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Abstract
Objectives  To construct a prediction model based on deep learning (DL) and radiomics features of diffusion 
weighted imaging (DWI), and clinical variables for evaluating TP53 mutations in endometrial cancer (EC).

Methods  DWI and clinical data from 155 EC patients were included in this study, consisting of 80 in the training set, 
35 in the test set, and 40 in the external validation set. Radiomics features, convolutional neural network-based DL 
features, and clinical variables were analyzed. Feature selection was performed using Mann-Whitney U test, LASSO 
regression, and SelectKBest. Prediction models were established by gaussian process (GP) and decision tree (DT) 
algorithms and evaluated by the area under the receiver operating characteristic curve (AUC), net reclassification 
index (NRI), calibration curves, and decision curve analysis (DCA).

Results  Compared to the DL (AUCtraining = 0.830, AUCtest = 0.779, and AUCvalidation = 0.711), radiomics (AUCtraining = 
0.810, AUCtest = 0.710, and AUCvalidation = 0.839), and clinical (AUCtraining = 0.780, AUCtest = 0.685, and AUCvalidation = 
0.695) models, the combined model based on the GP algorithm, which consisted of four DL features, five radiomics 
features, and two clinical variables, not only demonstrated the highest diagnostic efficacy (AUCtraining = 0.949, 
AUCtest = 0.877, and AUCvalidation = 0.914) but also led to an improvement in risk reclassification of the TP53 mutation 
(NIRtraining = 66.38%, 56.98%, and 83.48%, NIRtest = 50.72%, 80.43%, and 89.49%, and NIRvalidation = 64.58%, 87.50%, and 
120.83%, respectively). In addition, the combined model exhibited good agreement and clinical utility in calibration 
curves and DCA analyses, respectively.

Conclusions  A prediction model based on the GP algorithm and consisting of DL and radiomics features of DWI as 
well as clinical variables can effectively assess TP53 mutation in EC.
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Introduction
The TP53 gene is thought to be the most commonly 
mutated gene in human cancers [1]. The occurrence and 
development of endometrial cancer, one of the most 
lethal malignant tumors of the female reproductive sys-
tem, are also closely related to the mutation status of 
the TP53 gene [2, 3]. Previous studies have shown that a 
TP53 mutation frequently imply greater aggressiveness, 
drug resistance, and poorer prognosis in EC patients [4, 
5]. Immunohistochemistry (IHC) is a relatively com-
mon approach for assessing TP53 mutations in clinical 
practice [6]. However, this method is not only poten-
tially costly to the patient but also often only performed 
when adequate sample sizes are obtained postoperatively, 
which limits its prevalence. Consequently, developing a 
cost-effective and noninvasive method to detect muta-
tions in the TP53 gene may benefit patients with EC.

Diffusion weighted imaging (DWI) is a quantita-
tive magnetic resonance imaging (MRI) technique that 
can not only effectively reveal the location and number 
of lesions but also quantify the cellular density of tis-
sues using apparent diffusion coefficient (ADC) values 
[7]. Previous works have demonstrated that DWI can 
play an important role in the assessment of various EC 
histological features, including lymph node metastasis, 
risk stratification, and microsatellite instability [8–10]. 
Radiomics, a significant breakthrough in the evolution 
of information technology, enables the discovery and uti-
lization of higher-order image features that may be dif-
ficult for radiologists to identify by eye; these imaging 
features in turn are effective markers for the diagnosis, 
evaluation and prognostic prediction of relevant diseases 
[11]. There have been several investigations proving the 
value of radiomics in the clinical classification [12], iden-
tification of lymphovascular spatial invasion (LVSI) [13], 
and prediction of recurrence [14] of EC patients. Deep 
learning (DL) is a deeper evolution of information tech-
nology that extracts image information with multilevel 
convolutional neural networks (CNNs), yielding highly 
robust and selective features that enhance the diagnostic 
and assessment reliability of diseases [15]. Several stud-
ies have illustrated that DL is effective in terms of lesion 
identification [16], myometrial infiltration depth assess-
ment [17], and staging in EC patients [18]. To date, the 
predictive value of MRI-based radiomic models for TP53 
expression status has been demonstrated in rectal and 
breast cancer patients [19, 20]. For EC patients, only Jiang 
et al. has explored the role of texture analysis in TP53 sta-
tus assessment [21]. To the best of our knowledge, there 
are no studies of deep learning combined with radiomics 
differences for TP53 mutant and TP53 wild-type EC 
patients.

