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Abstract  

Background: Breast cancer remains one of the most common causes of cancer mortality in women globally. 
Although therapeutic options have improved, resistance to treatment continues to limit clinical success, high-
lighting the need for innovative approaches. One defining feature of malignancy is metabolic reprogramming. 
In breast cancer, tumor cells exhibit metabolic patterns that differ markedly from those of normal tissue, and 
characterizing these differences may help uncover new therapeutic targets aimed at disrupting tumor growth 
and improving outcomes.

Objectives: This study evaluated whether multiple machine learning methods could differentiate the metabolic 
signatures of breast cancer patients from those of healthy individuals, with the goal of identifying metabo-
lite-based targets relevant to precision oncology.

Methods: Plasma samples from 102 women with breast cancer and 99 control participants were profiled using 
targeted liquid chromatography–tandem mass spectrometry (LC-MS/MS). Six classification algorithms were 
trained and compared, and metabolite contributions to model performance were assessed using mean squared 
error–based importance measures.

Results: Breast cancer samples showed reduced levels of several amino acids, including alanine, histidine, 
tryptophan, tyrosine, methionine, and proline. Among the evaluated models, Random Forest demonstrated 
the strongest performance (accuracy = 0.90, specificity = 0.85, sensitivity = 0.95). K- Nearest Neighbors 
produced similar sensitivity but lower specificity, while Logistic Regression provided balanced performance 
(specificity = 0.90, sensitivity = 0.86; accuracy = 0.88). Naïve Bayes and Support Vector Machine yielded in-
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Abbreviation
mTOR: Mechanistic Target of Rapamycin
TNFα: Tumor Necrosis Factor Alpha
MEKK4: Mitogen-Activated Protein Kinase Kinase 
Kinase 4 TNBC: Triple-Negative Breast Cancer
KNN: K-Nearest Neighbors NB: Naïve Bayes
SVM: Support Vector Machine DT: Decision Tree
RF:  Random Forest
LR: Logistic Regression

Introduction
Breast cancer is among the most common cancers af-
fecting women globally and contributes substantial-
ly to cancer-related illness and death. [1] Data indi-
cate that in 2022 approximately 2.3 million women 
were newly diagnosed with breast cancer and about 
670,000 deaths were attributed to the disease. Pro-
jections suggest that by 2050, incidence may rise by 
roughly 38% and mortality by 68%, corresponding 
to an estimated 3.2 million new cases and 1.1 million 
deaths worldwide. [2] Although treatment approach-
es have advanced, treatment resistance continues to 
hinder progress, and improving patient outcomes 
remains a major clinical priority. [3, 4] In recent 
years, tumor metabolism has attracted growing in-
terest, especially in relation to the Warburg effect, 
whereby cancer cells favor glycolysis for energy 
generation even when oxygen is available. [5] This 
metabolic alteration promotes rapid cellular growth 
and enhances survival in stressful environments, a 
phenomenon commonly referred to as metabolic 
reprogramming.[6] Because of its central involve-

ment in tumor development and progression, altered 
metabolism is now recognized as a defining feature 
of cancer cells. [7] Multiple metabolic pathways are 
disrupted in breast cancer, with glycolysis markedly 
upregulated alongside increased expression of glu-
cose transporters and key glycolytic enzymes. [8,9] In 
addition to glucose metabolism, certain amino acids, 
including serine and glutamine, play critical roles in 
supporting breast cancer growth. [10,11] Moreover, 
enhanced activity of the pentose phosphate pathway 
has been observed in breast tumors, where it supports 
nucleotide production and maintenance of cellular re-
dox balance. [12] Furthermore, lipid metabolism is al-
tered in breast cancer, with tumor cells exploiting fatty 
acids and upregulating lipid synthesis, including cho-
lesterol uptake, to support membrane formation and 
energy generation. [13] These metabolic alterations 
allow cancer cells to survive and proliferate in adverse 
microenvironments, thereby promoting tumor growth. 
[14,15] Predictive medicine is an evolving discipline 
that utilizes technologies such as genomics, bioinfor-
matics, and artificial intelligence to evaluate disease 
risk and tailor healthcare to individual patients. [16-
20] By integrating genetic variants, lifestyle informa-
tion, and clinical parameters, predictive models can 
pinpoint individuals at higher risk for conditions such 
as diabetes, cancer, and cardiovascular diseases, facil-
itating early detection and tailored preventive inter-
ventions. [21-23]

