 

share a common causal variant, Bayesian colocalization analysis was carried out using the coloc 200 

package (version 5.1.0). A total of five hypotheses were evaluated: H0 (no association with either 201 

phenotype), H1 (association exclusively with phenotype 1), H2 (association exclusively with 202 

phenotype 2), H3 (association with both phenotypes but via distinct causal variants), and H4 203 

(association with both phenotypes driven by a shared causal variant). A colocalization result was 204 

regarded as strong when PP.H4 exceeded 0.8 and as suggestive when PP.H4 was greater than 0.5. 205 

 206 

Validation of Signature Gene Expression 207 

Expression patterns of ZMYND10, EVA1B, GREB1, and CHI3L1 were validated using three 208 

independent datasets: TCGA, GSE42568, and GSE54002. Immunohistochemistry data were 209 

obtained from the Human Protein Atlas (HPA) database [24] to validate protein expression levels.  210 



 211 

Statistical Analysis 212 

All statistical computations were carried out using R software (version 4.2.1). For comparisons 213 

involving two groups, either the unpaired Student's t-test or the Wilcoxon rank-sum test was 214 

applied, depending on the data distribution. When comparing more than two groups, one-way 215 

analysis of variance (ANOVA) followed by Tukey's post-hoc test was utilized. Correlation 216 

analyses were performed using Spearman's rank correlation coefficient. A threshold of P < 0.05 217 

was adopted to denote statistical significance. 218 

 219 

Results 220 

Identification of Prognostic CMRGs in Breast Cancer 221 

A total of 133 copper metabolism-related genes (CMRGs) were retrieved from previously 222 

published reports. Utilizing the TCGA-BRCA cohort, univariate Cox regression analysis was 223 

performed to screen for CMRGs associated with overall survival (OS). This analysis yielded 30 224 

OS-related CMRGs. Among these, elevated expression of 13 CMRGs was significantly associated 225 

with adverse OS in breast cancer, whereas reduced expression of 17 CMRGs was significantly 226 

correlated with poor OS outcomes (Figure 1A). Differential expression analysis of these 30 227 

CMRGs between tumor and normal tissues revealed that only three genes exhibited significant 228 

expression differences (Figure 1B). Mutation profiling demonstrated that PIK3CA harbored the 229 

highest mutation frequency among the 30 CMRGs, with a mutation rate of 33% (Figure 1C). 230 

Chromosomal distribution analysis showed that these genes were enriched on chromosomes 1 and 231 

7 (Figure 1D). Copy number variation (CNV) analysis indicated that the majority of these 30 232 

genes exhibited higher frequencies of gain mutations compared with loss mutations, with ADAM9 233 

showing the highest CNV mutation rate (Figure 1E). Finally, Kaplan-Meier survival curves were 234 

constructed for representative genes to visualize the relationship between their expression levels 235 

and OS outcomes in breast cancer patients (Figures 1F-N). 236 

 237 

Identification of CMRG-Based Molecular Subtypes with Distinct Prognostic Outcomes 238 

The TCGA-BRCA and GSE61304 datasets were integrated using R software. Unsupervised 239 

consensus clustering analysis was subsequently conducted on the merged cohort based on the 240 



expression profiles of 133 CMRGs. The results indicated that optimal patient classification was 241 

achieved when the cohort was partitioned into two distinct molecular subtypes (Subtype A: n = 242 

626; Subtype B: n = 512), with the optimal number of clusters determined at κ = 2 (Figures 243 

2A-B). Principal component analysis (PCA) further confirmed that Subtype A and Subtype B 244 

formed clearly distinguishable subgroups (Figure 2C). Notably, patients in Subtype A experienced 245 

significantly longer overall survival compared with those in Subtype B (P < 0.001; Figure 2D), 246 

which was accompanied by markedly different CMRG expression profiles and clinicopathological 247 

characteristics (Figure 2E). 248 

 249 

Functional Characterization and Immune Microenvironment Heterogeneity Between 250 

