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Abstract
Background

Precise pretreatment risk stratification is critical for guiding treatment intensification and personalized follow-up in patients with locally advanced
cervical cancer (LACC) after concurrent chemoradiotherapy (CCRT). This study developed and validated a deep learning integrated clinical-radiomics
model for prognosis prediction in patients with LACC treated with CCRT, using dual-modal pretreatment imaging from '8F-FDG PET/CT and contrast-
enhanced MRI.

Methods

We retrospectively collected 346 patients (276 for training and 70 for testing) with LACC between June 2016 and October 2021. Radiomics and deep
learning signatures were extracted from PET/CT and MRI. These signatures were integrated with the clinicopathological factors into a nomogram for
clinical applications. Models were constructed using eleven machine learning algorithms, and a clinical-radiomics-deep learning model (CRDLM) was
developed. The evaluation of the model’s performance was conducted through the metrics of the area under the curve (AUC).

Results

The CRDLM demonstrated superior predictive performance (AUCs of 0.998 (95% CI: 1.00-1.00) for training cohort and 0.901 (95% Cl: 0.83-0.97) for
testing cohort), which is significantly superior to conventional clinical factors (FIGO stage and SCC-Ag, AUC = 0.605-0.658). In addition, the CRDLM
which combined radiomics with deep learning significantly outperformed the radiomics-only model (AUC = 0.793, p = 0.006). Sensitivity, specificity, and
accuracy of CRDLM reached 0.947, 0.725, and 0.786, respectively.

Conclusions

The CRDLM provides robust prediction of disease progression in LACC patients who received CCRT, which may facilitate personalized treatment
strategies and improve clinical outcomes. Further validation in multicenter prospective studies is warranted.

Introduction

Cervical cancer is one of the most common malignancies and the fourth leading cause of cancer-related death in women worldwide. Approximately
37%-60% of patients are diagnosed at locally advanced stages, resulting in a poor prognosis [1, 2]. The standard treatment for patients with locally
advanced cervical cancer (LACC), as defined by the International Federation of Gynecology and Obstetrics (FIGO) staging IIB—IVA, is concomitant
chemoradiation therapy (CCRT) using a cisplatin-based regimen, combined with pelvic external beam radiotherapy (EBRT) and subsequent brachytherapy
(BT) [3, 4]. However, approximately one-third of LACC patients experience disease recurrence within two years of completing treatment, and the five-year
overall survival rate for patients with recurrence is less than 50% [4-6]. To optimize treatment strategies and improve risk-adapted care, it is crucial to
determine whether patients can achieve long-term disease-free survival with early-stage treatment. Currently, the outcomes of LACC patients after CCRT
relied solely on conventional clinical parameters, such as FIGO stage. No effective methods provide satisfactory prediction accuracy [7]. Therefore, it is
urgent to identify accurate predictive indicators for recurrence and survival after CCRT in LACC.

Fluorine-18 fluorodeoxyglucose ('8F-FDG) positron emission tomography/computed tomography (PET/CT) and magnetic resonance imaging (MRI) have
well-established roles in managing LACC patients, particularly in clinical staging, monitoring treatment efficacy, and assessing prognosis [4]. Our
previous study also demonstrated that metabolic parameters of cervical lesions and lymph nodes on '8F-FDG PET/CT were associated with disease
progression in LACC [8]. Recent attention has focused on the extraction and analysis of a variety of quantitative features from '8F-FDG PET/CT through
radiomics [9, 10]. This approach involves deconstructing three-dimensional (3D) texture features of lesions to derive numerous radiomic parameters,
potentially related to tumor heterogeneity, aggressiveness, and immunoreactivity[11]. Previous studies have showed the potential of radiomics derived
from pretreatment PET/CT or MRI for predicting survival in LACC patients treated with chemoradiotherapy despite the limited sample sizes[12-14].
Although radiomic parameters contain extensive biological information, efficiently identifying, screening, and utilizing these features remains a
significant challenge in clinic [9, 15].

