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Abstract
Background  Nasopharyngeal carcinoma (NPC) remains highly sensitive to radiotherapy; however, radioresistance in 
a subset of patients leads to local recurrence and distant metastasis. Serum proteomics provides a minimally invasive 
approach to capturing dynamic physiological changes, and machine learning enables efficient construction of 
predictive models. This study aimed to develop and validate a serum proteomics–based machine-learning model for 
predicting radiotherapy sensitivity in nasopharyngeal carcinoma (NPC).

Methods  Pretreatment serum samples from newly diagnosed NPC patients were analyzed using SELDI-TOF-MS. 
Differentially expressed proteins between radiosensitive and radioresistant groups were identified using limma. GO 
and KEGG analyses were performed to explore functional enrichment. Twelve machine-learning algorithms were used 
to construct predictive models, and the top-performing models were optimized through feature selection. A Random 
Forest model with seven features was identified as the optimal model. External validation was performed using an 
independent cohort with ELISA-quantified protein levels. Model performance was assessed using Receiver operating 
characteristic curve (ROC), calibration analysis, decision curve analysis (DCA), and 10-fold cross-validation. SHapley 
Additive exPlanations (SHAP) analysis was applied for model interpretability, and the final model was deployed via a 
ShinyAPP.

Results  A total of 96 differentially expressed proteins were identified, which involved multiple function and signaling 
pathways. The Random Forest model demonstrated the best predictive performance, achieving an area under the 
curve (AUC) of 0.963 in the training set and 0.975 in the validation set. Cross-validation yielded an average AUC of 
0.965. DCA indicated high clinical utility across a broad threshold range, and calibration curves showed good model 
agreement. Seven proteins (PLXND1, GSR, PGD, PTPRC, OR2T29, ACTG2, CHAD) were selected as final features. SHAP 
analysis provided global and individual-level interpretability. A web-based tool was developed to facilitate clinical 
application.

Conclusion  This study establishes a robust serum proteomics–based machine-learning model capable of accurately 
predicting radiotherapy sensitivity in NPC. The model offers clinical interpretability and practical implementation, 
supporting personalized radiotherapy decision-making.
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Background
Nasopharyngeal carcinoma (NPC) is a malignant tumor 
arising from the mucosal epithelium or glandular struc-
tures of the nasopharynx [1]. More than 90% of NPC 
patients are associated with Epstein–Barr virus (EBV) 
infection; therefore, plasma EBV DNA detection, in com-
bination with other auxiliary methods, can be used for 
early screening [2]. Compared with other head and neck 
malignancies, NPC is more sensitive to ionizing radia-
tion, particularly World Health Organization type II and 
type III subtypes. As a result, radiotherapy remains the 
cornerstone of treatment [3]. With advances in com-
puting technology, radiotherapy techniques have rap-
idly evolved, and the application of novel approaches 
such as intensity-modulated radiotherapy has markedly 
improved treatment outcomes. A proportion of patients 
with early-stage disease can achieve clinical cure with 
radiotherapy alone [4]. However, due to the nonspecific 
nature of early symptoms, most patients are diagnosed 
at locally advanced stages, and treatment responses in 
some cases remain suboptimal [5]. Radioresistance, lead-
ing to local recurrence and distant metastasis, is a major 
obstacle to improving prognosis. Although increasing 
radiation doses may enhance local tumor control and 
reduce the risk of distant metastasis, it also raises the 
likelihood of radiation-induced damage to normal tissues 
such as the brainstem and spinal cord, resulting in severe 
acute and late toxicities [6]. Recent data indicate that the 
5-year disease-specific survival rate for stage I–IVB NPC 
has exceeded 80%, yet approximately 15–20% of patients 
still experience local recurrence or distant metastasis [7]. 
Although the risk factors and mechanisms underlying 
NPC tumorigenesis have been partially elucidated, the 
specific mechanisms of radiotherapy resistance remain 
inadequately understood [8]. With the development of 
genomics, proteomics, and bioinformatics, NPC research 
is entering a new era. Leveraging big data and artificial 
intelligence allows for more accurate risk prediction, 
diagnostic support, assessment of therapeutic response, 
and the development of personalized treatment strate-
gies. Therefore, advancing research on NPC not only 
deepens our understanding of the disease but also pro-
vides new directions and approaches for its prevention 
and management.