Therefore, the aim of this study was to investigate the 
feasibility of a predictive model based on DWI features 

extracted from DL and radiomics in combination with 
clinical variables to discriminate between TP53 mutant 
and TP53 wild-type EC patients, with the aim of intro-
ducing a novel and non-invasive pretreatment tool into 
clinical practice.

Materials and methods
Study participants
This retrospective study was conducted with the 
approval of the local ethics committee (No.2021150), and 
informed consent was waived for all participants. The 
initial dataset included 225 patients from the centre I and 
80 patients from centre II who underwent pelvic MRI 
for suspected EC between January 2020 and September 
2023. Patients were excluded based on the following cri-
teria: (1) pathologically confirmed non-EC (n = 25); (2) 
missing TP53 status assessment (n = 70); (3) prior radio-
therapy, chemotherapy, or surgery before MRI examina-
tion (n = 16); (4) absence of DWI sequences or those of 
insufficient quality for analysis (n = 18); and (5) incom-
plete clinical or histopathological information (n = 21). 
Ultimately, 115 patients from centre I and 40 patients 
from centre II were included in the study. The data from 
Centre I were sorted in chronological order, with the 
first 70% of patients in the TP53-mutant and TP53-wild 
groups designated as the training set and the last 30% 
of patients in both groups used as the test set. The data 
from Centre II were designated as the external validation 
cohort.

At baseline, clinical variables, including ADC value, 
age, maximum lesion diameter, levels of carcinoembry-
onic antigen (CEA) and carbohydrate antigen 153 (CA 
153), and International Federation of Gynecology and 
Obstetrics (FIGO) stage (Vison 2009), were recorded.

Scanning process
All scans were conducted using either a 1.5 T (Optima 
MR360, GE, Milwaukee, USA) or 3.0 T (Signa HDxt/Dis-
covery 750  W, GE, Milwaukee, USA) MRI scanner. All 
patients were positioned supine, feet first, and scanned 
from the symphysis pubis to the anterior superior iliac 
spine. Axial T2-weighted imaging and DWI (b = 800  s/
mm2) data were obtained for subsequent analysis. For 
more detailed information, please refer to Table 1.

Image pre-processing
To minimize the impact of using various MRI scanners, 
the data from the DWI scans were initially preprocessed 
and enhanced, which included transformation of Digital 
Imaging and Communications in Medicine (DICOM) 
files into the Neuroimaging Informatics Technology 
Initiative (NIfTI) file format, alignment, resampling to 
achieve uniform isotropic resolution (1 mm3), and ran-
dom axis mirror flipping.
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Tumor segmentation
Tumor segmentation was performed using ITK-SNAP 
software (version 3.8.0; http://www.itksnap.org). Initially, 
a radiologist with 6 years of experience (reader 1) manu-
ally delineated regions of interest (ROIs) encompassing 
the tumors, slice-by-slice, on the axial DWI images. Fol-
lowing this, the software’s three-dimensional functional-
ity was utilized to integrate the ROIs from all the slices 
of each tumor, resulting in the creation of 3D volumes of 
interest (VOIs). The image processing workflow is pre-
sented in Fig. 1.

ADC calculation
The ADC values of the tumor VOI were calculated using 
the equation:

	 Sb/S0 = exp(−b × ADC)

where Sb and S0 represent the signal intensities at b val-
ues of 0 s/mm2 and ‘b’, respectively, in which ‘b’ repre-
sents the diffusion sensitizing factor.