Machine learning algorithms improve the precision 
of predictions by uncovering complex patterns within 

termediate accuracy (0.83). The Decision Tree model had the lowest sensitivity (0.76) but the highest positive 
predictive value (0.89). Feature-importance analysis consistently identified glutamic acid, ketocholesterol, 
cystine, ornithine, succinate, acetylcarnitine, asparagine, tryptophan, and palmitic acid as influential metab-
olites.

Conclusion: Machine learning–based metabolic profiling revealed several metabolites that may represent ac-
tionable metabolic constraints in breast cancer. These findings support the potential of metabolomics-driven 
modeling to inform targeted interventions and individualized therapeutic strategies.
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Study Design and Participants
This study analyzed a dataset containing both 
demographic and metabolic information from 201 
participants, including 102 women diagnosed with 
breast cancer and 99 age-matched healthy controls. A 
schematic overview of the study workflow is provided 
in Figure 1. Biological samples were sourced from 
Bloodworks Northwest (Seattle, WA) and the Breast 
Specimen Repository at the Fred Hutchinson Cancer 
Research Center (FHCRC; Seattle, WA). All breast 
cancer samples were obtained from FHCRC, whereas 
control specimens comprised 31 samples from 
FHCRC and 68 from Bloodworks Northwest.

Because the specimens were commercially acquired, 
the analysis qualified for IRB exemption. However, 
informed consent had been secured from all donors 
by the respective institutions at the time of sample 
collection. The research adhered to the principles of 
the Declaration of Helsinki and received approval 
from the Inonu University Health Sciences Non-
Interventional Clinical Research Ethics Committee 
(protocol no. 2024/5750).
Eligibility criteria for the breast cancer group included 
women aged 30–75 years with histopathologically 
confirmed primary breast cancer who had not 
undergone any cancer treatment, such as chemotherapy, 
radiotherapy, or hormonal therapy, prior to blood 
collection. Control participants were healthy women 
within the same age range who had no history of 
cancer or chronic metabolic conditions. To minimize 
metabolic variability, all participants fasted for at least 
eight hours before blood sampling.

Exclusion criteria for both groups comprised pregnancy 
or breastfeeding, chronic systemic illnesses (including 
diabetes, cardiovascular, renal, or hepatic disorders), 
use of medications known to influence metabolism, 
and any signs of acute infection or inflammation at the 
time of sampling. Plasma metabolites were quantified 
using targeted liquid chromatography–tandem mass 
spectrometry (LC-MS/MS), ensuring high analytical 
precision. Following acquisition, samples were 
stratified according to demographic variables and 
metabolic features for downstream analysis. [29,30]
Sample Preparation and LC-MS/MS Analysis

Plasma samples were thawed at 4 °C overnight prior 
to metabolite extraction. For each specimen, 50 μL 
of plasma was placed into a 2 mL vial and proteins 

large datasets, thereby facilitating personalized treat-
ment strategies and better patient outcomes. [24,25] 
Furthermore, pharmacogenomics, a central element 
of predictive medicine, enables the customization of 
drug therapies according to an individual’s genetic 
profile, reducing adverse effects while maximizing 
therapeutic efficacy. As predictive medicine advanc-
es, it is transforming healthcare by emphasizing pro-
active prevention and precision care rather than sole-
ly reactive treatment. [26-28] Given the pronounced 
metabolic differences between breast tumors and 
normal tissue, profiling tumor metabolism offers 
significant promise for improving therapeutic strate-
gies. Pinpointing these metabolic vulnerabilities may 
reveal novel intervention points—so-called metabol-
ic bottlenecks—that can be targeted to impede tumor 
progression and enhance treatment effectiveness.

