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Abstract
Background: Imaging-based AI may help predict pathological complete response (pCR) after neoadjuvant therapy for
esophageal cancer. However, an encouraging average diagnostic performance does not establish reliable performance across
clinical settings or justify treatment decisions without further validation.
Objective: We aimed to assess the predictive performance of imaging-based AI across neoadjuvant strategies, distinguish
internal from external validation, and examine limitations affecting interpretation.
Methods: PubMed, Embase, Web of Science, and the Cochrane Library were searched through August 7, 2026. Eligible
English-language studies evaluated imaging-based AI against pathological assessment of pCR. PROBAST+AI (Prediction
Model Risk of Bias Assessment Tool plus Artificial Intelligence) assessed study quality and risk of bias; GRADE (Grading
of Recommendations Assessment, Development, and Evaluation) assessed certainty for sensitivity, specificity, and diagnostic
odds ratio (DOR). Bivariate random-effects models synthesized validation groups separately. CIs described uncertainty in
average performance, whereas 95% prediction intervals (PIs) described true performance in a similar new study.
Results: Thirty-three studies contributed 27 internal-validation datasets with 1891 patients and 16 external-validation datasets
with 777 patients. Ten publications contributed to both groups. The sum was 2668 validation observations; the unique
patient count across datasets and publications could not be verified. Internal sensitivity was 0.77 (95% CI 0.72‐0.81; PI
0.57‐0.89), specificity 0.82 (95% CI 0.78‐0.86; PI 0.60‐0.93); DOR, 15.49 (95% CI 11.16‐21.50); and area under the curve
(AUC), 0.86 (95% CI 0.83‐0.89). External sensitivity was 0.73 (95% CI 0.61‐0.81; PI 0.34‐0.93), specificity 0.83 (95% CI
0.73‐0.90; PI 0.36‐0.98), DOR 12.93 (95% CI 7.25‐23.07), and AUC 0.84 (95% CI 0.79‐0.89). DOR PIs were 5.40‐44.44
and 2.40‐69.62, respectively. Thirty-two studies were conducted in China, and 12 had high validation risk of bias. All
GRADE-assessed outcomes had very low certainty. Selecting the first eligible imaging model reported in each article instead
of the highest-AUC model showed modest decreases in average performance across 16 internal and 10 external datasets;
incomplete alternative-model reporting limited interpretation. Single study algorithm estimates were reported descriptively,
without ranking algorithms or interpreting their CIs as evidence of between study consistency or generalizability.
Conclusions: By combining multiple neoadjuvant strategies and separating validation stages, this review extends earlier
neoadjuvant chemoradiotherapy (NCRT)-focused syntheses and identifies priorities for further model evaluation. Imaging-
based AI may support response assessment, but wide PIs, risk of bias, and very low evidence certainty preclude routine
clinical adoption without prospective, geographically diverse validation. Future studies should evaluate prespecified models
in independent populations, report clinically relevant decision thresholds, and assess calibration and patient outcomes. Until
such evidence is available, these models should be considered investigational adjuncts to response assessment and should not
independently guide organ preservation or omission of surgery after neoadjuvant treatment.
Trial Registration: PROSPERO CRD420251207710; https://www.crd.york.ac.uk/PROSPERO/view/CRD420251207710
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Introduction
Esophageal cancer is one of the most lethal gastrointesti-
nal malignancies worldwide, causing over 500,000 deaths
annually, with an overall 5-year survival rate below 25% [1].
The main histological subtypes are esophageal squamous cell
carcinoma (ESCC) and esophageal adenocarcinoma. Surgery
remains the primary treatment, but for locally advanced
cases, it is often insufficient for long-term survival. The
European Society for Medical Oncology (ESMO) and the
National Comprehensive Cancer Network (NCCN) recom-
mend preoperative neoadjuvant therapy for patients with
locally advanced esophageal cancer [2-4]. If patients achieve
a pathological complete response (pCR) after neoadjuvant
therapy, active surveillance or organ-preserving strategies
may be considered [5]. However, pCR rates remain limited,
ranging from 43%‐49% in squamous cell carcinoma and 23%
in adenocarcinoma [6]. Early and accurate identification of
pCR is critical to guide treatment decisions and promote
precision clinical management.

pCR is defined as the absence of viable tumor cells
in both the primary lesion and regional lymph nodes after
neoadjuvant therapy. In clinical practice, treatment response
is often evaluated using Response Evaluation Criteria in
Solid Tumors (RECIST) version 1.1. However, RECIST 1.1
indicates that primary lesions in hollow organs are often
difficult to measure accurately [7]. Consequently, esopha-
geal cancer lesions are frequently classified as nonmeasura-
ble. After neoadjuvant therapy, tumors may achieve pCR,
yet residual soft-tissue densities are often still observed on
computed tomography (CT) images, predominantly represent-
ing fibrosis or inflammatory changes rather than viable tumor.
RECIST 1.1 relies on morphological changes, making it
difficult to accurately distinguish cases that have achieved
pCR, thereby limiting its predictive performance.

AI has been successfully applied in medicine, enabling
automated recognition and analysis of complex medical
data [8]. Radiomics combines AI and medical imag-
ing to extract quantitative image features using algo-
rithms, potentially reflecting underlying pathophysiology
and revealing pathogenesis [9]. Recent machine learning
(ML)-based radiomic analyses have demonstrated improved
accuracy in predicting therapy response and assessing
prognosis [10]. Imaging-based AI models show potential
for predicting pCR in esophageal cancer following neoad-
juvant therapy. For resectable locally advanced esophageal
cancer, neoadjuvant chemoradiotherapy (NCRT) combined
with surgery is the standard treatment [11]. Recent studies
indicate that neoadjuvant immunotherapy combined with
chemotherapy (NICT) also shows favorable efficacy and
safety in locally advanced ESCC [12-16]. If patients achieve
pCR, they may be considered for organ preservation or
active surveillance [17]. However, differences in imaging
modalities, AI algorithms, and treatment regimens result in

fluctuating predictive accuracy of AI models, making their
translation into clinically useful tools challenging.

Previous reviews have evaluated the performance of
radiomics-based models for predicting pCR after NCRT [11,
18]; however, these reviews were largely confined to this
single treatment modality. With the rapid development of
novel therapeutic strategies such as NICT and neoadjuvant
chemotherapy (NACT), the predictive value of AI models
across different treatment modalities remains to be systemat-
ically assessed. Furthermore, existing reviews have seldom
distinguished between internal and external validation results,
offering limited discussion on model generalizability. Thus,
this meta-analysis aims to assess the predictive performance
of imaging-based AI models for pCR in esophageal can-
cer after neoadjuvant therapy across multiple neoadjuvant
treatment strategies for the first time, and to separately extract
and synthesize results from internal and external validation
cohorts to rigorously evaluate model generalizability, as well
as factors affecting their performance.

Methods
Study Design
This meta-analysis was conducted in strict accordance with
the PRISMA-DTA (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses for Diagnostic Test Accuracy)
guidelines [19]. The PRISMA-DTA checklist is provided in
Checklist 1. The PRISMA (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses) 2020 for Abstracts
checklist is provided in Checklist 2. Search reporting
followed the PRISMA-S (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses literature search
extension) extension [20], and the completed PRISMA-S
checklist is provided in Checklist 3. Additionally, the study
protocol has been registered in the PROSPERO (Interna-
tional Prospective Register of Systematic Reviews) data-
base (CRD420251207710). Deviations from the registered
protocol comprised an update and expansion of the literature
search during revision (final search: August 7, 2026) and the
additional calculation of prediction intervals (PIs) for pooled
sensitivity and specificity.
Information Sources and Search Strategy
We conducted a systematic literature search across 4
databases: PubMed, Embase, Web of Science, and the
Cochrane Library, with literature retrieval completed by
2 independent reviewers (ZL and XG) until August 7,
2026. Our search strategy comprised 3 groups of keywords:
AI-related terms (eg, artificial intelligence, machine learning,
and deep learning); disease-specific terms (eg, esophageal
neoplasms, esophageal adenocarcinoma, and ESCC); and
neoadjuvant therapy-related terms (eg, neoadjuvant therapy,
NACT, neoadjuvant chemoimmunotherapy, and NCRT). A
search strategy combining free-text keywords and MeSH was
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used to ensure accuracy, as detailed in Table S1 in Multi-
media Appendix 1. Initial searches posed no restrictions on
language or publication year. As an additional information
source, citation searching was performed by screening the
reference lists of the included studies and of similar published
systematic reviews and meta-analyses on the same topic. No
study registries or other online resources were searched, no
search filters were used, and the search strategy did not
undergo formal peer review.
Eligibility Criteria
Inclusion criteria carefully adhered to the PITROS (par-
ticipants, index test, target conditions, reference standard,
outcomes, and settings) framework. Participants (P): The
participants in this study are patients with esophageal
cancer undergoing neoadjuvant therapies, which include
NACT, neoadjuvant immunotherapy plus chemoradiotherapy
(NICRT), NCRT, and neoadjuvant immunochemotherapy.
Index test (I): This study uses AI techniques, specifically
ML and deep learning (DL), to analyze imaging data (CT/
magnetic resonance imaging [MRI]) to predict the pCR
in patients with esophageal cancer. Target condition (T):
The positive group is defined as patients with a pathologi-
cally confirmed pCR, while the negative group consists of
patients who did not achieve a pCR. Reference standard (R):
Pathological assessment was used as the reference standard
to determine whether patients had achieved pCR. Outcomes
(O): The primary outcomes include patient-based analysis of
sensitivity, specificity, diagnostic odds ratio (DOR), and the
area under the curve (AUC). Setting (S): The study setting
includes retrospective or prospective data sources, covering
public databases or local hospitals.

Exclusion criteria included studies with titles and abstracts
that were clearly unrelated to the research topic, as well
as specific types of literature (eg, reviews, case reports,
conference abstracts, meta-analyses, and letters to editors).
Non-English studies were excluded due to lack of accessibil-
ity. This English-only restriction was considered a potential
limitation because it may have excluded relevant evidence.
Furthermore, research related to tumors at the gastroesopha-
geal junction and studies with overlapping samples were also
excluded. The screening process was conducted independ-
ently by 2 reviewers (LW and JZ), who first assessed the
relevance of titles and abstracts and then evaluated the full
texts based on the inclusion and exclusion criteria. Discrep-
ancies among reviewers were resolved through discussion,
and if consensus could not be reached, a third reviewer (FR)
determined the final decision.
Risk of Bias and Certainty Assessment
The quality of the included studies was rigorously evalu-
ated using the updated 2025 PROBAST+AI tool (Prediction
model Risk of Bias Assessment Tool plus Artificial Intelli-
gence) [21]. This tool provides a comprehensive evaluation
of both model development and validation phases, with each
phase covering 7 key domains including participants and
data sources, predictors, outcome assessment, and analyti-
cal methods. Detailed evaluation procedures and results are
shown in Tables S2 and S3 in Multimedia Appendix 1.