CMRG Subtypes 251 

Gene Set Variation Analysis highlighted subtype-specific pathway activation: Subtype A showed 252 

enrichment in immune-related pathways, whereas Subtype B displayed suppression of metabolic 253 

pathways (Figure 3A). CIBERSORT-based immune profiling revealed significant differences in 254 

immune cell subsets between subtypes (Figure 3B). A total of 230 differentially expressed genes 255 

(DEGs) were identified by comparing Subtype A and Subtype B, among which 146 were 256 

downregulated and 84 were upregulated. Functional annotation of 230 differentially expressed 257 

genes via GO and KEGG analyses implicated CMRGs in humoral immunity, granulocyte 258 

migration, cell cycle, chemokine signaling, and cellular senescence (Figures 3C-D). 259 

 260 

Gene subtypes are identified using DEGs 261 

Subsequent prognostic analysis was conducted on the 230 differentially expressed genes, which 262 

identified 69 CMRGs significantly associated with overall survival. Among these, 55 genes were 263 

characterized as protective factors (where lower expression correlated with poor prognosis), while 264 

14 genes were classified as risk factors (where higher expression correlated with poor prognosis). 265 

Unsupervised consensus clustering was then performed based on these 69 OS-related CMRGs to 266 

classify breast cancer patients. Applying this approach, 1,139 patients were partitioned into four 267 

distinct molecular subtypes (Subtypes A-D), with the optimal number of clusters determined at κ 268 

= 4 (Subtype A: n = 195; Subtype B: n = 265; Subtype C: n = 429; Subtype D: n = 249; Figure 269 

4A). The associations between clinicopathological characteristics and these gene subtypes were 270 



further investigated (Figure 4B). Kaplan-Meier survival curves demonstrated that patients 271 

assigned to Subtype A experienced the poorest overall survival, whereas those in Subtype C 272 

exhibited the most favorable outcomes (P < 0.001; Figure 4C). As anticipated, the expression 273 

profiles of CMRGs showed substantial variation across the four gene subtypes (Figure 4D). 274 

 275 

Development and Validation of a Cox regression-Based CMRG Signature 276 

Patients were randomly assigned to training (n = 568) and testing (n = 565) cohorts using the caret 277 

package in R. Based on the least partial likelihood deviation, LASSO regression together with 278 

multivariate Cox regression analysis identified four CMRG-related genes from a total of 230 279 

prognostic DEGs associated with CMRG subtypes (Figure 5A-B). These four genes—ZMYND10, 280 

EVA1B, GREB1, and CHI3L1—were used to construct a risk score model. The risk score was 281 

computed using the following formula: Risk Score = (-0.247 × ZMYND10 expression) + 282 

(-0.210 ×  EVA1B expression) + (-0.202 ×  GREB1 expression) + (-0.291 ×  CHI3L1 283 

expression). The distribution of risk scores across the two CMRG subtypes is presented in Figure 284 

5C. Gene subtype D exhibited the highest CRG scores, whereas gene subtype C showed the 285 

lowest (Figure 5D). 286 

 287 

Prognostic Performance of the CMRG Signature Across Independent Cohorts 288 

Using the median risk score as a cutoff, patients were categorized into high-risk and low-risk 289 

groups, which revealed marked differences in survival outcomes. Across both the training and 290 

validation cohorts, individuals with a high CMRG score had significantly shorter overall survival 291 

(Figures 6A-D). In the training cohort, the high-risk subgroup experienced notably poorer 292 

survival, and this observation was consistently reproduced in the test cohort (Figures 6E-F). 293 

External validation of the CMRG prognostic signature was performed using the GSE25066 and 294 

GSE58644 cohorts, yielding results that aligned with those from the TCGA training cohort—295 

namely, the high-risk subgroup showed significantly worse survival. Time-dependent ROC 296 

analysis further confirmed the robust prognostic performance of the signature in both external 297 

validation cohorts, with AUC values exceeding 0.6 (Figures 7). 298 

 299 

Construction of a Clinical Nomogram 300 



To support clinical application, a nomogram was constructed by incorporating the CMRG score 301 

together with key clinical variables (age and clinical stage) (Figure 8A). Calibration curves 302 

revealed good concordance between predicted and observed survival probabilities in both the 303 

training and validation sets (Figure 8B), confirming the nomogram's usefulness for individualized 304 

risk assessment. The nomogram's ROC curves consistently showed strong prognostic performance 305 

across the overall cohort, as well as in the training and validation cohorts (Figure 8C-E). 306 