This study seeks to characterize the metabolic signa-
tures of breast cancer patients and evaluate their clin-
ical relevance through machine learning techniques. 
We hypothesize that distinct metabolic patterns can 
act as predictive metabolic bottlenecks, informing 
the development of more precise and effective per-
sonalized therapies. The novelty of this work lies in 
combining targeted plasma metabolomics using LC-
MS/MS with multiple machine learning algorithms 
to uncover predictive metabolic markers in breast 
cancer. Unlike prior studies that examined amino 
acid or lipid metabolism in isolation, our approach 
simultaneously evaluates both pathways. Addition-
ally, by introducing the concept of metabolic bottle-
necks, we emphasize potential vulnerabilities that 
may serve as innovative therapeutic targets.

Methods

Figure 1: Workflow of the study design and 
analysis
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were precipitated by adding 300 μL of methanol. 
The mixture was vortex-mixed, incubated at −20 
°C, and then subjected to sonication followed 
by centrifugation. The resulting supernatant was 
transferred, evaporated to dryness using a vacuum 
concentrator, and reconstituted in a solution 
containing stable isotope–labeled internal standards 
to monitor analytical performance.

To evaluate instrument stability and reduce potential 
batch effects, a pooled quality control (QC) 
sample—prepared by combining plasma from both 
breast cancer patients and controls—was processed 
in the same manner as study samples and injected 
periodically throughout the LC-MS/MS sequence.

Metabolomic profiling was performed using a 
Waters Acquity I-Class UPLC system coupled with 
a TQS- micro triple quadrupole mass spectrometer. 
Chromatographic separation was achieved on a 
Waters Xbridge BEH Amide column maintained at 
40 °C with a flow rate of 0.3 mL/min. Analyses were 
conducted in both positive and negative electrospray 
ionization modes, each employing mode-specific 
mobile phase compositions. A gradient elution 
protocol was implemented to enhance metabolite 
resolution, and compound identities were verified 
through spiking experiments using authentic 
standards. [31]

Data acquisition and processing of multiple reaction 
monitoring (MRM) signals were carried out with 
TargetLynx software. All plasma specimens were 
stored at −80 °C prior to analysis to preserve 
metabolite integrity. Stable isotope–labeled 
standards were added to each sample, and metabolite 
intensities were normalized against these standards 
to improve reproducibility. Absolute concentrations 
were not determined; instead, the study relied on 
relative quantification for all analyses. [32]

Study Measures Metabolic Markers
Plasma metabolite profiling was performed using 
LC-MS/MS, focusing on metabolites involved in 
pathways relevant to breast cancer progression. In 
total, 99 metabolites were measured and included in 
subsequent analyses and model construction.

Statistical Approach
Machine Learning Models

A machine learning-based classification approach was 
applied to metabolic data to categorize individuals 
into breast cancer patients and healthy controls. 
Several supervised machine learning algorithms were 
employed for classification analysis. The K-Nearest 
Neighbors (KNN) method assigns class labels based 
on similarity to nearby observations in the feature 
space, with the final class determined by the majority 
label among the closest neighbors. [33] Support Vector 
Machine (SVM) separates classes by constructing 
an optimal decision boundary, or hyperplane, that 
maximizes the margin between groups, thereby 
improving generalization and reducing overfitting in 
complex datasets. [34] The Naïve Bayes algorithm is a 
probabilistic approach that estimates class membership 
using Bayes’ theorem while assuming that predictors 
contribute independently to the outcome. [35] 
Decision Tree models classify observations through 
a hierarchical structure of sequential decision rules, 
where the data are repeatedly partitioned into smaller 
subsets based on feature values. [36] 

Random Forest extends this concept by generating an 
ensemble of decision trees built on random subsets 
of samples and predictors, with final predictions 
determined by majority voting across trees, enhancing 
stability and predictive accuracy. [37] Logistic 
Regression, a widely used statistical learning method, 
models the probability of a binary outcome as a 
function of predictor variables by estimating their 
contribution to the log-odds of the response, offering 
both interpretability and reliable performance in 
classification tasks. [38, 39]

