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Abstract

Objectives Repeatability is crucial for ensuring the generalizability and clinical utility of radiomics-based prognostic
models. This study aims to investigate the repeatability of radiomic feature (RF) and its impact on the cross-
institutional generalizability of the prognostic model for predicting local recurrence-free survival (LRFS) and overall
survival (OS) in esophageal squamous cell cancer (ESCC) receiving definitive (chemo) radiotherapy (dCRT).

Methods Nine hundred and twelve patients from two hospitals were included as training and external validation sets,
respectively. Image perturbations were applied to contrast-enhanced computed tomography to generate perturbed
images. Six thousand five hundred ten RFs from different feature types, bin widths, and filters were extracted from the
original and perturbed images separately to evaluate RF repeatability by intraclass correlation coefficient (ICC). The
high-repeatable and low-repeatable RF groups grouped by the median ICC were further analyzed separately by
feature selection and multivariate Cox proportional hazards regression model for predicting LRFS and OS.

Results First-order statistical features were more repeatable than texture features (median ICC: 0.70 vs 0.42–0.62). RFs from
LoG had better repeatability than that of wavelet (median ICC: 0.70–0.84 vs 0.14–0.64). Features with smaller bin widths had
higher repeatability (median ICC of 8–128: 0.65–0.47). For both LRFS and OS, the performance of the models based on high-
and low-repeatable RFs remained stable in the training set with similar C-index (LRFS: 0.65 vs 0.67, p= 0.958; OS: 0.64 vs 0.65,
p= 0.651), while the performance of the model based on the low-repeatable group was significantly lower than that based
on the high-repeatable group in the external validation set (LRFS: 0.61 vs 0.67, p= 0.013; OS: 0.56 vs 0.63, p= 0.013).

Conclusions Applying high-repeatable RFs in modeling could safeguard the cross-institutional generalizability of the
prognostic model in ESCC.

Critical relevance statement The exploration of repeatable RFs in different diseases and different types of imaging is
conducive to promoting the proper use of radiomics in clinical research.
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Key Points
● The repeatability of RFs impacts the generalizability of the radiomic model.
● The high-repeatable RFs safeguard the cross-institutional generalizability of the model.
● Smaller bin width helps improve the repeatability of RFs.

Keywords Esophageal cancer, Radiomics, Repeatability, Local recurrence-free survival, Overall survival
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AApplying high-repeatable RFs in modeling could safeguard the
cross-institutional generalizability of prognostic model in ESCC.

Using high-repeatable radiomic features
improves the cross-institutional generalization
of prognostic model in ESCC receiving dCRT
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Introduction
Contrast-enhanced computed tomography (CECT) per-
formed routinely in clinical practice is widely used for
radiomic modeling in esophageal cancer (EC) patients
receiving definitive (chemo)radiotherapy (dCRT) [1–5]. It
is worth noting that the stability and generalization of the
radiomic model are the premises of its clinical translation,
which might be directly affected by the repeatability of the
radiomic feature (RF) [6].
A study of patients with head and neck cancer

demonstrated that using robust CT RFs to establish the
radiomic model significantly improves the robustness and
generalizability of survival prognosis [7]. Another study
provided further evidence that the radiomic model con-
structed by high-repeatable RFs from magnetic resonance
imaging (MRI) had improved cross-institutional general-
izability for disease-free survival in nasopharyngeal car-
cinoma [6]. It is necessary to carry out further
investigations to verify whether this conclusion can be

applied to other imaging modalities and cancer types.
However, there is a lack of research on the repeatability of
RF extracted from CECT in EC and its impact on cross-
institutional generalization of the radiomic model.
The spatial variation of the tumor, caused by the

