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Abstract: The objective of the study was to investigate the utility of texture analysis based on intravoxel incoherent 
motion diffusion-weighted imaging (IVIM-DWI) for stratifying the clinical stages of nasopharyngeal cancer (NPC). 
Ninety NPC patients were stratified into low and high clinical stage groups based on the American Joint Committee 
on Cancer (AJCC) and TNM staging system. Texture features of the primary NPC lesion were extracted from IVIM-
DWI parametric maps. The Fisher coefficient (Fisher), probability of classification error and average correlation 
(POE+ACC), mutual information coefficients (MI), and the combination of the above three methods (FPM) were ap-
plied to select texture features. Subsequently, each texture feature subset was analyzed via raw data analysis (RDA), 
principal component analysis (PCA), linear discriminant analysis (LDA) and nonlinear discriminant analysis (NDA), 
and the misclassification probability in stratifying the NPC clinical stages was calculated correspondingly. The best 
discrimination of the AJCC stage of NPC was obtained with the f map and the FPM method combined with NDA clas-
sifier, which had the lowest misclassification probability of 1.25%. The best discrimination of T stage was obtained 
with the FPM method combined with NDA classifier of the ADC or f map, which had equal lowest misclassification 
probabilities of 9.03%. The best separation of the N stage was also obtained with the FPM method combined with 
the NDA classifier of the ADC map, which had the lowest misclassification probability of 1.25%. Significant differ-
ences were observed in the lowest misclassification probability with the four classification methods, but not with the 
four IVIM-DWI parametric maps in predicting the AJCC, T and N stages. Texture analysis based on IVIM-DWI may be 
valuable in the pretreatment stratification of NPC clinical stages, and the FPM feature selection method combined 
with NDA classifier may provide the best discrimination performance.
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Introduction

Nasopharyngeal carcinoma (NPC) is one of the 
most common malignancies in Southern China 
and Southeast Asia, with a reported incidence 
of 15/100,000 to 24/100,000 populations per 
year [1]. Due to the complex anatomical struc-
tures of the nasopharynx, most newly diag-
nosed NPCs tend to present with an advanced 
disease. Although chemoradiotherapy (CRT) is 
the standard treatment for NPC, not all patients 
respond well to CRT. Accurate pretreatment 
staging to distinguish between low-stage and 

high-stage NPC is of paramount importance in 
devising the optimal and personalized treat-
ment regime. 

Magnetic resonance imaging (MRI) is widely 
used in clinical practice for determining the ini-
tial diagnosis and clinical stage of NPC. In re- 
cent years, functional MRI (fMRI), including dy- 
namic contrast enhancement magnetic reso-
nance imaging (DCE-MRI) and diffusion-weight-
ed imaging (DWI), has been increasingly applied 
for characterizing NPC [2-5]. However, most of 
the recently published literature on NPC is 
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based on the quantitative analysis of the mean 
value of fMRI parameters usually within a larg-
est cross-sectional region of interest (ROI) on 
MRI images, which neglects the heterogeneity 
of tumors. Heterogeneity is an extremely impor-
tant histological feature of malignancies and is 
linked to tumor malignancy degree and aggres-
siveness [6, 7]. A study [8] on esophageal can-
cer by B. Ganeshan et al. reported that tumor 
heterogeneity was greater in patients with clini-
cal stages III or IV than in those with stage II. 
Texture analysis, one of the “radiomics” ap- 
proaches, is a quantitative image processing 
algorithm that can quantify tissue heterogene-
ity by evaluating the distribution of texture irreg-
ularity and coarseness within a lesion [9]. It is 
thus expected to allow a more quantitative and 
detailed evaluation of the lesion characteristics 
than the mean value of fMRI parameters. Se- 
veral studies have demonstrated the potential 
of texture analysis for staging rectal cancer 
[10], non-small cell lung cancer [11], esopha-
geal cancer [8], renal cell carcinoma [12] and 
parotid gland lesions [13]. 

