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Purpose: We aimed to construct of a nomogram to predict progression-free survival (PFS) 
in locoregionally advanced nasopharyngeal carcinoma (LA-NPC) with risk stratification 
using computed tomography (CT) radiomics features and clinical factors.
Patients and Methods: A total of 311 patients diagnosed with LA-NPC (stage III–IVa) at 
our hospital between 2010 and 2014 were included. The region of interest (ROI) of the 
primary nasopharyngeal mass was manually outlined. Independent sample t-test and 
LASSO-logistic regression were used for selecting the most predictive radiomics features 
of PFS, and to generate a radiomics signature. A nomogram was built with clinical factors 
and radiomics features, and the risk stratification model was tested accordingly.
Results: In total, 20 radiomics features most associated with prognosis were selected. The 
radiomics nomogram, which integrated the radiomics signature and significant clinical 
factors, showed excellent performance in predicting PFS, with C-index of 0.873 (95% CI: 
0.803~0.943), which was better than that of the clinical nomogram (C-index, 0.729, 95% CI: 
0.620~0.838) as well as of the TNM staging system (C-index, 0.689, 95% CI: 0.592–0.787) 
in validation cohort. The calibration curves and the decision curve analysis (DCA) plot 
obtained suggested satisfying accuracy and clinical utility of the model. The risk stratifica-
tion tool was able to predict differences in prognosis of patients in different risk categories 
(p<0.001).
Conclusion: CT-based radiomics features, an in particular, radiomics nomograms, have the 
potential to become an accurate and reliable tool for assisting with prognosis prediction of 
LA-NPC.
Keywords: computed tomography, locoregionally advanced nasopharyngeal carcinoma, 
radiomics, nomogram

Introduction
Nasopharyngeal carcinoma (NPC) is one of the most prevalent head and neck 
malignant tumors in China, with a characteristic geographical distribution: the 
highest incidence is found in southern China.1 Due to its intrinsic biological 
characteristics and anatomical features, early disease symptoms and signs are not 
obvious, and many patients already present locally advanced stage when they are 
first diagnosed.2 Given that intensity-modulated radiotherapy (IMRT) is widely 
used in recent years, the local control of NPC has improved significantly, but 
patients with advanced disease still tend to experience local recurrence and distant 
metastasis.3 Combination of chemotherapy with radiotherapy can enhance the 

Correspondence: Xiao-Dong Zhu  
Department of Radiation Oncology, 
Guangxi Medical University Cancer 
Hospital, 71 Hedi Road, Nanning City, 
Guangxi, 530021, People’s Republic of China  
Tel +86 771 533 1466  
Email zhuxdonggxmu@126.com   

Hai Liao  
Department of Radiology, Guangxi Medical 
University Cancer Hospital, Nanning, 
Guangxi, 530021, People's Republic of China  
Tel +86 771 533 4950  
Email 42442427@qq.com

Cancer Management and Research 2021:13 6911–6923                                                   6911
© 2021 Yan et al. This work is published and licensed by Dove Medical Press Limited. The full terms of this license are available at https://www.dovepress.com/terms.php 
and incorporate the Creative Commons Attribution – Non Commercial (unported, v3.0) License (http://creativecommons.org/licenses/by-nc/3.0/). By accessing the work 

you hereby accept the Terms. Non-commercial uses of the work are permitted without any further permission from Dove Medical Press Limited, provided the work is properly attributed. For 
permission for commercial use of this work, please see paragraphs 4.2 and 5 of our Terms (https://www.dovepress.com/terms.php).

Cancer Management and Research                                                       Dovepress
open access to scientific and medical research

Open Access Full Text Article

Received: 21 June 2021
Accepted: 21 August 2021
Published: 3 September 2021

http://orcid.org/0000-0002-4792-8530
http://orcid.org/0000-0002-7997-8268
mailto:zhuxdonggxmu@126.com
mailto:42442427@qq.com
http://www.dovepress.com/permissions.php
https://www.dovepress.com


efficacy of radiotherapy alone in eliminating micrometas-
tases, and improve the prognosis of locoregionally 
advanced nasopharyngeal carcinoma LA-NPC.4 