Radiomic feature extraction
The standardized radiomics analysis workflow software 
package PyRadiomics (version 2.1.2; ​h​t​t​​p​s​:​/​​/​p​y​​r​a​​d​i​o​m​
i​c​s​.​r​e​a​d​t​h​e​d​o​c​s​.​i​o​​​​​) was employed for radiomic feature 
extraction [22]. First, all images were normalized using 
z score normalization with a fixed bin width of 20 and 
voxel size resampling to 1 mm3 [23]. Then, 12 filters, 
including Original, Laplacian Sharpening, wavelet, Addi-
tiveGaussianNoise, Normalize, BoxMean, BinomiaIBIurl-
mage, ShotNoise, LoG, Boxsigmalmage, CurvatureFlow, 
and DiscreteGaussian, were applied. As a result, 2264 
radiomic features were extracted from each of the VOIs.

DL feature extraction
We designed a DL feature extraction model based on 
multiscale CNNs to refine and extract features from 
tumors of different grades. The model consists of 8 con-
volutional layers with ReLU activation (red), 3 maximal 
pooling layers (blue), 3 upsampling layers (yellow), and 
a full sampling layer (purple). The multiscale network 
design consists of five bottom-up layers (convolution 
1-convolution 5) and three merged layers (convolution 
6-convolution 8), where the larger scale focuses on the 
large target of the tumor and the smaller scale obtains 
richer contextual information. During each round of 
training of the network, the DWI images are prepro-
cessed separately and fed into the model, and DL fea-
tures are output through the fully connected layers [24]. 
The above process is shown in Fig. 2. A self-written code 
based on Python (version 3.1.0) was used for all these 
operations, and 128 DL features were finally extracted 
from each DWI image (Supplementary 1).

Feature selection
All feature extraction is carried out in the training set, 
and then agreement in the inter- and intraobserver char-
acteristics was assessed using the DWI images of 20 
randomly selected patients in training set. Two weeks 
later, intraobserver reproducibility was estimated by 
having reader 1 repeat the segmentation of the VOIs 
from the DWI scans. To assess interobserver reproduc-
ibility, Reader 2 (another radiologist with 17 years of 
experience) also independently delineated the VOIs and 
extracted features in the same way. For the radiomics and 
DL features, robust features were initially selected if their 
interobserver and intraobserver interclass correlation 
coefficients (ICCs) > 0.75. All features were then normal-
ized using the z score method. The Mann‒Whitney U 
test (α = 0.05), Select K Best algorithm (K = 30), and Least 

Table 1  MRI acquisition parameters
Scanner GE Healthcare

Optima MR360 1.5T
GE Healthcare
Signa HDxt 3.0T

GE Healthcare
Discovery 750 W 3.0T

DWI Axial, 2D EPI Axial, 2D EPI Axial, 2D EPI
  TR/TE (ms) 2360/76.4 3327/72.4 4120/68.9
  Flip angle (°) 90 90 90
  Slice/Gap (mm) 5/1 5/1 5/1
  Matrix 280 × 208 260 × 280 128 × 128
  FOV (mm) 380 380 380
  b (s/mm2 ) 800 800 800
T2WI Axial, 2D FSE Axial, 2D FSE Axial, 2D FSE
  TR/TE (ms) 4588/80.2 3748/75.8 4378/88.6
  Flip angle (°) 120 112 110
  Slice/Gap (mm) 5/1 5/1 5/1
  Matrix 320 × 256 382 × 479 384 × 384
  FOV (mm) 380 380 380
DWI = diffusion-weighted imaging, T2WI = T2-weighted imaging, TR = repetition time, TE = echo time, EPI = echo-planar imaging, FSE = fast spin echo, FOV = feld of 
view

http://www.itksnap.org
https://pyradiomics.readthedocs.io
https://pyradiomics.readthedocs.io
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Absolute Shrinkage and Selection Operator (LASSO) 
algorithm (α = 0.01, max_iter = 1000, and n-folds = 5) were 
then used to eliminate redundant features.

