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Introduction. Breast cancer (BC) is one of the most commonly diagnosed aggressive 

malignancies among women, and it is also the second leading cause of cancer-related deaths 

in women. BC is a significant global health issue that remains challenging to address, and 

there is still a considerable unmet medical need. Early diagnosis and timely monitoring are 

critical for improving the prognosis of BC and addressing this pressing public health concern. 

Methods. Univariate Cox regression analysis was performed on 59 polyamine 

metabolism-related genes(PMRGs), and prognostic PMRGs were selected for further analysis. 

TCGA-BC patients were divided into different subtypes based on prognostic related PMRGs, 

and the differences in cell infiltration, clinical features, survival and functional enrichment of 

different subtypes were analyzed. Patients' transcriptomic data were extracted from 

TCGA-BC to compare the differentially expressed genes (DEGs) between cancer and 

paracancer, and then intermingled with prognostic related PMRGs to obtain significantly 

different prognostic related PMRGs, and the final biomarker was obtained after LASSO 
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learning. The risk model of BC was constructed and verified. GSEA and GSVA enrichment 

analyses were performed for biomarkers in the high-low risk group using the “clusterProfiler” 

package. Genetic variation and CNV variation frequency were analyzed in different risk 

groups. Subsequently, we conducted predictions on the immune microenvironment and 

immunotherapy in both the high and low-risk groups. We analyzed the differential expression 

of immune checkpoints and utilized the CTD database to predict potential drugs specifically 

targeting BC. Finally, we constructed a nomogram and evaluated its diagnostic efficacy for 

BC.The expression of biomarkers was verified by RT-qPCR. 

Results. First, 14 prognostic related PMRGS were obtained and PPI network was constructed. 

The expression profile of TCGA-BC was divided into C1 and C2 subtypes by unsupervised 

clustering method. Combined with clinical information, the analysis found significant 

survival differences between the two subtypes. The distribution of T cells CD8, T cells 

regulatory Tregs, T cells gamma delta, Monocytes, Macrophages M1 and Mast cells resting 

were different in two clusters. The intersection of 14 prognostic related PMRGs and DEGs 

was used to obtain 10 related genes, and finally 5 biomarkers were obtained that could be 

used as prognostic related biomarkers of BC by machine learning, namely PSMD10, PSMD14, 

PSMD2, PSME1 and PSME2. It was also found that the high risk group had significantly 

shorter OS than the low risk group. It was found from the risk curve that the mortality rate of 

the high-risk group was higher. GSEA and GSVA enrichment results showed that genes in 

different risk groups were enriched in different signaling pathways. TMB analysis showed 

that there were differences in the TOP10 genes with high mutation frequency in different risk 
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group. TNFSF15 and TNFSF4 did not exhibit significant differences. However, significant 

variations were observed in the expression levels of the other genes in different risk group. In 

addition, a total of 252 drug molecules were predicted based on the 5 biomarkers. It was 

found that the risk score was an independent prognostic factor for BC patients and risk model 

in constructed nomogram had high accuracy for BC.Finally, RT-qPCR results showed that 

these 5 biomarkers were highly expressed in BC tissues. 

Conclusion. We found five biomarkers in BC, namely PSMD10, PSMD14, PSMD2, PSME1, 

and PSME2.The constructed risk score model had a high accuracy in the prognosis 

assessment of BC, indicating that these 5 biomarker genes were crucial for the clinical 

diagnosis of BC. 

Keyword. Breast cancer, biomarker, immune microenvironment, therapeutic target. 

 

1. INTRODUCTION 

Breast cancer (BC) is a prevalent form of cancer among women, constituting 

approximately 7-10% of all malignancies[1]. It is frequently associated with genetic 

factors and has a higher incidence rate in women aged between 40 and 60 years, as 

well as during the pre- and post-menopausal stages. BC primarily develops in the 

glandular epithelial tissue of the breast. Although it predominantly affects women, 

men also account for around 0.5 to 1 percent of all BC cases[2]. BC is the second 

deadliest form of cancer[3]. The risk of developing BC increases with age. BC can 

metastasize to other organs, including the bones, lungs, liver, and brain[4]. Currently, 
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the standard treatment approaches for BC consist of surgery, chemotherapy, targeted 

therapy, immunotherapy and other interventions[5]. However, despite the availability 

of these treatments, many patients experience disease recurrence and secondary 

metastasis. Advanced and metastatic BC remains a significant challenge, with a 

survival rate of approximately 2-4 years. Thus, early diagnosis and ongoing 

monitoring are critical to improving the prognosis for patients with BC. 

