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Abstract

Purpose To explore the value of MRI-based radiomics features in predicting risk in disease progression for nasopharyn-
geal carcinoma (NPC).

Methods 199 patients confirmed with NPC were retrospectively included and then divided into training and validation
set using a hold-out validation (159: 40). Discriminative radiomic features were selected with a Wilcoxon signed-rank test
from tumors and normal masticatory muscles of 37 NPC patients. LASSO Cox regression and Pearson correlation analysis
were applied to further confirm the differential expression of the radiomic features in the training set. Using the multiple
Cox regression model, we built a radiomic feature-based classifier, Rad-Score. The prognostic and predictive performance
of Rad-Score was validated in the validation cohort and illustrated in all included 199 patients.

Results We identified 1832 differentially expressed radiomic features between tumors and normal tissue. Rad-Score
was built based on one radiomic feature: CET1-w_wavelet.LLH_GLDM_Dependence-Entropy. Rad-Score showed a sat-
isfactory performance to predict disease progression in NPC with an area under the curve (AUC) of 0.604, 0.732, 0.626
in the training, validation, and the combined cohort (all 199 patients included) respectively. Rad-Score improved risk
stratification, and disease progression-free survival was significantly different between these groups in every cohort of
patients (p=0.044 or p <0.01). Combining radiomics and clinical features, higher AUC was achieved of the prediction
of 3-year disease progression-free survival (PFS) (AUC, 0.78) and 5-year disease PFS (AUC, 0.73), although there was no
statistical difference.

Conclusion The radiomics classifier, Rad-Score, was proven useful for pretreatment prognosis prediction and showed
potential in risk stratification for NPC.

Keywords Nasopharyngeal carcinoma - Radiomics - Magnetic resonance imaging - Disease progression - LASSO Cox
regression analysis
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Abbreviations

AUC Area under the curve

CE-T1WI Contrast-enhanced T1-weighted sequence
a Confidence interval

DSC Dice similarity coefficient

EBV Epstein-Barr virus

EGFR Epidermal growth factor receptor

PFS Progression-free survival

HR Hazard ratio

LASSO  Least absolute shrinkage and selection operator
NPC Nasopharyngeal carcinoma

ROC Receiver operating characteristic

TNM Tumor-node-metastasis

T2WI/FS  T2-weighted fat-suppressed sequence
VEGF Vascular endothelial growth factor
VOl Volume of interest

1 Introduction

Nasopharyngeal carcinoma (NPC) is the most common tumor occurring in the nasopharynx. As reported, there were approxi-
mately 130,000 new cases of NPC and 73,000 NPC-related deaths worldwide in 2018 [1]. Despite the proven effectiveness
of radiotherapy and concurrent or adjuvant chemotherapy, about 30-40% of NPC patients still suffer from disease relapse
after initial control [2]. It's extremely challenging to deal with relapsed NPC including loco-regional recurrence and distant
metastasis, with death caused by distant metastasis alone can be as high as 62% [3]. Therefore, how to accurately stratify
the risk of disease relapse in advance and individualize the treatment plan accordingly is highly desired in the new era of
precision medicine, which would greatly further improve the overall prognosis.

With superb soft-tissue contrast and no radiation, MRl has been integrated into the whole workflow of NPC manage-
ment, including lesion detection and diagnosis, TNM staging, radiotherapy guiding, treatment response evaluation, etc.
With the increasing amount of MR image data accumulating, now it was realized that certain information contained in MR
image, i.e. intra-lesion heterogeneity was under-utilized in the past, which should be further exploited. With the advent
of a new age of big data mining, radiomics emerges as a brand-new way to non-invasively and quantitatively translate
lesion spatial heterogeneity into high-dimensional image features that used to be nearly impossible to be quantified by
our bare eyes and thus could provide additional valuable evidence to improve decision-making in cancer management
[4]. Several studies have attempted to investigate the potential clinical relevance of radiomics features and their value in
predicting treatment response, clinical staging, survival and prognosis, prediction in NPC [5, 6]. Although the favorable
value of radiomics analysis in managing NPC has been reported in some preliminary studies [7, 8], its value could be
further confirmed before it could be fully translated into the clinical workflow of managing NPC. In this study, we tried
to find out the radiomics features that were different between the primary lesion of NPC and normal tissues (e.g., normal
masticatory muscles). We hypothesized that radiomic features from pretreatment MRI were associated with and could
yield accurate prediction of the disease progression in patients with NPC.

