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Abstract

Local recurrence and distant metastasis were a common manifestation of locoregionally advanced nasopharyngeal carci-
noma (LA-NPC) after neoadjuvant chemoradiotherapy (NACT). To validate the clinical value of MRI radiomic models
based on deep learning for predicting the recurrence of LA-NPC patients. A total of 328 NPC patients from four hospitals
were retrospectively included and divided into the training(n=229) and validation (n=99) cohorts randomly. Extracting
975 traditional radiomic features and 1000 deep radiomic features from contrast enhanced T1-weighted (T1WI+C) and
T2-weighted (T2WI) sequences, respectively. Least absolute shrinkage and selection operator (LASSO) was applied for
feature selection. Five machine learning classifiers were conducted to develop three models for LA-NPC prediction in
training cohort, namely Model I: traditional radiomic features, Model II: combined the deep radiomic features with Model
I, and Model III: combined Model II with clinical features. The predictive performance of these models were evaluated by
receive operating characteristic (ROC) curve analysis, area under the curve (AUC), accuracy, sensitivity and specificity in
both cohorts. The clinical characteristics in two cohorts showed no significant differences. Choosing 15 radiomic features
and 6 deep radiomic features from TIWI+C. Choosing 9 radiomic features and 6 deep radiomic features from T2WI. In
T2WI, the Model II based on Random forest (RF) (AUC=0.87) performed best compared with other models in validation
cohort. Traditional radiomic model combined with deep radiomic features shows excellent predictive performance. It could
be used assist clinical doctors to predict curative effect for LA-NPC patients after NACT.

Keywords Deep learning - Radiomic features - Locoregionally advanced nasopharyngeal carcinoma - Recurrence
prediction - Neoadjuvant chemotherapy - MRI - Multi-center study

< Li Chen
17138935@qq.com Abbreviations

Denartment of Radioloav. Clinical Oncology School of NPC Nasopharyngeal carcinoma
epartment of Radiology, Clinical Oncology School o .
Fujian Medical University, Fujian Cancer Hospital, LA-NPC Locoregionally advanced nasopharyngeal

Fuzhou Fujian 350014, China carcinoma

Department of Mathematics and Computer, School of Arts NACT Neoadjuvant chemoradiotherapy

and Sciences, Fujian Medical University, University Town, CCRT Concurrent radiotherapy
No 1 North Xuefu Road, Fuzhou Fujian, 350122, China IC Induction chemotherapy
3 Department of Clinical Medicine, Fujian Medical University, IMRT Intensity modulated radiation therapy
Fuzhou 350122, Fujian, China MRI Magnetic resonance imaging
4 Department of Radiology, The Affiliated Tumor Hospital of AUC Area under curve
Zhengzhou University & Henan Tumor Hospital, TIWI+C  Contrast enhanced T1-weighted image
Zhengzhou Henan 450000, China T2WI T2-weighted MRI imaging
5 Department of Radiation Oncology, Zhongshang Hospital ROI Region of interest
Xiamen University, Xiamen Fujian 361000, China LASSO Least absolute shrinkage and selection
®  Department of Radiology, Fujian Medical University Union operator

Hospital, Fuzhou Fujian 350001, China

Published online: 15 May 2025 €\ Springer


http://crossmark.crossref.org/dialog/?doi=10.1007/s10585-025-10349-y&domain=pdf&date_stamp=2025-5-13

30 Page 2 of 12

Clinical & Experimental Metastasis (2025) 42:30

ROC Receiver operator characteristic
ResNet Residual neural networks

SVM Support vector machine

RF Random forest

AdaBoost  Adaptive boosting

KNN K-nearest neighbor

NB Naive Bayes

Introduction

Nasopharyngeal carcinoma (NPC) is usually malignant
tumor of the head and neck prevails in Southeast Asia area.
There were 120,416 new cases of NPC were recorded, result-
ing in 73,476 deaths by world area in 2022 [1]. Radiotherapy
is the primary treatment for nasopharyngeal carcinoma, and
for patients with locoregionally advanced nasopharyngeal
carcinoma (LA-NPC), neoadjuvant chemotherapy (NACT)
combined with concurrent radiotherapy (CCRT) and induc-
tion chemotherapy (IC) can improve progression-free sur-
vival [2-4]. In the era of intensity modulated radiation
therapy (IMRT), local recurrence and distant metastasis of
NPC patients became the main reasons for treatment failure
[5-7]. After receiving radical treatment, about 20% of NPC
patients have local recurrence and distant metastasis [§]. So
it is critical to assess LA-NPC patients who are at higher
risk of progression after they received the NACT.