Polyamines (PA) are small, positively charged alkyl amines that are ubiquitous in 

eukaryotes and prokaryotes and regulate the biological activities and functions of 

nucleic acids, proteins and phospholipids[6]. Polyamines exist in cells and are widely 

involved in physiological and pathological processes such as cell proliferation, growth 

and apoptosis[7]. The content of free polyamines in cells is low, so polyamine 

metabolism must be precisely regulated to maintain polyamine homeostasis, so as to 

ensure the normal function of cells.Polyamines can significantly impact the 

development of cells and contribute to various diseases in the body. Research has 

found that low levels of polyamines in cells can affect the proteins on the cell 

membrane, leading to immune inflammatory reactions. Conversely, an excessive 

amount of polyamines can also cause cells to become cancerous. As a result, an 

increasing number of researchers are exploring the role of polyamine metabolism in 

tumor development and progression. Researchers such as Coni S have found that the 

combination of polyamine metabolism and eIF5A inhibits the growth of colorectal 

cancer[8]. Novita Sari et al reported that polyamines may have a potential role in the 

prevention and treatment of cancer[9]. Kaminski L et al. found that PGC1α can inhibit 
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the aggressiveness of prostate cancer by inhibiting polyamine synthesis[10]. Mendez R 

et al. found that polyamine metabolism can be used as an indicator for the early 

detection of pancreatic cancer[11]. Numerous studies have demonstrated a close 

association between polyamine metabolism and tumor development. Alterations in 

polyamine metabolism may contribute to the development of various diseases, 

including cancer. Research has shown that polyamine accumulation is evident in 

tumor cells, tissues, and even in the urine or serum of cancer patients. Therefore, it is 

crucial to gain a deeper understanding of the role of polyamine metabolism in tumor 

development and identify key genes that regulate this process. This knowledge can 

assist in developing selective therapies that target polyamine metabolism in cancer 

cells, thereby offering a new direction for improving the early diagnosis and 

prognosis of BC patients. 

Using bioinformatics, this study aimed to identify prognostic biomarkers associated 

with polyamine metabolism in BC at the transcriptome level. Through functional 

analysis and molecular mechanism studies, the role of polyamine metabolism in BC 

was elucidated, providing a valuable theoretical foundation for BC prognosis and 

clinical treatment. These findings also contribute to the exploration of novel 

therapeutic avenues in the management of BC. 
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2. MATERIALS AND METHODS 

2.1 Collect data 

RNA-seq count data, survival information, clinical features, somatic mutation data 

and CNV data for TCGA-BC were downloaded from the TCGA database (113 normal 

breast samples and 1,109 BC samples). Download 1,904 BC samples from the 

METABRIC database. A total of 59 PMRGs were collected from MSigDB database. 

2.2 Acquisition of PMRGs associated with prognosis and PP network construction 

In order to obtain PMRGs related to prognostic, “survival” package was used to 

perform univariate Cox regression analysis to analyze the influence of each gene on 

prognosis and screened out the PMRGs with p<0.05. Based on the obtained 

prognostic PMRGs, the PPI network was constructed via  STRING online website. 

2.3 Classification of TCGA-BC patients 

For unsupervised cluster analysis, we utilized the “ConsensusClusterPlus” package. In 

addition, K-means method was employed to determine the optimal number of clusters, 

with 1000 iterations performed to ensure classification stability. We also utilized the 

Nbclust package to identify the most robust cluster number.  

2.4 Screening and enrichment analysis of DEGs among clusters 

The DEGs between the two subpopulations were analyzed by “limma” package to 

obtain differential genes of |log2FC|>1 and p<0.05. GO and KEGG annotation were 

conducted by “clusterProfiler” packagefor to screen out TOP5 entries of p<0.05. 

