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Abstract
Aims/Background Patients with recurrent or/and metastatic nasopharyngeal carcinoma (NPC) have a notably
low survival rate. Our primary objective in this study is to establish a comprehensive nomogram model based
on clinical factors, semantic features, and multi-parameter magnetic resonance imaging (MRI) radiomic features,
and to predict the risk of mortality in patients with progressive NPC following intensity-modulated radiation ther-
apy.
MethodsA retrospective study, including 110 patients with recurrent or/and metastatic NPCwho underwent treat-
ment at the Zhejiang Cancer Hospital between June 2012 and December 2016, was conducted. Comprehensive
reviews of clinical and pre-treatment MRI data were undertaken. Patients were categorized into two groups based
on their mortality status within a 5 year-frame: the non-death group (54 cases) and the death group (56 cases).
Radiomic features were extracted from patients’ MRIs and the best feature set was selected. Each patient was
assigned a radiomic score (Rad-Score). A combined model was constructed using multivariate binary logistic re-
gression, incorporating Rad-Score, semantic features, and clinical data. Receiver operating characteristic (ROC)
curves and calibration plots were generated to evaluate the predictive performance of the radiomic feature model,
the clinical-semantic feature model, and the combined model for predicting death risk in patients with progressive
NPC. A nomogram based on the combined model was constructed.
Results Gender, invasion of the carotid sheath by the primary tumour, tumour volume, and progression time
showed statistically significant differences between the two groups (p < 0.05). There were statistically signifi-
cant differences between the three models in the death and non-death groups (p < 0.001). The area under the
curve (AUC) value for the radiomic feature model was 0.861 (95% confidence interval [CI]: 0.783–0.920), while
the AUC value for the clinical-semantic feature model was 0.797 (95% CI: 0.709–0.868). The combined model
demonstrated the highest efficacy for predicting death risk in NPC patients, with an AUC value of 0.904 (95%
CI: 0.832–0.952), accuracy of 0.818, sensitivity of 0.857, specificity of 0.870, negative predictive value of 0.778,
and positive predictive value of 0.857.
Conclusion The combined model incorporating clinical features, semantic features and multi-parameter MRI ra-
diomic features is a highly valuable tool for predicting death risk in patients with progressive NPC, providing a
quantitative approach to aiding in early clinical intervention and treatment.
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Introduction
Nasopharyngeal carcinoma (NPC) is an etiologically heterogeneousmalignancy

originating from the epithelium of the nasopharyngeal mucosa, exhibiting height-
ened sensitivity to radiation therapy (de Martel et al, 2020). Given the higher
susceptibility to tumourigenesis and the restricted access of nasopharynx to sur-
gical treatment due to its anatomical location, radiation therapy stands as the pri-
mary treatment modality for non-metastatic NPC patients (Sung et al, 2021). Pro-
gressive advancements in medical equipment and the development of radiother-
apy technology have refined intensity-modulated radiation therapy (IMRT) into a
comprehensive treatment, which currently is the primary treatment method, with
a favourable prognostic outcome in NPC patients and an ability to elevate over-
all survival (OS) rate to over 80% (Chen et al, 2022). During recurrence or distant
metastasis, however, the use of first-line medication does not seem to provide much
protection, given the outcome statistics obtained from a previous report: a median
post-treatment progression-free survival duration of only ~7 months, a 5-year OS
rate of <20%, and a mortality rate as high as 91% in patients with NPC metastasis
(Siak et al, 2021). Hence, there exists a need to unravel the survival among patients
experiencing NPC relapse and metastasis.