To ensure objectivity and accuracy, 2 reviewers (ZL and
JZ) independently assessed the risk of bias in included studies
using the PROBAST+AI tool. Discrepancies were resolved
through discussion and consensus, thereby enhancing the
reliability and consistency of the final assessments. We
used the GRADE (Grading of Recommendations Assessment,
Development, and Evaluation) tool to evaluate the certainty
of sensitivity, specificity, and DOR, focusing on 5 key
domains: risk of bias, indirectness, inconsistency, impreci-
sion, and publication bias [22]. Downgrading in any domain
resulted in reduced overall evidence certainty.
Data Collection Process and Data Items
Two reviewers (XG and ZL) independently extracted data
from all included studies to minimize bias and enhance the
accuracy and reliability of the dataset. Any disagreements
between the 2 reviewers were resolved through consultation
with a third reviewer (LW), who served as an arbitrator to
facilitate consensus. Extracted data included the first author,
publication year, patient origin country, type of histopathol-
ogy, study design, type of therapy, reference standard, No.
of pCR patients, and analysis approach. Technical informa-
tion was also recorded, including type of imaging, imaging
technical details, data source, type of AI model, data splitting
method, AI method, the best-performing AI algorithms, as
well as the number of patients in the training, internal
validation, and external validation sets, with corresponding
counts of true positives (TPs), true negatives (TNs), false
positives (FPs), and false negatives (FNs). For studies lacking
data required for meta-analysis, we contacted corresponding
authors via email to request the missing information.
Index Test and Outcome Measures
The primary outcomes included sensitivity, specificity, AUC,
and DOR for both internal and external validation sets.
Internal validation referred to evaluation within the devel-
opment data or a held-out subset, whereas external valida-
tion referred to evaluation in an independent cohort from a
different institution or time period and therefore provided a
more direct assessment of generalizability. Sensitivity (TP
rate) was used to assess the ability of an AI model to correctly
identify pCR cases and was calculated as TP/(TP+ FN).
Specificity (TN rate) reflected the probability of correctly
identifying non-pCR cases and was calculated as TN/(TN+
FP). The AUC served as a comprehensive measure of the
model’s ability to distinguish between positive and negative
cases. DOR, calculated as the ratio of the positive likelihood
ratio (LR+) to the negative likelihood ratio (LR−), was used
to evaluate diagnostic performance. For studies with multiple
nonoverlapping patient datasets (eg, internal validation and
external validation), each dataset was treated as an independ-
ent dataset and included in the analysis. Additionally, for
studies evaluating multiple AI models, only the model with
the highest AUC from the internal or external validation sets
was extracted. Internal and external validation were synthe-
sized separately. Validation sample counts were summed
within each group; training samples and repeated cross-vali-
dation folds were not added again. The 2 validation groups
contributed 2668 validation observations in total (1891+777).
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This sum was not interpreted as a verified count of unique
patients because patient overlap across validation datasets and
publications could not be fully assessed from the available
study-level reports.

Synthesis Methods and Statistical
Analysis
A bivariate random-effects model was applied in the meta-
analysis to assess the diagnostic performance of AI mod-
els for predicting pCR in patients with esophageal cancer.
Because sensitivity and specificity were jointly modeled,
the bivariate random-effects framework was retained as the
primary model rather than splitting the outcomes into separate
univariate analyses solely to apply the Hartung-Knapp-Sidik-
Jonkman (HKSJ) correction; HKSJ is primarily designed for
conventional univariate random-effects meta-analysis and is
not a general replacement correction for a bivariate diagnos-
tic-accuracy model. AUC was derived from the summary
receiver operating characteristic (SROC) curve, and DOR was
derived from the difference between the model coefficients
for logit sensitivity and logit FP rate; conventional HKSJ was
therefore not directly applicable to these derived outcomes.
Predictive results were pooled for the internal and external
validation cohorts. Forest plots were generated to visually
present pooled sensitivity, specificity, and DOR, while an
SROC curve displayed the summary point and joint con-
fidence and prediction regions. Z-tests were used to com-
pare pooled sensitivity, specificity, DOR, and AUC values,
with statistical significance defined as P<.05. Inconsistency
was assessed using outcome-specific I² values based on
Cochran Q statistic. Q was calculated for logit sensitivity,
logit specificity, and log DOR. For sensitivity and specificity,
0.5 was added to both event and nonevent counts if either
count was zero. For DOR, 0.5 was added to all 4 cells if
any cell was zero. I² estimated the proportion of observed
variability attributable to between-study differences rather
than sampling error, not the absolute magnitude of heteroge-
neity. Between-study variance (τ²), its square root (τ), and PIs
were obtained from the bivariate model to describe variation

on the corresponding effect scales [23]. Meta-regression
analyses considered AI method (ML vs DL), AI model
(radiomic and clinical models vs radiomic-only models), and
contrast-enhanced imaging (yes vs no), using the catego-
ries reported in the supplementary meta-regression tables.
Bubble plots were generated to assess temporal trends in AI
model AUCs, and radar charts were constructed to depict the
distribution of ML and DL algorithms. The clinical utility of
the AI model was evaluated using a Fagan nomogram, with
a pretest probability of 34%, close to the median pCR rate
across 43 internal and external validation datasets (34.8%;
IQR 27.7%-40.6%). Although PIs were not specified in
our original PROSPERO registration protocol, we addition-
ally calculated marginal 95% PIs for sensitivity, specific-
ity, and DOR in both validation groups to better quantify
the distribution of effects across different populations and
settings, as recommended by recent methodological guidance
on the reporting of PIs [24,25]. Potential small-study effects
and funnel-plot asymmetry were assessed using Deeks test;
asymmetry was not interpreted as evidence of publication
bias alone [26,27]. The primary bivariate estimates, PIs,
and model-selection sensitivity analysis were obtained using
R (R Foundation for Statistical Computing; version 4.5.2).
AUC CIs for the primary analyses were estimated using the
delta method. Secondary analyses used Stata (StataCorp LLC;
versions 15.1 and 17.0) with the Midas and Metadta modules.
Data visualization used the ggplot2 and tidyverse packages in
R.

Sensitivity analyses excluded outliers identified in
bivariate box plots, excluded low-quality studies, and
included only ESCC cohorts (Table 1). We also compared
the highest-AUC model with the first eligible imaging model
reported in each article, using the same validation cohorts and
pCR definitions (Tables S9 and S10 in Multimedia Appendix
1). Models were selected in table order, or in Results order
when no eligible performance table was available; compari-
sons were limited to datasets with usable counts for both
selections.

Table 1. Sensitivity analyses of pooled diagnostic performance for pCRa in internal and external validation cohorts, including analyses excluding
outliers or low-quality studies and analyses restricted to ESCCb studies.
Sensitivity analysis Datasets, n Sensitivity (95% CI) Specificity (95% CI) AUCc (95% CI) DORd (95% CI)
Internal validation sets

Overall 27 0.77 (0.72‐0.81) 0.82 (0.78‐0.86) 0.86 (0.83‐0.89) 15.49 (11.16‐21.50)
Without outliers in Bivariate box
plote

21 0.77 (0.72‐0.82) 0.82 (0.78‐0.86) 0.86 (0.83‐0.89) 15.98 (11.53‐22.14)

Without low-quality studiesf 17 0.76 (0.70‐0.81) 0.83 (0.77‐0.87) 0.86 (0.83‐0.89) 15.15 (10.04‐22.88)
Including only ESCC patientsg 24 0.76 (0.72‐0.80) 0.83 (0.79‐0.87) 0.85 (0.82‐0.88) 16.06 (11.26‐22.90)

External validation sets
Overall 16 0.73 (0.61‐0.81) 0.83 (0.73‐0.90) 0.84 (0.79‐0.89) 12.93 (7.25‐23.07)
Without outliers in Bivariate box
plote

13 0.71 (0.57‐0.82) 0.81 (0.75‐0.87) 0.84 (0.80‐0.88) 10.72 (6.63‐17.33)

Without low-quality studiesf 12 0.72 (0.58‐0.83) 0.82 (0.69‐0.90) 0.84 (0.80‐0.87) 11.85 (6.17‐22.79)
Including only ESCC patientsg 14 0.74 (0.62‐0.83) 0.83 (0.71‐0.90) 0.85 (0.81‐0.88) 13.76 (7.10‐26.66)

apCR: pathological complete response.
bESCC: esophageal squamous cell carcinoma.
 

JOURNAL OF MEDICAL INTERNET RESEARCH Li et al

https://www.jmir.org/2026/1/e98520 J Med Internet Res 2026 | vol. 28 | e98520 | p. 4
(page number not for citation purposes)

https://www.jmir.org/2026/1/e98520


 
cAUC: area under the curve.
dDOR: diagnostic odds ratio.
eThe following studies were excluded for internal validation sets: Wang et al, 2024 [28], Qi et al, 2025 [29], Qi et al, 2024 [30], Fan et al, 2024 [31],
Liu et al, 2025 [32], and Qi et al, 2025 [33]. Also, the following studies were excluded for external validation sets: Zhang et al, 2025 [34], Ling et al,
2025 [35], and Zhao et al, 2025 [36].
fLow quality means that the study was rated as having at least one high-risk item in the PROBAST+AI (Prediction Model Risk of Bias Assessment
Tool plus Artificial Intelligence) tool.
gThe following studies were excluded for internal validation sets: Qi et al, 2025 [29], Li et al, 2024 [37], and Yue et al, 2022 [38]. Also, the following
studies were excluded for external validation sets: Kong et al, 2024 [39] and Li et al, 2024 [37].

Results
Study Selection
The search strategy yielded 1680 records, including 411 from
PubMed, 734 from Embase, 521 from Web of Science, and
14 from the Cochrane Library. After removing 693 duplicates
using EndNote 20 (Clarivate), 987 records were screened by
title and abstract, and 919 were excluded because they were
case reports, letters, reviews, animal experiments, meta-anal-
yses, or clearly irrelevant. Following a detailed full-text
review of 68 articles, 35 studies were further excluded
for nonimaging-based AI model research (n=8), inaccurate

definition of pCR (n=12), gastroesophageal junction cancer
with unclear pathology (n=7), unavailable diagnostic data
(TP, FP, TN, FN; n=4), or overlapping samples (n=4). In
addition, citation searching of the reference lists of similar
published meta-analyses (ie, the studies included in those
reviews) identified 113 additional records; after screening,
104 were removed as irrelevant, and the remaining 9 full-text
articles were excluded because of sample overlap. Ultimately,
33 articles were included in this systematic review [16,28-59].
The literature screening process was systematically documen-
ted using a standardized PRISMA flow diagram, as shown
in Figure 1. We identified 17 non-English or mixed-language
reports; none met the other eligibility criteria.

Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram illustrating the identification, screen-
ing, eligibility assessment, and inclusion of studies evaluating imaging-based AI for pathological complete response in esophageal cancer after
neoadjuvant therapy. FN: false negative; FP: false positive; TN: true negative; TP: true positive.

Study Characteristics
A total of 33 eligible studies [16,28-59] were included.
Internal validation was reported in 27 studies comprising
27 datasets and 1891 patients [16,28-34,36-38,40,41,43,44,
46,48,49,51-59], while external validation was reported in 16
studies with 16 datasets involving 777 patients [16,33-37,39,
41-43,45,47,50,53,55,57]. Nearly all studies were conducted
in China (32/33) [16,28-53,55-59], with one study [54] from

Japan, and studies were published between 2019 and 2026.
Most included studies were retrospective, using pathological
results as the reference standard. CT was the most commonly
used imaging modality (30/33, 91%), most commonly with
contrast enhancement (28/33, 85%). In both internal and
external validation sets, ML was the predominant approach
for building AI models. Logistic regression (LR) was the
most frequently used algorithm in internal validation sets
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(9/27, 33%), whereas Extreme Gradient Boosting (XGBoost)
was the most frequent in external validation sets (4/16, 25%).
A detailed summary of the study, patient, and technical
characteristics is presented in Table 2 and Tables S4-S6
in Multimedia Appendix 1. Ten publications contributed

to both validation groups, yielding 43 validation datasets
across 33 publications. The 2 validation counts summed to
2668 observations (1891+777); the number of unique patients
across datasets and publications could not be verified.

