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Radiomics feature is a risk factor for locally
advanced cervical cancer treated using
concurrent chemoradiotherapy based

on magnetic resonance imaging:
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Abstract

Background Although concurrent chemoradiotherapy (CCRT) is the standard treatment strategy for locally
advanced cervical squamous carcinoma (LACSC), there are still individual differences. It is of vital importance to
establish a radiomics-based model for predicting overall survival (OS) of LACSC patients treated using CCRT, and
evaluating the feasibility of adjuvant chemotherapy (ACT).

Methods 122 LACSC patients were retrospectively analyzed who underwent pelvic MRI before standard CCRT
between January 2013 and September 2016, including 85 patients in training set and 37 patients in testing set. 3D
Slicer was used to segment images and extract features. IPMs software was used to select features and construct
radscore. We selected the group with the largest area under the curves as the best result from 150 feature subsets
and corresponding radscore. A nomogram was established using univariate and multivariate Cox analyses. We used
Shapley Additive Explanations (SHAP) for further interpretation of the nomogram. Kaplan-Meier curves demonstrated
the associations of radscore and clinical characteristics with OS and ACT.

Results Radscore was a prognostic factor (P=0.001) which constructed using 10 radiomics features influencing

the OS of patients with LACSC treated using CCRT. The radiomics-clinical model estimated OS (training, C-index:

0.761; testing, C-index: 0.718) more accurately than the clinical (training, C-index: 0.745; testing, C-index: 0.708) and
radiomics models (training, C-index: 0.702; testing, C-index: 0.671). Radscore has the greatest impact on the prognosis
of LACSC patients. We combined radscore and clinical factors to obtain risk scores. There was a better OS rate

among low-risk patients than among high-risk patients (training, P=0.034; testing, P=0.003). Compared with CCRT,
ACT + CCRT did not improve prognosis (high-risk patients, P=0.703; all patients, P=0.425).

Conclusions Radscore independently predicted OS in LACSC. The radiomics-clinical nomogram improved
individualized OS estimation. Patients did not benefit from ACT.
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Introduction

Cervical cancer is a common gynecological malignant
tumor, which seriously threatens women’s health. The
disease is locally advanced in 35% of cervical cancer
patients when they are diagnosed [1]. Concurrent radio-
therapy combined with platinum-based chemotherapy
is the standard treatment for locally advanced cervi-
cal squamous carcinoma (LACSC). However, there is a
high risk of local recurrence and distant metastasis, and
the 5-year overall survival (OS) rate is only 17.6% [2].
To improve the survival of LACSC patients, clinicians
have attempted multiple strategies, including increased
radiation dose, adjuvant chemotherapy (ACT), and tar-
geted therapy [3]. However, there are still differences in
the efficacy of the same treatment regimen for different
patients, and the addition of adjuvant therapy also poses
additional adverse side effects and economical burdens
for patients and their families. Therefore, it is urgent for
clinicians to determine a biomarker that can predict the
efficacy of concurrent chemoradiotherapy (CCRT) in
patients with LACSC.

The therapeutic effect of ACT after CCRT for LACSC
is controversial. Duenas-Gonzalez et al. [4] reported
that ACT could reduce the risk of distant metastasis.
Another study reported that ACT significantly improved
the 3-year distant metastasis-free survival rate of patients
with stage IIICIr cervical cancer [5]. Choi et al. [6] con-
firmed the efficacy of ACT, but noted that its toxicity
and side effects were severe. The feasibility of ACT after
CCRT is uncertain, and this treatment is not suitable for
all cervical cancer patients [7-9]. Therefore, identifying
patients who require ACT after CCRT is challenging and
necessary.

Radiomics is a novel scientific field in which large
amounts of high-dimensional quantitative features are
extracted from medical images, and then correlations
between these features are mined to aid in determining
diagnosis or prognosis [10]. Compared with conventional
radiography in which analysis is usually performed by
visual inspection, radiomics introduces an innovative
way to mine medical images for more detailed informa-
tion, and is expected to provide valuable information for
accurate treatment and prognosis assessment [11]. Thus
far, we could use radiomics to predict the conditions of
cervical cancer patients, such as tumor stage, histologi-
cal tumor type, tumor recurrence, and OS [12]. How-
ever, few studies have applied radiomics to predict the
survival of LACSC patients after CCRT. Thus, we aimed
to develop a new prognostic model for cervical cancer
after CCRT by combining radiomics features and clinical
characteristics. Furthermore, we aimed to use this model

to determine whether ACT is beneficial in patients with
LACSC after CCRT.

