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Abstract

Nasopharyngeal Carcinoma (NPC) is one of the most 
common head and neck cancers. Positron emission tomog-
raphy/computed tomography (PET/CT) combines biological 
metabolic information and anatomical images, and there-
fore, plays a crucial role in the diagnosis, treatment, and 
prognosis of NPCs. In this study, however, we aim to diag-
nose and treat diseases from a macroscopic perspective. 
Radiomics is a technology that has been used widely in the 
context of various cancers that involves mining deep infor-
mation contained in medical images. The aims of this study 
were to construct radiomic models of NPC staging based 
on PET/CT images with 2-deoxy-2-[fluorine-18] fluoro-D-
glucose (F-18 FDG), to investigate the correlation between 
metabolic parameters and radiomic features and to provide 
prognostic predictions.

Materials and Methods: We retrospectively collected 
data from 103 patients with NPC from Jan. 2010 to Dec. 
2020. Throughout pre-treatment staging and post-treat-
ment follow-up for treatment effectiveness, each subject 
had at least three F-18 FDG PET/CT images performed. Met-
abolic parameters and standardized uptake values (SUVs), 
of the local NPC lesions were measured. Radiomic features 
were extracted from the PET image via PyRadiomics. A total 
of 107 radiomic features based on the PET/CT images were 
calculated. The relationships between the metabolic pa-
rameters and radiomic features were analyzed via a Pear-
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son’s correlation analysis and subsequent generation of a 
heatmap. Support vector machine (SVM) classification was 
performed to identify the feature combinations that most 
frequently achieved the highest area under the receiver 
operating characteristic (ROC) curve (AUC) for predicting 
progression-free survival (PFS).

Results: Compared to SUVs, the radiomic features 
showed a low relationship in shape, flatness, and some first- 
order features. The Pearson’s correlation analysis showed 
that the metabolic parameters displayed different degrees 
of correlation with the selected radiomic features. First, ra-
diomic features displaying low correlation with SUVs were 
selected and imported into the SVM model, where we then 
reduced the number of features. For the training group, 
the accuracy was 74.3%, the sensitivity was 95.9%, and the 
specificity was 76.2%. For the test group, the accuracy was 
58.3%, the sensitivity was 91.7%, and the specificity was 
75%.

Conclusion: We found that radiomic feature selection 
and modeling in PET images can benefit the process of prog-
nosis prediction in NPC. In our future work, we hope to cre-
ate a prediction model for NPC as well as perform validation 
of our clinical PET images.

Introduction

Nasopharyngeal Carcinoma (NPC) is one of the most com-
mon head and neck cancers. The incidence of NPC varies with 
respect to region. Globally, NPC is more common in southern 
China, southeastern Asia, and northern Africa [1-3]. Treatment 
options and prognoses vary greatly depending on tumor grade 
and risk assessment of the specific patient. Although advance-
ments in radiotherapy techniques and chemotherapy strategies 
have improved NPC prognosis, approximately one-third of pa-
tients still experience relapse [4-5].

Imaging modalities, such as Computed Tomography (CT), 
Magnetic Resonance Imaging (MRI), and Positron Emission To-
mography (PET), are widely used in the early diagnosis, staging, 
restaging and treatment response evaluation of NPC. Positron 
Emission Tomography/Computed Tomography (PET-CT) com-
bines biological metabolic information and anatomical images, 
and therefore plays a crucial role in the diagnosis, treatment, 
and prognosis of NPCs. Many studies have reported an associa-
tion between clinical outcomes and quantitative measurement 
based on 2-deoxy-2-[fluorine-18] fluoro-D-glucose (F- 18 FDG) 
PET/CT findings by utilizing parameters such as Standard Up-
take Values (SUVs) and metabolic tumor volume [6-8]. However, 
these applications have been aimed at diagnosing and treating 
diseases from a macroscopic perspective. Most of these medi-
cal images 

heterogeneity, which is predictive of prognostic outcomes 
[9, 10].

Recently, several studies have reported that radiomics can 
provided extensive amounts of high- dimensional information 
related to tumor heterogeneity not normally visible to the na-
ked eye, such as tumor cellularity, degenerative changes, and 
neovascularization [11]. Radiomics refers to the process of 
extracting quantitative imaging features (radiomic features), 
describing detailed tumor characteristics, from routine medi-
cal images, and has been used widely in the analysis of vari-
ous cancers. Examples of radiomic features include tumor size, 

geometry, voxel intensity, and textural patterns. Several studies 
have shown the potential of radiomic features in the prognostic 
prediction of many types of cancers, including NPC [12-17].