Recent studies have shown that the anatomical-based tumour node metasta-
sis (TNM) staging system lacks precision in guiding clinical practice (Zhuo et al,
2019; Ren et al, 2017; Wu et al, 2021; Zhang et al, 2019). Nonetheless, accurate
staging remains crucial for achieving a lower mortality rate in NPC patients (Miao
et al, 2022). Patients at risk of death may face a poor prognosis due to delayed in-
tensified treatment, while others may encounter suboptimal outcomes from initial
radiotherapy and chemotherapy, resulting in poor compliance and tolerance with
subsequent treatment, culminating in death. Although early recurrent patients may
benefit from the removal of radiation-resistant tumours, the majority of recurrent
cases are diagnosed at an advanced stage (Deng et al, 2023; Tian et al, 2022). Thus,
early accurate stratification and intervention emerge as crucial strategies for extend-
ing the lifespan of NPC patients, playing a core role in their clinical management.
Toumi et al (2021) found that early recurrence of NPC (<2 years) significantly al-
ters survival rates, suggesting a more aggressive nature in tumours that recur sooner.
The involvement of the carotid sheath in primary tumour extension or metastatic
lymph node invasion has been consistently identified as a significant prognostic
factor in NPC (Chan et al, 2018; Qiu et al, 2023). In recent years, radiomics as a
popular method for studying tumour heterogeneity, has shown higher value than
TNM staging in various studies related to risk stratification, recurrence and dis-
tant metastasis prediction, and survival application in NPC (Yang et al, 2019; Xi
et al, 2022). Previous studies have focused on recurrent or metastatic NPC, with
long-term survival of more than 50% in some cases of NPC progression. In recent
years, nomograms have been used to construct prediction models as prognostic as-
sessment tools for tumours in various studies. Conceptually, nomograms integrate
multiple prognostic and determinant variables, allowing personalized identification
and stratification of risk factors (Liu et al, 2023; Xiang et al, 2024).
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Magnetic resonance imaging (MRI), as themost essential imaging tool for NPC
TNM staging, also serves as a critical non-structured data source for NPC (Qiang
et al, 2021). This study aims to integrate clinical and MRI semantic features of pro-
gressive NPC with multi-parameter MRI radiomics features to construct a model
combining both clinical-semantic and radiomic features. This model predicts the
5-year mortality rate, providing a more accurate patients stratification and a quan-
titative basis for formulating of treatment plans in clinical practice.

Methods
Clinical Cases

Patient data were derived from 517 cases of pathologically confirmed NPC
stage I–IVa treated at the Zhejiang Cancer Hospital from June 2012 to Decem-
ber 2016. The inclusion criteria are as follows: (1) patients with biopsy-proven
NPC; (2) individuals diagnosed with stage I–IVa according to the 8th edition of
the 2017 American Joint Committee on Cancer (AJCC) staging system, with recur-
rence and/or distant metastasis within 5 years (Huang and O’Sullivan, 2017); (3)
patients aged 18 years or older and receiving complete IMRT treatment; and (4)
patients with tumour-type NPC showing no significant artifacts from pre-treatment
MRI scans including T1 weighted imaging (T1WI), fat suppressed T2 weighted
imaging (FS T2WI) and fat suppressed contrast enhanced-T1weighted imaging (FS
CE-T1WI). Individuals with the following criteria were excluded from the study:
(1) comorbidity with other tumours; (2) incomplete treatment; (3) lost to follow-
up for 60 months; (4) unqualified magnetic resonance (MR) images; (5) non-mass
type NPC; (6) non-progressors; (7) death not caused by progression. Patients with
ongoing progression after treatment were not included in our study. Finally, 110
patients with locally advanced NPC were selected. The workflow depicting the
patient selection and grouping process is shown in Fig. 1.

The data collected from patients with NPC include gender, age, histopatholog-
ical type, T stage, N stage, induction chemotherapy regimen and duration, concur-
rent chemotherapy duration, tumour volume, and time of first detection of recur-
rence and/or distant metastasis.

Treatment and Follow-Up
Following the completion of IMRT, patients underwent regular follow-ups,

with intervals of every 3 months for the first years, followed by semi-annual checks
during the second year and annual visits in the subsequent years. The endpoint was
the 5-year mortality rate for all patients experiencing recurrence and/or metastasis.
The calculation of the endpoint commenced from the day of the initial treatment,
considering the first defined event or the last follow-up visit. The last follow-up
date for this study was 23 February 2023 (Xi et al, 2024).

