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Abstract: Keywords:
Objective: To analyze key metabolic genes in breast cancer using bioinformatics methods and Bioinformatics
conduct survival prognosis analysis. Methods: Transcriptome data for breast cancer was obtained Breast cancer
from the Cancer Genome Atlas (TCGA) database. Relevant metabolic genes were identified using Metabolic genes
the GSEA database and matched with genes in the TCGA database to determine the final metabolic Survival analysis
genes. The Lasso model was constructed to obtain survival prognosis analysis results. Results: Three Prognosis

metabolic genes related to breast cancer were identified: POLR2K, NMNAT?2, and SUCLA2. Survival
analysis showed that the maximum survival time for both the high-risk and low-risk groups was 24
years. Age, status, and tumor stage were identified as independent prognostic factors. Conclusion:
The POLR2K gene is the most significantly overexpressed and shows a preliminary correlation
with the occurrence, development, and prognosis of breast cancer. However, further experimental
validation is needed to confirm these findings.

Online publication: June 28, 2024

L. Introduction it is generally believed to be primarily related to genetic

Breast cancer (BC) is one of the most common factors, gene mutations, decreased immune function, and
malignancies among women. In China, the incidence of neurological abnormalities in the medical community .
this disease accounts for 7% to 10% of the total number Regarding the survival and prognostic status of breast
of malignant tumors, with 169,000 new cases of female cancer, studies *' have shown that for patients aged less
breast cancer reported each year, representing 12.25% than or equal to 35 years old, the 5-year survival rates
of the global total incidence ""*'. Currently, the exact without distant metastasis and the overall 5-year survival
pathogenesis of breast cancer is not fully understood, but rates are 83.4% and 88.1%, respectively. For patients aged
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greater than or equal to 35 years old, these rates are 88.3%
and 88.2%, respectively. The prognosis of breast cancer is
influenced by a combination of factors including patient-
specific factors (such as tumor size, lymph node metastasis,
pathological grading), environmental factors (such as poor
dietary and lifestyle habits, psychosocial factors), genetic
factors (such as family heredity, immune deficiencies), and
molecular biology factors such as estrogen receptor (ER),
progesterone receptor (PR), human epidermal growth
factor receptor-2 (HER-2), nucleus-related antigen Ki-67
(Ki-67), and tumor protein P53 ¥,

Bioinformatics is a science that utilizes computers
as tools to store, retrieve, and analyze biological
information in life science research ', As one of
the current focal points in natural science research,
bioinformatics encompasses emerging and important
research areas such as gene expression profiling,
metabolic network analysis, gene chip design, and
proteomics data analysis '"). Therefore, it is significant to
utilize bioinformatics methods to identify key metabolic
genes in breast cancer and conduct survival prognosis
analysis, providing valuable insights and a basis for breast
cancer research.

2. Materials and methods

2.1. Data acquisition

2.1.1. Acquisition of breast cancer transcriptome data
The transcriptome data for breast cancer was retrieved
from the TCGA database (https://portal.gdc.cancer.gov/).
In the TCGA database, case screening was performed
first, selecting “breast” as the tissue type in the Case ID
option, “TCGA” as the study type in the Program option,
and “TCGA-BRCA” in the Project option. The remaining
options were set to the TCGA database defaults. Next,
file screening was conducted, selecting “transcriptome
profiling” in the Data Category option, “Gene Expression
Quantification” in the Data Type option, and “HTSeq-
FPKM” in the Workflow Type option. After selecting the
data as described above, it was downloaded to obtain the
transcriptome data for breast cancer.

2.1.2. Acquisition of clinical data for breast cancer

The acquisition of clinical data for breast cancer also
relied on the TCGA database for screening. Following
the steps outlined in “1.1.1,” we first performed case
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screening in the TCGA database. In the Case ID option,
we selected “breast” as the tissue type, “TCGA” as the
research type in the Program option, and “TCGA-BRCA”
in the Project option. The remaining options were set to
the TCGA database defaults. Next, we proceeded to file
screening, selecting “clinical” as the Data Category and
“ber xml” as the Data Format in the File options. After
making these selections, the clinical data for breast cancer
were downloaded.