2.5 Acquisition of prognostic biomarkers associated with BC 
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The transcriptome data of patients were extracted from TCGA-BC by “limma” 

package to compare DEGs between cancer and pan-cancer. The screening criteria 

were |log2FC| >0.5 and pvalue<0.05. Then, they were intersected with prognostic 

related PMRGs, and obtained prognostic related PMRGs with significantly difference. 

"ggplot2" and "pheatmap" were used to draw volcano plot, and heatmap respectively 

to show the expression of DEGs. Univariate Cox regression analysis was performed 

using “survival” and LASSO analysis using “glmnet” to obtain final prognostic 

biomarkers of BC. 

2.6 Construction and verification of risk model 

We constructed a risk model using following formula: Riskscore = 

(0.00455433584682178*PSMD10)+( 0.0583273428343866*PSMD14)+( 0.00592111

85137735*PSMD2)+( 0.00203214432757154*PSME1)+( -0.0231947567758718* 

PSME2). The “predict” package was used to predict the risk score of patients with BC, 

who were divided into a high risk group and a low risk group. Kaplan-Meier survival 

curves were plotted and "pROC" package was used to plot ROC curves for training 

sets and validation sets in 1, 2, and 3 years. Besides, plot risk curves for different risk 

groups were plotted. 

2.7 GSEA and GSVA enrichment analysis 

We conducted GSEA enrichment analysis for all genes in different group via 

“clusterProfiler” package. The threshold settings were defined as |NES| > 1, NOM p < 

0.05, and q< 0.25. Furthermore, KEGG analysis was conducted using the "GSVA" 

package, with a p-value < 0.05 used as the criterion to identify significantly enriched 
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pathways. 

2.8 Genetic variation analysis 

We conducted a tumor mutation load (TMB) analysis using the "maftools" package, 

and mapped the mutations specific to BC in different risk groups. Additionally, we 

performed CNV mutation frequency analysis using GISTIC 2.0 and visualized the 

results using "maftools". 

2.9 Immune microenvironment analysis 

We employed the ssGSEA algorithm to compare the variances in immune cells across 

samples from different groups. Additionally, we utilized the ESTIMATE algorithm to 

assess proportions of stromal and immune cells in tumor samples. Finally, we 

analyzed and visualized the expression of immune checkpoints using violin diagram. 

2.10 Prediction of potential drugs targeting BC 

We performed individual searches for each biomarker using the CTD database. 

Subsequently, we constructed a biomarker-drug interaction network and identified 

chemotherapy drugs that could potentially modulate the expression levels of these 

biomarkers and utilized Cytoscape software for visual analysis. 

2.11 Construction of a nomogram 

In this study, we employed univariate and multivariate Cox regression analyses to 

assess whether the risk scores served as clinically independent prognostic factors for 

BC patients. Based on age, stage, and risk scores, we constructed a nomogram model 

via “survival” and “rms” packages. We further evaluated the accuracy of this 
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nomogram by conducting prognostic ROC analysis. 

2.12 RT-qPCR 

Seven cases of BC tissues and their corresponding adjacent tissues were collected. 

Total RNA was extracted using the Trizol method and reverse transcribed into cDNA. 

Subsequently, RT-qPCR was performed under the following conditions: initial 

denaturation at 95°C for 30 seconds, followed by cycling reactions at 95°C for 20 

seconds, 60°C for 34 seconds, for a total of 40 cycles. A melting curve analysis was 

conducted from 60°C to 95°C with a temperature increment of 0.05°C/s. GAPDH was 

used as an internal reference control, and the results were analyzed using the 

2^-△△Ct method.The sequence of primers was shown in Table 1. 

2.13 Statistical analysis 

All analyses in this study were conducted using R version 4.2.1. The Wilcoxon 

rank-sum test was employed to compare the differences between the two groups of 

samples. Statistical significance was considered at a level of p<0.05. 

