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Abstract 
This study aimed to develop and validate a positron emission tomography/computed tomography (PET/CT)-based nomogram for 
individualized prediction of 3-year progression-free survival (PFS) in patients with nasopharyngeal carcinoma (NPC). A total of 128 
patients with NPC who underwent pretreatment PET/CT imaging were retrospectively enrolled. Radiomic features were extracted 
from PET and CT images, and clinical variables were collected. Feature selection was performed using univariate Cox analysis, 
multivariable Cox analysis, and the least absolute shrinkage and selection operator regression to identify independent predictors. 
A nomogram was constructed by integrating CT-Radscore, PET-Radscore, and key clinical variables. Model performance in 
predicting 3-year PFS was evaluated using the concordance index, time-dependent area under the receiver operating characteristic 
curve, Kaplan–Meier survival curves, calibration curves, and decision curve analysis in both training and validation cohorts. The 
nomogram incorporating CT-Radscore, PET-Radscore, and lactate dehydrogenase demonstrated robust predictive ability for 
PFS in NPC. The area under the receiver operating characteristic curve for predicting 3-year PFS was 0.813 in the training cohort 
and 0.739 in the validation cohort. The corresponding concordance index values were 0.705 and 0.635, respectively. Calibration 
plots and decision curve analysis confirmed the nomogram’s reliability and clinical utility. A PET/CT-based radiomics nomogram 
(CT-Radscore, PET-Radscore, and lactate dehydrogenase) achieved robust prediction of 3-year PFS and enhanced prognostic 
stratification in NPC. External validation in larger multi-center cohorts is needed due to the single-center retrospective design and 
moderate sample size.

Abbreviations: 18F-FDG = 18F-fluorodeoxyglucose, AUC = area under the curve, CI = confidence interval, C-index = concordance 
index, CT = computed tomography, DCA = decision curve analysis, LASSO = least absolute shrinkage and selection operator, 
LDH = lactate dehydrogenase, NPC = nasopharyngeal carcinoma, PET = positron emission tomography, PFS = progression-free 
survival.
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1. Introduction
Nasopharyngeal carcinoma (NPC) is a head-and-neck malig-
nancy that occurs predominantly in East and Southeast Asia, 
reaching ~30 per 100,000 in southern China.[1–3] Although 
intensity-modulated radiotherapy has markedly improved 
locoregional control and overall survival, disease progres-
sion and distant failure still occur in a substantial subset of 
patients.[4] In clinical practice, early identification of high-risk 
patients enables the timely intensification of therapy, such as 
the addition of induction chemotherapy or the inclusion of 
immunotherapy in treatment protocols. Conversely, accurate 
prediction of low-risk cases may allow for de-intensification 
strategies to reduce long-term toxicities without compromising 
disease control. Therefore, robust and individualized tools for  
progression-free survival (PFS) prediction are essential for per-
sonalized treatment planning in NPC. Risk stratification in 
routine practice continues to rely chiefly on the tumor node 
metastasis staging system.[5] However, tumor node metastasis 
stages have been confirmed as independent prognostic indi-
cators,[6–8] they fail to capture the full spatial and biological 
heterogeneity of NPC, resulting in heterogeneous outcomes 
among patients within the same stage or biomarker category. 
Consequently, more accurate, individualized prognostic tools 
are required to guide treatment escalation or de-escalation and 
to improve long-term outcomes.[9]

Radiomics converts standard medical images into quantita-
tive features to characterize tumor heterogeneity non-invasively,  
showing promise for oncological decision support.[10–12] These 
features: including intensity statistics, shape descriptors, and 
texture metrics: capture spatial patterns that correlate with 
underlying biological processes such as hypoxia, angiogenesis, 
and proliferation.[10,13] In NPC, 18F-fluorodeoxyglucose (18F-FDG) 
positron emission tomography/computed tomography (PET/
CT) is routinely used for diagnosis, staging, and post-treatment 
surveillance.[14,15] Both conventional metrics (e.g., metabolic 
tumor volume) and advanced radiomic features derived from 
PET and CT have demonstrated prognostic value; for exam-
ple, Huang et al demonstrated that radiomic features extracted 
from pretreatment CT images achieved superior prognostic per-
formance for PFS in advanced-stage NPC patients.[16] Kim et al 
evaluated radiomic features extracted from pretreatment FDG 
PET images in patients with NPC, and demonstrated that mod-
els based on these features achieved predictive performance for 
PFS comparable to or better than those based on conventional 
PET parameters and clinical variables.[17] However, most existing 
studies have focused on a single imaging modality or employed 
simplistic pre-/post-treatment comparisons, thereby overlook-
ing the potential synergistic value of integrating multi-modal 
imaging signatures with clinical biomarkers.[18–20] Notably, Lv 
et al reported that combining PET and CT radiomics outper-
formed either modality alone for survival prediction,[21] while 
Kim et al showed that both baseline and delta PET features cor-
related with outcomes.[17] Nevertheless, the potential comple-
mentary power of integrating multi-modal imaging signatures 
with established clinical biomarkers has been underexplored. 
Addressing this gap could yield a more comprehensive and 
robust prognostic model capable of refining risk stratification 
and guiding personalized management in NPC.