Magnetic resonance imaging (MRI) is a commonly used
imaging method to stage and evaluate the curative effect of
nasopharyngeal carcinoma. MRI has high soft tissue reso-
lution, can clearly show the anatomic details, the scope of
lesion infiltration, and has high diagnostic efficiency for cer-
vical lymph node metastasis and local residual or recurrence
[9].

Radiomics provides a quantified information of the
tumors in non-invasive way. It can realize the visualiza-
tion of tumor heterogeneity and help improve the ability of
medical imaging in the diagnosis, prognosis prediction and
efficacy monitoring. Several studies have reported that the
radiomics based on MRI have the potential clinical value,
the traditional radiomic features of the tumors could be
used to predicting the preoperative assessment, treatment
response and survival and prognosis [10—13]. Although
these reports figured that traditional radiomic features can
adequately express tumor heterogeneity, the average predic-
tive ability needs to be improved. As everyone knows, deep
learning methods performed well in medical image analy-
sis. Recent studies focused on the predictive ability of deep
learning methods in other cancers [14, 15]. Few study have
analyzed the deep radiomics features of LA-NPC patients’
tumors, and combined these features with traditional
radiomic features. The purpose of this study is to establish
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MRI radiomic models that contained traditional and deep
radiomic features, explore and evaluate the clinical value of
these radiomic models for predicting the recurrence of LA-
NPC patients after NACT treatment.

Materials and methods
Data

The Ethics Committee of Fujian Cancer Hospital approved
this retrospective study and the requirement for informed
patient consent was waived. A total of 340 confirmed LA-
NPC patients received NAC from January 2014 to July
2017 were enrolled (Hospital 1, 268 cases, outside hospi-
tals: Hospital 2, 29 cases, Hospital 3, 33 cases and Hos-
pital 4, 10 cases). Before received the same treatment and
after the end of the second cycle of NACT, all patients
underwent MRI examinations. Therapeutic regimen were
detailed in Supplementary file(Sect. 1). Contrast enhanced
T1-weighted image (TIWI+C) and T2-weighted image
(T2WI) sequences were collected after the end of NACT
two cycles. All patients accepted systemic examination after
the 5-year completion of treatment.

In this study, a total of 328 LA-NPC patients were
included based on the inclusion and exclusion criteria.
Patients inclusion criteria: (1) Locally advanced nasopha-
ryngeal carcinoma (stage III-IVa) confirmed by pathology.
(2) Absent treatment before examination. (3) Re-examined
with MRI after the end of two cycles of neoadjuvant che-
motherapy. (4) Nasopharyngeal MRI examination before
and after complete treatment. (5) Patients without recur-
rence have whole images over a 5-year follow-up period.
(6) Local recurrence is confirmed by pathology, and distant
metastasis is confirmed by pathology or multiple imaging
examinations. These recurrence were contained the local
recurrence and distant metastasis. So these patients with
local recurrence or distant metastasis within 5 years were
divided into the recurrence cohort, and those without local
recurrence or distant metastasis were divided into the non-
recurrence cohort. Patient exclusion criteria: (1) The image
sequence is incomplete and the image quality does not meet
the diagnostic criteria. (2) The patient lost to follow-up.

This study only collected age, gender, T-stage, N-stage
features, because of the missing data in some hospital.
Although radiotherapy dose is an important clinical param-
eter, all patients in our study received a similar dosing regi-
men, as described in the supplementary file (Sect. 1), so
the dose parameters did not show significant variability in
our cohort and were not included in our clinical features.
Finally, a total of 222 cases in the 5-year non-recurrence
cohort and 106 cases in the 5-year recurrence cohort were
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included. The patients were randomly divided into a train-
ing cohort (n=229) and a validation cohort (n=99) at 7:3
ratio.

The following workflow of radiomics analysis process
was consisted of four parts as shown in Fig. 1: (I) Image
acquisition and segmentation; (II) Feature extraction; (III)
Feature selection; (IV) Radiomic model construction and
validation.

