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for predicting clinical response
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preoperative CT images of
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Background and objective: Identifying patients suitable for conversion therapy through early non-
invasive screening is crucial for tailoring treatment in advanced gastric cancer (AGC). This study

aimed to develop and validate a deep learning method, utilizing preoperative computed tomography
(CT) images, to predict the response to conversion therapy in AGC patients. This retrospective study
involved 140 patients. We utilized Progressive Distill (PD) methodology to construct a deep learning
model for predicting clinical response to conversion therapy based on preoperative CT images. Patients
in the training set (1=112) and in the test set (n=28) were sourced from The First Affiliated Hospital

of Wenzhou Medical University between September 2017 and November 2023. Our PD models’
performance was compared with baseline models and those utilizing Knowledge Distillation (KD), with
evaluation metrics including accuracy, sensitivity, specificity, receiver operating characteristic curves,
areas under the receiver operating characteristic curve (AUCs), and heat maps. The PD model exhibited
the best performance, demonstrating robust discrimination of clinical response to conversion therapy
with an AUC of 0.99 and accuracy of 99.11% in the training set, and 0.87 AUC and 85.71% accuracy in
the test set. Sensitivity and specificity were 97.44% and 100% respectively in the training set, 85.71%
and 85.71% each in the test set, suggesting absence of discernible bias. The deep learning model

of PD method accurately predicts clinical response to conversion therapy in AGC patients. Further
investigation is warranted to assess its clinical utility alongside clinicopathological parameters.
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Recent epidemiological data highlights gastric cancer (GC) as the fifth most common malignancy worldwide
in terms of incidence, and the fourth leading cause of cancer-related mortality'. Due to the lack of obvious
specificity in clinical symptoms of early gastric cancer, most GC patients are often diagnosed with progression.
Advanced gastric cancer (AGC) accounts for 70-80% of all GC cases®. Owing to factors such as extensive distant
metastasis, peritoneal metastasis, or local progression, some patients with AGC were unable to undergo radical
resection surgery and can only undergo conservative treatment to delay disease progression. The prognosis of
such patients is poor, with a 5-year overall survival rate ranging between 30%and 40%?. Better treatment for this
type of patient still faces challenges in improving prognosis. Over recent years, advances in understanding of the
occurrence, development and biological behavior characteristics of GC, as well as the development and application
of new anticancer drugs, including chemotherapy drugs, molecularly targeted drugs and immunotherapy drugs,
have reshaped the treatment concept and strategy of AGC. Various strategies are currently emerged to enhance
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survival rates, with conversion therapy proving effective and showing improved survival rates in patients with
unresectable AGC*>.

Conversion therapy is a treatment approach aimed at reducing initially unresectable or borderline resectable
tumors, due to surgical technical and/or oncological reasons, can be reduced into a lower stage through active
and effective.

chemotherapy and other comprehensive treatments. Its primary goal is to diminish the size of primary gastric
lesions and effectively control metastatic lesions, facilitating RO resection and enhancing long-term survival
rates. However, due to tumor biology differences and heterogeneity, the precise implementation of conversion
therapy remains a challenge, and not all patients derive benefit from it®. Histopathological examination, the
current gold standard method for evaluating reactions, is only available postoperative, leading to delays in
therapy adjustment. Therefore, a dependable method for early and individual prediction of treatment response
is critically required for personalized therapy in AGC patients.

In the context of these challenges, artificial intelligence, particularly deep learning algorithms, has gained
attention for its remarkable performance in image recognition tasks’. Deep learning has demonstrated remarkable
capabilities in extracting meaningful patterns from medical imaging data, with successful applications spanning
various medical domains including disease classification®®, model interpretability research!®-'?and prognostic
prediction!-1%. Specifically in gastric cancer analysis, deep learning approaches have shown particular promise
for risk stratification and treatment response prediction!®~!8.Deep convolutional neural network (CNN) models
have demonstrated the ability to discern subtle details in medical images beyond human perception, offering
automated and quantitative assessment. Combining the computed tomography (CT) signs of primary tumors
with artificial intelligence to predict AGC patients’ response to conversion therapy and evaluate the feasibility of
conversion therapy implementation may yield great diagnostic effects.

While deep learning has demonstrated remarkable success across diverse applications, the exclusive reliance
on conventional CNN architectures often falls short of achieving optimal performance in complex clinical tasks.
To address this limitation, we propose Progressive Distill (PD), a novel framework that synergistically integrates
Knowl- edge Distillation (KD)!® with multi-iteration optimization. Unlike traditional KD methods that perform
single- stage distillation, PD employs an iterative refinement process where intermediate student models
progressively inherit and enhance discriminative features from teacher networks while incorporating stochastic
noise (e.g., dropout and stochastic depth) to improve generalization. This hierarchical distillation mechanism
not only mitigates overfitting—a critical challenge in medical imaging with limited datasets—but also enables
the compression of knowledge from computationally intensive models into lightweight architectures without
sacrificing accuracy.