Model development
Because of their simplicity, effectiveness and popular-
ity, two algorithms, Gaussian Process (GP) and Deci-
sion Tree (DT), were used to develop the model. For 
the GP algorithms, the following parameters were 
set: Length scale = 1.0, Optimizer restart count = 10, 
Threshold = 0.5; For the DT algorithms, the parameter 
values were as follows: Category weight = None, Indica-
tor = Gini, Maximum depth = 4, Minimum number of leaf 
node samples = 1, Minimum cut sample room = 2, Cut-
ting method = Best, Classification threshold = 0.5. Eight 
(2 × 4) prediction models were generated, including 3 

independent models (based on clinical characteristics 
and radiomics and DL features alone) and 1 combined 
model (clinical + radiomics + DL) for the two algorithms. 
The final predictive model was determined by meeting 
certain criteria to avoid overfitting and ensure robust-
ness; specifically, the area under the curve (AUC) of the 
models in the training and test sets should be maximized 
while ensuring that the difference between the two sets is 
less than 0.1 [25].

TP53 status assessment
All lesion specimens were sent to the pathology center 
of our institution for assessment of TP53 status by IHC 
staining. The presence of brown granules in the nucleus 
was used to assess the expression of TP53 [6]. This 
work was carried out independently by two experienced 

Fig. 1  Image processing workflow
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Fig. 2  Schematic of deep learning feature generation. Red represents the eight convolutional layers with ReLU activation, blue represents the three 
maximal pooling layers, yellow represents the three upsampling layers, and purple represents the one full sampling layer
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pathologists, and disagreements, if any, were resolved by 
discussion.

Statistical analysis
Data analyses were performed using SPSS 26.0 (IBM) and 
RStudio 4.3.1 (R Foundation) software. Statistical signifi-
cance was established if P < 0.05. Differences in variables 
between groups were analyzed using the Mann–Whitney 
U test, independent samples t test, or chi-square test. 
The AUC, DeLong analysis, and net reclassification index 
(NRI) were used to evaluate the diagnostic performance 
of the models. Calibration curves and decision curve 
analysis (DCA) were employed for model validation and 
net clinical benefit assessment, respectively.

Results
Clinical variables
The training set comprised 80 patients, including 54 
mutation and 26 wild cases. The test set comprised 35 
patients, including 23 mutation and 12 wild cases. The 

external validation set comprised 40 patients, includ-
ing 24 mutation and 16 wild cases. None of the clinical 
variables, including ADC value, age, maximum diameter, 
CEA, CA153, and FIGO stage, were significantly different 
in the training, test, and external validation sets (P-value 
all > 0.05). The ADC values in the TP53-mutant group 
were significantly lower than those in the TP53-wild-type 
group, a trend observed consistently in the training, test, 
and external validation sets. The details of the clinical 
variables are summarized in Table 2.

Prediction model
The final clinical model was a GP-based model compris-
ing two clinical variables, ADC value and FIGO stage. 
The final radiomic model was a GP-based model com-
prising five radiomic features, wavelet_glrlm_wavelet-
LHH-RunVariance, wavelet_glcm_wavelet-LLH-Idmn, 
wavelet_glcm_wavelet-LLH-Idn, log_glcm_log-sigma-
4-0-mm-3D-Correlation, and wavelet_glszm_wavelet-
HHL-GrayLevelVariance. The final DL model was a 