Table 2. Characteristics of the included studies evaluating imaging-based AI for pCRa in patients with esophageal cancer after neoadjuvant therapy,
including study design, histology, treatment, validation cohort, and patient distribution.
Author
and year Country

Study
design

Type of
histopathology

Type of
therapy

Reference
standard Analysis Trainingb

Internal
validationb

External
validationb Number of pCR patients

Wang et
al,
2023
[40]

China Retroc ESCCd NCRTe Pathology PBf 112 112 NAg • Training: 48
• Internal validation: 48

Ou et al,
2024
[41]

China Retro ESCC NACTh Pathology PB 188 83 55 • Training: 65
• Internal validation: 29
• External validation: 21

Wang et
al,
2024
[28]

China Retro ESCC NICRTi Pathology PB 60 60 NA • Training: 28
• Internal validation: 28

Zhang et
al,
2025
[34]

China Retro ESCC NICTj Pathology PB 469 118 34 • Training: 105
• Internal validation: 18
• External validation: 11

Qi et al,
2025
[29]

China Retro ECk NICT Pathology PB 160 54 NA • Training: 45
• Internal validation: 15

Zheng et
al,
2024
[42]

China Retro ESCC NICT Pathology PB 93 NA 47 • Training: 27
• External validation: 13

Zhang et
al,
2024
[43]

China Retro ESCC NCRT Pathology PB 111 46 33 • Training: 50
• Internal validation: 16
• External validation: 12

Qi et al,
2024
[30]

China Retro ESCC NCRT Pathology PB 100 26 NA • Training: 53
• Internal validation: 13

Lu et al,
2024
[44]

China Retro ESCC NICT Pathology PB 74 31 NA • Training: 24
• Internal validation: 11

Liu et al,
2024
[45]

China Retro ESCC NCRT Pathology PB 82 NA 73 • Training: 39
• External validation: 24

Liu et al,
2024
[46]

China Retro ESCC NCRT Pathology PB 57 25 NA • Training: 27
• Internal validation: 12

Kong et
al,
2024
[39]

China Retro EC NICT Pathology PB 85 NA 27 • Training: 18
• External validation: 6

Fan et al,
2024
[31]

China Retro ESCC NCRT Pathology PB 186 46 NA • Training: 59
• Internal validation: 17

Li et al,
2024
[37]

China Retro EC NCRT Pathology PB 139 62 30 • Training: 39
• Internal validation: 14
• External validation: 12
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Author
and year Country

Study
design

Type of
histopathology

Type of
therapy

Reference
standard Analysis Trainingb

Internal
validationb

External
validationb Number of pCR patients

Li et al,
2023
[47]

China Retro ESCC NACT Pathology PB 116 NA 27 • Training: 59
• External validation: 4

Li et al,
2023
[48]

China Retro ESCC NICT Pathology PB 66 29 NA • Training: 27
• Internal validation: 12

Yue et al,
2022
[38]

China Retro EC NCRT Pathology PB 124 124 NA • Training: 49
• Internal validation: 49

Li et al,
2021
[49]

China Retro ESCC NCRT Pathology PB 121 121 NA • Training: 51
• Internal validation: 51

Hu et al,
2020
[50]

China Retro ESCC NCRT Pathology PB 161 NA 70 • Training: 74
• External validation: 31

Yang et
al,
2019
[51]

China Retro ESCC NCRT Pathology PB 44 11 NA • Training: 19
• Internal validation: 4

Zhu et al,
2025
[16]

China Retro ESCC NICT Pathology PB 161 69 41 • Training: 46
• Internal validation: 20
• External validation: 12

Sun et al,
2024
[52]

China NA ESCC NCRT Pathology PB 136 34 NA • Training: NA
• Internal validation: 14

Gu et al,
2025
[53]

China Retro ESCC NICT Pathology PB 253 253 40 • Training: 40
• Internal validation: 40
• External validation: 20

Hirata et
al,
2025
[54]

Japan Retro ESCC NCRT Pathology PB 70 70 NA • Training: 15
• Internal validation: 15

Ling et
al,
2025
[35]

China Retro
and
Prol

ESCC NICT Pathology PB 110 NA 47 • Training: 32
• External validation: 8

Liu et al,
2025
[32]

China Retro ESCC NICT Pathology PB 66 66 NA • Training: 18
• Internal validation: 18

Liu et al,
2025
[55]

China Retro ESCC NCRT Pathology PB 194 49 58 • Training: 71
• Internal validation: 18
• External validation: 19

Qi et al,
2025
[33]

China Retro ESCC NICT Pathology PB 181 115 39 • Training: 43
• Internal validation: 21
• External validation: 13

Shi et al,
2026
[56]

China Retro ESCC NCRT
and
NICRT

Pathology PB 142 94 NA • Training: 63
• Internal validation: 44

Xu et al,
2026
[57]

China Retro ESCC NICT Pathology PB 107 47 81 • Training: 24
• Internal validation: 22
• External validation: 19

Zhao et
al,

China Retro ESCC NICT Pathology PB 81 41 NA • Training: 30
• Internal validation: 15
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Author
and year Country

Study
design

Type of
histopathology

Type of
therapy

Reference
standard Analysis Trainingb

Internal
validationb

External
validationb Number of pCR patients

2026
[58]
Zhao et
al,
2025
[36]

China Retro ESCC NICT Pathology PB 171 40 75 • Training: 56
• Internal validation: 12
• External validation: 22

Xu et al,
2025
[59]

China Retro ESCC NICT Pathology PB 152 65 NA • Training: 44
• Internal validation: 20

apCR: pathological complete response.
bNumber of total patients.
cRetro: retrospective.
dESCC: esophageal squamous cell carcinoma.
eNCRT: neoadjuvant chemoradiotherapy.
fPB: patient-based.
gNA: not available.
hNACT: neoadjuvant chemotherapy.
iNICRT: neoadjuvant immunotherapy plus chemoradiotherapy.
jNICT: neoadjuvant immunotherapy combined with chemotherapy.
kEC: esophageal cancer.
lPro: prospective.

Risk of Bias and Certainty of Evidence
The PROBAST+AI quality evaluation tool was applied to
assess the risk of bias, with results presented in Figure
2 and Tables S2 and S3 in Multimedia Appendix 1. For
model development, 3.0% (1/33) [51] of studies were rated
as high risk in the overall judgment of quality, and 3.0%
(1/33) [54] showed high concern regarding applicability. For

model validation, 36.4% (12/33) [30,31,35,39,42-44,46,48,51,
52,58] of studies were assessed as high risk in the overall
risk of bias judgment, and 3.0% (1/33) [54] demonstrated
high concern regarding applicability. Overall, high-risk items
were relatively infrequent, with low-risk items predominat-
ing, indicating that the quality of the included literature was
generally acceptable.

Figure 2. Risk of bias and applicability concerns assessment based on the PROBAST+AI tool for studies predicting pathological complete response
in esophageal cancer. (A) Model development and (B) model validation. The green, blue, and red bars represent low risk, unclear risk, and high risk
of bias or applicability concerns, respectively. PROBAST+AI: Prediction model Risk of Bias Assessment Tool plus Artificial Intelligence.
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Certainty of evidence, assessed using GRADE criteria, was
very low for all GRADE-assessed outcomes (Table 3). The
main reasons for downgrading were a high risk of bias in

multiple studies, unexplained inconsistency, indirectness, and
imprecision of the CIs.

Table 3. GRADEa certainty assessments for sensitivity, specificity, and DORb,c.
Dataset and outcome Risk of biasd Inconsistencye Indirectnessf Imprecisiong Publication biash Total downgrade Final rating
Image-based AI for internal validation sets

Sensitivity 1 0 1 1 0 3 Very low
Specificity 1 0 1 1 0 3 Very low
DOR 1 1 1 0 0 3 Very low

Image-based AI for external validation sets
Sensitivity 1 1 0 1 0 3 Very low
Specificity 1 1 0 1 0 3 Very low
DOR 1 1 0 1 0 3 Very low

aGRADE: Grading of Recommendations Assessment, Development, and Evaluation.
bDOR: diagnostic odds ratio.
cValues indicate the number of levels downgraded; 0 indicates no downgrade, and 1 indicates one level.
dRisk of bias: assessed using tools such as PROBAST+AI to evaluate study design and methodology. If at least 1 study has a high risk of bias, the
evidence level is downgraded by 1 level.
eInconsistency: Between-study variation must be considered when interpreting summary estimates. PIs describe its practical implications; meta-
regression associations alone do not establish a causal explanation. I² describes relative inconsistency and should not be interpreted as an absolute
measure of heterogeneity.
fIndirectness evaluates whether study populations, interventions, or outcomes differ from the target research question. Downgrade if inconsistent
outcome measures are used, for example, when sensitivity or specificity is indirectly estimated from the Youden Index derived from the receiver
operating characteristic (ROC) curve.
gImprecision: assessed based on CI width and sample size adequacy: For sensitivity/specificity: downgrade if the 95% CI width>0.20 or if CIs cross
clinical thresholds (eg. 0.80). For diagnostic odds ratio (DOR): downgrade if the CI range exceeds one times the lower limit or includes values below
10.
hPublication bias: evaluated using Deeks funnel plot or similar tools. Downgrade by one level if the funnel plot shows significant asymmetry or if the
P value in Deeks test is <.05.

Predictive Performance of Different AI
Models in Internal and External Validation
Sets
In the internal validation sets, LR was the most frequently
used AI algorithm (9/27, 33%), whereas XGBoost was the
most frequent in the external validation sets (4/16, 25%;
Figures 3A and 3B). Across internal validation sets, AUC
values showed a slight increase from 2019 to 2026 (Figure
3C). By contrast, AUC values in external validation sets
showed a downward trend over the same period, indicating
that the generalizability of AI models remains a key concern
(Figure 3D).

Comparisons of pooled diagnostic performance are shown
in Figure 4. For internal validation, the pooled sensitivity
of AI models was 0.77 (95% CI 0.72- 0.81; very low
certainty), and the pooled specificity was 0.82 (95% CI
0.78-0.86; very low certainty; Figure S1A in Multimedia
Appendix 1 and Table 3). The 95% PIs were 0.57-0.89
for sensitivity and 0.60-0.93 for specificity (Figure S1A in

Multimedia Appendix 1). The pooled DOR was 15.49 (95%
CI 11.16-21.50; very low certainty; Figure 5A and Table 3),
and the pooled AUC was 0.86 (95% CI 0.83-0.89; Figure
S2A in Multimedia Appendix 1). The DOR 95% PI was
5.40-44.44; the pooled estimate described average perform-
ance rather than a universal clinical value. Descriptive I2

values were 37.88%, 66.10%, and 34.19% for sensitivity,
specificity, and DOR, respectively.

In the external validation sets, the pooled sensitivity was
0.73 (95% CI 0.61-0.81; very low certainty), and the pooled
specificity was 0.83 (95% CI 0.73-0.90; very low certainty;
Figure S1B in Multimedia Appendix 1 and Table 3). The 95%
PIs were 0.34-0.93 for sensitivity and 0.36-0.98 for specificity
(Figure S1B in Multimedia Appendix 1). The pooled DOR
was 12.93 (95% CI 7.25-23.07; very low certainty; Figure
5B and Table 3), and the pooled AUC was 0.84 (95% CI
0.79-0.89; Figure S2B in Multimedia Appendix 1). The DOR
95% PI was 2.40-69.62. Descriptive I2 values were 51.78%,
78.38%, and 42.28% for sensitivity, specificity, and DOR,
respectively.
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Figure 3. Distribution of AI algorithms and temporal trends in predictive performance. (A) Radar chart illustrating the distribution of AI algorithms
in the internal validation set; (B) radar chart illustrating the distribution of AI algorithms in the external validation set; (C) bubble plot showing area
under the curve (AUC) values over time in the internal validation set; and (D) bubble plot showing AUC values over time in the external validation
set. The black line indicates the linear regression trend, with the shaded area denoting the 95% CI. 3D CNN: 3D convolutional neural network;
AUC: area under the curve; DL: deep learning; KNN: K-nearest neighbors; FCN: fully convolutional network; LR: logistic regression; ML: machine
learning; MLP: multilayer perceptron; RF: random forest; SVM: support vector machine; T2T-ViT: token-to-token Vision Transformer; XGBoost:
Extreme Gradient Boosting.