Hence, in this study, we aimed to investigate the performance of a radiomics model in predicting disease progression-
free survival for patients with non-metastatic NPC after tumor complete remission.

2 Materials and methods

2.1 Patients and clinical characteristics

This retrospective study was approved by the institutional review board and the requirement for written informed
consent from each patient was waived. Between January 2011 and December 2018, 1484 consecutive patients with
pathologically confirmed NPC at our institution were retrospectively included. We only included those patients: (a) who

underwent nasopharynx-neck MRI within 2 weeks before any type of anti-tumor treatment; (b) with no apparent artifacts
of any type potentially affecting imaging analysis; (c) without evidence suggesting distant metastasis in the baseline
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assessment; (d) who achieved complete response after initial treatment; (e) who were then followed up for at least
60 months after complete response. As a result, a total of 199 patients were included in this study. With hold-out cross
validation scheme (training set: validation set=8:2, the number of random seed =867), they were randomly allocated to
a training set (159 patients) and a validation set (40 patients) (Fig. 1). Patient characteristics were summarized in Table 1.

From the medical records, clinical characteristics were collected including age, gender, histopathology, T-stage,
N-stage, overall clinical stage, treatment regimen, epidermal growth factor receptor (EGFR), and vascular endothelial
growth factor (VEGF) mutation status. Tumor staging was initially performed by Y.Z. (with 17 years of experience in head
and neck imaging) and then reviewed by D.L. with 31 years of experience specialized in head and neck imaging accord-
ing to the TNM classification (8th edition American Joint Committee on Cancer/Union for International Cancer Control)
[9], with any disagreement resolved through discussion.

2.2 Follow-up surveillance

Three months after the completion of initial treatment, treatment response was evaluated for each patient. Only those
who achieved complete response on MRl and confirmed by nasopharyngoscopy examination with biopsy were included.
Included patients were then followed up at least every 3 months during the first 2 years and every 6 months starting from
the third year. The data were censored on December 31, 2020. Disease progression-free survival (PFS) was defined as the
time from the date of complete response confirmation to the date of the first development of local-regional recurrence,
distant metastasis, death from any cause, or last follow-up.

pathway for patients

Fig. 1 Flowchart of included
( (r=1484)

Biopsy-proven NPC patients )

Excluded patients:

1.Distant metastasis at baseline(M1 stage)(n=267);
¢ | 2.Distant metastasis occurred during initial

treatment(n=125);

3.With equivocal evidence of distant metastasis or

recurrence(n=229);

Excluded patients:

1 History of other malignant tumors(n=124);
2.Incomplete follow-up data(n=303);
3.0bvious artifact(n=237);

Y

1Both CET1-w and T2-w images are available;

2No prior treatment;

3.Complete response achieved after initial treatment;

4 Follow-up time of patients without recurrence and metastasis
was more than 60 months.  (n=199)

Y y

Non-disease progression Disease progression
(n=T77) (n=122)
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Table 1 Baseline clinical