However, to date, most of the recently pub-
lished studies on MRI-based texture analysis 
made use of morphological maps, and a few 
were based on mono-exponential ADC maps. 
The former cannot reflect functional informa-
tion of tissues, including diffusion and perfu-
sion. The latter only reflects hybrid diffusion in- 
formation and thus cannot accurately provide 
the diffusion information. Intravoxel incoherent 
motion DWI (IVIM-DWI), a new DWI technique, 
was proposed to separate the true diffusion 
due to Brownian movement from the pseudo-
diffusion caused by microcirculatory perfusion 
of blood within capillaries in tissues [14]. Re- 
cently, IVIM-DWI was shown to be a more accu-
rate tool than conventional DWI in characteriz-
ing NPC [15] and other tumors [16, 17]. Mo- 
reover, a study by Vincent Lai et al. [3] explored 
the relationship of the diffusion and perfusion 
characteristics derived from IVIM-DWI to the 
clinical stages of NPC, which demonstrated the 
potential of IVIM-DWI in pretreatment staging 
for NPC. Therefore, we speculate that texture 
analysis based on IVIM-DWI may provide more 
information and may be more valuable in strati-
fying the clinical stages of NPC. Thus, the pur-
pose of this study was to explore the efficacy of 
texture features derived from IVIM-DWI in strat-
ifying the clinical stages of NPC.

Materials and methods

Patient selection 

This prospective study was approved by the 
Medical Ethics Committee at our institution, 
and all NPC patients signed written informed 
consent. The inclusion criteria of this study 
were as follows: (1) newly diagnosed and patho-
logically confirmed of nonkeratinizing NPC, (2) 
age above 18 years, and (3) Karnofsky score 
≥80. Patients were excluded if they (1) had 
prior anti-tumor treatment for NPC, (2) did not 
sign the informed consent form, or (3) had con-
traindications for MRI. 

All patients’ clinical stages were determined by 
two head and neck radiologists (Y.X and W.L 
with 20 and 5 years in radiology, respectively) 
with reference to the 7 th edition of the Inter- 
national Union Against Cancer/American Joint 
Committee on Cancer (UICC/AJCC) staging sys-
tem after department discussion and consen-
sus based on the MRI examinations of the head 
and neck, computed tomography (CT) scan of 
the chest, and MRI examination and/or nuclear 
medicine examination of the other parts of the 
body.

Conventional MRI protocols

All MRI examinations were performed on a 1.5 
Tesla MRI scanner (Optima® MR360, GE Heal- 
thcare, Milwaukee, WI, USA) using a head and 
neck coil for all NPC patients at baseline. The 
conventional MRI protocols included axial T1- 
weighted spin-echo images (repetition time 
[TR]/echo time [TE] 580 ms/7.8 ms, 5 mm slice 
thickness, 1 mm slice gap, and number of exci-
tations [NEX] 2) and axial T2-weighted spin-
echo images with fat suppression (TR/TE 6289 
ms/85 ms, 5 mm section thickness, 1 mm slice 
gap, and 2 NEX). 

IVIM-DWI protocol

An IVIM-DWI examination was also performed 
on all NPC patients at baseline. Ten b-values  
(0, 50, 80, 100, 150, 200, 400, 600, 800 and 
1000 s/mm2) were applied with a single-shot 
diffusion-weighted spin-echo echo-planar (SE- 
DW-EPI) sequence. The lookup table for gradi-
ent directions was modified to allow multiple b 
value measurements in one series. Parallel im- 
aging was used with an acceleration factor of 2. 
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A local shim box covering the nasopharyngeal 
region was applied to minimize susceptibility 
artifacts. In total, 12 axial slices covering the 
nasopharynx were obtained with a 22 cm field 
of view, 5 mm slice thickness, 1 mm slice gap, 
4225 ms TR, 106 ms TE, 128 × 130 matrix, 
and 4 NEX.

