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Background: Accurately predicting pathologic complete response (pCR) to neoadjuvant chemotherapy (NAC) in breast cancer 
remains challenging when relying on single biomarkers. We aimed to establish a composite serum model integrating CA153, tumor- 
supplied group of factors (TSGF), and CYFRA 21–1 to enhance predictive performance.
Methods: This retrospective study included 258 breast cancer patients who received NAC at The First Hospital of Putian between 
January 2021 and December 2022. Eligible patients had histologically confirmed invasive breast cancer and complete clinical, 
pathological, and biomarker data. Patients with distant metastasis or incomplete serum data were excluded. Serum biomarkers 
(CA153, TSGF, and CYFRA 21–1) were measured before NAC. Univariate and multivariate logistic regression analyses were 
conducted to identify independent predictors of pCR, and receiver operating characteristic (ROC) curves were used to evaluate 
model performance.
Results: Serum CA153, TSGF, and CYFRA 21–1 levels were significantly lower in patients achieving pCR than in non-pCR patients 
(CA153: 72.10 vs. 103.82 U/mL; TSGF: 129.77 vs. 188.12 U/mL; CYFRA 21–1: 10.16 vs. 17.05 ng/mL; all P < 0.001). Moderate 
positive correlations were observed among the three markers. Multivariate logistic regression confirmed CA153 (OR = 1.185), TSGF 
(OR = 1.062), and CYFRA 21–1 (OR = 1.395) as independent predictors of non-pCR. The composite serum model demonstrated 
excellent discrimination (AUC = 0.967, 95% CI: 0.949–0.985), with high sensitivity (0.980) and negative predictive value (0.968), 
outperforming each biomarker alone.
Conclusion: The CA153–TSGF–CYFRA 21–1 serum composite model provides a simple, accurate, and non-invasive approach for 
predicting NAC response in breast cancer, with potential to support individualized treatment strategies.
Keywords: breast cancer, pathological complete response, CA153, tumor supplied group of factors, CYFRA 21-1

Introduction
Breast cancer remains the most common malignancy among women worldwide, and neoadjuvant chemotherapy (NAC) 
plays a critical role in reducing tumor burden, improving breast conservation rates, and evaluating chemosensitivity 
before surgery.1–3 Achieving a pathologic complete response (pCR) after NAC is a key prognostic indicator associated 
with improved long-term survival. However, not all patients benefit equally from NAC, and accurate prediction of pCR 
remains a major clinical challenge.3,4
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Current imaging and tissue-based predictors have limited accuracy, whereas serum biomarkers such as CA153, TSGF, 
and CYFRA 21–1 offer a noninvasive and cost-effective means to monitor tumor burden and chemotherapy response. 
While some studies have explored the relationship between clinical and molecular features and the response to 
neoadjuvant chemotherapy and prognosis in breast cancer patients, existing predictive models often lack consistency 
and reliability. The use of traditional clinical features, histological parameters, and molecular markers alone has been 
shown to have certain limitations in predicting outcomes.5,6 Liscia et al7 investigated the use of CYFRA 21–1 in 
predicting axillary lymph node metastasis in breast cancer, suggesting its potential to clearly separate positive samples 
from negative ones. Fisher et al8 employed machine learning to predict the response to neoadjuvant therapy in triple- 
negative breast cancer patients, but due to the relatively poor interpretability of machine learning models, further research 
is needed for clinical application. Additionally, these methods are expensive, complex to operate, and have low 
repeatability, limiting their clinical utility. Therefore, rapidly, accurately, conveniently, and economically predicting 
pCR in NAC patients remains a key issue in clinical practice. Consequently, the search for interpretable and powerful 
biomarkers or predictive models to help identify breast cancer patients who may benefit from neoadjuvant chemotherapy 
has become urgent.

In this study, we explored the potential value of CA153 - Tumor Supplied Group of Factors - CYFRA 21–1 
biomarkers in predicting pCR in breast cancer patients undergoing neoadjuvant chemotherapy. In contrast to previous 
studies, we combined multiple serum markers, which have previously shown potential predictive value in tumor 
diagnosis and prognostic assessment, to enhance the predictive ability of the model through their joint utilization.