This retrospective study aimed to develop and validate a 
prognostic nomogram integrating PET/CT-derived radiomic sig-
natures (Radscore) and key clinical variables to predict 3-year 
PFS in patients with NPC.

2. Methods

2.1. Study design and patient population

This study was a single-center retrospective observational 
cohort study conducted at the Nanfang Hospital of Southern 

Medical University, approved by the Ethics Committee 
of Nanfang Hospital of Southern Medical University, 
and included patients with histologically confirmed NPC 
between January 2012 and August 2016. The requirement 
for informed consent was waived due to the retrospective 
nature of the study. Clinical and laboratory data were ret-
rospectively collected from the hospital information system. 
The extracted variables included demographic character-
istics (age, sex), tumor classification (T-stage, N-stage, M 
stage, and clinical stage), treatment information (radiother-
apy, chemotherapy), histopathological subtype, and Epstein–
Barr virus serological markers, including immunoglobulin A 
antibodies. In addition, peripheral blood biomarkers were 
recorded, including lymphocyte count, neutrophil count, 
hemoglobin level, platelet count, and lactate dehydrogenase 
(LDH). PFS was defined as the time from the date of initial 
diagnosis to the 1st occurrence of disease progression/recur-
rence or death from any cause. Patients without an event 
were censored at the date of the last follow-up. The outcome 
status at the end of follow-up was recorded for each patient. 
To ensure data quality for subsequent modeling, patients 
with missing critical data (including incomplete clinical vari-
ables, laboratory values, or follow-up information) were 
excluded from the analysis. No imputation methods were 
applied to preserve the integrity of the dataset. Regarding 
model adequacy, although no formal power calculation was 
performed prospectively, the sample size (n = 128, with 68 
events) exceeded the commonly recommended ratio of 10 
events per predictor variable for survival models.[22,23] The 
final nomogram included 3 predictors, resulting in an events 
per predictor variable of 22.7, which is considered adequate 
for Cox proportional hazards regression. The 3-year PFS 
was selected as the primary endpoint, as most recurrences 
of nasopharyngeal carcinoma (NPC) occur within 3 years 
after treatment, and the median follow-up duration allowed 
sufficient assessment of this outcome.

2.2. Image acquisition

2.2.1. 18F-FDG PET/CT protocol.  All patients underwent 
pretreatment whole-body 18F-FDG PET/CT imaging following 
the European Association of Nuclear Medicine guidelines.[24] 
The scans were performed using a Biograph mCT-128 PET/
CT system (Siemens Healthineers, Shenzhen, China). Patients 
were required to fast for at least 6 hours before intravenous 
administration of 18F-FDG (mean dose: 387 ± 41 MBq, range: 
306–468 MBq; approximately 5.5 MBq/kg of body weight). 
After an uptake period of approximately 60 minutes (mean: 
58 ± 5 min), PET/CT scans were acquired with the patients 
in a supine position to minimize motion artifacts. The CT 
acquisition parameters were set at 120 kVp and 80 mA, 
and CT images were used for attenuation correction. PET 
images were reconstructed using ordered-subset expectation 
maximization with 3 iterations and 21 subsets. The initial 
reconstruction matrix size for PET was 200 × 200 with a voxel 
size of 4.07 × 4.07 × 5.00 mm3.