Hence, our study aims to establish a DL tool that empowers clinicians to stratify AGC patients for conversion
therapy before treatment initiation, thereby addressing a pivotal gap in personalized oncology.

The key contributions of this study are:

« Development of Progressive Distill (PD), a novel deep learning framework combining multi-iteration distil-
lation and model noise.

« First application of PD to predict clinical response to conversion therapy in AGC using preoperative CT.

o Superior performance of PD over baseline CNNs, KD, and clinician assessments.

» Demonstration of PD’s potential for non-invasive, personalized treatment planning in oncology.

Materials and methods

Ethical statement

This study received ethical approval from the Institutional Review Board of The First Affiliated Hospital of
Wenzhou Medical University (Ethics approval No. 2024R043). Due to the retrospective nature of the study, the
Institutional Review Board of The First Affiliated Hospital of Wenzhou Medical University waived the need of
obtaining informed consent. All research involving human participants was conducted in accordance with the
Declaration of Helsinki.

Data sets and study cohorts

A cohort of 140 patients with histologically confirmed advanced-stage (¢T3-4 N0/+MO0/1) of GC, who underwent
conversion therapy at a single hospital, was recruited from September 2017 to November 2022. The training set
comprised 112 patients (mean age: 66 years; range: 39-81 years) consecutively treated at The First Affiliated
Hospital of Wenzhou Medical University in Wenzhou, China. The test set consisted of 28 patients (mean age: 66
years; range: 46-81 years) who received treatment at the same hospital (Fig. 1). All baseline clinical characteristics
(Table 1), including sex, age, CA199, CEA, and clinical T (cT), N (cN), and M (cM) stages according to the 8 th
AJCC TNM staging system?’, were extracted from medical records. CT images were sourced from the The First
Affiliated Hospital of Wenzhou Medical University.

Conversion therapy protocols and response assessment

The chemotherapy regimens included SOX (Oxaliplatin plus S-1), XELOX (Oxaliplatin plus Capecitabine),
FLOT (5-Fluorouracil Plus Leucovorin, Oxaliplatin, and Docetaxel), FLOFOX (Oxaliplatin plus Calcium
Levofolinate,5- Fluorouracil), AS (Paclitaxel plus S-1), TP (Paclitaxel plus Cisplatin), DS (S-1 plus Docetaxel),
DOS (Docetaxel plus S-1, Oxaliplatin). Trastuzumab was recommended for patients with HER2 positive
cancers. The immunotherapy regi- mens included Camrelizumab, Pembrolizumab, Sintilimab, Tislelizumab,
and Nivolumab, Penpulimab, Serplulimab. Clinicians determined the appropriate dose and treatment schedule.
Within 1-3 weeks after the end of treatment, we evaluate the post-treatment efficacy of chemotherapy through
comprehensive methods such as imaging examination and laparoscopic exploration. If the efficacy evaluation

Scientific Reports |

(2025) 15:17092 | https://doi.org/10.1038/s41598-025-01063-6 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Medical record database of patients with histologically
confirmed gastric cancer at an advanced stage who received
conversion therapy from September 2017 to November 2023
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Fig. 1. Patient flow diagram. CT = computed tomography, PVP =portal venous phase.

reaches complete remission, partial remission, or stable condition, and multidisciplinary team discussion
suggest the possibility of RO tumor resection, surgery would be performed after obtaining the patients’ informed
consent, which is called conversion surgery.

The overall treatment response was assessed according to the Response Evaluation Criteria in Solid Tumors
(RECIST version 1.1) guidelines?!. These guidelines categorized responses into four levels:1. complete response:
Defined as the disappearance of all target and non-target lesions. 2. partial response: Characterized by at least a
30% decrease in the sum of the lesion diameter (LD) of target lesions compared to the baseline sum LD. Non-
target lesions may persist, and tumor marker levels may remain above normal limits. 3. progressive disease:
Marked by at least a 20% increase in the sum of the LD of target lesions compared to the smallest sum LD
recorded since treatment initiation. Additionally, the appearance of new lesions or unequivocal progression of
existing non-target lesions may be observed.

