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response remains a challenge.

characteristic curve (AUC).

Background: Neoadjuvant chemoimmunotherapy (NACI) regimen (camrelizumab plus paclitaxel and nedaplatin) has show
promising potential in patients with esophageal squamous cell carcinoma (ESCC), but accurately predicting the therapeutic

Objective: To develop and validate a CT-based machine learning model that incorporates both intratumoral and peritumoral
heterogeneity for predicting the pathological response of ESCC patients after NACI.

Methods: Patients with ESCC who underwent surgery following NACI between June 2020 and July 2024 were included
retrospectively and prospectively. Univariate and multivariate logistic regression analyses were performed to identify clinical
variables associated with pathological response. Traditional radiomics features and habitat radiomics features from the intratu-
moral and peritumoral regions were extracted from posttreatment CT images, and 6 predictive models were established using 14
machine learning algorithms. The combined model was developed by integrating intratumoral and peritumoral habitat radiomics
features with clinical variables. The performance of the models was evaluated using the area under the receiver operating

Results: A total of 157 patients (mean [SD] age, 59.6 [6.5] years) were enrolled in our study, of whom 60 (38.2%) achieved major
pathological response (MPR) and 40 (25.5%) achieved pathological complete response (pCR). The combined model demon-
strated excellent predictive ability for MPR after NACI, with an AUC of 0.915 (95% CI: 0.844-0.981), accuracy of 0.872, sensitivity
of 0.733, and specificity of 0.938 in the test set. In sensitivity analysis focusing on pCR, the combined model exhibited robust
performance, with an AUC of 0.895 (95% CI: 0.782 — 0.980) in the test set.

Conclusion: The combined model integrating intratumoral and peritumoral habitat radiomics features with clinical variables can
accurately predict MPR in ESCC patients after NACI and shows promising potential in predicting pCR.
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Introduction

Esophageal cancer ranks as the seventh most common cancer
worldwide and the sixth leading cause of cancer-related deaths!!.
Globally, more than half of new esophageal cancer cases occur in
China, with more than 90% of these cases are esophageal squamous
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cell carcinoma (ESCC)™!. Despite advancements in therapeutic
approaches, the prognosis for ESCC patients remains unsatisfac-
tory, particularly in those with locally advanced cases, where the
S-year survival rate is less than 20%"!. A previous study developed
a novel treatment regimen consisting of neoadjuvant camrelizumab
in combination with paclitaxel and nedaplatin™. The results
demonstrated that this neoadjuvant chemoimmunotherapy
(NACI) regimen showed satisfactory efficacy in patients with
locally advanced ESCC, achieving a major pathological response
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(MPR) rate of 45.2% and a pathological complete response (pCR)
rate of 27.4%.

Pathological response is an important indicator for evaluating
the efficacy of neoadjuvant therapy. MPR is defined as the
percentage of residual tumor cells in the primary tumor and
lymph nodes not exceeding 10%, while no residual tumor is
observed is classified as a pCR"!. MPR and pCR have been
shown to correlate with higher long term survival and a lower
risk of recurrence!®®!. The image-based response evaluation
criteria in solid tumors (RECIST) scoring system is commonly
used to assess treatment response in ESCC. However, due to the
unique mechanisms of immunotherapy, discrepancies often arise
between RECIST scores and pathological results, such as delayed
response, pseudoprogression, and hyperprogression®'°!, These dis-
crepancies may lead to an underestimation of neoadjuvant efficacy,
potentially resulting in high-response patients receiving unneces-
sary prolonged treatment. Several studies suggest that blood bio-
markers show promise in predicting pathological response to
neoadjuvant therapy, although their reliability can be affected by
factors such as inflammation or infection"'?), Therefore, there is
an urgent need for a more reliable method to accurately predict the
pathological response of ESCC patients after NACIL

Radiomics extracts quantitative features from medical
images and transforms image data into structured formats,
offering a promising method for comprehensive tumor phe-
notype quantification™*!, However, traditional radiomics
does not fully capture the spatial heterogeneity within the
tumor!*. This heterogeneity is a known factor influencing
treatment response and prognosis'"’!. Habitat radiomics is an
innovative approach that divides the tumor into different
subregions based on similar imaging features, providing
a better representation of tumor heterogeneity!®.. Machine
learning algorithms excel at extracting key information from
high-dimensional data, overcoming the limitations and biases
associated with manual feature extraction!'”). Previous stu-
dies developed a CT-based habitat model to predict patholo-
gical response after neoadjuvant therapy in ESCC patients,
but they only analyzed the tumor, neglecting the peritumoral
region!"®, Hu et al"™” showed that peritumoral regions pro-
vide additional predictive value for pathological response
after neoadjuvant chemoradiotherapy in ESCC patients.