Image acquisition and segmentation

MRI examinations were performed on 3.0-T scanners
(Achieva 3.0T TX, Philips, Germany or GE Discovery MR
750, General Electric Medical Systems, USA). Axial con-
trast enhanced T1-weighted (TIWI+C) and T2-weighted
images (T2WI) were gained from the examinations. Digital
imaging and communications in medicine (DICOM) images
were collected from picture archiving and communication
system (PACS). The protocols of TIWI+C and T2WI
sequences with parameters used is detailed in Supplemen-
tary file(Sect. 2).

The regions of interest (ROIs) were manually outlined
the contour of the entire tumors slice by slice on cross sec-
tion of MRI images, including necrosis, vessels, etc. All
three-dimensional segmentation were blindly executed by
two radiologists (radiologist A with 10 years of experience,
radiologist B with 20 years of experience) through ITK-
SNAP software (v.3.4.0, http://www.itksnap.org), an open-s

ource software for medical image segmentation [16]. Thirty
cases were randomly selected, and the ROI was delineated
once by radiologist A, and again delineated one week later
to evaluate the intraclass coefficient correlation (ICC). The
radiologist B only delineated the ROI once to evaluate the
ICC between the two groups. When ICC>0.75, it would be
considered to good consistency.

Feature extraction and selection

Feature extraction was implemented by the PyRadiomics
package in Python software (3.6.4) [17]. To account for
potential variations in imaging protocols across different
centers, we performed intensity normalization across all
original DICOM imaging data. After standardizing images,
a total of 975 traditional radiomic features were extracted
form TIWI+C and T2WI sequences for each patients,
respectively. These radiomic features contained original
image features, first-order features, grayscale-dependent
matrix features (GLDM), grayscale run matrix feature
(GLRLM), grayscale size region matrix features (GLSZM)
and wavelet features. The type and quantity of features were
detailed in Supplementary file(Sect. 3).

Previous studies indicated that residual neural networks
(ResNet) can be used to diagnose the lesions or extract
the radiomic features [18—19]. In this study, a pre-trained
ResNet50 model through transfer learning was utilized to
extract the deep radiomic features on the TIWI+C and

Feature Extraction

Image acquisition and segmentation H

Feature Selection Model construction
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: T2WI image Segmentation :
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Deep radiomic features
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Fig. 1 The workflow of the multiple radiomic models construction
and validation. Image acquisition and segmentation: collected two
sequences images and segment the tumor by two radiologists. Fea-
ture extraction: extracted traditional and deep radiomic features from
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these images. Feature selection: used the LASSO method to select the
optimal features. Model construction: generated combined radiomic
model based on selected radiomic features and validate the predictive
performance
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T2WI sequence images. This pre-trained ResNet50 model
contained 50 convolutional layers plus fully connected lay-
ers based on ResNet architecture. The ResNet50 model was
used to extract 1000 deep radiomic features from TIWI+C
and T2WI sequences, respectively. And named with
F+numbers, because of their unexplainability.

Additionally, to further mitigate center-specific biases in
radiomic features, ComBat correction was applied, a robust
batch-effect correction framework that preserves radiomic
features’ variability while reducing technical variations
across imaging protocols.

Dimensionality reduction methods were usually applied
by minimum absolute shrinkage and selection algorithm
(LASSO) in medical data analysis [20]. 10-fold cross-ver-
ification was supplied to prevent over-fitting. The hyper-
parameter “lamda” was optimized though the smallest
mean squared error. With only four clinical features avail-
able, applying Lasso-based selection risked oversimplifica-
tion and potential loss of critical clinical information. Only
radiomic features and deep radiomic features were involved
in feature selection stage in this study. Above feature selec-
tion were performed by Python software (version 3.6.4).

Radiomic model construction and validation

To investigate the predictive performance of combined
radiomic models, three radiomic models were established,
including Model I was generated from traditional radiomic
features, Model II was built by traditional radiomic features
combined the deep radiomic features, and Model III con-
tained the above two types of radiomic features and clinical
features. And then random forest (RF), adaptive boosting
(AdaBoost), support vector machine (SVM), K-nearest
neighbor (KNN) and Naive Bayes (NB) classifiers were
involved to generate these three radiomic models in training
cohort. The combined features were used as input into these
five classifiers before training. The performance of these
models were evaluated by accuracy, sensitivity, specificity,
the area under the curve (AUC) and the receiver operating
characteristic (ROC) curves in both cohorts.