Table 2  Summary of characteristics in differents sets
Training set Mutation Wild P value P*value
  Number n = 54 n = 26
  ADC value 1.02 ± 0.39 1.24 ± 0.27 0.004 0.448
  Age (year) 56.37 ± 7.99 57.46 ± 8.90 0.598 0.187
  Maximum diameter (mm) 31.85 (9.83, 52.55) 28.95 (7.48, 40.30) 0.337 0.686
  CA-153 (u/ml) 8.66 (7.21, 10.46) 9.07 (7.46, 14.07) 0.374 0.363
  CEA (ng/ml) 1.65 (1.33, 2.29) 1.53 (1.29, 1.83) 0.182 0.248
  FIGO stage 0.055 0.593
    Early (≤ II) 47 (87.04%) 26 (100.00%)
    Advanced (> II) 7 (12.96%) 0 (0.00%)
Test set
  Number n = 23 n = 12
  ADC value 0.90 ± 0.20 1.18 ± 0.44 0.016 0.448
  Age (year) 54.26 ± 8.44 52.75 ± 6.02 0.546 0.187
  Maximum diameter (mm) 41.40 (10.00, 48.90) 18.60 (8.35, 28.85) 0.085 0.686
  CA-153 (u/ml) 8.48 (4.60, 9.69) 9.79 (8.17, 11.56) 0.097 0.363
  CEA (ng/ml) 1.37 (0.68, 2.12) 1.72 (1.43, 2.30) 0.208 0.248
  FIGO stage 0.630 0.593
    Early (≤ II) 22 (95.65%) 11 (91.67%)
    Advanced (> II) 1 (4.35%) 1 (8.33%)
Validation set
  Number n = 24 n = 16
  ADC value 1.00 ± 0.35 1.19 ± 0.39 0.117 0.448
  Age (year) 56.33 ± 6.89 55.06 ± 9.07 0.618 0.187
  Maximum diameter (mm) 42.35 (12.65, 56.58) 24.25 (8.05, 47.10) 0.252 0.686
  CA-153 (u/ml) 8.11 (7.05, 9.24) 9.74 (7.53, 16.49) 0.044 0.363
  CEA (ng/ml) 1.72 (0.89, 2.57) 1.56 (1.16, 1.87) 0.720 0.248
  FIGO stage 0.051 0.593
    Early (≤ II) 19 (79.17%) 16 (100.00%)
    Advanced (> II) 5 (20.83%) 0 (0.00%)
FIGO = International Federation of Gynecology and Obstetrics, LNM = lymph node metastasis, CEA = carcinoembryonic antigen, CA-125 = carbohydrate antigen 125, 
and CA-153 = carbohydrate antigen 153. P = the result of univariable analyses between mutation and wild; P* = the results of the univariable analyses between each 
clinical parameter in different sets



Page 7 of 12Shen et al. BMC Cancer           (2025) 25:45 

GP-based model comprising four DL features, the 56th, 
59th, 76th, and 78th. The final combined model (clini-
cal + radiomics + DL) was a GP-based model comprising 
the two clinical variables, five radiomic features, and four 
DL features listed above (Fig. 3).

Receiver operating characteristic (ROC) curve and NRI 
analysis
Compared with the clinical, radiomics, and DL, models, 
the combined model (clinical + radiomics + DL) exhibited 
improved diagnostic performance in the training, test, 
and external validation sets, with AUC values of 0.949, 