In this retrospective study, we aimed to establish and validate a serum multi-biomarker logistic regression model 
incorporating CA153, TSGF, and CYFRA 21–1 to predict pCR after NAC in breast cancer patients. We hypothesized that 
the combined model would outperform single biomarkers and provide a practical, noninvasive tool to guide individua
lized treatment decisions.

Materials and Methods
Patient Selection
This study included 258 patients with breast cancer who were treated at The First Hospital of Putian, Teaching Hospital, 
Fujian Medical University between January 2021 and December 2022 consecutively. All histologically confirmed breast 
cancer cases scheduled for neoadjuvant chemotherapy were eligible. In neoadjuvant chemotherapy, all patients received 
chemotherapy based on paclitaxel and/or anthracycline. Trastuzumab was added to the treatment regimen for HER2- 
positive patients. Tumor size was assessed by physical examination and ultrasound at each cycle, with MRI evaluation 
every two cycles. Pathological response was assessed on surgical specimens after completion of NAC according to 
institutional pathology practice and guideline-based criteria. Two experienced breast pathologists independently reviewed 
the specimens. Any discrepant interpretation was resolved by consensus (with senior pathologist adjudication when 
required). Pathologic complete response (pCR) was defined as ypT0/is ypN0 (no residual invasive carcinoma in the 
breast and axillary lymph nodes, with residual DCIS permitted). All patients were strictly selected based on inclusion and 
exclusion criteria: (1) unilateral primary breast cancer confirmed by biopsy; (2) age 18 years and above; (3) clinical 
stages I, II, and III; (4) meeting the requirements of the 2019 National Comprehensive Cancer Network guidelines. 
Exclusion criteria included: (1) previous receipt of other treatments; (2) incomplete pathological results or clinical data; 
(3) patients not receiving standardized chemotherapy or surgery; (4) incomplete follow-up information. Finally, 258 
patients were included. All pathological and clinical data of the patients were obtained from electronic medical records 
by two clinical teams and verified by a third-party team. All clinical factors and laboratory indicators were tested within 
one week prior to the initiation of NAC. This retrospective study was approved by the Ethics Committee of The First 
Hospital of Putian, Teaching Hospital, Fujian Medical University, Helsinki Declaration. All patients provided informed 
consent. Comprehensive laboratory and imaging examinations were performed for all patients. Two experienced breast 
pathologists independently examined the specimens and determined pCR based on hematoxylin and eosin-stained slides. 
Pathologic complete response (pCR) was defined as the absence of residual invasive carcinoma in the breast and axillary 
lymph nodes (ypT0/is ypN0), allowing for residual ductal carcinoma in situ (DCIS). This study was reported in 
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accordance with the TRIPOD (Transparent Reporting of a multivariable prediction model for Individual Prognosis or 
Diagnosis) statement (Supplementary Table 1).

Measurement of Plasma CA153, Tumor Supplied Group of Factors and CYFRA 21-1 
Levels
CA153, also known as carbohydrate antigen 153 or breast cancer-associated antigen (BRCA), is a glycoprotein antigen. 
It is primarily produced by breast cancer cells but can also occur in other cancers such as ovarian cancer and colon 
cancer. Levels of CA153 are typically assessed through serum testing, as it can be detected in the blood of cancer 
patients. Tumor Supplied Group of Factors (TSGF) is a group of tumor-associated biomarkers that includes various 
molecules such as cytokines, growth factors, and cell adhesion molecules. These factors are mainly produced by tumor 
cells and are involved in tumor growth, spread, and metastasis through different pathways. Detection of TSGF can be 
performed using serum, urine, or tissue samples to assess tumor activity and clinical status. CYFRA 21–1 is a cytokeratin 
fragment produced mainly by epithelial cells, particularly as a result of cancer-induced epithelial cell damage. It is 
primarily detected in various cancers such as non-small cell lung cancer and can also be used for monitoring esophageal 
cancer, head and neck cancer, etc. Levels of CYFRA 21–1 are typically assessed through serum testing and can be used 
for assisting in cancer diagnosis, prognosis assessment, and treatment monitoring.

In this study, all three markers were assessed through automated blood testing conducted after morning blood draw.