The purpose of this study was to construct radiomic models 
of NPC staging based on PET/CT images, to investigate the cor-
relation between metabolic parameters and radiomic features, 
and to evaluate the prognostic value of radiomics in the assess-
ment of NPC patients.

Methods and Materials

Subjects

In this study, we retrospectively collected data from103 new-
ly diagnosed NPC patients who were admitted between January 
1, 2000, and December 31, 2020, at Taichung Veterans General 
Hospital. Each patient was subjected to at least three FDG PET/
CT examinations, including (i) pre-treatment images to establish 
baseline radiomic values, (ii) post-treatment images to evaluate 
treatment effectiveness, and (iii) follow-up images to evaluate 
the effectiveness of follow-up treatment. All patients had no 
evidence of distant metastasis and did not have any other ma-
lignancies. Institutional ethics review board approval was ob-
tained for this study at the Taichung Veterans General Hospital.

Imaging acquisition

All PET/CT scans were performed using a dedicated PET/CT 
scanner (Gemini TF 16,Philips Healthcare, Cleveland, OH, USA). 
Imaging was performed using a combination PET/CT scanner ac-
cording to PET/CT tumor imaging guidelines [23].

After fasting for at least 4 hours (except for glucose-free hy-
dration), blood sugar was measured to confirm a value lower 
than 200 mg/mL. The scans were performed approximately 1 
hour after intravenous injection of F-18 FDG at a dose of 0.1 
mCi/kg body weight.

The study was done with patient in supine position, and 
across the entire body from the base of the skull down to the 
level of the mid-thigh. With the patient breathing normally, 
a low-dose CT was performed for attenuation correction, fol-
lowed by a PET scan.

The parameters of the CT scan were as follows: Tube volt-
age: 120 kilovolts (kV), tube current: 80 milliamperes (mA), 
x-ray tube rotation/turn: 0.5 seconds, pitch setting: 0.8266 
(pitch=bed travel distance/beam width) and slice thickness: 5 
mm.

Additional notable CT scan parameters were as follows: 9-10 
beds (according to patient body height), 1 min for each bed po-
sition. Images were reconstructed using the ordered subsets 
expectation method (OSEM) into 3-axis images.

Metabolic parameters and standardized uptake values 
(SUVs) of the local NPC lesions were measured. The region of 
interest (ROI) was be selected when the SUV was greater than 
2.5. When selecting the ROI, the primary NPC site was set as 
Local, which is defined as the area of high uptake in the naso-
pharyngeal region on the PET image (Figure 1). The primary site 
lymph node, set as Lymph X (where X represents a numerical 
code), was defined as the area of high lymph node uptake in the 
head and neck regions on PET images (Figure 2).

Because the patient selection process screened for patients 
whose baseline scans included distant metastases, an area of 
high uptake in other regions not listed above was selected as 
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the ROI. 

Region of Interest selection and radiomic features extrac-
tion

In this study, 3D Slicer image processing software (software 
version: 4.10.2) was chosen as the software in whichthe ROI 
would be drawn. The patients’ FDG PET images were loaded 
into 3D Slicer. The level tracking (adaptive threshold) method 
was used to semi-automatically draw an ROI, after which a vol-
ume of interest (VOI) would be constructed slice by slice. PET 
Tumor Segmentation was another method of ROI selection, 
which was capable of performing one-click VOI selection.

Afterwards, the plug-in program PyRadiomics (version 
PyRadiomics 2.2.0) was used to extract radiomic feature values 
(texture analysis). SPSS (IBM, Version 24) was then used to cal-
culate the Pearson’s correlation. We used the SUV to calculate 
correlational relationships among the features, after which we 
created a heatmap to display these correlational relationships. 
The endpoint was defined as cancer recurrence or the appear-
ance of any metastasis happened, as defined by Progression 
Free Survival (PFS).