Therefore, the aim of this study was to develop a machine
learning model based on CT images, integrating intratumoral
and peritumoral heterogeneity features along with clinical vari-
ables, to predict the pathological response of ESCC patients after
receiving NACI, in order to provide a basis for personalized
neoadjuvant therapy and avoid overtreatment of well-responders.
Additionally, the study employed SHapley Additive exPlanations
(SHAP) analysis for the interpretability analysis of the model.

Materials and methods

Patients

This study was approved by the institutional ethics committee.
Weritten informed consent was obtained for the prospective cohort,
while it was waived for the retrospective cohort. The work has been
reported in line with the Standards for the Reporting of Diagnostic
accuracy studies criteria.

Between June 2020 and June 2023, we retrospectively reviewed
data from 141 consecutive patients with ESCC who received NACI
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HIGHLIGHTS

e The habitat radiomics model demonstrates superior pre-
dictive performance compared to the traditional radio-
mics model.

The combined model integrating intratumoral and peritu-
moral habitat features with clinical variables exhibits the
best predictive performance for pathological response,
with an AUC of 0.915.

SHapley Additive exPlanations (SHAP) analysis enhances
the interpretability of the model.

treatment at our institution. The inclusion criteria were as follows:
(1) pathology-confirmed ESCC, (2) receipt of at least two cycles of
NACI, and (3) availability of contrast-enhanced CT images within
2 weeks prior to surgery. The exclusion criteria were: (1) failure to
undergo surgery, (2) poor-quality CT scans, (3) prior antitumor
therapy, and (4) incomplete clinicopathological data. Ultimately,
110 patients (109 men and 1 woman; mean age, 60 years) were
included in the study and used for training the predictive model.

Between June 2023 and May 2024, ESCC patients who received
NACI treatment were prospectively recruited from our institution.
The enrollment criteria were identical to those for the retrospective
cohort. Finally, 47 eligible ESCC patients were included in the
prospective test set to evaluate the model’s performance. The details
of patient inclusion are shown in Fig. 1A.

In this study, the NACI regimen consisted of camrelizumab
(200 mg), paclitaxel (155 mg/m?), and nedaplatin (80 mg/m?). All
patients received the medications via intravenous injection on the
first day of each treatment cycle, with each cycle lasting 3 weeks.
Patients underwent two to four cycles of NACI treatment based
on individual condition. After completing treatment, patients
underwent radical surgical resection.

Clinical information collection and pathologic evaluation

Clinical data were collected through the electronic health record,
with details provided in Supplemental Digital Content A1, avail-
able at: http:/links.lww.com/JS9/F149. Two pathologists, with
10 and 15 years of experience, evaluated the postoperative
pathology specimens and determined the MPR and pCR status
based on the proportion of residual tumor cells in both the
primary tumor and lymph nodes. A detailed description of the
evaluation process is provided in Supplemental Digital Content
A2, available at: http:/links.lww.com/JS9/F149.