Clinical characteristic All patients Training set Validation set P value
characteristics of the patients
Age (years old) 0.861
<40 67 54 13
>40 132 105 27
Gender 0.518
Male 152 123 29
Female 47 36 11
Histology 0.860
Differentiated 97 78 19
Undifferentiated 102 81 21
EGFR 0.749
Positive 171 136 35
Negative 28 23 5
VEGF 0.782
Positive 43 35 8
Negative 156 124 32
T stage 0.503
1 22 19
T2 30 24
T3 95 72 23
T4 52 44 8
N stage 0.200
NO 19 16 3
N1 48 42 6
N2 89 71 18
N3 43 30 13
Overall stage 0.348
1l 20 18 2
1l 89 72 17
1\ 920 69 21
Treatment 0.403
R 27 24 3
CcC 69 56 13
RT 16 13 3
CcCT 37 31 6
ICC 33 24 9
ICT 17 11 6
Death 0.304
Disease progression 17 (8.5%) 16 (94.1%) 1(5.9%)
Accident 1(0.5%) 1(100%) 0
Unknown? 22 (11.1%) 15 (68.2%) 7 (31.8%)
Local-regional recurrence® 49 (24.6%) 39 (79.6%) 10 (20.4%) 0.951
Distant metastasis® 77 (38.7%) 58 (75.3%) 19 (24.7%) 0.201
Censored 72 (36.2%) 61 (84.7%) 11 (15.3%) 0.201

20f the 22 patients with unknown cause of death, 18 have already developed local-regional recurrence
or distant metastasis in the follow-up in our hospital. 4 patients developed local-regional recurrence
and distant metastasis. EGFR epidermal growth factor receptor, VEGF vascular endothelial growth factor,
R Radiotherapy, CC Concurrent Chemoradiotherapy, RT Radiotherapy +Targeted therapy, CCT Concurrent
Chemoradiotherapy +Targeted therapy, ICC Induction Chemotherapy+Concurrent Chemoradiotherapy,
ICT Induction Chemotherapy + Concurrent Chemoradiotherapy + Targeted therapy
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2.3 MR technique

All of the MR images were acquired using 3.0T MR scanners (GE Discovery MR 750, General Electric Medical Systems, US)
with an 8-channel head and neck phased array coil. Axial FSPGR contrast-enhanced T1-weighted imaging (CE-TTWI) was
performed 60 s after intravenous bolus injection of gadopentetate dimeglumine (Magnevist, Bayer, Leverkusen, Germany)
at a dosage of 0.2 ml/kg of body weight and 1.5 ml/second using a power injector. Imaging protocol with parameters
used is detailed in Additional file 1.

2.4 MR-based radiomics analysis
The radiomics workflow is shown in Fig. 2.
2.5 Image segmentation

On the radiomics cloud platform V2.1.2, tumor and normal tissue regions of interest (ROI) were manually segmented on
the T2-weighted fat suppression images (T2WI/FS) and contrast-enhanced T1-weighted images (CE-TTWI) initially slice
by slice by reader 1 (D.B. with 4 years of experience in head and neck imaging) and then reviewed by reader 2 (D.L.). To
generate radiomic features that were differentially expressed between tumors and normal tissue, we randomly selected
37 patients from the 159 patients with NPC included in the training set and delineated the normal tissue ROl on one
slice (the largest level) of the masticatory muscle (masseter muscle) on the left side of the patient. We originally planned
to randomly select 40 patients (25%). However, due to platform failure and some other reasons, we could only export
the radiomics features of 37 patients from the platform at this stage. For each tumor lesion, the 3D volumes of interests
(VOIs) were obtained by stacking each ROl on the 2D consecutive slice to cover the whole NPC tumor (Additional file 2).
To test the reproducibility, tumor VOIs of 30 randomly chosen patients were repeatedly segmented by reader 3 (Y.Z)
within an interval of 1 month. The Dice similarity coefficient (DSC) for an absolute agreement was calculated between
pre- and post-segmented VOIs. DSC of < 0.6, 0.6-0.8, 0.8-1.0, and 1.0 indicates inadequate, good, very good, and ideal
consistency, respectively [10].

T2WI/FS Shape Wilcoxon signed-rank test
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Fig.2 Workflow of the radiomics analysis
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2.6 Radiomics feature extraction

Image preprocessing and feature extraction were performed on the radiomics cloud platform V2.1.2 (Huiying Medi-
cal Technology Co., Ltd., the Python software, version 3.7.1; Pyradiomics package, version2.12) (Additional file 3).
To ensure spatial consistency in texture analysis across all the images, all images were normalized by centering to
the mean standard deviation, resampled to a voxel size of 1 x 1x 1 mm?3 using B-Spline interpolation with gray-level
discretized by a fixed bin width of 25 in the histogram.