Clinical Data Collection
Clinical data on breast cancer patients meeting inclusion and exclusion criteria were collected from the First Hospital of 
Putian, Teaching Hospital, Fujian Medical University medical record system, including: (1) Basic hospitalization data: 
gender, age, clinical stage, tumor size, lymph node metastasis, NAC (neoadjuvant chemotherapy) regimen, Breast 
surgery, Therapeutic effect, etc. (2) Serological results within one week before NAC: CA153, Tumor Supplied Group 
of Factors, and CYFRA 21–1.Clinical and laboratory data were retrospectively extracted from the hospital’s electronic 
medical record system using a standardized data abstraction form. Two investigators independently verified data entries, 
and missing or ambiguous values were cross-checked with the pathology and laboratory databases to ensure complete
ness and accuracy. Multicollinearity was assessed using Variance Inflation Factor (VIF), with all variables showing VIF < 
2.0, indicating no significant multicollinearity.

Clinical covariates, including estrogen receptor (ER), progesterone receptor (PR), human epidermal growth factor 
receptor-2 (HER2), Ki-67 index, histologic grade, and chemotherapy regimen, were included based on established 
associations with neoadjuvant chemotherapy response and prognosis. ER, PR, and HER2 statuses were determined by 
immunohistochemistry according to ASCO/CAP guidelines, and Ki-67 ≥20% was defined as high proliferation.

Clinical stage (cTNM stage I–III) was assigned before initiation of NAC using the AJCC [8th edition] staging system 
based on pretreatment clinical and imaging assessment, including physical examination, breast and axillary ultrasound, 
and breast MRI (with additional imaging examinations when clinically indicated). Clinical staging was determined by the 
treating breast multidisciplinary team (or by two breast oncologists/radiologists, according to actual practice).

Data Analysis
Continuous variables with normal distribution were assessed using t-tests, while those not conforming to normal 
distribution were analyzed using the Wilcoxon rank-sum test. Categorical variables were examined using either the chi- 
square test or Fisher’s exact test. Initially, univariate logistic regression analysis was conducted to identify variables with 
a significance level of P < 0.05. Subsequently, these variables were included in a multivariate logistic regression analysis 
to identify risk factors and construct a composite inflammation index model. The optimal cutoff value for predicted 
probability was determined based on sensitivity and specificity, selecting the threshold corresponding to the maximum 
Youden index (sensitivity + specificity − 1) derived from the ROC curve within the same dataset. Receiver operating 
characteristic (ROC) curves were then utilized to evaluate the discriminative ability of individual serum indices and the 
composite inflammation model. A forced-entry multivariable logistic regression model was used, with all predictors 
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entered simultaneously based on prior clinical relevance rather than stepwise selection. Linearity of continuous predictors 
with the log-odds of pCR was evaluated using restricted cubic splines. The spline plots did not reveal meaningful 
departures from linearity; therefore, predictors were retained in linear form.

Missing data represented less than 3% of all variables and were handled using complete-case analysis, as the pattern 
of missingness was random and unlikely to bias results. Data analysis was performed using SPSS 25.0 (IBM, Armonk, 
New York, USA), with statistical significance defined as a two-tailed P-value < 0.05. Graphs were generated using 
R language (version 4.0.5) and GraphPad Prism (version 8.0). Sample size adequacy was evaluated using events per 
variable (EPV) analysis, ensuring ≥10 EPV in the multivariable logistic regression. Internal validation was performed 
through bootstrapping with 1000 resamples to test model stability and minimize overfitting.