MRI Examination Methods
MR scanners Siemens Magnetom Symphony 1.5T (23709, Siemens Medical

Solutions, St. Paul, MN, USA) and Siemens Verio 3.0T (40689, Siemens Med-
ical Solutions, Erlangen, Bavaria, Germany) were used for acquiring MR images.
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Fig. 1. Flowchart depicting processes of patient selection and categorization into death and
non-death groups. From the final selection of 110 eligible cases, 54 cases were categorized into
the non-death group and 56 cases in the death group. NPC, nasopharyngeal carcinoma.

Cross-sectional T1WI and FS T2WIwere initially acquired. Subsequently, axial FS
CE-T1WI images were taken after receiving a dosage of 0.01 mmol/kg gadolinium-
based contrast agent. Themain components in the scan images are as follows: Axial
T1WI: repetition time/echo time (TR/TE) 1700–1800 ms/910 ms, 90° flip angle,
256 × 168 matrix, 5.00 mm slice thickness, and 1.00 mm slice spacing; Axial
fs T2WI: TR/TE 5700–6360 ms/4990 ms, with flip angle, matrix, slice thickness,
and spacing similar to those of axial T1WI; Axial fs CE-T1WI: TR/TE 450–600
ms/8.89 ms, with flip angle, matrix, slice thickness, and slice spacing similar to
those of axial T1WI (Xi et al, 2024).

MR Image Semantic Features
All MR images were obtained before treatment and independently reviewed

by two radiologists specialized in head and neck radiology, who had 9 and 16 years
of experience, respectively. We took into account patient data such as such as the
research criteria for carotid sheath involvement (Qiu et al, 2023; Quan et al, 2022).
Nasopharyngeal carcinoma invasion to carotid sheath and neck lymph nodes were
studied. A Kappa test was conducted to assess the inter-rater agreement and calcu-
late the kappa coefficient.
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NPC Tumour Segmentation, Radiomic Feature Extraction and Selection
The MRI preprocessing and image segmentation protocols encompass the fol-

lowing: (1) Pre-treatment nasopharyngeal MR scans for each case were exported
in digital imaging and communications in medicine (DICOM) format. (2) The
DICOM-format images were imported into ITK-SNAP software. ITK-SNAP is a
free, open-source, multi-platform software application used to segment structures in
3D and 4D biomedical images (http://www.itksnap.org, version 3.8.0). It was orig-
inally developed at the University of North Carolina by student teams led by Guido
Gerig (NYU Tanden School of Engineering). Two attending radiologists with vast
experience in head and neck radiology manually segmented the primary NPC tu-
mour on T1WI, FS T2WI, and FS T1WI+C sequences slice by slice. The segmented
tumour was then saved as a region of interest (ROI), and the tumour volume, within-
group and between-group correlation coefficients (ICC) were recorded to evaluate
inter-observer and intra-observer consistency.

In the image preprocessing, radiomic feature extraction, and selection, the orig-
inal and outline ROIs were entered into the uAI Research portal (version 3.7.3,
United Imaging Intelligence, Shanghai, China). Normalizationwas first done on them,
and then radiomic features were extracted, including First Order, Shape, Gray Level
Run Length Matrix (GLRLM), Gray Level Dependence Matrix (GLDM), Gray
Level Co-occurrence Matrix (GLCM), Neighborhood Gray Tone Difference Ma-
trix (NGTDM), and Gray Level Size Zone Matrix (GLSZM). Filters, such as origi-
nal, wavelet, and Laplacian of Gaussian (LoG), were used to obtain 2286 features
from sequences (Xi et al, 2024). To maintain image quality across various gad-
gets, MaxAbsScaler was utilized to preprocess dataset prior to selecting relevant
attributes and preserving that above threshold (0.75). Maximum relevance min-
imum redundancy (mRMR) was used to select 20 features most relevant to the
labels and have minimal redundancy. Subsequently, least absolute shrinkage and
selection operator (LASSO) regression was applied for dimension reduction, ob-
taining radiomics signature parameters termed Rad-Score. The predictive model
was trained and validated using five-fold cross-validation. Finally, the area under
the receiver operating characteristic (ROC) area under curve (AUC) of the radiomic
feature model was determined.