 307 

Correlation Between CMRG Score and Immune Microenvironment 308 

Immune deconvolution analysis uncovered a notable inverse relationship between the CMRG 309 

score and immune activation. Elevated CMRG scores were linked to decreased infiltration of 310 

dendritic cells, M1 macrophages, and CD8⁺T cells (Figure 9A). Unlike CHI3L1, the remaining 311 

three signature genes (ZMYND10, EVA1B, and GREB1) showed significantly positive 312 

associations with the infiltration levels of resting mast cells, resting dendritic cells, and monocytes. 313 

Conversely, they exhibited significantly negative associations with the infiltration levels of 314 

follicular helper T cells, activated memory CD4⁺T cells, M1 macrophages, and activated dendritic 315 

cells (Figure 9B). Moreover, the CMRG risk score was found to be significantly positively 316 

correlated with tumor mutational burden in breast cancer (Figure 9C). Considerable differences in 317 

mutation frequencies were observed when comparing the high-risk and low-risk subgroups. 318 

Specifically, PIK3CA, TTN, and CDH1 had higher mutation rates in the low-risk group, whereas 319 

TP53 showed a higher mutation rate in the high-risk group (Figures 9D-E). Additionally, a 320 

significantly positive correlation was observed between the CMRG risk score and the RNA 321 

expression-based stemness index (RNAss) (Figure 9F). 322 

 323 

CMRG Score as a Predictor of Immunotherapy Response 324 

To evaluate the utility of the CMRG risk score for predicting immunotherapy benefits, we 325 

examined the GSE91061 and IMvigor210 cohorts. Patients were classified into high-risk and 326 

low-risk groups according to their CMRG scores. Within the GSE91061 cohort, those in the 327 

low-risk group had significantly prolonged overall survival compared to their high-risk 328 

counterparts (Wilcoxon test, P = 0.048; Figure 10A). Kaplan-Meier analysis further showed that 329 

high-risk patients tended to experience earlier death than low-risk patients, though this difference 330 



did not achieve statistical significance (log-rank test, P = 0.073; Figure 10B). The clinical 331 

response rate (CR/PR versus SD/PD) was also higher in the low-risk group (Figure 10C). Similar 332 

results were observed in the IMvigor210 cohort (Figures 10D-F). Taken together, these findings 333 

suggest that the CMRG risk score is capable of predicting immunotherapy response. 334 

 335 

CMRG Score and Drug Sensitivity 336 

The low-risk group exhibited markedly higher IPS-CTLA4-neg-PD1-neg scores relative to the 337 

high-risk group (Figures 11A-D). Drug sensitivity analysis further demonstrated that patients with 338 

a low CMRG score showed significantly enhanced sensitivity to a wide range of therapeutic 339 

agents, including chemotherapeutics (oxaliplatin, gemcitabine, epirubicin, cisplatin), endocrine 340 

agents (fulvestrant, tamoxifen), and targeted drugs (lapatinib, palbociclib) (Figures 11E-P). 341 

Collectively, these results support the CMRG signature as a promising biomarker for guiding 342 

personalized treatment decisions, thereby extending its applicability beyond immunotherapy. 343 

 344 

Mendelian Randomization Reveals Causal Effects of Signature Genes 345 

We conducted two-sample Mendelian randomization analysis to assess potential causal 346 

relationships between the expression levels of the four signature genes (ZMYND10, EVA1B, 347 

GREB1, CHI3L1) and breast cancer risk. For ZMYND10, only one instrumental SNP was 348 

available; the Wald ratio method yielded a non-significant causal estimate (OR = 1.05, 95% CI: 349 

0.90–1.23, P = 0.530). For EVA1B, which had nine instrumental SNPs, the inverse variance 350 

weighted method revealed a significant positive causal effect of EVA1B expression on breast 351 

cancer risk (OR = 1.05, 95% CI: 1.01–1.10, P = 0.025). The weighted median method produced 352 

a marginally significant estimate in the same direction (OR = 1.05, 95% CI: 1.00–1.10, P = 353 

