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Abstract
Objectives To investigate the impact of parameter settings as used for the generation of radiomics features on their robustness and
disease differentiation (nasopharyngeal carcinoma (NPC) versus chronic nasopharyngitis (CN) in FDG PET/CT imaging).
Methods We studied 106 patients (69/37 NPC/CN, pathology confirmed), and extracted 57 radiomics features under different
parameter settings. Robustness was assessed by the intra-class correlation coefficient (ICC). Logistic regression with leave-oneout cross validation was used to generate classification probabilities, and diagnostic performance was assessed by the area under
the receiver operating characteristic curve (AUC).
Results Varying averaging strategies and symmetry, 4/26 GLCM features showed poor range of pairwise ICCs of 0.02–0.98,
while depicting good AUCs of 0.82–0.91. Varying distances, 5/26 GLCM features showed ICCs of 0.82–0.99 while corresponding AUCs were 0.52–0.91. 6/13 GLRLM features showed both high AUC (0.81–0.89) and high ICC (0.85–0.99) regarding to
averaging strategies. 7/13 GLSZM features showed AUCs of 0.81–0.90 while having ICCs of 0.01–0.99 under different
neighbourhoods. 2/5 NGTDM features showed AUCs of 0.81–0.85 while having ICCs of 0.19–0.89 for different window sizes.
Differentiating a subset of NPC (stages I–II) form CN, both SumEntropy and SZLGE achieved significantly higher AUCs than
metabolically active tumour volume (AUC: 0.91 vs. 0.72, p<0.01).
Conclusions Radiomics features depicting poor absolute-scale robustness regarding to parameter settings can still lead to good
diagnostic performance. As such, robustness of radiomics features should not be overemphasized for removal of features towards
assessment of clinical tasks. For differentiating NPC from CN, some radiomics features (e.g. SumEntropy, SZLGE, LGZE)
outperformed conventional metrics.
Key Points
• Poor robustness did not necessarily translate into poor differentiation performance.
• Absolute-scale robustness of radiomics features should not be overemphasized.
• Radiomics features SumEntropy, SZLGE and LGZE outperformed conventional metrics.
Keywords Fluorodeoxyglucose F18 . Positron emission tomography computed tomography . Nasopharyngeal carcinoma .
Nasopharyngitis . Radiomics
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Abbreviations
AUC
Area under the ROC curve
CN
Chronic nasopharyngitis
18
F-FDG 2-[18F]-fluoro-2-deoxy-D-glucose
GLCM
Grey level co-occurrence matrix
GLRLM Grey level run length matrix
GLSZM Grey level size zone matrix
ICC
Intra-class correlation coefficient
LOOCV Leave-one-out cross validation
MATV
Metabolically active tumour volume
NGTDM Neighbourhood grey tone difference matrix
NPC
Nasopharyngeal carcinoma
ROC
Receiver operating characteristic
SUV
Standardized uptake value
TLG
Total lesion glycolysis