Figure 4. Plots comparing diagnostic performance for predicting pathological complete response across validation sets, imaging modalities, and
neoadjuvant therapy regimens. (A) Sensitivity, specificity, and area under the curve (AUC) values for internal and external validation sets, as
well as CT-based and MRI-based AI models, with P values indicating statistical comparisons between groups and (B) sensitivity, specificity,
and AUC values categorized by different neoadjuvant therapy regimens. Individual points represent data from single studies, while the central
markers and vertical error bars denote the pooled estimates and 95% CIs. AUC: area under the curve; CT: computed tomography; MRI: magnetic
resonance imaging; NACT: neoadjuvant chemotherapy; NCRT: neoadjuvant chemoradiotherapy; NICT: neoadjuvant immunochemotherapy; NICRT:
neoadjuvant immunochemoradiotherapy; pCR: pathological complete response.
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Figure 5. Diagnostic odds ratio forest plots for internal (A) and external (B) validation [16,28-59]. Squares and horizontal bars show individual-study
estimates and 95% CIs. Diamonds show the pooled diagnostic odds ratio (DOR) and its 95% CI. The separate red line below the pooled estimate
shows the 95% PI for a new study with similar conditions. The DOR and both intervals were derived from the same bivariate model, including the
covariance between sensitivity and false-positive rate. Outcome-specific I² describes inconsistency on the log DOR scale, while Q, its degrees of
freedom, and its P value are reported alongside it. The between-study variance (τ²) and standard deviation (τ) were derived from the bivariate model.
DOR: diagnostic odds ratio; PI: prediction interval.
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Statistical comparison revealed no significant differences
between internal and external validation sets in sensitivity
(P=.47), specificity (P=.83), DOR (P=.60), or AUC (P=.50;
Figure 4A). Statistical significance should not be equated
with clinically meaningful improvement; clinical relevance
also depends on heterogeneity, evidence certainty, calibration,
decision thresholds, and clinical consequences.
Subgroup Analyses
Algorithm-specific estimates are shown in Table 4 and
Figure S3 in Multimedia Appendix 1. Results from a single
dataset are explicitly identified as single-study estimates,
with CIs reflecting within-study sampling uncertainty; they

are not pooled estimates. The small number of datasets in
several subgroups precluded reliable ranking of algorithms.
For different imaging modalities, CT-based models achieved
a pooled sensitivity of 0.75 (95% CI 0.70‐0.80), specific-
ity of 0.82 (95% CI 0.78‐0.86), and AUC of 0.86 (95%
CI 0.82‐0.88). MRI-based models showed a pooled sensitiv-
ity of 0.79 (95% CI 0.59‐0.91), specificity of 0.86 (95%
CI 0.67‐0.95), and AUC of 0.91 (95% CI 0.79‐1.00). No
statistically significant differences were observed between the
2 modalities for sensitivity (P=.64), specificity (P=.59), or
AUC (P=.37; Figure 4A). NACT had the numerically highest
pooled AUC (0.88, 95% CI 0.77‐0.98) among the treatment
subgroups (Figure 4B).

Table 4. Subgroup diagnostic performance of imaging-based AI algorithms for pCRa in internal and external validation cohorts of patients with
esophageal cancer after neoadjuvant therapy.
AI algorithms Studies, n Sensitivity (95% CI) Specificity (95% CI)
Internal validation sets

LRb 9 0.76 (0.68‐0.82) 0.80 (0.74‐0.85)
XGBoostc 5 0.77 (0.67‐0.85) 0.81 (0.74‐0.87)
SVMd 3 0.73 (0.59‐0.84) 0.80 (0.69‐0.88)
RFe 2 0.81 (0.60‐0.92) 0.76 (0.60‐0.87)
MLPf 2 0.85 (0.72‐0.93) 0.67 (0.53‐0.79)
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AI algorithms Studies, n Sensitivity (95% CI) Specificity (95% CI)

Vision-Mamba 1 0.78 (0.52‐0.94)g 0.89 (0.81‐0.94)g
T2T-ViTh 1 0.86 (0.57‐0.98)g 0.80 (0.56‐0.94)g
FCNi 1 0.77 (0.62‐0.89)g 0.92 (0.88‐0.95)g
KNNj 1 0.80 (0.52‐0.96)g 0.85 (0.73‐0.94)g
3D CNNk 1 0.44 (0.22‐0.69)g 0.94 (0.79‐0.99)g
ExtraTreesl 1 0.77 (0.55‐0.92)g 0.84 (0.64‐0.95)g

External validation sets
LR 3 0.70 (0.49‐0.86) 0.82 (0.69‐0.90)
XGBoost 4 0.74 (0.59‐0.85) 0.80 (0.70‐0.87)
SVM 2 0.85 (0.71‐0.92) 0.77 (0.63‐0.87)
RF 2 0.72 (0.55‐0.85) 0.83 (0.70‐0.92)
MLP 1 0.82 (0.60‐0.95)g 0.32 (0.20‐0.46)g
Vision-Mamba 1 0.73 (0.39‐0.94)g 1.00 (0.85‐1.00)g
T2T-ViT 0 —m —
FCN 1 0.90 (0.68‐0.99)g 0.75 (0.51‐0.91)g
KNN 0 — —
3D CNN 1 0.68 (0.43‐0.87)g 0.82 (0.66‐0.92)g
ExtraTrees 1 0.11 (0.01‐0.33)g 0.98 (0.91‐1.00)g

apCR: pathological complete response.
bLR: logistic regression.
cXGBoost: extreme gradient boosting.
dSVM: support vector machine.
eRF: random forest.
fMLP: multilayer perceptron.
gThese are single-study estimates, not pooled estimates; their CIs reflect within-study sampling uncertainty. Estimates from the remaining small
subgroups are exploratory and should not be used to rank algorithms.
hT2T-ViT: token-to-token Vision Transformer.
iFCN: fully convolutional network.
jKNN: K-nearest neighbors.
k3D CNN: 3D convolutional neural network.
lExtraTrees: extremely randomized trees.
mN/A: not available.

Heterogeneity and Sources of Variation
Meta-regression analyses indicated that, in the internal
validation sets, performance was associated with AI method
(ML, 21 datasets, vs DL, 6 datasets; sensitivity P=.01,
specificity P<.001) and AI model (radiomic and clinical
models, 8 datasets, vs radiomic-only models, 19 datasets;
P<.001 for both), whereas the use of contrast-enhanced

imaging was not statistically significant (P=.13 and P=.11;
Table S7 in Multimedia Appendix 1). Bivariate box plots
further identified the studies by Wang et al [28], Qi et al [29],
Qi et al [30], Fan et al [31], Liu et al [32], and Qi et al [33]
as potential contributors to the observed heterogeneity (Figure
6A).
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Figure 6. Bivariate boxplots and Deeks funnel plots for evaluating heterogeneity and small-study effects and possible publication bias in the internal
and external validation sets [16,28-59]. (A) Bivariate boxplot for the internal validation sets; (B) bivariate boxplot for the external validation sets; (C)
Deeks funnel plot for the internal validation sets; and (D) Deeks funnel plot for the external validation sets. Regression lines and associated P values
in the funnel plots indicate funnel-plot asymmetry; these results may reflect small-study effects and should not be interpreted as proof of publication
bias alone.
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In the external validation sets, the meta-regression did not
identify statistically significant sources of heterogeneity (ML,
12 datasets, vs DL, 4 datasets: P=.13 and P=.97; radiomic
and clinical models, 3 datasets, vs radiomic-only models, 13
datasets: P=.81 and P=.37; contrast-enhanced imaging: P=.83
and P>.99; Table S8 in Multimedia Appendix 1). Bivariate
box plots suggested that Zhang et al [34], Ling et al [35], and
Zhao et al [36] may represent potential sources of heterogene-
ity (Figure 6B).
Sensitivity Analyses
Table 1 and Figure S4-S6 in Multimedia Appendix 1
summarize the results of the sensitivity analyses. These
analyses were performed separately by excluding low-quality
studies, removing outliers identified in bivariate box plots,
and including only studies on ESCC. In the internal validation
sets, sensitivity ranged from 0.76 to 0.77, specificity from
0.82 to 0.83, AUC from 0.85 to 0.86, and DOR from 15.15
to 16.06 across the sensitivity analyses, indicating that the
results were stable. In the external validation sets, sensitivity
ranged from 0.71 to 0.74, specificity from 0.81 to 0.83, AUC
from 0.84 to 0.85, and DOR from 10.72 to 13.76, suggesting
that the results were consistent.

Thirty of 33 [16,28-40,42-48,50-53,55-59] publications
reported multiple eligible imaging models. Comparing the
highest-AUC model with the first eligible imaging model
reported in each article was possible for 16 internal and
10 external datasets; the selected model changed in 4 and
3 datasets, respectively. Average performance decreased
modestly with the alternative selection (Tables S9 and S10
in Multimedia Appendix 1).
Clinical Utility and Small-Study Effects
Deeks funnel plot test showed no evidence of funnel-plot
asymmetry suggesting small-study effects in either the
internal validation sets (P=.70) or the external validation sets
(P=.50; Figures 6C and 6D). Based on a prior probability
of 34%, the Fagan nomogram for the internal validation sets
showed a positive post probability of 69% and a negative post
probability of 13% (Figure 7A). For the external validation
sets, the Fagan nomogram indicated a positive post probabil-
ity of 69% and a negative post probability of 15% (Figure
7B).
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Figure 7. Fagan nomograms for estimating the probability of pathological complete response in the internal and external validation sets. (A) Fagan
nomogram for the internal validation sets; (B) Fagan nomogram for the external validation sets. LR: likelihood ratio; Post Prob Neg: posttest
probability after a negative result; Post Prob Pos: posttest probability after a positive result.
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Discussion
In this systematic review and meta-analysis, imaging-based
AI models showed potentially useful diagnostic discrimina-
tion for pCR in patients with esophageal cancer undergoing
neoadjuvant therapy, consistent with the biological informa-
tion that radiomics features may capture. The AUC was
numerically higher in internal (AUC=0.86) than in exter-
nal (AUC=0.84) validation sets, although this difference
was not statistically significant; sensitivity, specificity, and
DOR were likewise comparable between cohorts. For the
pooled sensitivity and specificity estimates, we also calcula-
ted PIs to quantify the distribution of effects across different
populations and settings: the PIs were 0.57‐0.89 for sensi-
tivity and 0.60‐0.93 for specificity in internal validation,
and 0.34‐0.93 for sensitivity and 0.36‐0.98 for specificity in
external validation (Figure S1 in Multimedia Appendix 1).
The CIs quantify uncertainty in the average sensitivity and
specificity; the PIs describe the range of true performance
expected in a new study with conditions similar to those
included. They do not describe individual patient probabili-
ties or establish applicability in unrepresented regions. The
wide PIs, high validation risk of bias in 12 of 33 studies

[30,31,35,39,42-44,46,48,51,52,58], and very low certainty
for all GRADE-assessed outcomes constrain the clinical
interpretation. Although AUC estimates may vary with
patient case mix, sample size, image acquisition parameters,
and preprocessing workflows, the consistent direction of
numerically higher internal-validation performance should
be regarded as a possible signal of overfitting or limited
generalizability rather than explained away as evidence
of stable performance. Comparable sensitivity, specificity,
and DOR estimates should therefore not be interpreted as
resolving this concern. Statistical significance should likewise
not be equated with clinical importance [60-62].

Subgroup analyses should be considered exploratory: only
a limited number of datasets evaluated algorithms such as
multilayer perceptron or Vision-Mamba, and the apparent
differences may reflect small-study effects, dataset compo-
sition, or sampling variation rather than true algorithmic
superiority (Table 4; Figure S3 in Multimedia Appendix 1).
Conventional models such as LR and SVM can perform well
in small, structured datasets, whereas newer DL architectures
may capture more complex representations but generally
require larger and more diverse datasets and may be more
vulnerable to overfitting. In the current evidence base, the
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limited number of studies precludes firm conclusions about
the comparative clinical advantages of these algorithms [63,
64].

For different imaging modalities, no statistically signif-
icant differences were observed in sensitivity, specificity,
or AUC between CT-based and MRI-based AI models
for predicting pCR in esophageal cancer after neoadju-
vant therapy. Although MRI-derived radiomics features can
theoretically provide more detailed information on variations
in tissue composition and tumor heterogeneity [65-67], the
available evidence did not establish a reliable difference
between the 2 modalities. This is primarily because the
critical imaging signatures of tumor response are reflected in
morphological changes, such as tumor volume reduction, and
alterations in textural heterogeneity, which can be robustly
captured by radiomics features derived from both modalities
[60,68]. In addition, the standardization of radiomic features
and the application of advanced learning methods may partly
attenuate intrinsic differences between imaging modalities,
resulting in comparable diagnostic performance. These
findings do not establish equivalence or superior clinical
utility of CT-based AI. Since CT remains the standard-of-care
modality for staging and surveillance in esophageal cancer,
characterized by lower cost, faster acquisition speed, and
broader accessibility compared to MRI, routine CT work-
flows may offer a practical setting for further evaluation, but
clinical benefit and cost-effectiveness remain unproven.