Proteomics enables the rapid and precise detection 
of differentially expressed proteins in samples such as 
serum, cerebrospinal fluid, and diseased tissues, thereby 
distinguishing healthy individuals from patients [9]. 
With the continued progress of human genome and 
post-genomic research, proteomics-based platforms 
have become convenient tools for disease diagnosis. This 

technology supports high-throughput analysis and offers 
high image resolution, allowing systematic screening of 
the overall protein composition of a sample and provid-
ing deeper insights into relevant biological processes. 
As a powerful and comprehensive protein-screening 
approach, proteomics facilitates the identification of 
disease-specific proteins, elucidation of the molecular 
mechanisms underlying disease onset and progression, 
and discovery of potential therapeutic targets [10]. On 
this basis, more specific diagnostic biomarkers and thera-
peutic agents can be identified, supporting early diag-
nosis, differential diagnosis, treatment, and prognostic 
evaluation. With the rapid development of artificial intel-
ligence, machine learning and deep learning algorithms 
have been increasingly applied in the medical field, dem-
onstrating outstanding performance, particularly in pre-
dictive modeling [11]. By integrating multidimensional 
information—including clinical data, imaging features, 
radiotherapy dose parameters, and biomarkers—artifi-
cial intelligence technologies can substantially improve 
the accuracy and clinical utility of disease risk prediction 
[12]. Machine learning has been widely used in develop-
ing predictive and prognostic models for various can-
cers [11, 13]. However, in nasopharyngeal carcinoma, 
multigene predictive models based on proteomics for 
radiotherapy sensitivity have not yet been developed or 
applied.

Serum samples offer the advantages of being easy to 
obtain while continuously and rapidly reflecting dynamic 
physiological states. In the present study, we employed 
surface-enhanced laser desorption/ionization time-of-
flight mass spectrometry (SELDI-TOF-MS) to analyze 
serum proteomic differences between radiotherapy-sen-
sitive and radiotherapy-resistant patients with nasopha-
ryngeal carcinoma. Proteins associated with radiotherapy 
sensitivity were identified, and based on these differential 
proteins, twelve machine-learning algorithms were used 
to construct serum-proteomics–based predictive mod-
els for radiotherapy sensitivity in nasopharyngeal carci-
noma. Additional datasets were then used to validate the 
performance of these models. This study is expected to 
facilitate the selection of appropriate radiotherapy strat-
egies for NPC patients and ultimately improve clinical 
outcomes and prognosis.

Methods and materials
Patients and samples
This study is part of a nasopharyngeal carcinoma (NPC) 
big-data research project initiated by our institution in 
2016. We enrolled patients who were newly diagnosed 
with NPC between September 2018 and September 
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2019 and were receiving radiotherapy for the first time 
(n = 135). Prior to radiotherapy, 10 mL of venous blood 
was collected from each patient and stored at − 80 °C for 
subsequent serum proteomic analysis. The quantitative 
label-free proteomics using ultra-definition mass spec-
trometry of detecting the serum protein were described 
in previous study [14]. Briefly, serum samples were clari-
fied by centrifugation, the top 12 high-abundance pro-
teins were depleted, and total protein concentration 
was quantified by BCA kit. Proteins were reduced and 
alkylated, ultrafiltered, and digested overnight with tryp-
sin; peptides were then quantified, desalted, and TMT-
labeled. Labeled peptides were fractionated by high-pH 
reverse-phase high performance liquid chromatography 
fractionation, combined into nine fractions, and analyzed 
by nanoLC–MS/MS on an Orbitrap Fusion Lumos using 
a data-dependent acquisition method. Raw spectra were 
searched in MaxQuant against the human database with 
standard trypsin/P settings, specified modifications, and 
an false discovery rate < 1%. At the same time, another 
cohort of patients was collected as an independent vali-
dation dataset for model construction (n = 164). The 
inclusion criteria were as follows: patients with NPC who 
had not received radiotherapy, surgery, chemotherapy/
immunotherapy, or other treatments; and age ≥ 18 years. 
The exclusion criteria were patients with severe infec-
tious diseases or concurrent malignancies; those with 
severe hepatic, renal, or other major organ dysfunction; 
those with immune system disorders; those with serious 
hematological conditions; or those who had previously 
received any anticancer therapy.