Introduction
FDG PET/CT has been established as a powerful technique
for diagnosis in nasopharyngeal carcinoma [1–4]. However,
the intense physiological uptake of FDG PET/CT in normal
brain [3–5] has hampered the diagnosis of nasopharyngeal
carcinoma; furthermore, FDG exhibits increased uptake in
both malignant and benign masses and is not tumour-specific,
thus depicting relatively poor specificity for differentiating
tumour from inflammatory tissue (chronic nasopharyngitis,
CN) [6–8].
Conventional metrics (such as SUVmax/mean/peak,
MATV and TLG) have been widely adopted in routine PET/
CT clinical oncology [9]. Such routine analysis does not quantify intra-tumour heterogeneity. Nonetheless, intra-tumour
heterogeneity of malignant tumours is well documented, and
may provide additional information on tumour phenotype
compared to conventional metrics [10]. Radiomics features
(which quantify heterogeneity and texture in the shape and
uptake of tumours) [11–13] can be used to develop models
for clinical staging [14], assessment of the treatment response
[15, 16], discrimination of phenotype (histological subtypes)
[17, 18] and prediction of outcome [19–21] for several types
of tumours in oncology [22–26]. Radiomics analysis is increasingly developed as a powerful tool towards precision
(personalized) medicine [27] and the field is evolving rapidly
[12, 13, 21, 28–30].
At the same time, radiomics features are affected by many
factors, such as PET image acquisition [31], reconstruction
[32], post-smoothing [33], tumour delineation [34] and greyscale discretization [35, 36]. Although these studies have investigated the robustness of radiomics features to different
image processing parameters, the method to determine
radiomics matrices/features is still subject to variability and
there is great need for standardization of parameter settings
[37], including averaging strategy, symmetry, distance,
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neighbourhood and window size. To the best of our knowledge, the robustness of radiomics features has not been thoroughly evaluated given variations in such parameter settings,
which we have pursued in the present work. The purpose of
this study was to investigate the impact of variations in parameter settings as used in the generation of feature matrices.
We focus on the task of differentiating NPC from CN in FDG
PET/CT images with pathology as the gold standard.
We provide a brief background next as further motivation
for these efforts.

Background
The grey level co-occurrence matrix (GLCM) [38, 39] is generated by considering the occurrence of two voxels with intensity i and j separated by distance D in direction θ. The
element P(i, j) of GLCM is given by:
n



o
Pði; jÞ ¼ # I ðx; y; zÞ ¼ i; I k; l; m ¼ j j D; θ
ð1Þ
where # represents the number of occurrence of the two
voxels, I represents the voxel intensity, (x, y, z) and (k, l, m)
are the coordinates (positions) of two different voxels.
Obviously, the matrix is a function of the direction θ and
distance D between the neighbouring voxels. More elaboration is provided in Online Supplemental Appendix A.
Many efforts describe using one voxel as the distance and
taking the average of feature values in 13 directions in 3D
volumes of interest [32, 40–42]. Alternative strategies were
considered for the computation of GLCM in other efforts [13,
43–46]. Some works investigate the influence of different distances on the performance of radiomics features [43–45]. Hatt
et al. compared strategies of averaging features from 13 matrices each with one direction amongst the 13 directions, versus features from a single matrix obtained by including all 13
directions simultaneously [46]. Aerts et al. constructed asymmetrical GLCM to derive the texture features [13].
Furthermore, other matrices also involve different parameter settings. Grey level run length matrix (GLRLM) counts the
number of runs with colinearly adjacent pixels having the
same grey level in 13 directions. Aerts et al. used 13
GLRLMs followed by averaging the value calculated separately in each matrix [13]. By comparison, Vallieres et al. used
only one GLRLM by simultaneously considering all the 13
directions [26]. Grey level size zone matrix (GLSZM)
describes the number of a certain size zone having the
same intensity within N-connected neighbourhoods.
Neighbourhood grey tone difference matrix (NGTDM) characterizes the difference between a centre voxel and its neighbours within a certain window size. Most studies use 3 pixels
as the window size, while Yu et al. used 7 pixels to distinguish
tumour from normal tissue [47]. Thus, averaging strategies for
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GLRLM, neighbourhood extent in GLSZM, and window size
in NGTDM are also important parameters to consider.

Table 1

Demographics of the patients in the study
NPC

CN

69

37

Mean
Range

46.1±12.0
15-67

45.8±11.7
22-65

Gender
Male

61

30

Female

8

7

Number of patients
Age (years)

Materials and methods
This retrospective study was Institutional Review Board approved and written informed consent was waived.