Deep learning (DL), an artificial intelligence technique for autonomously deriving quantitative representations from medical images, is an evolving field in
radiomics research. Without explicit feature predefinition or selection, DL surpasses conventional radiomics by automatically extracting hierarchical,
high-dimensional features directly from raw medical images, enabling it to navigate the data space and achieve superior problem-solving capabilities for
more comprehensive tumor characterization[16]. Although radiomics remains the dominant approach due to its interpretability[17], integrating it with DL
may offer exceptional performance in predicting disease progression.

In this study, we aim to develop and validate a clinical-radiomics-deep learning model (CRDLM) based on pretreatment '8F-FDG PET/CT and contrast-
enhanced MRI to predict disease progression in LACC patients treated with CCRT.
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Materials and Methods
Patient inclusion

This study was approved by the institutional review board of our hospital (IRB-2022-423), and informed consent was waived due to its retrospective
nature. Consecutive patients from June 2016 to October 2021 were retrospectively enrolled based on the following inclusion criteria: 1) histologically
confirmed cervical cancer based on biopsy specimens, staged IIB-IVa according to the 2019 FIGO classification; 2) chemoradiotherapy as the primary
treatment modality; 3) no prior treatments before '8F-FDG PET/CT and enhanced MRI scans; and 4) availability of complete medical history and
clinicopathological data. The exclusion criteria included: 1) secondary malignancies; 2) serious infections or inflammation; and 3) hepatic or renal
dysfunction. A total of 346 patients were included in the final clinical database. Figure 1 illustrates the flowchart of the selection process.

Image acquisition and segmentation

PET/CT and MRI imaging protocol

"8F-FDG PET/CT scans were performed using a dedicated PET/CT system (Discovery 710; GE Medical Systems) in accordance with PET/CT tumor
imaging guidelines [18]. All MRI studies were conducted using a 1.5-T unit (GE HealthCare, SIGNA Voyager, Waukesha, WI, USA) with a phased-array body
coil, two weeks prior to the start of CCRT using standardized imaging protocols. Pelvic MRI was performed at least 10 days after cone biopsy to avoid
false-positive findings due to post-biopsy inflammation. No patients had contraindications to MRI. Detailed information on the PET/CT and MRI protocols
can be found in Supplementary Methods.

Imaging region segmentation

The PET and MRI images were processed independently by a single expert radiation oncologist (Reader 1). Pretreatment images (in DICOM format) were
imported from the PACS system into ITK-SNAP software (version 3.6.0; http://www.itksnap.org). The tumor region of interest (ROI) was delineated layer-
by-layer on (i) T2, (ii) CE-T1, (iii) DWI, and (iv) the ADC map derived from DWI-MRI. Each sequence was segmented independently due to anatomical
variations across imaging modalities. Metabolically active volumes were delineated separately on PET and CT images using the same method. A month
later, 30 patients in the cohort were randomly selected, and their ROls were segmented again by reader 1 and a nuclear physician (reader 2) to construct
two re-segmentation datasets for the assessment of intrareader/interreader reproducibility of radiomic features. An intraclass correlation coefficient
(ICC) > 0.75 indicated good reproducibility.

Radiomics analysis

The radiomics model was constructed using multi-sequence images, as shown in Fig. 2 (orange dotted box). All analyses were performed using the uAl
Research Portal (URP, United Imaging Intelligence) [19], which included feature extraction, feature selection, and model construction. Each sequence was
used to construct a separate model.

The detailed modeling process for each sequence was as follows. To minimize heterogeneity, images were standardized to similar resolution, and
intensities were normalized with a fixed bin width. Initially, 2264 features were extracted from the image ROl and the corresponding ROl mask, including
first-order statistics, shape-based features, and higher-order texture characteristics. Z-score normalization was applied to mitigate dimensional effects.
Feature selection was conducted in two stages. First, the Minimum Redundancy Maximum Relevance (mRMR) method was used to identify and
eliminate redundant features, retaining those with the highest relevance to the outcome variable. After mRMR, Least Absolute Shrinkage and Selection
Operator (LASSO) regression was employed to further refine the feature set.