Statistical analysis

Categorical variables were presented as absolute numbers
and percentages, compared by chi-squared test or Fisher
exact test. Continuous variables were computed by the
mean+standard deviation, compared by the independent
sample t-tests or Wilcoxon tests between cohorts with and
without 5-year recurrence. A two-sided p value less than
0.05 was indicated statistically significant. Above statistical
analyses were completed in SPSS (version 26.0, IBM Corp,
Armonk, NY, USA).
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Results
Patients characteristics

In general, this study enrolled 328 LA-NPC patients after
NACT two cycles, including 222 cases in the 5-year non-
recurrence group and 106 cases in the S-year recurrence
group. The training (n=229) and validation cohorts (n=99)
were divided at in a random ratio of 7:3. The clinical charac-
teristics between two cohorts, with and without recurrence,
were found no significant differences (Table 1).

Feature extraction and selection

A total of 975 traditional radiomic features with ICC>0.75
were respectively extracted from both TIWI+C and T2WI
sequences. From above MRI sequences, 1000 deep radiomic
features were extracted, respectively.

To quantify the impact of ComBat correction, we per-
formed multivariate analysis of variance (MANOVA) on
radiomic features across multi-center. Pre-ComBat analy-
sis revealed significant inter-center variation, indicating
strong batch effects. Post-harmonization, MANOVA results
showed no significant center-specific differences (see
Table S3 for detailed F- and p-values in Supplementary file
Sect. 4), confirming successful reduction of technical vari-
ability. These findings were further supported by Principal
Component Analysis (PCA), which demonstrated that data
from different centers clustering relatively more uniformly
(Fig. S1-S4 in Supplementary file Sect. 4).

To reduce the dimensionality of radiomic features,
LASSO method was performed. The key features were
selected with the nonzero coefficients through 1000 itera-
tions. Finally, fifteen radiomic features and six deep
radiomic features were chosen from T1IWI+C sequence.
Nine radiomic features and six deep radiomic features were
chosen from T2WI sequence. Selected best lambda param-
eters were 0.07079 in two types of features of two sequence,
respectively. (Fig. 2). The description of these selected fea-
tures and nonzero coefficients were list in Table 2.

Radiomic model construction and validation

The selected features were used to structure three radiomic
models (Model I: traditional radiomic features, Model II:
traditional and deep radiomic features, Model III: clinical
features and traditional and deep radiomic features). These
models were trained with five machine learning classifi-
ers. Predictive performance of these models were shown
in Tables 3 and 4. In the validation cohort of TIWI+C
sequence, the predictive performance of Model 1 (AUC
range from 0.71 to 0.74) were slightly smaller than Model 11
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Table 1 Characteristics of LA-NPC patients in the training cohort and validation cohorts

Variable Training cohort Validation cohort
Non-recurrence Recurrence X7 P Non-recurrence Recurrence X?/Z P
(n=157) (n=172) (n=65) (n=34)
Gender 0.492 0.483 2.766 0.096
Female 44(28.0) 17(23.6) 17(26.2) 4(11.8)
Male 113(72.0) 55(76.4) 48(73.8) 30(88.2)
Age 0.772 0.110
Mean 47.4 46.9 49.5 429
Median 48 47 50 42.5
Range 14-70 19-72 17-69 11-66
SD 11.9 11.5 10.2 12.9
T stage 2.137 0.711 4.228 0.238
I 9(5.7) 2(2.8) 2(3.1) 1(2.9)
I 8(5.1) 4(5.6) 0(0.0) 1(2.9)
I 72(45.9) 29(40.3) 36(55.4) 13(38.2)
v 68(43.3) 37(51.4) 27(41.5) 19(55.9)
N stage 5.795 0.122 5.469 0.140
0 15(9.6) 1(1.4) 12(18.5) 1(2.9)
1 41(26.1) 17(23.6) 14(21.5) 9(26.5)
2 81(51.6) 42(58.3) 34(52.3) 19(55.9)
3 20(12.7) 12(16.7) 5(7.7) 5(14.7)
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Fig. 2 Multiple radiomic features selection using LASSO in two
sequences. First row showed the 10-fold cross-validation curve of
handcrafted radiomic features with the optimal lamda value (a-d).