4. stable disease: Neither meeting the criteria for partial response nor progressive disease. The sum of the LD
of target.

lesions remains relatively stable compared to the smallest sum LD since treatment initiation, and non-
target lesions show no significant change. The patients in our study were categorized into two groups based on
treatment response: the good response (GR) group, comprising those with complete or partial response, and the
poor response (PR) group, comprising those with progressive disease or stable disease.

CT imaging and data preprocessing

All patients underwent enhanced CT examination within 1-3 weeks before conversion therapy. Given
the ability to distinguish GC from normal gastric tissues in portal venous phase (PVP) CT images, we have
retained only the images captured during PVP phase. Additionally, we retained images captured from the
moment the abdomen appeared to just before the liver disappeared, while discarding the remaining images.
To address the limited amount of training data, we employed data augmentation techniques?*?*. Addressing
the constraint of limited training data within the dataset, we utilized data augmentation techniques for image
processing. This methodology encompasses the application of various random geometric transformations, such
as flipping, rotation, scaling, and shifting, to artificially augment the training image dataset. In addition, it can
not only help to mitigate the impact of noise but also ensures that the model used focuses on GC tumors?.
Subsequently, the remaining images underwent an initial filtering process with a window of [-215, 285] HU.
Following this, the images underwent resizing to 256 x 256 pixels followed by random cropping to 224 x224
pixels, ensuring a standardized distance scale. Previous research underscores the efficacy of data augmentation
in preventing network overfitting and avoiding the memorization of specific details from training images®.
These preprocessing procedures were executed through Python (version 3.9.16) with the PyTorch Transformer.
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Training set (n=112) Testing set (n=28)
Characteristics GR(n=73) |PR(n=39) |GR(n=14) |PR(n=14)
Age, years 66.1(41-81) | 64.5(39-79) | 64.3(46-81) | 68.4(51-81)
Sex
Female 16(21.9%) 6(15.4%) 3(21.4%) 1(7.1%)
Male 57(78.1%) 33(84.6%) 12(78.6%) 1(92.9%)
Lauren type
Intestinal type 11(15.07%) | 9(23.08%) 4(28.57%) 6(42.86%)

Diffuse or mixed type | 32(43.83%) | 27(69.23%) | 3(21.43%) 6(42.86%)
Undifferentiated type | 30(41.10%) | 3(7.69%) 7(50.00%) 2(14.28%)

CEA, ng/ml

< 5.0, Normal 43(58.9%) 26(66.7%) 9(64.3%) 7(50.00%)
> 5.0,Elevated 30(41.1%) 13(33.3%) 5(35.7%) 7(50.00%)
CA199, u/ml

< 5.0, Normal 47(64.4%) 22(56.4%) 9(64.3%) 7(50.00%)
> 35.0,Elevated 26(35.6%) 17(43.6%) 5(35.7%) 7(50.00%)
Clinical T stage

T3 19(26.03%) | 10(25.64%) | 4(28.57%) 4(28.57%)
T4a 41(56.16%) | 25(64.10%) | 6(42.86%) 8(57.14%)
T4b 13(17.81%) | 4(10.26%) | 4(28.57%) | 2(14.29%)
Clinical N stage

NO +N1 4(5.48%) 3(7.69%) 2(14.29%) 3(21.43%)
N2 +N3 69(94.52%) | 36(92.31%) | 12(85.71%) | 11(78.57%)
Clinical M stage

MO 56(76.71%) | 34(87.18%) | 12(85.71%) | 11(78.57%)
M1 17(23.29%) | 5(12.82%) 2(14.29%) 3(21.43%)

Table 1. Clinicopathological characteristics of patients with AGC in the training cohort and test cohort. Note.-
Values are presented as number (%) or average. CA199 = Carbohydrate antigen 199. CEA = carcinoembryonic
antigen.GR =good response. PR =poor response.

PD algorithm development and training

We developed a PD algorithm to predict a patient’s clinical response to conversion therapy based on CT images,
as illustrated in Fig. 2. We use EfficientNets?® as baseline model of our method, due to its reputation as one of the
most powerful CNNs, achieving the highest accuracy on the ImageNet topl while demanding fewer computing
resources compared to other models (21). Initially, all baseline models were trained without the utilization of
any additional methods. To optimize model performance, we incorporated pretrained weights from ImageNet,
as their efficacy has been demonstrated. To further boost the performance of baseline models, we introduced
additional deep learning methods—PD, during model training.

The PD training template is depicted in Algorithm 1. Initially, we train a teacher network using cross entropy
loss with label smoothing?’. Subsequently, a student model is trained to minimize the combined loss, which
includes:

(1) Kullback-Leibler divergence loss (KLDivLoss) using soft labels from teacher network and soft predictions
from student network; (2) Cross entropy loss with label smoothing. This process iterates by replacing the student
as a teacher and training a new student.