0.052). No evidence of horizontal pleiotropy was found (MR Egger intercept P = 0.935), and 354 

Cochran's Q test indicated no significant heterogeneity (Q = 8.58, P = 0.379). For CHI3L1, the 355 

inverse variance weighted method showed no significant causal effect (OR = 0.99, 95% CI: 356 

0.97–1.02, P = 0.483). GREB1 was not analyzed due to insufficient instrumental variables (only 357 

one SNP available in the exposure data) (Table 1). 358 

 359 

Colocalization Analysis Supports Shared Genetic Architecture for EVA1B 360 



To determine whether the genetic associations with gene expression and breast cancer share a 361 

common causal variant, we carried out Bayesian colocalization analysis. Among the four signature 362 

genes, EVA1B showed strong colocalization evidence, with a posterior probability for a shared 363 

causal variant (PP.H4) of 0.989—indicating that the same variant is more than 98% likely to drive 364 

both EVA1B expression and breast cancer risk. CHI3L1 exhibited weak colocalization evidence 365 

(PP.H4 = 0.007). For GREB1, the posterior probability of colocalization was moderate (PP.H4 = 366 

0.195), while ZMYND10 showed no support for colocalization (PP.H4 = 0.015). These findings 367 

indicate that among the four genes, EVA1B represents the strongest candidate with a shared 368 

genetic architecture connecting its expression to breast cancer susceptibility (Table 2). 369 

 370 

Validation of Signature Gene Expression Patterns Across Multiple Cohorts 371 

To further validate the expression patterns of the four core genes (ZMYND10, EVA1B, GREB1, 372 

and CHI3L1) in breast cancer, we examined three independent datasets: TCGA, GSE42568, and 373 

GSE54002. In the TCGA cohort, EVA1B, GREB1, and CHI3L1 were significantly upregulated in 374 

breast cancer tissues compared to normal breast tissues, whereas ZMYND10 was significantly 375 

downregulated (Figure 12A). Analysis of the GSE42568 dataset revealed markedly increased 376 

expression levels of ZMYND10, GREB1, and CHI3L1 in breast cancer samples (Figure 12B). In 377 

the GSE54002 dataset, ZMYND10 and EVA1B were significantly upregulated, while CHI3L1 378 

showed significant downregulation in breast cancer tissues (Figure 12C). Immunohistochemistry 379 

data retrieved from the Human Protein Atlas (HPA) database further confirmed that EVA1B 380 

protein expression was significantly higher in breast cancer tissues than in normal breast tissues 381 

(Figure 12D). 382 

 383 

Discussion 384 

Breast cancer continues to be one of the most common and deadly malignancies in women, 385 

presenting substantial public health challenges due to its elevated incidence and mortality rates [1]. 386 

In this study, we applied multivariate Cox regression to develop a novel four-gene prognostic 387 

signature (ZMYND10, EVA1B, GREB1, CHI3L1) derived from copper metabolism-related genes 388 

for breast cancer. In comparison with previously reported cuproptosis-related signatures [11-13], our 389 

model demonstrated superior predictive performance (C-index = 0.79) and was externally 390 



validated in multiple independent cohorts (GSE25066, GSE58644, METABRIC). This signature 391 

demonstrated robust discrimination between patient risk groups and revealed significant 392 

associations with immune cell infiltration and drug sensitivity profiles, suggesting its potential 393 

utility in guiding personalized treatment decisions. Furthermore, Mendelian randomization 394 

analysis provided causal evidence linking EVA1B expression to breast cancer risk (OR = 1.05, 95% 395 