IVIM-DWI parametric maps acquisition

All IVIM-DWI data were transferred to an Ad- 
vantage Workstation with Functool software 
(version AW 4.6, GE Medical Systems) for post-
processing. The MADC kit, a software package 
for multiple ADC measurement in the Functool 
software package, was performed for the IVIM-
DWI analysis. The ADC, D, D* and f maps of ea- 
ch NPC patient were generated on the basis of 
a pixel-by-pixel fitting according to the Leven- 
berg-Marquardt algorithm [18]. For IVIM fitting, 
two-step fitting was applied to increase the fit-
ting robustness. A constrained sequential mo- 
del was used in the fitting of the data for the 
IVIM model. Subsequently, these maps were sa- 
ved as BMP format images for texture ana- 
lysis.

Texture analysis

The abovementioned BMP format images we- 
re loaded into the MaZda (http://www.eletel. 
p.lodz.pl/programy/mazda/index.php? action= 
mazda) program for texture analysis. The main 
steps of the texture analysis were as follows. 

ROI selection 

Three-dimensional (3D) volume of interest (VO- 
I) analysis based on the IVIM-DWI parametric 
maps was applied in this study. On the two-
dimensional (2D) main window of MaZda soft-
ware, one radiologist (H.J. with five years of ex- 
perience in head and neck MRI) who was blind-
ed to the clinical data of the subjects manually 
delineated an ROI, which included the lesion on 
its ADC, D, D* and f maps, just inside the outer 
margin of the lesion to minimize the partial vol-
ume error. Both the most superior and the most 
inferior slices for each tumor were excluded to 
avoid volume averaging. Subsequently, with the 
3D editor window, the above-selectemd cross-
sections were updated, and a VOI of the tumor 
was generated automatically. For each VOI, 
gray-level normalization was performed using 
μ±3σ (μ, gray-level mean; σ, gray-level standard 
deviation) to minimize the influence of contrast 

and brightness variation. Texture features of 
the VOIs were automatically calculated by the 
MaZda software. 

Feature extraction

Texture analysis yielded 279 texture features, 
including 9 histogram-based features, 5 gradi-
ent-based features, 11 co-occurrence matrix-
based features derived from 20 co-occurrence 
matrices produced for 4 directions and 5 inter-
pixel distances, 5 run-length matrix-based fea-
tures in 4 different directions each, 5 autore-
gressive model-based features, and 20 Haar 
wavelet transform-based features. Briefly, his-
togram-based features belong to the first-or- 
der histogram features. These features descri- 
be the histogram of the signal intensity values 
of voxels within the VOI, including the mean, 
variance, skewness, kurtosis and percentiles. 
Gradient-based features use the histogram of 
the image’s absolute gradient values to de- 
scribe the image intensity distribution. The co-
occurrence matrix is a second order histogram 
calculated from the intensities of pairs of vox-
els to define the spatial relationship of the pairs 
of voxels. Run-length matrix features refer to 
the length, frequency and uniformity of runs of 
similar voxel intensity values in different direc-
tions in the VOI. The co-occurrence matrix and 
run-length matrix are calculated in four direc-
tions. The autoregressive model assumes a lo- 
cal interaction between image voxels, in that 
the voxel intensity is a weighted sum of four 
neighboring voxel intensities. The model param-
eters can be estimated by minimizing the sum 
of the squared error. Finally, the Harr wavelet 
transform features describe the wavelet trans-
form of the voxels in the VOI and summarize the 
frequency of similar signal intensities in the 
VOI.