Knowledge Distillation. -The key objective of Knowledge Distillation (KD) is to minimize the discrepancy
between the student network and the teacher network, assessed through the loss function. This facilitates
the transfer of knowledge from the teacher network to the student network, enabling the latter to achieve
performance comparable to or surpass the former.During the training process, a distillation loss is integrated
to minimize the discrepancy between the softmax outputs generated by the teacher and student models. In this
context, p denotes the true probability distribution, while z and r signify the outputs of the last fully-connected
layer of the student and teacher models, respectively. In the equation, (p, softmax(z)) represents a negative cross-
entropy loss measuring the difference between the true probability distribution p and the softmax output z.
Therefore, the loss (p, softmax(z)) is changed to

a (p,softmaz (2)) + T*(1 — ) (softmaz(r/T), softmaz(z/T)), (1)

where T represents the temperature hyper-parameter utilized to refine the softmax outputs and convey the
knowledge of label distribution from the teacher’s predictions, o is a coeflicient between 0 and 1.

Model Noise. —Utilizing conventional KD to distill knowledge to the student model may lead to premature
overfitting, restricting the potential for performance improvement and causing a significant decline in
performance after a few training epochs. To mitigate this and enhance the model’s robustness, we introduced
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Fig. 2. Illustration of the PD Training, Iterating with the use of equal or larger student models. PD
=Progressive Distill.

difficult environments in terms of model noise to the student model. During student training, we use
dropout®and stochastic depth?’ as our model noise.

Multi-iteration. ~The introduction of model noise often hinders students from reaching their maximum
learning capability in a single distillation process. Hence, we incorporated multi-iteration to progressively distill
knowledge. Furthermore, we want the student to better accommodate model noise by using the equal or larger
student models to acquire knowledge, giving the student model enough capacity. Our method involves an
iteration process comprised of three primary steps: (1) train a teacher model using standard training methods,
(2) employing the teacher model to generate soft labels for distillation loss, and (3) training a student model
based on the distillation loss with model noise. This iterative algorithm is repeated multiple times, with each
iteration involving the student model acting as a new teacher to generate soft labels and subsequently training a
new student model.

Cosine Learning Rate Decay. —-To optimize training stability and convergence, we adopted the cosine
annealing learning rate schedule, a dynamic optimization strategy proposed by Loshchilov and Hutter in their
seminal work™. Unlike traditional stepwise decay, this method smoothly adjusts the learning rate n,_during
training by following a cosine function, thereby avoiding abrupt changes that may destabilize gradient updates.
The learning rate at batch t (excluding warmup stages) is defined as:

nt:%(1+c08(%)>n, (2)

where T denotes the total number of training batches and n) is the initial learning rate.

This approach offers two key advantages: (1) The gradual decay of n, prevents sharp drops in learning rate,
enabling steadier traversal of the loss landscape. (2) Cyclically “restarting” the learning rate (by resetting n after T
batches) allows the optimizer to escape suboptimal local minima, improving generalization. In our study, cosine
learning rate decay was applied during all model training process.
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Require: Patients with images and labels XY

1: initialize teacher model 6t, student model 6s1, 6s2, . . . , Osn with pre — trained weights
2: function TEACHER TRAIN(6t, )

3: for epoch =1— num epoch do

4: for batch =1 — num batch do

5: z < forward(6t, X)

6: G « LabelSmoothingCELoss(z, y)
7 grad < backward(G)

8 update(6t, grad)

9 end for
10: CosineAnnealingLearningRate(y)
11: end for

12: end function
13: function STUDENT TRAIN(6¢, 0s, )
14:  for epoch=1— num epoch do

15: for batch=1— num batch do

16: zt,zs < forward(6t,0s _ ,X)
17: G < LabelSmoothingCELoss(z, )
18: Gsoft < KLDivLoss(zt, zs)

19: Ghard <« LabelSmoothingCELoss(zs, y)
20: G«—ax*Gsoft+(1—a)*Ghard
21: grad < backward(G)

22: update(8s, grad)

23: end for

24: CosineAnnealingLearningRate(y)
25: end for

26: end function
27: Iterative training : Use 0s as 0t and go back to function ST UDENT T RAIN

Algorithm 1. Progressive Distill Training

Label Smoothing. —~Label smoothing is a regularization technique employed during training to prevent the
model from becoming overly confident and excessively reliant on the training data. It involves replacing the hard
targets (one-hot encoded labels) with smoothed targets that distribute some probability mass to other classes,
and alteration transforms the formulation of the true probability to:

1-8 if i =1y,
4= { B/(K—1) ot;ze;wisye, 3)

where B denotes a constant, and K is the number of labels. In this study, label smoothing was applied to cross
entropy loss.