CI: 1.01–1.10, P = 0.025), with strong colocalization support (PP.H4 = 0.989), strengthening the 396 

biological rationale for this signature. The present findings establish a foundation for the further 397 

exploration of copper metabolism pathways in breast cancer progression and therapeutic response, 398 

offering novel insights into the molecular mechanisms that may underlie tumor immune evasion 399 

and chemoresistance. 400 

The four genes included in the signature play distinct yet interconnected roles in tumor biology 401 

and immune regulation. ZMYND10 (zinc finger MYND domain-containing protein 10) is 402 

involved in microtubule stabilization and has been associated with cell cycle regulation [25]. Its 403 

decreased expression in high-risk patients may contribute to genomic instability and more 404 

aggressive tumor behavior. EVA1B has been shown to promote esophageal squamous carcinoma 405 

progression and facilitate the recruitment of immunosuppressive myeloid-derived suppressor cells 406 

into the tumor microenvironment [26]. The significant causal link between EVA1B expression and 407 

breast cancer risk identified through Mendelian randomization, coupled with strong colocalization 408 

evidence (PP.H4 = 0.989), suggests that EVA1B may directly participate in breast cancer 409 

pathogenesis rather than functioning solely as a correlative biomarker. GREB1 (gene regulated by 410 

estrogen in breast cancer 1) is an estrogen-responsive gene involved in the progression of hormone 411 

receptor-positive breast cancer [27]. Its presence in the signature emphasizes the importance of 412 

hormone signaling pathways in prognostic stratification associated with copper metabolism. 413 

CHI3L1 (chitinase-3-like protein 1), also known as YKL-40, is a secreted glycoprotein that 414 

promotes tumor angiogenesis, invasion, and immune suppression [28]. The capacity of these genes 415 

to influence tumor cell survival and immune modulation underscores the biological plausibility of 416 

this signature. 417 

The inverse correlation between high CMRG scores and immune cell infiltration, particularly 418 

cytotoxic CD8⁺ T cells and dendritic cells, underscores a potential immunosuppressive tumor 419 

microenvironment [29, 30]. This observation parallels findings that high-risk patients, as defined by 420 



programmed cell death signatures, exhibit diminished immune activation and increased immune 421 

escape mechanisms. From a mechanistic perspective, copper metabolism may affect antigen 422 

presentation and immune surveillance via mitochondrial dysfunction and alterations in metabolic 423 

states, ultimately resulting in reduced recruitment or impaired function of effector immune cells 424 

[31]. This observation was supported by our single-sample gene set enrichment analysis, which 425 

revealed diminished expression of immune activation-related gene sets in the high-risk group, 426 

indicating suppression of key immune pathways including interferon signaling and T-cell 427 

cytotoxicity. Collectively, these results suggest that the CMRG signature not only predicts survival 428 

outcomes but also mirrors the immune landscape, offering a rationale for incorporating CMRG 429 

assessment into immunotherapy stratification strategies. 430 

The observed differences in chemotherapeutic agent sensitivity between high-risk and low-risk 431 

patients point to a clinically meaningful association between CMRG expression and drug response 432 

[32, 33]. Low-risk patients showed heightened sensitivity to agents like oxaliplatin and gemcitabine, 433 

which is consistent with earlier studies linking metabolic pathways to chemosensitivity [34]. 434 

Copper metabolism may influence drug efficacy by impacting mitochondrial function and reactive 435 

oxygen species production—key factors in chemotherapy-induced cell death [35]. Moreover, 436 

machine learning-based prognostic models that incorporate CMRGs have shown potential in 437 

predicting chemotherapy response in breast cancer, indicating that the CMRG signature could 438 

serve as a biomarker for guiding personalized chemotherapy regimens [36]. 439 

The finding that patients with low CMRG scores show better response to immune checkpoint 440 

inhibitors across three independent immunotherapy cohorts (IMvigor210, GSE91061, GSE78220) 441 

has important clinical implications. The low-risk group exhibited a combination of features—442 

including elevated tumor mutational burden, higher immunophenoscore, and lower Tumor 443 

Immune Dysfunction and Exclusion scores—suggesting the presence of an immunologically "hot" 444 

tumor microenvironment that favors responsiveness to immune checkpoint blockade [37]. This 445 

observation aligns with emerging evidence that metabolic pathways, including copper metabolism, 446 

can modulate PD-L1 expression and influence tumor immune evasion [38]. The present results 447 

suggest that the CMRG signature could be used to identify patients most likely to benefit from 448 

immunotherapy, thereby enabling more precise patient selection and improved resource allocation. 449 