 

3. RESULTS 

3.1 Differentiation of polyamine metabolic subtypes in BC 

We performed analysis on 56 genes related to PMRGs, resulting in identification of 

14 PMRGs that were significantly associated with prognosis and the finding was 

depicted in Figure 1A.Subsequently, we utilized the STRING website to construct PPI 

networks of 14 PMRGs that were associated with prognosis. The resulting network 
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was presented in Figure 1B, we observed that the remaining genes exhibited relatively 

complex interactions in PPI networks, with the exception of PAOX and AZIN.We 

used K-means to determine the optimal number of clusters, as demonstrated in Figure 

1C-E. Through this analysis, we identified two distinct clusters, which we 

subsequently labeled as C1 and C2. We further integrated clinical information and 

compared the survival differences between these two clusters, ultimately discovering 

a significant survival disparity (p-value=0.0011,Figure 1F).Then we screened p<0.05 

DEGs between the two clusters, and made GO and KEGG annotations, as shown in 

Figure 1G. Our analysis revealed the top 5 enriched GO pathways, which included 

OXIDATIVE PHOSPHORYLATION, PROTON MOTIVE FORCE DRIVEN ATP 

SYNTHESIS, AEROBIC RESPIRATION and NADH DEHYDROGENASE 

COMPLEX, RESPIRASOME, STRUCTURAL CONSTITUENT OF RIBOSOME, 

PRIMARY ACTIVE TRANSMEMBRANE TRANSPORTER ACTIVITY.The TOP5 

KEGG pathways were RIBOSOME、PARKINSONS DISEASE、OXIDATIVE 

PHOSPHORYLATION、HUNTINGTONS DISEASE and ALZHEIMERS DISEASE. 

Finally, Figure 1H&I results revealed that distribution of inmmune cell such as T cells 

CD8, T cells follicular helper, T cells regulatory Tregs, T cells gamma delta, 

Monocytes, Macrophages M1 were significantly different in two clusters. 

3.2 Identification of prognostic PMRGs in BC 

Firstly,we screened for DEGs in the transcriptome data of BC and adjacent tissues 

from patients. The resulting DEGs were visualized through volcano plot and heatmap 
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respectively, as illustrated in Figure 2A&B. We then intersected these DEGs with the 

14 PMRGs that were found to be prognostic related, ultimately identifying 10 PMRGs 

that displayed significant differences and corresponded to prognosis. These 10 genes 

included PSME1, PSME2, PSMA7, PSMD10, PSMD14, AZIN1, PSMD2, PSMB8, 

PSMB10, and PSMB9, as depicted in Figure 2C.Subsequently, a total of 5 biomarkers 

were obtained that could be used as prognostic markers of BC, namely PSMD10, 

PSMD14, PSMD2, PSME1 and PSME2, as shown in Figure 2D-F. 

3.3 Construction and verification of risk model 

Kaplan-Meier survival curves results revealed that patients in the high-risk group 

exhibited significantly lower OS rates than those in low-risk group, as illustrated in 

Figure 3A&D.Subsequently, ROC curves were generated for the training set and 

validation sets at 1, 2, and 3 years based on the risk model. Figure 3B&E 

demonstrated that AUC values were generally around 0.65, suggesting that the risk 

model possesses some diagnostic significance.The risk curve provided insights into 

the association between risk scores and the survival status of BC patients. Our 

analysis revealed that the high-risk group exhibited a higher mortality rate compared 

to the low-risk group. Furthermore, the heatmap showed the differential expression of 

5 genes in different risk groups(Figure 3C&F).In TCGA-BC, we conducted GSEA 

enrichment analysis on genes in the high-low risk group, and the top 5 items in the 

GO annotation were as follows: ENERGY DERIVATION BY OXIDATION OF 

ORGANIC COMPOUNDS, CELLULAR RESPIRATION, GENERATION OF 
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PRECURSOR METABOLITES AND ENERGY, RESPIRATORY ELECTRON 

TRANSPORT CHAIN and ELECTRON TRANSPORT CHAIN.Besides, the top 5 

KEGG pathways were OXIDATIVE PHOSPHORYLATION, PARKINSONS 

DISEASE, HUNTINGTONS DISEASE, ALZHEIMERS DISEASE, and CARDIAC 

MUSCLE CONTRACTION, as shown in Figure 3G&H. As shown in Figure 3I, the 

KEGG analysis conducted using the R package “GSVA” revealed several enrichment 

pathways, including FOLATE_BIOSYNTHESIS, PYRUVATE_METABOLISM, 

OXIDATIVE_PHOSPHORYLATION,TGF_BETA_SIGNALING_PATHWAY, 

GNRH_SIGNALING_PATHWAY,FC_EPSILON_RI_SIGNALING_PATHWAY, 

RENAL_CELL_CARCINOMA, and VEGF_SIGNALING_PATHWAY. 