A total of 1409 features were extracted, and they were classified into four categories according to the feature cal-
culation method: (1) shape characteristic (14); (2) first-order statistical characteristics (18); (3) texture features (75),
including Gray Level Co-occurrence Matrix, Gray Level Dependence Matrix, Gray Level Run Length Matrix, Gray Level
Size Zone Matrix, and Neighborhood Gray Tone Difference Matrix; (4) high-order statistical characteristics (1302),
which were based on the mathematical transformation or filter, including logarithm, exponential, gradient, square,
squareroot, lbp-2D, and wavelet (Additional file 4).

2.7 Feature selection

Radiomics features were extracted from tumors and normal masticatory muscles of 37 patients on the T2WI/FS and
CE-T1W images, respectively. Based on the fact that the possible influence on the analysis of differential expression
features caused by the separate radiomics features extraction on 3D tumor volume and on 2D masticatory muscle is
acceptable [11, 12]. We performed the Wilcoxon signed-rank test [13] with P <0.01, on all but 28 shape-related fea-
tures for the purpose to select features, respectively. The shape-related radiomics features of the primary NPC lesions
of all patients were then incorporated into subsequent radiomics analysis together with the selected differentially
expressed radiomics features between tumors and normal tissue. Based on the Wilcoxon signed-rank test results, we
further validated NPC-associated radiomic features in the training set to assess and validate the prognostic value of
every candidate radiomic feature.

The least absolute shrinkage and selection operator (LASSO) Cox regression algorithm [14, 15] was used to reduce
irrelevant features on the training set, including the shape-related radiomics features of the primary NPC lesions and
the selected differentially expressed radiomics features between tumors and normal tissue. Next, Pearson correlation
analysis was performed to further reduce the redundancy of radiomic features with one of the paired significantly cor-
related features removed (P < 0.05, and correlation coefficient > 0.2) [16]. Which significant/highly correlated features
were removed or retained from a given pair of features was unknown, but completely random. The multivariable Cox
regression analysis was finally applied to select the most relevant radiomics features with disease progression to avoid
overfitting of the model performance. We used multivariable Cox regression analysis to select the most useful prog-
nostic markers among Rad-Score and clinical features, with P <0.05 indicating an independent significant variable.

2.8 Model development and validation

The most relevant radiomics features with disease progression were used to build a radiomics model called Rad-Score
for predicting the disease PFS of NPC patients in the training set. The optimal cutoff of the Rad-Score was determined
from the training cohort by the “survminer” package in R software (Additional file 5). To assess the performance of
the radiomics prognostic model, the Kaplan-Meier estimator curves and the area under the curve (AUC) comparing
the predicted and observed PFS were calculated.

The selected independent significant clinical variables were combined for the final classification modeling by
multivariable Cox regression analysis. We investigated the performance of each clinical feature and Rad-Score in
predicting prognosis using time-dependent receiver operating characteristic (ROC) analysis at different times being
used to measure predictive accuracy with package “timeROC" in R (Additional file 6).

To provide a more understandable outcome measure, a nomogram was then constructed. Calibration curves were
plotted via bootstrapping with 1000 resamples to assess the calibration of the radiomics model. Decision curve analy-
sis (DCA) was used to calculate the net benefit from the use of different models at different threshold probabilities
in the validation dataset. Patients were classified into high-risk or low-risk groups according to the radiomics model.
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2.9 Statistical analysis

Independent samples student t-test or the Mann-Whitney U test was used for comparing continuous variables, while
chi-squared (XZ) test or Fisher’s exact test was for categorical variables. For survival analyses, the correlation between
variables and disease PFS was estimated using the Kaplan—-Meier method and compared using the log-rank test.
Cox regression model was used to do the multivariable survival analysis, and Cox regression coefficients to gener-
ate nomograms. Calibration plots were generated to explore the performance characteristics of the nomograms.
Statistical analysis was performed with R software (version 4.0.5, http://www.r-project.org); R packages are listed in
Additional file 7. R codes are available at GitHub (https://github.com/baodanhb/Nasopharyngeal-carcinoma-and-
radiomics.git). P <0.05 was indicative of a statistically significant difference.