Nevertheless, such combination strategy can also increase 
the radiotherapy and chemotherapy related side effects and 
add to the economic burden of health care. The TNM 
staging system (AJCC 8th edition) provide important 
information to help clinicians improve NPC clinical care 
and diagnosis. However, patients with similar TNM sta-
ging often have different prognosis and experience differ-
ent course of the disease. The reason for this may be 
related to intrinsic biological variability and tumor hetero-
geneity in different patients. Therefore, how to personalize 
treatment regimens to minimize the toxic side effects of 
aggressive therapies while obtaining a promising prog-
nosis remains a clinical challenge. A reliable prognostic 
model can assist clinicians with their predictions of 
a patient’s prognosis and help them make more informed 
therapeutic decisions.

Radiomics has become a popular research topic in 
recent years, especially in the research of solid tumors, 
with great potential given the current rapid development of 
artificial intelligence (AI). Radiomics aims to extract quan-
titative features from diagnostic images to make predic-
tions about disease diagnosis, prognosis, and treatment 
response. These radiomics features include information 
which can be challenging for the human eye to recognize 
and evaluate.5 In the field of NPC research, several studies 
suggested that MRI-based imaging tags is a reliable 
method for assessing treatment response and unraveling 
prognostic markers.6–8 A retrospective study analyzing 
patients with LA-NPC from 2009 to 2014 confirmed that 
radiomics based on PET/CT can be valuable tools in the 
clinical decision process of LA-NPC.9

CT is another important imaging examination technol-
ogy in the diagnosis and staging of NPC. A study that 
compared radiomics tools for image analyses and clinical 
prediction in NPC, found that the CT-based radiomics 
features are more stable and reproducible than MRI- 
based radiomics features.10 Another study in China found 
that CT-based radiomics can discriminate the subtle differ-
ences between NPC tumors and normal tissues in multi- 
phase CT images and objectively reflect their dynamic 
changes, assisting with the accurate diagnosis and quanti-
tative analysis of NPC.11 However, few studies on CT- 
based radiomics have been conducted with the aim to 
predict the prognosis of NPC. Our study aims to investi-
gate the value of CT-based radiomics in the prognosis 

prediction of locoregionally advanced nasopharyngeal car-
cinoma (LA-NPC) by constructing a prognostic prediction 
model. To our knowledge, our study is the first to use 
enhanced CT imaging radiomics in combination with clin-
ical factors to generate a nomogram to predict progression- 
free survival (PFS) in LA-NPC.

Patients and Methods
Patients
This retrospective study was approved by our Institutional 
Review Board and was waived the need to sign an 
informed consent form. A total of 311 patients diagnosed 
with stage III–IVa NPC in our hospital were included. The 
inclusion criteria were: (1) Patients with initial diagnosis 
of NPC confirmed by pathology in our hospital from 
2010–2014. (2) Patients who received IMRT with the 
following treatment modes: Induction chemotherapy (IC) 
+ Concurrent Chemoradiotherapy (CCRT), CCRT, and 
CCRT+ Adjuvant chemotherapy (AC). (3) Patients diag-
nosed with stage III–IVa tumors restaged according to the 
8th Edition of American Joint Committee on Cancer 
(AJCC). (4) Patients in generally good condition (KPS ≥ 
70), without serious medical or surgical diseases, and no 
other malignant tumors. (5) Patients with available com-
plete initial medical history, pre-treatment CT and MRI, 
nasopharyngoscopy, and three major routines.

Treatment
All patients received complete IMRT treatment. The target 
dose prescription was GTVnx 70.06~74.58Gy (30~33f), 
GTVnd 60~73.6Gy (30~32f), CTV1 60~64Gy (30~32f), 
CTV2 54~57.6G (30~32f). With regards to the chemother-
apy regimen, the induction regimen used was TP (doce-
taxel 75 mg/m2, d1; cisplatin 75 mg/m2, d1), PF (cisplatin 
80 mg/m2, d1~3, 5-fluorouracil 750 mg/m2, continuous 
Intravenous drip 120h), TPF (docetaxel 60 mg/m2, d1; 
cisplatin 60 mg/m2, d1; 5-fluorouracil 600 mg/m2, contin-
uous intravenous drip 120h), once every 3 weeks, total 1~4 
cycles; concurrent chemotherapy used cisplatin (100 mg/ 
m2, d1-3) once every 3 weeks for a total of 1 to 3 cycles; 
adjuvant chemotherapy used TPF, TP or PF regimens, 
once every 3 weeks, total 1~4 cycles.