(AUC range from 0.71 to 0.75) and Model III (AUC range
from 0.70 to 0.76). The predictive performance of Model
111 based on NB was found wonderful in the training cohort
[AUC=0.85 (95% CI: 0.81-0.89)] and in the validation
cohort[AUC=0.76 (95% CI: 0.66—0.85)].

Equally, in T2WI sequence, the predictive performance
of Model I (AUC range from 0.80 to 0.84) were less than
Model II (AUC range from 0.82 to 0.87) and Model III
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Second row were the coefficient profiles of radiomic features against
the deviance explained (e-h)

(AUC range from 0.82 to 0.85). The best performance of the
Model II based on RF were showed in the training cohort
[AUC=0.94 (95% CI: 0.92-0.96)] and in the validation
cohort [AUC=0.87 (95% CI: 0.80-0.92)].

Notably, in the validation cohort, the predictive perfor-
mance of all models in T2WI sequence (AUC range from
0.80 to 0.87) was overall better than that of models in TIWI
sequence (AUC range from 0.70 to 0.76). The ROC curve
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Table 2 The selected features in Sequence Feature name Feature class Coefficients
the two sequences TIWI+C W-LLH F E Firstorder 0.0233

W-HLL GLSZM_GLNU GLSZM 0.0212
W-HHL GLSZM LGZE GLSZM -0.0065
W-LHH_NGTDM_B NGTDM 0.0019
W-HLH_F E Firstorder 0.0156
W-HHH_NGTDM_B NGTDM 0.0482
W-HLH_GLSZM_GLNU GLSZM 0.0371
W-HLH F TE Firstorder 0.0011
W-LHH F E Firstorder 0.0120
W-LLH_GLSZM_GLNU GLSZM 0.0174
W-LLL NGTDM_B NGTDM 0.0183
Note: B=Busyness; E=Energy; G_GLRLM_GLNU GLRLM 0.0054
F=Fisrtorder; G=Gradient; W-HHL_GLRLM_SRHGLE GLRLM -0.0099
[=Imcl;L=Logarithm; O=Orig- W-LLH F TE Firstorder 0.0034
gl{“/l;: f{z:}{?;‘:ax: \?’Evjlgtal W-LHH_F_TE Firstorder 0.0003
Energy; HHL = High-High- Deep301 Deep radiomic features -0.0057
Low; HLL=High-Low-Low; Deep414 -0.0041
HHH=High-High-High; Deep642 -0.0026
LLH=Low-Low-High; LHH=Low- Deep705 0.0217
High-High; HLH=High-Low- Deep909 0.0604
High; LLL=Low-Low-Low; Deep989 20.1222
;OGnZeE]; ni;)}:: SiragLLgK/flz Grag.  T2WI L_GLRLM_RV GLRLM 0.0018
Level-Co-occurrence-Matrix; E_ F TE Firstorder 0.0222
GLNU=Gray-Level- W-HLH_GLCM_I GLCM 0.0088
Non-Uniformity; W-HLH NGTDM_B NGTDM 0.0453
SZNU=Size-Zone-Non- W-HHH_GLZSM_SZNU GLZSM 0.0008
g:iZTr;?iZY?Zgi:i/Il‘g;Gray' W-HLH _GLZSM_GLNU GLZSM 0.0272

vel-Size- - X;

NGTDM =Neighborhood- O_S M2DDS Shape 0.0768
Gray-Tone-Difference-Matrix; 0_S_M2DDC Shape 0.0057
M2DDC =Maximum-2D-Diam- W-HHH_NGTDM_B NGTDM 0.0396
eter-Column; GLRLM =Gray- Deep66 Deep radiomic features -0.0143
Level-Run-Length-Matrix; Deepl04 -0.0071
GLZSM =Gray-Level-Non- Deep129 -0.0048
Uniformity; M2DDS:MaX- Deepl54 -0.0459
1mum—2D—D1ameter—Shcﬁ.:; Deep770 0.0065
SRHGLE= Short-Run-High-

Gray-Level-Emphasis Deep790 0.0255

plot of three models based on five classifiers in training and
validation cohorts were plot in Figs. 3 and 4.