For patients receiving NACT, imaging-based AI models
had the numerically highest pooled AUC (0.88, 95% CI
0.77‐0.98) among the treatment subgroups. This finding
suggests that AI models might detect critical biological
changes in tumors and their microenvironment before and
after treatment. For both treatment modalities, NACT and
NICT are able to remodel the tumor microenvironment and
systemic inflammatory-immune status [69]. These dynamic
changes can be reflected in clinical parameters such as
the neutrophil-to-lymphocyte ratio (NLR), C-reactive protein
(CRP), and hepatic function indices, all of which are closely
associated with pCR [70-72].

In 2021, Kao and Hsu [18] reported a pooled AUC
of 0.813 for radiomics-based prediction of pCR in esopha-
geal cancer patients undergoing NCRT. Subsequently, Yang
et al (2023) [11] observed an AUC of 0.84 in NCRT
cohorts. Compared with the aforementioned studies, our
study demonstrated comparable diagnostic performance, with
AUCs of 0.86 in the internal validation set and 0.84 in the
external validation set. Compared with the study by Kao
and Hsu [18], our study evaluates AI model performance
across multiple neoadjuvant treatment strategies, extending
beyond NCRT, specifically including NICT and NACT. This
expansion allows for a more comprehensive evaluation of
AI models’ predictive potential across different therapeutic
modalities. In contrast to the study by Yang et al (2023)
[11], we separately extracted and synthesized results from
internal and external validation cohorts, clarifying differen-
ces between the reported validation settings. In addition,
we applied the latest PROBAST+AI tool for methodological
quality assessment and the GRADE framework to evaluate

the certainty of the evidence, making the limitations of the
evidence explicit. To further explore the determinants of
diagnostic performance, we conducted subgroup analyses
based on imaging modalities (CT and MRI) and AI algo-
rithms, alongside a sensitivity analysis focusing on ESCC.
While these analyses provide deeper insights, the interstudy
heterogeneity and the predominantly retrospective nature of
the available evidence warrant cautious interpretation.

I² describes relative inconsistency in study results after
allowing for sampling error, not the absolute magnitude of
between-study heterogeneity. Because I² depends on within-
study precision, its values should not be used to rank
the amount of heterogeneity across outcomes or validation
groups. Clinical interpretation instead relied on the PIs,
which remained wide, particularly for external validation. A
bivariate random-effects model accounted for between-study
variation but could not eliminate study-level bias. Meta-
regression and bivariate box plots were further conducted to
explore potential sources of heterogeneity. The meta-regres-
sion indicated that the AI method and the type of AI
model were likely the main contributors in the internal
validation sets, whereas no statistically significant sources
of heterogeneity were identified in the external validation
sets. Radiomics extracts high-throughput features (intensity,
shape, texture, and wavelets) reflecting tumor phenotype and
microenvironment, which are complementary to clinical data
[73-75]. The association between integrated radiomic and
clinical models and specificity does not establish a causal
reduction in misdiagnosis. These subgroup findings warrant
cautious interpretation given the limited number of datasets.
Moreover, bivariate box plots identified outliers, potentially
contributing to statistical heterogeneity. Sensitivity analyses
excluding low-quality studies or outliers and restricting to
ESCC yielded similar average estimates under those tested
conditions; they did not establish stability across new clinical
settings.

Some limitations of the current meta-analysis should
be considered when interpreting the results. First, most
included studies adopted retrospective designs, which may
introduce selection bias, information bias, and unmeas-
ured confounding. Therefore, robust prospective studies are
needed to validate these findings and assess applicability
in clinical practice. Second, for each study, we extracted
only the highest-performing AI algorithm to avoid within-
study dependence among multiple candidate models. This
selective extraction may produce overly optimistic perform-
ance estimates. The comparison using the first eligible
imaging model reported in each article showed modest
decreases in average performance but did not rule out
selection bias. Third, all GRADE-assessed outcomes were
of very low certainty, limiting the strength of the con-
clusions. A first-order limitation was geographic concentra-
tion: 32 of 33 studies [16,28-53,55-59] were conducted
in China, with a strong predominance of ESCC. This
concentration may reflect regional disease patterns, imag-
ing practices, and publication patterns; the review could
not determine their relative contributions. Differences in
histological distributions, neoadjuvant treatment, CT and
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MRI protocols, and feature-extraction pipelines may limit
transportability. External validation within this evidence base
did not establish international generalizability. The English-
only restriction may also have excluded relevant evidence.
External validation in different geographic regions and ethnic
populations is therefore required before widespread clinical
implementation.

Our meta-analysis suggests that imaging-based AI models
may provide useful predictive information across internal
and external validation cohorts, but their performance and
stability should be interpreted cautiously given the heteroge-
neity, geographic concentration, selective model extraction,
and the very low certainty of the evidence. These models
could serve as adjuncts to conventional radiological crite-
ria; however, their clinical utility remains uncertain given
the very low certainty of the evidence. The current evi-
dence mainly concerns CT- or MRI-based models, some-
times combined with clinical variables; broader multimodal
integration requires further evaluation. Therefore, in the
future, integrating clinical imaging, pathology, and real-world

data via AI models for multimodal dynamic analysis may
improve esophageal cancer treatment response prediction
[76]. Notably, AI remains an auxiliary tool, with clinical
treatment decisions ultimately made by physicians accord-
ing to each patient’s context. Furthermore, technical and
regulatory barriers persist, and current AI algorithms still
face multiple limitations in clinical practice, including data
availability, model explainability, DL model generalization,
and clinical integration. Advances in few-shot learning,
self-supervised models, and centralized platforms may help
build a more consolidated and transparent AI ecosystem,
further enhancing clinicians’ decision-making and workflow
efficiency [77,78].

In conclusion, by combining multiple neoadjuvant
strategies and separating validation stages, this review
extends earlier NCRT-focused syntheses and identifies
priorities for further model evaluation. Imaging-based AI may
support response assessment, but wide PIs, risk of bias, and
very low evidence certainty preclude routine clinical adoption
without prospective, geographically diverse validation.

Generative AI Use
The authors declare the use of generative AI (GenAI) in the research and writing process. According to the GAIDeT taxonomy
(2025), the following tasks were delegated to GenAI tools under full human supervision: proofreading and editing, translation.
The GenAI tool used was GPT 5.5. Responsibility for the final manuscript lies entirely with the authors. GenAI tools are not
listed as authors and do not bear responsibility for the final outcomes.
Funding
The authors declared no financial support was received for this work.
Data Availability
All data generated or analyzed during this study are included in this published article and its supplementary information files.
Further inquiries can be directed to the corresponding author.
Authors’ Contributions
Conceptualization: ZL, XG
Data curation: ZL, XG
Formal analysis: ZL, XG
Investigation: ZL (literature search), XG (literature search), LW (screening, data extraction, and quality assessment), JZ
(screening, data extraction, and quality assessment)
Methodology: FR
Supervision: FR
Writing – original draft: ZL, XG
Writing – review & editing: LW, JZ, FR
Conflicts of Interest
None declared.
Multimedia Appendix 1
Search strategies, risk-of-bias assessments, study characteristics, supplementary analyses, and figures.
[DOCX File (Microsoft Word File), 12780 KB-Multimedia Appendix 1]

Checklist 1
PRISMA-DTA checklist.
[PDF File (Adobe File), 208 KB-Checklist 1]

Checklist 2
PRISMA 2020 Abstracts checklist.
[DOCX File (Microsoft Word File), 27 KB-Checklist 2]

JOURNAL OF MEDICAL INTERNET RESEARCH Li et al

https://www.jmir.org/2026/1/e98520 J Med Internet Res 2026 | vol. 28 | e98520 | p. 16
(page number not for citation purposes)

https://jmir.org/api/download?alt_name=jmir_v28i1e98520_app1.docx
https://jmir.org/api/download?alt_name=jmir_v28i1e98520_app1.docx
https://jmir.org/api/download?alt_name=jmir_v28i1e98520_app2.pdf
https://jmir.org/api/download?alt_name=jmir_v28i1e98520_app2.pdf
https://jmir.org/api/download?alt_name=jmir_v28i1e98520_app3.docx
https://jmir.org/api/download?alt_name=jmir_v28i1e98520_app3.docx
https://www.jmir.org/2026/1/e98520


Checklist 3
PRISMA-S checklist.
[DOCX File (Microsoft Word File), 19 KB-Checklist 3]
References
1. Bray F, Laversanne M, Sung H, et al. Global cancer statistics 2022: GLOBOCAN estimates of incidence and mortality

worldwide for 36 cancers in 185 countries. CA Cancer J Clin. 2024;74(3):229-263. [doi: 10.3322/caac.21834] [Medline:
38572751]

2. Ajani JA, D’Amico TA, Bentrem DJ, et al. Esophageal and Esophagogastric Junction Cancers, Version 2.2019, NCCN
Clinical Practice Guidelines in Oncology. J Natl Compr Canc Netw. Jul 1, 2019;17(7):855-883. [doi: 10.6004/jnccn.
2019.0033] [Medline: 31319389]

3. Lordick F, Mariette C, Haustermans K, Obermannová R, Arnold D, ESMO Guidelines Committee. Oesophageal cancer:
ESMO Clinical Practice Guidelines for diagnosis, treatment and follow-up. Ann Oncol. Sep 2016;27(suppl 5):v50-v57.
[doi: 10.1093/annonc/mdw329] [Medline: 27664261]

4. Sun J, Sun C, Zhang Y, et al. Does pathological complete response after neoadjuvant chemoradiotherapy associate with
long-term survival in esophageal cancer: a systematic review and meta-analysis. BMC Surg. Jul 16, 2025;25(1):295.
[doi: 10.1186/s12893-025-03016-2] [Medline: 40670933]

5. Yang H, Wang F, Hallemeier CL, Lerut T, Fu J. Oesophageal cancer. Lancet. Nov 16, 2024;404(10466):1991-2005.
[doi: 10.1016/S0140-6736(24)02226-8] [Medline: 39550174]

6. Yang H, Liu H, Chen Y, et al. Neoadjuvant chemoradiotherapy followed by surgery versus surgery alone for locally
advanced squamous cell carcinoma of the esophagus (NEOCRTEC5010): a phase III multicenter, randomized, open-
label clinical trial. J Clin Oncol. Sep 20, 2018;36(27):2796-2803. [doi: 10.1200/JCO.2018.79.1483] [Medline:
30089078]

7. Taniyama Y, Murakami K, Yoshida N, et al. Evaluating the effect of neoadjuvant chemotherapy for esophageal cancer
using the RECIST system with shorter-axis measurements: a retrospective multicenter study. BMC Cancer. Sep 9,
2021;21(1):1008. [doi: 10.1186/s12885-021-08747-y] [Medline: 34496769]

8. Topol EJ. High-performance medicine: the convergence of human and artificial intelligence. Nat Med. Jan
2019;25(1):44-56. [doi: 10.1038/s41591-018-0300-7] [Medline: 30617339]

9. Gillies RJ, Kinahan PE, Hricak H. Radiomics: images are more than pictures, they are data. Radiology. Feb
2016;278(2):563-577. [doi: 10.1148/radiol.2015151169] [Medline: 26579733]

10. Mayerhoefer ME, Materka A, Langs G, et al. Introduction to radiomics. J Nucl Med. Apr 2020;61(4):488-495. [doi: 10.
2967/jnumed.118.222893] [Medline: 32060219]

11. Yang Z, Gong J, Li J, Sun H, Pan Y, Zhao L. The gap before real clinical application of imaging-based machine-learning
and radiomic models for chemoradiation outcome prediction in esophageal cancer: a systematic review and meta-
analysis. Int J Surg. Aug 1, 2023;109(8):2451-2466. [doi: 10.1097/JS9.0000000000000441] [Medline: 37463039]

12. Yang Y, Zhang J, Meng H, et al. Neoadjuvant camrelizumab combined with paclitaxel and nedaplatin for locally
advanced esophageal squamous cell carcinoma: a single-arm phase 2 study (cohort study). Int J Surg.
2024;110(3):1430-1440. [doi: 10.1097/JS9.0000000000000978]

13. Yu Y kui, Meng FY, Wei X feng, et al. Neoadjuvant chemotherapy combined with immunotherapy versus neoadjuvant
chemoradiotherapy in patients with locally advanced esophageal squamous cell carcinoma. J Thorac Cardiovasc Surg.
Aug 2024;168(2):417-428. [doi: 10.1016/j.jtcvs.2023.12.030]