CT image acquisition and segmentation

The posttreatment contrast-enhanced CT images were retrieved
from the picture archiving and communication system. The
details of acquisition are provided in Supplemental Digital
Content A3, available at: http:/links.lww.com/JS9/F149. Two
radiologists, with 8 and 5 years of experience, respectively, were
blinded to the pathological response and manually delineated the
intratumoral and peritumoral regions of interest (ROIs) using
ITK-SNAP software (version 3.8.0, https://www.itksnap.org).
Intratumoral ROIs were defined by outlining the tumor bound-
aries on each slice of the transverse CT images, ensuring the
exclusion of any gas present in the esophageal lumen. The peri-
tumoral ROIs included adjacent tissues and lymph nodes,
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Figure 1. Flowchart of patient enrollment (A) and the overall flowchart of this study (B). ESCC, esophageal squamous cell carcinoma; AUC, area under the
receiver operating characteristic curve; DCA, decision curves analysis. Rad model, intratumoral radiomics model; Rad_per model, peritumoral radiomics model;
Hab model, intratumoral habitat radiomics model; Hab_per model, peritumoral habitat radiomics model.
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excluding the airway, aorta, vertebrae, and azygos vein.
Disagreements were resolved through mutual discussion and con-
sensus among the radiologists.

Intratumoral and peritumoral habitat generation

To objectively extract intratumoral and peritumoral subregions,
a method based on local spatial autocorrelation and regional attri-
bute values was employed. CT images and corresponding mask files
were inputted, spatial attributes were analyzed, and voxel sets for
each ROIs were extracted. A neighborhood weight matrix was
constructed based on Euclidean distance, and the local Moran’s
index for each voxel was calculated to capture the spatial correla-
tions between voxels. Based on the magnitude and direction of the
Moran’s index, as well as the relationship between voxel property
values and the regional mean, each voxel was reclassified into one of
five categories: high-high, low-low, high-low, low-high, or non-
significant. The generation of the above habitat was carried out
using the PixelMed Al platform. Additional details of methodology
for habitat generation can be found in the Supplemental Digital
Content A4, available at: http:/links.lww.com/JS9/F149.

Feature extraction and selection

We used the open-source Python package, Pyradiomics (version
3.0.1; https://pyradiomics.readthedocs.io) to extract radiomics fea-
tures. All images were standardized preprocessing prior to feature
extraction. Details of preprocessing and feature extraction are
described in Supplemental Digital Content A5, available at: http://
links.lww.com/JS9/F149. To select reproducible and nonredundant
radiomic features, we first calculated the mean of the radiomic
features from different subregions and performed an independent
t-test, removing features with P > 0.05. Next, Pearson correlation
analysis was used to eliminate highly correlated features, with
a threshold set at 0.9. Finally, the Least Absolute Shrinkage and
Selection Operator algorithm was applied for feature dimensional-
ity reduction in the multivariate analysis. The optimal regulariza-
tion parameter A was determined through 10-fold cross-validation
to identify independent and stable radiomics features. For clinical
variables, univariate and multivariate logistic regression (LR) were
used to identify independent predictors associated with pathologi-
cal response (P < 0.05).

Model development and evaluation

The workflow of the study is illustrated in Fig. 1B. We developed
six models using the selected features: (1) clinical features (clinical
model), (2) intratumoral radiomics features (Rad model), (3) peri-
tumoral radiomics features (Rad_per model), (4) intratumoral
habitat radiomics features (Hab model), (5) peritumoral habitat
radiomics features (Hab_per model), and (6) a combined model
integrating clinical variables, intratumoral habitat radiomics fea-
tures, and peritumoral habitat radiomics features. The model
development utilized 14 machine learning algorithms supported
by the scikit-learn library, including LR, naive Bayes, linear sup-
port vector machine (linear_SVM), polynomial support vector
machine (poly_SVM), sigmoid support vector machine
(sigmoid_SVM), radial basis function support vector machine
(rbf_SVM), decision tree, Random Forest, Extremely
Randomized Trees, eXtreme Gradient Boosting (XGBoost),
Adaptive Boosting (AdaBoost), multilayer perceptron, Gradient
Boosting Machine, and Light GBM. The hyperparameters for each
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model are shown in Supplementary Digital Content A6, available
at: http://links.lww.com/JS9/F149. The algorithm with the highest
area under the receiver operating characteristic curve (AUC) and
minimal evidence of overfitting was selected for further investiga-
tion. In our study, the performance of the models was assessed by
the AUC and its 95% confidence interval (95% CI). Calibration
curves and decision curve analysis (DCA) were used to evaluate
the usefulness of the predictive models.