Follow-Up and Clinical Endpoint
Patients were followed up by outpatient, telephone and 
inpatient review. Follow-up was scheduled every 3 months 
for the first 2 years after treatment, every 6 months for the 
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third to fifth years, and annually thereafter. Progression- 
free survival (PFS) was selected as the endpoint event. 
This is because patients with NPC usually have a long 
survival period and it is important to avoid the risk of 
having too few endpoint events and to reduce the follow- 
up time. PFS is the time from the start of treatment to the 
onset of any aspect of disease progression or death by any 
cause. Recurrent and metastatic cases were diagnosed by 
nasopharyngoscopy, biopsy, imaging, and physical 
examination.

CT Acquisition and Segmentation
Enhanced CT was performed in all patients. A large- 
aperture spiral CT scanner (Light SpeedRT, GE) was 
used for axial scanning. The scanning range was from 
the cranial vault to the subclavian plane. The CT scanning 
parameters were: tube voltage 140 kV; tube current 380 
mA; image resolution 512*512; and layer thickness 
2.5 mm. 70mL of iodixanol was injected into the vein at 
a rate of 2.0 mL/s. Patients were scanned and the images 
were saved after 50 seconds. The CT scan images were 
then transferred to the MIM planning system (MIM 
Software Inc.) in DICOM format. Images with substantial 
CT artifacts were excluded to avoid confounding on sub-
sequent feature extraction and analysis. ROI was manually 
outlined layer by layer on post-contrast CT images by an 
experienced radiologist using the MIM planning system, 
and confirmed by a senior radiologist. Another radiologist 
outlined the ROI of 50 randomly selected patients for 
subsequent calculation of the interclass correlation coeffi-
cient (ICC). The outline principles were described in the 
International Commission on the International 
Commission on Radiation Units (ICRU) and 
Measurements Reports 50 and 62. The lesion area was 
confirmed using MRI in order to match the lesion margins 
as closely as possible.

Radiomics Feature Extraction and 
Radiomics Signature Building
Radiomics features were extracted using the AI radiother-
apy imaging workstation AccuContour business software 
(version 3.0.4, CHN). In total, 1409 features were 
extracted from the original post-contrast CT images and 
after filter conversion. These feature categories include: 
(1) Shape features, which are used to describe the geo-
metric properties of the ROI, including size features 
describing the volume and surface area of the ROI, and 

features describing the similarity between the sphere and 
ROI, such as spherical disproportion. (2) First-order fea-
tures, which are features describing the intensity distribu-
tion of voxels within the ROI, calculated by histogram 
analysis, and include mean, median and other features. 
(3) Texture features, which describe the intensity levels 
of the voxel spatial distribution. These include gray level 
co-generation matrix (GLCM), gray level length run 
length matrix (GLRLM), gray level size zone matrix 
(GLSZM), neighborhood gray tone difference matrix 
(NGTDM) and gray level dependence matrix (GLDM).

Before feature selection, Z-score standardization was 
performed on all radiomics features. Subsequently, patients 
were randomly divided into training and validation cohorts 
in a 7:3 ratio. After filtering out features with ICC < 0.75, the 
independent samples t-test was used for initial feature select-
ing. The LASSO-logistic regression model was then per-
formed to obtain the most predictive radiomics features in 
the training cohort. The radiomic signature (rad-score) was 
calculated by addition of the selected radiomic features that 
were weighted by their respective coefficients.

Construction and Validation of 
Nomogram and Risk Stratification Tool
Multivariate logistic regression was used for selecting inde-
pendent predictive clinical factors in the training cohort. In 
order to provide a quantitative tool to predict PFS in LA- 
NPC, we incorporated some risk factors of PFS into three 
nomograms, which were constructed with TNM staging, 
clinical factors and rad-scores. The discrimination power of 
nomograms was evaluated by consistency index (C-index). 
Calibration curves were used to estimate the risk of progres-
sion (recurrence, metastasis or death) in patients predicted by 
the nomogram. The statistical difference between the 
C-index of different models was tested by the DeLong test. 
Sensitivity, specificity, and accuracy indexes were used to 
evaluate the model’s performance. Decision curves analysis 
(DCA) were used to assess the net benefit of a nomogram for 
clinical decision making at different threshold probabilities. 
A total nomogram score was calculated for each patient and 
to generate risk strata. Survival analysis of PFS was per-
formed for patients in different risk strata.

