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Abstract
Background:

Antiangiogenic therapy may transiently “normalize” the tumor vasculature to increase the effect of chemoradiotherapy. The present study con�rmed
the combination of antiangiogenic therapy with chemoradiotherapy provides a promising strategy for the improvement of the prognosis of
nasopharyngeal carcinoma(NPC) patients. Recombinant human endostatin (RHES) is a new type of antiangiogenic agent. Radiomics is a new
method to study tumor heterogeneity, and it can evaluate tumor heterogeneity and biological characteristics by screening these features and
constructing models. This study was aimed at investigating the capability of an MRI radiomics model based on pre-treatment texture features in
predicting the e�cacy of RHES + concurrent chemoradiotherapy (CCRT) for NPC.

Methods:

In total, we retrospectively enrolled 65 patients newly diagnosed as having NPC and treated with RHES + CCRT. 144 texture features were extracted
from the MRI before RHES+CCRT treatment of all the NPC patients. The maximum relevance minimum redundancy (mRMR) method was used to
remove redundant, irrelevant texture features, and calculate the Rad score of the primary tumor. Multivariable logistic regression was used to select
the most predictive features subset, and prediction models were constructed, which included radiomics models, clinics models, and combined models.
The performance of the three models in predicting the early response of RHES + CCRT for NPC was explored.

Result:

The diagnostic e�ciency of combined model and radiomics model in distinguishing between the groups was found to be moderate. The area under
the curve (AUC) of the combined model and radiomics model was 0.74 (95% CI: 0.62–0.86) and 0.71 (95% CI: 0.58–0.84), respectively, with both
being higher than the AUC of the clinics model (0.63, 95% CI: 0.49–0.78). Compared with the pure radiomics model, the combined model showed
marginally improved diagnostic performance in predicting RHES + CCRT treatment response. The accuracy of combined model and radiomics model
for RHES + CCRT response assessment in NPC were higher than those of the clinics model (0.723, 0.723 vs. 0.677). 

Conclusion:

The pretreatment MRI based radiomics can predict RHES + CCRT response in patients with NPC with a better accuracy than the clinics model.

1. Introduction
Nasopharyngeal carcinoma (NPC) has a high incidence in southern China, North Africa, and Southeast Asia[1]. The International Agency for Research
on Cancer reported that approximately 129,000 patients have been diagnosed with NPC in 2018, accounting for 0.7% of all cancers with a mortality
rate of 0.8% [2]. At present, radiotherapy combined with chemotherapy, including induction chemotherapy, concurrent chemotherapy, and neoadjuvant
chemotherapy, is an effective treatment method that can signi�cantly improve the survival rate of patients with NPC[3]. Although concurrent
chemotherapy and radiotherapy (CCRT) is considered the standard treatment for patients with advanced NPC, its e�cacy in patients with clinical
stage III/IV NPC remains inconsistent, and it signi�cantly increases the toxicity of the treatment[4]. Currently, numerous clinical studies are ongoing to
verify if targeted therapy has potential as a treatment of NPC, and it is expected to become an important part of individualized therapy.

Recombinant human endostatin (RHES) under the brand name of Endostar (ES) is a broad-spectrum anti-angiogenic targeted drug. In recent years, it
has been used to treat multiple system tumors and has shown good curative effect. RHES reportedly has a multi-target anti-tumor angiogenesis
effect[5]. It can directly participate in intracellular signaling pathways and regulate the phosphorylation of endothelial cell surface proteins, such as
vascular endothelial growth factor receptor-2. Furthermore, it can inhibit the phosphorylation of nucleolin and the FAK/c-Raf/MEK1/2/p38/ERK1
signaling pathways [6–9] and regulate various aspects of the internal tumor microenvironment, such as increase the PH value inside the tumor and
increase the pressure between tissues [10]. It works via the abovementioned pathways to inhibit the migration of endothelial cells that form blood
vessels. This inhibits tumor angiogenesis and blocks the nutritional supply to tumor cells, consequently inhibiting tumor proliferation and metastasis.
This is the basic principle of action of most targeted anti-tumor angiogenesis drugs, including RHES.