14. Luo H, Lu J, Bai Y, et al. Effect of camrelizumab vs placebo added to chemotherapy on survival and progression-free
survival in patients with advanced or metastatic esophageal squamous cell carcinoma. JAMA. Sep 14,
2021;326(10):916-925. [doi: 10.1001/jama.2021.12836] [Medline: 34519801]

15. Doki Y, Ajani JA, Kato K, et al. Nivolumab combination therapy in advanced esophageal squamous-cell carcinoma. N
Engl J Med. Feb 3, 2022;386(5):449-462. [doi: 10.1056/NEJMoa2111380] [Medline: 35108470]

16. Zhu J, Xu B, Fan T, et al. Sub-regional radiomics combining multichannel 2-dimensional or 3-dimensional deep learning
for predicting neoadjuvant chemo-immunotherapy response in esophageal squamous cell carcinoma: a multicenter study.
NPJ Precis Oncol. Jul 21, 2025;9(1):248. [doi: 10.1038/s41698-025-01047-9] [Medline: 40691312]

17. Xi M, Yang Y, Zhang L, et al. Multi-institutional analysis of recurrence and survival after neoadjuvant
chemoradiotherapy of esophageal cancer: impact of histology on recurrence patterns and outcomes. Ann Surg. Apr
2019;269(4):663-670. [doi: 10.1097/SLA.0000000000002670] [Medline: 29334555]

18. Kao YS, Hsu Y. A meta-analysis for using radiomics to predict complete pathological response in esophageal cancer
patients receiving neoadjuvant chemoradiation. In Vivo. 2021;35(3):1857-1863. [doi: 10.21873/invivo.12448] [Medline:
33910873]

JOURNAL OF MEDICAL INTERNET RESEARCH Li et al

https://www.jmir.org/2026/1/e98520 J Med Internet Res 2026 | vol. 28 | e98520 | p. 17
(page number not for citation purposes)

https://jmir.org/api/download?alt_name=jmir_v28i1e98520_app4.docx
https://jmir.org/api/download?alt_name=jmir_v28i1e98520_app4.docx
https://doi.org/10.3322/caac.21834
http://www.ncbi.nlm.nih.gov/pubmed/38572751
https://doi.org/10.6004/jnccn.2019.0033
https://doi.org/10.6004/jnccn.2019.0033
http://www.ncbi.nlm.nih.gov/pubmed/31319389
https://doi.org/10.1093/annonc/mdw329
http://www.ncbi.nlm.nih.gov/pubmed/27664261
https://doi.org/10.1186/s12893-025-03016-2
http://www.ncbi.nlm.nih.gov/pubmed/40670933
https://doi.org/10.1016/S0140-6736(24)02226-8
http://www.ncbi.nlm.nih.gov/pubmed/39550174
https://doi.org/10.1200/JCO.2018.79.1483
http://www.ncbi.nlm.nih.gov/pubmed/30089078
https://doi.org/10.1186/s12885-021-08747-y
http://www.ncbi.nlm.nih.gov/pubmed/34496769
https://doi.org/10.1038/s41591-018-0300-7
http://www.ncbi.nlm.nih.gov/pubmed/30617339
https://doi.org/10.1148/radiol.2015151169
http://www.ncbi.nlm.nih.gov/pubmed/26579733
https://doi.org/10.2967/jnumed.118.222893
https://doi.org/10.2967/jnumed.118.222893
http://www.ncbi.nlm.nih.gov/pubmed/32060219
https://doi.org/10.1097/JS9.0000000000000441
http://www.ncbi.nlm.nih.gov/pubmed/37463039
https://doi.org/10.1097/JS9.0000000000000978
https://doi.org/10.1016/j.jtcvs.2023.12.030
https://doi.org/10.1001/jama.2021.12836
http://www.ncbi.nlm.nih.gov/pubmed/34519801
https://doi.org/10.1056/NEJMoa2111380
http://www.ncbi.nlm.nih.gov/pubmed/35108470
https://doi.org/10.1038/s41698-025-01047-9
http://www.ncbi.nlm.nih.gov/pubmed/40691312
https://doi.org/10.1097/SLA.0000000000002670
http://www.ncbi.nlm.nih.gov/pubmed/29334555
https://doi.org/10.21873/invivo.12448
http://www.ncbi.nlm.nih.gov/pubmed/33910873
https://www.jmir.org/2026/1/e98520


19. Salameh JP, Bossuyt PM, McGrath TA, et al. Preferred reporting items for systematic review and meta-analysis of
diagnostic test accuracy studies (PRISMA-DTA): explanation, elaboration, and checklist. BMJ. Aug 14,
2020;370:m2632. [doi: 10.1136/bmj.m2632] [Medline: 32816740]

20. Rethlefsen ML, Kirtley S, Waffenschmidt S, et al. PRISMA-S: an extension to the PRISMA statement for reporting
literature searches in systematic reviews. Syst Rev. Jan 26, 2021;10(1):39. [doi: 10.1186/s13643-020-01542-z] [Medline:
33499930]

21. Moons KGM, Damen JAA, Kaul T, et al. PROBAST+AI: an updated quality, risk of bias, and applicability assessment
tool for prediction models using regression or artificial intelligence methods. BMJ. Mar 24, 2025;388:e082505. [doi: 10.
1136/bmj-2024-082505] [Medline: 40127903]

22. Gopalakrishna G, Mustafa RA, Davenport C, et al. Applying Grading of Recommendations Assessment, Development
and Evaluation (GRADE) to diagnostic tests was challenging but doable. J Clin Epidemiol. Jul 2014;67(7):760-768. [doi:
10.1016/j.jclinepi.2014.01.006] [Medline: 24725643]

23. Higgins JPT, Thompson SG. Quantifying heterogeneity in a meta-analysis. Stat Med. Jun 15, 2002;21(11):1539-1558.
[doi: 10.1002/sim.1186] [Medline: 12111919]

24. Borenstein M. How to understand and report heterogeneity in a meta-analysis: the difference between I-squared and
prediction intervals. Integr Med Res. Dec 2023;12(4):101014. [doi: 10.1016/j.imr.2023.101014] [Medline: 38938910]

25. Nagashima K, Noma H, Furukawa TA. Prediction intervals for random-effects meta-analysis: a confidence distribution
approach. Stat Methods Med Res. Jun 2019;28(6):1689-1702. [doi: 10.1177/0962280218773520] [Medline: 29745296]

26. Deeks JJ, Macaskill P, Irwig L. The performance of tests of publication bias and other sample size effects in systematic
reviews of diagnostic test accuracy was assessed. J Clin Epidemiol. Sep 2005;58(9):882-893. [doi: 10.1016/j.jclinepi.
2005.01.016] [Medline: 16085191]

27. Sterne JAC, Sutton AJ, Ioannidis JPA, et al. Recommendations for examining and interpreting funnel plot asymmetry in
meta-analyses of randomised controlled trials. BMJ. Jul 22, 2011;343:d4002. [doi: 10.1136/bmj.d4002] [Medline:
21784880]

28. Wang X, Gong G, Sun Q, Meng X. Prediction of pCR based on clinical-radiomic model in patients with locally
advanced ESCC treated with neoadjuvant immunotherapy plus chemoradiotherapy. Front Oncol. 2024;14:1350914. [doi:
10.3389/fonc.2024.1350914] [Medline: 38571506]

29. Qi Y, Hu Y, Lin C, Song G, Shi L, Zhu H. A preoperative predictive model based on multi-modal features to predict
pathological complete response after neoadjuvant chemoimmunotherapy in esophageal cancer patients. Front Immunol.
2025;16:1530279. [doi: 10.3389/fimmu.2025.1530279] [Medline: 39958355]

30. Qi WX, Li S, Xiao J, Li H, Chen J, Zhao S. A machine learning approach using 18F-FDG PET and enhanced CT scan-
based radiomics combined with clinical model to predict pathological complete response in ESCC patients after
neoadjuvant chemoradiotherapy and anti-PD-1 inhibitors. Front Immunol. 2024;15:1351750. [doi: 10.3389/fimmu.2024.
1351750] [Medline: 38352868]

31. Fan L, Yang Z, Chang M, Chen Z, Wen Q. CT-based delta-radiomics nomogram to predict pathological complete
response after neoadjuvant chemoradiotherapy in esophageal squamous cell carcinoma patients. J Transl Med. Jun 18,
2024;22(1):579. [doi: 10.1186/s12967-024-05392-4] [Medline: 38890720]

32. Liu L, Zeng C, Liu L, et al. Multimodal CT and MRI radiomics integrated with clinical models predict pathological
complete response in ESCC following neoadjuvant immunochemotherapy. Tomography. Nov 19, 2025;11(11):130. [doi:
10.3390/tomography11110130] [Medline: 41295564]

33. Qi B, Jiang Z, Shen H, et al. Interpretable multimodal radiopathomics model predicting pathological complete response
to neoadjuvant chemoimmunotherapy in esophageal squamous cell carcinoma. J Immunother Cancer. Dec 21,
2025;13(12):e013840. [Medline: 41423263]

34. Zhang Z, Luo T, Yan M, et al. Voxel-level radiomics and deep learning for predicting pathologic complete response in
esophageal squamous cell carcinoma after neoadjuvant immunotherapy and chemotherapy. J Immunother Cancer. Mar
15, 2025;13(3):e011149. [doi: 10.1136/jitc-2024-011149] [Medline: 40090670]

35. Ling X, Yang X, Wang P, et al. Intratumoral and peritumoral heterogeneity based on CT to predict the pathological
response after neoadjuvant chemoimmunotherapy in esophageal squamous cell carcinoma. Int J Surg. Jan 1,
2026;112(1):314-324. [doi: 10.1097/JS9.0000000000003422] [Medline: 40968727]

36. Zhao Z, Chen D, Wei X, et al. A multimodal synergistic model for personalized neoadjuvant immunochemotherapy in
esophageal cancer. Cell Rep Med. Dec 16, 2025;6(12):102479. [doi: 10.1016/j.xcrm.2025.102479] [Medline: 41365302]

37. Li Z, Wang F, Zhang H, et al. A radiomics strategy based on CT intra-tumoral and peritumoral regions for preoperative
prediction of neoadjuvant chemoradiotherapy for esophageal cancer. Eur J Surg Oncol. Apr 2024;50(4):108052. [doi: 10.
1016/j.ejso.2024.108052] [Medline: 38447320]

JOURNAL OF MEDICAL INTERNET RESEARCH Li et al

https://www.jmir.org/2026/1/e98520 J Med Internet Res 2026 | vol. 28 | e98520 | p. 18
(page number not for citation purposes)

https://doi.org/10.1136/bmj.m2632
http://www.ncbi.nlm.nih.gov/pubmed/32816740
https://doi.org/10.1186/s13643-020-01542-z
http://www.ncbi.nlm.nih.gov/pubmed/33499930
https://doi.org/10.1136/bmj-2024-082505
https://doi.org/10.1136/bmj-2024-082505
http://www.ncbi.nlm.nih.gov/pubmed/40127903
https://doi.org/10.1016/j.jclinepi.2014.01.006
http://www.ncbi.nlm.nih.gov/pubmed/24725643
https://doi.org/10.1002/sim.1186
http://www.ncbi.nlm.nih.gov/pubmed/12111919
https://doi.org/10.1016/j.imr.2023.101014
http://www.ncbi.nlm.nih.gov/pubmed/38938910
https://doi.org/10.1177/0962280218773520
http://www.ncbi.nlm.nih.gov/pubmed/29745296
https://doi.org/10.1016/j.jclinepi.2005.01.016
https://doi.org/10.1016/j.jclinepi.2005.01.016
http://www.ncbi.nlm.nih.gov/pubmed/16085191
https://doi.org/10.1136/bmj.d4002
http://www.ncbi.nlm.nih.gov/pubmed/21784880
https://doi.org/10.3389/fonc.2024.1350914
http://www.ncbi.nlm.nih.gov/pubmed/38571506
https://doi.org/10.3389/fimmu.2025.1530279
http://www.ncbi.nlm.nih.gov/pubmed/39958355
https://doi.org/10.3389/fimmu.2024.1351750
https://doi.org/10.3389/fimmu.2024.1351750
http://www.ncbi.nlm.nih.gov/pubmed/38352868
https://doi.org/10.1186/s12967-024-05392-4
http://www.ncbi.nlm.nih.gov/pubmed/38890720
https://doi.org/10.3390/tomography11110130
http://www.ncbi.nlm.nih.gov/pubmed/41295564
http://www.ncbi.nlm.nih.gov/pubmed/41423263
https://doi.org/10.1136/jitc-2024-011149
http://www.ncbi.nlm.nih.gov/pubmed/40090670
https://doi.org/10.1097/JS9.0000000000003422
http://www.ncbi.nlm.nih.gov/pubmed/40968727
https://doi.org/10.1016/j.xcrm.2025.102479
http://www.ncbi.nlm.nih.gov/pubmed/41365302
https://doi.org/10.1016/j.ejso.2024.108052
https://doi.org/10.1016/j.ejso.2024.108052
http://www.ncbi.nlm.nih.gov/pubmed/38447320
https://www.jmir.org/2026/1/e98520