Fig. 3  Feature heatmap for different models. Figure a is the heatmap of features in the clinical model, where features 1–2 are FIGO stage and ADC, 
respectively. Figure b is the heatmap of features in the radiomic model, where features 1–5 are log_glcm_log-sigma-4-0-mm-3D-Correlation, wave-
let_glcm_wavelet-LLH-Id, wavelet_glcm_wavelet-LLH-Idm, wavelet_glrlm_wavelet-LHH-Run Variance, and wavelet_glszm_ wavelet-HHL-GrayLevel Vari-
ance, respectively. Figure c is the heatmap of features in the DL model, where features 1–4 are the 56th, 59th, 76th, and 78th features, respectively. Figure d 
is the heatmap of features in the combined model, where features 1–11 are FIGO stage, ADC, 56th, 59th, 76th, 78th, wavelet_glrlm_wavelet-LHH-RunVari-
ance, wavelet_glcm_wavelet-LLH-Idmn, wavelet_glcm_wavelet-LLH-Idn, log_glcm_log-sigma-4-0-mm-3D-Correlation, and wavelet_ glszm_wavelet-
HHL-GrayLevelVariance, respectively
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0.877, and 0.914, respectively. In the training set, the dif-
ferences in the AUCs between the combined model and 
the clinical (AUC = 0.780), radiomics (AUC = 0.810), and 
DL (AUC = 0.830) models were all significant (Z = 3.658, 
2.956, and 2.720, P < 0.001, = 0.003, and = 0.007, respec-
tively). In the test set, a significant difference in AUC was 
observed between the combined model and the radiomic 
(AUC = 0.710) model (Z = 2.185, P = 0.029), whereas no 
significant differences were observed in the AUC between 
the combined model and the clinical (AUC = 0.685) and 
DL (AUC = 0.779) models (Z = 1.614, 1.016, P = 0.106, 
0.310, respectively). In the external validation set, the dif-
ference in the AUC between the combined model and 
the clinical (AUC = 0.695) and DL (AUC = 0.711) mod-
els were all significant (Z = 2.813, 2.438, P = 0.005, 0.015, 
respectively), whereas no significant differences were 
observed in the AUC between the combined model and 
the radiomics (AUC = 0.839) model (Z = 1.307, P = 0.191, 
respectively, Table 3; Fig. 4).

Compared with the clinical, radiomics, and DL, mod-
els, the combined model (clinical + radiomics + DL) 
demonstrated superior risk reclassification of the TP53 
status. In the training set, the NRIs were 83.48% (95% 

CI: 55.74 ~ 111.21), 56.98% (95% CI: 29.83 ~ 84.13), 
and 66.38% (95% CI: 38.62 ~ 94.14), respectively (P all 
< 0.001). In the test set, the NRIs were 89.49% (95% CI: 
47.92 ~ 131.07), 80.43% (95% CI: 44.39 ~ 116.48), and 
50.72% (95% CI: 8.59 ~ 92.86), respectively (P < 0.001, < 
0.001, and = 0.018, respectively). In the external valida-
tion set, the NRIs were 120.83% (95% CI: 70.64 ~ 171.02), 
87.50% (95% CI: 30.37 ~ 144.63), and 64.58% (95% CI: 
26.88 ~ 102.29), respectively (P < 0.001, = 0.003, and 
< 0.001, respectively).

Model validation and clinical benefit
In the training, test, and external validation sets, the 
calibration curves revealed that the combined model 
(clinical + radiomics + DL) exhibited good agreement 
between the predicted values and actual observations, 
while DCA showed that the combined model (clini-
cal + radiomics + DL) offered a reliable clinical benefit in 
assessing the TP53 status of EC patients (Figs. 5 and 6).

Table 3  Performance of prediction models
Model Classifier AUC (95% CI) Sensitivity Specificity Youden
Training set
  Clinical GP 0.780 (0.673–0.865) 55.56% 92.31% 47.86%

DT 0.902 (0.815–0.957) 85.19% 80.77% 65.95%
  Radiomics GP 0.810 (0.707–0.889) 81.48% 73.08% 54.56%

DT 0.949 (0.876–0.986) 98.15% 80.77% 78.92%
  DL GP 0.830 (0.729–0.905) 59.26% 96.15% 55.41%

DT 0.962 (0.893–0.992) 88.89% 96.15% 85.04%
  Combined GP 0.949 (0.875–0.986) 79.63% 96.15% 75.78%

DT 0.990 (0.937–1.000) 94.44% 96.15% 90.60%
Test set
  Clinical GP 0.685 (0.506–0.831) 95.65% 50.00% 45.65%

DT 0.522 (0.347–0.693) 34.78% 75.00% 9.78%
  Radiomics GP 0.710 (0.533–0.850) 82.61% 66.67% 49.28%

