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Background and purpose: To investigate the radiomic feature (RF) repeatability via perturbation and its
impact on cross-institutional prognostic model generalizability in Nasopharyngeal Carcinoma (NPC)
patients.
Materials and methods: 286 and 183 NPC patients from two institutions were included for model training
and validation. Perturbations with random translations and rotations were applied to contrast-enhanced
T1-weighted (CET1-w) MR images. RFs were extracted from primary tumor volume under a wide range of
image filtering and discretization settings. RF repeatability was assessed by intraclass correlation coeffi-
cient (ICC), which was used to equally separate the RFs into low- and high-repeatable groups by the med-
ian value. After feature selection, multivariate Cox regression and Kaplan-Meier analysis were
independently employed to develop and analyze prognostic models. Concordance index (C-index) and
P-value from log-rank test were used to assess model performance.
Results: Most textural RFs from high-pass wavelet-filtered images were susceptible to image perturba-
tions. It was more prominent when a smaller discretization bin number was used (e.g., 8, mean
ICC = 0.69). Using high-repeatable RFs for model development yielded a significantly higher C-index
(0.63) in the validation cohort than when only low-repeatable RFs were used (0.57, P = 0.024), suggesting
higher model generalizability. Besides, significant risk stratification in the validation cohort was observed
only when high-repeatable RFs were used (P < 0.001).
Conclusion: Repeatability of RFs from high-pass wavelet-filtered CET1-w MR images of primary NPC
tumor was poor, particularly when a smaller bin number was used. Exclusive use of high-repeatable
RFs is suggested to safeguard model generalizability for wide-spreading clinical utilization.
� 2023 The Author(s). Published by Elsevier B.V. Radiotherapy and Oncology 183 (2023) 109578 This is an
open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
Radiomics is an emerging technique that leverages high-
throughput feature extraction frommedical images for discovering
hidden information that is prognostic or predictive of various clin-
ical endpoints. Accumulating evidence has suggested the promis-
ing application of Radiomics in the prognosis[1], clinical
management[2–4], and treatment response predictions[5,6] of
Nasopharyngeal Carcinoma (NPC) from several imaging modalities,
including CT[7], MR[8–10], and PET/CT[11,12]. MR was favored in
recent publications[13,14] due to its superior soft-tissue contrast.
However, the majority of the previous MRI radiomics analysis on
NPC were deemed less reliable due to the lack of stability analysis
and external validation[15], which impedes the clinical applicabil-
ity of the research findings[16]. Radiomic features (RFs) repeatabil-
ity, which indicates the RF stability under the same imaging
condition, should be the fundamental requirement of reliable
modeling.

Effective assessment of RF repeatability has attracted growing
attention in the past decades[17]. Test-retest imaging, which

http://crossmark.crossref.org/dialog/?doi=10.1016/j.radonc.2023.109578&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.1016/j.radonc.2023.109578
http://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:jing.cai@polyu.edu.hk
https://doi.org/10.1016/j.radonc.2023.109578
http://www.sciencedirect.com/science/journal/01678140
http://www.thegreenjournal.com


Radiomic Feature Repeatability and Its Impact on Model Generalizability
requires two repeated scans on the same patient, is one of the most
popular approaches to assess RF repeatability[18–21]. However,
short-interval test–retest scans are less applicable in routine clini-
cal practice due to the additional cost of medical resources and
potential extra dose to patients. Consequently, most existing
test–retest-based RF repeatability studies focused on MR[18–20]
and PET imaging[21]. 4DCT scans were also widely studied, where
RF repeatability was assessed from multi-phase imaging[22,23].
Repeated scans with an even prolonged time interval, in the case
of two-week apart, might lead to dramatic disparity in RFs due
to enlarged tumor morphological and intra-tumoral microbiologic
changes, which may reduce the generalizability of RF repeatability
findings[24]. A new perturbation-based RF repeatability assess-
ment method was proposed by Zwanenburg et al.[25] to overcome
such limitations by simulating variabilities in scanning position,
image noise, and region-of-interest contouring.