2.2.2. Multimodal image co-registration.  PET images 
were resampled to match the CT spatial resolution (matrix: 
512 × 512; voxel size: 0.98 × 0.98 × 3.00 mm3) using cubic 
interpolation, thereby facilitating precise image co-registration 
and integrated multi-modal analysis. Cubic interpolation was 
employed as it optimally balances image quality preservation 
and computational efficiency while minimizing resampling-
induced artifacts, which is essential for maintaining the fidelity 
of quantitative imaging features in radiomics analysis. The 
resulting preprocessed PET and CT images were subsequently 
utilized for tumor segmentation and radiomics feature 
extraction.
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2.3. Radiomics analysis

2.3.1. Tumor segmentation.  Tumor segmentation was 
independently performed by 2 experienced radiologists using 
ITK-SNAP software (version 3.4, www.itksnap.org), primarily 
based on the co-registered PET/CT images. To evaluate the 
consistency between observers, the Sorensen–Dice similarity 
coefficient was calculated for the delineated tumor volumes. The 
mean DSC was 0.86 ± 0.07, indicating good agreement between 
observers. For cases with DSC < 0.75, the 2 radiologists jointly 
reviewed the segmentations and reached consensus through 
discussion. The final agreed-upon segmentations were used for 
subsequent radiomics analysis.

2.3.2. Image preprocessing.  Preprocessing of PET and CT 
images before feature extraction involved several steps. The 
images were 1st resampled to a voxel size of 1 × 1 × 1 mm3 
through linear interpolation to standardize voxel spacing. 
Subsequently, all PET and CT images were resized to a 
uniform matrix size of 80 × 80 × 64 voxels to standardize 
input dimensions for downstream analysis. Finally, each image 
volume was cropped along the tumor boundaries defined by 
the corresponding manually annotated masks using SimpleITK, 
thereby retaining only the tumor-containing region of interest 
for radiomics feature extraction.

2.3.3. Radiomics feature extraction.  Radiomics features 
were extracted from the preprocessed PET and CT images 
using the open-source PyRadiomics package (version 3.0.1)[25] 
implemented in Python (version 3.9.13; Python Software 
Foundation, Wilmington). Tumor regions were defined based 
on the manually delineated segmentation masks obtained 
from co-registered PET/CT images. A total of 1834 radiomics 
features were extracted from each imaging modality, including 
shape-based features, 1st-order intensity statistics, and texture 
features derived from the gray-level co-occurrence matrix, 
gray-level run-length matrix, gray-level size zone matrix, gray-
level dependence matrix, and neighboring gray tone difference 
matrix.

2.4. Model development

2.4.1. Radiomics feature selection.  To ensure the robustness 
and interpretability of radiomics features, a 3-step selection 
process was applied independently for CT and PET modalities. 
First, all extracted features were standardized using z-score 
normalization to eliminate scale differences. Then, univariate 
Cox proportional hazards regression was performed to identify 
features significantly associated with PFS. Subsequently, a 
least absolute shrinkage and selection operator (LASSO) 
Cox regression model[26] was implemented to further reduce 
dimensionality and select the most prognostic features within 
each modality. Based on the final selected features, modality-
specific Radscore were calculated by linearly combining the 
features weighted by their corresponding LASSO-derived 
coefficients.

2.4.2. Clinical variable selection.  For clinical variables, 
univariate Cox proportional hazards regression was performed 
to evaluate their association with PFS. Variables with a 
P-value < .05 in the univariate analysis were subsequently 
included in a multivariate Cox regression model. Stepwise 
model selection based on the Akaike Information Criterion was 
applied to identify independent prognostic factors. The selected 
clinical variables were then used for model construction and 
performance comparison with radiomics-based models.

2.4.3. Nomogram construction.  A multivariable Cox 
proportional hazards model was developed to construct a 
radiomics-based nomogram, integrating the CT- and PET-
derived radiomics signatures along with independent clinical 

predictors identified from univariate and multivariate analysis. 
The nomogram was built to estimate individualized probabilities 
of PFS.

2.4.4. Model evaluation and performance assessment.  
Model performance was evaluated using multiple 
complementary metrics. The concordance index (C-index) was 
calculated to assess the overall discriminative ability of the 
models for predicting PFS. Time-dependent receiver operating 
characteristic curves were generated, and the area under the 
curve (AUC) was calculated to evaluate predictive accuracy at 
the 3-year time point.