Model explanation

SHAP analysis is a model interpretation method based on game
theory, which quantifies the importance of features and their roles
in predictions by calculating each feature’s contribution to the
model’s output. In this study, we employed SHAP analysis to per-
form an interpretability assessment of the developed combined
model. The results were visualized using SHAP bar plots and bees-
warm plots. Additionally, we selected representative cases to create
SHAP waterfall plots, allowing for an in-depth examination of the
model’s prediction process for specific individuals.

Development of web-based calculator

To facilitate the application of the model in clinical settings, we
integrated the optimal prediction model into a web platform
developed using the Shiny framework. After inputting the rele-
vant feature values and clicking the “Calculate” button, the
application automatically computes the probability of ESCC
patients achieving MPR after receiving NACI treatment.

Statistical analyses

Continuous variables following a normal distribution were ana-
lyzed using an independent samples t-test and expressed as mean
and standard deviation. The Mann-Whitney U test was used to
analyze nonnormally distributed data, which were expressed as
median (interquartile range). Levene’s test was used to assess the
homogeneity of variances. Categorical data were compared using
the Chi-square test or Fisher’s exact test and expressed as frequen-
cies with percentages. The differences in AUC between models were
compared using the DeLong test. Two-tailed P < 0.05 was consid-
ered indicative of a statistically significant difference. The sample
size estimation indicates that a minimum of 100 participants are
required (Supplemental Digital Content A7, available at: http://
links.lww.com/JS9/F149). All statistical analyses were performed
using Python (version 3.8.2; https://www.python.org).

Results

Patient characteristics

The baseline characteristics are summarized in Table 1. This study
included 157 patients, of whom 60 (38.2%) achieved MPR and 40
(25.5%) achieved pCR. The average age of the entire cohort was
59.6 years (standard deviation, 6.5 years), with 98.1% (n = 154)
being male. The majority of tumors were located in the lower
thoracic esophagus (7 = 94, 59.9%). Regarding pretreatment sta-
ging, most patients were in the T3 (z = 119, 75.8%) and N1
(n = 70, 44.6%) stages, with the highest proportion in stage III
(n=83,52.9%). Compared to the training set, patients in the test
set had larger tumor thickness, larger maximum short-axis lymph
node diameters after NACI, and a higher proportion of patients
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The baseline characteristics of the enrolled patients

Characteristics Total (n = 157) Training set (n = 110) Test set (n = 47) P value
Age (year) 59.6 £ 6.5 60.0 + 6.0 58574 0.228
Sex - - - 0.214
Female 154 (98.1) 109 (99.1) 45 (95.7) -
Male 3(1.9 1.9 2 (4.3 -
Smoking - - - 0.257
Yes 81 (51.6) 53 (48.2) 28 (59.6) -
No 76 (48.4) 57 (51.8) 19 (40.4) -
Drinking - - - 0.315
Yes 89 (56.7) 59 (53.6) 30 (63.8) -
No 68 (43.3) 51 (46.4) 17 (36.2) -
Tumor location - N N 0.615
Upper thoracic 12 (7.6) 8(7.3) 4 (8.5) -
Middle thoracic 94 (59.9) 64 (58.2) 30 (63.8) -
Lower thoracic 42 (26.8) 30 (27.3) 12 (25.5) -
Cardia 9(5.7) 8(7.3) 1@.1) -
Pre-NACI clinical T stage - - - 0.115
T2 38 (24.2) 31(28.2) 7(14.9) -
T3 119 (75.8) 79 (71.8) 40 (85.1) -
Pre-NACI clinical N stage - - - 0.253
NO 55 (35.0) 34 (30.9) 21 (44.7) -
N1 70 (44.6) 52 (47.3) 18 (38.3) -
N2 32 (20.4) 24 (21.8) 8 (17.0) -
Pre-NACI clinical stage - - - 0.904
I 74 (47.1) 51 (46.4) 23 (48.9) -
I 83 (52.9) 59 (53.6) 24 (51.1) -
Post-NACI clinical T stage - - - 0.035°
TO 14 (8.9) 14 (12.7) - -
T2 107 (68.2) 71 (64.5) 36 (76.6) -
T3 36 (22.9) 25 (22.7) 11 (23.4) -
Post-NACI clinical N stage - - - 0.612
NO 98 (62.4) 67 (60.9) 31 (66.0) -
N1 52 (33.1) 37 (33.6) 15 (31.9) -
N2 7(4.5) 6 (5.5) 1@.1) -
Baseline tumor length (mm)° 45.0 [35.0, 60.0] 45.0 [35.0, 58.8] 45.0 [30.0, 57.5] 0.699
Baseline tumor thickness (mm)® 16.0 [13.0, 20.0] 16.0 [13.0, 19.8] 18.0 [14.0, 22.5] 0.030°
Baseline maximum short diameter of lymph nodes (mm)° 9.0 [7.0,13.0] 9.0 [7.0,13.0] 9.0 [8.0, 12.5] 0.532
Post-NACI tumor length (mm)® 15.0 [10.0, 25.0] 15.0 [10.0, 25.0] 15.0 [10.0, 20.0] 0.592
Post-NACI tumor thickness (mm)® 10.0 [7.0, 12.0] 9.0 [6.0, 11.0] 11.0 [10.0, 13.0] <0.00°
Post-NACI maximum short diameter of lymph nodes (mm)® 7.0[5.0,9.0] 6.0 [5.0, 9.0] 8.0 [6.0, 9.0] 0.040°
Pathological response - - - 0.291
MPR without pCR 20 (12.7) 13 (11.8) 7 (14.9) -
pCR 40 (25.5) 32 (29.1) 8 (17.0) -
Non-MPR 97 (61.8) 65 (59.1) 32 (68.1) -