Statistical Analysis
The radiomic features of the CT-enhanced images were 
extracted by the AccuContour business software (version 
3.0.4, CHN). The Python software (version 3.7.1, US) 
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package “SciPy” was used for univariate analysis; the chi- 
square test was used to clinical count factors, and the t-test 
or calibrated t-test were used to compare the differences 
between groups for the radiomics features. The “glmnet” 
package of R software (version 4.0.3, US) was used to 
perform LASSO-logistic regression to select predictive 
radiomics features. The “rms” package was used to construct 
nomograms and calibration curves. Patients were stratified 
by X-tile software (Rimm Lab, US) according to their 
nomogram total score, and the Kaplan-Meier method was 
used to analyze the PFS of the different risk groups. p<0.05 
indicates statistically significant differences.

Results
Patient Characteristics and Follow-Up
Based on the inclusion criteria, 311 patients were included in 
this study, with 218 cases in the training cohort and 93 cases 

in the validation cohort. Baseline information of patients in 
both groups is shown in Table 1. There were no statistical 
differences in age, gender, smoking history, family history of 
NPC, T-stage, N-stage, clinical stage, treatment mode and 
progression rate between the training and validation cohorts 
(p>0.05). The median follow-up time for all patients was 78 
months (range: 3–122 months). The 1-, 3-, 5- and 7-year 
PFS (%) were 95.2, 84.2, 76.2 and 70.9% respectively.

Construction and Validation of 
a Radiomics Signature
The radiomics workflow and modeling are shown in 
Figure 1. For each case, 1409 features were extracted, 
and 527 features associated with PFS were initially 
selected by ICC (>0.75) and independent sample t-test 
(p < 0.05). In the training set, the 20 most predictive 
features were selected by LASSO-logistic regression 

Table 1 Characteristics of Patients with LA-NPC in the Training and Validation Cohorts

Clinical Factors Total Set Training Set Validation Set p-value

(N = 311) (N = 218) (N = 93)

Age 44.67±10.25 45.39±10.29 42.99±10.01 0.059

Gender Male 234 (75.2%) 164 (75.2%) 70 (75.3%) 1

Female 77 (24.8%) 54 (24.8%) 23 (24.7%)

Smoking No 203 (65.3%) 143 (65.6%) 60 (64.5%) 0.958

Yes 108 (34.7%) 75 (34.4%) 33 (35.5%)

Family history of NPC No 283 (91.0%) 196 (89.9%) 87 (93.5%) 0.418

Yes 28 (9.0%) 22 (10.1%) 6 (6.5%)

T stage T1 5 (1.6%) 3 (1.4%) 2 (2.2%) 0.701

T2 56 (18.0%) 40 (18.3%) 16 (17.2%)
T3 159 (51.1%) 115 (52.8%) 44 (47.3%)

T4 91 (29.3%) 60 (27.5%) 31 (33.3%)

N stage N0 4 (1.3%) 1 (0.5%) 3 (3.2%) 0.091

N1 125 (40.2%) 85 (39.0%) 40 (43.0%)

N2 153 (49.2%) 114 (52.3%) 39 (41.9%)
N3 29 (9.3%) 18 (8.3%) 11 (11.8%)

Clinical stage C3 199 (64.0%) 145 (66.5%) 54 (58.1%) 0.196
C4 112 (36.0%) 73 (33.5%) 39 (41.9%)

Treatment CCRT 143 (46.0%) 101 (46.3%) 42 (45.2%) 0.448
IC+CCRT 80 (25.7%) 52 (23.9%) 28 (30.1%)

CCRT+AC 88(28.3%) 65(29.8%) 23 (28.0%)