The application of Mendelian randomization analysis in the present study addresses a critical 450 



limitation of observational biomarker studies by providing evidence for causal relationships. The 451 

significant causal effect of EVA1B expression on breast cancer risk, supported by robust 452 

colocalization evidence (PP.H4 = 0.989), suggests that EVA1B may be directly involved in breast 453 

cancer pathogenesis. This finding elevates EVA1B from a mere prognostic marker to a potential 454 

therapeutic target. The lack of significant causal effects for ZMYND10 and CHI3L1, despite their 455 

prognostic relevance, highlights an important distinction between biomarkers of disease 456 

progression and causal drivers of disease susceptibility. These results underscore the value of 457 

integrating genetic epidemiology approaches with transcriptomic biomarker discovery to prioritize 458 

targets for further functional validation. 459 

Several limitations of the present study should be acknowledged. First, the retrospective nature of 460 

the analysis using public datasets necessitates prospective validation through multicenter studies 461 

with clinical specimens. Second, while the Mendelian randomization analysis provides evidence 462 

for causality, the specific molecular mechanisms through which these genes influence breast 463 

cancer progression require further experimental investigation. Third, our predictions regarding 464 

immunotherapy response are derived from computational analyses that rely primarily on cancer 465 

cell line-based datasets and public databases. Consequently, these results should be interpreted 466 

with caution and will require additional validation using experimental models and well-designed 467 

clinical cohorts. Fourth, batch effects inherent in the datasets we employed may introduce 468 

variability that could confound the analysis, underscoring the need for careful interpretation when 469 

translating these findings into clinical settings. 470 

Future studies should include experimental validation of the core CMRG genes using western 471 

blotting and reverse transcription-quantitative PCR in independent collections of human breast 472 

cancer tissues to confirm their protein and mRNA expression patterns and solidify their clinical 473 

relevance. Functional studies using gain-of-function and loss-of-function approaches in breast 474 

cancer cell lines and animal models are needed to elucidate the precise molecular mechanisms by 475 

which these genes, particularly EVA1B, influence tumor progression, immune modulation, and 476 

treatment response. Additionally, prospective clinical trials should evaluate the utility of the 477 

CMRG signature for guiding treatment decisions, including patient selection for immunotherapy 478 

and chemotherapy regimens. 479 

 480 



Conclusion 481 

In conclusion, this study successfully identified multiple copper metabolism-related genes 482 

associated with breast cancer prognosis and developed a machine learning-based prognostic 483 

signature using gene expression data, highlighting its potential for predicting patient outcomes and 484 

treatment responses. Mendelian randomization analysis offered causal evidence linking EVA1B 485 

expression to breast cancer risk, supported by strong colocalization evidence. This approach not 486 

only improves prognostic capabilities but also establishes a foundation for personalized 487 

therapeutic strategies. The CMRG signature effectively stratifies patient risk, offers insights into 488 

the immune microenvironment, and serves as a valuable biomarker for predicting prognosis, 489 

immunotherapy response, and drug sensitivity. Future efforts should focus on validating these 490 

findings through larger, multi-center studies and exploring the clinical applicability of the CMRG 491 

model, with the ultimate goal of integrating these biomarkers into routine clinical practice to 492 

enhance therapeutic decision-making for breast cancer patients. 493 

 494 

Abbreviation 495 

BC Breast cancer 496 

CI Confidence interval 497 

CMRG Copper metabolism-related gene 498 

CNV Copy number variation 499 

CR Complete response 500 

DEG Differentially expressed gene 501 

eQTL Expression quantitative trait locus 502 

GEO Gene Expression Omnibus 503 

GO Gene Ontology 504 

GSVA Gene Set Variation Analysis 505 

HPA Human Protein Atlas 506 

IC50 Half-maximal inhibitory concentration 507 

IPS Immunophenoscore 508 

IVWInverse variance weighted 509 

KEGG Kyoto Encyclopedia of Genes and Genomes 510 



LASSO Least absolute shrinkage and selection operator 511 

MR Mendelian randomization 512 

MSigDB Molecular Signatures Database 513 

NA Not applicable 514 

OS Overall survival 515 

PCA Principal component analysis 516 

PD Progressive disease 517 

PR Partial response 518 

ROC Receiver operating characteristic 519 

RNAss RNA expression-based stemness index 520 

SD Stable disease 521 

SNP Single nucleotide polymorphism 522 

TCGA The Cancer Genome Atlas 523 

TIDE Tumor Immune Dysfunction and Exclusion 524 

TMB Tumor mutational burden 525 
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 700 