For risk stratification analysis, patients were dichotomized 
into high-risk and low-risk groups based on the median value 
of the combined radiomics score in the training cohort. The 
median cutoff was selected to ensure balanced group sizes and 
adequate statistical power for survival comparisons, to main-
tain clinical interpretability consistent with common practice 
in radiomics-based prognostic studies, and to reduce the risk 
of overfitting compared with data-driven cutoff optimization 
methods, such as maximally selected rank statistics. Kaplan–
Meier survival curves were constructed for each risk group, and 
differences in PFS were assessed using the log-rank test.

Calibration curves were plotted to visually evaluate the agree-
ment between nomogram-predicted probabilities and observed 
frequencies of 3-year PFS. Decision curve analysis (DCA) was 
performed to assess the clinical utility of the nomogram by 
quantifying the net benefit across different threshold probabili-
ties, compared with strategies of treating all patients or treating 
none.

2.5. Statistical analysis

All statistical analyses were conducted using R software (version 
4.2.1; R Foundation for Statistical Computing, Vienna, Austria). 
Continuous variables were summarized as mean ± standard 
deviation or median with interquartile range, depending on 
their distribution assessed by the Shapiro–Wilk test. Categorical 
variables were presented as frequencies and percentages. Group 
comparisons were performed using the Student t test or Mann–
Whitney U test for continuous variables, and the chi-square test 
or Fisher exact test for categorical variables.

Univariate Cox proportional hazards regression was used to 
identify variables associated with PFS, followed by multivari-
ate Cox regression to determine independent prognostic fac-
tors. Variables with a P-value < .05 were further analyzed using 
LASSO regression for dimensionality reduction and feature 
selection. Significant predictors were then included in a multi-
variable Cox regression model to construct the nomogram using 
the “rms” package in R.

A 2-sided P-value < .05 was considered statistically signifi-
cant. We used the Strengthening the Reporting of Observational 
Studies in Epidemiology reporting guideline[27] to draft this man-
uscript, and the Strengthening the Reporting of Observational 
Studies in Epidemiology reporting checklist when editing, 
included in Table S1, Supplemental Digital Content, https://
links.lww.com/MD/R381.

3. Results

3.1. Patient characteristics

This study included 128 patients with NPC, comprising 103 
males and 25 females, who were randomly divided into a train-
ing cohort (n = 85) and a validation cohort (n = 43). The clinical 
characteristics of the 2 cohorts are presented in Table 1.

There were no statistically significant differences between 
the cohorts in terms of age, sex, American Joint Committee on 
Cancer stage, pathological subtype, receipt of radiotherapy or 
chemotherapy, VCA-immunoglobulin A, serum biochemical 

www.itksnap.org
https://links.lww.com/MD/R381
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indicators, or follow-up duration (all P-values ranging from 
.157–.972), except for Epstein–Barr virus status (P = .045).

The median PFS was 22 months (range: 1–56 months) in the 
training cohort and 25 months (range: 4–52 months) in the val-
idation cohort. At the last follow-up, 9 deaths, 19 local recur-
rences, and 12 distant metastases were recorded in the training 
cohort, whereas 6 deaths, 9 recurrences, and 5 metastases 
occurred in the validation cohort.

3.2. Feature selection and Radscore construction

A total of 1834 CT-based and 1834 PET-based features were 
initially extracted. Subsequently, a total of 398 CT-derived and 
325 PET-derived radiomic features were identified as signifi-
cantly associated with PFS based on univariate Cox analysis.

To further reduce dimensionality and address potential col-
linearity, LASSO Cox regression with 5-fold cross-validation 
was applied within each modality. As a result, 5 CT features 
and 6 PET features with non-zero coefficients were selected. 
The final Radscores were calculated as linear combinations of 
the selected features weighted by their corresponding LASSO-
derived coefficients. These modality-specific Radscores were 
subsequently used as continuous variables for survival analysis 

and integration with clinical predictors. The selected features 
and their corresponding coefficients are detailed in Table 2.

3.3. Model establishment and validation

Univariate Cox regression analysis was performed in the train-
ing cohort to assess the prognostic relevance of clinical variables 
and radiomics signatures (CT-Radscore and PET-Radscore) to 
PFS. As summarized in Table 3, CT-Radscore (P = .003), PET-
Radscore (P < .001), and LDH (P = .024) were significantly 
associated with PFS. No other clinical or laboratory parameters 
reached statistical significance (P > .05).

In the subsequent multivariable Cox regression analysis, 
CT-Radscore (P = .028), PET-Radscore (P = .019), and LDH 
(P = .024) remained statistically significant (P < .05), confirming 
their roles as independent prognostic factors. Notably, although 
T-stage demonstrated significance in the univariate analysis, it 
lost significance in the multivariate model, potentially due to 
confounding effects or collinearity with the imaging-derived 
variables.