Model Estimation, Validation, and Statistical Analysis
The statistical analyses were performed with MedCalc statistical software (ver-

sion 19.1, MedCalc Software Ltd., Ostend, Belgium) and R software (version 4.2.1,
R Core Team, https://cran.r-project.org/src/base/R-4). MedCalc is a statistical soft-
ware designed specifically for biomedical applications. First, the data were tested
for normality. Owing to a dataset of 110 subjects filled with continuous, categori-
cal and rank variables, we used the Kolmogorov-Smirnov test for normality testing.
Student’s t-test was used for normally distributed data, whereas the Mann-Whitney
U test was used for non-normally distributed continuous data. The chi-square test
was used for qualitative variables and rank variables to analyze whether there were
statistically significant differences. If the number of cases with a theoretical fre-
quency T < 1 or 1 ≤ T ≤ 5T exceeds one-fifth of the total, Fisher’s exact test
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was used instead. p-value of lower than 0.05 was considered statistically signif-
icant. Univariate logistic regression was performed on each potential predictive
variable, encompassing gender, age, pathological type, T stage, N stage, induction
chemotherapy regimen and duration, tumour volume, synchronous chemotherapy
duration, tumour or lymph node invasion of the carotid sheath, and duration of
NPC progression. Variables with p < 0.05 were then included in multivariate bi-
nary logistic regression analyses to identify independent risk factors contributing to
patient mortality. The selected risk factors and Rad-Score were utilized to construct
a combined model, and a nomogram was generated. Following the model construc-
tion, the goodness of fit was analyzed using the Hosmer-Lemeshow test, and the
decision curve analysis (DCA) diagram and ROC curve were plotted. The AUC
served as an evaluation metric for the performance of each model in assessing the
risk of death from NPC. The predictive performance of the models was compared
using the Delong test, and a p-value of <0.05 indicated a statistically significant
difference.

Results
Selection of Clinical Features and Semantic Features

NPC patients were divided into death group (n = 56) and non-death group (n =
54), based on their mortality status within 5 years of recurrence and/or distant metas-
tasis. The Kappa values for cervical artery lymph node invasion and carotid sheath
invasion were 0.826 and 0.909, respectively. Significant differences in gender (p
= 0.027), invasion of the carotid sheath by primary tumour (p < 0.001), tumour
volume (p < 0.001), and progression time (p = 0.001) were observed between the
two groups, as shown in Table 1. Multivariate binary logistic regression showed
that sex, tumour invasion of the carotid sheath, and tumour volume were all signif-
icant in predicting NPC death (Table 2). The forest plot of the multivariate binary
logistic regression analysis is presented in Fig. 2.

Radiomic Features Selection
The mRMR method was used to select 20 texture features from a pool of 6858

features in the T1WI, FS T2WI, and FS CE-T1WI sequences. Then, the LASSO
algorithm was applied to further optimize the selection process, retaining 8 optimal
subsets (Fig. 3). The three features with the highest proportions were selected for
inter-group analysis, as presented in Fig. 4.