uncertainties of scanning position and the inconsistencies
of the tumor delineation, may affect the repeatability of
RF [8–10]. While test-retest imaging, which involves
repeating scans on the same patient, is recommended for
assessing feature repeatability [11], it is not practical in the
clinical setting for EC patients receiving dCRT. To
address this limitation, a novel perturbation-based eva-
luation method for RF repeatability was proposed, which
demonstrated similar patterns of feature repeatability to
test-retest imaging [8]. Specifically, the image and mask
are perturbed by performing an affine transformation that
rotates them to simulate the effects of slight variations in
patient posture or scanning angles. Additionally, the mask
is perturbed through contour randomization by randomly
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selecting super voxels based on their overlap with the
original mask, mimicking the boundary changes in the
region of interest (ROI) due to imprecision in the seg-
mentation process. This perturbation-based evaluation
was effectively applied in non-small-cell lung cancer,
nasopharyngeal carcinoma, and head-and-neck squamous
cell carcinoma [6, 8]. Simulating uncertainties in the
spatial position of patient scans using random rotation
and inconsistencies in the delineation of regions of
interest via contour randomization might be an
effective perturbation-based method to evaluate RF
repeatability in EC.
This study aims to investigate the repeatability of

CECT-based RF via perturbation and its impact on the
cross-institutional generalizability of the prognostic
model for predicting local recurrence-free survival (LRFS)
and overall survival (OS) in EC receiving dCRT. This
study endeavors to demonstrate in EC that highly repea-
table RFs contribute to enhancing the reliability and
applicability of radiomic models, which might promote
the appropriate use of radiomics in clinical research of EC,
ultimately aiding in the advancement of personalized
therapeutic approaches and strengthening clinical
decision-making.

Methods
Patients
This study was approved by the Xijing Hospital Ethics
Committee (KY20222145-C-1). The requirement for
informed consent was waived because of a retrospective
study. The major pathological type of EC is esophageal
squamous cell carcinoma (ESCC), accounting for about
90% [12]. We enrolled ESCC patients who received dCRT
or radiotherapy between February 2009 and June 2020
from Xijing Hospital and Sichuan Cancer Hospital, and
collected their CECT images before radiotherapy. The
inclusion/exclusion criteria are shown in Supplemen-
tary A1. The procedure of treatment and follow-up for
LRFS and OS are described in Supplementary A2. Seven
hundred ninety-two patients from Xijing Hospital and 120
patients from Sichuan Cancer Hospital were included in
the training set and external validation set, respectively.

Imaging acquisition, preprocessing, and tumor
segmentation
The workflow is depicted in Fig. 1. The ESCC patients
underwent a standard chest CECT scanning with scan-
ners from the same manufacturer (Philips Healthcare,
Cleveland OH, USA). The details of imaging acquisition
and preprocessing parameters are shown in Tables S1 and
S2. The gross tumor volume (GTV) was delineated as the
region of interest (ROI) by one radiologist with five years
of clinical diagnosing experience via the ITK-SNAP

software (https://www.itksnap.org) and was corrected by
two radiologists with 10 years of experience.

Perturbation, RF extraction, and RF repeatability
assessment
The spatial variation of the tumor caused by the dif-
ferences in scanning position and the inconsistencies of
the tumor delineation was simulated by spatial rotation
and contour randomization, which were implemented
with the parameters listed in Table S2. In total, 6510
RFs were extracted from the original and the perturbed
images separately using PyRadiomics (https://pypi.org/
project/pyradiomics/), which followed the guidelines
proposed by the Image Biomarker Standardization
Initiative [13]. Specifically, 18 first-order and 75 textural
features were calculated from the original, 5 Laplacian-
of-Gaussian (LoG)-filtered and 8 wavelet-filtered ima-
ges, which were discretized by fixed bin width values of
8, 16, 32, 64, and 128 before feature extraction. Details
of feature extraction are described in Supplemen-
tary A3. The intraclass correlation coefficient (ICC) is a
statistical measure used to assess the reliability or
consistency of quantitative measurements made by
different raters or under different conditions, which is
used to qualify RF repeatability [14, 15]. The one-way,
random, absolute-agreement ICC of each RF was cal-
culated by using values of this feature extracted from
original and disturbed images of the training set. The
value of ICC ranges from 0 to 1. A high ICC value
indicates that the RF is robust and repeatable. The
larger the value, the higher the repeatability.