Patients and FDG PET/CT protocol
One hundred and six patients (mean age: 46.1±11.8 years,
range 15–67; 91 males, 15 females) were retrospectively enrolled. Sixty-nine patients were primarily diagnosed by histopathology with nonkeratinizing undifferentiated carcinoma,
including 22 cases with stages I–II and 47 cases with stages
III–IV, which were staged according to the AJCC criteria (8th
edition), utilizing the TNM classification system. Thirtyseven patients were diagnosed as CN. The demographics of
the patient population are listed in Table 1.
All patients underwent fasting for at least 6 h prior to tracer
injection. Imaging was performed 62 min (58±5 min, range:
52–67 min) post-intravenous injection of 306–468 MBq (8.27–
12.65 mCi) of 18F-FDG (~150 µ Ci/kg of body weight), and
whole-body PET/CT scanning was performed on a Siemens
Biograph-128 mCT scanner at the Nangfang Hospital, in compliance with the SNMMI procedure guidelines [48].
PET images were reconstructed using standard OSEM algorithm with three iterations and 21 subsets. PET image voxel
size was 4.07×4.07×5 mm3 and matrix size was 200×200. The
CT scans (80 mA, 120 KVp) were used for attenuation correction [49]. CT voxel size was 0.98×0.98×3 mm3, and matrix
size was 512×512. DICOM format PET and CT images were
exported from the console, and the body-weight-based SUVs
were calculated according to:
SUV ðg=mLÞ ¼

tissue activityðBq=mLÞ
injected doseðBqÞ=body weightðgÞ

ð2Þ

where the tissue activity was decay-corrected to account
for the time elapsed between injection and acquisition.
Then, SUV images were interpolated to the same resolution as CT images for registration/fusion purposes, and
SUV images and CT images were exported in a NiFTI
format file.

Stages I–II
Stages III–IV

22
47

NPC nasopharyngeal carcinoma, which was confirmed by histopathology
as nonkeratinizing undifferentiated carcinoma, CN chronic
nasopharyngitis

physicians, who were blinded to the histological results. The
volume of interest (VOI) was generated based on consensus reached by two expert physicians, resulting in metabolically active tumour volumes (MATV) with a distribution of 7.51±9.81 cm3 [range: 3.39–48.8 cm3]. Five conventional metrics were then extracted from each segmented tumour: SUVmax, SUVmean, SUVpeak, MATV and
total lesion glycolysis (TLG) (Online Supplemental
Appendix A).
The SUVs of each VOI were then discretized with a constant resolution bin size B = 0.1, as follows [35]:

SUV Dis ðxÞ ¼




SUV ðxÞ
SUV ðxÞ
−min
þ1
B
B

ð3Þ

where SUV(x) is the SUV of voxel x, SUVDis(x) is the
resampled value of voxel x. The discretization step is necessary to generate matrices whose size (defined by the maximum SUVDis(x)) highly impacts computation, and are used
to reduce image noise and generate a constant intensity resolution so that textural features from different patients are
comparable.

Matrix construction

Image preprocessing

The GLCM, GLRLM, GLSZM and NGTDM were all constructed from each three-dimensional tumour. Three parameters were investigated for the construction of GLCM:

For each patient, NiFTI format SUV images were fused to CT
images in ITK-SNAP software, and horizontal, coronal and
sagittal view were displayed for visualization, where a soft
tissue window [40, 300] was used. Delineation of primary
tumours was performed independently by two expert

1) Symmetry: Asymmetry counts the number of voxel pairs
(i,j) along a given direction (as shown in Fig. 1a), and
symmetry counts the number of voxel pairs including also
in the reverse direction (−θ), which result in asymmetrical
(‘A’) and symmetrical (‘S’) GLCMs, respectively.
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Fig. 1 Illustration of 18F-FDG PET/CT imaging of patients with
nasopharyngeal carcinoma (NPC) or chronic nasopharyngitis (CN), and
the corresponding segmented lesions. The parameter setting of (a)
averaging strategy and symmetry (1S, 1A, 13S and 13A), and (b)
distance (D1, D2, D3, …, D10) for the construction of grey level cooccurrence matrix (GLCM). (c) The three different neighbourhoods