2.1.3. Acquisition of expression data for breast cancer
metabolism-related genes

Firstly, we searched for relevant metabolic genes through
the GSEA database (http://software.broadinstitute.org/
gsea/index.jsp), downloaded the “KEGG gene sets, gene
symbols” file, and matched it with breast cancer genes
obtained from the TCGA database. Finally, we obtained
the metabolic genes of breast cancer.

2.2. Data processing

We used Perl to process the acquired breast cancer
transcriptome data and clinical data using relevant script
files such as merge.pl, symbol.pl, and getClinical.pl. This
allowed us to obtain a transcriptome data matrix and a
clinical data matrix. We combined the metabolic genes
obtained from the GSEA database with the relevant genes
from TCGA breast cancer and used relevant script files to
extract the expression levels of metabolic genes in breast
cancer. Differential analysis was performed using Rx64
3.6.1 software. After acquiring differential genes, we
combined the TCGA metabolic genes with survival time
using relevant script files and organized clinical data.
We then used Rx64 3.6.1 software again for prognostic-
related metabolic gene screening, Lasso regression model
construction, survival analysis, risk curve plotting, and

independent prognostic analysis.

3. Results

3.1. Breast cancer transcriptome data
processing results

After processing with Perl, we obtained breast cancer
transcriptome data consisting of 1,222 samples, including
113 normal samples and 1,109 tumor samples. After
converting gene IDs, we obtained 56,753 relevant genes
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(Table 1).

3.2. Breast cancer clinical data processing
results

After downloading the breast cancer clinical data from
the TCGA database, we organized the data using relevant
Perl scripts, resulting in a total of 443 clinical data points.
The results are shown in Table 2.

3.3. Breast cancer metabolic gene expression
processing results

By processing the metabolic genes obtained from the
GSEA database and the breast cancer genes obtained
from the TCGA database using relevant script files, we
obtained the expression levels of metabolic genes in
breast cancer, with a total of 944 data points (Table 3).
Differential analysis was performed using Rx64 3.6.1
software, and the results are presented in Table 4 and
Figure 1.

Volcano

-logl0(fdr)

logFC

Figure 1. Volcano plot of differential analysis of metabolic
genes. Note: In the figure, black represents no difference in gene
expression between normal and tumor samples, green represents
downregulation of genes in tumor samples, and red represents
upregulation of genes in tumor samples.

3.4. Merging results of TCGA metabolic genes
and survival time

Firstly, the clinical data of breast cancer was
organized !"*, removing samples with missing survival
time (futime) or survival time (futime) less than 30 days.
Samples with missing survival status (fustat) were also
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excluded. The differential metabolic genes obtained from
3.3. were then merged with survival time using relevant
script files, resulting in 119 relevant genes (Appendix 1).

3.5. Lasso model construction results

The prognostic-related metabolic genes obtained were
used to construct a Lasso model using the glmnet and
survival packages in Rx64 3.6.1 software "', The risk
score was calculated using the formula: risk score =
(Coefficient-Gene, x expression of Gene,) + (Coefficient-
Gene, X expression of Gene,) + -+ + (Coefficient-Gene, %
expression of Gene,) (Appendix 2).

3.6. Screening results of prognostic-related
metabolic genes

The differential metabolic genes obtained from 3.4. were
screened using univariate Cox regression with a P-value
< 0.05. A hazard ratio (HR) value greater than 1 indicates
that the gene is a high-risk gene, and P < 0.05 indicates
that the gene is associated with prognosis. The prognostic-
related metabolic genes were screened using the survival
package in Rx64 3.6.1 software "'\ The results are
presented in Table S and Figure 2.

Table 5. Screening results of prognostic-related metabolic

genes
Gene names HR HR.95L HR.95H P
POLR2K 1.01 1.00 1.02 0.01
NMNAT2 1.08 1.01 1.16 0.03
SUCLA2 1.05 1.01 1.09 0.01
pvalue Hazard ratio !