Discussion

In this study, the traditional and deep radiomic features
were extracted from TIWI+C and T2WI sequences, and
constructed multiple radiomic models to predict the 5-year
recurrence of LA-NPC patients after NACT treatment.
Model I (only contained traditional radiomic features),
Model II (combined with traditional and deep radiomic fea-
tures), and Model III (comprised of above two types fea-
tures and clinical features) were generated based on five
machine learning classifiers (SVM, AdaBoost, KNN, NB
and RF). In validation cohort of TIWI+C sequence, the
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Model III based on NB [AUC=0.76 (95% CI: 0.66—0.85)]
showed better predictive performance than other models. In
validation cohort of T2WI sequence, the Model II based on
RF [AUC=0.87 (95% CI: 0.80-0.92)] showed better pre-
dictive performance than other models. The predictive per-
formance of all models (AUC range from 0.80 to 0.87) in
T2WI sequence were better than those models (AUC range
from 0.70 to 0.76) in TIWI+C sequence. The predictive
performance of Model II was greater than Model I in T2WI
sequences. The clinical value of combined radiomic models
was obviously improved in assessing the curative effect of
the NACT.

In previous studies, traditional radiomic features extracted
from MRI images according to the image biomarker stan-
dardization initiative (IBSI) [21]. They indicated that these
radiomic features are a good indication of the histological
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Table 3 The predictive performance of multiple combined radiomic models with TIWI+C sequence in the cohorts

Models in TIWI+C Training cohort Validation cohort
ACC SEN SPE AUC(95%CTI) ACC SEN SPE AUC(95%CI)

Model I-SVM 0.79 0.47 0.95 0.85(0.80-0.89) 0.76 0.44 0.91 0.73(0.62-0.82)
Model I-RF 0.85 0.64 0.95 0.93(0.90-0.95) 0.75 0.44 0.90 0.71(0.61-0.81)
Model I-KNN 0.82 0.53 0.95 0.87(0.83—0.90) 0.68 0.31 0.85 0.72(0.62-0.81)
Model I-NB 0.77 0.57 0.86 0.82(0.77-0.87) 0.76 0.50 0.88 0.74(0.64-0.83)
Model I-Adaboost 0.85 0.73 0.90 0.92(0.89-0.95) 0.75 0.47 0.88 0.72(0.63-0.80)
Model II-SVM 0.84 0.58 0.97 0.88(0.84-0.92) 0.76 0.47 0.90 0.75(0.66-0.84)
Model II-RF 0.85 0.66 0.94 0.93(0.90-0.96) 0.77 0.44 0.93 0.74(0.64-0.83)
Model II-KNN 0.86 0.70 0.94 0.94(0.91-0.96) 0.72 0.44 0.85 0.71(0.63-0.79)
Model II-NB 0.80 0.65 0.87 0.85(0.81-0.89) 0.76 0.50 0.88 0.75(0.65-0.84)
Model 1I-Adaboost 0.88 0.74 0.94 0.94(0.91-0.96) 0.74 0.44 0.88 0.73(0.64-0.82)
Model III-SVM 0.81 0.47 0.97 0.89(0.85-0.93) 0.78 0.41 0.96 0.75(0.65-0.84)
Model III-RF 0.86 0.66 0.95 0.94(0.92-0.97) 0.73 0.38 0.90 0.74(0.64-0.83)
Model III-KNN 0.86 0.68 0.94 0.95(0.93-0.96) 0.74 0.41 0.90 0.70(0.60-0.79)
Model I1I-NB 0.79 0.64 0.86 0.85(0.81-0.89) 0.75 0.47 0.88 0.76(0.66—0.85)
Model I1I-Adaboost 0.88 0.74 0.94 0.94(0.91-0.96) 0.74 0.44 0.88 0.73(0.64-0.82)

SEN, sensitivity; SPE, specificity; ACC, accuracy; AUC, area under the receiver operating characteristic curve; CI, confidence intervals are

included in parentheses

SVM, Support vector machine; RF, Random forest; AdaBoost, Adaptive boosting; KNN, K-nearest neighbor; NB, Naive Bayes

Table 4 The predictive performance of multiple combined radiomic models with T2WI sequence in the cohorts

Models in T2WI+C Training cohort Validation cohort
ACC SEN SPE AUC(95%CI) ACC SEN SPE AUC(95%CI)