(N6, N18 and N26) used in the generation of grey level size zone
matrix (GLSZM). (d) The window size (W3, W5, W7, W9 and W11)
for the construction of neighbourhood grey tone difference matrix
(NGTDM). The robustness analysis by intra-class correlation
coefficient (ICC) and diagnostic performance by area under the ROC
curve (AUC)

2) Averaging strategy: (i) A given GLCM feature value
was obtained by averaging 13 individual feature
values where each was derived from one specific direction (this is referred to as ‘13’). (ii) The GLCM
feature value was alternatively derived by considering
all the 13 directions simultaneously (noted as ‘1’),
thus arriving at a single matrix and thus not requiring
a subsequent averaging step. Thus, four strategies
(1S, 1A, 13S and 13A) were investigated (Fig. 1a).
3) Distance: One to ten voxel distances (Dx, x = 1, 2, 3, …,
10) were investigated (Fig 1b).

Statistical analysis

GLRLM was acquired by considering the same averaging strategy as GLCM (noted as M13 and M1). Three
different neighbourhoods (Fig. 1c) were used (i.e. Nx, x
= 6, 18 and 26 voxels) in GLSZM. Five different window
sizes (i.e. Wx, x = 3, 5, 7, 9 and 11 voxels) were considered in NGTDM (Fig. 1d).
Feature extraction
Feature definitions are listed in Online Supplemental
Appendix A. Briefly, after the construction of matrices
with different parameters, 26, 13, 13 and five features
were extracted from GLCM, GLRLM, GLSZM and
NGTDM, respectively. The matlab codes have been
made publicly available at: https://github.com/
WenbingLv/NPC-radiomics.

In order to analyse the robustness of feature values calculated
with different parameters, the intra-class coefficient (ICC)
[35] was adopted:
ICC ¼

BMS−WMS
BMS þ WMS

ð4Þ

where BMS and WMS were the between-subjects and
within-subjects mean squares, obtained via Kruskal-Wallis
one-way ANOVA. ICC ranges from 0 to 1; the higher the
ICC, the more robust the feature, and an ICC of 1 indicates
perfect robustness (i.e. identical feature values).
Logistic regression with leave-one-out cross validation
(LOOCV) [50] was used to compute the classification probability of each feature with different parameter settings.
Subsequently, to analyse the diagnostic performance of
each feature, the receiver operating characteristic (ROC)
curve was obtained by varying the threshold of classification
probability, and area under the ROC curve (AUC) was used
to the quantify the diagnostic performance, the AUC ranging between 0.5 (random guess) to 1 (perfect classification).
The statistically significant difference between AUCs was
tested via DeLong’s method [51] using the MedCalc software package (Ver. 9.5, MedCalc Software), and level of
significance was set at p<0.05. A flowchart outlining the
study is shown in Fig. 1.

Eur Radiol (2018) 28:3245–3254

3249

Fig. 2 (a) Pairwise intra-class correlation coefficient (ICC) for each grey
level co-occurrence matrix (GLCM) feature extracted from four
combination strategies (1S, 1A, 13S and 13A), noted as ICC1S-13S,
ICC1A-13A, ICC1S-1A and ICC13S-13A. (b) Areas under the ROC curve
(AUCs) of 26 GLCM based features extracted from four combination

strategies (1S, 1A, 13S and 13A), noted as AUC1S-1A-13S-13A. Symbols
and whiskers represent the median and range, respectively. (Red indicates
for AUC ≥0.8; grey indicates AUC <0.8 but with small variability to
different parameters; blue indicates AUC with large variability for
different parameters. Colours are for better clarity)

Results

The robustness and diagnostic performance of GLRLM
features

Robustness and diagnostic performance of GLCM
features for different strategies
Fifteen features showed narrow range of AUC values among
the four combination strategies (1S, 1A, 13S and 13A), and
eight features depicted ICC values of nearly 1 as shown in Fig.
2b. Four features (IDMN, MaxPossibility, SumEntropy and
Entropy) showed a poor range of pairwise ICCs of 0.02–
0.98, while depicting good AUC values of 0.82–0.91. Thus,
the effect of combination strategies on the diagnostic performance of these 15 features was negligible despite the fact that
some features were not robust (Fig. 2a).