Methods

Patients and clinical characteristics

In this study, there were 122 patients diagnosed with
LACSC and treated using CCRT at Harbin Medical
University Cancer Hospital Department of Gyneco-
logical Radiotherapy from January 2013 to September
2016 (Fig. 1). The inclusion criteria were as follows: (1)
LACSC as confirmed by cervical biopsy (International
Federation of Gynecology and Obstetrics [FIGO] 2018
stages IB3-1VB), (2) magnetic resonance imaging (MRI)
within 14 days before treatment (including at least pelvic
T2-weighted imaging [T2WT1]), (3) treated using CCRT,
(4) no history of radiotherapy or chemotherapy, and (5)
available clinicopathological data. The exclusion crite-
ria were as follows: (1) unsatisfactory MRI scans (image
loss, poor quality, or no pelvic T2WI), (2) non-standard
treatment (total dose of external radiotherapy <45 Gy or
no cisplatin-containing CCRT), and (3) incomplete case
information. We collected clinical characteristics from
patients’ medical records, including age, SCC antigen
level, FIGO stage and tumor size, and re-evaluated all
patients using FIGO 2018 stages.

Treatment and follow-up

All patients received CCRT consisting of pelvic exter-
nal radiation therapy, concurrent platinum-containing
chemotherapy, and brachytherapy. Five times a week,
1.8 Gy were delivered for a total of 45-50 Gy performed
with Intensity-modulated radiation therapy (IMRT).
Metastatic lymph nodes in stage IIIC1 patients were
treated with radical dose radiotherapy with Simultane-
ously Integrated Boosted (SIB). Combined with brachy-
therapy, the local dose of cervix could also reach the
radical dose. A weekly dose of cisplatin (40 mg/m?) was
administration intravenously with radiotherapy (day 1).
An intravitreal brachytherapy protocol was used with
4-6 fractional delivering 6-7 Gy and a total 30-36 Gy
at point A. For patients with SCC>10ng/mL and FIGO
2018 staging beyond stage IIIB, ACT with paclitaxel plus
cisplatin or paclitaxel plus carboplatin was given 21 days
after the end of CCRT for 1 cycle every 21 days for 2 to 3
cycles. The treatment plan was adjusted according to the
patient’s health status and blood indicators. The endpoint
of OS was defined as the period of time between the start
of treatment and death from any cause. The hospital
follow-up center followed up the patients every month,
every three months and every six months, and told the
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195 cervical cancer patients received CCRT
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122 patients were included

Fig. 1 Flow chart of patient recruitment

Fig. 2 Tumor segmentation on every slice showing the tumor. (A) Raw images. (B) Corresponding tumor segmentation

patients to review regularly. Patients were monitored
until September 2021.

MRI protocol

In all cases, routine pelvic MRI was administered within
14 days before the treatment. Axial pelvis MRI was per-
formed using a clinical whole-body scanner (Philips
Ingenia 3.0T) and a phased-array 16-channel sensitivity
encoding abdominal coil. The scanning parameters were
as follows: repetition time, 2700 ms; echo time, 90 ms;
field of view, 280 x431 mm; matrix, 340 x 374; 32 slices;
and slice thickness, 6 mm. In a supine position, patients
were introduced to maintain stable breathing to reduce
respiratory interference. An entire pelvis was covered by
the scan. Because of the differences in scan protocol, we
only selected relatively consistent T2W1 for the study.

Radiomics analysis: image segmentation
A radiologist (YYY, with 5-year experience) used 3D
Slicer (version 4.11.20200930, https://www.slicer.org) for

the manual segmentation of axial T2W1I that covered the
total tumor area, while avoiding areas of necrosis or hem-
orrhage, and adjacent vessels as much as possible (Fig. 2).
And subsequently the segmentation was reviewed by a
radiologist (HXZ) with >20-year experience.