RF grouping and selection
The procedure of RF grouping and selection is also
shown in Fig. 1. Primary tumor volume has been
recognized as a reliable prognostic factor. In order to
minimize the potential analytical bias caused by features
strongly correlated with volume, we first conducted the
volume dependency test with the square of the Pearson
correlation coefficient (r2) greater than or equal to 0.6 as
the criterion to remove RFs that were highly correlated
with the mesh volume of the tumor. The volume-
independent features were then equally grouped into
high-repeatable and low-repeatable RF groups with the
median ICC as the cutoff value, which were used to
evaluate the impact of RF repeatability on the cross-
institutional generalizability of the prognostic model.
These two groups of features were analyzed separately in
subsequent feature selection and prognostic model
construction for predicting LRFS and OS. To simplify
the model and reduce the possibility of overfitting, three
steps including the redundancy test, survival relevancy
test, and the least absolute shrinkage and selection
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operator (LASSO) Cox regression were used for feature
selection, which is described in Supplementary A4.

Performance comparison of radiomic models based on
high- and low-repeatable RF groups
For LRFS and OS, feature selection and prognostic model
construction were performed in both high- and low-
repeatable groups, respectively. The features selected by
LASSO were used to construct a prognostic model by
multivariate Cox proportional hazards regression based on
the training set, which was further validated in the valida-
tion set. The C-index was used to evaluate the performance
of the model in the training set and validation set, and the
area under the receiver operator characteristic curve (ROC)
(AUC) was used to evaluate the classification ability at
different time points including 1-year, 2-year, 3-year, and
5-year. Moreover, the prediction result of the model was
used as the prognostic signature, and the median value of

the training set was chosen as the threshold to stratify
patients in both the training and validation sets into high-
risk group and low-risk group, respectively. Kaplan–Meier
analysis and log-rank test were used to evaluate the risk
stratification ability.

Performance comparison of radiomic models based on
different thresholds of ICC
The bin width with the maximum average ICC might be
suggested when extracting RFs from CECT in ESCC to
obtain more repeatable features for construction of the
radiomic model. Moreover, the choice of ICC threshold
affects both model generalization and prognostic per-
formance. Choosing too low of a threshold may fail to
eliminate unstable features, leading to poorer model
generalizability. Conversely, setting the threshold too
high may exclude too many potentially informative
prognostic features, resulting in a decrease in model

Fig. 1 The workflow of the study. The images were preprocessed by the unified mediastinal window and resampled by 1 × 1 × 1mm3, and the tumor
was manually segmented. The spatial variation simulated by spatial rotation and contour randomization was implemented to generate image and ROI
with perturbation. The 6510 RFs were extracted from the tumor and perturbed tumor separately to evaluate RF repeatability using ICC. The volume-
independent features were equally grouped into high-repeatable and low-repeatable RF groups by the median ICC, which were further analyzed
separately by multi-step feature selection and multivariate Cox proportional hazards regression model construction for predicting LRFS or OS. The
C-index, time-dependent ROC, and Kaplan–Meier analysis were used to evaluate the prognostic performance of the model
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performance. Therefore, we evaluated the performance
and generalizability of models constructed at different
ICC thresholds ranging from 0 to 1 in steps of 0.05, to
select a reasonable threshold for constructing the final
radiomic model.

Prognostic performance of the clinical, radiomic, and
fusion models
Univariate Cox regression analysis was performed on the
training set to screen clinical factors related to survival,
which served as inputs to multivariate Cox regression
analysis to construct the clinical model. The performance
of the clinical model, the final radiomic model, and the
fusion model combining the clinical factors and the
radiomic signature calculated by the radiomic model were
measured quantitatively using the C-index in training and
validation sets.

Results
Patient characteristics
The clinical characteristics of the training set from Xijing
Hospital and the external validation set from Sichuan
Cancer Hospital were listed in Table 1, and the median
follow-up time was 75.0 and 46.7 months, respectively.
The survival curves of LRFS and OS in training and
validation sets are shown in Fig. S1.