Impact of distance on robustness and diagnostic
performance of GLCM features
Multi-scale texture information can be captured by using different distances to extract GLCM features, as shown in Fig.
3a. Five features (namely IDN, IDMN, DiffVar, Dissimilary
and Contrast_GLCM) showed ICCs of 0.82–0.99 while corresponding AUCs were 0.52–0.91, nine features showed
AUCs of 0.79–0.90 while corresponding ICCs were 0.01–
0.99 (Fig. 3b). This means that robust features do not necessarily lead to good diagnostic performance, and non-robust
features do not result in poor diagnostic performance.

Six features showed both high AUC (0.81–0.89) and high
ICC (0.85–0.99) (Fig. 4). As such, the absolute quantitative
scale as well as AUC performance were robust with respect to
M1 versus M13 strategies. Meanwhile, AUC varied widely
amongst different features (from 0.51 to 0.89), indicating that
diagnostic performance of GLRLM features was mainly dependent on the definition of features themselves.

The robustness and diagnostic performance of GLSZM
features
Overall, seven features showed AUCs of 0.81–0.90 while
having ICCs of 0.01–0.99, three features showed variable
ICC and wide-range AUC, only two features (namely
HGZE and LGZE) showed ICCs of nearly 1 and AUC of
nearly 0.9 (Fig. 5a, b), meaning that for most features robustness was affected by different neighbourhoods while diagnostic performance was not.

The robustness and diagnostic performance
of NGTDM features
NGTDM features were not robust for different window sizes
(Fig. 5c, d), only two features (namely Complexity and
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Fig. 3 (a) Pairwise intra-class
correlation coefficients (ICCs) of
26 grey level co-occurrence
matrix (GLCM)-based features
between one voxel distance (D1)
and each of the other nine
different distances (D2~10), i.e.
ICCD1-D2~10. Orange indicates
high ICC values across different
distances (narrow whiskers). (b)
Areas under the ROC curve
(AUCs) of 26 GLCM-based
features for different distances
(Dx, x = 1, 2, 3, …, 10), i.e.
AUCDx, as extracted from the 1S
combination strategy. Symbols
and whiskers represent the
median and range, respectively

Coarseness) showed AUCs of 0.81–0.85 while having ICCs
of 0.19–0.89 for different window sizes.

AUCs of 0.91, which were significantly higher (p=0.04) than
SUVmax (AUC of 0.88), and even more significantly higher
(p<0.01) relative to MATV (AUC of 0.72). Figure 6 shows the
ROC curves of several features from Table 2.

Comparison with conventional metrics
Table 2 lists the AUC, sensitivity and specificity of six
radiomics features (SumAverage1, SumAverage2,
SumSquVar, SumEntropy, SZLGE and LGZE) and five conventional metrics. For the differentiation between all NPC
cases (stages I–IV) and CN cases, LGZE showed a higher
AUC than SUVmax (0.93 vs. 0.90), though the difference
was not statistically significant (see Online Supplemental
Appendix B, Tables S1, S2, for an elaboration of these
comparisons). At the same time, LGZE depicted a significantly higher AUC compared to MATV (0.93 vs. 0.86, p=0.03).
For the differentiation between a subset of NPC cases (stages
I–II) and CN cases, both SumEntropy and SZLGE achieved
Fig. 4 (a) Intra-class correlation
coefficient (ICC) of grey level run
length matrix (GLRLM)-based
features between strategies M1
and M13 (ICCM1-M13). (b) Areas
under the ROC curve (AUCs) of
GLRLM-based features for
strategies M1 and M13 (AUCM1M13). Symbols and whiskers
represent the median and range,
respectively