The refined feature set was then used to construct models using eleven commonly used machine learning algorithms: Support Vector Machine (SVM),
Logistic Regression (LR), Gaussian Process (GP), Decision Tree (DT), Random Forest (RF), K-Nearest Neighbors (KNN), Gradient Boosting Decision Trees
(GBDT), AdaBoost, Bagging Decision Tree, Quadratic Discriminant Analysis (QDA), and Stochastic Gradient Descent (SGD). Each algorithm was trained
and tested using the selected features, and the optimal algorithm for each sequence was identified. The corresponding radiomics score (Radscore) was
derived from the predicted probabilities. To further refine the model, different multi-sequence combinations, such as PET/CT, MR (CE-T1, T2, DWI, ADC),
and PET/CT + MR, were explored.

Deep learning analysis

A multi-sequence-based deep learning model was developed to predict the prognosis of cervical cancer patients, as shown in Fig. 2 (green dotted box).
Each sequence of medical images (e.g., PET, CT, CE-T1, T2, DWI, ADC) was processed independently using a 2.5D ConvNeXt model [20], which is an
extension of the 2D ConvNeXt architecture, designed to process 3D data while capturing spatial context. The model utilized pretrained ConvNeXt-Tiny
parameters to enhance performance and ensure faster convergence.

For each sequence, the 3D image data was cropped based on the annotated ROI to extract 3D patches containing the ROI. These patches were then split
into 2D slices, and each 2D slice, along with the preceding and following two slices, was concatenated to form 5-channel 2D slices for input into the
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ConvNeXt blocks. After training, deep features were extracted using global average pooling (GAP), reducing spatial dimensions to produce a 1D feature
vector for each 5-channel 2D slice. These feature vectors were then averaged to create a comprehensive feature representation for each patient.

To improve computational efficiency and avoid overfitting, dimensionality reduction was performed using principal component analysis (PCA), factor
analysis, or independent component analysis. The reduced feature vectors were input into a machine learning algorithm (as described in Radiomics
Analysis) to generate a prognosis prediction score (DLscore) for each sequence. Multi-sequence combinations, such as PET/CT, MR (CE-T1, T2, DWI,
ADC), and PET/CT + MR, were also explored to refine the deep learning-based prediction model. The deep learning model was implemented with Python
3.8.13 and PyTorch 1.10.1, and dimensionality reduction and model construction were performed in uRP. The study design and pipeline are shown in
Fig. 2.

Model comparison and evaluation

Univariate (p < 0.1) and multivariate (p < 0.05) logistic regression analyses were used to identify independent clinical risk factors, forming the basis for
constructing the Clinic model. Two integrated models (Rad-Clin score and DL-Clin score) were developed by combining predictive probabilities from both
imaging and clinical models. The Rad-DL model was constructed by integrating Radscore and DLscore, and a comprehensive clinical-radiomics-deep
learning model (CRDLM) was created incorporating all three components.

Receiver operating characteristic (ROC) curves were used to assess model performance, with calculations for the area under the ROC curve (AUC),
sensitivity (SEN), specificity (SPEC), accuracy (ACC), positive predictive value (PPV), and F1-Score. The DeLong test was employed to compare predictive
efficiency between models. Additionally, net reclassification improvement (NRI) and integrated discriminatory improvement (IDI) were calculated.
Calibration curve analysis was conducted, and the Brier loss was computed to assess consistency between actual recurrence status and predicted
probabilities. Decision curve analysis (DCA) was performed to evaluate the clinical applicability of the models by quantifying net benefit at different risk
thresholds. A p-value of less than 0.05 was considered statistically significant.