Despite the cumulative evidence of RF repeatability, limited
effort has been made to demonstrate the benefit of repeatable fea-
tures in improving downstream modeling. Several studies have
investigated the predictive value of repeatable RFs of lung cancer
based on the multi-phase scans of 4DCT[17]. Larue et al. found that
only two RFs were associated with survival outcomes when apply-
ing multiple test corrections on all the RFs but 108 remained after
repeatable RF filtering[22], suggesting the potential benefit of
repeatability selection in false discovery control. A follow-up study
by Lafata et al. reported high variability of RFs between 3D and 4D
lung imaging and its effect on histology classification performance
[23]. More recently, studies performed by Teng et al.[26,27]
demonstrated enhanced radiomic model robustness and internal
generalizability, where models were developed by using high-
repeatable RFs exclusively. However, no further investigation has
been provided in the body of literature regarding the impact of
RF repeatability on cross-institutional model generalizability. More
direct evidence on this topic is needed to provide the community
with an enhanced understanding on the benefit and usage of RF
repeatability in radiomics studies.

This study aims to investigate the RF repeatability via perturba-
tion and its impact on the cross-institutional generalizability of the
prognostic model for NPC disease-free survival prediction. We
attempted to assess cohort-specific RF repeatability by our in-
house developed image perturbation framework, taking reference
from the previous work carried out by Zwanenburg et al.[25] to
mimic a vast amount of scanning position stochasticity on
contrast-enhanced T1-weighted (CET1-w) MR in a retrospective
NPC cohort. The main objectives of this study were (i) to ascertain
the repeatability of a comprehensive set of RFs against scanning
position stochasticity via translation and rotation perturbations
and (ii) to examine the benefit of repeatable RF in improving
cross-institutional generalizability of prognosis modeling by exter-
nally validating prognostic models built separately from high- and
low-repeatable RFs. Results from this study would provide a direct
and conservative perceptiveness of RF repeatability pattern under
a wide range of image filtering and discretization settings, offer
evidence of its impact on inter-institutional generalizability, and
encourage the radiomics community to exclusively adopt high-
repeatable RFs for modeling to safeguard model generalizability.
Materials and methods

Patient cohort

We retrospectively recruited two biopsy-proven NPC patient
cohorts from Queen Elizabeth Hospital (QEH) between 2012 and
2015 and Queen Mary Hospital (QMH) between 2013 and 2019.
Due to the retrospective nature of this study, informed consents
from patients were waived during the recruitment. Patients with
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(1) co-existing cancer or distant metastasis before treatment, (2)
radiation therapy only without concurrent chemoradiotherapy,
and (3) incomplete clinical record and missing segmentations were
excluded from this study. In total, 286 patients from QEH and 183
patients from QMH were included in this study.

Contrast-enhanced T1-weighted (CET1-w) MR images and the
planning primary gross tumor volume (GTVp) contours were
retrieved from the treatment planning systems. MR scanning and
GTVp contouring protocols are listed in Table A1. Disease-free sur-
vival (DFS) information was collected from patient folders. The
time of DFS is defined from the date of treatment to the earliest
occurrence of death from any cause, local or regional tumor recur-
rence, or distant metastasis.
Preprocessing and feature extraction

All the calculations in image preprocessing and feature extrac-
tion followed the guidelines proposed by the Image Biomarker
Standardization Initiative (IBSI)[28]. They were performed by our
in-house developed Python-based (3.7.3) pipeline using the Sim-
pleITK (1.2.4) and PyRadiomics (2.2.0) packages. The workflow is
explained by Fig. 1. Image preprocessing and feature extraction
parameters are listed in Table A2. We extracted all the first-order
features and texture features from Gray-Level Co-occurrence
Matrix (GLCM), Gray Level Size Zone Matrix (GLSZM), Gray Level
Run Length Matrix (GLRLM), and Neighbouring Gray Tone Differ-
ence Matrix (NGTDM) from the original, three-dimensional
Laplacian-of-Gaussian (LoG) filtered (sigma values of 1, 2, 3, 4,
and 5 mm) and all the Coiflet-1 wavelet-filtered images. Each
image was discretized by a fixed bin number of 8, 16, 32, 64, and
128 before feature extraction. In total, 6510 RFs were computed
per patient.
Perturbation and RF repeatability assessment