RHES + CCRT can provide good results in the treatment of NPC. In mouse xenograft model experiments, RHES was found to enhance the
radiosensitivity of NPC cells by reducing VEGF expression [11]. Peng et al. [12] found that RHES can normalize the tumor vasculature, which can
alleviate hypoxia. Kang et al. reported the results of a study of RHES combined with intensity-modulated radiotherapy (IMRT) in patients with locally
advanced NPC. This combination had similar e�cacy as IMRT + CCRT [13]. Jin et al. [14]conducted a phase II prospective randomized clinical
controlled study (NCT01612286) to explore the clinical e�cacy of RHES combined with gemcitabine or cisplatin in the treatment of advanced NPC.
Their �ndings suggested that RHES combined with chemotherapy signi�cantly prolongs the patient’s progression-free survival without signi�cantly
increasing adverse reactions.

However, besides the clinical staging and inaccuracy of treatment techniques, tumor heterogeneity is an important in�uencing factor causing
treatment failure in patients with NPC. Molecular and gene-level changes occur after tumor cells have undergone several cycles of proliferation and
division; these changes lead to differences in tumor proliferation speed, tumor aggressiveness, treatment sensitivity, therapeutic effect, and prognosis,
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all of which are affected by tumor heterogeneity. Therefore, clinicians need to pay attention to the heterogeneity of tumors to develop individualized
and precise treatment plans. However, it is di�cult to assess tumor heterogeneity even with pathological biopsy using a nasopharyngoscope, and
therefore, reliable and practical techniques are warranted to quantify tumor heterogeneity and preoperatively predict tumor response to RHES + CCRT
for patients with NPC.

With the rise of functional magnetic resonance imaging and radiomics, the quanti�cation of medical imaging parameters helps diagnose diseases
and explore differences in tumor phenotypes [15]. A relationship between radiomics features and tumor biology has been acknowledged since a long
time[16]. Radiomics non-invasively extracts high-throughput texture features on medical imaging images using the principles of computer technology.
Furthermore, screening these features and constructing models help evaluate tumor heterogeneity and tumor biological characteristics. At the time of
this publication, scholars have applied radiomics to the diagnosis of glioma, rectal cancer, and other conditions to carry out many studies, and
achieved good results[16]. Some studies have also been conducted on NPC, which revealed that the model constructed based on the texture features
of MRI images was instrumental in predicting the treatment response of NPC to IMRT, induction chemotherapy (IC), and neoadjuvant chemotherapy
(NC) and building a reliable and accurate predictor of tumor treatment response [17–19]. A recent multicenter study found that the nomogram based
on pre-treatment radiomics and clinical factors could predict the prognosis offered by different treatment options to patients with NPC and
recommend the best treatment plan accordingly. It has the potential to become a tool to promote personalized treatment of NPC [20].

The prediction of treatment e�cacy with the help of pretreatment MR-based radiomics aids formulation and adjustment of individualized treatment
strategies to avoid unnecessary adverse reactions and medical expenses. This study was aimed at investigating an MRI radiomics model based on
pre-treatment texture features to explore its application value in predicting the early response of RHES + CCRT for NPC.

2. Materials And Methods
2.1 Patient Selection and Clinical Characteristics

Data for this study were obtained from the First A�liated Hospital of GuangXi Medical University. This retrospective research was approved by the
ethics committee of the First A�liated Hospital of GuangXi Medical University, China (No. KY-E-294,2021). All treatment protocols in this study were
carried out in accordance with National Comprehensive Cancer Network guidelines. Because of the retrospective design of the study, the ethics
committee of the First A�liated Hospital of GuangXi Medical University con�rmed that the need for individual informed consent of this research was
waived.

In total, 65 patients newly con�rmed as having NPC via biopsy analyses between January 2017 and February 2021 were retrospectively reviewed. The
inclusion criteria for the study were as follows: (1) Patients with NPC with pathological con�rmation of III to IV b stage (According to 8th edition of
American Joint Committee on Cancer/Union for International Cancer Control TNM staging system); (2) patients having undergone no treatment before
MRI; (3) patients with a clinical Karnofsky performance score > 70; (4) patients having undergone RHES + CCRT treatment; and (5) patients with
stipulated MRI examination times: MRI before treatment should be completed within 7 days after hospitalization and MRI after RHES + CCRT should
be completed at the end of the treatment. The exclusion criteria of our study were as follows: patients with poor MRI image quality, NPC with stage I–II
malignancy, and failure to follow the treatment regimen prescribed in this study.