Treatment and Follow-up

All LACC patients underwent pelvic + lombo-aortic external beam radiotherapy (EBRT) according to the 2015 NCCN guidelines. EBRT was delivered using
intensity-modulated radiation therapy (IMRT), volumetric-modulated arc therapy (VMAT), or helical tomotherapy (HT) in 25-28 fractions of 1.8 Gray (Gy),
for a total dose of 45-50.4 Gy. For patients with para-aortic nodal involvement, the superior border extended to the renal vessels or the upper margin of
T12. In cases with significantly enlarged lymph nodes, additional radiotherapy (10-15 Gy) was applied with highly conformal EBRT. Concomitant
chemotherapy with cisplatin (40 mg/m?) was administered weekly for 3—6 courses during radiotherapy, followed by pulse-dose rate brachytherapy (BT)
with an Ir-192 source, delivering 24-36 Gy (biologically effective dose 38.4-57.6 Gy) in four to six fractions to point A. A small number of patients
received radical radiotherapy alone.

Reviews were conducted 1 month after radical chemoradiotherapy, every 3—6 months for 2 years, and every 6—12 months for 3-5 years after treatment.
Disease progression was determined via gynecologic examination, serum tumor markers, and enhanced abdominopelvic CT with or without follow-up
T8F.FDG PET/CT. When clinical assessment, serum tumor markers, or imaging studies indicated abnormalities, additional diagnostic studies or
pathological confirmation were performed to evaluate cancer progression. Progression-free survival (PFS) was calculated from the date of biopsy to
disease progression, relapse, death from any cause, or the most recent follow-up.

Statistical analysis

The mean and standard deviation (SD) were utilized to describe normally distributed continuous data, and non-normally distributed continuous data were
expressed as the median (min-max). Continuous data were compared using the independent sample T-test or Mann-Whitney U test as appropriate.
Categorical data were expressed as frequencies and percentages, and were compared with the Chi-square test. Univariate (p < 0.1) and multivariate (p <
0.05) analyses of clinical characteristics were conducted to identify the independent clinical risk factors via the logistic regression method. A p-value
less than 0.05 was indicative of statistical significance unless specified. All the statistical analyses were completed with Python software (version
3.8.13) and R software (version 4.4.3).

Results

Clinical characteristics

A total of 346 patients were included in this study (276 in the training cohort and 70 in the testing cohort). The mean patient age was 61.36 + 10.35
years. The median follow-up was 35.82 months (range, 1.17-67.92 months). During follow-up, 96 patients (27.75%) experienced disease progression. No
statistically significant differences were observed in baseline clinical data between the training and testing cohorts (p > 0.005). The clinical
characteristics of the patients are summarized in Table 1.
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Table 1
Clinical characteristics

Age (years, mean * SD) Training set(n = 276) Testing set(n = 70) p
61.37+10.49 61.36 +9.87 0.731

FIGO Staging 0.427

Na-fb 47(17.0%) 14(20%)

Ra-fb 64(23.2%) 20(28.6%)

Nc-Ha 165(59.8%) 36(51.5%)

Histological type 0.29

ScC 262(94.9%) 66(94.3%)

AC/ASC 14(5.1%) 4(5.7%)

Lombo-aortic EBRT 0.126

Yes 75(27.2%) 20(28.6%)

No 201(72.8%) 50(71.4%)

CEA (ng/mL, mean # SD) 17.14+19.23 14.90+18.22 0.376

SCC-Ag (ng/mL, mean * SD) 5.11+14.69 4.39+9.85 0.644

FIGO: international federation of gynecology and obstetrics; SCC: squamous cell carcinoma; AC: adenocarcinoma; ASC: adenosquamous carcinoma;

EBRT: external beam radiation therapy; CEA: carcinoembryonic antigen; SCC-Ag: squamous cell carcinoma antigen

Six candidate clinicopathological variables with potential prognostic value were evaluated to construct the clinicopathological model: age, FIGO stage,
histological type, lombo-aortic EBRT, CEA, and SCC-Ag levels. Univariate and multivariate Cox regression analyses were performed to compare
prognostic significance. Only FIGO stage and serum SCC-Ag level were retained for model construction (p = 0.019 and p = 0.001, respectively; Table S1).
This model demonstrated limited predictive performance for progression-free survival (PFS), with an AUC of 0.658 (95% CI: 0.59—-0.73) in the training
cohort and 0.605 (95% CI: 0.46—0.75) in the testing cohort (Table 2).
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Table 2

Performance of Clinic, Radiomics, DL, and Combined Models in training and testing cohorts