Model Robustness, Loss Functions, and Data 
Quality Control
To reduce the risk of overfitting and enhance 
generalizability, model development incorporated a 
five- fold cross-validation framework implemented 
with the caret package in R. The dataset was first 
divided into training (80%) and testing (20%) 
subsets, with cross-validation performed only within 
the training portion. Hyperparameter selection and 
model optimization were conducted across the cross-
validation folds, and final performance was evaluated 
on the independent test set. Each algorithm optimized 
its inherent objective function during training: 
logistic regression minimized binary cross-entropy, 
support vector machines relied on hinge loss, and 
tree-based models (decision tree and random forest) 
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used Gini impurity to guide node splitting. Naïve 
Bayes estimated parameters through maximization 
of log- likelihood, whereas K-Nearest Neighbors, 
being non-parametric, assigned classes according to 
Euclidean distance without optimizing an explicit 
loss function [40, 41].
Before model fitting, data quality checks were 
performed to ensure reliability. The dataset contained 
no missing values. Potential outliers were screened 
using boxplots and z-score thresholds (|z| > 3). 
Extreme observations were reviewed for biological 
plausibility, and when appropriate, logarithmic 
transformation was applied to mitigate skewness 
and approximate normal distributions. These 
preprocessing steps were undertaken to improve 
data integrity and model robustness. Predictive 
performance was quantified using accuracy, 
sensitivity, specificity, positive predictive value, and 
negative predictive value [42].
 
Hyperparameter Tuning
Hyperparameter selection was performed through 
grid search where applicable. For the K-Nearest 
Neighbors algorithm, the optimal number of 
neighbors (k) was chosen based on cross-validation 
results. For the support vector machine model, a radial 
basis function kernel was adopted in accordance 
with prior studies, while other parameters remained 
at default values. In the random forest model, the 
number of trees was set to 100, which provided 
stable and reliable predictions.

Statistical Analysis
All statistical analyses were conducted in R (version 
4.4.1). Two-sided tests were used throughout, and 

statistical significance was defined as p < 0.05. Variable 
distributions were evaluated using the Shapiro– Wilk 
test. Group comparisons for categorical variables 
were performed using the chi-square test, whereas 
continuous variables were analyzed using either 
the independent t-test or the Mann–Whitney U test 
depending on distributional assumptions.

Results
Sample Characteristics
The demographic profile and selected metabolically 
relevant variables of the study population are presented 
in Table 1. In total, 201 plasma samples were included 
in the analysis, comprising 102 from patients with 
breast cancer and 99 from healthy controls. The 
mean age of participants in the breast cancer group 
was 55 years, compared with 52 years in the control 
group. Average metabolite levels were also evaluated 
across groups. For example, alanine concentrations 
were lower in patients than in controls (377,036 vs. 
519,367), as were histidine (1,080,024 vs. 1,210,992) 
and tryptophan (978,986 vs. 1,196,444). Detailed 
results for all measured metabolites are provided in 
Supplementary Table 1.

Metabolite measurements are reported as normalized 
relative abundances derived from quality-control– 
based scaling procedures, in which QC injections 
were averaged to maintain analytical consistency 
across runs. Although these values do not represent 
absolute molar concentrations, they are appropriate 
for comparative statistical evaluation and machine 
learning modeling.
Classification Performance
The predictive performance of six machine learning 

Healthy Samples Mean 
(SD)

Breast cancer patients 
Mean (SD)

p

Age 52 (12) 55 (10) 0.056
Alanine 519367 (141095) 377036 (121443) <0.001

Histidine 1210992 (239513) 1080024 (241916) <0.001
Tryptophan 1196444 (393159) 978986 (291736) <0.001

Acetyl carnitine 293355 (167744) 492791 (225758) <0.001
Acetylglucosamine 3440 (1187) 2668 (1054) <0.001

Adenosine 1316 (1224) 2646 (3235) <0.001
Tyrosine 113269 (43105) 76600 (24208) <0.001

Anthranilic. Acid 907 (652) 584 (546) <0.001

Table 1: Sample Characteristics
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classifiers—K-Nearest Neighbors, Support Vector 
Machine, Naïve Bayes, Decision Tree, Random 
Forest, and Logistic Regression—was assessed using 
sensitivity, specificity, accuracy, positive predictive 
value, and negative predictive value. A detailed 
comparison of these metrics is presented in Table 2, 
while receiver operating characteristic curves for all 
models are shown in Figure 2.