In this study, 13 patients were excluded, including 3 patients (3.8%) with stage II malignancy, 3 patients (3.8%) with signi�cant imaging artifacts
caused by dentures, and 7 patients (8.9%) who did not appear for post-MRI examination. Finally, 65 (83.3%) patients with NPC were included in the
present study. 

Data on age and sex of the patients and pathologic type, TN staging, and morphologic size of the lesions were collected as clinical factors. All clinical
records and MRI images were collected and recorded by two radiologists separately. Any disagreement was resolved through discussion.

2.2 Recombinant Human Endostatin Combined with Concurrent Chemoradiotherapy

All patients received RHES (solubilized in 250 mL of 0.9% normal saline; dosage: 7.5 mg/m2/day) intravenously for the �rst 5 days of CCRT. The RHES
(Endostar) was provided by Simcere Pharmaceutical Research Co., Ltd.

2.3 Criteria for Treatment Response

The tumor treatment response was separately evaluated by two doctors according to the RECIST 1.1 criteria [21]. They used the maximum diameters
of target lesions measured on CE T1-weighted imaging obtained before and after RHES + CCRT treatment using tools of the picture archiving and
communication system (PACS; Carestream, Ontario, Canada). Both radiologists were blinded to patients’ information. 

According to the changes observed in the maximum diameters at the two time points, the curative effect was identi�ed as follows: 1) complete
response (CR), wherein the MRI nasopharyngeal mass has retreated, and the mucosal thickness is <5 mm with no obvious abnormalities noted on
nasopharyngoscopy, 2) partial response (PR), wherein a retreat rate of >30% was noted, and 3) stable disease (SD), wherein a retreat rate of <30% was
noted. None of the cases in this study showed disease progression. E�cacy evaluation was performed at the end of CCRT. Patients with CR and PR
were de�ned as responders; SD was de�ned as non-responders.
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2.4 MRI Imaging Protocols

All 65 patients underwent routine plain scan and contrast-enhanced MR examination of the nasopharynx and cervical region using head and neck
coils with 1.5 Tesla scanner (GE Signa Echospeed; GE Medical Systems, Milwaukee, USA). We chose axial T2-weighted imaging with fat suppression
(T2WI_FS) and T1-weighted imaging with contrast enhancement (T1WI_CE) for radiomics analyses. In this study, we used the same geometric
parameters of T2WI_FS and T1WI_CE; the main imaging parameters were as follows: �eld of view = 240 mm × 230 mm, matrix = 232 × 219, spatial
resolution = 0.25 mm × 0.25 mm × 5.0 mm, slice thickness = 5 mm, spacing between slices = 1 mm, repetition time (TR)/echo time (TE) = 6000/70 ms
(T2WI_FS), and TR/TE = 550/8.1 ms (T1WI_CE). The contrast agent used was gadolinium-diethylenetriamine penta-acetic acid (Gd-DTPA, Magnevist;
Schering Diagnostics AG, Berlin, Germany) at 0.1 mmol/kg of body weight and an injection rate of 2 mL/s.

2.5 Tumor Segmentation and Radiomics Feature Extraction

All the MRI images of the enrolled patients were exported from the PACS system in Digital Imaging and Communications in Medicine (DICOM) format,
and we used the ITK-SNAP software (www.itksnap.org, version 3.6.0) for image segmentation. The key points for image segmentation were as
follows: removing blood vessels with a diameter of >3 mm inside the tumor and removing secretions and impurities on the surface of the
nasopharyngeal mucosa.

Two radiologists who had rich experience in head and neck diagnosis and were blinded to all clinical records of patients delineated the primary NPC
layer by layer on the T2WI_FS image and accordingly obtained the three-dimensional volume of interest (VOI) of the primary tumor. Since the
geometric parameters of T1WI_CE and T2WI_FS were the same, the VOI was directly copied to the T1WI_CE sequence, and then, the VOI of the tumor
lesions on the T1WI_CE images was obtained using the ITK-SNAP software. 