Clinicopathological

model

Training set

AUC (95% CI)

0.658[0.59,
0.73]

Radiomics-based model

PET

CT

CE-T1

T2

DWI

ADC

PET/CT

MR

Radscore

Rad-Clin score

DL-based model
PET

CT

CE-T1

T2

DWI

ADC

PET/CT

MR

DLscore

DL-Clin score

Combined model
Rad-DL score
CRDLM

AUC: area under the curve; DL: deep learning; SEN: sensitivity; SPEC: specificity; ACC: accuracy; PPV: positive predictive value

0.780[0.72,
0.84]

0.661[0.59,
0.73]

0.708[0.64,
0.77]

0.792[0.74,
0.84]

0.793[0.74,
0.85]

0.898[0.86,
0.93]

0.783[0.73,
0.84]

0.999[1.00,
1.00]

0.996[0.99,
1.00]

0.997[0.99,
1.00]

0.851[0.81,
0.90]

0.739[0.68,
0.80]

0.787[0.73,
0.84]

0.796[0.74,
0.85]

0.743[0.68,
0.80]

0.785[0.73,
0.84]

0.910[0.88,
0.94]

0.887[0.85,
0.93]

0.968[0.95,
0.99]

0.973[0.96,
0.99]

0.988[0.98,1.00]

0.998[1.00-
1.00]

SEN

0.589

0.836

0.575

0.890

0.877

0.986

0.932

0.863

1.000

1.000

1.000

0.932

0.767

0.781

0.712

0.836

0.822

0.781

0.712

0.753

0.918

1.000
1.000

SPEC ACC

0.611  0.605
0.571  0.641
0.655 0.634
0.404 0.533
0.433  0.551
0.360 0.525
0.547 0.649
0.562  0.641
0.764 0.826
0.729  0.801
0.877  0.909
0.567 0.663
0.567 0.620
0.626  0.667
0.734 0.728
0.542 0.620
0.626 0.678
0.857 0.837
0.837 0.804
0.956  0.902
0.892 0.899
0.719  0.793
0.946  0.960

PPV

0.352

0.412

0.375

0.349

0.358

0.356

0.425

0.414

0.603

0.570

0.745

0.436

0.389

0.429

0.491

0.396

0.441

0.663

0.612

0.859

0.753

0.562
0.869

F1-
Score

0.441

0.552

0.454

0.502

0.508

0.524

0.584

0.560

0.753

0.726

0.854

0.594

0.516

0.553

0.581

0.537

0.574

0.717

0.658

0.803

0.827

0.719
0.930

Testing set
AUC (95% CI)

0.605[0.46,
0.75]

0.706[0.58,
0.83]

0.656[0.52,
0.79]

0.652[0.52,
0.79]

0.593[0.45,
0.74]

0.665[0.53,
0.80]

0.603[0.46,
0.75]

0.747[0.63,
0.87]

0.764[0.65,
0.88]

0.791[0.68,
0.90]

0.793[0.69,
0.90]

0.746[0.63,
0.86]

0.702[0.57,
0.83]

0.677[0.54,
0.81]

0.676[0.54,
0.81]

0.723[0.60,
0.85]

0.685[0.55,
0.82]

0.793[0.69,
0.90]

0.817[0.72,
0.92]

0.872[0.79,
0.95]

0.877[0.80,
0.96]

0.898[0.83,0.97]
0.901[0.83,0.97]

