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The individual variation of carcinogenesis and drug response is influenced by the absorption,
distribution, metabolism, and excretion (ADME) of drugs. The utilization of signatures derived

from ADME-related genes holds potential for predicting prognosis and treatment response across
diverse cancer types. Further investigation is required to completely understand the role of ADME-
associated genes in breast cancer. A signature was constructed through the application of a least
absolute shrinkage and selection operator regression model, employing prognostic differentially
expressed genes found in both cancer tissue and normal tissue. To assess the robustness of the
signature, verification analyses were carried out. RT-qPCR was utilized for the validation of gene
expression related to risk. Subsequently, a nomogram was developed to enhance the clinical utility
of our prognostic tool. The ADME signature, comprising four genes, was established and exhibited
arobust association with the prognoses of individuals diagnosed with breast cancer. The nomogram
was created by fusing the clinicopathological characteristics with the ADME signature. The ADME
signature demonstrated remarkable superiority when compared to the performance of the other
individual predictors. Additionally, the analysis of the immune microenvironment revealed that the
ImmuneScores of the low-risk group were elevated. The variation in both the infiltration of immune
cells and the expression of immune-related genes in the tissues differed among the two groups. For
patients with breast cancer, the utilization of ADME signatures as biomarkers presents a significant
reference point for prognosis and individualized treatment strategies.
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Breast cancer is acknowledged as a prevalent malignancy that impacts women on a global scale, with an increasing
incidence rate documented each year! 3. The disease is characterized by a high degree of heterogeneity, resulting
in variations in clinical presentation, morphology, molecular profile, treatment response, and prognosis among
individual cases*’. Clinically, tumor stage, histological grade and molecular subtype are commonly used as
prognostic indicators for breast cancer patients®. However, accurate prediction of patient prognosis based on
clinicopathological characteristics remains challenging. This limitation may result in misjudgments of prognosis,
potentially leading to inappropriate treatment decisions that could increase the risk of metastasis or recurrence
in high-risk patients and unnecessary or overly aggressive treatment in low-risk patients’. In order to optimize
patient treatment for individuals diagnosed with breast cancer, it is imperative to identify innovative molecular
markers that can reliably predict the prognosis.
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ADME-related genes refer to the genes involved in the absorption, distribution, metabolism, and
excretion of drugs, which are composed of 266 extended genes and 32 core genes®~!°. Based on their roles in
the pharmacokinetic process, these genes can be classified into various categories such as drug transporters,
modified proteins, and drug metabolic enzymes!'!"13. Increasing evidence suggests that polymorphisms in
ADME-related genes play a significant role in individual differences in carcinogenesis and drug response!*!>.
Likewise, population variations in the regulation of ADME-related genes are observed at the transcriptional,
translational, and epigenetic levels'®!”. ADME-related genes have been identified as significant contributors
to various cancer types. In the context of gastric cancer, the decreased expression of ALDH6A1 may serve as
a prognostic indicator and a determinant of response to immunotherapy'®. Furthermore, the pivotal roles of
ADHIB and its associated network in immune modulation and therapeutic efficacy suggest their potential as
therapeutic targets in ovarian cancer, as demonstrated in a study by Xu et al.'’. Nan et al. found that the PLD/
PA lipid signal transduction pathway, facilitated by D-AS2/FAM3D, plays a crucial role in conferring chemical
resistance in squamous cell carcinoma. This suggests that targeting D-AS2 may enhance the sensitivity of
squamous cell carcinoma to cytotoxic chemotherapy agents®’. However, the impact of ADME-related genes on
breast cancer remains unclear.

In this research, gene expression data obtained from The Cancer Genome Atlas (TCGA) was utilized to
identify ADME-associated genes with unique expression patterns in breast cancer tissue compared to normal
tissue. The least absolute shrinkage and selection operator (LASSO) method was then employed to develop a
prognostic signature comprising four genes for predicting the survival outcomes of breast cancer patients. To
ensure the accuracy of our model, we performed validation utilizing the TCGA-test dataset and five external
datasets. Subsequently, we assessed functional enrichment, immune cell infiltration, response to immunotherapy,
and drug sensitivity to compare high-risk and low-risk groups. Our results indicated that a gene-based signature
related to ADME was associated with immune cell infiltration, and could predict patient prognosis and response
to treatment.