Radiomics analysis: feature extraction

Radiomics features were automatically calculated by 3D
Slicer (version 4.11.20200930). Totally, 851 radiomics
features were extracted from axial MRI scans, including
(1) shape features, such as major axis length, sphericity
and voxel volume; (2) first-order features, such as energy,
interquartile range, mean absolute deviation, range, and
root mean squared; and (3) texture features, such as gray-
level co-occurrence matrix (GLCM), neighborhood gray-
tone difference matrix, and gray-level dependence matrix
(GLDM).


https://www.slicer.org
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Radiomics analysis: feature selection

We used univariate and multivariate Cox proportional
risk models to select features associated with survival by
IPMs software (version 2.4.3). IPMs is a software devel-
oped to simplify the statistical analysis progress, which
was developed by Precision Health Institution of GE
Healthcare. Cox proportional risk model was univari-
ately significant at 0.05. We randomly divided patients
into training set and testing sets. In the training data-
set, optimal feature subsets were used to develop a Cox-
based radscore model. In total, we obtained 150 feature
subsets and their corresponding radscores. After plot-
ting the receiver operating characteristic (ROC) curve on
survival, the group with the largest area under the curve
(AUC) was chosen as the best result.

Prognostic model construction

The cutoff values of factors were determined by ROC
curves based on the Youden index, and Kaplan—Meier
curves generated for OS. Kaplan—Meier curves were
compared using the log-rank test. Significant clinical
variables were identified using univariate and multivari-
ate Cox regression models (P<0.05). We developed a
nomogram to predict an individual’s OS in order to facili-
tate clinical use.

Statistics

All statistical analyses of radiomics data in the present
study were performed using R software (version 3.5.1)
and Python software (version 3.11). RStudio (version

Table 1 Patient characteristics

Characteristic Training set Testing set Pvalue
(n=85) (n=37)
Age (years) 56.4+8.5 60+10.5 0.206
FIGO stage (2018) 0.570
1B 3 (3.5%) 0 (0%)
A 0 (0%) 1(2.7%)
1B 33 (38.8%) 12 (32.4%)
A 4 (4.7%) 2 (54%)
1B 33 (38.8%) 16 (43.2%)
(e 10 (11.8%) 4(10.8%)
IVB 2 (24%) 2 (54%)
Tumor size 0.657
<30 mm 17 (20%) 8 (21.6%)
>30 mm 68 (80%) 29 (78.4%)
SCC antigen 0.549
<4.7 ng/mL 33 (38.8%) 17 (45.9%)
>4.7 ng/mL 52 (61.2%) 20 (54.1%)
Adjuvant chemotherapy 0.263
Yes 66 (77.6%) 25 (67.6%)
No 19 (22.4%) 12 (32.4%)
Pvalue 0.196 0.243

FIGO, International Federation of Gynecology and Obstetrics; SCC, squamous
cell carcinoma
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4.1.2) was used for model construction, C-index calcula-
tion, and calibration curve plotting. C-indices and 95%
confidence intervals (CIs) were used to quantify and
compare the discrimination between each model. Pre-
dicted and observed probabilities were evaluated using
calibration curves. We used R packages, including rms,
survival, and Hmisc, in this study. Pycharm-commu-
nity-2023.3.4 was used for Shapley Additive Explana-
tions (SHAP). Cutoff values of radscore, SCC antigen
level, FIGO stage and tumor size were determined using
Medcalc software (version 11.4.2.0). The probabilities of
OS was estimated by the Kaplan-Meier method and com-
pared using log-rank test. IBM SPSS software (version
25) was used to perform all survival analyses and COX
regression analyses, and Graphpad Prism10 software was
used for plotting. It was statistically significant when the
Pvalue was less than 0.05.

Results

General characteristics of training and testing sets

As shown in Table 1, the 122 enrolled patients had the
following characteristics. All patients had an ECOG per-
formance status 0 or 1. The patients were randomly clas-
sified into a training set (n=85) and a testing set (n=37)
using IPMs software. There were no significant differ-
ences between the training and testing sets. And there
were no significant differences between patients with and
without ACT in both training and testing sets.

Constructing radiomics signatures based on feature
selection

A total of 10 radiomics features were considered as fac-
tors influencing the survival of patients with LACSC
treated using CCRT: major axis length, large area high
gray level emphasis, run length nonuniformity normal-
ized, informational measure of correlation, Matthews
correlation coefficient, zone variance, cluster shade,
dependence variance, large dependence low gray level
emphasis and large area low gray level emphasis.