Results of RF repeatability evaluation
Six thousand five hundred ten RFs were calculated from
the original and the perturbed images separately. The ICC
value of each RF pair was evaluated and the mean ICC of
RFs from different feature types, different bin widths and
different filters was assessed (Fig. 2). The first-order fea-
tures from images processed by LoG filtering and smaller
bin width were more repeatable, while texture features
from images processed by wavelet filtering and larger bin
width showed lower repeatability (Fig. 2A). In particular,
RF from LoG filters had a good repeatability with the
median ICC: 0.70–0.84, which increased with larger sigma
(Fig. 2B). For wavelet filters, low-pass filter (LLL) had a
higher repeatability with the median ICC of 0.64, and
high-pass filter (HHH) had a lowest repeatability with the
median ICC of 0.14. The repeatability of the original
image was moderate with the median ICC of 0.54. For
different bin widths, the features with parameters 8 had
the highest repeatability with the median ICC of 0.65,
which decreased with the increase of bin width (median
ICC: 0.65–0.47) (Fig. 2C). For different feature types, first-
order statistical features were more repeatable (median
ICC: 0.70) than texture features (median ICC: 0.42–0.62),
while NGTDM texture features had the lowest repeat-
ability (median ICC: 0.42) (Fig. 2D).

Results of high- and low-repeatable RF selection
The relationship between ICC and volume correlation r2

of all RFs is shown in Fig. S2. The removed volume-
related 540 RFs had higher ICC values and stronger mean
prognosis correlation than the retained 5970 RFs (median
ICC: 0.89 vs 0.54; median − log2p: 28.13 vs 4.64). Then,
the median ICC of 0.535 was used to divide the remaining
5970 RFs into a high-repeatable group (2985 RFs) and a
low-repeatable group (2985 RFs).
The correlation of each retained RF with the rest of the

features and its relationship to LRFS and OS was shown in
Figs. S3 and S4, separately. One hundred and eighty-two
high-repeatable RFs (182/2985) and 435 low-repeatable
RFs (435/2985) passed the redundancy test, respectively.
Then, 96 of high-repeatable RFs (96/182) and 169 of low-
repeatable RFs (169/435) passed the LRFS correlation test
(Fig. S5), while 99 of high-repeatable RFs (99/182) and
176 of low-repeatable RFs (176/435) passed the OS

Table 1 Characteristics of patients in the training and
validation sets

Characteristics Training (792) Validation (120) p

Age, (years) < 0.05

< 70 492 (62.12) 101 (84.17)

≥ 70 300 (37.88) 19 (15.83)

Gender 0.77

Male 587 (64.02) 91 (75.83)

Female 205 (25.88) 29 (24.17)

PS < 0.05

0–1 507 (64.02) 50 (41.67)

2–3 285 (35.98) 70 (58.33)

Location < 0.05

Cervical/upper 168 (21.21) 58 (48.33)

Middle 298 (36.63) 46 (38.33)

Lower 326 (41.16) 16 (12.33)

Tumor length, (cm) 0.15

< 6 470 (59.34) 80 (66.67)

≥ 6 322 (40.66) 40 (33.33)

T 0.06

1–3 554 (69.95) 73 (60.83)

4 238 (30.05) 47 (39.17)

N < 0.05

0–1 642 (81.06) 53 (44.17)

2–3 150 (18.94) 67 (55.83)

PGTV dose, (Gy) < 0.05

< 60 409 (51.64) 24 (20)

≥ 60 383 (48.36) 96 (80)

Concurrent chemotherapy < 0.05

Without 160 (20.20) 10 (8.33)

With 632 (79.80) 110 (91.67)

The data is presented as numbers and percentages [n (%)]. The p values were
calculated by the chi-square test
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Fig. 2 The distribution of ICC of RFs in different subgroups. A The mean ICC of RFs in different subgroups. The ICC of RFs extracted from different image
filters (B), bin widths (C), and feature types (D)
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correlation test (Fig. S6). Based on LASSO, 26 high-
repeatable and 25 low-repeatable RFs were separately
selected for predicting LRFS, and 16 high-repeatable and
14 low-repeatable RFs were separately selected for pre-
dicting OS (Fig. S7). These four groups of RFs are detailed
in Table S3–S6, and were used to construct multivariate
Cox models for predicting LRFS and OS.