Materials and methods

Data obtain

Figure 1 illustrates the research process. The information of gene expression and the associated clinical data was
discovered by searching the TCGA database. Using R software, TCGA-Breast invasive carcinoma (BRCA) dataset
was divided into train and test subgroups in a 1:1 ratio, as shown in Supplementary Table S1. The GSE20685,
GSE7390, GSE20711, GSE25066, GSE58812 dataset was obtained from the Gene Expression Omnibus (GEO)
repository. The drug sensitivity validation cohort was obtained from the GSE130787 dataset, which assessed the
effectiveness of neoadjuvant docetaxel, carboplatin, trastuzumab, and/or lapatinib treatment in breast cancer
patients. The expression data was used for subsequent analysis after standardization. Total 298 ADME-related
genes shown in Supplementary Table S2 are obtained from previous literature’.

The creation and validation of the predictive mark

To identify differentially expressed genes (DEGs) associated with prognosis, a Cox regression analysis was
conducted using univariate analysis. Subsequently, a signature was developed by incorporating four genes
selected through multivariate Cox and LASSO regression analyses?!. The individuals with breast cancer were
categorized into low-risk and high-risk groups based on the utilization of the median risk score. Afterwards, the
overall survival (OS) was evaluated through Kaplan-Meier (KM) analysis. The examination of subgroups’ OS
and Receiver Operating Characteristics (ROC) was conducted utilizing the R packages for durations of 1, 3, and
5 years. The R software package ‘ggplot2’ was employed to carry out a principal component analysis (PCA). A
nomogram was constructed by integrating risk assessment and clinical data.

Comparative analysis of tumor microenvironment (TME) in comparison to groups at high and
low risk

The ESTIMATE? was used to assess the composition of immune cells (ImmuneScores). To examine the disparities
in immune cell infiltration between high-risk and low-risk classifications, we utilized a range of algorithms such
as TIMER, CIBERSORT-ABS, QUANTISEQ, EPIC, MCPCOUNTER, CIBERSORT, and XCELL. The presence
of different immune cells and their immune activity were examined using single-sample gene set enrichment
analysis (ssGSEA). Furthermore, immune-related gene expression patterns were identified. Additionally, we also
examined the differences in response to immunotherapy between these two groups.

Analyzing the pathway of the identified signature

An analysis was performed on DEGs within high- and low-risk categories. The enrichment of pathways related
to these DEGs was evaluated through the utilization of Gene Ontology (GO), Kyoto Encyclopedia of Genes and
Genomes (KEGG), and Disease Ontology (DO) analyses**~%°. Additionally, a gene set variation analysis (GSVA)
was conducted to assess potential disparities in biological functioning.

Drug sensitivity analysis

The Genomics of Drugs Sensitivity in Cancer (GDSC) is the largest pharmacogenomics online database. To
predict the chemotherapeutic sensitivity of the prognostic model, we assessed the IC50 values of AZ628, CGP-
60,474, FTI-277, GSK429286 A, IPA-3, KIN001-102, TAE684, XL-184, ZSTK474 drugs from the GDSC database
by utilizing the pRRophetic algorithm with ridge regression?®.

Scientific Reports |

(2024) 14:21619 | https://doi.org/10.1038/s41598-024-72635-1 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

PPl interaction

TCGA ADME-related genes
(N = 459) (N = 298)
String 81 DEGs
| identification
Univariate Cox regression

Prognostic DEGs

identification
LASSO
TCGA-Test GSE20685 GSE7390
validation Risk score model ‘4ation

; GSE20711
/ construction \
TCGA-AIll

GSE25066 GSE58812

Clinical association RT-gPCR analysis
analysis
/, Tumor microenvironment
analysis
Nomogram Immune related
. analysis
construction ) Immunotherapy
response analysis

Pathway Drug
analysis sensitivity analysis

< LN

GO

KEGG DO GSVA

Fig. 1. The workflow of the study.