 Feature selection 

Selection of texture features was performed 
automatically by using four selection methods 
provided by MaZda. The first is based on the 
Fisher coefficient (Fisher) (ratio of between-cl- 
ass to within-class variance), the second uses 
both the minimization of classification error 
probability and the average correlation coeffi-
cients (POE+ACC), the third implements the 
mutual information coefficient (MI), which mea-
sure the dependence between two or more ran-
dom variables’ coefficients, and the fourth com- 
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bines the aforementioned three methods (FPM) 
[9, 19]. Each of the first three methods can 
choose a subset consisting of 10 optimal tex-
ture features, and the FPM can select a subset 
including 30 optimal texture features. These 
methods were used to obtain the most signifi-
cant texture features for stratifying the clinical 
stages of NPC.

Data analysis and classification

The subsets of selected texture features were 
set as an input in an integrated module B11 
application (version 4.6) for data analysis and 
classification in the MaZda software. Raw data 
analysis (RDA), principal component analysis 
(PCA), linear discriminant analysis (LDA) and 
nonlinear discriminant analysis (NDA) provided 
by the B11 module were performed for each 
subset of texture features, and the minimum 
error probability of each classification was cal-
culated. Nearest-neighbor (1-NN) classification 
was performed for the RDA. The most expres-
sive features (MEF) and the most discriminat-
ing features (MDF) resulted from the PCA and 

cal stage. Then, four lowest misclassification 
probabilities corresponding to four IVIM-DWI 
parameters in stratifying the AJCC, T and N 
stages were calculated respectively. A chi-
square test was performed to investigate sig-
nificant differences in the lowest misclassifica-
tion probability of the four IVIM-DWI parameters 
respectively. Moreover, the lowest one was cho-
sen among the four as the lowest misclassifica-
tion probability in stratifying the AJCC, T and N 
stages. Subsequently, a chi-square test was 
performed to investigate significant differences 
between the misclassification probability of the 
classifier calculating the lowest misclassifica-
tion probability and the other three classifers. 

Results

Clinical characteristics of the study partici-
pants

From September 2016 to April 2017, 99 con-
secutive patients were initially recruited. Of the 
99 initially enrolled patients, 9 were eliminated 
from this study because of serious image dis-

Table 1. Misclassification probability of AJCC stage

Parameters Feature selection 
methods

Classifiers
RDA PCA LDA NDA

ADC Fisher 11.25% 12.36% 15.27% 5.00%
POE+ACC 13.89% 15.97% 14.58% 2.5%

MI 15.27% 16.67% 14.44% 8.33%
FPM 16.38% 16.38% 13.19% 8.33%

D Fisher 19.44% 19.16% 15.83% 8.75%
POE+ACC 16.25% 17.50% 17.78% 3.75%

MI 17.78% 16.38% 12.5% 2.5%
FPM 15.56% 15.56% 11.25% 2.5%

D* Fisher 18.75% 16.94% 16.66% 8.33%
POE+ACC 20.83% 17.36% 15.28% 2.5%

MI 18.75% 18.47% 13.19% 8.33%
FPM 18.19% 17.36% 11.25% 3.75%

f Fisher 13.88% 15.28% 13.88% 3.75%
POE+ACC 15.97% 18.05% 12.5% 5.56%

MI 16.66% 13.19% 15.28% 2.50%
FPM* 19.44% 15.97% 6.94% 1.25%

Note: AJCC: American Joint Committee on Cancer. ADC: apparent diffusion 
coefficient. D*: pseudo-diffusion coefficient. D: pure diffusion coefficient. 
f: perfusion fraction. RDA: raw data analysis. PCA: principal component 
analysis. LDA: linear discriminant analysis. NDA: nonlinear discriminant 
analysis. Fisher: Fisher coefficient. POE+ACC: classification error probability 
combined with average correlation coefficients. MI: mutual information 
coefficient. FPM: the combination of Fisher, POE+ACC, and MI. *: Chi-square 
test was performed to compare the misclassification probability of the four 
classifiers for f map (x2=16.926, P<0.0001).

LDA, respectively. The NDA per-
formed the classification of the tex-
ture features via an artificial neural 
network (ANN). These classification 
procedures with RDA, PCA, LDA, 
and NDA were automatically run by 
B11. 