In the current study, we used an arti�cial intelligence software named FeAture Explorer (ver. 0.3.6 on Python 3.7.6) for MRI texture feature extraction. It
extracted a total of 144 texture features from the sequences of T2WI_FS and T1WI_CE. The radiomics features extracted included the original, shape,
�rst order, gray-level co-occurrence matrix (GLCM), and gray-level run length matrix (GLRLM). The radiomics features extracted by the two doctors
were tested for consistency within and between groups. The �ow of our study is shown in Figure 1.

Before using the machine learning model to perform dimensionality reduction analysis on texture features, we used the Z-score method to standardize
the mathematical values of all texture features of the patient to eliminate the unit limitation of these texture features. 

Z-score = (x-μ)/σ, 

where x is the mathematical value of the texture feature, μ represents the average value of this feature in all enrolled patients, and σ is the
corresponding standard deviation.

2.6 Statistical Analysis 

Statistical analysis was performed using SPSS 20.0 (SPSS Inc., Chicago, IL, USA) and R software (version 4.1.0, https://www.r-project.org). For
analyzing differences in clinical factors among the groups showing different levels of e�cacy, the independent t-test or Mann–Whitney U test was
used for numerical variables according to the results of normal distribution of data, and chi-square test was used for categorical variables. Intra-class
correlation coe�cient (ICC) values with 95% con�dence interval (CI) were used to assess the inter-reader agreement of the quantitative measurements.
Only the features with an ICC > 0.7 were selected for analysis of radiomics features.

2.7 Feature Selection and Radiomics Signature Building

In this study, we set the labelled the responder group as 0 and the non-responder group as 1. First, we compared the features between
the groups using the Mann-Whitney U test. Only the features identi�ed to be signi�cantly different between the two groups (P < 0.05) were selected for
the next step of univariate logistic regression analysis. Second, univariate logistic regression was used to explore whether the features were
discriminative between two groups. Then, due to the redundancy of the features, we used the maximum relevance minimum redundancy (mRMR)
algorithm for dimensionality reduction analysis of texture features that were screened out. After removing redundant and irrelevant texture features
using mRMR algorithm, only eight texture features were �nally retained. For each patient, the Rad score of the primary tumor was calculated from the
linear combination of texture features selected by mRMR and the weighting coe�cient corresponding to each feature. Finally, multivariable logistic
regression was used to select the most predictive feature subset, and prediction models were constructed based on clinical factors and the Rad score,
including radiomics models (only the Rad score), clinics models (only clinical factors), and combined models (the Rad score combined with clinical
factors).

2.8 Model Performance Evaluation

A 10-fold cross-validation method was used to train and validate machine learning classi�ers and prediction models to avoid over-�tting of image
data. The speci�c step was to divide the image data into 10 equal parts, taking 9 of them for training and then using the remaining one for
veri�cation. The average of the 10 results was used as an estimate of the accuracy of the classi�er or prediction model.
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We developed the receiver operating characteristics (ROC) curves to evaluate and compare the predictive ability of the radiomics model, clinics model,
and combined model. Next, to evaluate model performance, we calculated the area under the ROC curve (AUC), sensitivity, accuracy, speci�city,
positive predictive value (PPV), and negative predictive value (NPV). Finally, we obtained the nomogram, ROC diagram, and calibration curve diagram,
which were used to measure the consistency between the predicted RHES response probability and the actual RHES response probability. To evaluate
these three models, we obtained the goodness-of-�t of the prediction model and the decision curve using the Hosmer–Lemeshow test.

3. Results
3.1. Patient Characteristics

After the RHES + CCRT treatment, 41/65 patients (63.0%) were allocated to the responder group and 24/65 to the non-responder group. In this study,
the shortest diameter statistically signi�cantly differed between the two groups (P = 0.036). No other clinical factor signi�cantly differed between the
groups (P > 0.05) (Table 1).

3.2. Radiomics Signature Development

First, using the Mann-Whitney U test, 15 texture features of T2WI_FS were screened out from among 144 texture features extracted from the T2WI_FS
and T1WI_CE. More details are shown in Figure 2a. Univariate logistic regression revealed 11 texture features that were discriminative between
the responder and non-responder groups. Then, we used the mRMR to further optimize, and eliminated 3 of these 11 factors, �nally retaining 8 texture
features that were strongly discriminative between the two groups (Figure 2b). 