Reverse transcription quantitative polymerase chain reaction (RT-qPCR)

BT-549,a tumor cell,and MCF-10 A, a normal cell, were obtained from the Shanghai Institute of Biochemistry and
Cell Biology. The cell lines were grown in DMEM, with 10% fetal bovine serum (FBS), 100 pg/ml streptomycin,
and 100 U/ml penicillin added to them (Gibco). The extraction of total RNA was conducted using Trizol, which
was subsequently followed by reverse transcription to produce cDNA. Subsequently, the RT-qPCR analysis was
conducted employing SYBR Green (Toyobo) as a facilitator. The internal reference gene B-Actin was utilized for
normalization purposes.

Statistical analysis

The statistical calculations and visualizations in this study were conducted using the R software. The KM survival
curve, along with the log-rank test, was employed to compare outcomes across different groups. P<0.05 was
considered statistically significant.

Results

Extraction of ADME-related genes with noteworthy prognostic value

The TCGA dataset was utilized to determine the expression levels of 298 genes related to ADME in both normal
and breast cancer populations. The differential expression of ADME-related genes across various breast cancer
subtypes was observed, as depicted in Supplementary Fig. S1. Within the HER2-enriched subtype, heightened
NATI expression was significantly correlated with an unfavorable prognosis (P=0.047) (Supplementary Fig.
S2A). Within the Luminal B subtype, elevated ADHI1B expression was associated with a poorer prognosis
(P=0.042) (Supplementary Fig. S2B). Furthermore, in the Luminal A subtype, patients exhibiting increased
levels of CYP1A1, ABCC9, and CYP46A1 had a worse prognosis, whereas those with heightened CYP21A2
expression demonstrated a more favorable prognosis (Supplementary Fig. S2C). Between normal and breast
cancer tissues, 81 DEGs were discovered, containing 26 upregulated and 55 downregulated genes (Fig. 2A,B).

Scientific Reports |

(2024) 14:21619 | https://doi.org/10.1038/s41598-024-72635-1 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

B Volcano

-log10(pValue)
200 30 40 50 60

10

_§§55§§§§
OEshE

ABCET

%

r T T T T T 1
0 10 20 30 40 50 60

Number of adjacent nodes

value I j
gen T s HEIE  —
o 5 0
ABCCH 008 i 1I;§1— égs
ADHTA <0.001 090114283
ADH1B 002 114811:054-1.250
ADH1C <0.001 41201.201-1860
AR, gl TRliBETLTS
Ak B e
ALDH: i 1225(1.014-1.480;
Arera 38 e ass
&RET11 :E}G I%f%jé: :§§§
Y Zo%g 59:2'?2 (542213; Zgag ™
R 008 Paaii 0a7o1 ke
EMO2 1018 1159(1.026-1:310
GPX3 <9001 1235(1.107-1:378
GSTMS 1049 A1g§1.gu;— §é§
KCNJT1 002 1743108170
MGET1 023 248(1.031-1.508
me. B e
gtgégﬁa 853 isg; oisgzz :ggg
gtggﬂa < 288? = Zég;z %g:;ﬁii 754 1
SE3CT §8R Crdiliettal o
TAPT 008 0.739(0.585-0.827
1
T f T T T 1
0.1 1 10 100 1000 1000C

Hazard ratio

Fig. 2. Identification of candidate ADME-related genes. (A) A heatmap of the DEGs between tumor tissues
and normal tissues. (B) A volcano plot of DEGs. (C) The PPI network diagram of DEGs. (D) The number of
nodes associated with hub genes in the PPI network was determined. (E) A forest plot was generated to assess
the prognostic significance of ADME-related genes.
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The crucial points were subsequently exhibited through the analysis of protein-protein interaction (PPI) of 81
DEGs, as shown in Fig. 2C. We observed that the critical genes were CYP3A4, ABCG2, and CYB2B6 (Fig. 2D).