Based on these findings, 4 prognostic models were con-
structed: a clinical model incorporating LDH; a CT model 
using CT-Radscore; a PET model using PET-Radscore; and 

Table 1 

Clinical and demographic information of the 2 cohorts.

Characteristic Training cohort Validation cohort P-value

No. of patients 85 (66%) 43 (34%)
Age (yr)
 � Median (range) 47 (15–78) 49 (21–74)
 � Mean ± SD 47.5 ± 13.3 48.2 ± 13.2 .78
Gender
 � Male 67 (78.8%) 36 (83.7%)
 � Female 18 (21.2%) 7 (16.3%) .639
AJCC stage
 � I 2 (2.4%) 2 (4.7%)
 � II 8 (9.4%) 3 (6.9%)
 � III 33 (38.8%) 16 (37.2%)
 � IV 42 (49.4%) 22 (51.2%) .869
Radiotherapy (yes) 65 (76.5%) 33 (76.7%) .972
Chemotherapy (yes) 69 (81.2%) 37 (86.0%) .49
Pathology
 � Non-keratinizing carcinoma 69 (81.2%) 38 (88.4%)
 � Keratinizing squamous cell carcinoma 16 (18.8%) 5 (11.6%) .449
VCA-IgA positive 53 (62.4%) 22 (51.2%) .225
EB virus copies/mL
 � Median (range) 500 (500–43,900) 896 (500–138,000)
 � Mean ± SD 20,137 ± 61,263 81,586 ± 267,120 .045
LYM (G/L)
 � Median (range) 1.64 (0.66–3.9) 1.79 (0.52–6.17)
 � Mean ± SD 1.80 ± 0.67 2.02 ± 1.11 .157
NEU (G/L)
 � Median (range) 4.35 (1.78–16.97) 4.09 (2.31–10.72)
 � Mean ± SD 4.86 ± 2.17 4.78 ± 1.88 .849
HGB (g/L)
 � Median (range) 142 (87–182) 141 (99–175)
 � Mean ± SD 140.1 ± 18.14 139.0 ± 16.9 .753
PLT (G/L)
 � Median (range) 251 (97–528) 246 (139–389)
 � Mean ± SD 261.3 ± 223.4 252.6 ± 53.8 .624
LDH (U/L)
 � Median (range) 166.6 (104–2088) 175 (110–1575.8) .343
PFS (months)
 � Median (range) 22 (1–56) 25 (4–52)
 � Mean ± SD 23.7 ± 13.8 24.4 ± 14.0 .781
Event status .847
 � Event 45 (52.9%) 23 (53.5%)
 � Censored 40 (47.1%) 20 (46.5%)

AJCC = American Joint Committee on Cancer, EB = Epstein–Barr virus, HGB = hemoglobin, IgA = immunoglobulin A, LDH = lactate dehydrogenase, LYM = lymphocyte, NEU = neutrophil, PFS = 
progression-free survival, PLT = platelet.
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a nomogram model integrating all 3 significant predictors. A 
nomogram was generated to visualize this integrated model and 
facilitate individualized prediction of 3-year PFS.

Model performance was evaluated using C-index and 
AUC for 3 years in both the training and validation cohorts. 
As shown in Table 4, the nomogram model demonstrated the 
best performance, achieving a C-index of 0.705 (95% confi-
dence interval [CI]: 0.698–0.711) and a 3-year AUC of 0.813 
(95% CI: 0.809–0.826) in the training cohort. In the validation 
cohort, it maintained good discriminative ability, with a C-index 
of 0.635 (95% CI: 0.624–0.646) and AUC of 0.739 (95% CI: 
0.717–0.750). The PET model showed moderate performance 
(train: C-index 0.671, AUC 0.721; validation: C-index 0.580, 

AUC 0.646), followed by the CT model (train: 0.617, 0.656; 
validation: 0.537, 0.651), while the clinical model exhibited 
the lowest predictive performance across both cohorts. Time-
dependent receiver operating characteristic curves for all models 
are presented in Figure 1.