Results
Baseline Information of Patients with Breast Cancer After Neoadjuvant 
Chemotherapy Stratified into pCR and Non-pCR Groups
The study included a total of 258 patients after exclusion criteria were applied (see Figure 1), with 150 patients in the 
pCR group and 108 patients in the Non-pCR group. Regarding basic demographic characteristics, there were no 
statistically significant differences in age and BMI between the two groups (P=0.707 and 0.893, respectively), with 
a similar proportion of patients over and under 50 years old in both groups. In terms of tumor characteristics, the pCR 
group had smaller tumor diameters, with 70.7% classified as T1-T2, compared to 50.0% in the Non-pCR group, showing 
a statistically significant difference. Additionally, there was a statistical difference in cTNM stage between the two 
groups, with more patients in the Non-pCR group classified as stage III (67.3%). Although the prevalence of documented 
lymph node metastasis in Table 1 was relatively low, a substantial proportion of patients were classified as stage III 
because stage III classification may also be driven by primary tumor extent (eg., T3/T4 disease), not nodal status alone. 
This pattern can be seen in NAC cohorts enriched for locally advanced tumors. The positivity rates of certain tumor 
molecular markers were comparable between the two groups, with no statistically significant differences in ER, PR, and 
HER2 positivity rates. Among pCR patients, the proportions of positive cases for these three markers were 76.7%, 
64.7%, and 81.3%, respectively. Regarding preoperative serum markers, the serum levels of CA153, TSGF, and CYFRA 
21–1 in Non-pCR patients were 103.82±22.49 U/mL, 188.12±36.63 U/mL, and 17.05±5.43, respectively, while in pCR 
patients, they were72.10±15.95 U/mL, 129.77±28.90 U/mL, and 10.16±3.88 ng/mL, respectively. Visual representation 
using bar graphs showed statistically significant differences between the two groups for all three markers (P<0.001) (see 
Figure 2). For detailed data, please refer to Table 1. The variable “lymph node metastasis” in Table 1 refers to 

Figure 1 Study flowchart illustrating patient inclusion and exclusion criteria. A total of 312 patients receiving neoadjuvant chemotherapy for breast cancer were screened. 
After applying predefined inclusion and exclusion criteria, 258 eligible patients were included in the final analysis and categorized into pCR (n = 150) and non-pCR (n = 108) 
groups.
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Table 1 Demographic and Clinical Characteristics of Breast Cancer Patients with pCR Versus Non-pCR (N = 258)

pCR  
Group (n=150)

Non-pCR  
Group (n=108)

P-value‡

Age 0.707

<50 y 76(50.7) 52(48.1)

≥50 y 74(49.3) 56(51.9)
BMI 0.893

< 24 96(64.0) 70(64.8)

≥ 24 54(36.0) 38(35.2)
Tumor size 0.001

T1-T2 106(70.7) 54(50.0)
T3-T4 44(29.3) 54(50.0)

Lymph node metastases 0.901

Negative 134(89.3) 97(89.8)
Positive 16(10.7) 11(10.2)

cTNM stage 0.002

I–II 80(53.3) 32(32.7)
III 70(46.7) 66(67.3)

NAC regimen 0.915

Non-anthracycline based 123(82.0) 88(81.5)
Anthracycline based 27(18.0) 20(18.5)

Chemotherapy cycle 0.805

< 6 48(32.0) 33(30.6)
≥ 6 102(68.0) 75(69.4)

Breast surgery 0.790

Breast-conserving surgery 58(38.7) 40(37.0)
Mastectomy 92(61.3) 68(63.0)

Family history 0.680

No 105(70.0) 73(67.6)
Yes 45(30.0) 35(32.4)

Estrogen receptor 0.076

Negative 35(23.3) 36(33.3)
Positive 115(76.7) 72(66.7)

Progesterone receptor 0.246

Negative 53(35.3) 46(42.6)
Positive 97(64.7) 62(57.4)

HER2 status 0.220

Negative 38(25.3) 14(13.0)
Positive 112(74.7) 94(87.0)

Ki-67 proliferation index 0.015

≤ 20 38(25.3) 25(23.1)
> 20 112(74.7) 83(76.9)

Indicators

CA153 U/mL 72.10±15.95 103.82±22.49 <0.001
TSGF U/mL 129.77±28.90 188.12±36.63 <0.001

CYFRA 21–1 ng/mL 10.16±3.88 17.05±5.43 <0.001

Notes: The values in parentheses are percentages unless indicated otherwise. ‡ The χ2 test with Yates’ correction was used for categorical data, 
and the t-test was used for measures conforming to a normal distribution; Lymph node metastasis denotes pretreatment clinical axillary nodal 
involvement assessed by imaging and/or needle biopsy when available. 
Abbreviations: pCR, pathological complete response; BMI, Body Mass Index; TNM, Tumor, Node, Metastasis; NAC regimen, Neoadjuvant 
Chemotherapy regimen; HER2 status, Human Epidermal Growth Factor Receptor 2 status; TSGF, Tumor-Specific Growth Factor; CYFRA 21–1, 
Cytokeratin-19 Fragment 21–1.
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[pretreatment clinically suspected/biopsy-confirmed axillary nodal metastasis OR postoperative pathological nodal 
metastasis]; this has been clarified in the table footnote. Detailed neoadjuvant treatment patterns are summarized in 
Supplementary Table 2.