DT 0.737 (0.561–0.871) 95.65% 41.67% 37.32%
  DL GP 0.779 (0.607–0.901) 56.52% 91.67% 48.19%

DT 0.634 (0.455–0.790) 60.87% 75.00% 35.87%
  Combined GP 0.877 (0.722–0.963) 73.91% 91.67% 65.58%

DT 0.614 (0.435–0.773) 78.26% 50.00% 28.26%
Validation set
  Clinical GP 0.695 (0.530–0.831) 83.33% 56.25% 39.58%

DT 0.698 (0.533–0.833) 50.00% 81.25% 31.25%
  Radiomics GP 0.839 (0.688–0.936) 83.33% 81.25% 64.58%

DT 0.888 (0.748–0.966) 87.50% 81.25% 68.75%
  DL GP 0.711 (0.546–0.843) 54.17% 87.50% 41.67%

DT 0.849 (0.700–0.942) 83.33% 87.50% 70.83%
  Combined GP 0.914 (0.782–0.979) 70.83% 100.00% 70.83%

DT 0.829 (0.677–0.930) 79.17% 81.25% 60.42%
CI = confidence interval, DL = deep learning, GP = gaussian process, DT = decision tree, combined = clinical + DL + Radiomics. The bold typeface indicates the final 
model
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Discussion
The results of this study showed that the clinical model, 
DWI-based radiomic model, and DWI-based DL model 
were all capable of assessing the TP53 mutation status in 
EC patients. In addition, a combined model consisting of 

two clinical variables, five radiomic features and four DL 
features demonstrated improved diagnostic performance 
and risk reclassification over the single models described 
above.

Fig. 6  Decision curve analysis results for the combined (clinical + DL + radiomic) model in the training (a) and test (b) set

 

Fig. 5  Calibration curves of the clinical (blue), deep learning (DL) (yellow), radiomic (green), and combined (clinical + DL + radiomic, red) models in the 
training (a) and test (b) sets

 

Fig. 4  Areas under the receiver operating characteristic curves of the clinical (blue), deep learning (DL) (yellow), radiomic (green), and combined (clini-
cal + DL + radiomic + ADC, red) models in the training (a) and test (b) sets
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During the construction of the clinical model, a total 
of seven clinical variables (ADC value, age, maximum 
diameter, CEA level, CA 153 level, FIGO stage and his-
tological grade) were included. However, after screen-
ing, only FIGO stage and ADC value were found to have 
a robust relationship with the TP53 mutation status of 
EC patients. The FIGO stage is mainly used to reflect the 
degree of invasion of the lesion into the surrounding tis-
sues; usually, the more malignant the lesion is and the 
more severe the invasion of the surrounding tissues is, 
the higher the FIGO stage is [26]. The ADC is a quanti-
tative parameter derived from DWI to reflect the rapid-
ity of the diffusion of water molecules moving within the 
tissue. Previous studies have shown that the more malig-
nant the lesion is, the more significant the restriction 
of water molecule diffusion within it, and the lower the 
ADC value [27]. An increase in the expression of mutant 
TP53 may lead to higher proliferative activity, poorer dif-
ferentiation ability, and higher malignancy of EC cells [2, 
4]. These factors may exacerbate the degree of invasion 
of EC peripheral tissues and the degree of internal water 
molecule diffusion restriction to varying degrees, result-
ing in a robust correlation between FIGO stage and ADC 
values and TP53 expression in EC patients. Furthermore, 
a clinical model was constructed based on the above clin-
ical variables, but the results showed that although the 
model was able to assess the TP53 mutation status in EC 
patients, the diagnostic efficacy was low. This is consis-
tent with previous studies, and the reason for this result 
may be related to the limited information and low speci-
ficity for TP53 from single clinical variables [19, 21].