Statistical analysis

Statistical analyses were performed 
with SPSS version 22.0 (SPSS Inc, 
Chicago, IL), MedCalc v15.0 soft-
ware (MedCalc Software bvba, Os- 
tend, Belgium) and MaZda software. 
Differences were considered signifi-
cant if the P value was less than 
0.05. First, the misclassification pr- 
obabilities of the combination of 
four IVIM-DWI parameters, four fea-
ture selection methods and four 
classifiers in stratifying the AJCC, T 
and N stages were calculated auto-
matically by MaZda software as 
mentioned above. Next, 10-fold cr- 
oss-validation was performed to fur-
ther test the reliability of the feature 
selection methods and classifiers in 
terms of their performances in strat-
ifying nasopharyngeal cancer clini-
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tortion (n=4), dental artifacts (n=3), or with-
drawal by patients (n=2). The remaining 90 
patients (62 males, 28 females; mean age: 
49.24±12.07 years; age range: 18-70 years) 
were stratified into two groups: the low- and 
high-stage groups. Patients with an AJCC stage 
of I (n=1) or II (n=6), T stage of T1 (n=9) or T2 
(n=31), or N stage of N0 (n=5) or N1 (n=8) were 
correspondingly classified into the low-stage 
groups of AJCC, T and N stage, respectively. 
Patients with an AJCC stage of III (n=44) or IV 
(n=39), T stage of T3 (n=27) or T4 (n=23), or N 
stage of N2 (n=58) or N3 (n=19) were catego-
rized into the high-stage groups of AJCC, T and 
N stage, respectively. Classification of the M 
stage was not investigated in this study be- 
cause of the small cohort with stage M1 (n=2). 

Classification of clinical stages

According to a 10-fold cross-validation test, the 
best discrimination of the AJCC stage of NPC 
was obtained for the f map with the FPM meth-

ture selection methods and classifiers in the 
classification of AJCC, T and N stages are sho- 
wn in Tables 1-3, respectively. Two NPC patients 
from the low (II) and high (IVa) AJCC groups are 
shown in Figure 1.

Discussion

The clinical stage has been shown to be vital for 
treatment and prognosis in NPC [20, 21]. Our 
study demonstrates that texture analysis ba- 
sed on IVIM-DWI is feasible for stratifying the 
clinical stages of NPC, with a low error probabil-
ity. Furthermore, the FPM feature selection me- 
thod combined with the NDA classifier model 
obtained the best discrimination for the AJCC, T 
and N stages of NPC.

To our knowledge, most of the previous studies 
on texture analysis in cancers relied on 2D ROIs 
that were placed inside a tumor at the largest 
cross-sectional area. Although this approach is 
simple and practical, it has some limitations 