Creation of a prognostic signature related to ADME

The univariate Cox analysis identified 38 DEGs that were associated with prognosis (Fig. 2E). Following the
elimination of overfitting genes through LASSO analysis, an ADME signature consisting of four genes (ABCBS5,
ATP7B, KCNJ11, and TAP1) was identified (Fig. 3A,B). The risk score is calculated using the following equation:

risk score = (ABCB5 x (1.00448764021319) 4 (ATP7B x (—0.246590735857609)
+ (KCNJ11 x (—0.186706924591259) + (TAP1 x (—0.274209942422424)).

Based on the median risk score, breast cancer patients were classified into two different risk subgroups (Fig. 3C).
Figure 3D illustrates the diverse manifestation of the four genes among two risk categories. According to results
of the PCA, individuals could be effectively categorized into two clusters (Fig. 3E). Figure 3F demonstrates that
individuals classified as low-risk exhibit a more favorable prognosis in contrast to those classified as high-risk.
Additionally, the ADME signature was assessed through the utilization of the ROC curve, resulting in AUC
values of 0.764, 0.708, and 0.710 for the respective 1-, 3-, and 5-year intervals (Fig. 3G).

Verification of the prognostic signature related to ADME and the link between risk scores
and clinical features of individuals with BRCA

Moreover, our findings were validated in the test datasets, which stratified individuals diagnosed with BRCA into
two distinct risk subgroups. The KM analysis conducted on the datasets TCGA-test, TCGA-all, and GSE20685
demonstrated that individuals classified as low-risk exhibited a more favorable prognosis in comparison to
those classified as high-risk (Fig. 4A,C). Furthermore, within the TCGA cohort, high-risk patients exhibited
lower rates of recurrence-free survival (RFS) and disease-specific survival (DSS) compared to low-risk patients
(Supplementary Fig. S3). Similarly, in the GSE7390, GSE20711, GSE25066, and GSE58812 cohorts, high-risk
patients demonstrated a poorer prognosis (Supplementary Fig. S4). In TCGA-test (Fig. 4D), the AUC values
for the ROC curve were 0.718, 0.681, and 0.676 for the 1-, 3-, and 5-year periods, respectively. In TCGA-all
(Fig. 4E), the corresponding values were 0.737, 0.706, and 0.701. In GSE20685 (Fig. 4F), the AUC values were
0.932, 0.669, and 0.680. In patients diagnosed with Basal-like, HER2-enriched, Luminal A, and Luminal B breast
cancer subtypes, those classified as high-risk exhibited a poorer prognosis compared to low-risk patients, with
no statistically significant disparity observed in Normal-like subtypes (Supplementary Fig. S5). Furthermore, a
survival analysis was performed using clinical characteristics, which demonstrated that individuals with low-
risk scores exhibited superior outcomes across multiple categories, encompassing age groups of 65 and below,
over 65, absence of metastasis (M0), presence of metastasis (M1), absence of lymph node involvement (NO),
presence of lymph node involvement (N1-3), early-stage disease (Stage I+1I), advanced-stage disease (Stage
III+41V), and smaller tumor size (T142) (Supplementary Fig. $6). This further demonstrated the reliability of
the risk model we developed. Furthermore, we conducted a comparison with the prognostic model of different
individuals, and our signature exhibited a higher C-index compared to theirs (Supplementary Fig. S7). The
expression of risk genes was validated through the use of RT-qPCR. Supplementary Fig. S8 demonstrated that
tumor cells displayed elevated expression of ABCB5 and reduced expression of ATP7B, KCNJ11, and TAP1 in
comparison to normal cells.