Patient position variations were simulated by applying transla-
tion and rotation perturbations to each image and GTVp mask
simultaneously during image preprocessing. They were imple-
mented following the procedures proposed by Zwanenburg et al.
[25], and the parameters are listed in Table A2. In this study, 40
translation and rotation combinations were randomly generated
without replacement. The same preprocessing and feature extrac-
tion procedures were applied in calculating the RFs under pertur-
bations. Feature repeatability was quantified from the
perturbation RFs using the intraclass correlation coefficient (ICC).
The one-way, random, absolute-agreement ICC was employed to
assess RF repeatability due to the independent assignment of per-
turbation parameters to patients.
Feature selection

RFs from the unperturbed images were selected based on vol-
ume dependency first and then equally separated into high- and
low-repeatable groups by the median ICC value before the feature
redundancy and outcome relevancy test. The feature selection pro-
cedure is also explained in Fig. 1. Since the primary tumor volume
has been recognized as a reliable prognostic factor[29], RFs that
were highly correlated with GTVp mesh volume were first
removed to minimize potential bias in the subsequent analyses
[30]. We used the square of the Pearson correlation coefficient
(r2) to quantify the volume correlation, and the threshold of 0.6
was used to filter the volume-independent features. The final fea-
tures were selected from each repeatability group by the feature
redundancy and outcome relevancy test. During the feature redun-
dancy test, r2 was used to evaluate the correlation between fea-
tures. For each highly correlated feature pair that has r2



Fig. 1. Study Workflow.
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exceeding 0.6, the one that has a larger mean r2 with the rest of the
features were removed. The outcome relevancy was evaluated by
univariate Cox regression, and the 10 best features were finally
selected, which were defined as the ones having the smallest haz-
ard ratio (HR) P values.
Prognostic model development and evaluation

Two separate prognostic models were developed and evaluated
on the selected high- and low-repeatable RFs. DFS survival risks
were modeled by multivariate Cox regression on the training
cohort, and the concordance index (C-index) was used to evaluate
the discriminability on both training and validation. Classification
performances at different time points were also assessed by the
receiver operating characteristic (ROC) and the area under the
curve (AUC) using the function ‘‘cumulative_dynamic_auc” pro-
vided by the Python package scikit-survival (version 0.18.0). In
addition, we conducted 3-fold cross-validation with 10-time ran-
dom repetitions on the training cohort, in order to assess the inter-
nal performance reliability. Independent redundancy test, outcome
3

relevancy test, and Cox regression were performed on each cross-
validation iteration. 95% confidence intervals were obtained from
1000-iteration bootstrapping, and P values were assessed by per-
mutation tests where labels of high- and low-repeatable features
were randomly shuffled by 1000 times for model performance
comparisons. In addition, we evaluated the efficacy of the con-
structed prognostic model in risk stratification by Kaplan-Meier
analysis. Patients were stratified into low- (G1) and high-risk
(G2) groups based on the median training prediction, and the
log-rank test P value was used to quantify the performance of
the risk stratification.
Results

The distributions of the baseline patient characteristics for the
two cohorts are listed in Table 1. Consistent distributions of age
and sex were found between the training and validation cohort.
The overall stage, chemotherapy strategy, and World Health Orga-
nization (WHO) histology were significantly different (P < 0.05)



Table 1
Baseline patient characteristics of the QEH (training) and QMH (validation) cohort.

QEH (training) QMH (external validation) P

Age
Median 53 55 0.055

Sex
Female 70 40 0.590
Male 216 143

Overall stage
2 1 29 < 0.001
3 187 90
4 98 64

Chemotherapy
CCRT 178 37 < 0.001
CCRT + ACT 62 65
CCRT + ICT 44 81

WHO histology
Type 2 73 28 0.012
Type 3 213 155

Note: Staging was performed according to the 7th edition of the AJCC protocol for the training cohort and switched to the 8th edition after 2017 for the validation cohort. P
values were obtained by student t-test for age and chi-square test for the rest of the clinical parameters.
Abbreviations: CCRT, concurrent chemoradiotherapy; ACT, adjuvant chemotherapy; ICT, induction chemotherapy; WHO, World Health Organization.
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between the two institutions. The three-year DFS rate was 74.3 %
in training and 72.1 % in validation.