Data collection and definition
We collected patients’ age, sex, degree of differentiation, 
pathological stage, gross tumor volume (GTV) of the pri-
mary nasopharyngeal lesion, pretreatment lymph node 
GTV, lymph node remission rate, overall tumor shrink-
age rate, routine hematological parameters (counts of red 
blood cells, white blood cells, neutrophils, and lympho-
cytes), as well as levels of hemoglobin, alpha-fetoprotein 
(AFP), carcinoembryonic antigen (CEA), CA125, CA242, 
CA19-9, EBV DNA, EA-IgA, and VCA-IgA from the 
hospital medical record system. Tumor biomarkers were 
quantitatively measured using chemiluminescence assays 
(Immulite; DPC, USA), whereas EBV DNA was quanti-
fied by fluorescent PCR. Radiotherapy sensitivity was 
subsequently evaluated based on the reduction in the 
maximum cross-sectional area of the primary lesion, cal-
culated as the product of the maximum transverse and 
longitudinal diameters. A reduction of > 50% was defined 
as radiotherapy-sensitive, while ≤ 50% was defined as 
radiotherapy-resistant [15]. Magnetic resonance imag-
ing (MRI) was performed at baseline (pre-radiotherapy) 6 
weeks after completion of radiotherapy. Tumor response 

was evaluated according to the Response Evaluation Cri-
teria in Solid Tumors (RECIST) based on changes in the 
primary lesion [16], as follows: complete disappearance 
of the primary lesion was defined as complete remis-
sion (CR); a > 30% decrease in lesion size was defined as 
partial remission (PR); a < 30% decrease was considered 
stable disease (SD); and a > 20% increase was considered 
progressive disease (PD). PR, SD, and PD were collec-
tively categorized as non-CR. To ensure standardization, 
imaging measurements and response assessments in both 
the training and validation cohorts were performed by 
the same senior radiology technologist, following a con-
sistent protocol. Importantly, the assessor was blinded to 
patients’ radiosensitivity status at the time of evaluation. 
According to the criteria, the training cohort consisted 
of 49 radiotherpay sensitive patients and 86 radiotherapy 
resistant patients. The testing cohorts included 65 and 99 
patients, respectively.

Analysis of differentially expressed proteins
To identify differentially expressed proteins, we ana-
lyzed the proteomic data using the limma package [17]. 
The voom function was used to transform raw counts 
for linear modeling, followed by fitting an empirical 
Bayes model to evaluate expression differences. The treat 
method set a minimum fold-change threshold (|log₂FC| > 
0.01). P-values were adjusted using the Benjamini–Hoch-
berg method, and genes with a false discovery rate (FDR) 
< 0.05 that met the fold-change cutoff were considered 
significantly differentially expressed.

GO enrichment and KEGG pathway analysis
We performed Gene Ontology (GO) functional enrich-
ment analysis and Kyoto Encyclopedia of Genes and 
Genomes (KEGG) pathway analysis on the set of signifi-
cantly differentially expressed genes [18, 19]. All analysis 
was conducted in the R environment. The clusterProfiler 
package was used to analyze GO terms (including biolog-
ical process, molecular function, and cellular component) 
and to perform KEGG pathway annotation and enrich-
ment. P-values were adjusted with the Benjamini–Hoch-
berg method, and terms or pathways with an FDR < 0.05 
were considered significantly enriched. The results were 
visualized with enrichplot and related packages.

Development of machine learning model of 
radiosensitivity prediction in NPC
Using the training dataset, we built a predictive model for 
radiotherapy sensitivity in nasopharyngeal carcinoma, 
using radiotherapy response as the dependent variable 
and the selected differentially expressed proteins as inde-
pendent variables. We applied 12 machine-learning algo-
rithms to develop the models and calculated the Area 
Under the Curve (AUC) and its 95% Confidence Interval 
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(95% CI). The methods included: Logistic Regression 
(LR), Neural Network (NN), Bayesian Method (Bayes), 
Support Vector Machine with Kernel Function (SVM-
Kernel), Gradient Boosting Machine (GBM), Adap-
tive Boosting (AdaBoost), Linear Discriminant Analysis 
(LDA), Partial Least Squares Model (PLS), Least Abso-
lute Shrinkage and Selection Operator (LASSO) k-Near-
est Neighbors (k-NN), Boosting Method (Boosting), and 
Random Forest (RF).