Among the evaluated approaches, the Random 
Forest model demonstrated the strongest overall 
sensitivity (0.95) and the highest negative predictive 
value (0.94), indicating superior ability to correctly 
identify breast cancer cases and rule out healthy 
controls. The Decision Tree model achieved the 
best specificity (0.90), overall accuracy (0.90), and 
positive predictive value (0.90), reflecting strong 
performance in correctly classifying non-cancer 
cases and confirming positive predictions. Logistic 
Regression also performed well, showing high 
sensitivity (0.90), negative predictive value (0.89), 
and good overall accuracy (0.85). Naïve Bayes 
displayed balanced performance, with sensitivity of 
0.81, specificity of 0.80, and an accuracy of 0.80. 
Both Naïve Bayes and Support Vector Machine 
showed comparatively lower sensitivity (0.76) 
despite maintaining relatively high specificity 

(0.85). The K-Nearest Neighbors algorithm exhibited 
the weakest performance overall, with the lowest 
accuracy (0.78) and positive predictive value (0.77), 
suggesting reduced reliability in identifying positive 
cases.
Taken together, Random Forest provided the 
most robust classification performance, followed 
by Decision Tree and Logistic Regression, when 
considering both accuracy and sensitivity metrics.

       
Figure 2: ROC plots for each model: K-Nearest 
Neighbors (KNN), Support Vector Machine (SVM), 
Naïve Bayes (NB), Decision Tree (DT), Random 
Forest (RF), and Logistic Regression (LR).

Caffeine 390620 (423610) 104374 (182222) <0.001
Carnitine 1466179 (347252) 1266450 (344290) <0.001
Choline 832622 (250867) 684913 (258019) <0.001

Creatinine 8469468 (1899658) 6979915 (1742566) <0.001
Cystine 60124 (48938) 138303 (46830) <0.001

Glutamic Acid 1253120 (695248) 412072 (216153) <0.001
Methionine 151370 (67815) 193134 (57982) <0.001
Homoserine 514689 (147898) 409621 (122108.97) <0.001

Hypoxanthine 193253 (261932) 402543 (428699) <0.001
Isoleucine 6439637 (2162432) 4789288 (1186628) <0.001

Kynurenic.acid 3356 (1581) 2307 (1282) <0.001
Kynurenine 11791 (4565) 9463 (3686) <0.001

L.Alloisoleucine 7108170 (2376444) 5287973 (1312879) <0.001
Leucine 6414989 (2157010) 4757621 (1186610) <0.001
Lysine 1222998 (340572) 975897 (311635) <0.001
Proline 621213 (202214) 438417 (170220) <0.001

Norleucine 5959529 (1997544) 4423950 (1098147) <0.001
Ornithine 595850 (220847) 341889 (133200) <0.001

Phenylalanine 3274991 (993388) 2463481 (551597) <0.001



J. of Pro Med and Hea Care Vol:2,2. Pg:7

Research Article Open Access

Feature Importance Analysis
To identify the most influential features contributing 
to classification performance, the Percentage Increase 
in Mean Squared Error (%IncMSE) was used as the 
feature importance metric. Figure 3 illustrates the 
ranking of variables based on this measure. Among 
all features, glutamic acid (16.31) showed the highest 
importance value, indicating its strong contribution 
to model accuracy. Other variables within the top 
10% of importance included ketocholesterol (12.45), 
cysteine (10.60), age (10.49), ornithine (6.65), 
succinate (5.96), acetylcarnitine (5.96), asparagine 
(5.38), tryptophan (5.25), and palmitic acid (5.24). 
Collectively, these features played a substantial 
role in improving the predictive performance of the 
model.

Figure 3: Features Ranked by Percentage Increase in 
Mean Squared Error (%IncMSE). Feature importance 

was assessed using the %IncMSE metric from the 
Random Forest model, where higher values indicate a 
greater contribution to classification accuracy.

Discussion
Our findings indicate that metabolic profiling can 
effectively distinguish breast cancer patients from 
healthy individuals, supporting the notion that altered 
metabolism is a hallmark of cancer. Plasma analysis 
revealed significant reductions in several amino acids, 
including alanine (Ala), histidine (His), tryptophan 
(Trp), tyrosine (Tyr), methionine (Met), and proline 
(Pro), in breast cancer patients. These alterations may 
reflect cancer-related shifts in energy metabolism, 
protein turnover, and signaling pathways.