Progression 88(28.3%) 62(28.4%) 26 (28.0%) 0.931

Follow-up time 75.23±23.85 75.56±23.80 74.48±24.06 0.717

Abbreviations: LA-NPC, locoregionally advanced nasopharyngeal carcinoma; CCRT, concurrent chemoradiotherapy; IC, induction chemotherapy; AC, adjuvant 
chemotherapy.
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(Figure 2A and B). Selected features and their respective 
image category are shown in Table 2. Rad-scores were 
further calculated for each patient (Figure 2C and D). The 
receiver operating characteristic curves (ROC) of the rad- 
score are presented in Figure 4A and B. ROC curves 
resulted in an area under the curve (AUC) of 0.897 and 
0.856 in the training and the validation cohorts, respec-
tively, with accuracies of 0.775 and 0.763, sensitivities of 
0.903 and 0.846, and specificities of 0.724 and 0.731, 
respectively (Table 3).

Establishment and Validation of the 
Nomogram
We calculated the cut-off values for hemoglobin (Hb, 
116.5g/L), albumin (ALB, 41.7g/L), alkaline phosphatase 
(ALP, 59.5U/L), lactate dehydrogenase (LDH, 181U/L), 
neutrophil-to-lymphocyte ratio (NLR, 2.51) and platelet- 
to-lymphocyte ratio (PLR, 151.58) based on the ROC 
curves. The cut-off values transformed continuous vari-
ables into binary variables. Multivariate logistic suggested 
that LDH, treatment mode, N stage and T stage were LA- 
NPC independent predictive factors (p<0.05), while age, 
gender, smoking history, family history, Hb, ALB, ALP, 
NLR and PLR were not (p>0.05). The radiomics nomo-
gram was generated based on independent predictive 

clinical factors combined with rad-scores (Figure 3A). In 
addition, the clinic nomogram was only constructed by 
clinical factors (Figure 3B). TNM staging model was 
built based on the T stage and N stage (Figure 3C). The 
radiomics nomogram showed excellent performance in 
predicting PFS, with C-index of 0.925 (95% CI: 
0.892~0.958) in the training cohort, and 0.873 (95% CI: 
0.803~0.943) in the validation cohort. This performance 
was better than that of the clinical nomogram, with 
C-index of 0.800 (95% CI: 0.743~0.858) and 0.729 (95% 
CI: 0.620~0.838) for the training and validation cohorts, 
respectively. The radiomics nomogram also performed 
better than the TNM staging system in both the training 
cohort (C-index, 0.735, 95% CI: 0.674–0.796) and valida-
tion cohort (C-index, 0.689, 95% CI: 0.592–0.787). The 
DeLong test was used to confirm the statistically signifi-
cance difference between the C-index of the radiomics 
nomogram and the other two models (p<0.05). Figure 4A 
and B showed the ROC curves of the three models in the 
two cohorts. The results of the models’ performances are 
shown in Table 3. The calibration curve suggested that the 
accuracy of radiomic nomogram was satisfactory 
(Figure 4C and D), and the net benefit rate was higher 
than clinical nomogram and TNM staging as shown in 
DCA (Figure 4E and F).

Figure 1 Framework of the study (A) Regions of interest (ROI). (B) Three types of features. (C) Feature selection by T-test and Lasso-logistic regression. (D) Establishment 
and validation of radiomics signature. (E) Establishment and validation of Nomogram.
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Figure 2 LASSO-logistic regression analysis for selection of radiomics features and the distribution of radiomics signature (A) The tuning parameters (λ) in Lasso-Logistic 
regression were selected by 10-fold cross-validation. When log(λ) is equal to −3.87, the AUC reaches its maximum value. (B) LASSO coefficient profiles of 527 radiomics 
features. 20 features with non-zero coefficients are selected at the optimal λ. Rad-score distribution of (C) patients in the training cohort and (D) patients in the validation 
cohort. Red bars show scores for patients were progression-free; green bars show scores for patients who experienced tumor progression or death by any cause.
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Risk Stratification Model and Survival 
Analysis
We calculated the best cut-off values of radiomics nomo-
gram total scores 34.7 and 48.1 through the X-tile software, 
and divided the patients into low-risk (<34.7), middle-risk 
(≥34.7 and <48.1) and high-risk (≥48.1) groups. The 
Kaplan-Meier method was used to plot the survival curves 
for PFS. The survival curves of the total population, and the 
training and validation cohorts indicated a statistically sig-
nificant difference in survival between the different risk 
groups (p<0.001). Similarly, the prognosis was better in 
the low-risk group and worse in the high-risk group 
(Figure 5). The 1-, 3-, 5- and 7-year PFS were 99.4, 98.1, 
96.8 and 96.8% in the low-risk group, 92.6, 73.6, 62.0 and 

56.4% in the medium-risk group, and 85.3, 58.8, 32.4 and 
17.6% in the high-risk group respectively.