Feature selection and identification of final model
Based on the AUC values, we first selected the top five 
models with include features. For each of these top five 
models, we then ranked all included features by their 
importance, rebuild the models and recalculated the 
AUCs using decreasing numbers of features by one each 
time in the training dataset. The number of retained 
features was constrained to a predefined range (mini-
mum 5, maximum 15) to balance parsimony and stabil-
ity. Specifically, using fewer than five features may lead to 
underfitting and instability (i.e., overly sensitive selection 
driven by sampling variation), whereas allowing substan-
tially more features in a modest training cohort (n = 135) 
increases model complexity and overfitting risk, poten-
tially inflating training AUC while reducing generalizabil-
ity. In addition, a 5–15 feature signature remains practical 
for downstream experimental verification and potential 
clinical implementation. Finally, we identified the model 
that achieved a relatively high AUC while using the fewer 
features, and this model was chosen as the final optimal 
model. The evaluation parameters including sensitivity, 
specificity, positive predict value (PPV), negative predict 
value (NPV), accuracy, and F1 score were calculated for 
final model.

Validation and assessment of radiosensitivity prediction 
model
After determining the final number of features in the 
selected optimal model, we measured the protein levels 
of these model features in the validation cohort using 
ELISA kits. We then applied the final model developed 
from the training dataset to evaluate its external pre-
dictive performance. The 10-fold cross validation was 
also performed to avoid problems with overfitting. In 
addition, we conducted decision curve analysis and 
calibration curve analysis (using a clamping/smooth-
ing approach) in both the training and validation sets to 
assess the model’s predictive accuracy and clinical utility.

Explanation and interactive application of model
SHapley Additive exPlanations (SHAP) analysis was 
applied to interpret feature contributions and assess 
variable importance [20]. The SHAP method provides 
both global and local interpretability for the model. The 

global explanation yields consistent and accurate attri-
bution values for each feature in the model, demon-
strating the association between the input features and 
radiotherapy sensitivity. The local explanation allows for 
specific, patient-level predictions by providing the attrib-
uted prediction for each individual data input. Finally, 
to make the model more convenient for clinical applica-
tion, we deployed the final model into a web application 
using ShinyAPP (https://www.shinyapps.io/). Clinicians 
can now estimate a patient’s radiotherapy resistance risk 
probability simply by inputting the specific numerical 
values for each feature.

Statistical analysis
All analyses were performed using the R 4.5.1 platform. 
For continuous data, normally distributed variables 
were expressed as the mean±standard deviation, and 
comparisons between the two groups were performed 
using the independent samples t-test. Data that did not 
conform to a normal distribution were presented as the 
median and interquartile range (IQR), and comparisons 
between groups were conducted using non-parametric 
tests. Categorical data were presented as counts and 
percentages, and comparisons between the two groups 
were performed using the chi-square test. Area Under 
the Receiver Operating Characteristic Curve (AUCs) 
were used to evaluate the predictive ability of the model. 
The differences between the AUCs were compared using 
DeLong’s test [21]. A two-sided P-value < 0.05 was con-
sidered statistically significant.

Results
Identification of differentially expressed proteins
Figure 1 present study workflow for the development of 
a serum proteomics–based machine learning model to 
predict radiotherapy sensitivity in NPC. Based on the 
predefined screening criteria, we identified a total of 96 
differentially expressed proteins between the radioresis-
tant and radiosensitive groups, including 54 upregulated 
and 42 downregulated proteins (Table S1, Fig. 2A). Sev-
eral top differentially expressed protein s are presented 
in Fig.  2B. Gene Ontology (GO) enrichment analysis 
indicated that these genes encoding these proteins were 
primarily involved in the acute inflammatory response, 
negative regulation of hydrolase and peptidase activi-
ties, collagen-containing extracellular matrix, blood 
microparticles, endoplasmic reticulum lumen, glycos-
aminoglycan, sulfur compound and heparin binding, and 
endopeptidase inhibitor activity (Fig. 2C). Kyoto Encyclo-
pedia of Genes and Genomes (KEGG) pathway analysis 
further revealed that these genes were mainly enriched 
in complement and coagulation cascades, ECM–receptor 
interaction, focal adhesion, PI3K–Akt signaling pathway, 

https://www.shinyapps.io/
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pentose phosphate pathway, HIF-1 signaling pathway, 
and PPAR signaling pathway (Fig. 2D).