Except where indicated, data are numbers of patients, with percentages in parentheses. NACI, neoadjuvant chemoimmunotherapy; n, number of patients; P values correspond to the comparison of baseline
characteristics between the training set and the test set; MPR, major pathological response; pCR, pathological complete response.

“Data are mean, with SD in parentheses..
®Data are medians, with IQRs in parentheses.
“Indicates statistical significance; P < 0.05.

with higher T stages. No significant differences were observed
between the two groups for the other characteristics.

Feature extraction and selection

Based on the analysis results of local spatial autocorrelation and
regional attribute values, the intratumoral and peritumoral
regions were each divided into four subregions. We extracted
1678 radiomics features from the tumor, peritumor, and each
subregion, respectively. After feature selection, 17 traditional
radiomics features and 15 habitat radiomics features from the
tumor region were selected to develop the Rad model and Hab

318

model, respectively. In the peritumoral region, 8 traditional
radiomics features and 10 habitat radiomics features were
selected to develop the Rad_per model and Hab_per model,
respectively.

After univariate and multivariate LR, post-NACI tumor length
and post-NACI clinical T stage remained independent predictors
of MPR and were used to develop the clinical model (Table 2).

Model performance and sensitivity analysis

The linear-SVM algorithm outperformed other machine learning
algorithms in constructing the clinical and Rad models. For the
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Logistic regression analysis for the association between MPR to NACI and patient characteristics

Univariable analysis

Multivariable analysis

Characteristics OR (95% CI) P value OR (95% ClI) P value
Age (year) 1.024 (0.973, 1.078) 0.351 - -
Sex 3.310 (0.294, 37.320) 0.333 - -
Smoking 2.137 (1.109, 4.119) 0.023% 2.266 (0.709, 7.249) 0.168
Drinking 1.937 (1.008, 3.722) 0.047% 1.314 (0.410, 4.211) 0.646
Tumor location 0.977 (0.683, 1.399) 0.900 - -
Pre-NACI clinical T stage 1.080 (0.508, 2.299) 0.841 - -
Pre-NACI clinical N stage 0.849 (0.545, 1.324) 0.470 - -
Pre-NACI clinical stage 1.205 (0.632, 2.296) 0.571 - -
Post-NACI clinical T stage 0.293 (0.160, 0.536) <0.001? 0.392 (0.202, 0.760) 0.005%
Post-NACI clinical N stage 0.586 (0.323, 1.065) 0.079 - -
Baseline tumor length (mm) 1.006 (0.990, 1.021) 0.463 - -
Baseline tumor thickness (mm) 0.991 (0.939, 1.046) 0.746 - -
Baseline maximum short diameter of lymph nodes (mm) 1.013 (0.960, 1.069) 0.631 - -
Post-NACI tumor length (mm) 0.826 (0.771, 0.884) <0.0012 0.852 (0.793, 0.916) 0.547
Post-NACI tumor thickness (mm) 0.827 (0.740, 0.924) <0.0012 0.958 (0.833, 1.102) <0.0012
Post-NACI maximum short diameter of lymph nodes (mm) 0.909 (0.798, 1.036) 0.152 - -

P values represent the comparison between patients with MPR and non-MPR after NACI in the training set. NACI, neoadjuvant chemoimmunotherapy; MPR, major pathological response.