38. Yue H, Liu J, Li J, et al. MLDRL: multi-loss disentangled representation learning for predicting esophageal cancer
response to neoadjuvant chemoradiotherapy using longitudinal CT images. Med Image Anal. Jul 2022;79:102423. [doi:
10.1016/j.media.2022.102423] [Medline: 35429696]

39. Kong W, Xu J, Huang Y, et al. CT-based habitat radiomics for predicting treatment response to neoadjuvant
chemoimmunotherapy in esophageal cancer patients. Front Oncol. 2024;14:1418252. [doi: 10.3389/fonc.2024.1418252]
[Medline: 39691599]

40. Wang J, Zhu X, Zeng J, et al. Using clinical and radiomic feature–based machine learning models to predict pathological
complete response in patients with esophageal squamous cell carcinoma receiving neoadjuvant chemoradiation. Eur
Radiol. Dec 2023;33(12):8554-8563. [doi: 10.1007/s00330-023-09884-7]

41. Ou J, Zhou HY, Qin HL, et al. Baseline CT radiomics features to predict pathological complete response of advanced
esophageal squamous cell carcinoma treated with neoadjuvant chemotherapy using paclitaxel and cisplatin. Eur J Radiol.
Dec 2024;181:111763. [doi: 10.1016/j.ejrad.2024.111763] [Medline: 39341168]

42. Zheng Y, Mei P, Wang M, et al. CT-based delta-radiomics for predicting pathological response to neoadjuvant
immunochemotherapy in esophageal squamous cell carcinoma: a multicenter study. BMC Med Imaging. Dec 3,
2024;24(1):329. [doi: 10.1186/s12880-024-01503-1] [Medline: 39627736]

43. Zhang M, Lu Y, Sun H, et al. CT-based deep learning radiomics and hematological biomarkers in the assessment of
pathological complete response to neoadjuvant chemoradiotherapy in patients with esophageal squamous cell carcinoma:
a two-center study. Transl Oncol. Jan 2024;39:101804. [doi: 10.1016/j.tranon.2023.101804] [Medline: 37839176]

44. Lu Z, Li Y, Hu W, et al. Radiomics nomogram combined with clinical factors for predicting pathological complete
response in resectable esophageal squamous cell carcinoma. Front Oncol. 2024;14:1347650. [doi: 10.3389/fonc.2024.
1347650] [Medline: 39544301]

45. Liu Y, Wang Y, Wang X, et al. MR radiomics predicts pathological complete response of esophageal squamous cell
carcinoma after neoadjuvant chemoradiotherapy: a multicenter study. Cancer Imaging. Jan 23, 2024;24(1):16. [doi: 10.
1186/s40644-024-00659-x] [Medline: 38263134]

46. Liu Y, Ma Z, Bao Y, et al. Integrating MR radiomics and dynamic hematological factors predicts pathological response
to neoadjuvant chemoradiotherapy in esophageal cancer. Heliyon. Jul 15, 2024;10(13):e33702. [doi: 10.1016/j.heliyon.
2024.e33702] [Medline: 39050414]

47. Li K, Zhang S, Hu Y, et al. Radiomics nomogram with added nodal features improves treatment response prediction in
locally advanced esophageal squamous cell carcinoma: a multicenter study. Ann Surg Oncol. Dec
2023;30(13):8231-8243. [doi: 10.1245/s10434-023-14253-1] [Medline: 37755566]

48. Li K, Li Y, Wang Z, et al. Delta-radiomics based on CT predicts pathologic complete response in ESCC treated with
neoadjuvant immunochemotherapy and surgery. Front Oncol. 2023;13:1131883. [doi: 10.3389/fonc.2023.1131883]
[Medline: 37251937]

49. Li Y, Liu J, Li HX, et al. Radiomics signature facilitates organ-saving strategy in patients with esophageal squamous cell
cancer receiving neoadjuvant chemoradiotherapy. Front Oncol. 2020;10:615167. [doi: 10.3389/fonc.2020.615167]
[Medline: 33680935]

50. Hu Y, Xie C, Yang H, et al. Assessment of intratumoral and peritumoral computed tomography radiomics for predicting
pathological complete response to neoadjuvant chemoradiation in patients with esophageal squamous cell carcinoma.
JAMA Netw Open. Sep 1, 2020;3(9):e2015927. [doi: 10.1001/jamanetworkopen.2020.15927] [Medline: 32910196]

51. Yang Z, He B, Zhuang X, et al. CT-based radiomic signatures for prediction of pathologic complete response in
esophageal squamous cell carcinoma after neoadjuvant chemoradiotherapy. J Radiat Res. Jul 1, 2019;60(4):538-545.
[doi: 10.1093/jrr/rrz027] [Medline: 31111948]

52. Sun Y, Li K, Chen D, Hu Y, Zhang S. LOMIA-t: A transformer-based longitudinal medical image analysis framework
for predicting treatment response of esophageal cancer. In: Lecture Notes in Computer Science. Springer Nature;
2024:426-436. [doi: 10.1007/978-3-031-72086-4_40]

53. Gu Q, Chen S, Dekker A, et al. Variational autoencoder-based deep learning and radiomics for predicting pathologic
complete response to neoadjuvant chemoimmunotherapy in locally advanced oesophageal squamous cell carcinoma. Br J
Radiol. Jan 1, 2026;99(1177):133-142. [doi: 10.1093/bjr/tqaf239] [Medline: 40996309]

54. Hirata A, Hayano K, Tochigi T, et al. Predicting pathological complete response to chemoradiotherapy using artificial
intelligence-based magnetic resonance imaging radiomics in esophageal squamous cell carcinoma. World J
Gastroenterol. Sep 28, 2025;31(36):111293. [doi: 10.3748/wjg.v31.i36.111293] [Medline: 41025076]

55. Liu Y, Su Y, Peng J, et al. A multidimensional deep ensemble learning model predicts pathological response and
outcomes in esophageal squamous cell carcinoma treated with neoadjuvant chemoradiotherapy from pretreatment CT
imaging: a multicenter study. Radiother Oncol. Nov 2025;212:111133. [doi: 10.1016/j.radonc.2025.111133] [Medline:
40939680]

JOURNAL OF MEDICAL INTERNET RESEARCH Li et al

https://www.jmir.org/2026/1/e98520 J Med Internet Res 2026 | vol. 28 | e98520 | p. 19
(page number not for citation purposes)

https://doi.org/10.1016/j.media.2022.102423
http://www.ncbi.nlm.nih.gov/pubmed/35429696
https://doi.org/10.3389/fonc.2024.1418252
http://www.ncbi.nlm.nih.gov/pubmed/39691599
https://doi.org/10.1007/s00330-023-09884-7
https://doi.org/10.1016/j.ejrad.2024.111763
http://www.ncbi.nlm.nih.gov/pubmed/39341168
https://doi.org/10.1186/s12880-024-01503-1
http://www.ncbi.nlm.nih.gov/pubmed/39627736
https://doi.org/10.1016/j.tranon.2023.101804
http://www.ncbi.nlm.nih.gov/pubmed/37839176
https://doi.org/10.3389/fonc.2024.1347650
https://doi.org/10.3389/fonc.2024.1347650
http://www.ncbi.nlm.nih.gov/pubmed/39544301
https://doi.org/10.1186/s40644-024-00659-x
https://doi.org/10.1186/s40644-024-00659-x
http://www.ncbi.nlm.nih.gov/pubmed/38263134
https://doi.org/10.1016/j.heliyon.2024.e33702
https://doi.org/10.1016/j.heliyon.2024.e33702
http://www.ncbi.nlm.nih.gov/pubmed/39050414
https://doi.org/10.1245/s10434-023-14253-1
http://www.ncbi.nlm.nih.gov/pubmed/37755566
https://doi.org/10.3389/fonc.2023.1131883
http://www.ncbi.nlm.nih.gov/pubmed/37251937
https://doi.org/10.3389/fonc.2020.615167
http://www.ncbi.nlm.nih.gov/pubmed/33680935
https://doi.org/10.1001/jamanetworkopen.2020.15927
http://www.ncbi.nlm.nih.gov/pubmed/32910196
https://doi.org/10.1093/jrr/rrz027
http://www.ncbi.nlm.nih.gov/pubmed/31111948
https://doi.org/10.1007/978-3-031-72086-4_40
https://doi.org/10.1093/bjr/tqaf239
http://www.ncbi.nlm.nih.gov/pubmed/40996309
https://doi.org/10.3748/wjg.v31.i36.111293
http://www.ncbi.nlm.nih.gov/pubmed/41025076
https://doi.org/10.1016/j.radonc.2025.111133
http://www.ncbi.nlm.nih.gov/pubmed/40939680
https://www.jmir.org/2026/1/e98520


56. Shi L, Wang X, Chen X, et al. Clinical-radiomics signature predicts pathologic complete response after neoadjuvant
therapy in oesophageal squamous cell carcinoma. Interdiscip Cardiovasc Thorac Surg. Feb 5, 2026;41(2):ivag024. [doi:
10.1093/icvts/ivag024] [Medline: 41639011]

57. Xu Z, Lu Y, Zuo F, et al. Integration of habitat radiomics and traditional radiomic features for predicting pathological
complete response in esophageal squamous cell carcinoma following neoadjuvant immunotherapy and chemotherapy: a
multicenter comparative study. J Transl Med. Jan 13, 2026;24(1):231. [doi: 10.1186/s12967-025-07522-y] [Medline:
41530793]

58. Zhao B, Wang Y, Zhu H, et al. Intratumoral and peritumoral radiomics for preoperative prediction of pathological
complete response to neoadjuvant immunochemotherapy in patients with esophageal squamous cell carcinoma. Eur J
Radiol Open. Dec 2026;17:100774. [doi: 10.1016/j.ejro.2026.100774] [Medline: 42376200]

59. Xu B, Zhu J, Fan T, et al. Integration of delta-radiomics features and inflammatory biomarkers for neoadjuvant chemo-
immunotherapy efficacy in locally advanced esophageal squamous cell carcinoma. J Inflamm Res.
2025;18:16907-16919. [doi: 10.2147/JIR.S548314] [Medline: 41368348]

60. Lambin P, Leijenaar RTH, Deist TM, et al. Radiomics: the bridge between medical imaging and personalized medicine.
Nat Rev Clin Oncol. Dec 2017;14(12):749-762. [doi: 10.1038/nrclinonc.2017.141] [Medline: 28975929]

61. Chen J, Xi J, Chen T, Yang L, Liu K, Ding X. Diagnostic performance of computed tomography–based artificial
intelligence for early recurrence of cholangiocarcinoma: systematic review and meta-analysis. J Med Internet Res. Sep
18, 2025;27:e78306. [doi: 10.2196/78306] [Medline: 40905766]

62. Zwanenburg A, Vallières M, Abdalah MA, et al. The image biomarker standardization initiative: standardized
quantitative radiomics for high-throughput image-based phenotyping. Radiology. May 2020;295(2):328-338. [doi: 10.
1148/radiol.2020191145] [Medline: 32154773]