Development of machine learning model of 
radiosensitivity prediction in NPC
We focused model development on proteomic features 
because most clinical characteristics showed no statisti-
cally significant differences between the radiosensitive 
and radioresistant groups (Table S3). Using 96 DGEs 
and 12 machine learning algorithms, we constructed 
predictive models for radiotherapy sensitivity of naso-
pharyngeal carcinoma in training dataset (Fig.  3A). The 
top five models with the highest predictive performance 
were Random Forest (AUC: 0.968, 95% CI: 0.939–0.998), 
SVM (AUC: 0.965, 95% CI: 0.936–0.994), PLS (AUC: 
0.963, 95% CI: 0.932–0.994), LASSO (AUC: 0.959, 95% 
CI: 0.927–0.992), Boosting (AUC: 0.956, 95% CI: 0.917–
0.995). These were followed by k-NN (AUC: 0.951, 
95% CI: 0.906–0.995), AdaBoost (AUC: 0.949, 95% CI: 
0.905–0.993), GBM (AUC: 0.949, 95% CI: 0.907–0.991), 
Bayes (AUC: 0.942, 95% CI: 0.907–0.991), NN (AUC: 
0.938, 95% CI: 0.892–0.984), LDA (AUC: 0.850, 95% CI: 
0.779–0.922), and LR (AUC: 0.839, 95% CI: 0.767–0.910). 
The other parameters were presented in Table S2. These 
models incorporated 15 features: PLXND1, PGD, GSR, 
PTPRC, OR2T29, BMP1, ACTG2, ADIPOQ, CHAD, 
BASP1, WDFY4, INHBC, SAA2, CCL18, and S100A9. 
For each of these top five models, we ranked 15 features 
by importance and progressively reduced the number 

of features by one. The number of retained features was 
constrained to a predefined range (minimum 5, maxi-
mum 15) to balance parsimony and stability. For each 
reduced set, we reconstructed the top five models and 
recalculated their AUC values. The Random Forest model 
demonstrated consistently robust performance across 
different number features (Fig. 3B). When the number of 
features was reduced to seven, the Random Forest model 
maintained an AUC of 0.963, which remained higher 
than the AUCs of the other four models (0.948 for SVM, 
0.952 for PLS, 0.951 for LASSO, and 0.959 for Boosting). 
Although the Random Forest model achieved a slightly 
higher AUC of 0.971 when 14 features were used, this 
improvement was not statistically significant compared 
with using seven features (ΔAUC = 0.008, P > 0.005). 
Therefore, we selected seven features as the final feature 
set: PLXND1, GSR, PGD, PTPRC, OR2T29, ACTG2, and 
CHAD. The trends of various evaluation metrics for the 
Random Forest model under different feature counts are 
presented in Fig. 3C.

Validation and assessment of radiosensitivity prediction 
model
We next validated the Random Forest model contain-
ing the seven selected features. First, a 10-fold cross-
validation was performed, which yielded an average 
AUC of 0.965. We then validated the model using an 
independent dataset collected during a different period, 
and the validation set and the training set are similar in 

Fig. 1  Study workflow for developing and validating a serum proteomics–based machine-learning model to predict radiotherapy sensitivity in nasopha-
ryngeal carcinoma (NPC)
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general clinical characteristics and are comparable (Table 
S4). The results showed that the testing set achieved an 
AUC of 0.975, indicating strong predictive performance 
(Fig.  4A and B). Subsequently, we conducted decision 
curve analysis (DCA) to assess the clinical utility of the 
model in both the training and testing sets. The results 
demonstrated that, across a threshold probability range 
of 0.1–1.0, patients with NPC would benefit from the 
intervention guided by this model (Fig. 4C and D). Cali-
bration analysis further showed that the Random Forest 
model exhibited good agreement between predicted and 

observed outcomes in both the training and testing sets 
(Fig. 4E and F).