To further assess the prognostic stratification ability of each 
model, Kaplan–Meier survival analysis was performed by 
dichotomizing patients into high- and low-risk groups based 
on the median predicted risk score. As illustrated in Figure 2, 
the Nomogram model achieved the most distinct separation 
of survival curves in both cohorts, with statistically significant 
differences in the training (P < .001) and validation cohorts 
(P = .013). The Clinical model showed significant stratification 
in the validation cohort (P = .03) but not in the training cohort 
(P = .15). The PET model yielded borderline significance in the 
training cohort (P = .14) but was not significant in the valida-
tion cohort (P = .26). The CT model did not reach statistical 
significance in either cohort. These findings suggest that the inte-
grated Nomogram model provides superior risk stratification 
and prognostic utility compared with single-modality models.

3.4. Establishment and validation of the nomogram

Based on the multivariate Cox regression analysis, a prognostic 
nomogram was developed to provide an individualized estima-
tion of 3-year PFS. The nomogram incorporated 3 independent 
predictors: CT-Radscore, PET-Radscore, and LDH. As shown in 
Figure 3, each predictor was assigned a point value proportional 
to its contribution to the outcome. The total score, calculated by 
summing the individual points, was mapped to the bottom scale 
to estimate the probability of 3-year PFS. This visualization 

Table 2 

Selected radiomics features.

CT radiomics features Coef
 � Original_glszm_SmallAreaEmphasis -0.052472269
 � Wavelet.HLL_firstorder_Mean -0.060776689
 � Exponential_firstorder_Uniformity 0.037922119
 � Exponential_glcm_MaximumProbability 0.05238679
 � Exponential_glszm_LowGrayLevelZoneEmphasis -0.005742124
PET radiomics features
 � Wavelet.LHH_glcm_Correlation -0.132200669
 � Wavelet.HLL_ngtdm_Contrast 0.027424867
 � Wavelet.HHL_ngtdm_Contrast 0.027424867
 � Wavelet.HHH_firstorder_Mean -0.058933654
 � Wavelet.HHH_glcm_Idn -0.058933654
 � Wavelet.HHH_ngtdm_Contrast 0.038405501

CT = computed tomography, PET = positron emission tomography.

Table 3 

Univariable Cox regression analysis of clinical variables for PFS.

Variables

Univariate

P-value

Multivariate

P-valueHR (95% CI) HR (95% CI)

Age 1.00 (0.98–1.02) .857
Gender
 � Male Reference
 � Female 0.97 (0.55–1.73) .93
T-stage 1.16 (1.12–1.49) .26
 � T1 Reference
 � T2 2.58 (1.13–5.91) .025
 � T3 1.41 (0.69–2.86) .343
 � T4 1.50 (0.66–3.40) .328
N-stage
 � N0 Reference
 � N1 2.11 (0.90–4.94) .086
 � N2 1.64 (0.74–3.63) .226
 � N3 1.85 (0.65–5.30) .25
Stage
 � Stage 1 Reference
 � Stage 2 2.73 (0.72–10.39) .141
 � Stage 3 1.17 (0.35–3.84) .802
 � Stage 4 1.19 (0.34–4.10) .788
IGA
 � Negative Reference
 � Positive 0.65 (0.39–1.06) .085
 � LYM 1.07 (0.77–1.48) .695
 � NEU 1.07 (0.98–1.16) .137
 � HGB 1.00 (0.99–1.02) .907
 � PLT 1.00 (1.00–1.01) .209
 � LDH 0.53 (0.30–0.92) .024 0.52 (0.3–0.91) .024
 � EB 0.84 (0.72–0.99) .032 0.86 (0.73–1.02) .082
 � CT_Radscore 1.42 (1.12–1.80) .003 1.30 (1.03–1.65) .028
 � PET_Radscore 1.49 (1.21–1.83) <.001 1.31 (1.04–1.65) .019

CT = computed tomography, EB = Epstein–Barr virus, HGB = hemoglobin, IgA = immunoglobulin A, LDH = lactate dehydrogenase, LYM = lymphocyte, NEU = neutrophil, PET = positron emission 
tomography, PFS = progression-free survival, PLT = platelet.
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provides an intuitive and practical tool for clinical risk stratifi-
cation and decision-making in patients with NPC.