Prognostic performance of models based on high- and low-
repeatable RFs
The performance of the multivariate Cox model based on
high- and low-repeatable RFs remained stable in the
training set, and C-index was similar (C-index for LRFS:
0.65 vs 0.67, p= 0.958; OS: 0.64 vs 0.65, p= 0.651)
(Table 2). The signatures from the two models had a
similar ability to screen patients with a high risk of local
recurrence or death (hazard ratio (HR) for LRFS: 2.36 vs
2.51; OS: 2.1 vs 2.5), as shown in Fig. 3A, B, E, and F. The
time-dependent AUC values were also similar between
the high- and low-repeatable groups in the training set
(Table 2), and the time-dependent ROCs were shown in
Fig. S8A, C. However, in the external validation dataset,
the model based on the high-repeatable group maintained
similar performance to the training set, while the per-
formance of the low-repeatable group was reduced. The
C-index of the model developed by the high-repeatable
group was significantly higher than that of the model
developed by the low-repeatable group (C-index for LRFS:
0.67 vs 0.61, p= 0.013; OS: 0.63 vs 0.56, p= 0.013)
(Table 2). Moreover, the signature from the low-
repeatable RF model had a weaker ability to screen
patients with high risk of local recurrence than that from
the high-repeatable RF model in the external validation

set (HR: 2.2 vs 3.6), as shown in Fig. 3C, D. The signature
from the low-repeatable RF model had a weaker ability to
screen patients with high risk of death than that from the
high-repeatable RF model in the external validation set
(HR: 1.5 vs 2.4), as shown in Fig. 3G, H. The time-
dependent AUC of the model based on the low-repeatable
group was also lower than that based on the high-
repeatable group in the validation set, as shown in Table 2
and Fig. S8B, D.

Prognostic performance of the clinical, radiomic, and
fusion models
Whether LRFS or OS, clinical factors including age,
tumor location, tumor length, T stage, and concurrent
chemotherapy were selected by univariate analysis
(p < 0.05) and were used to construct the clinical models
(Table S7). The RFs extracted by bin width of 8 were used
to evaluate the performance of models based on different
thresholds of ICC for predicting LRFS or OS (Fig. 4A, B).
The ICC threshold was set as 0.6 to guarantee model
performance and generalization. The performance of the
clinical, radiomic, and fusion models and the comparison
were summarized in Table 3. The dynamic nomograms of
the fusion models are available online at https://eclrfs.
shinyapps.io/RF_repeatability_LRFS/ and https://eclrfs.
shinyapps.io/RF_repeatability_OS/, which could inter-
actively calculate the specific LRFS and OS probability of
ESCC received dCRT, respectively.

Discussion
In this study, we investigated the repeatability of CECT-
based RF via spatial perturbation and demonstrated its
impact on the cross-institutional generalizability of the

Table 2 Prognostic performance of the high-repeatable features-based Cox model (high), the low-repeatable features-based Cox
model (low) in training and validation sets

Endpoint Metric Training Validation

High Low p High Low p

LRFS C-index 0.65 (0.62–0.67) 0.67 (0.64–0.69) 0.958 0.67 (0.61–0.73) 0.61 (0.55–0.67) 0.013

1-y AUC 0.70 (0.66–0.73) 0.69 (0.65–0.73) 0.917 0.75 (0.66–0.84) 0.63 (0.53–0.73) 0.004

2-y AUC 0.70 (0.66–0.74) 0.71 (0.67–0.75) 0.452 0.79 (0.70–0.87) 0.70 (0.60–0.80) 0.024

3-y AUC 0.68 (0.64–0.72) 0.70 (0.67–0.75) 0.130 0.79 (0.70–0.88) 0.71 (0.61–0.82) 0.123

5-y AUC 0.63 (0.58–0.68) 0.69 (0.64–0.74) 0.005 0.72 (0.56–0.88) 0.58 (0.45–0.70) 0.145

OS C-index 0.64 (0.62–0.67) 0.65 (0.62–0.67) 0.651 0.63 (0.57–0.69) 0.56 (0.50–0.63) 0.013

1-y AUC 0.69 (0.65–0.73) 0.69 (0.65–0.73) 0.938 0.66 (0.55–0.77) 0.58 (0.46–0.70) 0.095

2-y AUC 0.68 (0.64–0.72) 0.68 (0.64–0.72) 0.899 0.68 (0.57–0.78) 0.58 (0.48–0.69) 0.045