SEN

0.684

0.684

0.737

0.947

0.737

0.842

0.737

0.895

0.737

0.789

0.684

0.842

0.789

0.737

0.684

0.895

0.737

0.684

0.737

0.789

0.789

1.000
0.947

SPEC

0.588

0.647

0.627

0.412

0.471

0.431

0.490

0.510

0.667

0.686

0.784

0.529

0.569

0.569

0.569

0.510

0.549

0.804

0.784

0.863

0.882

0.706
0.725

ACC

0.614

0.657

0.657

0.557

0.543

0.543

0.557

0.614

0.686

0.714

0.757

0.614

0.629

0.614

0.600

0.614

0.600

0.771

0.771

0.843

0.857

0.786
0.786

PPV

0.382

0.419

0.424

0.375

0.341

0.356

0.350

0.405

0.452

0.484

0.542

0.400

0.405

0.389

0.371

0.405

0.378

0.565

0.560

0.682

0.714

0.559
0.563

F1-
Score

0.491

0.520

0.538

0.537

0.467

0.500

0.475

0.557

0.560

0.600

0.605

0.542

0.536

0.509

0.481

0.557

0.500

0.619

0.636

0.732

0.750

0.717
0.706

The feature extraction and selection

Page 6/15



A total of 34 radiomics features were selected from six multi-sequence datasets: six from CE-T1, seven from T2, five from DWI, two from ADC, seven
from PET, and seven from CT. Details of the selected features are provided in the Table S2 and Supplementary Fig S1-S3.

Radiomics-based model performance

The radiomics models were constructed using multi-sequence images. The MRI-based radiomics model achieved strong predictive performance, with an
AUC of 0.999 (95% CI: 1.00—-1.00) in the training cohort and 0.764 (95% CI: 0.65-0.88) in the testing cohort (Table 2, Fig. 3). However, incorporating
PET/CT radiomics did not significantly improve performance [Radscore: AUC, 0.996 (95% CI: 0.99-1.00) in training; 0.791 (95% CI: 0.68-0.90) in testing]
nor did adding clinicopathological features [Rad-Clin score: AUC, 0.997 (95% Cl: 0.99-1.00) in training; 0.793 (95% Cl: 0.69-0.90) in testing; p = 0.81].
Radscore did not outperform either PET/CT- or MRI-based radiomics alone (p = 0.46 and p = 0.09, respectively; Tables S3) according to the DeLong test.

Deep learning-based model performance

The DL models demonstrated similar predictive performance: AUCs of 0.910 (95% CI: 0.88-0.94) and 0.887 (95% ClI: 0.85-0.93) in the training cohort,
and 0.793 (95% Cl: 0.69-0.90) and 0.817 (95% Cl: 0.72-0.92) in the testing cohort, respectively. The DLscore model, which combined PET/CT and MRI
multi-sequence images, achieved higher predictive performance, with an AUC of 0.968 (95% Cl: 0.95-0.99) in training and 0.872 (95% Cl: 0.79-0.95) in
testing (Table 2, Fig. 3). Incorporating clinicopathological features further improved performance [DL-Clin score: AUC, 0.973 (95% Cl: 0.96-0.99) in
training; 0.877 (95% CI: 0.80-0.96) in testing]. However, no statistically significant differences were found between DLscore, DL-Clin score, and the
radiomics models in predicting PFS (DeLong test, p > 0.05) (Tables S4).

Clinical-radiomics DL model

Finally, a combined model integrating radiomics and DL features (Rad-DL score) was developed. This model achieved superior predictive performance in
both cohorts: AUCs of 0.988 (95% CI: 0.98-1.00) in training and 0.898 (95% CI: 0.83-0.97) in testing (Table 2, Fig. 4). The CRDLM yielded the best
results, with AUCs of 0.998 (95% Cl: 1.00-1.00) in training and 0.901 (95% CI: 0.83-0.97) in testing, significantly outperforming Rad-Clin score (DeLong
test, p = 0.006).