Machine learning analyses further demonstrated 
the potential of metabolic signatures for accurate 
classification. Random Forest (RF) achieved the highest 
overall accuracy and specificity, while K-Nearest 
Neighbors (KNN) showed the highest sensitivity, 
emphasizing their utility in early detection where 
minimizing false negatives is critical. However, the 
lower specificity of KNN suggests a risk of increased 
false positives, which could lead to unnecessary 
follow-ups. Logistic Regression (LR) displayed a 
balanced performance, suggesting its suitability when 
both false positives and false negatives need to be 
minimized. Naive Bayes (NB) favored sensitivity at 
the expense of specificity, indicating its potential role 
in screening scenarios where missing true cases is 
more concerning than over-diagnosis.

Feature importance analyses highlighted metabolites 
such as glutamic acid, 7-ketocholesterol (7-KC), 
cystine, ornithine, succinate, acetylcarnitine, 

Table 2: Performance Metrics of Machine Learning Models on the Test Dataset

Classifier Sensitivity Specificity Accuracy PPV NPV F1 AUC

KNN 0.81 0.75 0.78 0.77 0.79 0.79 0.82
SVM 0.76 0.85 0.8 0.84 0.77 0.8 0.88

NB 0.81 0.8 0.8 0.81 0.8 0.81 0.93

DT 0.9 0.9 0.9 0.9 0.9 0.9 0.9

RF 0.95 0.75 0.85 0.8 0.94 0.87 0.96

LR 0.9 0.8 0.85 0.83 0.89 0.86 0.89
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asparagine, tryptophan, and palmitic acid, along with 
age, as key contributors to classification performance. 
These findings not only reinforce the relevance of 
metabolic dysregulation in breast cancer but also 
suggest specific biomarkers that could be further 
explored for diagnostic or therapeutic purposes. [43, 
44]

Our findings align with previous research 
demonstrating altered amino acid metabolism in 
breast cancer. We observed a significant decrease 
in plasma levels of Ala, His, Trp, Tyr, Met, and Pro 
in breast cancer patients, consistent with a study by 
Shen et al., which reported reduced levels of these 
amino acids in triple- negative breast cancer (TNBC) 
patients. Additionally, in ER+/PR+ breast cancer 
patients, levels of Ala and His were significantly 
lower than in healthy controls. [45] Another study 
analyzing plasma from patients with luminal A, 
TNBC, and HER2-positive breast cancer also 
observed a significant decrease in Trp levels compared 
to healthy individuals. [46] These findings suggest 
that amino acid metabolism is systematically altered 
in breast cancer, potentially due to increased tumor 
cell consumption and metabolic reprogramming. 
Feature importance analysis identified glutamic acid 
as one of the most significant metabolic markers in 
breast cancer. Glutamic acid is a central metabolite in 
cancer metabolism, particularly in the glutaminolysis 
pathway, which fuels tumor growth by supplying 
carbon and nitrogen sources for biosynthesis and 
redox balance maintenance. [47, 48] 

Studies indicate that glutaminase (GLS), the enzyme 
converting glutamine to glutamic acid, is upregulated 
in aggressive breast cancers such as TNBC, 
promoting proliferation and survival. Additionally, 
increased glutamic acid levels have been linked to 
therapy resistance in endocrine- resistant breast 
cancer. [49] Given these roles, targeting glutaminase 
or glutamic acid metabolism could represent a 
promising therapeutic strategy, particularly in 
cancers that exhibit glutamine addiction.