Correlation Analysis Between the Scores of the Three Indicators
By analyzing the two-by-two Pearson coefficients between the values of the three preoperative serum markers, the results 
showed that the Pearson coefficient was 0.512 (P<0.001) between CA153 and TSGF, 0.449 (P<0.001) between CA153 
and CYFRA 21–1, and 0.428 (P<0.001) between TSGF and CYFRA 21–1. There was a positive correlation between the 
three markers (see Table 2).

Analysis of Risk Factors Affecting Pathologic Complete Response Using Univariate and 
Multivariate Logistic Regression and Construction of an CTC (CA153 - Tumor 
Supplied Group of Factors- CYFRA 21-1) Serum Composite Model
Variables with P<0.05 in univariate logistic regression were included in the multivariate logistic regression model. 
Significant variables in univariate analysis included Tumor size, cTNM stage, Lymph node metastases, CA153, TSGF, 
and CYFRA 21–1. The final multivariate logistic regression results showed that Tumor size as T3-T4 (OR= 1.158, 95% 
CI: 1.076–1.339, P<0.001 vs T1-T2), Lymph node metastases (OR = 1.295, 95% CI: 1.077–1.582, P = 0.014 vs. 
Negative), cTNM stage III (OR= 1.304, 95% CI: 1.123–1.591, P = 0.008 vs I–II), CA153 (OR= 1.185, 95% CI: 
1.091–1.310, P <0.001 per U), TSGF (OR= 1.062, 95% CI: 1.028–1.117, P <0.001 per U), and CYFRA 21–1 (OR= 
1.395, 95% CI: 1.137–1.604, P <0.001 per 1 ng) were significantly associated with Non-pCR (see Table 3). Based on 
logistic regression results, an CTC model was constructed with the formula = −19.509+0.067×CA153 (U/mL) 

Figure 2 (A-C) Comparison of serum biomarker levels (CA153, TSGF, and CYFRA 21–1) between pCR and non-pCR groups. Box-and-whisker plots display the 
distribution of each biomarker. Patients achieving pCR showed significantly lower median levels of all three markers compared with non-pCR patients (all P < 0.001), 
suggesting their potential value in predicting chemotherapy response.*** represents P< 0.001.

Table 2 Pearson Correlation Analysis

CA153 TSGF CYFRA 21–1

CA153 1

TSGF 0.512(P<0.001) 1

CYFRA 21-1 0.449(P<0.001) 0.428(P<0.001) 1

Abbreviations: TSGF, Tumor-Specific Growth Factor; CYFRA 21–1, 
Cytokeratin-19 Fragment 21–1.
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+0.056×TSGF (U/mL)+0.347×CYFRA 21–1 (ng/mL). The full model specification with standardized predictor scaling, 
including regression coefficients (β), standard errors, and odds ratios, is provided in Supplementary Table 3.

Plotting Receiver Operating Curves (ROC) and Decision Curve Analysis for Individual 
Metrics as Well as Combined Models and the Effect of Each Metric
ROC curves were plotted for CA153, TSGF, CYFRA 21–1, and the combined CTC model, with 1-specificity on the 
horizontal axis and sensitivity on the vertical axis. The area under the curve was 0.860 (0.812–0.909) for CA153, 0.906 
(0.870–0.942) for TSGF, 0.878 (0.835–0.920) for CYFRA 21–1, and 0.967 (0.949–0.985) for the combined serum CTC 
model (see Figure 3). The optimal cutoff values for each marker were determined using the maximum Youden index. The 
optimal cutoff values for CA153, TSGF, and CYFRA 21–1 were 84.4 U/mL, 159.54 U/mL, and 12.75 ng/mL, 
respectively. The sensitivity, specificity, positive predictive value, and negative predictive value were as follows: for 
CA153, 0.787, 0.824, 0.861, and 0.736; for TSGF, 0.840, 0.833, 0.875, and 0.789; for CYFRA 21–1, 0.787, 0.852, 0.881, 
and 0.742; and for the combined CTC, 0.980, 0.852, 0.902, and 0.968 (see Table 4). Internal validation was performed 
using bootstrapping with 1,000 resamples. Model calibration was assessed using the Hosmer–Lemeshow test and 
calibration plots (Supplementary Figure 1; Supplementary Table 4). Decision curve analysis demonstrated that the 
CTC composite model provided a higher net benefit than the treat-all and treat-none strategies across a wide range of 
clinically relevant threshold probabilities, supporting its potential clinical utility for pCR prediction (Supplementary 
Figure 2).