Table 2. Misclassification probability of T stage

Parameters Feature selection 
methods

Classifiers
RDA PCA LDA NDA

ADC Fisher 48.61% 45.83% 46.52% 18.05%
POE+ACC 59.72% 56.94% 40.27% 19.44%

MI 38.19% 43.05% 38.89% 17.36%
FPM# 34.72% 35.41% 29.17% 9.03%

D Fisher 53.47% 55.56% 26.39% 17.12%
POE+ACC 48.61% 52.78% 48.61% 21.52%

MI 54.16% 56.12% 35.13% 18.33%
FPM 54.86% 52.11% 36.11% 10.41%

D* Fisher 48.61% 48.99% 36.11% 21.52%
POE+ACC 57.08% 59.72% 39.58% 18.75%

MI 56.94% 49.31% 47.91% 27.63%
FPM 36.81% 38.89% 27.78% 10.14%

f Fisher 58.19% 56.94% 35.97% 17.36%
POE+ACC 49.55% 54.76% 47.22% 19.31%

MI 51.38% 50.69% 37.22% 21.11%
FPM* 56.25% 59.02% 27.08% 9.03%

Note: ADC: apparent diffusion coefficient. D*: pseudo-diffusion coefficient. D: 
pure diffusion coefficient. f: perfusion fraction. RDA: raw data analysis. PCA: 
principal component analysis. LDA: linear discriminant analysis. NDA: nonli-
near discriminant analysis. Fisher: Fisher coefficient. POE+ACC: classification 
error probability combined with average correlation coefficients. MI: mutual 
information coefficient. FPM: the combination of Fisher, POE+ACC, and MI. #: 
Chi-square test was performed to compare the misclassification probability 
of the four classifications for ADC map (x2=14.706, P=0.0001). *: Chi-square 
test was performed to compare the misclassification probability of the four 
classifiers for f map (x2=51.354, P<0.0001).

od combined with NDA classifier, 
which had the lowest misclassifi-
cation probability of 1.25% com-
pared with the values for the other 
three classifiers (x2=16.926, P< 
0.0001). The best distinguisher of 
the T stage was with the FPM 
method combined with NDA classi-
fier of the ADC or f maps, which 
had equal lowest misclassification 
probabilities of 9.03% which were 
lower than those of the other three 
classifiers (x2=14.706, P=0.0001; 
x2=51.354, P<0.0001, respective-
ly). The best separation of the N 
stage was also obtained with the 
FPM method combined with NDA 
classifier of the ADC map, which 
had the lowest misclassification 
probability of 1.25% among those 
of the other three classifiers (x2= 
11.976, P=0.0005). No significant 
differences were found in the low-
est misclassification probability of 
the four IVIM-DWI parametric ma- 
ps in predicting the AJCC (x2= 
0.263, P=0.6081), T (x2=0.147, P= 
0.986) or N (x2=1.108, P=0.2925) 
stages in patients with NPC. The 
misclassification probability of dif-
ferent IVIM-DWI parameters, fea-
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caused by the variations in ROI positioning and 
size. The tumor is spatially heterogeneous. So- 
me studies [22, 23] have demonstrated that 
whole-tumor (3D VOI) analysis can better reflect 
tumor heterogeneity and is more accurate in 
characterizing colorectal cancer than the sin-
gle-section ROI (2D ROI) method. Another study 
also revealed that 3D VOI texture analysis ba- 
sed on a co-occurrence matrix achieved better 
discrimination of the solid component of glioma 
from tumor necrosis and edema than did the 
2D method of analyzing T1-weighted MR imag-
es. The 3D method was reportedly able to char-
acterize tumor heterogeneities more correctly 
[24]. Therefore, in this present study, whole-
tumor-based analysis was applied for stratify-
ing the clinical stages of NPC.

Texture analysis is based on imaging, but b-e 
yond imaging. By converting medical images 
into quantitative imaging features, texture anal-
ysis can extract more quantitative information 
than visual observation [25]. In this study, four 
feature selection methods (Fisher, POE+ACC, 

tumor [26, 28, 29] and non-Hodgkin lymphoma 
[19]. Furthermore, among the four feature 
selection methods and the four classification 
methods in this study, the FPM feature selec-
tion method combined with the NDA classifier 
obtained the best discrimination of the AJCC, T 
and N stages, with a very low misclassification 
probability (1.25%, 9.03% and 1.25%, respec- 
tively). 