The images (T2WI_FS)-based Rad score was calculated based on the features for every patient as follows:

Radscore = -0.627452692604527*(Intercept) + -0.799314254762122*T2FS_original_glcm _Contrast + 0.55446062763822*T2FS_original_glcm_Idmn
+ -2.43214356373677*T2FS_original_glrlm_ShortRunEmphasis + -0.873877998669711*T2FS_original_�rstorder_InterquartileRange +
1.15476865759285*T2FS_original_�rstorder_Entropy+1.03323640038536*T2FS_original_glcm_DifferenceAverage +
1.106095147188*T2FS_original_glrlm_RunLengthNonUniformityNormalized + -0.335488275592488*T2FS_original_glcm_DifferenceEntropy. 

Sequential univariate and multivariable logistic regression analysis of the eight clinical factors revealed that the clinical factors of shortest
diameter can be used to construct a nomogram with a Rad score to predict the e�cacy of RHES + CCRT (P < 0.05). 

3.3. Predictive Performance of Models

In this study, the distribution of the 100-times resampling cross-validation was shown in Figure 3. By constructing a combined model based on Rad
score and clinical predictors, in this study, we veri�ed the ability and potential advantages of a model constructed based on pre-treatment MRI
radiomics to evaluate RHES + CCRT treatment response and veri�ed its reliability and stability (Figure 4). The details of performance analysis of the
combined model, radiomics model, and clinics model in predicting the e�cacy of RHES + CCRT for NPC are shown in Table 2.

The results revealed moderate diagnostic e�ciency of the combined model and radiomics model in distinguishing between responders and non-
responders. The AUC of the combined model and radiomics model was 0.74 (95% CI: 0.62–0.86) and 0.71 (95% CI: 0.58–0.84), respectively, and was
higher than that of the clinics model (0.63, 95% CI: 0.49–0.78]). Compared with the pure radiomics model, the combined model, which combined
imaging texture features with selected clinical factors, showed a marginally better diagnostic performance in predicting RHES + CCRT treatment
response. For RHES + CCRT response assessment in NPC, the accuracy of the combined model and radiomics model was higher than that of the
clinics model (0.723, 0723 vs. 0.677).  

The calibration curve of the combined model showed average calibration (Figure 4d), indicating that the combined model can be used to judge the
prognosis of patients with an NPC primary tumor after RHES + CCRT treatment with average predictive power, and the sample size needs to be
increased in further researches. The decision curve showed that in patients with advanced NPC, the combined model and radiomics model predicted
the treatment response to RHES + CCRT better than the clinics model. However, the difference between the combined model and radiomics model was
not signi�cant (Figure 4c).

Table 1. Characteristic differences between responders and non-responders among patients with NPC were determined using the t-test (age, longest
diameter, and shortest diameter) or chi-square test (classi�cation variables), *: P < 0.05.
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Group Age Gender

(male/

female

WHO
pathological
type 

T stage N stage Clinical stage Longest
diameter

Shortest
diameter

I IIa IIb T2 T3 T4 N0 N1 N2 N3 III IVA IVB

responder 44.85±10.55 29/12 0 4 37 2 17 22 2 20 13 6 15 21 5 28.18±8.29 19.19±6.05

(n= 41)

responder 44.00±11.30 18/6 1 2 21 0 11 13 2 7 12 3 8 13 3 30.59±8.96 22.60±6.41

(n= 24)

P 0.760 0.711 0.416 0.538 0.382 0.965 0.276 0.036*

 