3 Results
3.1 Characteristics of the study cohorts

Baseline characteristics of 199 NPC patients are summarized in Table 1. Clinicopathologic characteristics did not
differ between the training and validation cohorts. The median follow-up was 26.9 months (interquartile range,
14.2-79.3 months). During the follow-up period, 122 patients developed local-regional recurrence or distant metas-
tasis within the median follow-up duration of 15.6 months (range, 10.9-24.5 months).

3.2 Interobserver variability between readers

Segmentations at two readers showed very good agreement in the manual segmentation with a Dice value of
0.85+0.03 (range 0.78-0.91) for T2WI/FS sequences and 0.84 + 0.04 (range 0.77-0.92) for CE-T1WI sequences.

3.3 Radiomic feature selection and Rad-Score construction

Among all 2818 radiomic features extracted from T2WI/FS and CET1WI images, we identified 1846 radiomics features
including features differentially expressed between tumors and normal tissue and shape-related features. Using the
LASSO regression algorithm, based on the differentially expressed radiomic features, 128 radiomic features were
selected in the training cohort. Then, a Pearson correlation analysis was then calculated from the above features to
detect highly collinear radiomics features. After eliminating significant highly correlated features (defined as P <0.05
and Pearson'’s r > 0.2), four radiomics features were retained for the subsequent analysis.

One most relevant disease progression-related radiomic feature, CE-TTWI_wavelet.LLH_GLDM_Dependence-
Entropy was selected by the multivariable Cox regression analysis (Table 2). Based on this radiomic feature, we derived
a Rad-Score in the training set. The Rad-Score indicated a favorable prediction of 5-year NPC disease progression
with an AUC of 0.604 in the training cohort, 0.732 in the validation cohort, and 0.626 in the combined cohort (all 199
patients included).

3.4 Prediction model development and validation

The optimum cutoff value of the Rad-Score was 5.2 by the COX regression analysis from the training cohort. Based on
the optimum cutoff value, we included those patients with a higher radiomics value (=5.2) in the group of patients at
high risk of disease progression (high-risk group), and those with a lower radiomics value (< 5.2) at low risk of disease
progression (low-risk group). When we assessed the distribution of risk value and survival status, patients with lower
risk value generally had better survival than did those with higher risk value (Fig. 3a, left panel). We assessed the
prognostic accuracy of the radiomic feature-based classifier with time-dependent ROC analysis at varying follow-up
times (Fig. 3). 5-year disease PFS was 32.8% (95% confidence interval [95% Cl] 22.9-47.0) for the high-risk group, and
48.0% (39.0-59.0) for the low-risk group (hazard ratio [HR] 1.52, 95% Cl 1.01-2.28; P =0.044; Fig. 3a).

@ Springer


http://www.r-project.org
https://github.com/baodanhb/Nasopharyngeal-carcinoma-and-radiomics.git
https://github.com/baodanhb/Nasopharyngeal-carcinoma-and-radiomics.git

Research Discover Oncology (2021) 12:63 | https://doi.org/10.1007/512672-021-00460-3

Table2. Multivari.able Cox Variable B SE 5 p HR 95%Cl

regression analysis of four

radiomic features of disease lower upper

progression in the training

cohort First-order —-0.0209 0.458 -0.05 0.96 0.979 0.399 240
Shape 0.00199 0.0196 0.10 0.92 1.00 0.964 1.04
GLCM 47.0 341 1.38 0.17 2.64e+20 2.59e-09 2.70e+49
GLDM 269 1.36 1.97 0.04" 1.48 1.02 214

SE standard error, HR hazard ratio, C/ confidence interval, First-order CET1-w_original_firstorder_Median,
Shape CET1-w_original_shape_LeastAxisLength, GLCM CET1-w_original_GLCM_JointAverage, GLDM
CET1-w_wavelet.LLH_GLDM_DependenceEntropy. * indicates significant difference

We did the same analyses with 40 NPC patients from the validation cohort. 5-year disease progression-free sur-
vival was 7.1% (95% Cl 1.1-47.2) for the high-risk group and 46.2% (30.5-70.0) for the low-risk group (HR 3.28, 95%
Cl 1.52-7.07; P < 0.002; Fig. 3b).