Discussion
Imaging is a clinically important examination tool that is 
often used to assist in the diagnosis, staging and treatment 
decisions of tumors. Currently, clinical practice in oncol-
ogy relies mostly on the visual evaluation of images by 
clinicians, which can be subjective and yield limited infor-
mation. With the increased digitization of clinical informa-
tion and the popularization of AI research, radiomics has 
recently become a hot topic of research.12 Solid tumors are 
often spatially and temporally heterogeneous, and radio-
mics can non-invasively capture such heterogeneity and 

Table 2 Coefficient Profiles, Category and Filters of the 20 Radiomics Features Selected by LASSO-Logistic

Radiomics Features Coefficients Category Filters

LLL_firstorder_Median 0.680 Firstorder Wavelet
1_mm_3D_glszm_LargeAreaHighGrayLevelEmphasis 0.534 Textural Log_sigma

Glrlm_GrayLevelNonUniformity 0.342 Textural Gradien

HHH_ngtdm_Busyness 0.323 Textural Wavelet
Glrlm_HighGrayLevelRunEmphasis 0.225 Textural Original

HLH_glszm_LargeAreaHighGrayLevelEmphasis 0.164 Textural Wavelet

HLL_gldm_SmallDependenceLowGrayLevelEmphasis 0.148 Textural Wavelet
LLL_firstorder_TotalEnergy 0.115 Firstorder Wavelet

Firstorder_Skewness 0.084 Firstorder Exponential
LHL_ngtdm_Busyness 0.076 Textural Wavelet

Glrlm_LongRunHighGrayLevelEmphasis 0.065 Textural Squareroot

LLH_glcm_Autocorrelation 0.033 Textural Wavelet
Glszm_HighGrayLevelZoneEmphasis 0.033 Textural Original

Firstorder_TotalEnergy 0.021 Textural Square

Gradient_ngtdm_Busyness 3.00E-04 Textural Gradient
Glcm_Autocorrelation 8.46E-05 Textural Original

HLL_glrlm_LongRunHighGrayLevelEmphasis −0.007 Textural Wavelet

Glszm_SizeZoneNonUniformityNormalized −0.021 Textural Exponential
HLH_gldm_DependenceNonUniformityNormalized −0.101 Textural Wavelet

HLH_firstorder_Mean −0.200 Firstorder Wavelet

Table 3 Performance of Radiomics Nomogram, Clinical Nomogram and TNM Staging System

Cohort Model AUC Sensitivity Specificity Accuracy

Training Radiomics signature 0.897 0.903 0.724 0.755
Radiomics nomogram 0.925 0.871 0.859 0.711

Clinical nomogram 0.800 0.919 0.583 0.467
TNM staging system 0.735 0.694 0.705 0.483

Validation Radiomics signature 0.856 0.846 0.731 0.763
Radiomics nomogram 0.873 0.962 0.657 0.742

Clinical nomogram 0.729 0.654 0.672 0.667

TNM staging system 0.689 1.000 0.269 0.473
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translate it in terms of pixel density and spatial distribu-
tion, which can be correlated to tumor aggressiveness, 
pathological grading, post-treatment response, and 
prognosis.13–15 Recent developments in the treatment of 
NPC, such as IMRT methods, have improved local tumor 
control. At the same time, reducing LA-NPC recurrence 
and metastasis, and mortality have become important aims 
of clinical research in this field of oncology, as in others.16 

Reliable and accurate predictive factors and prognostic 
models can help guide clinical decisions for the clinical 
benefit of patients. Against this backdrop, we screened 20 
radiomics features from LA-NPC primary lesions based on 
CT-enhanced images, and successfully constructed 
a nomogram and established a risk stratification model 
by combination of clinical factors.