1

1

1

1

1

POLR2K 0.007  1.010(1.003-1.017) It
1

1

1

1
NMNAT2 0.026 1.082(1.010-1.160) ,..4
1

]

1

1

SUCLA2 0.014  1.048(1.010-1.088) h
1

T
0.0 0.8

Hazard ratio

T
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Figure 2. Forest plot of prognostic-related metabolic genes
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Table 1. Relevant genes in breast cancer transcriptome samples

TCGA-HU-A4GH- TCGA-BR-6454- TCGA-CG-5730- TCGA-HU-A4GN- TCGA-HU-A4GY-
Gene name 11A- 11A- 11A- 11A- 11A-
11R-A36D-31 01R-1802-13 01R-1602-13 12R-A251-31 11R-A36D-31
TTYH3 5.74 16.94 22.84 4.88 4.80
LRRC34 0.64 0.13 0.14 0.51 0.79
FSTL4 0.04 0.11 0.04 0.01 0.06
KCNK2 0.68 0.28 0.08 0.30 1.16
DNLZ 0.13 0.09 0.05 0.13 0.07
DCLREIC 1.34 2.12 0.95 1.60 1.72
TRDN 0.05 0.00 0.00 0.04 0.05
COX5BPS8 0.51 0.00 0.00 0.00 0.20
GNGS5P1 0.00 0.00 0.00 0.00 0.00
PLSCRI 10.56 14.46 9.24 10.92 11.58
GNGS5P5 0.00 0.10 0.00 0.00 0.00
Note: The rows in the table represent sample names; within the sample names, they are split by “-,” where the fourth digit starting with 1

represents para-cancerous or normal samples, and those starting with 0 represent tumor samples; the columns represent gene names; the
numbers represent the expression level of the gene in that sample, similarly hereinafter.

Table 2. Breast cancer clinical data

Case IDs Survival time (d)  Survival status Age (years) Gender Grade Stage T M N
TCGA-VQ-ASPS 406 1 76 Male G2 1A T3 MO N1
TCGA-CG-4301 92 0 75 Female G3 v T4 Ml N1
TCGA-R5-A7ZR 185 1 70 Female G2 I T3 MO NX
TCGA-VQ-AA64 560 1 68 Male QG2 I11B T3 MO N2
TCGA-BR-8686 477 0 69 Male G3 1B T4b MO N1
TCGA-B7-AST] 335 0 74 Male Gl 1B T4a MO NX
TCGA-BR-A4QL 352 0 75 Female G2 1B T3 MO N3a
TCGA-D7-6817 389 0 63 Male G3 A T2b MO N3
TCGA-MX-A5UG 113 1 78 Male G3 MIA T3 MO N1
TCGA-IN-A6RJ 379 0 64 Male G3 1A Tib MO NO
TCGA-CG-4475 699 0 76 Male G3 1B T3 MO N1
TCGA-BR-8591 409 0 79 Male G3 1mIc T4a MO N3a
TCGA-BR-8676 229 0 59 Male G3 1B T3 MO N3a
TCGA-D7-A4YV 180 0 69 Female G3 1B T3 MO N1
TCGA-BR-8285 17 1 57 Female G3 mic T4a MO N3a
TCGA-CD-5798 86 0 82 Male G2 I T3 MO NO
TCGA-FP-A4BF 168 1 68 Male G3 A T3 MO N2

Note: In survival status, O represents death, and 1 represents alive.
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Table 4. Results of differential analysis of metabolic genes

Gene names Con mean Treat mean Log FC P fdr
ALDHIAI 44.09 10.76 -2.03 0.01 0.02
GYS2 1.14 0.13 -3.20 0.00 0.02
CAT 94.95 28.95 -1.71 0.00 0.00
ACSS2 25.83 9.00 -1.52 0.00 0.00
MARS 8.81 13.80 0.65 0.01 0.05
ASPA 2.57 0.40 -2.70 0.00 0.01
ADCY5 4.61 2.40 -0.94 0.00 0.00
PFKFB3 88.49 25.53 -1.79 0.00 0.01
NEUI 11.74 20.44 0.80 0.01 0.03
CYB5R3 51.63 31.40 -0.72 0.00 0.02
POLE?2 0.74 2.17 1.56 0.00 0.01
NPRI 22.94 3.20 -2.84 0.00 0.00
PMM?2 1.44 2.69 0.90 0.01 0.04
PRIM2 1.92 3.67 0.93 0.00 0.01
ADHIB 182.75 17.76 -3.36 0.00 0.00
PDEIB 2.68 0.93 -1.53 0.01 0.04
B4GALT1 42.88 62.97 0.55 0.00 0.02
POLR2J 12.49 23.26 0.90 0.00 0.01
ACADS 16.55 7.51 -1.14 0.00 0.00

3.7. Survival analysis results

Based on the risk scores obtained from 3.5., patients were
stratified into high- and low-risk groups using the median
risk score for survival analysis. A P-value < 0.05 indicates
a significant difference in survival between the high- and
low-risk groups ", Survival curves were plotted using the
survival and survminer packages in Rx64 3.6.1 software
(Figure 3).