Construction and Validation of the Combined Model
After five-fold cross-validation, each patient received five sets of Rad-Score

values; the corresponding AUC values are displayed in Fig. 5A. The set with the
highest AUC value was selected as the predictive model for radiomics. Consider-
ing the correlation between tumour volume and radiomics feature log_glszm_log-
sigma-0-5-mm-3d-largearealowgraylevelemphasis, for the combined model, only
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Table 1. Comparison of clinical and MRI semantic features between death and non-death groups.
Clinical and semantic features Non-death (n = 54) Death group (n = 56) p χ2/Z

Sex Male 38 49 0.027* 4.878Female 16 7

Age (year) 51.500 (34.000, 68.000) 55.000 (46.000, 62.000) 0.054 –1.948

Pathological type

Type 1 10 7

0.743 ——
Type 2 27 25
Type 3 5 9
Type 4 1 1
Type 5 11 14

Induction chemotherapy regimen
NO 6 8

0.883 0.249PF 28 28
TPF 20 20

Course of induction chemotherapy
1 0 1

0.806 ——2 2 1
3 52 54

Synchronous course of chemotherapy
0 3 1

0.459 1.5561 3 5
2 48 50

T stage

1 2 1

0.523 0.9142 3 3
3 30 30
4 19 22

N stage

0 2 0

0.503 ——1 17 17
2 24 23
3 11 16
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Table 1. Continued.
Clinical and semantic features Non-death (n = 54) Death group (n = 56) p χ2/Z

Carotid sheath invasion No 44 27
<0.001* 13.295Yes 10 29

Lymph node invasion No 30 24 0.183 1.774Yes 24 32

Tumour volume — 8069.000 (4860.5000, 15,096.667) 18,620.000 [6881.4167, 29,633.333) <0.001* –3.665

Progression time (years) — 2.775 (1.6875, 3.750) 1.500 (1.000, 2.7125) 0.001* –3.216
Note: * represents a statistically significant difference. Pathological types 1–5 represent squamous carcinoma, non-keratinizing undifferentiated
carcinoma, non-keratinizing differentiated carcinoma, and basal cell-like carcinoma, respectively. NO, “No” and “Negative”; PF, platin and 5-
fluorouracil; TPF, taxotere, platin and 5-fluorouracil; MRI, magnetic resonance imaging.
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gender, carotid sheath invasion, duration of progression, and radiomics factors were
included. ROC curves for the combined model are displayed in Fig. 5B. We also
constructed DCA plots for the three models (Fig. 6). Accuracy, specificity, sensi-
tivity, negative predictive value (NPV), and positive predictive value (PPV) were
calculated for each mode, and the values are presented in Table 3. The Delong test
was used to evaluate the differences between the models (Table 4). The results in-
dicate that the radiomic feature outmatched the clinical semantic model with better
performance in terms of death risk prediction, while the combined model had the
best performance in this regard, with higher accuracy and stability than the other
two models. We then established nomograms for all statistically different variables
(Fig. 7). Finally, a fitted curve for the combined model was constructed (Fig. 8).
The results showed a good match between the corrected predicted and the actual
probability values.

Fig. 2. Forest plot of multivariate binary logistic regression analysis. The red square indicates
that the effect quantity is greater than 1, the green square indicates that the effect quantity is less
than 1, and the error bar in blue indicates the corresponding confidence interval.

Discussion
In this study, we developed a clinical-semantic-radiomic nomogram for pre-

dicting the 5-year mortality risk in patients with progressive NPC. Our findings
highlight that sex, tumour volume, carotid sheath invasion, and progression time
are significant risk factors for death in patients with progressive NPC. Pre-treatment
multi-parameter MRI radiomics boasts a great predictive power for NPC death, and
combining it with clinical-sematic features provides the highest predictive efficacy
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Table 2. Multivariate binary logistic regression between death and non-death groups.

Clinical and semantic features β SE Wald χ2 p OR 95% CI

Sex –1.589 0.631 6.352 0.012* 0.204 0.059–0.702
Carotid sheath invasion 1.509 0.500 9.085 0.003* 4.520 1.695–12.056
Tumour volume 1.985 0.684 8.424 0.004* 7.279 1.905–27.812
Progression time (year) –0.348 0.175 3.963 0.047* 0.706 0.501–0.995
Note: * represents a statistically significant difference. The tumour volume data showed significant
skewness and the presence of outliers. Therefore, we performed an exponential transformation on
the volume data. SE, Standard Error; OR, Odds Ratio; CI, confidence interval.