63. Mujahid M, Kına E, Rustam F, et al. Data oversampling and imbalanced datasets: an investigation of performance for
machine learning and feature engineering. J Big Data. 2024;11(1):87. [doi: 10.1186/s40537-024-00943-4]

64. Ruan J, Li J, Xiang S. VM-UNet: vision Mamba UNet for medical image segmentation. ACM Trans Multimedia
Comput Commun Appl. 2024. [doi: 10.1145/3767748]

65. Yang RH, Fan WX, Zhong Y, et al. Predicting esophageal cancer response to neoadjuvant therapy with magnetic
resonance imaging radiomics. World J Gastrointest Oncol. Oct 15, 2025;17(10):110671. [doi: 10.4251/wjgo.v17.i10.
110671] [Medline: 41114118]

66. Yang YS, Qiu YJ, Zheng GH, et al. High resolution MRI-based radiomic nomogram in predicting perineural invasion in
rectal cancer. Cancer Imaging. May 26, 2021;21(1):40. [doi: 10.1186/s40644-021-00408-4] [Medline: 34039436]

67. Mainenti PP, Stanzione A, Guarino S, et al. Colorectal cancer: parametric evaluation of morphological, functional and
molecular tomographic imaging. World J Gastroenterol. Sep 21, 2019;25(35):5233-5256. [doi: 10.3748/wjg.v25.i35.
5233] [Medline: 31558870]

68. Liu Y, Wang Y, Hu X, et al. Multimodality deep learning radiomics predicts pathological response after neoadjuvant
chemoradiotherapy for esophageal squamous cell carcinoma. Insights Imaging. Nov 15, 2024;15(1):277. [doi: 10.1186/
s13244-024-01851-0] [Medline: 39546168]

69. Liu L, Liu Y, Xu L, et al. Tumor immune microenvironment remodeling and prognosis of patients with esophageal
squamous cell carcinoma after neoadjuvant chemotherapy with and without immunotherapy: a retrospective cohort
study. J Thorac Dis. Jun 30, 2024;16(6):3909-3922. [doi: 10.21037/jtd-24-828] [Medline: 38983179]

70. Wang X, Tan W, Sheng H, et al. An interpretable machine learning model using multimodal pretreatment features
predicts pathological complete response to neoadjuvant immunochemotherapy in esophageal squamous cell carcinoma.
Front Immunol. 2025;16:1660897. [doi: 10.3389/fimmu.2025.1660897] [Medline: 41035638]

71. Ye G, Wu G, Qi Y, et al. Non-invasive multimodal CT deep learning biomarker to predict pathological complete
response of non-small cell lung cancer following neoadjuvant immunochemotherapy: a multicenter study. J Immunother
Cancer. Sep 3, 2024;12(9):e009348. [doi: 10.1136/jitc-2024-009348] [Medline: 39231545]

72. Holder AM, Dedeilia A, Sierra-Davidson K, et al. Defining clinically useful biomarkers of immune checkpoint inhibitors
in solid tumours. Nat Rev Cancer. Jul 2024;24(7):498-512. [doi: 10.1038/s41568-024-00705-7] [Medline: 38867074]

73. Bera K, Braman N, Gupta A, Velcheti V, Madabhushi A. Predicting cancer outcomes with radiomics and artificial
intelligence in radiology. Nat Rev Clin Oncol. Feb 2022;19(2):132-146. [doi: 10.1038/s41571-021-00560-7] [Medline:
34663898]

74. Yang M, Li X, Cai C, et al. [18F]FDG PET-CT radiomics signature to predict pathological complete response to
neoadjuvant chemoimmunotherapy in non-small cell lung cancer: a multicenter study. Eur Radiol. Jul
2024;34(7):4352-4363. [doi: 10.1007/s00330-023-10503-8] [Medline: 38127071]

75. Gatenby RA, Grove O, Gillies RJ. Quantitative imaging in cancer evolution and ecology. Radiology. Oct
2013;269(1):8-15. [doi: 10.1148/radiol.13122697] [Medline: 24062559]

JOURNAL OF MEDICAL INTERNET RESEARCH Li et al

https://www.jmir.org/2026/1/e98520 J Med Internet Res 2026 | vol. 28 | e98520 | p. 20
(page number not for citation purposes)

https://doi.org/10.1093/icvts/ivag024
http://www.ncbi.nlm.nih.gov/pubmed/41639011
https://doi.org/10.1186/s12967-025-07522-y
http://www.ncbi.nlm.nih.gov/pubmed/41530793
https://doi.org/10.1016/j.ejro.2026.100774
http://www.ncbi.nlm.nih.gov/pubmed/42376200
https://doi.org/10.2147/JIR.S548314
http://www.ncbi.nlm.nih.gov/pubmed/41368348
https://doi.org/10.1038/nrclinonc.2017.141
http://www.ncbi.nlm.nih.gov/pubmed/28975929
https://doi.org/10.2196/78306
http://www.ncbi.nlm.nih.gov/pubmed/40905766
https://doi.org/10.1148/radiol.2020191145
https://doi.org/10.1148/radiol.2020191145
http://www.ncbi.nlm.nih.gov/pubmed/32154773
https://doi.org/10.1186/s40537-024-00943-4
https://doi.org/10.1145/3767748
https://doi.org/10.4251/wjgo.v17.i10.110671
https://doi.org/10.4251/wjgo.v17.i10.110671
http://www.ncbi.nlm.nih.gov/pubmed/41114118
https://doi.org/10.1186/s40644-021-00408-4
http://www.ncbi.nlm.nih.gov/pubmed/34039436
https://doi.org/10.3748/wjg.v25.i35.5233
https://doi.org/10.3748/wjg.v25.i35.5233
http://www.ncbi.nlm.nih.gov/pubmed/31558870
https://doi.org/10.1186/s13244-024-01851-0
https://doi.org/10.1186/s13244-024-01851-0
http://www.ncbi.nlm.nih.gov/pubmed/39546168
https://doi.org/10.21037/jtd-24-828
http://www.ncbi.nlm.nih.gov/pubmed/38983179
https://doi.org/10.3389/fimmu.2025.1660897
http://www.ncbi.nlm.nih.gov/pubmed/41035638
https://doi.org/10.1136/jitc-2024-009348
http://www.ncbi.nlm.nih.gov/pubmed/39231545
https://doi.org/10.1038/s41568-024-00705-7
http://www.ncbi.nlm.nih.gov/pubmed/38867074
https://doi.org/10.1038/s41571-021-00560-7
http://www.ncbi.nlm.nih.gov/pubmed/34663898
https://doi.org/10.1007/s00330-023-10503-8
http://www.ncbi.nlm.nih.gov/pubmed/38127071
https://doi.org/10.1148/radiol.13122697
http://www.ncbi.nlm.nih.gov/pubmed/24062559
https://www.jmir.org/2026/1/e98520


76. Rao VM, Hla M, Moor M, et al. Multimodal generative AI for medical image interpretation. Nature. Mar
2025;639(8056):888-896. [doi: 10.1038/s41586-025-08675-y] [Medline: 40140592]

77. Sosna J, Joskowicz L, Saban M. Navigating the AI landscape in medical imaging: a critical analysis of technologies,
implementation, and implications. Radiology. Jun 2025;315(3):e240982. [doi: 10.1148/radiol.240982] [Medline:
40552997]

78. Champendal M, Müller H, Prior JO, Dos Reis CS. A scoping review of interpretability and explainability concerning
artificial intelligence methods in medical imaging. Eur J Radiol. Dec 2023;169:111159. [doi: 10.1016/j.ejrad.2023.
111159] [Medline: 37976760]

Abbreviations
AUC: area under the curve
CRP: C-reactive protein
CT: computed tomography
DL: deep learning
DOR: diagnostic odds ratio
ESCC: esophageal squamous cell carcinoma
ESMO: European Society for Medical Oncology
FN: false negative
FP: false positive
GRADE: Grading of Recommendations Assessment, Development, and Evaluation
HKSJ: Hartung-Knapp-Sidik-Jonkman
LR: logistic regression
LR+: positive likelihood ratio
LR-: negative likelihood ratio
ML: machine learning
MRI: magnetic resonance imaging
NACT: neoadjuvant chemotherapy
NCCN: National Comprehensive Cancer Network
NCRT: neoadjuvant chemoradiotherapy
NICRT: neoadjuvant immunotherapy plus chemoradiotherapy
NICT: neoadjuvant immunotherapy combined with chemotherapy
NLR: neutrophil-to-lymphocyte ratio
pCR: pathological complete response
PI: prediction interval
PITROS: participants, index test, target conditions, reference standard, outcomes, and settings
PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-Analyses
PRISMA-DTA: Preferred Reporting Items for Systematic Reviews and Meta-Analyses for Diagnostic Test Accuracy
PRISMA-S: Preferred Reporting Items for Systematic Reviews and Meta-Analyses literature search extension
PROBAST+AI: Prediction Model Risk of Bias Assessment Tool plus Artificial Intelligence
PROSPERO: International Prospective Register of Systematic Reviews
RECIST: Response Evaluation Criteria in Solid Tumors
SROC: summary receiver operating characteristic curve
TN: true negative
TP: true positive
XGBoost: Extreme Gradient Boosting

Edited by Stefano Brini; peer-reviewed by Fatemeh Shakki Katouli, Hassaporn Thongdaeng, Jun Zhang, Xiaolong Liang;
submitted 17.Apr.2026; final revised version received 13.Oct.2026; accepted 14.Oct.2026; published 11.Nov.2026

Please cite as:
Li Z, Gao X, Zhou J, Wang L, Ren F
Imaging-Based AI for Predicting Pathological Complete Response in Esophageal Cancer After Neoadjuvant Therapy:
Systematic Review and Meta-Analysis
J Med Internet Res 2026;28:e98520
URL: https://www.jmir.org/2026/1/e98520
doi: 10.2196/98520

JOURNAL OF MEDICAL INTERNET RESEARCH Li et al

https://www.jmir.org/2026/1/e98520 J Med Internet Res 2026 | vol. 28 | e98520 | p. 21
(page number not for citation purposes)

https://doi.org/10.1038/s41586-025-08675-y
http://www.ncbi.nlm.nih.gov/pubmed/40140592
https://doi.org/10.1148/radiol.240982
http://www.ncbi.nlm.nih.gov/pubmed/40552997
https://doi.org/10.1016/j.ejrad.2023.111159
https://doi.org/10.1016/j.ejrad.2023.111159
http://www.ncbi.nlm.nih.gov/pubmed/37976760
https://www.jmir.org/2026/1/e98520
https://doi.org/10.2196/98520
https://www.jmir.org/2026/1/e98520


© Zhiwei Li, Xin Gao, Jing Zhou, Lei Wang, Fuqiang Ren. Originally published in the Journal of Medical Internet Research
(https://www.jmir.org), 11.Nov.2026. This is an open-access article distributed under the terms of the Creative Commons
Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduc-
tion in any medium, provided the original work, first published in the Journal of Medical Internet Research (ISSN 1438-8871),
is properly cited. The complete bibliographic information, a link to the original publication on https://www.jmir.org/, as well as
this copyright and license information must be included.

JOURNAL OF MEDICAL INTERNET RESEARCH Li et al

https://www.jmir.org/2026/1/e98520 J Med Internet Res 2026 | vol. 28 | e98520 | p. 22
(page number not for citation purposes)

https://www.jmir.org
https://creativecommons.org/licenses/by/4.0/
https://www.jmir.org/
https://www.jmir.org/2026/1/e98520

	Imaging-Based AI for Predicting Pathological Complete Response in Esophageal Cancer After Neoadjuvant Therapy: Systematic Review and Meta-Analysis
	Introduction
	Methods
	Study Design
	Information Sources and Search Strategy
	Eligibility Criteria
	Risk of Bias and Certainty Assessment
	Data Collection Process and Data Items
	Index Test and Outcome Measures
	Synthesis Methods and Statistical Analysis

	Results
	Study Selection
	Study Characteristics
	Risk of Bias and Certainty of Evidence
	Predictive Performance of Different AI Models in Internal and External Validation Sets
	Subgroup Analyses
	Heterogeneity and Sources of Variation
	Sensitivity Analyses
	Clinical Utility and Small-Study Effects

	Discussion