Explanation and interactive application of model
To enhance understanding and facilitate the use of the 
model, we applied SHAP analysis to quantify the contri-
bution of each feature protein and to interpret the model 
outputs. We performed both global interpretation of fea-
ture importance and local interpretation at the individual 
level. Global interpretation describes the overall behav-
ior of the model. As shown in Fig. 5A, we calculated the 
mean SHAP value for each feature protein to assess its 

Fig. 2  Differentially expressed proteins between radiosensitivity and radioresistant NPC patients. A: Volcano plot showing upregulated and downregu-
lated proteins. B: Heatmap of tope differentially expressed proteins associated with radiosensitivity. C and D: GO enrichment and KEGG pathway analysis 
based on the differentially expressed proteins genes
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Fig. 3  Identification of the optimal prediction model for radiosensitivity in NPC. A: Forest plot summarizing the AUCs of the evaluated machine learning 
algorithms. B: AUCs of top five models across different numbers of retained features. C: Changes in key random forest model parameters across different 
features numbers
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contribution. The seven feature proteins ranked from 
highest to lowest contribution were: PLXND1, GSR, 
PGD, PTPRC, OR2T29, ACTG2, and CHAD. In addi-
tion, the SHAP summary beeswarm plot illustrates both 
the direction and magnitude of each feature’s influence 
on the model prediction. For example, higher expression 
levels of PLXND1, GSR, PGD, PTPRC, and ACTG2 were 
clearly associated with an increased risk of radiotherapy 
resistance in NPC patients (Fig. 5B). The visual forces and 
waterfall plots (Fig. 5C and D) showed the contribution 
of each feature to the model prediction of radioresistance 
for the fifth patient with NPC. The specific value of each 
feature and its corresponding SHAP value in the plot 
indicate the positive and negative impact of the feature 
on the prediction model. A GSR level of 1.2 and PTPRC 
of 1.58 made significant negative contributions of -0.0884 
and − 0.0791 to the prediction result, respectively. Simi-
larly, a PLXND1 of 1.85, CHAD of 1.16, ACTG2 of 
1.37, OR2T29 of 0.797, and PGD of 1.3 also made neg-
ative contributions to prediction result. Through the 

accumulation of SHAP values, the waterfall chart pro-
vides a visual depiction of the step-by-step construction 
of an individual patient’s prediction, facilitating a more 
comprehensive interpretation of the model’s decision 
logic. In addition, the SHAP dependence plot provides 
insight into how individual features influence the model’s 
predictions. Figure 6A and G compares the actual values 
and SHAP values of the seven selected features. Features 
with SHAP values below zero correspond to negative 
contributions to the prediction, that is, they indicate a 
lower risk of radioresistance. For PLXND1, PGD, GSR, 
CHAD, PTPRC, and ACTG2, higher expression levels 
were associated with lower SHAP values, thereby push-
ing the model’s decision toward radiosensitivity. In con-
trast, lower expression levels of these proteins resulted in 
higher SHAP values, which shifted the prediction toward 
radioresistance.

As shown in Fig. 7, the final Random Forest model was 
integrated into a web-based application. By simply enter-
ing the relative expression levels of the seven feature 

Fig. 6  Local explanation using SHAP dependence plots for individual features. A: PLXND1. B: GSR. C: PGD. D: PTPRC. E: OR2T29. F: ACTG2. G: CHAD
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Fig. 7  Web-based interactive calculator for predicting radioresistance in NPC using the random forest model. By entering the relative expression levels 
of the seven proteins, the tool outputs the predicted probability of radioresistance for an individual patient. The range of seven proteins expression: 
PLXND1(0.79–1.854), PGD(0.642–1.62), GSR (0.779–1.279), CHAD (0.016–3.093), ACTG2 (0.034–6.202), PTPRC(0.531–1.707), and OR2T29 (0.37–1.735)
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proteins, the application automatically calculates the 
probability of radiotherapy resistance in NPC patients, 
provides risk stratification, and offers corresponding 
treatment recommendations. The web application is 
available at the following link: ​h​t​t​p​​s​:​/​​/​l​i​z​​z​e​​d​u​.​​s​h​i​​n​y​a​p​​p​s​​.​
i​o​/​N​P​C​S​h​i​n​y​A​P​P​/.