Our study also identified 7-KC as a key metabolic 
feature in breast cancer. 7-KC is an oxidized 
cholesterol derivative implicated in cancer 
progression and drug resistance. [50] Research 
suggests that 7-KC reduces doxorubicin cytotoxicity 
in ER+ MCF-7 cells by upregulating P-glycoprotein 

via an ERα- and mTOR- dependent pathway, leading 
to reduced intracellular drug accumulation and 
decreased efficacy (50). Furthermore, 7-KC has been 
shown to modulate tamoxifen response, slightly 
reducing its effect in ER+ cells while enhancing it in 
ER-negative BT-20 cells. It also promotes cancer cell 
migration and invasion, suggesting a role in breast 
cancer metastasis. [51] 

However, recent studies indicate that 7-KC-loaded 
phosphatidylserine liposomes exhibit anticancer 
potential by inducing apoptosis and autophagy in 
melanoma and breast adenocarcinoma models, 
highlighting its dual role in cancer biology. [52] 
Overall, 7- KC influences both drug resistance and 
tumor progression, underscoring the need for further 
research into its therapeutic potential. Cystine, the 
oxidized dimer of cysteine, plays a crucial role in 
breast cancer progression, particularly in TNBC (53). 
Our study identified cystine as a significant metabolic 
marker, aligning with studies showing that TNBC 
cells, especially mesenchymal subtypes, exhibit a 
strong dependency on cystine for survival. TNBC 
cells are highly sensitive to cystine deprivation, which 
induces programmed necrosis through TNFα and the 
MEKK4-p38-Noxa pathways. Interestingly, inhibiting 
these pathways reduces cell death, suggesting potential 
therapeutic strategies targeting cystine metabolism in 
aggressive breast cancer subtypes. [53]

While our study identified several key metabolites 
with high discriminative potential for breast cancer 
diagnosis, we acknowledge that our findings remain 
at the correlation level. The absence of tissue-level 
validation and mechanistic exploration limits our 
ability to infer causal relationships between these 
plasma markers and breast cancer biology. Future 
studies should focus on confirming whether these 
differential metabolites mirror tumor-specific 
metabolic reprogramming through paired plasma–
tissue metabolite profiling. Additionally, functional 
studies involving gene knockdown/overexpression in 
breast cancer cell lines, as well as pathway analyses 
targeting glutamine and cholesterol metabolism, will 
be crucial to elucidate underlying mechanisms and 
assess the translational relevance of these biomarkers 
as therapeutic targets.

Limitations
Despite the promising findings of our study, several 
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limitations should be acknowledged. First, our 
sample size may not fully capture the heterogeneity 
of breast cancer, and larger, multi-center studies are 
needed to validate the metabolic signatures identified. 
Second, while we used machine learning models 
for classification, further optimization and external 
validation are required to confirm their clinical 
applicability. Incorporating additional datasets 
from independent cohorts could improve model 
generalizability. Third, our study relied on plasma 
metabolomics, which provides valuable insights but 
does not directly reflect tumor-specific metabolic 
changes. Integrating tumor tissue metabolomics or 
single-cell analysis could offer a more comprehensive 
understanding of metabolic alterations. Fourth, the 
breast cancer cohort included patients with different 
molecular subtypes (e.g., ER/PR/HER2 status) and 
clinical stages; this heterogeneity, although reflective 
of real-world populations, may have contributed to 
variability in the observed metabolic patterns. Finally, 
beyond age-matching, other potentially influential 
factors such as BMI, menopausal status, and lifestyle 
variables (diet, smoking, alcohol) were not available 
or considered in the dataset. The absence of these 
covariates may confound metabolic differences 
and should be addressed in future studies. Finally, 
although we identified key metabolic features linked 
to breast cancer, functional studies are needed to 
elucidate their precise mechanistic roles in tumor 
progression and therapy resistance.

Conclusion and Future Directions
This study highlights the potential of metabolic 
profiling and machine learning in breast cancer 
detection and classification. Our findings reveal 
significant alterations in amino acid metabolism, with 
decreased levels of alanine, histidine, tryptophan, 
tyrosine, methionine, and proline in breast cancer 
patients compared to healthy individuals. Feature 
importance analysis identified glutamic acid, 7-KC, 
and cystine as key metabolic markers, providing 
new insights into cancer metabolism and therapeutic 
targeting. Among the machine learning models 
tested, RF demonstrated the highest classification 
performance, followed by LR and KNN. These 
findings highlight the potential of metabolic markers 
and machine learning approaches in advancing non-
invasive breast cancer diagnostics. Future studies 
should focus on validating these findings in larger 
cohorts, integrating multi-omics approaches, and 

exploring the mechanistic role of identified metabolites 
in breast cancer progression and treatment resistance.
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