Table 2. Performance of clinics, radiomics, and combined models in assessing RHES + CCRT response in NPC

model AUC accuracy Sen Spe PPV NPV

Clinics 0.63 (95% CI:0.49—0.78) 0.677 0.500 0.780 0.571 0.727

Radiomics 0.71 (95% CI:0.58—0.84) 0.723 0.666 0.756 0.615 0.794

Combined 0.74 (95% CI:0.62—0.86) 0.723 0.750 0.707 0.600 0.828

4. Discussion
In September 2005, RHES was approved for the treatment of non-small-cell lung cancer (NSCLC) by the State Food and Drug Administration of China
[22]. Since then, scholars have reported through clinical experience and empirical evidence that RHES + radiotherapy and/or chemotherapy has an
effect superior to that of a single treatment on various malignant tumors, such as metastatic melanoma and gastric cancer [23, 24]. In the clinical
treatment of patients with NPC, the RHES + IMRT treatment has also shown good therapeutic effects and good safety[25]. In this study, we focused on
65 patients with NPC having undergone RHES + CCRT, among whom 41 (63.0%) were allocated to the responder group and 24 to the non-responder
group.

Since the use of RHES for the treatment of tumors is still in phase III clinical trials, there were fewer NPC patients treated with this drug. In addition,
this study strictly adhered to the enrollment requirements and included only patients with locally advanced NPC treated with RHES + CCRT. Therefore,
the number of cases included was relatively small. Considering the small sample size of the data, we did not split the data into training and validation
groups; however, 10-fold cross-validation was applied, proving that texture analysis was valuable in discriminating between responder and non-
responder groups and that the result was not due to over�tting. The distribution of the 100-times resampling cross-validation showed poor sensitivity
performance, which can be attributed to the small sample size. Future researches with a larger sample size are needed in the future overcome such
challenges.

For locally advanced NPC, the prediction of early treatment response is crucial in driving doctor's decision-making in terms of selecting and modifying
treatment options. However, the selection of the ideal treatment is still ambiguous in clinical practice. Thus, for improving the treatment effect and
reducing the economic and psychological burden of patients, effective biomarkers are a hope to be explored to enable the selection of appropriate
strategies before treatment. Currently, to predict the early response to treatment in patients with NPC, the following three imaging modalities are
commonly used: diffusion-weighted MR imaging (DWI) [26], intravoxel incoherent motion diffusion weighted MR imaging (IVIM-DWI)[27], and
dynamic CE MR imaging (DCE-MRI)[28]. However, researches on the early response of RHES + CCRT in patients with NPC using these imaging
modalities are relatively rare. In a study on mice with colon carcinoma, researchers explored non-invasive methods to monitor RHES -induced tumor
vascular normalization and found IVIM DWI-MRI to be a promising method [29]. Based on the principle that radiomics can re�ect the heterogeneity of
tumors and is related to treatment e�cacy and prognosis, radiomics was used to predict the response to NPC treatment. Some scholars use
radiomics based on multi-parameter MRI to assess the response and survival rates of NAC [18, 30]. A study investigated the ability of MRI radiomics
to predict early response to induction chemotherapy (IC) in patients with NPC. They extracted �ve features from CE T1W1 MR images, and the AUC
value was 0.715 with a sensitivity of 0.940 and speci�city of 0.500 [19]. In our research, we established and validated a multi-parameter MRI-based
radiomics approach to predict early response to RHES + CCRT in patients with advanced NPC. We �nally extracted eight texture features from T2WI-FS
MR images and one clinical factor which were all strongly related to responder and non-responder labeling of the patients. We found the combined
model and radiomics model to have moderate diagnostic e�ciency in distinguishing between response and non-response groups. The AUC values of
the combined model and radiomics model were 0.74 and 0.71, respectively, and were higher than the AUC of the clinics model (AUC = 0.63). Compared
with the pure radiomics model, the combined model, which combined imaging texture features with selected clinical factors (shortest diameter),
showed marginally improved diagnostic performance in predicting treatment response to RHES + CCRT. In the future, it is expected that instead of



Page 7/12

functional MRI technology, a reliable predictive model can be constructed using conventional sequence texture features to predict the response of
RHES + CCRT in patients with NPC.