Table 3. Evaluation indicators of each model.

Model p AUC 95% CI Accuracy Sensitivity Specificity NPV PPV

Radiomic feature model <0.001* 0.861 0.783–0.920 0.773 0.839 0.741 0.778 0.768
Clinical-semantic feature model <0.001* 0.797 0.709–0.868 0.746 0.786 0.750 0.712 0.786
Combined model <0.001* 0.904 0.832–0.952 0.818 0.857 0.870 0.778 0.857
Note: * represents a statistically significant difference. AUC, area under the curve; NPV, negative pre-
dictive value; PPV, positive predictive value.

Fig. 3. Selected radiomics features. Eight radiomics features and their correlation coefficients
between the death group and the non-death group were selected. The wavelet_glcm_wavelet-
lll-correlation, glszm_graylevelnonuniformity and Original shape-sphericity make up the largest
proportions. The wavelet_glcm_wavelet-lll-correlation in the T1WI-enhanced sequence provides
insights into the consistency and variability of low-frequency texture features across the im-
age. Higher correlation values suggest more consistent texture features between pixels, with
the death group patients exhibiting higher values than those in the non-death group. The
glszm_graylevelnonuniformity measures the variability of the intensity values in the image. Lower
intensity values indicate higher homogeneity of intensity values. The death group clearly demon-
strates higher values than the non-death group. Original shape-sphericity measures the roundness
of the tumour region relative to a sphere; the smaller the value, the more the tumour tends to be
spherical. The study results suggest that NPC patients with more irregular tumour shapes are at
increased risk for mortality.

among the three models tested. The nomogram based on the combinedmodel offers
a quantitative tool for evaluating risks associated with early deaths from NPC.

The incidence of NPC is higher in male patients, and our research revealed that
male patients with progressive NPC exhibit a poorer prognosis, aligning with the
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Fig. 4. Half violin plots depicting the distribution of three radiomic features with the highest
proportion between the death group and non-death group. The left is a hive diagram, similar
to a dithering scatter diagram, adding scatter effects along the y-axis. The right is a nuclear density
graph, which yields an estimated probability density curve by placing a nuclear function around each
data point and then stacking all the nuclear functions together. The y-axis represents the specific
value of each point. In order to show the values corresponding to the three features on a single
diagram, we reduced the second special value by 100 times.

Fig. 5. ROC curves and corresponding AUC values for the three models. (A) ROC curve for
the five-fold cross-validation of the Rad-Score in the death and non-death groups. Through five-
fold cross-validation, the 5th model, also known as Rad 5, has an AUC value of 0.861, which is
the highest, indicating the best performance. Clinical semantic features are then combined to build
a combined model. (B) ROC curve for the combined model. AUC, area under the curve; ROC,
receiver operating characteristic.

findings of Lu et al (2021). Additionally, Tian et al (2022) observed that patients
with a primary tumour volume exceeding 30 cm3 have a lower 5-year survival rate
compared to those with a volume of less than 30 cm3. Tumour size emerges as a
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Fig. 6. Decision curves of the three models. The decision curve analysis (DCA) diagram shows
that the radiomic feature model outperforms the clinical-semantic feature model in predicting death
risk, while the combined model, incorporating clinical-semantic and radiomic features, has the best
performance in this regard.

Table 4. Delong test of AUC values among three models.

Radiomic feature model vs.
clinical-semantic feature

model

Radiomic feature model vs.
combined model

Clinical-semantic feature
model vs. combined model

Z 1.103 1.506 2.778
p 0.270 0.132 0.004*
95% CI –0.049–0.176 –0.013–0.100 0.033–0.180
Note: * represents a statistically significant difference.