Model I-SVM 0.89 0.69 0.99 0.95(0.92-0.97) 0.76 0.56 0.85 0.82(0.74-0.89)
Model I-RF 0.85 0.65 0.95 0.94(0.92-0.97) 0.75 0.47 0.88 0.84(0.77-0.91)
Model I-KNN 0.87 0.73 0.94 0.93(0.91-0.96) 0.78 0.69 0.82 0.80(0.72-0.88)
Model I-NB 0.81 0.62 0.90 0.85(0.81-0.89) 0.76 0.59 0.84 0.80(0.73-0.87)
Model I-Adaboost 0.83 0.66 0.92 0.93(0.90-0.95) 0.76 0.59 0.84 0.82(0.75-0.89)
Model II-SVM 0.93 0.81 0.98 0.98(0.96-1.00) 0.81 0.66 0.88 0.85(0.78-0.91)
Model II-RF 0.86 0.66 0.95 0.94(0.92-0.96) 0.77 0.50 0.90 0.87(0.80-0.92)
Model II-KNN 0.83 0.58 0.94 0.89(0.85-0.92) 0.80 0.56 0.91 0.84(0.76-0.91)
Model II-NB 0.79 0.62 0.88 0.85(0.81-0.90) 0.73 0.53 0.82 0.82(0.75-0.88)
Model II-Adaboost 0.86 0.70 0.94 0.94(0.91-0.96) 0.81 0.56 0.93 0.86(0.80-0.92)
Model III-SVM 0.81 0.47 0.97 0.87(0.83-0.91) 0.75 0.41 091 0.83(0.77-0.89)
Model III-RF 0.86 0.68 0.95 0.95(0.94-0.97) 0.76 0.47 0.90 0.85(0.78-0.92)
Model III-KNN 0.83 0.55 0.97 0.89(0.85-0.93) 0.77 0.44 0.93 0.83(0.76-0.90)
Model I1I-NB 0.79 0.62 0.88 0.85(0.81-0.90) 0.75 0.56 0.84 0.82(0.75-0.88)
Model I1I-Adaboost 0.86 0.68 0.94 0.94(0.91-0.96) 0.74 0.47 0.87 0.85(0.78-0.91)

SEN, sensitivity; SPE, specificity; ACC, accuracy; AUC, area under the receiver operating characteristic curve; Cl, confidence intervals are

included in parentheses

SVM, Support vector machine; RF, Random forest; AdaBoost, Adaptive boosting; KNN, K-nearest neighbor; NB, Naive Bayes

heterogeneity of the tumor [22, 23]. In this study, the wave-
let filter and the original features were emerged from both
sequences, respectively (Table 2). As known, the original
features mainly provide the size, shape and texture informa-
tion of the tumor on the original MRI image. The result in
this study showed that the shape feature selected from T2WI
sequences were revealed the shape and size information of
the tumor. The wavelet filter features reflected the multi-
frequency information of the images in the wavelet trans-
form domain [24]. And NGTDM focuses on local intensity
differences, making it particularly useful for characterizing

subtle texture variations and spatial patterns in medi-
cal images [25]. In this study, W-HHH_NGTDM B were
both selected from two sequences, W-LHH NGTDM B
and W-LLL NGTDM_ B was selected from TIWI+C
sequence, W-HLH_NGTDM B was selected from T2WI
sequence, these features were belong to NGTDM class.
As mentioned in previous studies, these radiomic features
of tumors described pairwise arrangements of pixels with
absolute gray difference at a given direction and distance,
and are used to emphasize local heterogeneity informa-
tion from the perspective of grayscale arrangement [11, 24,
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Fig. 3 Predictive performance
of multiple radiomic models in
T1WI+C sequence. First row
showed the predictive perfor-
mance of the Model I; Second
row showed the predictive
performance of the Model II;
Third row showed the predictive
performance of the Model II1
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Fig. 4 Predictive performance of multiple radiomic models in T2WI sequence. First row showed the predictive performance of the Model I; Sec-
ond row showed the predictive performance of the Model II; Third row showed the predictive performance of the Model 11
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26]. W-HLL GLSZM GLNU, W- LLH GLSZM GLNU
were selected from T1WI+C sequence. W-HLH GLSZM
GLNU were selected from two sequences. These belong
to GLSZM class. Similar to other studies, GLSZM has
potential to distinguish the local complexity texture fea-
ture of the tumor [26, 27]. Except above radiomic features,
O S M2DDS and O_S M2DDC were selected from T2WI
sequence. Visibly, shape features provide quantitative mea-
sures of tumor geometry, which can be useful for charac-
terizing lesion morphology, growth patterns, and potential
malignancy [25]. These findings indicated that the histologi-
cal heterogeneity of the tumor was significant, they may be
as a meaningful biomarker in predicting the curative effect
of the NACT. In this study, the deep radiomic feature could
not visually express the shape, size and texture features of
the tumor, but the combined models showed the better per-
formance both in two sequences.