Prior studies on tumor prognosis have confirmed the 
potential of CT-based radiomics as a reliable biomarker for 
predicting prognosis.17–20 In head and neck cancer 
research, a study showed an association between the radio-
mics signature of CT images with survival and control 
after radiotherapy for locoregionally advanced head and 
neck cancer.21 Similarly, Chen et al found that CT-based 
imaging histological signatures and nomogram showed 
good overall survival prediction accuracy in patients with 
laryngeal squamous cell carcinoma.22 However, several 
limitations in using enhanced CT radiomics in the prog-
nosis of LA-NPC still exist.

We used univariate analysis and LASSO-logistic 
regression to select significant features and establish radio-
mics signature. LASSO regression is an effective machine 
learning algorithm select the most predictive features for 
the results while avoiding model overfitting.23 We filtered 
20 features in the training cohort. The rad-score suggested 
well discrimination, with an AUC of 0.897 and 0.856 in 
the training and validation cohorts, respectively, which is 

consistent with previous CT-based radiomics studies 
(AUC: 0.736–0.898).17,18,24–26 A PET/CT-based radiomics 
study in which the plain scan CT radiomics signature 
predicted the AUC of LA-NPC PFS was 0.73, which is 
lower than the AUC obtained in our study.27 There may be 
several reasons for this difference, including the fact that 
we have used enhanced CT while the study by Lv et al 
used plain CT, and therefore may have captured insuffi-
cient anatomical information. In addition, The ROI studied 
by Lv et al is depicted on a PET/CT fusion image, and 
some information on the ROI may be unclear. Finally, the 
number of cases included in the Lv et al study is small 
(128 cases), and for this reason their method of screening 
features and modeling is different from ours. In this study, 
the AUC of PET-based radiomics signature was 0.77–0.73, 
which is also lower than the one obtained with our model. 
The reason for this difference might be that the radiomics 
extract obtained from post-contrast CT might decode more 
biological information.28

Nomograms integrate different biological and clinical 
predictive factors to visualize a regression model, and 
compensate for the inclusion only anatomical factors in 
TNM staging,29 and hence can be helpful in tumor prog-
nosis. We constructed a nomogram by rad-score and four 
clinical independent predictive factors, with a C-index of 
0.925 (95% CI: 0.892~0.958) and 0.873 (95% CI: 
0.803~0.943) in the training and validation cohorts, 
respectively, which are better than clinical nomogram. In 
this study, LDH>181U/L, treatment mode, T stage and 
N stage were considered the clinical risk factors for PFS 
of LA-NPC. The T stage and N stage are important pre-
dictive factors in the TNM staging system. LDH is an 
enzyme in the glycolysis pathway, which increases with 
the release of hypoxia from malignant tumors, and is 
considered to be a potential predictive biomarker in the 

Figure 3 Establishment of Nomograms. (A) Radiomics nomogram, (B) Clinical nomogram and (C)TNM staging model.

https://doi.org/10.2147/CMAR.S325373                                                                                                                                                                                                                               

DovePress                                                                                                                                              

Cancer Management and Research 2021:13 6918

Yan et al                                                                                                                                                               Dovepress

Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com
https://www.dovepress.com


Figure 4 Validation of Nomograms. The ROC curves of three models for (A) The training cohort and (B) the validation cohort. The Calibration curves of radiomics 
nomogram for (C) the training cohort and (D) the validation cohort. The Calibration curves are close to the standard curves, suggesting that the model has high accuracy in 
both cohorts. Decision curve analysis (DCA) for the radiomics nomogram and clinical nomogram of (E) the training cohort and (F) the validation cohort. The DCA 
indicates that radiomics nomogram provide more net benefit than the clinical nomogram and TNM staging model with threshold probability in both cohorts.
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prognosis of a variety of cancers.30 CCRT is the basis of 
treatment for LA-NPC. Compared with CCRT, IC+CCRT 
provide additional survival benefits to patients with LA- 
NPC, as has been suggested by a number of large multi- 
center Phase III clinical trials and meta-analysis.31–33 AC 
+CCRT is another treatment mode for LA-NPC, however, 
whether it can bring survival benefits remains unclear. In 
this study, the treatment mode was incorporated into the 
multivariate logistic analysis. The treatment mode was 
also an independent predictive factor of PFS, and patients 
who received IC+CCRT treatment would get a smaller risk 
score. Although some factors such as Hb, NLR, and PLR 
have been associated to the predictive power of NPC in 
some studies,34–36 they were not independent predictive 
factors in this study. This might have been due to several 
reasons. Firstly, the research did not unify the method to 
calculate the cut-off values. Reliable measurement meth-
ods and cut-off values will need to be further explored. 
Secondly, population heterogeneity along with the known 
limitations of retrospective studies with small samples 
might lead to bias in the results. Finally, the best time to 
collect data on hematological indicators has not yet been 
determined. In some studies, post-treatment Hb level was 
considered to be of predictive value, but the value of pre- 
treatment Hb level needs to be further confirmed.37,38 In 
addition, malignant tumors, infections and other factors 
can also activate the immune and inflammatory system 
and affect the levels of Hb, NLR and PLR and other 
parameters.39,40