Exploratory Subtype-Stratified Model Performance
As recommended by the reviewer, we further assessed model performance across major molecular subtypes. Subtype- 
stratified results are provided in Supplementary Table 5. The model demonstrated high discriminative ability across 
subgroups, with the highest AUC observed in HER2-positive disease, followed by HR+/HER2− and TNBC. Because 
subgroup sample sizes—particularly in TNBC—were limited, these analyses are considered exploratory and hypothesis- 
generating.

Table 3 Univariate and Multivariate Analysis of Risk Factors for Non-pCR Patients

Univariate Analysis Multivariate AnalysisVariables

P OR 95% CI P OR 95% CI

Age >50 y/≤50 y 0.554 1.025 0.912–1.169

BMI >25/≤25 0.134 1.199 0.813–1.455
Tumor size T3-T4/T1-T2 <0.001 1.266 1.091–1.428 <0.001 1.158 1.076–1.339

Lymph node metastases P/N 0.033 1.305 1.083–1.644 0.014 1.295 1.077–1.582

cTNM stage III/I–II 0.012 1.246 1.046–1.500 0.008 1.304 1.123–1.591
NAC regimen Anthracycline based/Non-anthracycline based 0.246 1.210 0.791–1.399

Chemotherapy cycle ≥ 6/<6 0.822 1.052 0.762–1.448

Breast surgery Mastectomy/Breast-conserving surgery 0.612 0.961 0.728–1.414
Family history Yes/No 0.228 1.043 0.792–1.511

Estrogen receptor P/N 0.366 1.310 0.754–1.720

Progesterone receptor P/N 0.431 1.255 0.688–1.489
HER2 status P/N 0.297 1.442 0.699–1.802

Ki-67 proliferation index > 20/≤20 0.196 1.192 0.801–1.561

CA153 Per 10 U <0.001 1.159 1.087–1.236 <0.001 1.185 1.091–1.310
TSGF Per 10 U <0.001 1.054 1.024–1.083 <0.001 1.062 1.028–1.117

CYFRA 21-1 Per 10 ng <0.001 1.422 1.192–1.695 <0.001 1.395 1.137–1.604

Abbreviations: pCR, pathological complete response; BMI, Body Mass Index; TNM, Tumor, Node, Metastasis; NAC regimen, Neoadjuvant Chemotherapy regimen; 
HER2 status, Human Epidermal Growth Factor Receptor 2 status; TSGF, Tumor-Specific Growth Factor; CYFRA 21–1, Cytokeratin-19 Fragment 21–1.
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Discussion
Breast cancer comprises various molecular subtypes and is a highly heterogeneous solid tumor, where neoadjuvant 
therapy yields different treatment responses.9,10 Therefore, predicting the pathological complete response (PCR) of breast 
cancer patients to neoadjuvant chemotherapy (NAC) is crucial for optimizing treatment strategies and improving clinical 
outcomes.3 In this study, we investigated the predictive value of a serum biomarker model composed of CA153, tumor- 
specific growth factor (TSGF), and CYFRA 21–1 for breast cancer patients undergoing NAC. Our findings suggest that 
this composite biomarker model is an effective tool for predicting treatment response and guiding personalized treatment 
decisions.