RFs with lower repeatability were mostly texture features
extracted from high-pass wavelet-filtered images discretized by
smaller bin numbers, as visualized by the lighter green colors in
the average ICC heatmap (Fig. 2(a)). The average ICC of high-pass
wavelet-filtered 8-bin discretized texture RFs (Fig. 2(a), red rectan-
gles) was 0.69 but up to 0.99 for the remaining RFs. For image fil-
ters (Fig. 2(b)), RFs from unfiltered, all the LoG and LLL wavelet-
filtered images yielded an average ICCs higher than 0.95, while
the rest showed lower average RF repeatability (ICC: 0.73–0.87).
Moreover, a decreasing trend of repeatability was found with
high-pass wavelet filtering on more image dimensions. The first-
order and NGTDM RFs showed the highest average ICC of 0.96
and 0.94, while the rest of the texture classes had mean ICCs below
0.90 (Fig. 2(c)). Notably, the GLSZM class had the lowest repeata-
bility with an average ICC of 0.85. An increasing trend of repeata-
bility was observed for larger image gray level discretization bin
numbers. Specifically, bin number 8 had the lowest average ICC
of 0.88, and the highest repeatability (mean ICC = 0.92) was
achieved at 128 bin number (Fig. 2(d)). The complete ICC record
can be found in Appendix B.

A strong correlation between GTVp volume dependency and
repeatability was found on the RFs extracted from QEH T1-w MR
images (Figure A3). 673 out of 709 (95 %) volume-dependent fea-
tures (r2 > 0.6) had high patient positioning repeatability
(ICC > 0.9) whereas 3902 out of 5801 (67.3 %) volume-
independent features showed high repeatability. The 709
volume-dependent features were removed from the subsequent
analysis.

Distinct distributions of the feature redundancy measured by
the mean r2 to the rest of the features were observed on the
high-repeatable and low-repeatable feature groups (Fig. A4 (a)),
which were split by the median ICC of 0.95. Forty-four percent
(1281/2901) of the low-repeatable features appeared to have low
redundancy (mean r2 < 0.1) whereas 15 % (445/2902) had low
redundancy for the high-repeatable features. Distributions of the
DFS prognosis, which was measured by univariate Cox P value,
were similar between the two feature groups, except for the
extreme-high prognosis region. Only 286 out of 2901 for the
low-repeatable group had high DFS prognosis with P < 0.001
(�log2P > 10.0) while 541 out of 2901 for the high-repeatable
group.

Ten RFs were finally selected from both the two feature groups
after redundancy and outcome relevancy filtering. Details of the
4

final selected features can be found in Table A3. After redundancy
filtering, more low-repeatable features (317) remained with less
redundancy but similar outcome relevancy compared to high-
repeatable features (116), as shown in Fig. A4(b). Quantitatively,
23 % (72/317) of the low-repeatable features had the mean r2 lar-
ger than 0.05 while up to 84 % (97/116) for the high-repeatable
ones, and 28 % (88/317) and 36 % (42/116) had P < 0.05
(�log2P > 4.3) for the two groups.

The discriminability of the multivariate Cox survival regression
models developed from both low and high-repeatable features
remained stable in the training cohort. As reported in Table 2,
the C-index (low-repeatable = 0.65; high-repeatable = 0.67;
P = 0.526) and time-dependent AUCs (P > 0.05) were similar in
the training cohort. Time-dependent ROCs on the training cohort
were also similar between the two feature sets, as shown in
Fig. 3. During cross-validation, similar training performances were
achieved with a mean C-index of 0.61 (low-repeatable) and 0.63
(high-repeatable). However, the low-repeatable models demon-
strated significantly lower C-index values (mean = 0.55) than the
high-repeatable ones (mean = 0.60) for internal validation, as
shown in Figure A5. Both low and high-repeatable features strati-
fied the training cohort into distinct survival groups (G1 and G2)
with similar discriminability (HR = 2.50, 3.19) and statistically sig-
nificant separations (log-rank P values <= 0.001), as presented in
Fig. 4.