To evaluate the accuracy of the nomogram in estimating indi-
vidualized survival probabilities, calibration curves were gen-
erated in both the training and validation cohorts, as shown 
in Figure 4. In the training cohort (Fig. 4A), the calibration 
curve demonstrated a generally good agreement between the 
predicted and actual 3-year PFS probabilities. Most calibration 
points were located close to the ideal 45-degree reference line, 
indicating that the nomogram’s predicted risk was well-aligned 
with the observed outcomes. However, in the lower predicted 
probability range (0.1–0.3), the model slightly overestimated 
the true PFS, as indicated by a mild downward deviation from 
the diagonal. The overall pattern remained consistent, and the 
confidence intervals overlapped with the reference line in most 
risk intervals, supporting the model’s accuracy in the training 
data. In contrast, the validation cohort (Fig. 4B) showed a less 
smooth calibration curve with larger confidence intervals. The 
number of available risk intervals was lower, likely due to a 
smaller sample size and fewer events, which reduced the statis-
tical stability of the estimates. Nonetheless, the predicted and 
observed survival probabilities followed a similar trend, and the 
curve remained reasonably close to the diagonal line. Despite 
the increased variability, the nomogram preserved a satisfac-
tory level of calibration in the validation cohort, supporting its 
generalizability.

To further evaluate the clinical utility of the proposed model, 
DCA was conducted to assess the net benefit of the nomogram 
compared with individual modality-based models and the clin-
ical model. As shown in Figure 5, the nomogram consistently 
demonstrated the highest net benefit across a broad range of 

threshold probabilities in both the training (Fig. 5A) and vali-
dation cohorts (Fig. 5B). In the training cohort, the nomogram 
showed clear superiority over all other models, particularly 
within the threshold probability range of 0.2 to 0.4, which is 
clinically relevant for risk-based decision-making. The net ben-
efit of the nomogram remained well above the “treat-all” and 
“treat-none” strategies across almost the entire range, highlight-
ing its enhanced ability to correctly identify patients who are 
more likely to experience disease progression. In the validation 
cohort, despite slightly reduced separation among the models, 
the nomogram continued to outperform the CT, PET, and clin-
ical models, maintaining a robust clinical net benefit through-
out most of the decision thresholds. This consistent advantage 
indicates that the nomogram not only achieves strong predictive 
accuracy but also delivers meaningful clinical value in real-world 
applications by optimizing individualized treatment strategies.

4. Discussion
In this study, we developed and validated a comprehensive prog-
nostic nomogram that integrates radiomics features extracted 
from both CT and PET imaging modalities with key clinical 
parameters, including LDH, to provide individualized pre-
diction of 3-year PFS in patients with NPC. Our approach 
involved rigorous feature selection and model construction: we 
1st extracted a large number of quantitative radiomics features 
from segmented tumor regions on CT and PET images, and then 
applied univariate Cox regression, multivariate Cox regression, 
and LASSO-based multivariate selection to identify the most 
prognostically relevant features for each imaging modality. 
Our main finding is that the fusion model, which combines 

Table 4 

Performance comparison of different models in predicting 3-year PFS.

Model C-index (training) C-index (validation) AUC@3y (training) AUC@3y (validation)

Clinical model 0.580 (0.573–0.588) 0.619 (0.606–0.633) 0.687 (0.675–0.695) 0.648 (0.626–0.666)
CT model 0.617 (0.611–0.624) 0.537 (0.528–0.546) 0.656 (0.643–0.666) 0.651 (0.633–0.665)
PET model 0.671 (0.664–0.678) 0.580 (0.570–0.589) 0.721 (0.710–0.732) 0.646 (0.630–0.663)
Nomogram model 0.705 (0.698–0.711) 0.635 (0.624–0.646) 0.813 (0.809–0.826) 0.739 (0.717–0.750)

AUC = area under the curve, C-index = concordance index, CT = computed tomography, PET = positron emission tomography, PFS = progression-free survival.

Figure 1.  Time-dependent ROC curves of 4 models for predicting 3-year PFS in the training (A) and validation (B) cohorts. PFS = progression-free survival, 
ROC = receiver operating characteristic.
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multi-modalityradiomics and clinical features, consistently out-
performed single-modality or clinical-only models in both the 
training and validation cohorts, demonstrating the value of a 
multidimensional approach for individualized risk assessment 
in NPC.