The radiomics nomogram generated in this study com-
bines TNM staging, serological indicators, treatment mode 
and a radiomics signature which includes a broader type of 
clinical and laboratory characteristics that can reflect the 
biological differences of different patients from various 

aspects. The utility of these indicators and the imaging 
approach are well recognized in clinical practice and also 
have several other advantages, including convenience and 
low-costs.

For the evaluation of a nomogram, in addition to the 
AUC, other models’ performance indexes, the calibration 
curve and the decision curve are also important factors to 
consider. The radiomic nomogram has the greatest pre-
dictive value (Table 3). Our calibration curve in the 
training and validation cohorts suggests that the predic-
tion power of the radiomics nomogram is better than that 
of the clinical nomogram, TNM staging system. DCA 
shows that adding a rad-score prediction model can 
offer more net benefits than a purely clinical prognostic 
model. This finding confirms the important role of rad- 
scores in the prognosis of NPC. Zhang et al constructed 
a nomogram using MRI-based radiomics, and their 
C-index in the training and test cohort was 0.776 and 
0.649, respectively, which were lower than those obtained 
in our model. These differences might be attributed to the 
heterogeneity of the two tools, the different modeling 
methods and the different clinical factors included.41 

A recent study generated a prediction model for local 
recurrence in full-stage (stage I–IVa) NPC using 
enhanced CT imaging histology with an AUC of 0.931 
in the training cohort and 0.799 in the test cohort. 
However, this model has been overfitted to some extent 
due to its small training data.42 In contrast, in our study, 
we collected a larger number of cases and selected 
patients with locally advanced disease who were more 
likely to have a poor prognosis. PFS, defined as time to 
progression or death, is commonly used clinically to 
assess tumor prognosis, and was chosen as the endpoint 
event. PFS can more accurately reflect poor prognostic, 

Figure 5 Kaplan–Meier analysis for (A) All patients, (B) Training cohort and (C) Validation cohort.
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and PFS improvement is more likely to reflect clinical 
benefit than other surrogate markers. We further con-
structed a risk stratification nomogram based on rad- 
score, which can accurately evaluate the risk of patients 
with poor prognosis. Individualized treatment plans and 
interventions for patients with different risks are likely to 
help improve survival of patients.

Our study has some limitations. First, this was a single- 
center retrospective study, and some bias in the selection of 
patients may have occurred. Second, we were not able to 
include all tools and prognostic factors in our model. 
Although MRI and PET are also important imaging tools in 
the management of NPC, we did not perform cross-sectional 
comparisons and joint predictions. In addition, EBV-DNA has 
been shown to be a potential prognostic factor for NPC 
prognosis,43 but we decided not include it given that EBV- 
DNA screening methods have not yet been standardized across 
different laboratory and test results are highly variable. Finally, 
we have not yet analyzed the efficacy, adverse events and the 
clinical benefits associated with different treatment modes in 
different risk groups. These and other limitations merit further 
investigation and will be addressed in our subsequent studies.

Conclusion
Based on our results, we expect CT-based radiomics to be 
a valuable new prognostic marker for LA-NPC. We have 
demonstrated that a nomogram can provide accurate prog-
nostic risk prediction information in patients with LA- 
NPC, and help clinicians in their pre-treatment assessment 
and treatment planning. Additional research to verify and 
improve our model is warranted.
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