crucial factor in predicting distant metastasis and OS rates in the context of sec-
ondary IMRT (Xiao et al, 2015). Notably, carotid sheath invasion of blood vessels
is considered a prognostic factor for negative survival outcomes (Lin et al, 2010;
Rodrigues Dias et al, 2023). Larger tumour volume and invasion of the carotid
sheath may result from a higher tumour burden, limiting the enhancement of radio-
therapy dosing and influencing treatment effectiveness (Chen et al, 2019; Ni et al,
2020; Yan et al, 2022). Furthermore, our study also showed that time to tumour
progression and death are closely related after precluding the tumour volume fac-
tor, and that the occurrence of earlier progression contributes to an increased risk
of death.
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Fig. 7. Nomogram for comparing the death group and non-death group. For sex, 1 represents
male, and 2 represents female; for carotid sheath invasion, 0 represents no tumour invading carotid
sheath, and 1 represents tumour invasion. Each horizontal line represents an independent variable,
and its length reflects the contribution of that variable to specific clinical outcomes by mapping
these lines to the axis of the total score, a total score can be determined.

Tumour texture features are the primary optimal MRI features for the death
group and the non-death group. Specifically, thewavelet_glcm_wavelet-lll-correlat-
ion in the T1WI in the death group is stronger than the correlation with patients
in the non-death group. This observation may be attributed to the fact that most
of the participants in this study had undifferentiated non-keratinizing NPC, char-
acterized by a rich blood supply and rare tumour necrosis in the T1WI-enhanced
sequence. The characteristic values of glszm_graylevelnonuniformity of the death
group are significantly higher than those of the non-death group, indicating the in-
volvement of a more pathologically heterogeneous primary tumour and its relation
with a higher risk of death. Original shape-sphericity measures the roundness of
the tumour region relative to a sphere. The study results suggest that NPC patients
with more irregular tumour shapes are at an increased risk of mortality. This aligns
with a previous study that suggested a correlation between more irregular tumour
shapes, poorer tumour regression after treatment (Xi et al, 2022), and a higher risk
of recurrence and metastasis (Xi et al, 2024).
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Fig. 8. Fitted curve comparing the death group and non-death group.

MRI is a traditional and important tool for aiding decision-making concerning
treatments for NPC patients. The present study presents a multi-parameter MRI
predictive model that includes longitudinal and transverse information about le-
sions. Incorporating clinical, imaging, and radiomics factors, the combined model
provides an effective prediction of death risk in patients with advanced NPC. A
nomogram based on the combined model was established to stratify patients with
recurrence and/or distant metastasis at an early stage. Since high-risk patients suf-
fer from higher degrees of tumour heterogeneity, larger tumour burden, and earlier
disease progression, we recommend implementing intensive intervention measures
in the initial treatment stage and increasing imaging reviews in the later stages of
follow-up.

However, our study is not without limitations: (1) It is a retrospective analysis,
inherently subject to selection bias. (2) The data were derived from a single center,
and the sample was small. Thus, future studies should include multi-center data
for enhancing model generalizability. (3) Our data for both the death group and the
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non-death group are relatively small. We will strive to follow up and collect more
data in the later stages to verify the reliability of our model.

Conclusion
Acomprehensivemodel integratingmultivariate imaging data from pre-treatment

multi-parameterMRI radiomics, clinical-semantic, andMRI features can accurately
predict the survival outcome of individuals with progressive NPC. This combined
model boasts heightened accuracy of predicting mortality risk associated with NPC.
Stratification based on high-risk factors offers a high-throughput and non-invasive
quantitative assessment basis for early intervention and timely optimization of treat-
ment plans. Thus, this model may help with achieving a balance between survival
benefits and medical costs.

Key Points
• The survival rate among patients with recurrent or/and metastatic NPC is

notably low.
• Sex, tumour volume, carotid sheath invasion, and progression time are

significant risk factors for death in patients with progressive NPC.
• Pre-treatment multi-parameter MRI radiomics exhibit substantial predic-

tive efficacy for NPC-related mortality.
• Among the threemodels tested, the combinedmodel incorporating clinical-

semantic features and multi-parameter MRI radiomic features boasts the
highest efficacy in predicting death risk in patients with progressive NPC.
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