The results indicated that both CT- and PET-derived radiomics 
signatures were independent predictors of PFS, consistent with pre-
vious studies reporting associations between quantitative imaging 
features and clinical outcomes.[28–30] Notably, 3 previous studies 
have evaluated the prognostic performance of PET/CT-based radio-
mic features in NPC. In line with our findings, these studies reported 
that integrating clinical variables with PET/CT radiomic features 

improved PFS prediction, achieving C-index values of 0.77[21] and 
0.69,[31] and an AUC of 0.829,[32] compared with a C-index of 0.705 
and an AUC of 0.813 observed in our analysis. Compared to prior 
studies, our work demonstrates several distinct contributions. Peng 
et al[32] focused exclusively on advanced NPC (stages II–IV), while 
we included a broader patient population. In the study by Lv et 
al[21] no PET-derived radiomic features were retained in multivari-
able analysis. In contrast, our study successfully identified multiple 
significant CT- and PET-based radiomic features reflecting tumor 
heterogeneity, highlighting differences in radiomic signature selec-
tion across studies. Xu et al[31] incorporated only the American Joint 
Committee on Cancer stage as a clinical variable. By comparison, 

Figure 2.  Kaplan–Meier curves of high-risk and low-risk groups for each model in the training (A) and validation (B) cohorts.

Figure 3.  Nomogram for predicting PFS in NPC. NPC = nasopharyngeal carcinoma, PFS = progression-free survival.
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our analysis identified LDH as an independent prognostic factor, 
suggesting biochemical markers may provide complementary value 
to conventional staging systems. Most importantly, none of these 
prior studies implemented a clinical nomogram for individualized 
risk prediction: a critical gap our study addresses. The nomogram 
was further validated by calibration curves and DCA, both of which 
demonstrated good agreement between predicted and observed out-
comes and confirmed the model’s clinical utility.

This study has several notable strengths. First, a multidimen-
sional approach integrating CT- and PET-derived radiomics 
features with clinical biomarkers was developed. Second, a rig-
orous methodological framework, including internal validation 
and comprehensive performance evaluation, was applied to 
ensure reliable model assessment. Third, a clinically applica-
ble nomogram was constructed to facilitate individualized risk 
stratification, which has not been extensively explored in pre-
vious radiomics studies of NPC. Despite these strengths, sev-
eral important limitations should be acknowledged. The most 
critical limitation is the absence of external validation, which 
significantly restricts the generalizability of our findings. As a 
single-center retrospective study conducted at 1 institution, our 

results may not be directly applicable to other clinical settings 
with different patient populations, scanner protocols, or treat-
ment approaches. Although we performed internal validation 
using a holdout test set, multi-center external validation is 
imperative to establish the reproducibility and clinical utility 
of our nomogram across diverse healthcare settings. Without 
such validation, the clinical implementation of our model 
remains premature. Second, we limited our survival prediction 
to the 3-year PFS endpoint as most NPC recurrences occur 
within this timeframe; future studies with extended follow-up 
are warranted to evaluate multiple time points (1-year and 
5-year PFS). Third, radiomic reproducibility can be affected 
by variations in image acquisition protocols, reconstruction 
parameters, and segmentation methods. Harmonizing imaging 
protocols and establishing consensus-based feature extraction 
pipelines are essential for clinical translation. Finally, integrat-
ing other emerging biomarkers such as genomic, proteomic, or 
circulating tumor DNA markers may further enhance model 
performance.

Future research should prioritize multi-center prospective 
validation to confirm the generalizability and clinical utility of 

Figure 4.  Calibration curves for the nomogram in predicting 3-year PFS in the training (A) and validation (B) cohorts. PFS = progression-free survival.

Figure 5.  DCA for predicting 3-year PFS in the training (A) and validation (B) cohorts. DCA = decision curve analysis, PFS = progression-free survival.
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our nomogram across diverse patient populations and imag-
ing protocols. Additionally, extending prognostic modeling to 
include 1-year and 5-year PFS endpoints would provide a more 
comprehensive temporal risk assessment to guide personal-
ized treatment strategies and surveillance planning. Integration 
of emerging biomarkers, including genomic and proteomic 
data, may further enhance predictive accuracy and clinical 
applicability.

5. Conclusion
In summary, our study demonstrates that the integration of CT 
and PET radiomics with clinical parameters such as LDH yields 
a robust and clinically meaningful tool for individualized pre-
diction of 3-year PFS in NPC patients. The proposed nomogram 
exhibits superior prognostic performance, good calibration, and 
clear clinical benefit, highlighting its potential to guide risk-
adapted treatment strategies and improve patient outcomes. 
With further validation and refinement, such multi-modal mod-
els may become an integral part of precision oncology for NPC.
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