Model testing and statistical analysis

The test set (n = 28) was constituted by 20% of the dataset sourced from The First Affiliated Hospital of Wenzhou
Medical University, and the training set (n= 112) of the prediction model was conducted with the remaining
80% of the dataset. Parameters gleaned from internal evaluation were applied during the training process. The
trained models outputted the predicted probability of all images belonging to each patient in the test set being
classified as class 1 according to CT images, then calculates the average of the 10 highest probabilities as the
prediction result.

All models underwent performance evaluation utilizing receiver operating characteristic (ROC) analysis,
with the area under the ROC curve (AUC) computed and compared across various models and methodologies.
Furthermore,

predictive accuracy, specificity, and sensitivity were evaluated. The model-predicted clinical response scores
were dichotomized into two scores—low or high, with an optimal threshold selected based on the Youden index
within the test set, aiming to maximize both sensitivity and specificity. To assess the predictive proficiency
of readers on the test set, three clinicians with diverse experience levels (3, 20, and 40 years, respectively)
independently interpreted images from 28 patients in the test set. Each clinician provided binary predictions for
clinical response (GR or PR) for each patient.

Results
Patient characteristics
Among the patients who underwent conversion therapy for AGC, the following were excluded(n= 164): those
whose tumors metastasized outside the abdominal cavity(n= 19), and those whose CT scans without PVP
stage(n = 5). Finally, 140 patients were included (Fig. 1).

As depicted in Table 1, the rates of GR in the training and test sets stood at 65.17% and 50.00%, respectively.
Notably, there were no discernible differences in sex, age, cN stage, cT stage, or cM stage prior to starting
conversion therapy between the GR and PR groups in two cohorts.
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Performance of PD

To optimize model performance, we implemented additional deep learning methods based on the baseline
models. The corresponding performance outcomes and comparisons in the training set and test set are
summarized in Table 2, and the AUC:s in test set are shown in Fig. 3. We first report the performance of baseline
models. In the test set, the baseline models exhibited AUCs and accuracies as follows: ResNet50 (0.67, 67.86%),
ResNet101 (0.69, 71.43%), ResNext101 (0.77, 75.0%), DenseNet121 (0.66, 71.43%), DenseNet201 (0.74, 75.0%),
Vggll (0.69, 67.86%), Vggl6.

(0.72, 75.0%), EfficientNetBO (0.68, 71.43%), EfficientNetB3 (0.69, 71.43%), and EfficientNetB7 (0.74,
75.00%). Additionally, our exploratory experiments with 3DResNet-50 and a hybrid CNN + Transformer model
(integrating Transformer modules into EfficientNetB7 for global-local feature fusion) achieved test AUCs of
0.69 and 0.75, respectively, with comparable accuracies (67.86% and 75.00%), though their performance did not
surpass the baseline 2D models in overall generalizability.

Then we report the performance of KD. When both teachers and students use the same model, students
exhibit only marginal improvements in AUC. EfficientNetB0 experienced an AUC increase from 0.68 to 0.72,
while maintaining a consistent accuracy of 71.43%. Likewise, EfficientNetB3 demonstrated an improvement
in AUC from 0.69 to 0.72, with no change in accuracy at 71.43%. Notably, EfficientNetB7 showcased an AUC
increase from 0.74 to 0.77, while maintaining a steady accuracy of 75%. By employing a smaller student model
for iteration compared to the teacher model (EfficientNetB7 to B3), it is feasible to attain performance that equals
or exceeds that of the larger model, EfficientNetB3 can also achieve an AUC and an accuracy of 0.80 and 82.14%,
which is much better than teacher EfficientNetB7.

Moreover, PD outperforms KD. In the following, we report the performance of models with PD. The best
model in our study resulted from two iterations of placing the student back as the new teacher, exclusively using
EfficientNetB7. The model performance, with an AUC and accuracy, improved from 0.72 to 75.0% to 0.78 and
78.57% in the first iteration and then to 0.87 and 85.71% in the second iteration. As for iterating by solely using
EfficientNetB3, the best results were also achieved after two iterations, with an AUC and an accuracy of 0.76
and 75.0%. Iterating from a smaller model to a larger model (EfficientNetB0 to B3 to B7) is feasible to shorten
the training time while achieving excellent performance for the larger model. EfficientNetB7 can also achieve
an AUC and an accuracy of 0.84 and 82.14% in half of the time compared to iterating with three EfficientNetB7.
However, when iterating from a larger model to a smaller model (EfficientNetB7 to B3), albeit not to the same
extent as conventional KD, the student model’s performance still improves. The AUC and accuracy, which were
achieved by EfficientNetB7 at 0.78 and 75.0%, respectively, increased to 0.81 and 78.57% by EfficientNetB3.
Experimental results indicate that larger models benefit positively from the inclusion of model noise during
training, whereas smaller models experience negative effects when model noise is added. These findings will be
explored further in the Ablation Study.