3.4 Genetic variation analysis 

The analysis of Figure 4A&B showed that there were differences in the TOP10 genes 

with high mutation frequency (such as TP53, TTN, CDH1, etc.) and there was no 

statistically significant difference in TMB between the high and low-risk group (P= 

0.96). Based on TCGA-BC, the CNV variation frequency of the high-low risk group 

was analyzed using GISTIC 2.0, as shown in Figure 4C&D, we found no significant 

difference in the frequency of CNV variation in different risk groups. 

3.5 Immune microenvironment and immunotherapy prediction 

Initially, we employed the wilcox.test to compare the relative abundance of immune 

cells in high- and low-risk groups. The results indicated that there were no significant 

differences between the high and low-risk groups in immune cells including 
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Activated_CD4_T_cell, Effector_memory_CD4_T_cell, Memory_B_cell, 

Type_2_T_helper_cell, and Immature_dendritic_cell. However, significant 

differences were observed in the remaining 24 types of immune cells (p< 0.05), as 

illustrated in Figure 5A. As shown in Figure 5B, the StromalScore, ImmuneScore and 

ESTIMATE score of the high-risk group were lower than those of the low-risk group 

(p< 0.001), indicating that tumor purity was higher than in the low-risk group 

(p<0.001). To assess the potential impact of immune checkpoints on blocking therapy, 

we conducted a further analysis to examine the expression of various immune 

checkpoints, including BTLA, TNFSF4, CD276, CD28, CD48, CD40LG, CD200R1, 

HLLA2, IDO2, and TNFSF15. The result, as depicted in Figure 5C, demonstrated that 

TNFSF15 and TNFSF4 did not exhibit significant differences. However, significant 

variations were observed in the expression levels of the other genes between the high 

and low-risk groups. 

3.6 Prediction of potential drugs targeting BC 

We utilized the CTD database to individually search for PSMD10, PSMD14, PSMD2, 

PSME1, and PSME2 in order to construct the biomarker-drug interaction network. 

Subsequently, we visualized the result. As illustrated in Figure 6, a total of 252 drug 

molecules were predicted based on the 5 biomarkers. 

3.7 Construction of a nomogram 

Univariate and multivariate Cox regression analysis was used to determine whether 
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risk score was an independent prognostic factor for BC patients. The analysis found 

that age, stage and risk type were independently correlated with prognosis, indicating 

that risk score was an independent prognostic factor for BC patients, as shown in 

Figure 7A. We developed a nomogram model incorporating age, stage, and risk type 

to predict the 1, 2, and 3-year OS of BC patients. The analysis revealed that all three 

factors have reliable predictive abilities. Furthermore, we employed calibration curves 

to confirm the consistency between the actual and predicted values. The results 

indicated high accuracy of the risk score, as depicted in Figure 7B-E. Subsequent 

ROC analysis showed that the AUC of 1-year, 2-year, and 3-year tests were 73.9, 73.5, 

and 69.2, respectively, indicating that the nomogram model had high accuracy for BC, 

as shown in Figure 7F-H. 

3.8 RT-qPCR 

We used RT-qPCR to analyze the differential expression of 5 biomarkers in BC 

tissues and adjacent tissues, and the results were shown in Figure 8. Compared with 

adjacent tissues, these 5 biomarkers were highly expressed in BC. 