Comparison the performance of models to predict progression

When comparing Radscore and DLscore models using PET/CT and MRI data, neither the DeLong test (p = 0.270) nor NRI/IDI analyses showed significant
differences (NRI =1.176,p =0.119; IDI = 0.023, p = 0.192). Incorporating clinical factors modestly improved performance: DL-Clin score achieved higher
accuracy than Rad-Clin score (AUC 0.877 vs. 0.793; DeLong test, p = 0.246; NRI = 0.203, p = 0.109; IDI = 0.340, p < 0.001). The combined model (Rad-DL
score) demonstrated improved predictive performance compared with Radscore (AUC 0.898 vs. 0.791; DeLong test, p = 0.074; NRI = 0.230, p = 0.035; IDI
=0.061, p < 0.001) but not DLscore (AUC 0.898 vs. 0.872; DeLong test, p =0.190; NRI = 0.054, p = 0.326; IDI = 0.083, p < 0.001). Adding clinical factors
produced similar results: the CRDLM outperformed Rad-Clin score (AUC 0.901 vs. 0.790; DeLong test, p = 0.006), with NRI and IDI analyses confirming
significant improvement (NRI = 0.204, p = 0.060; IDI = 0.309, p < 0.001). However, no significant difference was found between the CRDLM and DL-Clin
score (AUC 0.901 vs. 0.877; DeLong test, p = 0.573; NRI =0.001, p = 0.496; IDI = 0.401, p = 0.344) (Tables S5-6). The CRDLM achieved the highest
sensitivity (0.947 vs. 0.684) and greater accuracy (0.786 vs. 0.757) than Rad-Clin score (Table 2, Fig. 5).

Discussion

In this study, we applied deep learning methods to develop a new predictive model integrated with radiomics (CRDLM) for prognosis prediction in LACC
patients (n = 346) treated with CCRT. To our knowledge, this represents the largest cohort of LACC patients with longitudinal follow-up reported to date.
Our findings demonstrated that the CRDLM achieved optimal predictive performance for disease evolution and outcomes after CCRT in LACC patients.
Specifically, the CRDLM based on multiparametric MRI and "8F-FDG PET/CT, achieved excellent performance with AUCs of 0.998 in the training cohort
and 0.901 in the testing cohort. These preliminary results suggest that the model enables early and accurate prognostic prediction, including the risk and
sites of tumor progression following first-line CCRT in LACC patients. Such prediction is expected to guide treatment selection, decisions regarding
therapy intensification, and follow-up strategies, ultimately improving clinical outcomes.

This study employed a combined PET/CT and MRI multimodal imaging strategy, primarily leveraging the complementary advantages of both modalities
in revealing tumor biological characteristics. "8F-FDG PET/CT is a widely used diagnostic tool in oncology, and several studies have reported
associations between conventional PET parameters at the primary cervical tumor and adverse outcomes|[21, 22]. FDG uptake intensity is influenced by
factors such as glucose transporter and hexokinase activity, neoangiogenesis, and proliferative activity, which collectively reflect tumor
aggressiveness[23, 24]. MRI, with its superior soft tissue resolution and multiparametric capability, has also shown promise for survival prediction in
LACC. Multi-sequence MRI radiomics, particularly from T2WI, contrast-enhanced T1WI (CE-T1), DWI, and ADC maps, has been reported to outperform
single-sequence approaches [25-27]. Compared with previous studies of the similar type, this study not only expanded the sample size but also
integrated radiomics with deep learning methods. The constructed model demonstrated superior predictive performance[12, 13].

In terms of model construction strategy, we integrated radiomics with deep learning and demonstrated its superiority. Radiomics enables noninvasive
extraction of diagnostic, therapeutic, and prognostic features from medical images [28]. Prior PET radiomics studies in LACC demonstrated improved
prognostic accuracy compared with conventional PET parameters[29-33]. Deep learning, particularly convolutional neural networks, enables automated
extraction of hierarchical image features, capturing subtle patterns beyond handcrafted [34]. By integrating DL with radiomics, we developed a clinical-
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radiomics DL model that outperformed traditional models. Incorporating clinical-pathological information further improved prediction of progression-free
survival. Compared with the radiomics-only model (Rad-Clin score), the DL-enhanced model showed significant improvement in prognostic accuracy
(AUC 0.901 vs. 0.793). This performance improvement may be attributed to the ability of radiomics features to stably quantify traditional imaging
phenotypes, and deep learning features automatically extract information about tumor heterogeneity. The complementary advantages of both
approaches at the feature level collectively enhance the model's predictive capability.