The performance of the PD models for predicting clinical response was also compared with those of skilled
clinicians. As illustrated in Table 3, clinicians with 3, 20, and 40 years of experience exhibited varying accuracies
for clinical response, achieving 92.86%, 82.14%, and 78.57%, respectively. Their sensitivities and specificities

Training set (n=112) Test set (n=28)
Method AUC | ACC(%) | SEN(%) | SPE(%) | AUC | ACC(%) | SEN(%) | SPE(%)
ResNet-50 0.99 |99.11 97.44 100 0.67 | 67.86 50 85.71
ResNet-101 0.99 |99.11 97.44 100 0.69 | 71.43 78.57 64.29
ResNext-101 0.99 |99.11 97.44 100 0.77 |75 71.43 78.57
DenseNet-121 0.99 |99.11 97.44 100 0.66 | 71.43 64.29 78.57
DenseNet-201 0.99 |99.11 97.44 100 0.74 |75 64.29 85.71
Vgg-11 0.75 | 73.21 56.41 82.19 0.69 | 67.86 50 85.71
Vgg-16 0.78 | 78.57 48.72 94.52 072 |75 57.14 92.86
EfficientNet-B0 0.99 | 96.43 92.31 98.63 0.68 | 71.43 57.14 85.71
EfficientNet-B3 0.99 | 94.64 97.44 93.15 0.69 |71.43 57.14 85.71
EfficientNet-B7 0.99 |99.11 97.44 100 0.74 |75 78.57 71.43
3DResNet-50 0.9 89.29 82.05 93.15 0.69 | 67.86 78.57 57.14
Hybrid Model 0.99 |98.11 97.44 98.63 0.75 |75 71.43 78.57
Knowledge Distillation (EfficientNet-B0) 0.8 76.79 66.67 82.19 0.72 | 71.43 71.43 71.43
Knowledge Distillation (EfficientNet-B3) 0.83 | 76.79 76.92 76.71 0.72 | 7143 64.29 78.57
Knowledge Distillation (EfficientNet-B7) 0.89 | 87.5 69.23 97.26 0.77 |75 78.57 71.43
Knowledge Distillation (EfficientNetB7-B3) | 0.9 85.71 79.49 89.04 0.8 82.14 71.43 92.86
Progressive Distill (EfficientNetB0-B3-B7) | 0.99 | 99.11 97.44 100 0.84 |82.14 78.57 85.71
Progressive Distill (EfficientNetB7-B3) 0.89 | 86.61 66.67 97.26 0.81 | 78.57 85.71 71.43
Progressive Distill (EfficientNet-B3) 0.99 |98.21 94.87 100 0.76 |75 71.43 78.57
Progressive Distill (EfficientNet-B7) 0.99 [99.11 97.44 100 0.87 | 85.71 85.71 85.71

Table 2. Model performance for clinical response prediction. Note.- AUC =area under the receiver operating
characteristic curve; ACC =accuracy; SEN =sensitivity; SPE =specificity.
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Fig. 3. ROC curves of baseline models, KD and PD for clinical response prediction in test set. The
EfficientNetB7 model with PD achieved a high accuracy and substantially improved upon baseline models and
KD. Sensitivity and specificity for clinician predictions are reported, both as an average and for the individual
clinicians with 3 (C3), 20 (C20), and 40 (C40) years of experience. ROC =receiver operating characteristic, KD
=Knowledge Distillation, PD = Progressive Distill.

Clinician/Model Accuracy(%) | Sensitivity(%) | Specificity(%)
C3 92.86 100 85.71
C20 82.14 85.71 75.57
C40 78.57 92.86 64.29
Average 84.52 92.86 75.19
PD (EfficientNet-B7) | 85.71 85.71 85.71

Table 3. Performance of clinicians and the PD model. Note.- Clinician predictions for clinical response with 3
(C3), 20 (C20), and 40 (C40) years of experience. PD =Progressive Distill.

likewise displayed variability across experience levels, with the most experienced clinician surprisingly
performing less effectively than others. In contrast, the PD model demonstrated an accuracy of 85.71% for
clinical response, either comparable to or significantly higher than the accuracy achieved by clinicians with 20
and 40 years of experience, as well as the average performance of all three clinicians.