 

 

4. DISCUSSION 

BC is the leading cause of malignant tumors in women, presenting a significant health 

concern. The majority of BC cases lack symptoms in the early stages, making it 
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challenging to detect. As the incidence of BC continues to rise, particularly among 

younger individuals, early detection, diagnosis, and treatment are crucial for 

improving patient outcomes and quality of life[12]. Polyamines, essential metabolites 

for cell proliferation, have been found to be elevated in cancer[13]. Increasingly, 

studies are uncovering the involvement of polyamine metabolism in tumor 

development, shedding light on potential therapeutic targets and strategies.In this 

study, the transcriptome sequencing data from TCGA-BC was analyzed, focusing on 

polyamine metabolism. Initially, the expression profile of TCGA-BC was divided into 

two subtypes, C1 and C2, revealing significant differences in survival between the 

two groups. Subsequently, five biomarkers, namely PSMD10, PSMD14, PSMD2, 

PSME1, and PSME2, were identified as potential prognostic markers for 

BC.Additionally, a risk model was constructed, demonstrating that the high-risk group 

had lower OS. Gene mutation did not directly correlate with different risk groups. 

Furthermore, Immunoinfiltration analysis revealed significantly different immune 

cells in different risk groups.A total of 252 drug molecules were predicted by five 

biomarkers, and nomogram was constructed to predict the accuracy of the risk scoring 

model for the diagnosis of BC. 

In recent years, with the continuous development of transcriptome sequencing, more 

and more bioinformatic analyses have revealed diagnostic biomarkers for BC. For 

example, Liu S et al. found that targeting lncROPM-PLA2G16 may be a new 

treatment for BC[14]. Apoptoses-related prognostic marker genes CISD1 and GPX4 
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can be used as biomarkers to predict the prognosis of BC patients[15]. Pei S et al. 

revealed that SM-related genes are associated with tumor progression and immunity 

in BC patients[16]. In this study, the biomarkers related to the prognosis of BC that 

were screened were PSMD10, PSMD14, PSMD2, PSME1, and PSME2, respectively. 

At present, many studies have revealed the role of these five biomarkers in tumors, 

including BC. For example, Wang C et al. found that Hsa-miR-1248 inhibits PSMD10 

and plays a tumor suppressive role in colorectal cancer[17]. Mulla SW et al. revealed 

the key role of PSMD10 as an oncoprotein in tumorigenesis[18]. Xuan DTM et al 

reported that PSMD10 expression in BC tissues was higher than that in normal 

tissues[19]. For PSMD14, Yang P et al. revealed a novel positive feedback loop 

between PSMD14 and ERα signaling in BC[20]. In addition, Lee HJ et al. reported that 

PSMD14 induces apoptosis of BC cells by inducing proteasome inhibition[21]. 

However, PSMD2 regulated the proliferation of BC cells by regulating p21 

degradation[22]. Tian R et al. also found that PSMD2 is closely related to the 

progression of BC[23]. Regarding the relationship between PSME1 and BC, only Yang 

Y et al. identified PSME1 as a prognostic gene in breast invasive ductal carcinoma[24]. 

However, Wu C et al. reported that PSME2 can recognize immune heat tumors in 

BC[25]. Dong M et al. successfully screened out prognostic markers of BC, including 

PSME2, ULBP2, IGHE, etc[26]. Combined with previous findings, our study further 

complements the importance of these biomarkers for the diagnosis and treatment of 

BC.Each identified gene plays a pivotal role in the onset and progression of BC, 

emphasizing the need for molecular mechanism studies to elucidate their specific 
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actions. While this aspect is not covered in the current study, the identified biomarkers 

offer a crucial theoretical foundation for the clinical diagnosis of BC patients.Tumor 

development occurs under the influence of the immune system, and tumor cells have 

the ability to modulate the immune microenvironment within the tumor tissue, leading 

to a state of immunosuppression. Furthermore, certain key immune cells also 

contribute to the progression of tumors.In this study, we found significant differences 

in all 24 types of immune cells in high/low risk BC patients, including Activated B 

cell, Regulatory T cell, Type_1_T_helper_cell, Activated_dendritic_cell, Eosinophil, 

Mast_cell, and Macrophage. Macrophages have a dual potential in cancer. 