The prognostic model based on the high-repeatable features
demonstrated significantly higher predictive performance in the
validation cohort. Statistically higher C-index (high-repeatable =
0.63; low-repeatable = 0.57; P = 0.024), 1-year AUC (high-repeata
ble = 0.62; low-repeatable = 0.54; P = 0.031), and 3-year AUC
(high-repeatable = 0.70; low-repeatable = 0.58; P = 0.015) were
achieved (Table 2), while the 5-year AUC demonstrated weak sta-
tistical significance. Fig. 3 demonstrated distinctive differences in
ROCs, especially for the 3-year progression event where the devia-
tions were magnified. For survival risk stratifications, the high-
repeatable features resulted in a significant separation of survival
curves (P < 0.001) whereas a marginal separation (P = 0.054) can
be found for the counterpart (Fig. 4).
Discussion

This study directly demonstrated the benefit of the unique
information from RF repeatability assessed by translation and rota-
tion perturbations in reducing false discovery and improving cross-



Fig. 2. Mean intraclass correlation coefficient of the extracted Radiomic features subgrouped by image filters, feature classes, and discretization bin numbers. High-pass
wavelet-filtered RFs with smaller bin numbers demonstrated significantly lower repeatability with mean ICC = 0.69 for bin number = 8 (red boxes).

Table 2
Training and validation performance of the two constructed Cox survival regression model using high-repeatable and low-repeatable features.

Training External validation

Low-repeatable High -repeatable P Low-repeatable High-repeatable P

C-index 0.62 (0.57–0.66) 0.67 (0.61–0.72) 0.526 0.57 (0.45–0.67) 0.63 (0.53–0.74) 0.024
1y AUC 0.65(0.60–0.67) 0.64 (0.64–0.72) 0.328 0.54 (0.38–0.72) 0.62 (0.44–0.79) 0.031
3y AUC 0.63 (0.55–0.67) 0.70 (0.62–0.76) 0.216 0.58 (0.46–0.71) 0.70 (0.58–0.81) 0.015
5y AUC 0.53 (0.46–0.58) 0.63 (0.55–0.71) 0.381 0.53 (0.28–0.78) 0.72 (0.46–0.92) 0.427

Abbreviations: C-index, concordance index; 1/3/5y AUC, area under the receiver operating characteristic curve at 1/3/5 year(s).
Note: the range inside each pair of round brackets indicates the 95% confidence interval under 1000 bootstrapping with replacement. P values (two-sided) were calculated by
perturbation test where the high and low repeatability labels were randomly shuffled.
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institutional generalizability. Results of our study suggested that
different image filters, discretization bin numbers, and feature
classes displayed heterogeneous patterns of RF repeatability. Nota-
bly, texture RFs from high-pass wavelet-filtered images discretized
with smaller bin numbers were more susceptible to image pertur-
bations (Fig. 2). After removing the volume-dependent RFs, the
low-repeatable features demonstrated less redundancy, but out-
come relevancy distributions were similar. The pattern remained
unchanged after the redundancy test. Similar prognostic perfor-
mance was achieved between the high and low-repeatable RFs
during model training (Table 2), while the low-repeatable RFs
5

yielded non-significant prognostic stratification on validation
(Fig. 4).

Our image preprocessing strategy, especially the homogeneous
resampling and gray-level discretization, aimed to minimize the
impact of inconsistent image resolutions and intensity levels on
feature repeatability and model performance from different scan-
ners and scanning settings within and across institutions. Previous
studies have shown the pronounced effect of pixel sizes on radio-
mic feature variability and suggested resampling to enhance the
robustness[31,32]. Gray-level discretization with a fixed bin
number could normalize the image intensities and reduce noise



Fig. 3. Time-dependent receiver operating characteristic curves of Cox regression models from low (blue, dashed)) and high repeatable (orange, solid) features on disease-
free survival (DFS). Results on one year, three years, and five years were plotted for both training and validation.
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simultaneously[33]. It is also recommended by the IBSI for prepro-
cessing image modalities with arbitrary intensities such as MRI
[28].