To further confirm that combined radiomics models
had a better predictive performance, we constructed three
models of the two sequences images (T1WI+C and T2WI)
using five machine learning classifiers (SVM, RF, KNN,
NB, Adaboost). The results showed that Model I performed
slightly less than Model II and Model III in two sequences.
Especially, in the validation cohort of T2WI sequence,
the predictive performance of the Model II based on RF
(AUC=0.87) was greater than the Model I based on RF
(AUC=0.84). Visibly, combing the traditional radiomic
features and deep radiomic features were better predictive
power than a single traditional feature. Also it indicated that
the deep radiomic feature could be improve the predictive
ability. But the predictive performance of all models (AUC
range from 0.80 to 0.87) in T2WI sequence were better than
those models (AUC range from 0.70 to 0.76) in TIWI+C
sequence, shown in Tables 3 and 4. This illustrated that
T2WI sequences can help better detect white matter lesions
than TIWI+C sequences. As the previous studies reported,
a uniform increasing of white matter signal intensity in the
T2WI sequence was considered to be indicative of demy-
elination, gliosis, and edema [27, 28]. Meanwhile, the result
suggested that the predictive performance of the Models 11
were slightly lower than Models II in T2WI sequences. It
may be affected by the clinical features. In this study, the
clinical features only contained gender, age, T stage, N
stage because of the insufficiency of other three outside
hospitals of clinical data. And these clinical features were
no significant differences were found between cohorts. It
may illustrated that these common clinical features could
not improve the predictive performance of the models.
Although the model demonstrated a relatively good AUC,
indicating good overall classification performance, the sen-
sitivity remained notably low(shown in the Tables 3 and 4).
This discrepancy may be attributed to the Combat correction
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process applied to the data. Combat correction is designed
to remove batch effects and improve data consistency across
different sources or batches. However, it may also inadver-
tently smooth out subtle biological variations or reduce the
discriminative power of certain features that are critical for
identifying true positive cases. As a result, while the model’s
ability to distinguish between classes (as reflected by AUC)
remains robust, its capacity to correctly identify positive
instances (sensitivity) may be compromised. Future work
could explore alternative harmonization methods or feature
selection strategies to better preserve biologically relevant
signals while mitigating batch effects.

Several limitations still exist. First, although the data
were from four hospitals, the sample size from three hospi-
tals might be smaller, in consideration of which we mixed
these data to establish a hybrid cohort instead of separated
them into an individual one. External validation data are
still demanded for further experiment to improve model’s
generalization. Second, these deep radiomic features could
illustrated complete representation of tumor from another
angle, but how to visualize the lesion characteristic remains
to be studied. Third, our current model utilized gender, age,
T stage, and N stage, future studies could improve pre-
diction accuracy by incorporating additional factors such
as treatment details (e.g., radiation dose, chemotherapy),
tumor biomarkers (e.g., HPV status, EGFR expression), and
patient-specific variables (e.g., ECOG performance, comor-
bidities). Standardized data collection and advanced inte-
gration methods (e.g., federated learning) will be essential
to achieve this goal. Additionally, our study focused on MRI
radiomics due to its superior soft-tissue contrast and clinical
utility in NPC, we acknowledge that integrating additional
imaging modalities, such as CT and PET, could provide
complementary information and potentially improve model
performance. Future studies will explore multi-modal imag-
ing analysis to further enhance predictive accuracy.

Conclusion

In brief, we combined traditional radiomic features with
deep radiomic features and clinical features to investigate
the predictive performance of radiomic models based on
machine learning classifiers. These models could be clini-
cally used to assess and predict the curative effect of the
LA-NPC patients after NACT treatment. It holds signifi-
cant implications for advancing the application of deep
radiomics models in disease prognosis assessment.
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