Development of a nomogram for breast carcinoma and assessment of its prognostic
predictive capacity

Cox regression analyses yielded compelling evidence supporting the robustness and independence of the risk
score as a prognostic indicator (Fig. 5A,B). To further explore the prognostic potential of the ADME signature
(Fig. 5C), a novel nomogram was created by incorporating the ADME signature and clinical variables obtained
from TCGA. Figure 5D displayed calibration curves that demonstrated a satisfactory capability. Moreover, the
nomogramss ability to predict prognosis was assessed using ROC analysis, comparing it with other factors such
as Stage, T, N, M, and age. The AUC value for 1-year survival was 0.954 (nomogram) and 0.789 (risk score)
(Fig. 5E). The AUC for 3-year survival was 0.790 (according to the nomogram) and 0.675 (risk score) (Fig. 5F).
The AUC value for 5-year survival was 0.718 (nomogram) and 0.700 (risk score) (Fig. 5G). The DCA for 1-,
3-, and 5-year periods demonstrated that this nomogram exhibited a greater overall advantage, as depicted
in Fig. 5H,J. These results demonstrated the potential of this innovative nomogram to serve as an excellent
prognosis prediction model.

Investigation of the TME and its correlation with the efficacy of immunotherapy among
patients stratified into different risk score categories

According to the ESTIMATE analysis, it was observed in Fig. 6A that the high-risk group had lower ImmuneScores
compared to the low-risk group. Furthermore, the differentiation of immune cell quantities among the two risk
categories was investigated using different algorithms. The low-risk group demonstrated increased levels in the
majority of immune cells, as depicted in Fig. 6B. According to the ssGSEA analysis, the high-risk patients showed
reduced infiltration of B cells, CD8 +T cells, Neutrophils, Mast cells, pDCs, T helper cells, Tth, Thl cells, Th2
cells, TIL, and Treg compared to the low-risk patients (Fig. 6C). In the cohort of patients classified as low risk,
there was an observed enhancement in specific immune functions, including APC co-inhibition, checkpoint
regulation, T cell co-stimulation/co-inhibition (Fig. 6D). This could potentially clarify the reason behind the
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Fig. 3. Construction of the prognostic signature in TCGA dataset. (A,B) The LASSO analysis of the ADME-
related genes. (C) Distribution of risk scores and survival time and status for each case. (D) Heatmap showed
the expression of risk genes in different risk groups. (E) The PCA analysis. (F) Survival differences between
patients in different risk groups. (G) The time-dependent ROC curves of BRCA patients.

superior outlook of the low-risk classification. Furthermore, Fig. 6E illustrated the spread of individuals with
different risk among various immune subtypes.

Next, we analyzed the expression patterns of immune-related genes in different risk patients. The high-risk
category showed low expression levels of most immune-related genes (Fig. 7A,D). The TIDE scores played a
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pivotal role in assessing the efficacy of immunotherapy. Furthermore, an investigation was conducted to analyze
the relationship between the TIDE score and risk score. The low-risk category demonstrated significantly lower
TIDE scores when compared to the high-risk category (Fig. 7E). As shown in Fig. 7E], violin plots showed that a
higher IPS in a low-risk category suggested a more robust reaction to PD-1 and CTLA-4 inhibitors, establishing
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Fig. 7. Evaluation of the immunotherapeutic efficacy in cohorts classified as high- and low-risk. (A-D) The
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two groups. (F-I) The violin plots effectively depicted the association between IPS interventions and different
risk groups. (J) Prediction of immunotherapy response.

the correlation between IPS and risk groups. Conversely, individuals with a low-risk profile demonstrated a
more favorable response to immunotherapy compared to those with a high-risk profile (Fig. 7]).

The functional enrichment analysis of ADME signatures identified numerous pathways that
exhibited significant alterations among patients stratified into different risk groups

To enhance comprehension regarding the molecular mechanisms of distinct ADME signature subgroups, we
conducted enrichment analyses employing GO, KEGG, and DO. The GO analysis revealed that the DEGs between
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different risk groups were primarily associated with the development of the epidermis, activity of serine-type
endopeptidase, and keratin filament enrichment (Fig. 8A). According to the KEGG findings, these genes were
mainly enhanced in the Estrogen, Nitrogen metabolism, and Wnt signaling pathway (Fig. 8B). According to the
findings, these genes were mainly found to be abundant in various cancerous tumors, such as gastric carcinoma,
cancer of the female reproductive system, and breast cancer (Fig. 8C). Additionally, the GSVA revealed that
numerous pathways dramatically altered between breast cancer patients with different risk (Fig. 8D).