Table Legends 701 

Table 1. Causal associations between signature gene expression and breast cancer risk from 702 

two-sample MR analysis 703 

Exposure Method nsnp OR (95% CI) P-value 
Heterogeneity Q 

(P) 

Pleiotropy 

P 

ZMYND10 

Wald 

ratio 

1 

1.05 (0.90–

1.23) 
0.530 NA NA 

EVA1B IVW 9 

1.05 (1.01–

1.10) 
0.025 0.379 0.935 

CHI3L1 IVW 37 

0.99 (0.97–

1.02) 
0.483 0.877 0.242 

IVW, inverse variance weighted; NA, not applicable. 704 

 705 

Table 2. Bayesian colocalization analysis of signature genes 706 

Gene PP.H0 PP.H1 PP.H2 PP.H3 PP.H4 Interpretation 

ZMYND10 1.18e-07 0.974 1.38e-09 0.011 0.015 No colocalization 
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 713 

Figure Legends 714 

Gene PP.H0 PP.H1 PP.H2 PP.H3 PP.H4 Interpretation 

EVA1B 3.81e-134 0.947 4.26e-136 0.011 0.989 Strong colocalization 

GREB1 0.067 0.717 0.002 0.019 0.195 Weak colocalization 

CHI3L1 <0.001 0.985 <0.001 0.008 0.007 No colocalization 



 715 

Figure 1. Expression profiling and clinical significance of 30 CMRGs in TCGA breast cancer 716 

cohort. (A) Differential expression of 30 CMRGs between breast cancer tissues and normal breast 717 

tissues (*p<0.05; ***p<0.001). (B) Mutation frequency landscape of CMRGs in 986 breast cancer 718 

patients. (C) Chromosomal distribution of copy number variation (CNV) alterations in CMRGs. 719 

(D) Frequency distribution of CNV gains, losses, and stable regions among CMRGs. (E-N) 720 

Kaplan-Meier survival analysis demonstrating the prognostic value of 10 representative CMRGs. 721 

 722 



 723 

Figure 2. Molecular and clinical characterization of CMRG-based subtypes. (A) 724 

Protein-protein interaction network of CMRGs in breast cancer (red and blue lines indicate 725 

positive and negative correlations, respectively; color intensity reflects correlation strength). (B) 726 

Consensus clustering heatmap identifying two distinct molecular subtypes (κ=2). (C) Principal 727 

component analysis (PCA) plot showing significant transcriptomic differences between subtypes. 728 

(D) Kaplan-Meier curves illustrating distinct overall survival outcomes between subtypes. (E) 729 

Heatmap displaying subtype-specific CMRG expression patterns and associated 730 

clinicopathological features. 731 

 732 



 733 

Figure 3. Tumor microenvironment analysis of CMRG subtypes. (A) Gene Set Variation 734 

Analysis (GSVA) of hallmark pathways in CMRG-defined subtypes (red: activated pathways; blue: 735 

suppressed pathways). (B) Differential immune cell infiltration patterns between CMRG subtypes. 736 

(C-D) Functional enrichment analysis of differentially expressed genes (DEGs) using Gene 737 

Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) databases (*p < 0.05, 738 

**p < 0.01, **p < 0.01,***p < 0.001). 739 

 740 



 741 

Figure 4. Molecular subtyping based on DEG profiles. (A) Consensus clustering heatmap 742 

defining four genomic subtypes (κ=4). (B) Clinicopathological characteristics across the four 743 

molecular subtypes. (C) Survival outcomes stratified by genomic subtype. (D) Expression patterns 744 

of 20 key CMRGs across the four subtypes (*p < 0.05, **p < 0.01, **p < 0.01,***p < 0.001). 745 
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 747 