The combination of CA153, TSGF, and CYFRA 21–1 was selected based on their complementary biological 
relevance to tumor activity and chemotherapy response. CA153, a mucin-1–related glycoprotein, reflects epithelial 
tumor burden and proliferative activity. TSGF is associated with tumor-induced angiogenesis and metabolic reprogram
ming, while CYFRA 21–1 represents cytokeratin-19 fragments released during apoptosis or necrosis of epithelial tumor 
cells. Together, these markers provide an integrative assessment of tumor proliferation, metabolic status, and cellular 
turnover, which may correlate with chemosensitivity and residual disease after neoadjuvant therapy. The primary 
objective of our research was to address the existing challenges of predicting PCR using a single biomarker by exploring 
the synergistic effects of multiple serum markers. Previous studies relying solely on clinical characteristics, histological 
parameters, or single biomarkers have shown limitations in accurately predicting treatment response. Xu et al11 proposed 
a scoring system based on breast tumor and local lymph nodes, suggested in 2007, to evaluate residual lesions after NAC, 
which they found to be indicative of post-neoadjuvant chemotherapy outcomes in breast cancer. However, this index is 
cumbersome to use and outdated. Ilie et al12 constructed a model using pathological and immunohistochemical data to 
collectively predict prognosis after neoadjuvant chemotherapy, achieving good results. In our study, by combining 

Figure 3 Receiver operating characteristic (ROC) curves comparing the predictive performance of individual biomarkers and the combined logistic regression model. The 
combined CA153–TSGF–CYFRA 21–1 model demonstrated superior discriminative ability (AUC = 0.97, 95% CI: 0.95–0.99) compared with individual markers. The figure 
also illustrates the optimal cutoff point determined by the Youden index for maximizing sensitivity and specificity.

Table 4 Predictive Value of Independent Predictors and Combination Predictors for Non-pCR and pCR

Predictors Optimal Cut-off Value AUC Accuracy Sensitivity Specificity PPV NPV

CA153 84.4 0.860(0.812–0.909) 0.802 0.787 0.824 0.861 0.736
TSGF 159.54 0.906(0.870–0.942) 0.837 0.840 0.833 0.875 0.789

CYFRA 21-1 12.75 0.878(0.835–0.921) 0.813 0.787 0.852 0.881 0.742

CTC model 0.967(0.949–0.985) 0.926 0.980 0.852 0.902 0.968

Abbreviations: TSGF, Tumor-Specific Growth Factor; CYFRA 21–1, Cytokeratin-19 Fragment 21–1; AUC, areas under the receiver operating 
characteristic curve; PPV, positive predictive value; NPV, negative predictive value.
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CA153, TSGF, and CYFRA 21–1, which hold promise as prognostic indicators in various cancer types, we aimed to 
enhance the predictive accuracy of the model. This multifaceted approach enabled us to capture the complexity of tumor 
biology and better reflect the heterogeneity of breast cancer. Previous studies have demonstrated that serum biomarkers, 
such as CA153, CYFRA 21–1, and TSGF, are associated with tumor burden, treatment response, and prognosis in breast 
cancer.13–15 Our findings are consistent with these observations and further suggest that combining multiple serum 
markers may enhance predictive accuracy for pathological complete response (pCR) following neoadjuvant 
chemotherapy.16,17 This integrated approach aligns with recent efforts to establish multi-marker models for individua
lized treatment prediction.

Our results indicate that the combined serum biomarker model significantly predicts the likelihood of PCR in breast 
cancer patients receiving NAC. CA153 is a major glycoprotein antigen produced by breast cancer cells, associated with 
tumor progression and metastasis. Elevated serum levels of CA153 are associated with advanced disease and poor 
prognosis in breast cancer patients. Ren et al18 found that CA153 can predict recurrence in breast cancer patients, and 
a multicenter study by Luo et al19 also suggested good efficacy of CA153 in routine physical examinations and early 
breast cancer screening. TSGF represents a group of tumor-related biomarkers involving various aspects of tumor 
biology, including growth, angiogenesis, and immune evasion. By combining markers from this group, we aimed to 
capture the dynamic interactions between tumor cells and the tumor microenvironment. Wang et al20 found that TSGF in 
nipple discharge could serve as a novel biomarker for breast cancer diagnosis and prognosis. CYFRA 21–1, a cytokeratin 
fragment indicating epithelial cell damage, provides further insights into tumor cell turnover and response to treatment. 
Its elevation is associated with tumor invasiveness and resistance to treatment in various cancer types. Yooh et al21 found 
that CYFRA 21–1 plays an important role in preoperative diagnosis in breast cancer patients’ axillary lymph fluid. 
However, in our study, we found that combining these markers further enhances the effectiveness of predicting patients’ 
response to neoadjuvant therapy.