Using the above features, we constructed a radscore
model. The median radscore was -0.0586, and ROC
curve analysis showed that the best cutoff threshold
of the radscore was -0.3557 (AUC=0.677). Using this
optimum threshold, patients were divided into low- rad-
score (< -0.3557) and high- radscore (> -0.3557) groups.
We found that in the training set, radscore was signifi-
cantly associated with OS (P=0.010), and this result was
confirmed in the testing set (P=0.010) according to the
Kaplan—Meier survival curves (Fig. 3).

Clinical characteristic selection

ROC curves showed that the best cutoff threshold of
squamous cell carcinoma (SCC) antigen was 4.7 ng/mL
(AUC=0.748). According to the Kaplan—Meier curves
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Fig. 3 Kaplan—-Meier survival curves of radiomics signature. Stratified according to radscore, for patients in the training set (A) and testing set (B). Blue
represents patients with radscore < -0.3557, and red represents patients with radscore > -0.3557

(Fig. 4A, B), both training set and testing set showed sig-
nificant association between SCC antigen level and OS
(P=0.007, P=0.016, respectively). Figure 4C, D showed
the Kaplan—Meier survival curves for the FIGO stage in
the training set and testing set. The Pvalues were 0.009
and 0.193, respectively. For tumor size, ROC curve anal-
ysis showed that the best cutoff threshold was 30 mm
(AUC=0.585). Based on the Kaplan—Meier curves esti-
mation of the testing set, a significant difference in OS
was found between two groups (P=0.041; Fig. 4E). In
the training set, smaller tumors (<30 mm) exhibited bet-
ter survival than larger tumors (>30 mm), but there was
no statistically significant difference (P=0.189; Fig. 4F).
FIGO stage (P=0.052) and SCC antigen level (P=0.004)
independently predicted OS in a multivariate Cox analy-
sis (Table 2).

Performance and validation of predictive models
According to the above results, we developed three pre-
diction models: a radiomics model, a clinical model, and
a combined model. Training and testing sets of the clini-
cal model had C-indices of 0.745 (95% CI: 0.645-0.845)
and 0.708 (95% CI: 0.573— 0.843), respectively. According
to the training and testing data, the C-indices were 0.702
(95% CI: 0.584-0.821) and 0.671 (95% CI: 0.536-0.806)
for the radiomics model. Using the clinical and radiomics
model together, we achieved a C-index of 0.761 (95%
CI: 0.655-0.867) in the training set and 0.718 (95% CI:
0.579-0.857) in the testing set (Table 3). Based on the
clinical characteristics and radscore, a nomogram could
be developed to predict the OS probability individually
(Fig. 5A, B). Calibration curves indicated that predicted
OS and actual OS were highly correlated (Fig. 5C, D).

SHAP

SHAP can explain the output of any machine learning
model. Therefore, we used SHAP to increase the inter-
pretability of the clinical-radiomics model in this study.
Figure 6A is SHAP feature summary plots are summary
plots of the influence of features on combined model
and interactions between clinical characteristics and
radiomics features. A positive SHAP value indicates
an increased risk of predicting poor prognosis and vice
versa. The higher the value, the higher the risk of poor
prognosis. Each point corresponds to one predicted value
for the participant. Figure 6B is SHAP bar chart which
shows how each feature contributes to the overall pre-
diction result, and the length of the bar represents the
contribution size. We could find radscore plays the most
important role in predicting OS of LACSC patients.

Kaplan-Meier survival analysis

We combined the FIGO stage, SCC antigen level, and
radscore to obtain a novel risk score. ROC curves showed
that the best cutoff threshold of the novel risk score was
0.5095 (AUC=0.733). As a result of stratifying patients
into low-risk and high-risk groups, the high-risk patients
had significantly shorter OS, in comparison with the low-
risk patients (training set: P=0.034; testing set: P=0.003;
Fig. 5E, F).

Adjuvant chemotherapy

We divided patients into two groups according to
whether they received ACT after CCRT. No significant
differences in OS were found between those receiv-
ing CCRT alone and those receiving CCRT plus ACT
in either high-risk cohort (P=0.703; Fig. 7A) or overall
study cohort (P =0.425; Fig. 7B).
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Fig.4 Kaplan—-Meier survival curves of clinical characteristics. Stratified according to SCC antigen levels, for patients in the training set (A) and testing set
(B). Blue represents patients with SCC<4.7 ng/mL, and red represents patients with SCC>4.7 ng/mL. Stratified according to FIGO stage, for patients in
the training set (C) and testing set (D). The Pvalues represent the correlation between the FIGO stage and overall survival. Gray represents patients with
stage IB, brown represents patients with stage IIA, orange represents patients with stage IIB, blue represents patients with IlIA, green represents patients
with stage IlIB, red represents patients with IlIC1, and purple represents patients with IVB. Stratified according to tumor size, for patients in the training
set (E) and testing set (F). Blue represents patients with tumor size <30 mm, and red represents patients with tumor size >30 mm. SCC, squamous cell
carcinoma; FIGO, International Federation of Gynecology and Obstetrics