Discussion
The present study assessed the impact of parameter settings as
used in the generation of radiomics features on their robustness and disease differentiation in nasopharyngeal PET/CT
(NPC vs. CN). The results demonstrated that poor absolutescale robustness of radiomics features did not necessarily
translate into poor disease differentiation. Previous studies
on robustness and/or diagnostic performance of radiomics features have primarily focused on factors that were external to
the very definition and generation of radiomics features (i.e.
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Fig. 5 (a) Pairwise intra-class
correlation coefficients (ICCs) of
grey level size zone matrix
(GLSZM)-based features
between N26 and N6 (ICCN26N6), N18 (ICCN26-N18). (b) Areas
under the ROC curve (AUCs) of
GLSZM-based features for Nx (x
= 6, 18 and 26), i.e. AUCNx. (c)
Pairwise ICCs of neighbourhood
grey tone difference matrix
(NGTDM)-based features
between W3 and W5~11 (ICCW3W5~11). (d) AUCs of NGTDMbased features for Wx (x = 3, 5, 7,
9, and 11), i.e. AUCWx. Symbols
and whiskers represent the
median and range, respectively

different image acquisition or processing [31–36, 46, 52–55]).
Our present study focused on the internal factor, namely variations in parameter settings for the construction of radiomics
feature matrices. We analysed the link between the robustness
(pair-wise ICC) and diagnostic performance (AUC) of
features.
Features that were robust to parameter variations commonly resulted in robust but not necessarily high diagnostic performance. This was iteratively validated, e.g. eight
GLCM-based features showed high robustness (ICCs
Table 2

Diagnostic performance comparison between conventional metrics and radiomics features

Conventional metrics

SUVmax
SUVpeak
SUVmean
MATV
TLG

nearly 1) to different parameters, and had robust diagnostic
performance, while the diagnosis accuracy ranged from
0.79 to 0.91. Nine GLRLM-based features showed high
robustness (ICC>0.8) to averaging strategies, while the
AUC ranged from 0.51 to 0.89. We also observed that the
range of ICC values was not directly related to the range of
AUCs. As shown in Fig. 5, features with high and narrow
range AUCs could have high (HGZE, LGZE) or low ICCs
(LZHGE, LZLGE, GLN, Complexity and Coarseness). In
fact, some features have high ICC values but low AUC

Stages I–IV

Stages I–II

Radiomics features

AUC

Se

Sp

AUC

Se

Sp

0.90
0.90
0.88
0.86b
0.88

0.84
0.84
0.77
0.81
0.84

0.89
0.89
0.94
0.89
0.94

0.88a
0.87
0.87
0.72c
0.82

0.82
0.86
0.77
0.73
0.77

0.89
0.84
0.94
0.84
0.94

SumAverage1
SumAverage2
SumSquVar
SumEntropy
SZLGE
LGZE

Stages I–IV

Stages I–II

AUC

Se

Sp

AUC

Se

Sp

0.91
0.91
0.90
0.91
0.90
0.93b

0.86
0.88
0.75
0.85
0.88
0.95

0.83
0.82
0.92
0.89
0.83
0.85

0.89
0.90
0.90
0.91ac
0.91ac
0.88

0.95
0.85
0.85
0.86
0.95
0.91

0.75
0.92
0.92
0.89
0.80
0.87

Detailed comparisons of various metrics are shown in the Online Supplemental Appendix B
Se sensitivity, Sp specificity
Stages I-IV: All NPC cases (N=69), from stage I to stage IV
Stages I-II: A subset of NPC cases (N=22), namely those with stage I and stage II, were included
abc
: The upper case pairs (e.g. a for two features, one on the left, one on the right side of the table) represent the presence of a significant difference
(p-value) between AUC of conventional SUVmax or MATV vs. AUC of a radiomics feature
a

p=0.04

b

p=0.03

c

p<0.01
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Fig. 6 ROC curves of radiomics
features and conventional metrics
for the differentiation of
nasopharyngeal carcinoma
(NPC) with (a) stages I–IVand (b)
stages I–II from chronic
nasopharyngitis (CN)