3.8. Risk analysis results

Based on the survival risk curve obtained from section
3.5., the risk analysis was plotted using the pheatmap
package in Rx64 3.6.1 software '*.. The results showed
that as the risk value increased, the number of patients
who died gradually increased (Figures 4—6).
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3.9. Independent prognostic analysis results
Based on the risk analysis results obtained from section
3.7., univariate and multivariate independent prognostic
analyses were performed using the survival package
in Rx64 3.6.1 software. A risk score with P < 0.001
indicates that it can be used as an independent prognostic
factor (Figures 7 and 8).

4. Discussion and conclusion

In this study, we identified three metabolism-related genes
associated with breast cancer: POLR2K, NMNAT2, and
SUCLA2. POLR2K refers to RNA polymerase II subunit
K, a protein-coding gene involved in pathways such as
RNA polymerase I promoter escape and RNA polymerase
III transcription initiation. POLR2K encodes the smallest
subunit of RNA polymerase II, which is a common
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Figure 7. Forest plot of multivariate
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subunit of three RNA polymerases ", Studies have
speculated that the upregulation of POLR2K may promote
the assembly of polymerase IlI, thereby facilitating cell
proliferation and cancer development, and it can serve as
a risk factor for breast cancer "%,

NMNAT?2 stands for nicotinamide nucleotide
adenylyltransferase 2, a protein-coding gene whose
primary function is to catalyze the synthesis of
nicotinamide adenine dinucleotide from B-nicotinamide
mononucleotide and adenosine-triphosphate (ATP) .,

Research has indicated that the expression of NMNAT?2
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is associated with the depth of tumor invasion and tumor
staging (tumor node metastasis, TNM) !

SUCLA?2 is a protein-coding gene that plays a
crucial role in the citric acid cycle. SCS-A hydrolyzes
ATP, converting succinate into succinyl-CoA “*. Current
studies have found that mutations in this gene are the
main cause of mitochondrial DNA depletion syndrome,
primarily affecting the brain and skeletal muscles 7.
Regrettably, there is currently no relevant literature
reporting its association with cancer or breast cancer,

providing a direction for our future research.
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In the survival analysis (Figure 3), 545 samples
were included in the study. The results revealed that as
time (years) progressed, the number of surviving patients
gradually decreased, with a maximum survival time of 24
years for both the high-risk and low-risk groups. In the
survival risk heatmap (Figure 5), we observed that the
POLR2K gene was the most significantly overexpressed
gene, suggesting a close association between this gene
and the survival prognosis of breast cancer.

In the independent prognostic factor analysis,
univariate analysis (Figure 8) identified age, stage, and
TNM staging as independent prognostic factors. In the
multivariate analysis, age was closely related to the
multivariate prognosis.

Although we have used bioinformatics techniques

to identify potential metabolic genes that may affect the
prognosis of breast cancer in a large sample, there are
still some limitations to this study. Firstly, some clinical
follow-up information was missing for certain samples.
Secondly, relying solely on bioinformatics analysis is
insufficient, and experimental validation is necessary
to confirm the results. Therefore, further genetic and
experimental studies on larger samples, along with
experimental validation, are required. In conclusion,
this study employed bioinformatics to explore relevant
metabolic genes in breast cancer and conducted a survival
prognosis analysis of key metabolic genes, providing
a reference method and approach for breast cancer