The strength of our predictive model lies in its simplicity, reliability, and clinical utility. Unlike complex machine 
learning algorithms that may lack interpretability and practicality in clinical settings,22,23 our model offers 
a straightforward approach to predicting treatment response. By leveraging routinely available serum markers and 
established cutoff values, our model can be easily implemented in clinical practice without the need for specialized 
equipment or expertise. This accessibility is particularly advantageous in resource-limited settings where complex 
diagnostic tools may be impractical to use.

Furthermore, our research underscores the importance of personalized medicine in breast cancer management. By 
stratifying patients based on their likelihood, our model enables clinicians to tailor treatment strategies for individual 
patients. Patients identified as high responders to NAC may benefit from intensified chemotherapy regimens or targeted 
therapies, while those with a lower predicted PCR likelihood may require alternative treatment approaches, such as 
surgical intervention or participation in clinical trials. This personalized approach maximizes the likelihood of treatment 
success while minimizing unnecessary toxicity and treatment-related morbidity.The study population was a treatment- 
selected neoadjuvant chemotherapy (NAC) cohort from a tertiary referral center rather than an unselected breast cancer 
population; therefore, biological subtypes associated with NAC indication (including HER2-positive disease) were 
overrepresented. Accordingly, the subtype distribution in this cohort does not reflect the epidemiologic distribution of 
breast cancer in the general population, and external generalizability should be interpreted with caution.

Although our study yields promising results, several limitations should be acknowledged. Firstly, the retrospective 
nature of our analysis may introduce inherent biases and confounding variables, and validation in independent cohorts is 
necessary to confirm the robustness and generalizability of our findings. Secondly, the relatively limited sample size may 
reduce statistical power to detect small but clinically meaningful effects. Moreover, subgroup analyses stratified by 
molecular subtype (HR+/HER2–, HER2+, TNBC) were not performed due to the small number of cases within each 
category, which may restrict the applicability of the model across heterogeneous breast cancer populations. Thirdly, we 
acknowledge an important limitation regarding endpoint definition. In this study, pCR was defined using the commonly 
adopted neoadjuvant breast cancer endpoint ypT0/is ypN0, which permits residual DCIS. However, there is long- 
standing controversy regarding whether residual DCIS should be considered equivalent to “true” pCR and whether 
DCIS response to NAC parallels invasive tumor response. Therefore, our binary pCR/non-pCR endpoint may combine 

Breast Cancer: Targets and Therapy 2026:18                                                                                   https://doi.org/10.2147/BCTT.S567301                                                                                                                                                                                                                                                                                                                                                                                                       9

He et al

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



biologically heterogeneous residual disease patterns. In our cohort, among pCR-defined cases (ypT0/is ypN0), a subset of 
patients had no residual invasive disease with residual DCIS present, whereas others had no residual invasive or in situ 
disease; however, the sample size was insufficient for separate endpoint modeling. Because of the retrospective design 
and sample size, we did not perform a separate analysis of residual DCIS-only cases. Future studies with larger cohorts 
should evaluate whether model performance differs across stricter endpoint definitions (eg., ypT0 ypN0 vs ypT0/is 
ypN0). In addition, the serum biomarkers included in our model—CA153, TSGF, and CYFRA 21–1—are relatively 
nonspecific, and their mechanistic linkage to chemosensitivity remains indirect. Future multicenter studies with larger, 
molecularly and mechanistically stratified cohorts are warranted to validate these findings and explore biological 
pathways underlying biomarker responsiveness. Finally, integrating additional biomarkers, clinical parameters, and 
novel modalities such as imaging or genomic profiling may further enhance predictive accuracy and provide deeper 
insights into tumor biology and treatment response.

Conclusion
In summary, this study developed a serum biomarker–based predictive model integrating CA153, TSGF, and CYFRA 
21–1 for assessing pathological complete response (pCR) following neoadjuvant chemotherapy in breast cancer. The 
model demonstrated good internal discrimination and calibration, suggesting potential utility as a non-invasive tool for 
individualized response prediction. However, given the retrospective single-center design and limited sample size, these 
findings should be interpreted cautiously. Prospective, multicenter studies with external validation are warranted to 
confirm the robustness and generalizability of this biomarker-based model before its application in clinical decision- 
making.
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