Table 2 Multivariate analysis of overall survival

Table 3 Performance of three prediction models

Characteristic B Oddsratio  95%ClI Pvalue
FIGO stage (2018) 0259  1.295 0.997-1.682 0.052
SCCantigen level 1.520 4573 1.622-12.892  0.004
Tumor size -0.106  0.899 0.404-1.999 0.794

Cl, confidence interval; FIGO, International Federation of Gynecology and
Obstetrics; SCC, squamous cell carcinoma

Model Training set Testing set

C-index 95%ClI C-index 95%ClI
Radiomics model  0.702 0.584-0.821 0671 0.536-0.806
Clinical model 0.745 0.645-0.845 0.708 0.573-0.843
Combined model  0.761 0.655-0867 0718 0.579-0.857

Cl, confidence interval
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Discussion

In this study, we explored and validated a radiomics sig-
nature based on MRI data as a new biomarker to predict
the prognosis of LACSC patients undergoing CCRT. We
could only evaluate cervical cancer through the naked-
eye observation of MRI scans, but radiomics signatures
could provide more information about the tumor. The
combination of the radiomics signatures and clinical
characteristics was more accurate for the assessment
of the patients’ prognosis, and we also emphasized the
importance of radiomic features. In accordance with the
combined model, 122 patients were divided into low- and

high- risk groups based on their risk scores. We found
that neither the high-risk patients nor the total study
population benefitted from ACT after CCRT. This study
can help identify clinical outcomes and provide a basis
for further changes in clinical treatment decisions and
individualized precision therapy.

Radiomics is widely used in the field of oncology. This
research study established an MRI-based radiomics sig-
nature for assessing OS in LACSC. Ten radiomics fea-
tures associated with the OS of LACSC patients were
identified in this study, including one GLRLM feature,
two GLDM features, two GLCM features, four GLSZM
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features, and one shape feature. Radiomics features
have been associated with prognosis in multiple dis-
eases because of tumor heterogeneity, including locally
advanced rectal cancer [13], hypopharyngeal carcinoma
[14], breast cancer [15], and cervical cancer [16]. For
example, GLCM and GLRLM could predict the effect of
CCRT on LACSC patients [16]. Radiomics features with
higher values correlate with worse outcomes, proving a
negative relationship between heterogeneous tumors and
prognosis [17]. Accumulating evidence suggested that
in radiological images, texture analysis may yield addi-
tional predictive and prognostic information that related
to underlying spatial variation and heterogeneity of voxel
intensities within tumors [18]. Wang et al. [19] also found
that radiomics may provide valuable information regard-
ing differentiation and composition of tumor cells in the
tumor microenvironment, and considered that radiomics
helps improve individualized estimations of disease-free
survival and guide treatment strategies for patients with

breast cancer. At the same time, the application of various
machine learning, deep learning and artificial intelligence
is also gradually emerging in clinical research. Wing-
Keen Yap et al. [20] using machine learning algorithm
to integrate radiotherapy dose distribution information,
obtained an accurate model for predicting pathological
complete response of neoadjuvant chemoradiotherapy
for esophageal cancer through 5-fold cross-validation. In
addition, a retrospective, multicohort, diagnostic study
[21] indicated that the deep convolutional neural network
(DCNN) model showed similar sensitivity and improved
specificity in identifying patients with thyroid cancer
compared with a group of skilled radiologists, with area
under the curve values of 0.947 (95% CI 0.935-0.959)
for the internal validation set, and 0.912 (95% CI 0.865-
0.958), 0.908 (95% CI 0.891-0.925)for two external valida-
tion sets respectively. There was also a study [22] using
machine learning algorithms to predict the prognosis of
patients with stage IV lung cancer, which improves the
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accuracy of prognosis prediction and has a high univer-
sality of mechanisms. Our research confirmed the notion
that radscore was prognostic factor (Fig. 3, P=0.010). In
the future, radiomics signature may be used as a nonin-
vasive clinical biomarker for predicting OS in LACSC
patients undergoing CCRT.