Discussion
In the present study, we first analyzed serum proteomic dif-
ferences between radiosensitive and radioresistant NPC 
patients and identified 96 differentially expressed proteins 
which involved multiple biological functions and signal-
ing pathways. Next, we developed twelve machine learn-
ing-based predictive models for radiosensitivity in NPC 
patients, and the random forest model with seven pro-
teins (PLXND1, GSR, PGD, PTPRC, OR2T29, ACTG2, 
and CHAD) was ultimately selected to construct the final 
model. This model demonstrated excellent performance in 
both the training cohort (AUC = 0.963) and independent 
validation cohort (AUC = 0.975), indicating strong predic-
tive ability and good generalizability. Subsequently, by using 
SHAP analysis, the model provides a transparent explana-
tion of how individual features influence prediction out-
comes. Finally, we integrated final model into a web-based 
application, enhancing its clinical utility and value. Previous 
studies have also attempted to predict radiation sensitivity 
in NPC using machine learning. For example, Li et al. devel-
oped a multigene predictive model based on transcriptomic 
data, which included 18 genes and achieved an AUC of 
0.996 in the training set and 0.823 in the validation set, with 
a combined AUC of 0.932 [21, 22]. Several important differ-
ences exist between their study and ours. First, the sample 
sources were fundamentally different: the previous model 
relied on transcriptomic data from NPC tissues, whereas 
our model was constructed using serum proteomics, which 
reflects more accessible and dynamic biomarkers. Second, 
the earlier study was limited by a small sample size—34 
samples in the training set and 20 in the validation set—
which increases the risk of overfitting and may explain the 
substantial discrepancy between training and validation 
performance [23]. Third, the two studies differ in their sci-
entific focus. Prior work mainly emphasized identifying 
differential genes and exploring potential molecular mech-
anisms but did not assess model interpretability or clinical 
utility. In contrast, our study not only rigorously evaluated 
and validated the predictive performance of the model but 
also conducted an in-depth analysis of its interpretability 
and underlying predictive mechanisms. Finally, compared 
with nasopharyngeal carcinoma tissue samples, blood sam-
ples are easier to obtain, more suitable for clinical applica-
tions, and more amenable to real-time monitoring. Taken 
together, these strengths underscore that our model offers 
a more clinically accessible, interpretable, and generalizable 
approach for predicting radiosensitivity in NPC.

A key advantage of this study lies in its integration of 
SHAP-based interpretability, which considerably improves 
model transparency and facilitates potential clinical adop-
tion [24]. By quantifying how each feature contributes to 
individual predictions, SHAP values enable clinicians to 
identify not only the most influential proteins but also the 
rationale behind classifying a patient as radiosensitive or 
radioresistant. This interpretability is essential for fostering 
trust in AI-driven clinical tools. Through SHAP analysis, we 
identified PLXND1, GSR, and PGD as the most influential 
contributors. The biological relevance of these molecules 
further supports the credibility of the model.

The function of PLXND1 exhibits marked tumor-type 
specificity, yet its role consistently converges on the core 
adaptive mechanisms that enable tumors to cope with 
microenvironmental stress and therapeutic pressure. In 
prostate cancer, PLXND1 serves as a central regulatory 
hub driving acquired resistance. It facilitates transdiffer-
entiation of adenocarcinoma cells toward a neuroendo-
crine lineage, allowing them to disengage completely from 
androgen receptor dependence and activate pro-survival 
signaling through the ErbB3/MET pathway. This transi-
tion ultimately results in the emergence of a highly aggres-
sive, treatment-refractory neuroendocrine phenotype [25]. 
In non–small cell lung cancer, a circular RNA derived 
from PLXND1 (circ_PLXND1) promotes tumor progres-
sion by functioning as a competing endogenous RNA that 
sequesters miR-1287-5p and consequently upregulates tar-
gets such as ERBB3, revealing a novel post-transcriptional 
oncogenic mechanism [26]. Moreover, PLXND1 is broadly 
expressed in the vascular endothelium of multiple solid 
tumors, suggesting that its function extends beyond can-
cer cells to include remodeling of the tumor microenviron-
ment, particularly tumor angiogenesis [27–29]. Collectively, 
these findings position PLXND1 as a multifunctional node 
that integrates intrinsic tumor cell plasticity with microen-
vironmental interactions. Together with its association with 
radioresistance observed in our study, PLXND1 provides 
new insight into the extensive adaptive evolutionary strate-
gies employed by tumors. GSR and PGD are central regula-
tors of redox balance and metabolic reprogramming, both 
key processes known to shape radiation response [30]. The 
metabolic reprogramming of tumor cells and the mainte-
nance of redox balance are crucial bases for their resistance 
to therapeutic methods such as radiotherapy [31]. This pro-
cess may be closely related to the strong antioxidant defense 
system of tumor cells. For instance, the key enzyme G6PD 
(also known as PGD) of the pentose phosphate pathway is 
responsible for generating a large amount of NADPH, which 
is a necessary cofactor for the regeneration of reduced glu-
tathione (GSH) by glutathione reductase (GSR) [32]. GSH 
is the core antioxidant molecule for cells to combat reac-
tive oxygen species (ROS). Studies have shown that simul-
taneously inhibiting glycolysis and glutathione, thioredoxin 