In the development of high-dimensional small-sample data models, overfitting risks and feature selection instability are common issues that may
compromise research conclusions. To address this, we adopted a phased, multi-strategy approach for feature screening and modeling. First, we
employed the mRMR algorithm for preliminary screening. This algorithm aims to eliminate redundant features while retaining those most strongly
associated with the outcome variable, thereby reducing multicollinearity among features and enhancing model generalization[35-37]. Subsequently, we
introduced LASSO regression for secondary feature selection. Its L1 regularization property compresses unimportant feature coefficients to zero,
achieving dual objectives of feature selection and model regularization—a classic approach for addressing overfitting in high-dimensional data[38, 39].
During model construction, we systematically compared 11 commonly used machine learning algorithms and selected the optimal algorithm for each
sequence, ensuring objectivity and peak performance in model building. Furthermore, in deep learning, we employed the pre-trained ConvNeXt-Tiny
model for transfer learning and applied dimensionality reduction techniques like PCA to extracted deep features[40, 41]. These measures collectively aim
to reduce model parameter complexity, enhance computational efficiency, and effectively suppress overfitting.

However, this study still has some limitations. First, the relatively limited number of events in the test set and the lack of external validation may affect
the model's generalization ability to some extent. Second, although the fusion model demonstrated superior predictive performance, interpreting its
internal mechanisms remains challenging. Specifically, the relationship between the high-dimensional features extracted by the deep learning module
and tumor biological behavior remains unclear. Future studies could explore the biological basis underlying the model's features using approaches such
as image genomics to enhance interpretability and clinical acceptance. Third, ROls in this study were manually delineated. Future research may consider
adopting deep learning-based automated segmentation methods to improve consistency and reproducibility. Finally, our follow-up revealed a relatively
limited number of mortality events, insufficient for robust OS analysis. Therefore, larger-scale, multicenter prospective studies with extended follow-up
periods remain necessary to further validate and refine the findings of this research.

Conclusion

In summary, our clinical-radiomics DL model, based on pretreatment multi-sequence MRI and '8F-FDG PET/CT images, shows strong potential for
predicting disease progression in LACC patients following CCRT. Future studies with larger, prospectively validated datasets are warranted to further
support its clinical utility and to assist clinicians in developing personalized treatment strategies for LACC patients.

Abbreviations

Abbreviations

Definitions

LACC: Locally advanced cervical cancer
Locally advanced cervical cancer

ADC

Apparent diffusion coefficient

AUC

Area under the curve

CCRT

Concurrent chemoradiotherapy

CE-T1

Contrast-enhanced T1-weighted imaging
CRDLM

Clinical-radiomics-deep learning model
CT

Computed tomography

DL

Deep learning

DWI

Diffusion-weighted imaging

LASSO

Least Absolute Shrinkage and Selection Operator
MRI: Magnetic resonance imaging
Magnetic resonance imaging

PET

Positron emission tomography
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Progression-free survival

ROC: Receiver operating characteristic
Receiver operating characteristic
8F-FDG

Fluorine-18 fluorodeoxyglucose
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Inclusion Criteria

a) histologically proven cervical based on
examination of biopsy specimens and staged
IB-IVA according to the 2019 FIGO staging Exclusion Criteria

b) determination of chemoradiotherapy as the a) secondarymalignant disease
primary treatment modality B) serious infection or inflammation

€) o prior treatment before “F-FDG PET/CT ¢)  hepatic or renal dysfunction
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d)  availability of complete medical history and
clinicopathological data
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Figure 1

The flowchart of the selection process.
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Schematic overview of the study design and workflow. Using multi-sequence images, radiomics-based (orange dotted box), deep learning-based (green

dotted box) and combined models (bottom section) were developed, compared and evaluated for predicting progression in locally advanced cervical
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Figure 3

Performance of radiomics-based (top row) and deep learning-based (bottom row) models using single imaging sequences and integrated data. (a) Radar
chart illustrating the performance of models trained on individual sequences: PET, CT, CE-T1, T2, DWI and ADC. (b) ROC curves comparing the
performance of clinical (Clinic), PETCT, MR, and integrated models in the testing set.
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Clinical application of the CRDLM. Kaplan—Meier curves demonstrate a significant difference in progression-free survival (PFS) between the predicted
progression and stable groups.
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