The confusion matrix graph illustrates category predictions made by our best model for patients in the test
set with clinical responses of complete response, partial response, progressive disease, and stable disease. It
demonstrates that our model exhibits strong predictive capabilities and shows no discernible bias (Fig. 4A).
Furthermore, the decision curve analysis graphically indicates that the PD provides a larger net benefit compared
to other models within the pertinent threshold range in the test set (Fig. 4B).

The heat maps, generated using the gradient-weighted activation mapping method (Fig. 5), showcasing
the areas that PD model is most concerned about for these images, underscores the deep learning network’s
emphasis on the most predictive image features related to clinical response.
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Fig. 4. Performance of PD model. (A) The confusion matrix generated by our best-performing model. (B)
Decision curve analysis for baseline, KD and PD of EfficientNetB7 model. PD = Progressive Distill, KD
=Knowledge Distillation.

Fig. 5. CT images and heat maps of four AGC patients in four categories of clinical responses. (a) Images in a
69-year-old man with a clinical response of complete response. (b) Images in a 69-year-old man with a clinical
response of partial response. (c) Images in a 59-year-old man with a clinical response of stable disease. (d)
Images in a 67-year-old man with a clinical response of progressive disease. CT =computed tomography, AGC
=advanced gastric cancer.

Figure 6 illustrates the changes in model performance in the test set with increasing iterations for models
trained using PD iterates with equal models. In the second iteration, both EfficientNetB7 and EfficientNetB3
performed the best. EfficientNetB7 showed a substantial improvement, while EfficientNetB3 also experienced
improvement, albeit not as remarkable as EfficientNetB7. However, after the second iteration, the performance
of both models started to decline.

Ablation study

To further validate the effectiveness of the designs in our model, we conducted several ablation studies. The
findings are presented in Table 4, highlighting the pivotal role of model noise and multi-iteration in enhancing
the performance of the student model surpass that of the teacher.Conventional KD only results in marginal
improvements in AUC for the model. However, incorporating model noise in addition to KD brings substantial
positive gains for the large model (EfficientNetB7), while the small model (EfficientNetB3) experiences only
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Fig. 6. Model performance of PD with an increase in the number of iterations. (A) The accuracies of
EfficientNetB3, EfficientNetB7 for clinical response. (B) The AUC:s of EfficientNetB3, EfficientNetB7 for
clinical response. PD = Progressive Distill, AUC =area under the receiver operating characteristic curve.

Models KD | MN | MI | AUC | Accuracy(%) | Sensitivity(%) | Specificity(%)
0.74 | 75.00 78.57 71.43

0.77 | 75.00 78.57 71.43

v 0.78 | 78.57 71.43 85.71

4 v v 1087 |85.71 85.71 85.71

0.69 | 71.43 57.14 85.71

0.72 | 71.43 64.29 78.57

4 0.74 | 71.43 42.86 100

v v v 10.76 | 75.00 71.43 78.57

EfficientNetB7

EfficientNetB3

Table 4. Ablation study on applying different designs on EfficientNetB7 and EfficientNetB3. Note.—- AUC
=area under the receiver operating characteristic curve; KD = Knowledge Distillation; MN =model noise; MI
=multi-iterations.

slight gains. Increasing the number of iterations in the preceding steps leads to enhanced performance for both
the large and small models.

Discussion

Conversion therapy stands as a significant treatment for unresectable GC patients; however, its scheme and
effectiveness vary among patients. The absence of a reliable preoperative method to predict clinical responses
results in treatment failures for some individuals, preventing them from undergoing radical surgery due to
disease progression'®. Hence, the creation of a precise predictive model to evaluate the effectiveness of conversion
therapy before its commencement holds immense importance in the meticulous management of patients with
AGC. Within this retrospective investigation encompassing 140 patients, we developed and validated a deep
learning method capable of accurately predicting the clinical response of conversion therapy for AGC patients
based on preoperative PVP CT images. Furthermore, PD demonstrated superior performance compared to both
baseline models and KD.

As early studies®!*?provided preliminary evidence of the safety and efficacy of conversion therapy, subsequent
high-quality investigations®*~3 have further substantiated its feasibility. Yoshida et al.** introduced a systematic
classification of conversion therapy for AGC, offering guidance for clinical practice based on the presence of
visible peritoneal metastasis. Their further findings based on this classification showed that patients with stage
IV GC who underwent conversion surgery had relatively longer survival. Additionally, Li et al.>” demonstrated
the efficacy and feasibility of immune checkpoint inhibitor (ICI)- and antiangiogenesis-based conversion
therapy in patients with AGC. Despite the availability of various approaches to evaluate the clinical response to
conversion therapy, they often rely on subjective visual assessment of experienced experts or lack non-invasive
assessment options.