The role of the combination of radiomics and clinical factors needs to be clari�ed. In our study, even though the baseline shortest diameter was the
only aspect that signi�cantly differed between responders and non-responders, we found the combined model to be better than the radiomics model
or clinics model alone. Notably, the endpoint in this study was clinical treatment response after RHES + CCRT. The model combined radiomics and
clinical factors seemed to be more sensitively and closely related to our de�ned clinical endpoint (the endpoint in this study was clinical treatment
response after RHES + CCRT) when compared with radiomics or clinical information alone. In a retrospective study, a radiomic nomogram was
established by combining a radiomics signature with TNM, which showed signi�cantly better prediction of progression-free survival(PFS) in patients
with NPC than TNM alone[30]. One study reported the development of a radiomics nomogram that integrated radiomics signatures from the joint T1-
CE, T1-WI, and T2-WI with all the clinical factors. This radiomics nomogram provided a higher concordance index (C-index) in both the training cohort
(TC) and validation cohort (VC), suggesting that this model was more accurate than the clinics model or radiomics signature model in predicting IC
response in patients with NPC [18]. In another study, scholars found that a model that factored in T1-CE-based uniformity, tumor volume, and the
overall stage had better predictive power than a model factoring in either tumor volume or the overall stage in terms of the PFS, and the AUC values
were 0.825, 0.659, and 0.616, respectively. Therefore, it can be concluded that the combined model based on radiomics and clinics models better
predicted treatment response of patients with NPC to different regimens.

Previous studies have reported that a combined multi-parameter MRI radiomics method can analyze different biological characteristics of the disease,
thus offering it the potential to better diagnose the disease, guide the treatment, and predict the prognosis. One study focused on two different
treatments in patients with advanced NPC and compared the performance of radiomics in predicting IC response to both the treatments. In this study,
a total of 1188 imaging features were extracted from joint T1-CE, T1-WI, and T2-WI, and the researchers reported that the features extracted from
these three sequences had good performance in predicting treatment response, with the accuracy of TC and VC being 0.852 and 0.853, respectively
[31]. In the study of Zhao et al., the results also showed that a model based on joint T1-CE, T1-WI, and T2-WI had a better prognostic performance in
evaluating IC response than a radiomic characteristic model [18]. The features of multi-parameter MRI described the distribution of voxel intensity
within the image as well as represented the heterogeneity of NPC [32]. For example, GLCM-based features re�ected tumor roughness and
heterogeneity [31]. In our study, the �nally retained eight texture features that were strongly related to label were calculated from T2WI_FS, including
T2WI_FS_GLCM, T2WI_FS_GLRLM and T2WI_FS_Shape. The established model and prediction accuracies varied with different research designs.
Simultaneously, the types and numbers of extracted imaging features would differ among different modeling methods [33].

In our study, based on the radiomics signature of MR imaging, a predictive factor was developed to preoperatively discriminate between responders or
non-responders scheduled to undergo RHES + CCRT treatment for NPC. This would allow individuals identi�ed as non-responders to avoid predictably
ineffective RHES + CCRT. However, before a radiomics signature can be considered as clinically useful and applicable, further external veri�cation and
standardized data processing methods are required because the PPV for the combined model was 0.600.

Our study had some limitations. First, this study was a single-center study, which may limit the applicability of our research results to patients from
other institutions, and further external validation research is needed to expand this applicability. Second, only anatomical MRI technology was used
for research, and functional MRI was not included in the research design. Third, our study was based on RECIST 1.1. We delineated tumor response or
non-response by volume changes before and after RHES + CCRT, which may not be the best indicator for clinical results. Finally, this study did not
carry out related studies on the lymph node metastasis of the neck region of NPC at the same time. This part of the content still has certain
challenges.

In conclusion, in this study, pretreatment MRI-based radiomics could predict RHES + CCRT response better than clinical factors in patients with NPC.
The radiomics signature as a non-invasive MR-based imaging biomarker may provide a valuable and practical method for promoting personalized
treatment for and optimizing the management of patients with NPC.
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Figures

Figure 1

The �owchart shows the development of an MRI-based prediction model to predict the e�cacy of RHES + CCRT for in patients with NPC

Figure 2
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a. The P value of the 144 texture features was shown on the Manhattan plot. 15 texture features above the blue line y = 1.3 were features with P <
0.05. b. The �nal eight feature sets were �ltered out using the mRMR algorithm.

Figure 3

The distribution of the 100-times resampling cross-validation 
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Figure 4

a. Constructed nomogram. b. Receiver operating characteristic curves (ROC) of the clinics, radiomics, and combined models. c. Decision curve of the
nomogram. d. Calibration curve.