treatment research.
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Appendix
Appendix 1. Combined results of differential metabolic genes and survival time
Case IDs Survival time (d) Survival status ALDH1A1 GYS2 CAT ACSS2 MARS ASPA ADCYS
TCGA-C8-A12X 385.00 0 2.99 0.05 10.99 6.88 18.17 0.07 0.34
TCGA-AC-A2BK 2222.00 0 2.10 0.08 230.19 9.04 18.43 0.04 0.63
TCGA-AR-A24S 2976.00 0 10.57 0.05 50.49 6.25 18.20 0.40 0.27
TCGA-AR-A24K 1548.00 0 1.09 0.05 35.86 4.36 8.97 0.10 0.06
TCGA-WT-AB44 883.00 0 8.13 0.04 12.73 4.49 11.04 0.38 0.94
TCGA-AR-A24P 84.00 0 8.01 0.05 28.63 5.99 9.33 0.14 0.31
TCGA-BH-ASIZ 567.00 0 1.94 0.06 18.83 4.11 11.41 0.07 0.06
TCGA-A8-A095 1277.00 0 5.10 0.05 36.28 5.72 10.52 0.28 0.58
TCGA-BH-AOHS 1620.00 0 19.85 0.06 34.13 8.73 14.24 0.46 7.58
TCGA-E9-A24A 747.00 0 3.29 0.06 23.98 4.48 10.52 0.13 0.07
TCGA-B6-A0X4 860.00 1 0.03 0.04 14.52 7.90 11.23 0.08 0.13
TCGA-E2-A159 762.00 0 8.98 0.06 16.34  21.78 14.45 0.06 0.01
TCGA-AC-A3HN 496.00 0 14.86 0.04 34.11 7.63 12.18 0.65 5.91
TCGA-DS-A1Y1 302.00 1 6.15 0.04 17.24 7.09 14.69 0.21 0.09
TCGA-AR-A5QP 622.00 0 14.15 0.05 20.04 7.23 10.96 0.40 3.19
TCGA-OL-A66P 428.00 0 22.52 0.06 15.70 13.60 13.65 0.17 0.11
TCGA-OL-A66K 1275.00 1 12.31 0.04 21.26 9.79 8.15 0.22 0.49
TCGA-AQ-A1H2 475.00 0 1.77 0.05 63.00 17.27 15.38 0.08 5.16
TCGA-AC-A3WS5 504.00 0 15.17 0.07 13.62 10.21 14.48 0.28 0.81

Note: In survival status, O represents alive, and 1 represents death.

Appendix 2. Lasso model construction results

Gene names Risk score Risk Gene names Risk score Risk
TCGA-C8-A12X 0.73 high TCGA-A2-AO0YT 1.09 high
TCGA-AC-A2BK 0.71 high TCGA-A8-A07U 0.55 low
TCGA-AR-A248 0.76 high TCGA-AR-A1AN 0.64 low
TCGA-AR-A24K 0.69 high TCGA-B6-A1KC 1.25 high
TCGA-WT-AB44 0.30 low TCGA-BH-A0AV 0.47 low
TCGA-AR-A24P 0.67 high TCGA-DS-A1JB 1.04 high
TCGA-BH-AS5IZ 0.68 high TCGA-A2-A0T4 0.63 low
TCGA-A8-A095 0.60 low TCGA-C8-A1HN 1.23 high
TCGA-BH-AOHS5 0.56 low TCGA-AR-A1AQ 0.96 high
TCGA-E9-A24A 0.82 high TCGA-AO-A12C 0.63 low
TCGA-B6-A0X4 2.02 high TCGA-EW-A2FS 0.72 high
TCGA-E2-A159 0.56 low TCGA-AO-A03U 0.55 low
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Appendix 2. (Continued)

Gene names Risk score Risk Gene names Risk score Risk
TCGA-AC-A3HN 0.57 low TCGA-AN-AOAR 0.38 low
TCGA-D8-A1Y1 0.70 high TCGA-B6-A0IC 0.78 high
TCGA-AR-A5QP 0.79 high TCGA-C8-A131 0.98 high
TCGA-OL-A66P 0.38 low TCGA-E9-A3HO 0.47 low
TCGA-OL-A66K 0.45 low TCGA-E9-AIN3 1.79 high
TCGA-AQ-A1H2 0.80 high TCGA-B6-AORI 0.58 low
TCGA-AC-A3W5 0.41 low TCGA-E9-AIRC 0.51 low

Note: high indicates high risk, low indicates low risk
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