Statistical analysis

Using the default SciPy package, we performed the sign test 
to compare the radiomic features, and SUVs. The Pearson’s cor-
relation method was used to calculate the correlation coeffi-
cients for the relationships between the SUV and each radiomic 
features. The selected features were chosen based on the cor-
relation coefficient between the feature and SUV. Features dis-
playing low correlation coefficients were selected first. All sta-
tistical analyses were performed using IBM SPSS version 24.0.

SVM classifier

In terms of machine learning methods, we chose the SVM 
(Support Vector Machine) classifier for advanced radiomic fea-
ture selection. The SVM classifier is a supervised learning meth-
od used for classification, regression, and outlier detection. The 
advantages of SVM in our experiment are, (i) that it is still effec-
tive in cases where the number of dimensions is greater than 
the number of samples, and

(ii) that it is highly memory-efficient, as it uses a subset of 
training points (called support vectors) in the decision function 
(24, 25). The disadvantage of SVM in our experiment is that it 
does not directly

provide probability estimates; these must be calculated us-
ing an expensive five-fold cross-validation process.

Results

NPC patient data

The summarized data of all NPC patients are listed in Table 
1. A total of 103 patients were enrolled, of which 75 were 
male and 28 were female, resulting in a male-to-female ratio 
of 2.32:1. 36 patients were classified as non-recurrent the con-
ditions of which mandated no recurrence of the tumor in the 
primary site, no regional lymph node metastases and no post-
treatment distant metastases. 67 patients presented with some 
type of recurrent tumor, including primary site recurrence, re-
gional lymph node metastasis, and distant metastasis.

Correlation of radiomic features with SUVs

In this study, we selected a total of 38 radiomic features for 

further analysis (Table 2). These features were selected based 
on comparison to the SUVs. The selected radiomic features dis-
played low correlations with the SUVs for shape, flatness, and 
some first-order features, potentially as a result of the size and 
location of the original NPC lesions. The Pearson’s correlation 
analysis showed that the metabolic parameters had varying de-
grees of correlation with the selected radiomic features.

Construction of the prognosis prediction model

This study used the SVM algorithm to perform further fea-
ture selection, after which the Matlab- constructed model was 
used for validation and testing. The calculated results are as fol-
lows.

The best performing model was the SVM Kernel, which 
had an accuracy of 74.3%, a sensitivity of 95.9%, a specificity 
of 76.2% for the validation group, and an accuracy of 58.3%, a 
sensitivity of 91.7%, and a specificity of 75% for the test group.

Figure 1: When selecting the ROI, the primary NPC site was set 
as local, which is defined as the area of high uptake area in the 
nasopharyngeal region on the PET image.

Figure 2: The primary site lymph node, set as Lymph X (where 
X represents a numerical code), was defined as the area of high 
lymph node uptake in the head and neck regions on PET images.

Table 1: Summarized data of all NPC patients.

Validation Test statistic p-value

Sample size 70 24 N/A N/A

Age (years, mean ±SD) 53.56 ± 3 47.38 ± 0.5 2.086 0.0432

Gender (male/female) 50/20 16/8 -0.424 0.674

SUVmax 9.67 ± 4.82 10.8 ± 3.31 0.1794 0.858
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Table 2: Correlation of radiomic features and SUV. Compared to SUVs, the radiomic features showed low correlation in shape, flatness, 
and some first-order features. The Pearson’s correlation analysis showed that the metabolic parameters had varying degrees of correlation 
with the selected radiomic features. We selected the two most relevant radiomic features, Imc1_GLCM and Skewness_First Order, from local 
NPC lesions.
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Discussion

After selecting the radiomic features most relevant to lo-
cal NPC lesions from F-18 FDG PET images, we discussed the 
correlations between the radiomic features and the SUVs. The 
clinical value of the radiomic model in evaluating NPC stage was 
also analyzed. The results showed that there was a considerable 
correlation between the metabolic parameters and selected ra-
diomic features.

Burri et al. [18] found that using 40% of the SUVmax of the 
PET image as the boundary of the lesion resulted in the best 
correlation with pathological and physiological characteristics 
of the tumor. As such, we decided to base our study on this 
method and measure metabolic parameters. The metabolic pa-
rameters of primary NPC represent the clinical parameters of 
tumor function, but the uptake of F-18 FDG does not always 
accurately reflect the physiological state of the tumor [19].