https://lizzedu.shinyapps.io/NPCShinyAPP/
https://lizzedu.shinyapps.io/NPCShinyAPP/
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system (including GSR), can weaken the defense of cancer 
cells against ROS, thus becoming one of the strategies for 
enhancing radiotherapy sensitivity [33]. Notably, their con-
tribution patterns—where lower expression levels correlate 
with increased radiosensitivity—align well with previously 
reported mechanisms related to radiation-induced oxida-
tive stress. At the individual patient level, SHAP waterfall 
and force plots offer intuitive visual explanations of predic-
tion outputs, enabling clinicians to understand the specific 
factors driving a radioresistance prediction. This individual 
interpretability is valuable for shared decision-making and 
personalized treatment planning. Moreover, integrating 
the final model into a ShinyAPP substantially enhances its 
clinical practicality. Clinicians can input quantitative levels 
of the seven proteins and immediately receive not only the 
predicted probability of radioresistance but also an explana-
tion of how each biomarker shapes the prediction. Such a 
tool can be seamlessly incorporated into routine workflows 
and may inform several aspects of clinical care, including 
identifying high-risk patients who may benefit from treat-
ment intensification, guiding early therapeutic adjustments, 
and supporting closer surveillance during radiotherapy.

Despite these advantages, several limitations should be 
acknowledged. First, although the sample size was sufficient 
for initial model development, it remains relatively small, 
and this study was conducted at a single center. These fac-
tors may limit the model’s applicability to broader popula-
tions with diverse ethnic backgrounds, treatment regimens, 
or EBV characteristics. Multicenter prospective studies are 
needed to further validate the model’s robustness and gen-
eralizability. Second, although SELDI-TOF-MS provides 
high-throughput proteomic profiling, the technique pri-
marily captures low-molecular-weight proteins and may 
miss high-molecular-weight or low-abundance proteins 
that could have important biological significance. Third, 
the biological functions of some identified proteins, such 
as OR2T29 and CHAD, have not been extensively studied 
in NPC, and their association with radioresistance requires 
further experimental validation. Finally, although the model 
demonstrates strong predictive performance, the absolute 
risk estimates should be interpreted with caution and future 
work could incorporate probability calibration techniques, 
such as Platt scaling or isotonic regression, prior to clini-
cal implementation. It reflects correlation rather than cau-
sation, and functional studies are necessary to determine 
whether these proteins directly mediate radiation response 
or act as surrogate biomarkers.

Conclusions
In conclusion, this study integrates serum proteomics 
with machine learning to establish a robust, interpre-
table, and clinically practical predictive model for radio-
therapy sensitivity in NPC. The model demonstrates 
excellent discriminatory performance, supports clinical 

decision‑making effectively, and is readily deployable via 
a user‑friendly web application. By enabling early iden-
tification of patients at high risk of radioresistance, this 
tool may assist clinicians in tailoring treatment strate-
gies—such as intensifying systemic therapy or adjusting 
radiotherapy regimens. Future multicenter validations, 
mechanistic explorations, and refinements in proteomic 
profiling technology will further enhance the utility and 
translational potential of this predictive framework. 
Once validated in larger cohorts, this approach could 
represent a meaningful step toward personalized radio-
therapy in NPC.
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