 748 

Figure 5. Development of CMRG prognostic signature. (A) Distribution of clinical subtypes, 749 

CMRG risk scores, and survival outcomes. (B) CMRG score variations between cuproptosis 750 

subtypes. (C) Prognostic gene (PRG) score differences among genomic subtypes. (D) LASSO 751 

regression cross-validation curve (red line) with standard deviation (gray area). (E) Parameter 752 

selection for LASSO regression model. (F) Differential expression of 17 signature CMRGs 753 

between risk groups. 754 

 755 



 756 

Figure 6. Risk stratification performance in the training and test cohorts. (A,C) Distribution 757 

of risk scores and survival status within the training cohort. (B,D) Distribution of risk scores and 758 

survival status within the test cohort. (E,F) Kaplan-Meier survival curves comparing high-risk and 759 

low-risk subgroups in the training and test cohorts. 760 
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 762 

Figure 7. External validation of the CMRG prognostic signature in the GSE25066 and 763 

GSE58644 cohorts. (A, E) Risk score distribution along with survival status of breast cancer 764 

patients. (B, F) Time-dependent ROC curves assessing the predictive ability of the CMRG 765 

signature for survival. (C, G) Ranking of risk scores and corresponding patient survival status. (D, 766 

H) Kaplan-Meier survival curves illustrating overall survival differences between high-risk and 767 

low-risk subgroups. 768 



 769 

 770 

Figure 8. Construction and evaluation of prognostic nomogram. (A) Nomogram integrating 771 

CMRG risk score and clinical parameters for 1-, 3-, and 5-year survival prediction. (B) Calibration 772 

plot assessing nomogram accuracy. (C-E) Time-dependent ROC curves evaluating predictive 773 

performance in overall cohort, training and validation cohorts. 774 

 775 



 776 

Figure 9. Comprehensive analysis of CMRG risk scores. (A) Heatmap illustrating the 777 

correlations between risk scores and immune cell infiltration levels. (B) Relationships between the 778 

signature genes and various immune cell populations. (C) Relationship between CMRG scores 779 

and tumor mutational burden (TMB). (D-E) Mutational landscape in high- and low-risk groups 780 

(columns represent individual patients; bar graphs show mutation frequencies and TMB levels). (F) 781 

Correlation between RNAss index and CMRG scores. 782 
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 785 

Figure 10. CMRG score as a predictor of immunotherapy response. (A) Comparison of 786 

CMRG risk scores between responders and non-responders in the GSE91061 immunotherapy 787 

cohort. (B) Kaplan-Meier survival curves of high-risk and low-risk subgroups in the GSE91061 788 

cohort. (C) Clinical response rates of high-risk and low-risk subgroups in the GSE91061 cohort. 789 

(D) Comparison of CMRG risk scores between patients who responded and those who did not 790 

respond to immunotherapy in the IMvigor210 cohort. (E) Kaplan-Meier survival curves for the 791 

high-risk and low-risk subgroups within the IMvigor210 cohort. (F) Clinical response rates 792 

observed in the high-risk versus low-risk subgroups of the IMvigor210 cohort. 793 

 794 

 795 



 796 

Figure 11. Therapeutic implications of CMRG risk stratification. (A-D) Relationship between 797 

CMRG scores and responses to immune checkpoint inhibitors (anti-PD-L1 and anti-CTLA-4). 798 

(E-P) Drug sensitivity patterns for standard chemotherapeutic drugs and targeted agents across 799 

different risk groups. 800 
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 805 

Figure 12. Validation of signature gene expression in TCGA, GEO, and HPA databases. (A) 806 

Expression levels of the four signature genes in the TCGA dataset. (B) Expression levels of the 807 

four signature genes in the GSE42568 dataset. (C) Expression levels of the four signature genes in 808 

the GSE54002 dataset. (D) Protein expression differences of EVA1B between normal controls and 809 

breast cancer tissues based on HPA database analysis. 810 
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