In this study, we used the level tracking [21] and PET Tu-
mor Segmentation [22] tools to select ROIs for further analy-
sis. These methods were based on imaging density, such as the 
histogram. The edge detection algorithm was also applied to 
segmentation methods. Like Burri et al. [18], the purpose of 
setting 40% of the SUVmax as the lesion boundary was in part 
to establish simple, accurate, and reproducible methods of ROI 

selection, and to ensure that the selected ROI included as much 
of the high uptake area as possible.

In recent years, increasingly prevalent evidence has shown 
that the radiomic analysis of medical images can better reflect 
potential spatial variation and heterogeneity of endosomal tu-
mor intensity, which can generate more predictive and prog-
nostic information [13, 24]. Du et al. [16] used machine learning 
methods to analyze post-therapy NPC PET/CT images and found 
that in differentiating between local tumor recurrence and in-
flammation, radiomics signatures showed higher AUC values as 
compared to conventional indicators (0.867–0.892 vs. 0.817), 
We used image features based on local NPC lesions from pre-
therapy PET images to assess its value in NPC staging. In this 
study, the best performing model was the SVM Kernel, which 
gave an accuracy of 74.3%, a sensitivity of 95.9%, and a specific-
ity of 76.2% in the validation group, as well as an accuracy of 
58.3%, a sensitivity of 91.7%, and a specificity of 75% in the test 
group. These results show high predictive efficacy for prognosis 
of NPC treatment response.

In this study, we selected a total of 38 radiomic features for 
further analysis (Table 2). These radiomic features were se-
lected based on a low correlation with SUVmax. The selected 
radiomic features displayed low correlations with the SUVs for 
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shape, flatness, and some first-order features, which may have 
been a result of the size and location of the original tumor in 
the selected NPC patients. The range of stages was T1~T2, and 
no patients displayed any distal metastases; therefore, the se-
lected radiomic features displayed high correlation with tumor 
morphology. The Pearson's correlation analysis showed that the 
metabolic parameters had varying degrees of correlation with 
the selected radiomic features.

Despite the promising results, there were several limitations 
present in our study. First, the distribution of FDG in the body 
varies with respect to physiological period, which may affect the 
quality of the PET data to a certain extent. Retrospective collec-
tion of patient data was beneficial in that it allowed us to collect 
as much data as possible; however, the screening process was 
highly time- consuming, which resulted in a data pool smaller 
than what would have been ideal. In the future, we plan to 
carry out stricter standardization during the data preprocessing 
phase, similar to prospective methods. thereby allowing us to 
collect data from NPC patients satisfying the patient screening 
criteria.

Secondly, the sample size of this study was relatively small 
and all cases were collected from a single source. Both a larger 
sample size and multicenter evaluation are needed for verifi-
cation of our results. In future NPC studies, we plan to build 
models based on a combination of radiomic features and PET 
parameters, as well as supplement our models by using exter-
nal validation.

Thirdly, the Taichung Veterans General Hospital PET scanner 
was replaced in late 2020. The new PET scanner was equipped 
with a different detector and different reconstruction methods 
from the new era PET/CT. This replacement may have affected 
the radiomic feature results in the NPC patients who had their 
examinations performed in the new PET/CT scanner [23].

Conclusion

F-18 FDG PET is widely used for cancer screening and post-
treatment evaluation because of its high sensitivity, but its low 
specificity makes it difficult to distinguish the high uptake areas 
of NPC recurrence and second cancer. A delayed scan is also 
necessary in order to figure out the radiation inflammatory re-
sponse after radiotherapy or the real tumor lesion. 	

For ROI selection, we used a semi-automatic drawing meth-
od to ensure the reproducibility of the ROI by different opera-
tors. Compared with the workstation provided by the PET/CT 
scanner manufacturer, the semi-automatic selection method is 
more time-intensive and requires modification to the ROI after 
selection.

This experiment only used the PET images from PET/CT stud-
ies. It was mentioned by Lv et al. in 2019 that in addition to 
PET images, CT images can be used in combination for radiomic 
feature extraction and screening [24]. In addition, other studies 
have discussed the use of a nomogram [25] or weighted rad-
score calculation method [26] in obtaining more information 
beneficial to the processes of clinical diagnosis and treatment.

In this study, we found that radiomic features selection and 
modeling in PET images can increase the accuracy of prognosis 
prediction for NPC patients. In our future work, we hope to cre-
ate a prediction model for NPC and perform validation of our 
clinical PET images.
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