Macrophages have the potential to kill tumor cells, cause vascular damage and tumor 

necrosis, and activate tumor resistance mechanisms. Instead, in most established 

tumors, macrophages promote cancer progression and metastasis through a variety of 

mechanisms. The relationship between macrophages and BC has been reported in 

many literatures.For example, Li H et al. found that HLF regulates the development of 

triple-negative BC and chemotherapy resistance by activating macrophages[27]. Chen 

Y et al showed that tumor recruited M2 macrophages promote BC metastasis through 

CHI3L1 protein[28]. Other studies have found that lipid-associated macrophages in the 

tumor microenvironment can promote BC progression[29]. The results of these 

researchers have demonstrated that macrophages play a key role in regulating the 

malignant development of BC. In this study, we also further revealed the potential 

function of macrophages, which contributed to improving the prognosis of BC 

patients. 
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In summary, our study has identified 5 crucial biomarkers - PSMD10, PSMD14, 

PSMD2, PSME1, and PSME2 - with significant potential for diagnosing BC in 

patients. Furthermore, the differential immune cells we have identified offer valuable 

insights for further exploration into the malignant progression of BC. However, it is 

important to note that our paper lacks corresponding clinical validation and 

experimental studies, highlighting the need for further refinement and improvement in 

future research endeavors. 
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TABLES 

 
Table 1 Primer sequence 

Gene F(5’-3’) R(5’-3’) Length(b
p) 

PSMD1
0 

CTGACCAGGACAGCAGAACTGC CTTGAGCACCTTTTCCCAGAAG
G 

189 

PSMD1
4 

GCTATGCCACAGTCAGGAACAG
G 

ACAAGGCTTCAAAGCTCTGCTG
AG 

190 

PSMD2 GACAAGGACAAAGAACAGGAG
CTG 

CCTTCAGTTTGCCATAGTGTGG
AC 

211 

PSME1 GTACCAAGACAGAGAACCTGCT
CG 

TCAGGCACTGGGATGTCCAATG 136 

PSME2 CTCCACCCAAGGATGATGAGATG CACCTTCTCCTGGATTGCTACC 227 
GAPD

H 
GGAGCGAGATCCCTCCAAAAT  GGCTGTTGTCATACTTCTCATGG 197 
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Figure 1 Differentiation of BC polyamine metabolic subtypes. (A)Risk ratio forest plot; (B)PPI 

network;(C) Clustering heatmap;(D) Cumulative distribution function graph;(E) Sankey diagram;(F) 
Survival analysis of C1 and C2;(G) Functional annotation of TOP5 differential genes in two 

subtypes;(H-I) The proportion of 22 kinds of immune cells in different groups. 
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Figure 2 Identification of prognostic associated PMRGs in BC. (A) Volcano plot; (B)Heatmap;(C) 
Venn diagram of prognostically related PMRGs;(D-E) LASSO regression analysis;(F)Forest map. 
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Figure 3 Construction and verification of risk model. (A) Kaplan-Meier survival analysis of patients in 
training set; (B) ROC curve of patients in training set;(C)Kaplan-Meier survival analysis of patients in 
validation set;(D) ROC curve of patients in validation set;(E) Risk curve in training set;(F) Risk curve 
in validation set;(G) GSEA result in training set;(H) GSEA result in validation set;(I)GSVA enrichment 

analysis. 
 



Polyamine Metabolism-Related Marker Genes and Breast Cancer  
 

25 
Iranian Journal of Kidney Diseases / Voulem 18 / Number 02 / 2024 (DOI: 10.53547/ijkd.8805) 

 

 
Figure 4 Mutation load and CNV analysis. (A-B) Analysis of tumor mutation load; (C) CNV mutation 

in high - and low-risk groups. 
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Figure 5 Immune microenvironment and immunotherapy prediction.(A)Difference boxplot of 
immunoinfiltration between high and low risk groups; (B) Tumor purity analysis;(C)Violin diagram of 

differences in immune checkpoint genes in high and low risk groups. 
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Figure 6 Biomarker-drug molecule interaction network. 
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Figure 7 Nomogram model.(A) Univariate and multifactorial independent prognostic analysis; (B) 
Prognosis nomogram;(C-E) Calibration curves for 1, 2 and 3 years;(F-H) Prognostic ROC curve. 

 

 

 
Figure 8 The expression of 5 biomarkers in BC and adjacent tissues was analyzed by RT-qPCR. 
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