Two other independent prognostic factors, SCC anti-
gen level and FIGO stage, were identified by univari-
ate and multivariate Cox analyses. In cervical cancer
patients, various biomarkers have been identified as
prognostic factors, such as FIGO stage, SCC antigen
level, tumor volume, and lymph node metastasis [23-26].
In our study, FIGO stage was associated with OS in all
patients (overall, P=0.002; training set, P=0.009; and
testing set, P=0.193). This may be due to the large varia-
tion in the number of cases for each FIGO stage.

We build a nomogram using the radscore and clini-
cal characteristics. The OS of cervical cancer patients
can be directly visualized via nomograms. For patients
with HER2-positive invasive breast cancer treated using
neoadjuvant chemotherapy, Li et al. [15] developed a
nomogram based on a combined radiomics and clinico-
radiologic model to predict disease-free survival; in the
training set, the C-index of this combined model was
0.974, while that of a clinicoradiologic model alone was
0.855. Liu et al. [27] reported that radiomics signature
was an independent prognostic factor in locally advanced
rectal cancer patients, and that it facilitated individual-
ized treatment planning and the identification of patients
who might benefit from ACT for the distant control. Sim-
ilarly, in our study, the combined model provided more
accurate OS predictions for patients with cervical cancer
before treatment than the radiomics model and clinical
model. It appears that radiomics and clinical factors can
be combined to improve prediction performance. At the
same time, we used SHAP for further explanation of the
combined model, which was rarely used in model analy-
sis. SHAP demonstrated the importance of radiomics,
probably because radiomics provides large amount of
more accurate tumor information. The clinical advantage
of the extraction of MRI-based radiomics features is its
noninvasiveness and by utilizing diagnostic images that
are already available, so no additional examinations are
required. Therefore, this model may be extended to clini-
cal applications. Studies have shown that MRI magnetic
intensity and contrast agents have been found to effect
radiomics signatures [28, 29]. Thus, it is possible to build
more accurate prediction models using 3.0-T enhanced
MRI

It is well-known that the standard treatment of LACSC
is CCRT according to the 2022 National Comprehen-
sive Cancer Network guidelines [30]. There is limited
evidence that ACT after CCRT is effective and safe for
patients with LACSC. A multi-institutional retrospective
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analysis demonstrated that ACT after CCRT may be a
valuable tool in further improving disease control, but
due to increased treatment-related complications and
severe diarrhea that adversely affected patients’ qual-
ity of life, post-CCRT ACT was not considered as the
best choice in general [31]. A recent OUTBACK study
found that older patients (>60-year-old) could ben-
efit more from CCRT alone. Furthermore, ACT after
CCRT did not improve 5-year OS and progression-free
survival rates in the above study [32]. The present study
also produced a similar result, but we considered more
influencing factors and targeted at Asian people. As far
as we know, this study is the first assessment of a model
based on radiomics and clinical factors that can help pre-
dict chemotherapy response in cervical cancer patients.
We combined independent prognostic factors to obtain
a novel risk score. ACT did not improve OS in the high-
risk group or in the total study population. For high-risk
patients, other strategies may be used to improve OS and
decrease the possibility of recurrence, such as targeted
therapy and immunotherapy.

Few studies have investigated MRI-based radiomics
in LACSC. We established an accurate model to predict
the OS of LACSC patients and used SHAP to emphasis
the importance of radiomics, and then, used this model
to evaluate the value of ACT in this population. Some
limitations of our study must be acknowledged. First,
relatively few patients with heterogeneous FIGO stages
were recruited from a single center. We will recruit more
patients and conduct a more detailed stratification study.
Second, our research did not contain patients with ade-
nocarcinoma or other histological types of cervical can-
cer because of their rarity. We intend to accumulate more
relevant cases for future research. Finally, this study was
not externally validated. We will continue to improve this
study in order to provide more basis for precision treat-
ment in the future with the application of radiomics in
the clinic.

Conclusion

The present study indicated that the combined model of
MRI-based radiomics and clinical characteristics could
improve the accuracy of predicting the effects of CCRT
in patients with LACSC and radiomics could provide
the greatest contribution. This study confirmed that
ACT after CCRT did not improve patients’ prognosis. In
future, the combination of clinical factors and radiomics
features may be combined to formulate personalized
treatment strategies.
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