AIndicates statistical significance; P < 0.05.

Rad-per and Hab-per models, the LR algorithm achieved the best
performance. The NB and XGBoost algorithms showed superior
performance in constructing the Hab and combined models,
respectively. Detailed data are provided in Supplemental Digital
Content Table S1-6, available at: http:/links.lww.com/]S9/F149.

For predicting MPR in ESCC patients after NACI, the
AUCs of the Rad and Rad_per models were 0.738 (95%
CI: 0.572-0.835) and 0.733 (95% CI: 0.512-0.862) in the
test set, respectively. The habitat radiomics models outper-
formed the traditional models, with the Hab model achieving
an AUC of 0.756 (95% CI: 0.609-0.887) and the Hab_per
model an AUC of 0.769 (95% CI: 0.632-0.898) in the test
set. The combined model, integrating clinical variables, intra-
tumoral and peritumoral habitat radiomics features, achieved

the highest predictive performance, with AUCs of 0.987
(95% CI: 0.967-0.999) and 0.915 (95% CI: 0.844-0.981)
in the training and test sets, respectively (Fig. 2). Calibration
curves showed high consistency between the combined mod-
el’s predictions and actual observations (Fig. 3A and B).
Moreover, DCA demonstrated that the combined model
offered greater net benefits across a wider range of threshold
probabilities (Fig. 3C and D). Other diagnostic metrics for

the six models are detailed in Table 3.

In the sensitivity analysis focusing on the pCR, the com-
bined model based on the AdaBoost algorithm performed the
best, with AUCs of 0.938 (95% CI: 0.948, 0.95) in the
training set and 0.895 (95% CI: 0.782, 0.980) in the test

(A) Training ROC (B) Test ROC
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Figure 2. ROC of models in predicting MPR in the training set (A) and the test set (B). ROC, receiver operating characteristic curve; AUC, area under the receiver

operating characteristic curve.
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Figure 3. Decision curve analysis and calibration curves. Decision curve analysis (DAC) of models in predicting MPR in the training set (A) and the test set (B);
calibration curves of models in predicting MPR in the training set (A) and the test set (B).

set, respectively (Supplemental Digital Content Table S7, Digital Content Fig. S1A, available at: http:/links.lww.com/
available at: http://links.lww.com/JS9/F149, Supplemental  JS9/F149). Calibration curve and DCA also showed good

Predictive performance of the established models in the test set

Model AUC ACC Sensitivity Specificity NPV PPV F1

Clinical model 0.738 0.723 0.667 0.750 0.828 0.556 0.606
Rad model 0.681 0.359 0.700 0.667 0.688 0.815 0.500
Rad_per model 0.702 0.66 0.733 0.625 0.833 0.478 0.579
Hab model 0.756 0.745 0.733 0.75 0.857 0.579 0.647
Hab_per model 0.769 0.766 0.667 0.812 0.839 0.625 0.645
Combined model 0.915 0.872 0.733 0.938 0.882 0.846 0.786

Rad model, intratumoral radiomics model; Rad_per model, peritumoral radiomics model; Hab model, intratumoral habitat radiomics model; Hab_per model, peritumoral habitat radiomics model; ACC,
accuracy; AUC, area under the curve; NPV, negative predictive value; PPV, positive predictive value; F1, F1 score.
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calibration and clinical application performance of the model
(Supplemental Digital Content Fig. S1B-D, available at:
http://links.lww.com/JS9/F149).