Identification of chemotherapy drug sensitivity on the basis of the prognostic model

In order to obtain additional understanding regarding potential variations in drug responsiveness among the
aforementioned risk categories, we conducted an analysis to assess the relationship between the risk scores of
breast cancer patients and the IC50 values of chemotherapy and targeted treatment medications. In the high-risk
group, the IC50 values of AZ628, CGP-60,474, FTI-277, and GSK429286A were significantly lower compared
to the low-risk group. Conversely, the IC50 values of XL-184, KIN001-102, IPA-3, TAE684, and ZSTK474 were
higher in high-risk group (Supplementary Fig. S9). The findings indicated that the group at a greater risk showed
greater sensitivity to AZ628, CGP-60,474, FTI-277, and GSK429286A, while the group at a lower risk exhibited
higher sensitivity to XL-184, KIN001-102, IPA-3, TAE684, and ZSTK474. Furthermore, our analysis of the
correlation between risk scores and the sensitivity of frequently utilized breast cancer medications, utilizing
data from the GSE130787 dataset, revealed that individuals in the high-risk group exhibited a more favorable
response to docetaxel, carboplatin, and trastuzumab treatment (Supplementary Fig. S10).

Discussion

Breast cancer is a prevalent malignancy that often occurs in women'. While tumor stage and molecular
subtype are commonly utilized as prognostic indicators for breast cancer patients, they may not accurately
predict prognosis®. The identification of innovative molecular biomarkers is of utmost importance in order to
effectively evaluate the prognosis of BRCA patients and deliver precise treatment. This research utilized the
LASSO algorithm to develop a novel ADME signature, which was trained on the TCGA cohort, to predict the
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prognosis of BRCA patients. The reliability of the signature was validated using both the external GEO cohort
and the internal TCGA-test cohort. The KM analysis revealed that the group classified as low-risk demonstrated
a more favorable prognosis in both the cohort used for training and the cohorts used for validation. Meanwhile,
the ADME signature’s predictive ability was demonstrated using ROC analysis. Additionally, we discovered
that patients with a lower risk profile exhibited a more favorable response to immunotherapy and were better
candidates for ICB treatment. In addition, a novel nomogram including clinical factors was established, which
had good accuracy and high AUC value for breast cancer patients. Hence, the ADME pattern proved to be a
dependable predictor for predicting the prognosis of breast cancer and assessing the influence of immunotherapy,
which could hold considerable importance for the clinical management of breast cancer.

The prognostic signature for breast cancer was comprised of four genes: ABCB5, ATP7B, KCNJ11, and TAP1.
These genes have been associated with various cancers and may serve as promising prognostic indicators for
breast cancer. ATP binding cassette subfamily B member 5 (ABCB5) has been documented to facilitate the
invasion of colorectal cancer (CRC) through the augmentation of AXL signal transduction?”. ABCB5 blocking
reversed the drug resistance of Merkel Cell Carcinoma (MCC) in vivo xenotransplantation model and inhibited
tumor growth, indicating that ABCB5 might be related to the chemical resistance of MCC?. Among individuals
with CRC receiving oxaliplatin chemotherapy, Elevated ATPase copper transporting beta (ATP7B) levels were
linked to a poor prognosis?. Zhang et al. found KCNJ11 formed a complex with lactate dehydrogenase A and
acted as an oncogene in hepatocellular carcinoma (HCC), indicating that it may be possible to design a candidate
strategy for preventing HCC that targets KCNJ11%. Ling et al. showed that TAP1 down-regulation was both a
poor predictor of outcome for patients with stage I-II CRC and a putative tumor immune escape mechanism?!.
Segami et al. revealed that better overall survival was correlated with higher TAP1 expression in advanced gastric
cancer>2. However, more research is still needed to determine how these genes affect breast cancer.

