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Abstract

Background: Non-small cell lung cancer (NSCLC) remains the leading cause of cancer-related mortality worldwide.
Accurate early prediction of response to neoadjuvant therapy is critical.

Objective: We aimed to evaluate the diagnostic performance of radiomics-based Al in predicting pathological complete
response (pCR) and major pathological response (MPR) following neoadjuvant immunochemotherapy in NSCLC and to
compare it against traditional radiological criteria.

Methods: A systematic search of PubMed, Embase, Cochrane Library, and Web of Science was conducted through October
26, 2025. Studies utilizing computed tomography (CT) or positron emission tomography/CT-based AI models to predict
pCR or MPR were included. Methodological quality was appraised using the PROBAST (Prediction Model Risk of Bias
Assessment Tool)+Al tool. Sensitivity, specificity, and area under the curve (AUC) were pooled using a bivariate random
effects model.

Results: Twenty-three studies involving 2004 patients in validation sets were included, with histopathology as the gold
standard. For pCR, AI models achieved a pooled sensitivity of 0.77 (95% CI 0.70-0.83), specificity of 0.79 (95% CI
0.73-0.84), and AUC of 0.85, significantly outperforming traditional criteria in sensitivity (0.77 vs 0.42; P<.001). For MPR, Al
demonstrated a sensitivity of 0.80 (95% CI 0.72-0.87), specificity of 0.83 (95% CI 0.73-0.90), and AUC of 0.88, also superior
to traditional models (AUC: 0.88 vs 0.65, P<.001). Subgroup analysis revealed that positron emission tomography/CT-based
models offered higher specificity for MPR than CT-based models (0.95 vs 0.80, P=.005).

Conclusions: Radiomics-based Al demonstrates high diagnostic accuracy and superior sensitivity compared to traditional
radiological criteria, showing significant potential for preoperative response assessment. However, the heterogeneity and
retrospective design of current studies limit the evidence. Future large-scale, prospective, multicenter trials and multimodal
data integration are required to validate these findings for clinical translation.

Trial Registration: PROSPERO CRD420251243962; https://www .crd.york.ac.uk/PROSPERO/view/CRD420251243962
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Introduction

Non-small cell lung cancer (NSCLC) remains the lead-
ing cause of cancer-related mortality worldwide, account-
ing for approximately 85% of all lung cancer cases [1].
While neoadjuvant immunochemotherapy has transformed
the therapeutic landscape for resectable NSCLC, patient
responses exhibit significant interindividual heterogeneity.
Consequently, accurate early prediction of response to
neoadjuvant therapy is critical. Precision in early assessment
not only optimizes the surgical window but also prevents
nonresponders from incurring unnecessary toxicity and delays
in accessing alternative therapeutic strategies.

Clinically, major pathological response (MPR) and
pathological complete response (pCR) are generally regarded
as the gold standards for evaluating the efficacy of neoadju-
vant therapy. However, these metrics are characterized by
delayed availability (obtainable only postoperatively) and are
constrained by the subjectivity of pathological assessment
as well as sampling limitations, precluding a comprehen-
sive evaluation of the patient’s systemic tumor status [2,3].
Furthermore, immunotherapy-induced alterations in the tumor
microenvironment (such as extensive necrosis and fibrosis)
make it challenging to distinguish residual viable tumor from
treatment-related reactive changes, rendering the evaluation
results highly dependent on experienced pathologists [3]. In
preoperative assessment, clinical practice commonly relies
on traditional imaging criteria such as Response Evaluation
Criteria in Solid Tumors 1.1 (RECIST 1.1) or Positron
Emission Tomography Response Criteria in Solid Tumors
(PERCIST). Nevertheless, these conventional tools, based on
morphological or metabolic features, demonstrate signifi-
cant limitations within the context of immunotherapy. The
anti-tumor immune response itself can increase metabolic
uptake in lesions and lymph nodes, resulting in the “flare”
phenomenon [4]. Consequently, traditional criteria often fail
to accurately differentiate viable tumor from treatment-related
changes, leading to an underestimation or misjudgment of
therapeutic efficacy.