Model explanation

To address the problem of the black box of the machine
learning model, we performed SHAP analysis on the com-
bined model to visualize the contribution of each variable to
the output of the model. The SHAP summary bar plot
(Fig. 4A) offers a global explanation of the combined
model, evaluating the contribution of each feature to the
model using the mean absolute SHAP values, displayed in
descending order: post-NACI tumor length, hab_per_sign,
hab_sign, and post-NACI T stage. The SHAP beeswarm
plot (Fig. 5B) visually displays the direction and intensity of
each feature’s influence on the model’s prediction. For exam-
ple, shorter post-NACI tumor length, higher hab_per_sign,
and higher hab_sign significantly increased the model’s out-
put probability, that is, the probability of MPR.

The SHAP waterfall plot (Fig. 5) enables the analysis of
individual samples at the local level and explains how the
model predicts whether a patient has achieved MPR after
NACI. The plot details each feature’s specific value and its
corresponding SHAP value, visually reflecting the impact of
features on the prediction result in both positive and negative
directions. Figure 5D demonstrates the prediction process for
a patient achieving MPR. Figure SH demonstrates the

prediction process for a patient with non-MPR. The waterfall
plot vividly reconstructs the prediction process for a specific
patient, providing intuitive and powerful support for
a deeper understanding of the model’s decision-making
mechanism.

Web-based calculator

The combined model was integrated into a web application to
facilitate its clinical use. By inputting the actual values of the
four features required by the model, the application automati-
cally predicts the probability of MPR in ESCC patients after
NACI treatment. The web application can be accessed online
via the following link: https://predict13.shinyapps.io/predict/.

Discussion

NACI regimens consisting of camrelizumab plus paclitaxel and
nedaplatin offer significant advantages over conventional
neoadjuvant regimens, including higher chances of achieving
radical resection and improved prognosis, making them
a promising treatment for ESCC™. Tumor heterogeneity leads
to highly variable responses to treatment among patients.
Accurate prediction of pathological response after NACI in
ESCC patients is crucial, as it enables clinicians to adjust sub-
sequent treatment plans in a timely manner and avoid overtreat-
ment. In this study, we developed a combined model integrating
clinical variables and intratumoral and peritumoral habitat fea-
tures, which demonstrated excellent performance in predicting
MPR after NACI in ESCC patients, with AUCs of 0.987 in the

(A)
post-NACI tumor length (mm)

hab_per_sign

hab_sign

post-NACI clinical T stage

mmm Non-MPR
mEm MPR

0.00

0.05

0.10 0.15 0.20

mean(|SHAP value|) (average impact on model output magnitude)

(B) High
post-NACI tumor length (mm) e00ce o 9 o0 Qoo o o
(]
hab_per_sign | @ o efpee o e @ e § ofe (—3
e
hab_sign -{. o Gevemfoe oo 2
e
post-NACI clinical T stage
T T T T T T Low
0.00 0.05 0.10 0.15 0.20 0.25 0.30

SHAP value (impact on model output)

Figure 4. Global model explanation by the SHapley Additive exPlanations (SHAP) analysis method. (A) SHAP summary bar plot. (B) The SHAP beeswarm plot.
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Figure 5. Visualizes representative cases correctly predicted as MPR and Non-MPR. (A) and (E) show tumor tissue sections for the MPR and Non-MPR patients,
respectively. (B) and (F) illustrate examples of intratumoral habitat visualization. (C) and (G) provide examples of peritumoral habitat visualization. (D) and (H)
present SHAP waterfall plots, reflecting the contribution of relevant clinical and radiomic features to the predicted outcomes.

training set and 0.915 in the test set. Furthermore, sensitivity In this study, we included 157 ESCC patients who underwent
analysis showed that the combined model also effectively pre-  NACIL with 38.2% achieving MPR and 25.5% achieving pCR,
dicted pCR after NACI in ESCC patients. which aligns with the probabilities observed in real-world clinical
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settings. Previous studies have investigated the clinicopathologic
factors associated with treatment response to NACI in ESCC
patients and reported that pCR was related to tumor thickness,
length, and area®?!. In our study, we identified post-NACI
tumor length and post-NACI T stage as independent predictors
of MPR. These findings suggest that tumor characteristics are
important indicators of pathological response, providing valuable
insights for guiding clinical decisions and treatment planning.