In this research, we used DL and radiomics to extract 
features of DWI images and built corresponding models. 
We found that both the DL and radiomic models effec-
tively assessed the TP53 mutation status of EC patients, 
and the diagnostic efficacy of the DL model was higher 
than that of the radiomic model in both the training and 
test sets. This result is consistent with previous stud-
ies [28, 29], demonstrating that DL is feasible and rela-
tively superior to radiomics in discriminating between 
TP53-mutant and TP53-wild-type EC patients. One 
possible reason for the superior performance of DL 
over radiomics is that compared to radiomics, which 
extracts a relatively fixed amount of feature informa-
tion, CNNs have a more complex and scalable structure, 
which makes them capable of not only extracting deeper 
and more subtle features from an image but also per-
haps mimicking the elusive subconscious process that 
occurs when radiologists interpret DWI images [30, 31]. 
As a result, DL is able to efficiently detect subtle differ-
ences between TP53-mutant and TP53-wild-type EC, 
leading to improved diagnostic efficacy. In addition, we 
also constructed a combined model consisting of clinical 
variables, DL features, and radiomic features and found 

that it showed improved diagnostic efficacy and reclas-
sification ability to varying degrees over the clinical, 
radiomic, and DL models. This result is consistent with 
previous work showing that a combined model that inte-
grates multidimensional validation information can offer 
a more comprehensive understanding of the lesion than a 
single-modality model [32, 33], thereby enabling a more 
accurate distinction between TP53-mutant and TP53-
wild-type EC.

The suitability of the algorithm has a very important 
impact on the diagnostic performance of the prediction 
model. The DT algorithm is a supervised learning algo-
rithm that uses the idea of classification to construct a 
mathematical model based on the characteristics of the 
data to screen data and make decisions [34]. The GP algo-
rithm is an unsupervised learning algorithm that mainly 
through the use of a measure of homogeneity between 
data points as a kernel function, constructs a covari-
ance function through the training samples to obtain 
the joint probability density and then find the new data 
prediction value [35]. In this study, due to the simplicity, 
effectiveness and popularity of the above two algorithms, 
we chose them to construct distinct models. The results 
showed that both in the single models (individual clinical, 
radiomics, and DL models) and in the combined model 
(clinical + radiomics + DL), the GP algorithm demon-
strated better stability and reliability than the DT algo-
rithm, achieving higher diagnostic efficacy in both the 
training and test sets, but the difference in diagnostic 
performance between the two was small. This is similar 
to previous findings, and we speculate that this may be 
related to the fact that GP algorithms are more suitable 
for solving small-sample, nonlinear, and noisy problems 
[36]. In addition, considering that different algorithms 
have their own optimal applicability scenarios and dif-
ferent diseases have their own unique pathophysiologi-
cal characteristics, future studies may wish to consider 
applying as many algorithms as possible that can be used 
for modeling when conditions allow.

This study has certain limitations. First, although the 
data in the present study came from two centres and a 
training set, a test set and an external validation set were 
set up, the sample size is still small, which may affect the 
clinical extension of the prediction model to some extent. 
Second, the DWI scanning protocols used in this study 
were implemented in different scanners, which may have 
negatively affected the results despite standardized pre-
processing. Third, we only implemented the DT and GP 
algorithms, which may have limited our ability to build a 
predictive model with better diagnostic performance in 
this study. In the future, we will further expand the sam-
ple size, conduct prospective multicentre studies, opti-
mise the imaging solution and integrate more algorithms, 
with a view to obtaining more accurate and reliable 
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results, which will lead to the promotion and application 
of this prediction model in clinical practice.

Conclusion
In conclusion, our study revealed that a prediction model 
based on the GP algorithm and consisting of DL and 
radiomics DWI features as well as clinical variables can 
effectively assess TP53 mutation status in EC. With the 
continuous improvement of the relevant algorithms and 
further in-depth studies, the model is expected to provide 
a reliable non-invasive assessment of TP53 mutations in 
EC patients, which in turn will facilitate the development 
of intelligent clinical practice for relevant patients.
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