3-y AUC 0.66 (0.62–0.70) 0.68 (0.64–0.72) 0.546 0.69 (0.58–0.80) 0.58 (0.46–0.71) 0.072

5-y AUC 0.61 (0.56–0.66) 0.66 (0.61–0.71) 0.007 0.73 (0.59–0.99) 0.59 (0.35–0.84) 0.300

p values were calculated by the Student t-test for the comparison of the C-index of high and that of low or the DeLong’s test for the comparison of the AUC of high
and that of low
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prognostic model for predicting LRFS and OS in ESCC
receiving dCRT. The first-order features from images
processed by LoG filtering and smaller bin width were
more repeatable, while texture features from images
processed by wavelet filtering and larger bin width were
less repeatable. The high- and low-repeatable RFs
remained similar prognostic performance in the training
set (p > 0.05), while the performance of the model based
on the low-repeatable RF group was significantly lower
than that based on the high-repeatable RF group in the
external validation set (p < 0.05). The high-repeatable RFs
for modeling could safeguard the cross-institutional

generalizability of the prognostic model for wide-
spreading clinical utilization in EC.
This study is the first to assess the impact of CECT-

based RF repeatability via spatial perturbation on the
cross-institutional generalization ability of prognostic
models in EC. Having two repeat scans of the same
patient is recommended to assess the repeatability of
features [11]. However, test-retest imaging is not feasible
in clinical practice for EC patients receiving dCRT
because of tumor shrinkage or potential radiation damage.
Moreover, manual segmentation of the same tumor
multiple times is often used to select highly repeatable

Fig. 4 The C-index of models based on different thresholds of ICC for predicting LRFS (A) or OS (B)

Fig. 3 The Kaplan–Meier survival analyses of different LRFS and OS risk groups for high- and low-repeatable groups in training and validation sets. LRFS
curves for high-repeatable groups in the training set (A), low-repeatable groups in the training set (B), high-repeatable groups in the validation set (C),
and low-repeatable groups in the validation set (D). OS curves for high-repeatable groups in the training set (E), low-repeatable groups in the training set
(F), high-repeatable groups in the validation set (G), low-repeatable groups in the validation set (H)

Gong et al. Insights into Imaging          (2024) 15:239 Page 8 of 11



features but is time-consuming and laborious [9]. These
objective factors may lead to the lack of investigations
about the impact of RF repeatability in EC. However, the
data perturbation simulation technique proposed by
Zwanenburg et al [8] might be an effective solution and
has been successfully applied to the studies of the RF
repeatability in non-small cell lung cancer, nasophar-
yngeal carcinoma, and head and neck squamous cell
carcinoma [6, 8]. We also evaluated the repeatability of RF
in EC using the perturbation-based method.
The trend of RF repeatability of different feature types,

filters, and bin widths in EC is consistent with previous
studies [6]. The repeatability of first-order statistical fea-
tures is higher than that of texture features. These features
are not influenced by the spatial arrangement of the pixels,
making them less sensitive to small variations in the image.
In different filters, LoG is more repeatable than wavelet,
and the repeatability improves with the increase of sigma
[16]. This observation can be attributed to the smoothing
effect of the LoG filter, which reduces noise and enhances
edges, potentially leading to more stable features. Addi-
tionally, we noted that the repeatability of features
improved as the sigma value increased. A higher sigma
value corresponds to a larger scale of the filter, which can
further reduce noise and enhance the robustness of the
extracted features [17]. Among wavelet filters, high-pass
filters do have lower repeatability because of their sensi-
tivity to minute variations in the image [11, 18]. In addition,
a larger width of the bin results in more gray values mer-
ging, which may result in a loss of texture information and
lead to greater changes in texture features. Although dif-
ferent studies may use different methods to evaluate the RF
repeatability for different diseases [7, 8, 16], the consistent
trend reflects the generalization of RF repeatability. The RF
may have similar repeatability in different tumors due to its
definition, but validation in specific situations is still
necessary for helping the conclusion generalization and
clinical application.