values, as in Fig. 2 (ClusterPro), Fig. 3 (IDN, IDMN,
DiffVar, Dissimilarity, Contrast_GLCM) and Fig. 4 (SRE).
Non-robustness of features (in the absolute quantitative sense)
did not necessarily imply poor diagnostic performance. There are
also some features that have low ICC but high AUC: see Fig. 2
(MaxPossibility, Entropy) and Fig. 3 (SumAverage1,
SumAverage2, SumSquVar). This is because changes in absolute
values of features (low ICC) do not necessarily alter their relative
ordering significantly, thus the diagnostic performance can remain high. This was also in accordance with the observation of
Hatt et al. [34], in a study of oesophageal carcinoma, that although tumour segmentation and partial volume correction
(PVC) led to variations in feature quantitation, the variations
did not necessarily affect the prediction of response to therapy.
Overall, the clinical usefulness of features varied widely with the
definition of features themselves, and was partially affected by
different parameter settings. This suggests that the choice of clinically useful features should be based on the specific task (i.e.
diagnosis, prognosis, etc.). An important implication of this is
that if a radiomics feature is not robust, this does not mean that
the feature will necessarily perform poorly for diagnostic performance. In other words, robustness of radiomics features in the
absolute-scale should not be over-emphasized, since radiomics
features that are non-robust in absolute-scale (ICC) may still be
robust in the AUC scale, and AUC performance is determined by
the relative ordering of feature values. Conversely, radiomics
features that are robust in the absolute-scale may still result in
low AUC values. Nonetheless, the absolute-scale is also a factor
of consideration, since multi-centre clinical trials and standards
might require a fixed threshold. In other words, even if rankings
(relative distribution of values) are preserved between different
centres and scanners, one may still need consistent (absolute
scale) values to make clinical decision-making recommendations. At the same time, it is plausible that future research might
pave the way for convenient scanner/site-specific adjustment of
recommended absolute thresholds.

Limitations
Our study had some limitations. First, 47 of 69 NPC patients
had stages III–IV, rendering easy differentiation of NPC from
CN. As a result, it was observed that the diagnostic performance of radiomics features was improved, but by a limited
degree, compared to conventional metrics. In fact, falsepositives (caused by CN) are commonly found in diagnosis
of NPC with stages I–II. The reason is that the primary tumours with stages I–II have similar volumes compared to CN
[56]. This was validated in our present study, and we found
that conventional metrics (especially MATV) have an obviously poor diagnostic performance (AUC=0.72) compared to
radiomics metrics (AUC=0.88–0.91) for differentiation of
NPC (stages I–II) from CN. Second, the discretization bin size
was fixed as 0.1 SUV, but the maximum SUV among patients
varied, thus, different patients may produce a different size
matrix (though this may be a strength of this approach).
Third, the present work does not assess reproducibility with
respect to a number of reconstruction and processing steps
prior to feature generation (e.g. inter-observer variability of
radiomics features with respect to segmentation). Future studies should include the effect of SUV discretization and processing steps combining varying parameter settings on robustness and clinical task performance of radiomics features in
larger patient cohorts.

Conclusions
Robustness and diagnostic performance of most GLRLMbased features were seen to be relatively independent of feature matrix parameter settings. Importantly, we showed that
while a number of features (GLCM, GLSZM and NGDTM
based) may be variable (in absolute scale) with respect to
parameter variations, they can still perform very robustly with
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respect to AUC (diagnostic performance). This has implications in approaches to pre-selection of radiomics features, in
that absolute-scale robustness of radiomics features should not
be overemphasized. For the specific diagnostic task of differentiating nasopharyngeal carcinoma from chronic
nasopharyngitis, a number of radiomics features (e.g.
SumEntropy, SZLGE and LGZE) outperformed conventional
metrics.
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