Several previous studies have used radiomics model to predict
pathological responses after neoadjuvant therapy in ESCC patients.
Wang et al**! developed a prediction model that integrates clinical
data and radiomics features to predict pCR in ESCC patients
undergoing neoadjuvant immunotherapy, with an AUC of 0.84.
Zheng et al*! developed CT-based delta-radiomics to predict
pathological response to neoadjuvant immunochemotherapy in
ESCC, achieving AUCs of 0.847 and 0.719 in the training and
test sets, respectively. However, these studies primarily relied on
traditional radiomics, which assume that tumors are homogeneous
or uniformly heterogeneous, thus overlooking the impact of intra-
tumoral heterogeneity on treatment response. Habitat radiomics
has shown promise in characterizing tumor heterogeneity and pre-
dicting pathological responses to neoadjuvant therapy in various
cancers, including breast cancer®, nonsmall cell lung cancer®!,
serous ovarian cancer®®’, and nasopharyngeal carcinoma®”,

Previous studies have primarily focused on predicting pCR.
Notably, our prior research found that the pCR rate after NACI
in ESCC patients was relatively low at 27.4%, while the prob-
ability of achieving MPR was 45.2%"™. Furthermore, MPR has
been shown to serve as an independent prognostic factor and
a surrogate for survival endpoints in ESCC patients!®*®],
Therefore, we chose MPR as the primary predictive endpoint in
this study. In this study, we used habitat radiomics to analyze the
heterogeneity of both intratumoral and peritumoral regions. The
results demonstrated that both the intratumoral and peritumoral
habitat models exhibited good predictive performance for MPR,
with AUGCs of 0.756 and 0.769, respectively. When intratumoral
and peritumoral habitat radiomics features were combined with
clinical variables, the performance of the combined model
improved significantly, achieving an AUC of 0.915. This finding
highlights the importance of peritumoral tissue in predicting
pathological responses, suggesting that peritumoral radiomic fea-
tures may offer valuable insights for optimizing treatment
response assessment and individualized treatment planning.

In ESCC patients after NACI treatment, pCR and MPR are
clinically correlated but do not fully overlap. This suggests that
although both MPR and pCR are closely related to treatment
response, they represent distinct clinical endpoints. Sensitivity
analysis further revealed that the combined prediction model
demonstrated strong performance in predicting pCR with high
accuracy. This finding underscores the potential of the combined
model in assessing treatment response and guiding clinical deci-
sions, offering more precise treatment strategies, particularly for
personalized treatment planning.

Machine learning models face limitations in clinical applica-
tions due to the opacity of their decision-making processes”.
To improve the interpretability and transparency of our model,
we performed SHAP analysis to assess the contribution of each
feature to the predicted outcome, thereby enhancing clinicians’
confidence in the model. Additionally, we integrated the model
into a user-friendly, web-based system, providing clinicians with
a convenient and efficient tool to assess a patient’s response to
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treatment. Given the wide range of machine learning algorithms
available for radiomics modeling, selecting the appropriate algo-
rithm is crucial for model development. In our study, we
employed 14 mainstream machine learning algorithms, which
helps mitigate the risk of overfitting or underfitting and
improves the robustness and reliability of our results.

This study has several limitations. First, we included patients
from a single center. Future studies will aim to complete multi-
center validation. However, the inclusion of a prospective
cohort enhances the reliability and validity of our findings.
Second, male patients were disproportionately represented in
this study. While it is well-established that around 70% of
esophageal cancer cases occur in men, the higher proportion of
male patients in our study may be attributed to the greater
incidence of esophageal cancer in men at our research center.
Third, tumor and peritumoral segmentation relied on manual
delineation by experienced radiologists, which is time-consum-
ing and labor-intensive. While this presents a challenge, ongoing
research into automated volume segmentation techniques offers
the potential to streamline the process and reduce human error.

Conclusion

In conclusion, we established and evaluated a model that com-
bines clinical variables and intratumoral and peritumoral habitat
features to accurately predict pathological response in patients
with ESCC receiving NACI. This approach has the potential to
aid clinical decision-making in ESCC patients, prevent overtreat-
ment, and facilitate personalized, precise cancer treatment.
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