With the four IVIM-DWI parameters, the present 
study demonstrated the lowest misclassifica-
tion probability in predicting the AJCC stage 
with f, in predicting the T stage with ADC or f, 
and in predicting the N stage with ADC. However, 
no statistically significant differences were 
found in the lowest misclassification probability 
obtained with the four IVIM-DWI parametric 
maps in predicting the AJCC, T and N stages of 
NPC, which illustrated that texture analyses 
based on diffusion and on perfusion paramet-
ric maps are equally useful for predicting the 
clinical stage of NPC. It is of note that the low-
est misclassification probability for stratifying 

Table 3. Misclassification probability of N stage

Parameters Feature selection 
methods

Classifiers
RDA PCA LDA NDA

ADC Fisher 26.38% 22.22% 19.44% 13.19%
POE+ACC 21.52% 19.72% 25.00% 13.89%

MI 22.91% 23.61% 20.83% 7.64%
FPM# 18.75% 21.53% 15.28% 1.25%

D Fisher 26.94% 28.47% 27.36% 6.94%
POE+ACC 24.31% 21.11% 27.78% 9.03%

MI 21.81% 21.52% 20.55% 14.58%
FPM 30.56% 29.03% 10.41% 5.56%

D* Fisher 27.08% 26.67% 24.86% 9.03%
POE+ACC 26.39% 21.94% 22.08% 3.47%

MI 24.44% 24.86% 22.91% 3.33%
FPM 37.50% 37.22% 8.19% 3.47%

f Fisher 21.39% 21.94% 27.08% 15.13%
POE+ACC 19.30% 16.67% 26.80% 13.89%

MI 22.08% 28.33% 23.89% 4.58%
FPM 21.39% 18.47% 17.36% 4.44%

Note: ADC: apparent diffusion coefficient. D*: pseudo-diffusion coefficient. D: 
pure diffusion coefficient. f: perfusion fraction. RDA: raw data analysis. PCA: 
principal component analysis. LDA: linear discriminant analysis. NDA: nonli-
near discriminant analysis. Fisher: Fisher coefficient. POE+ACC: classification 
error probability combined with average correlation coefficients. MI: mutual 
information coefficient. FPM: the combination of Fisher, POE+ACC, and MI. #: 
Chi-square test was performed to compare the misclassification probability 
of the four classifiers for ADC map (x2=11.976, P=0.0005).

MI and FPM) and four classification 
analysis methods (RDA, PCA, LDA 
and NDA) were applied. It was 
found that there were significant 
differences in the performance of 
the cross-combinations of the four 
feature selection methods and four 
classification methods in classify-
ing the clinical stages of NPC. First, 
no matter which IVIM-derived pa- 
rameter or feature selection me- 
thod was chosen, the NDA classifi-
er obtained the lowest misclassifi-
cation probability compared with 
those of the other three classifiers 
in stratifying the AJCC, T and N 
stages of NPC in this study. It is 
noted that the RDA, PCA and LDA 
classification methods are based 
on linear analysis, whereas the ND- 
A classifier is based on an artificial 
neural network. An artificial neural 
network is believed to be a more 
reliable and efficient algorithm with 
a greater predictive power than lin-
ear analyses including RDA, PCA 
and LDA [26]. Several studies also 
showed that NDA achieved higher 
classification accuracy than LDA 
did in multiple sclerosis [27], brain 
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the T stage is higher than those for the AJCC 
and N stages, which may be explained by the 
fact that the T stage of NPC is mainly deter-
mined by anatomic and morphologic factors 
and is only slightly influenced by function infor-
mation, such as diffusion and perfusion. 

One of the limitations existing in the present 
study is that we ran the feature selection and 
classification procedures with the same cohort 
because of the relatively limited data. Larger 
data sets are needed to run feature selection 
and classification with training datasets, and to 
test the performance of feature selection meth-
ods and classification methods in validation 
datasets. In addition, the VOIs were manually 
delineated and measured by only a single oper-
ator, a process that may be subject to interob-
server variability. However, because most of 
the recently used texture features are based on 
spatial averaging, these features are not very 
sensitive to small differences in the delineation 
of VOIs [28].

In conclusion, texture analysis based on IVIM-
DWI parametric maps may be valuable in the 
pretreatment stratification of NPC clinical sta- 
ge, and the FPM feature selection method com-
bined with the NDA classifier may provide the 
best discrimination performance.
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