As ADME genes tend to present single-nucleotide polymorphism (SNP). Leung et al. found that SNP
rs17143212 was significantly correlated with the expression level of ABCB5 and associated with the risk of liver
cancer and the presence of aggressive tumor characteristics*>. The variant rs9526814 in ATP7B may potentially
enhance resistance to platinum-based chemotherapy in lung cancer patients by influencing the expression of
the ATP7B gene, suggesting its potential as a biomarker for predicting platinum chemotherapy sensitivity**.
However, the specific role of SNP of ADME-related genes in breast cancer is still unclear, which needs further
research.

The TME consists of a diverse array of immune cells, interstitial cells, extracellular matrix components,
and tumor blood vessels, all of which collectively contribute significantly to the onset and advancement of
cancer®-%8, Throughout the development and expansion of tumors, the composition of infiltrating immune
cells within the TME often undergoes changes**’. Our analysis indicates that patients with high risk scores for
BRCA exhibited reduced ImmuneScores. In comparison to the low-risk group, the high-risk group exhibited
significant reduction in the majority of immune cells, including T helper cells, Tth, Th1 cells, Th2 cells, B cells,
CD8+T cells, Neutrophils, Mast cells, pDCs, TIL, and Treg. Furthermore, a substantial proportion of genes
linked to the immune system exhibited a trend towards suppression in the high-risk group, whereas the low-
risk group displayed notable enhancement in immune function. Studies indicate that crucial components of
anti-cancer defense comprise of immune cells*!. High-risk individuals have a bleak outlook due to their reduced
number of immune cells and weakened immunological function. The findings indicated that individuals with
breast cancer who were classified as low-risk had a more favorable response to immunotherapy in comparison to
those categorized as high-risk. Precision medicine aims to align drugs with genomic determinants of response®.
Identifying the molecular characteristics of tumors that influence responses to specific drug therapies poses
a significant challenge due to the heterogeneity of patient populations, the diverse nature of tumors, and the
incomplete comprehension of the multitude of molecular factors that influence treatment outcomes?*. To
address this challenge, we utilized the “pRRophetic” R package to forecast potential drugs that exhibit a strong
association with the risk score. Our screening results indicate that various types of chemotherapeutic agents
exhibit distinct responses to different risks. The results of this study provide insight into the participation of
ADME-associated genes in breast cancer and can be used to guide immunotherapeutic and chemotherapeutic
treatments for individuals with breast cancer.

Furthermore, this investigation also examined the variances in physiological mechanisms, signaling
pathways, and immune responses among individuals at different risk. Enrichment analysis was conducted on
the genes that exhibited differential expression in high-risk and low-risk patients, indicating their involvement
in various tumor-related signaling pathways such as the Estrogen, ErbB, Ras, and Wnt signaling pathway. The
findings indicate that genes associated with ADME may be involved in controlling the progression of BRCA
through the regulation of signal pathways related to tumors.

Nevertheless, our study is subject to several limitations. Selection bias may be present due to the use of
publicly available datasets for the majority of analyses, as well as the retrospective collection of all samples.
Furthermore, additional in vitro and in vivo experiments are required to validate our findings.

Conclusions

In conclusion, we developed a prognostic signature associated with ADME genes that can assist in predicting
survival, guiding immunotherapy, and determining clinical results. The study has the potential to offer greater
understanding of the role of ADME-associated genes in BRCA and aid in the advancement of more efficient
treatments for this condition.
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Data availability

The study’s GEO database (GSE20685, GSE7390, GSE20711, GSE25066, GSE58812) can be downloaded from
https://www.ncbi.nlm.nih.gov/gds/. The TCGA-BRCA gene matrix presented in the study could be obtained
from the TCGA database(https://portal.gdc.cancer.gov/).
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