The observed wavelet RF repeatability pattern could be ascribed
to multiple factors, including the nature of wavelet filtering, image
resampling strategy, and perturbation settings. High-pass wavelet
filtering collects high-frequency signals and yields more heteroge-
neous pixel values. As demonstrated in Figure A2, images with
high-pass wavelet filters on more dimensions appeared more
heterogeneous, with fewer connected pixels with the same dis-
cretized intensity after binning. Notably, the wavelet-LLH image
was less heterogeneous than wavelet-HLL and wavelet-LHL, possi-
bly due to the larger slice thickness than in-plane resolution. The
uniform 1x1x1mm resampling process up-sampled images along
the axial direction, which may create artificial smooth textures.
Our perturbation algorithm alters the left–right and anterior-
posterior axes by rotation. It may induce drastic changes in pixel
distributions under high-pass wavelet filtering on the first two
dimensions while much less along the axial direction. It can also
be observed in Figure A2 where the texture of wavelet-LLH filtered
images was more similar under the two example perturbations
than wavelet-HLL and wavelet-LHL. Furthermore, a lower bin num-
ber may magnify the discrepancies of texture features due to the
smaller size of the gray-level matrix, which is consistent with the
results of a previous phantom study[34]. Similar patterns were
found in results reported by Larue et al. on a lung 4DCT, RIDER
test–retest, and 4D-OES dataset[22] where more statistical high-
pass wavelet RFs were highly repeatable than texture features.

The feature selection results suggest that the adopted redun-
dancy and outcome relevancy tests, which are standard
approaches in RF reduction, failed to identify the high-repeatable
RFs. As expected, a large portion of ROI volume-dependent features
6

were found to be highly repeatable under patient positioning vari-
ations, which agrees with previous studies on RF repeatability[35].
The outcome relevancy distributions were consistent between the
high and low-repeatable features, but larger differences in redun-
dancy patterns were found. Similar to the previous research[22],
a minimum correlation was found between the univariate predic-
tive power and feature repeatability. This suggests that either high
or low-repeatable RFs have an equal chance of correlating with the
prediction target. The low-repeatable features, which are ‘‘noisy”
by nature, are more likely to be independent, which may elucidate
our finding of the more low-redundant low-repeatable features.

Although the final feature number was strictly controlled, the
low-repeatable RFs still suffered severe false discovery. Satisfac-
tory prognostic model performance in training was achieved by
the high and low-repeatable RFs with a C-index of 0.67 and 0.65
(Table 2) respectively due to the stringent outcome relevancy test
criteria. The significant drop in internal testing performance sug-
gests poor internal generalizability, which is consistent with the
previous findings by Teng et al[27]. During external validation,
the high-repeatable features yielded slightly lower discriminability
of 0.63 in C-index, possibly due to inconsistent patient distribu-
tions between the two institutions. However, the low-repeatable
RFs showed minimum prognostic power on the unseen data with
C-index dropped to 0.57. Consequently, a much less significant sur-
vival curve separation of the validation cohort was achieved using
only low-repeatable features (P = 0.054), as suggested by Fig. 4.

Our study has limitations that need to be addressed in future
studies. First, the perturbation algorithm might not fully mimic
the positional variations as in real clinical scenarios owing to
technical challenges in simulating small deformations of the
patient’s body between positionings. Second, the prognostic model
performance, especially during validation, was slightly lower than



Fig. 4. Kaplan-Meier analysis of the low (G1) and high (G2) risk groups determined by the survival regression model from low-repeatable and high-repeatable features. Both
features yielded similar survival curves on training, but a non-significant separation was found on validation with low-repeatable features.
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previous radiomics research on NPC prognosis, where a range of C-
index between 0.72 to 0.85 for NPC survival prognosis was
reported[13]. This could be caused by the omission of clinical fac-
tors and lymph node tumor RFs in our final model. Nevertheless,
our study did not intend to construct the best-performing model
for clinical utility. Finally, several works were not accomplished
in our research to maintain comprehensiveness while minimizing
complexity. They include investigations under different imaging
modalities, cancer types, feature extraction settings, or in a phan-
tom study. We encouraged the community to carry out further
investigations and to consider extending this work in the future.
Conclusions

Most textural RFs from high-pass wavelet-filtered CET1-w MR
images of primary NPC tumor had poor repeatability under patient
position variations, especially under a smaller bin number dis-
cretization. The prognostic model developed by low-repeatable
RFs had significantly lower performance than high-repeatable
RFs in the validation cohort, suggesting poor cross-institutional
generalizability. We urge caution when handling high-pass
7

wavelet-filtered RFs and advise exclusive use of high-repeatable
RFs for prognostic model development to safeguard
generalizability.
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