This study provided direct evidence that CECT-based
RF repeatability affects the cross-institutional general-
ization of the prognosis model in ESCC. For both OS and
LRFS prediction, the prognostic performance of the high
and low-repeatable RF groups was similar in the training
set, while the external validation performance of the
model from the low-repeatable RF group was significantly
reduced. Previous studies have proposed the effect of
enhanced magnetic resonance feature repeatability on the
generalization performance of disease-free survival based
on nasopharyngeal carcinoma [6]. In this study, contrast-
enhanced CT was also used to verify different prognostic
endpoints including LRFS and OS in EC, adding more
evidence for the conclusion that feature repeatability
might affect the generalization of the prognostic model.
Providing further evidence for more diseases, more
modalities and more endpoints is to be encouraged. The
establishment of a pan-cancer feature list with high
repeatability may be helpful for subsequent radiomics-
related studies to build more stable models that are more
suitable for clinical application.
In the high-repeatable group, features mainly from

Firstorder and GLCM classes are more likely to capture
stable and meaningful information about the underlying
tissue structure and pathology, making them suitable for
clinical application and model building. In contrast, the
low-repeatable group includes more GLRLM, GLSZM,
and NGTDM features, which capture more variable
information about the size and distribution of homo-
geneous regions. Although these features may provide
insights into the complexity of the tumor microenviron-
ment, their low repeatability severely limits their feasi-
bility for model building. In any case, the clinical utility of
a diagnostic or prognostic tool should prioritize stability
and reliability.
There are still some limitations. This study only inclu-

ded data from two centers for the analysis of RF repeat-
ability and its impact on model generalizability in ESCC.

Table 3 The C-index of the clinical model, the final radiomic model, and the fusion model in training and validation sets for
predicting LRFS or OS

Endpoint Model Training Validation

C-index p C-index p

LRFS Clinical model 0.62 (0.59–0.65) 0.60 (0.0.53–0.68)

Radiomic model 0.65 (0.62–0.67) 0.026 0.65 (0.59–0.72) 0.112

Fusion model 0.67 (0.65–0.70) < 0.001 0.65 (0.0.58–0.71) 0.072

OS Clinical model 0.62 (0.59–0.65) 0.57 (0.50–0.64)

Radiomic model 0.64 (0.61–0.66) 0.137 0.64 (0.58–0.71) 0.024

Fusion model 0.66 (0.64–0.69) < 0.001 0.60 (0.53–0.66) 0.107

p values were calculated by the Student t-test to compare the C-index of radiomics-related models with that of the clinical model
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Future research should involve larger samples, more
centers, and diverse clinical scenarios to validate our
findings and explore other factors affecting model gen-
eralizability. Although the perturbation algorithm is fea-
sible and effective as a feature stability assessment for
exploratory analysis, future prospective experiments are
still needed to further validate our results in a real-world
scenario. Moreover, many factors such as acquisition [19],
reconstruction [20], or preprocessing [21, 22] also affect
the feature repeatability [23]. It is necessary to further
explore the influence of various processing steps to
minimize the interference to the features. Finally, radio-
mics has the potential to predict the prognosis of EC. The
fusion model with added radiomics was superior to the
clinical model, but the external validation set might be
limited by sample size or clinical differences in patient
distribution, resulting in insignificance. So we developed
online nomograms to encourage more centers to validate
the results for improving the reliability of our models.
Moreover, the performance of prognostic models based
on radiomics is often limited in cancer research
[2, 24–26], which might be attributed to a combination of
factors, including data heterogeneity, limited sample size,
feature selection, and stability issues, clinical complexity,
external validation challenges, and technological limita-
tions. Rigorous data collection, selection of repeatable
features, model validation, and multicenter collaboration
help improve the performance and clinical applicability of
prognostic models. From the perspective of data infor-
mation and technology, considering subregional radio-
mics, deep learning algorithms, multimodal images or
other omics information might improve the performance
of the model [2, 24–28].

Conclusion
In conclusion, we provided evidence that highly repea-
table RFs could safeguard the cross-institutional general-
izability of prognostic models and improve the prognostic
performance of clinical models in ESCC. We recommend
conducting a systematic assessment of RF repeatability
and incorporating only highly repeatable features into
predictive models to enhance their generalizability and
clinical applicability.
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