To further confirm that the radiomic feature-based classifier had a similar prognostic value, we applied it to the whole
cohort of 199 patients with NPC, classifying 75 (37.7%) patients as high risk, and 124 (62.3%) as low risk. 5-year disease
progression-free survival was 28.0% (95% Cl 19.5-40.3) for the high-risk group and 47.6% (40.0-57.2) for the low-risk
group (HR 1.73,95% Cl 1.21-2.46; P <0.003; Fig. 3c).

For clinical factors, the results of multivariable Cox regression analysis showed that N stage (P =0.004) and histology
(P=0.027) were significantly associated with disease progression but not for other clinical variables (P >0.05) (Table 3).
Rad-score (P=0.04), N stage (P <0.001), and histology (P =0.04) were independent prognostic factors of PFS in patients
with NPC (Table 4).

The Rad-Score combined with clinicopathological risk factor (N stage and histology) achieved higher AUC than any
clinicopathological risk factor for prediction of 3-year and 5-year disease PFS (Fig. 4), although there was no statistical
difference in the validation set at 3-year disease PFS (P =0.18, 0.06, 0.26) and 5-year disease PFS (P=0.46, 0.07, 0.58)
compared with N stage, histology, and two clinicopathological risk factors combined, respectively.

To provide the clinician with a quantitative method for predicting the risk of disease progression in NPC patients, we
constructed a nomogram integrating Rad-Score and two clinic features (Fig. 5a). Good calibration was observed for the
probability of disease progression (Fig. 5b).

4 Discussion

In this study, we developed and validated a novel prognostic tool, Rad-Score, based on one radiomic feature to improve
the prediction of disease progression for patients with NPC after pathological complete remission. Our results showed
that this tool can successfully categorize patients into high-risk and low-risk groups with large differences in 5-year
disease progression-free survival. And the nomogram showed that Rad-Score can add prognostic value to clinicopatho-
logical prognostic features.

As we know, radiomics is hypothesized to illustrate the histological heterogeneity of tumors [4]. However, most of the
current studies do not mention whether the radiomic features extracted from tumors are different from normal tissue.
We performed a Wilcoxon signed-rank test based on the radiomic features extracted from tumors and normal mastica-
tory muscles of 37 patients for feature selection. The next radiomic analysis was based on radiomic features that have
significant statistical differences between tumors and normal tissues. Zhu et al. [17] first extracted 1,027 radiomic features
with significant statistical differences from 1,452 radiomics features by analysis of variance (ANOVA) for predicting the
risk of local recurrence in NPC, but features extracted from CT images of locally recurrent and non-recurrent patients. The
use of radiomic features differentially expressed between tumors and normal tissue allowed the analysis more specific
to our study and provided a new direction for research. However, it remains to be further explored which method may
have greater prognostic accuracy compared to all the radiomics features included in the analysis.

CET1-w_GLDM_Dependence-Entropy was the only disease progression-related radiomic feature with significance
found in the present study, which is extracted from CET1-w images and considered to reflect intratumor heterogene-
ity from the perspective of grayscale arrangement [18]. Entropy is inversely proportional to uniformity, representing
the irregularity of pixel intensity values in an image, which reflects increased heterogeneity [19]. In our study, higher
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in the training, validation, and whole NPC