Although conversion therapy can effectively treat AGC, positive results may not be universal for all
individuals. In the study conducted by Yamaguchi et al.’, 43 patients underwent conversion therapy were
classified into four categories as described by Yoshida et al.®. The median survival times (MSTs) differed by 13
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months between patients in category 1 and category 4. Similar results were reported by Chen et al.’¥, where

the MSTs differed by 30 months between patients in Category 3 and Category 4. These results underscore the
importance of developing a non-invasive screening method to identify the subset of individuals who would
benefit from it. In our study, patients were classified into two groups based on their clinical response: the good
response (GR) group, including patients with complete response and partial response, and the poor response
(PR) group, including patients with stable disease and progressive disease, as defined according to the response
assessment criteria proposed in RECIST version 1.12%.

Our study identifies four notable advantages: (1) Compared to previous assessment methods, with the use
of deep learning models and preoperative CT images allows us to predict clinical responses non-invasively,
which is critically required for personalized therapy in AGC patients. (2) Traditional methods of evaluating
medical images often rely on human visual interpretation, which can be subjective and limited by the observer’s
experience and expertise. In contrast, deep learning algorithms analyze images systematically, processing each
pixel to derive comprehensive insights. This approach allows for a more objective and consistent assessment of
medical images, potentially leading to more accurate diagnoses and treatment decisions. (3) Applying the KD can
enhance the model’s performance, surpassing the baseline model and enabling the small model to outperform
the large model, resulting in a fast-running model with satisfactory performance and fewer parameters. (4)
Through a progressive approach combined with KD, the model’s performance steadily improves, ultimately
surpassing both the baseline model and the KD. The best-performing model obtained using the PD achieved an
AUC of 0.87, an accuracy rate of 85.71%, a sensitivity of 85.71%, and a specificity of 85.71%.

Comparisons between our models and predictions made by clinicians offer valuable insights. Interestingly,
the clinician with the most experience exhibited the lowest accuracy in predicting clinical response, emphasizing
the inherent challenges and subjective nature of human-based predictions. Clinicians face the critical task of
determining whether a patient’s survival can be prolonged through life-saving surgery, highlighting the weight
of their decisions.Our models demonstrated superior accuracy compared to clinician predictions, suggesting
potential enhancements in prognosticating clinical responses over qualitative assessments. Upon thorough
validation, our model could provide quantitative preoperative information non-invasively, empowering
clinicians to make rapid, reproducible, and more precise decisions in guiding the care of patients with AGC.

Our study has limitations. First, our sample was collected from a single center and our model may not
perform well on CT images from other hospitals. In future studies, we aim to conduct a multicenter study to
minimize variations between hospitals and enhance the robustness of our model. Additionally, this study was
retrospective, and the outcomes were influenced by the composition of dataset, which was limited in size. Prior
to actual clinical application, significant advancements are required through larger and prospective studies.
Due to the retrospective nature of this study, clinicians were not involved in patient classification using our PD
model, this will be considered in our future work. To address clinical utility, we are pursuing ethical approvals
for deploying the PD model as a real-time decision-support tool in radiology workflows. Future work will
involve collaborations with multidisciplinary clinical teams to measure its impact on treatment planning and
patient outcomes through prospective trials. What's more, our current framework focuses exclusively on CT
imaging features without integrating clinical parameters such as age, family history, or biochemical markers.
While this streamlined approach establishes baseline efficacy for CT-based prediction, future work should
explore multimodal fusion architectures to leverage complementary clinical and imaging biomarkers. Though
focused on 2D tumor analysis for clinical alignment, we explored 3D CNNs and CNN + Transformer hybrids for
volumetric and global-local feature modeling. These showed modest gains over 2D baselines but encountered
overfitting, computational burdens, and generalizability issues, potentially from data limitations. Future work
should develop efficient 3D architectures and improved fusion methods to optimize clinical- computational
tradeofTs.

Conclusion

This study developed and validated a deep learning model based on CT scans for early prediction of clinical
response to conversion therapy in AGC patients. The introduced PD model demonstrated encouraging predictive
capabilities, offering significant insights for individualized treatment approaches in AGC patients. These
findings emphasize the need for prospective validation in forthcoming randomized trials to assess the clinical
applicability of our imaging model in conjunction with clinicopathological criteria, facilitating personalized
treatment strategies.

Data availability

The datasets generated and/or analysed during the current study are not publicly available due to hospital ethics
committee regulations and potential involvement of patient privacy, but are available from the corresponding
author on reasonable request.
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