CET1-w_GLDM_Dependence-Entropy was a predictive factor for disease progression in patients with NPC; heteroge-
neous enhancement within a tumor on CE-TTWI was associated with poor prognosis. Similar results were also found in
other cancers. For example, rectal cancer with more heterogeneity on less entropy is associated with poor OS and PFS
[20]. Therefore, our Rad-Score based on CET1-w_GLDM_Dependence-Entropy for patients with NPC is a prognostic
and predictive method, in that patients with a high value have a greater likelihood of disease progression. After Pear-
son correlation analysis, all the four radiomics features included in multivariate Cox regression analysis were derived
from the CE-T1WI sequence. The results may be explained that the quantitative image features extracted from the
CET1-w images are more likely to reflect the intra-tumor heterogeneity and architecture (e.g., tumor angiogenesis)
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Table 3 Multivariable Variable 8 SE z P HR 95%Cl

Cox regression analysis of

clinical risk factors of disease Lower Upper

progression in the training

cohort Gender -0.26 0.28 -0.92 0.34 0.77 0.45 1.33
Age <0.01 0.01 0.08 0.94 1.00 0.98 1.02
Histology -047 0.21 -222 0.03" 0.62 0.41 0.95
EGFR -0.25 0.27 -0.94 0.35 0.78 0.46 1.32
VEGF —0.46 0.27 -1.72 0.09 0.63 0.37 1.07
T stage 0.21 0.16 1.32 0.19 1.23 0.90 1.69
N stage 0.47 0.17 291 <0.01" 1.63 1.17 2.26
Overall stage 0.04 0.26 0.16 0.87 1.04 0.62 1.74

SE standard error, HR hazard ratio, EGFR epidermal growth factor receptor, VEGF vascular endothelial
growth factor, Cl confidence interval, * indicates significant difference

Table 4 Multivariable Cox
regression analysis of risk
factors of disease progression Lower Upper
in the training cohort

Variable B SE z P HR 95%ClI

Rad-Score 2.63 1.304 2.02 0.04* 13.88 1.078 178.637
N stage 0.45 0.12 3.69 <0.01* 1.57 1.24 1.99
Histology —-0.44 0.21 2.10 0.04* 0.65 0.43 0.97

SE standard error, HR hazard ratio, C/ confidence interval, * indicates significant difference

[21]. More homogeneity on contrast-enhanced radiographic images suggests more homogeneous angiogenesis
within the tumor, associated with better prognosis in head and neck squamous cell carcinoma [22, 23].

Another difference between the present study and the previous studies was that we analyzed the stability of VOIs
segmentation by calculating the DSC. Different from the ICC calculation for radiomic features [24], DSC analyzes the
3D consistency for the segmentation of the VOIs with NPC [25], for which we could select stable and robust features
that are not affected by variability in segmentation.

Some limitations of the present study need to be addressed. This is retrospective, with limited generalizability
as all patients come from a single-center, and the distribution of clinical characteristics might be different in other
areas, making it susceptible to the inherent biases of such a study format. Our results should be further validated
by prospective studies in multicenter clinical trials. We only focused on T2WI/FS and CE-T1WI sequences, functional
imaging techniques such as dynamic contrast-enhanced (DCE), diffusion-weighted imaging (DWI) could be consid-
ered in future studies. It should be noted that we did not investigate the association between the plasma EBV DNA
copy number and disease progression in this study. Although this factor has been confirmed as a potentially use-
ful predictor for the prognosis of NPC, this information was not available for most of our cohort due to the longer
visits. Another shortcoming of our research was that NPC patients were treated by concurrent radiotherapy and
chemotherapy or radiotherapy alone, with or without targeted therapy, using varying doses of radiotherapy regimen.
Although patients’ treatment was based on TNM staging and National Comprehensive Cancer Network guidelines,
these different strategies might be confounding factors in evaluating PFS.

In conclusion, our findings show that the identified radiomics signature has the potential to be used as a biomarker
for risk stratification for DFS in patients NPC. As a non-invasive MR-based imaging biomarker, the radiomics-based
classifier may provide a valuable and practical method to identify individual characteristics to guide personalized
therapeutic regimen selection for patients with NPC.
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Fig.5 a Nomogram to
predict risk of 5-year disease
progression-free survival with
non-distant metastatic NPC
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