Recently, radiomics-based Al has emerged as a prom-
ising noninvasive tool, capable of decoding high-dimen-
sional quantitative features invisible to the human eye
to capture tumor heterogeneity [5,6]. Radiomics extracts
a large panel of mathematically defined features—includ-
ing first-order statistics, shape descriptors, and higher-order
texture matrices—from standard-of-care medical images,
effectively converting qualitative imaging phenotypes into
mineable quantitative data [7]. When coupled with machine
learning or deep learning algorithms, these features can model
complex, nonlinear relationships between imaging pheno-
types and underlying tumor biology, including treatment-
induced changes in cellularity, vascularity, and immune
infiltration that precede macroscopic anatomical change [8].
In the context of oncologic imaging, radiomics-based Al
has been applied across multiple cancer types and imaging
modalities —including computed tomography (CT), magnetic
resonance imaging, and positron emission tomography
(PET)/CT—for tasks ranging from differential diagnosis to
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prognostication [9]. However, despite this rapidly expand-
ing literature, three persistent barriers impede clinical
translation: (1) a lack of standardization in feature extrac-
tion, model development, and reporting; (2) insufficient
external validation across independent cohorts and institu-
tions; and (3) a paucity of evidence demonstrating clinical
utility beyond retrospective discrimination metrics. Within
NSCLC specifically, while preliminary studies suggest that
Al may offer a superior predictive value for neoadjuvant
response assessment, current literature presents inconsistent
performance results across different imaging modalities and
validation cohorts [10-12]. A critical and unresolved question
remains whether these Al models definitively outperform
traditional radiological response criteria in clinical utility,
necessitating a rigorous systematic evaluation.

Therefore, it is essential to systematically evaluate the
performance of radiomics-based AI in predicting MPR
and pCR to neoadjuvant immunochemotherapy in NSCLC.
Furthermore, this study aims to benchmark AI performance
against traditional radiological response criteria and inves-
tigate potential covariates influencing diagnostic accuracy,
thereby providing high-level evidence for clinical transla-
tion. From a digital health perspective, establishing rigorous
evidence on the diagnostic performance of these Al models
is a prerequisite for their integration into digital clinical
workflows, including preoperative decision support systems,
multidisciplinary virtual tumor boards, and teleconsultation
platforms, thereby advancing the translation of Al-enabled
imaging biomarkers into routine digital oncology practice.

Methods

Protocol and Guidelines

This systematic review and meta-analysis was conducted
in strict adherence to the PRISMA-DTA (Preferred Report-
ing Items for Systematic Reviews and Meta-Analyses for
Diagnostic Test Accuracy) guidelines [13]. The completed
PRISMA checklist is provided in Checklist 1. The protocol
for this study was prospectively registered in PROSPERO
(International Prospective Register of Systematic Reviews;
CRD420251243962).

Search Strategy

A comprehensive literature search was conducted across
PubMed, Embase, Cochrane Library, and Web of Science
databases, with the final search executed on October 26,
2025. The search strategy was constructed using Boo-
lean operators (AND/OR) combining MeSH and free-text
terms across three conceptual blocks: (1) Al terms (“arti-
ficial intelligence,” “machine learning,” “deep learning,”
“radiomics,” “neural network™); (2) NSCLC terms (“non-
small cell lung cancer,” “NSCLC,” “lung neoplasms”);
and (3) neoadjuvant immunochemotherapy terms (“neoadju-
vant therapy,” “immunotherapy,” “chemotherapy,” “immune
checkpoint inhibitor”). Database-specific syntax was applied:
PubMed employed [MeSH] tags, title/abstract field restric-
tions [tiab], and truncation (*); Embase utilized/exp (Emtree)
and :ti,abkw field qualifiers; Web of Science employed
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TS=field tags; and Cochrane Library used :ti,abkw qualifi-
ers within the Cochrane Reviews and Trials registers. No
language or publication date filters were applied during
the search phase to maximize sensitivity. The complete,
reproducible search strings for each database, including exact
syntax, are provided in Table S1 in Multimedia Appendix
1. Two independent reviewers (ZJ and YX) systematically
screened retrieved records by title and abstract, followed by
a rigorous full-text assessment. To ensure exhaustiveness,
the reference lists of all included studies were manually
scrutinized to identify potential additional citations.

Inclusion and Exclusion Criteria

The inclusion criteria were strictly defined using the PITROS
framework:

* Participants (P): patients with pathologically confirmed
NSCLC undergoing neoadjuvant immunochemotherapy
followed by radical resection

* Index tests (I): Al models (machine learning and deep
learning) derived from CT or PET/CT imaging

* Target conditions (T): MPR (<10% residual viable
tumor) and pCR (0% viable tumor)

* Reference standard (R): standardized histopathological
assessment of surgical specimens

* Outcomes (O): predictive performance metrics,
sensitivity, specificity, and area under the curve (AUC)

* Setting (S): retrospective or prospective cohorts from
single-center, multicenter, or public databases

Conversely, studies were systematically excluded based
on the following criteria: (1) inappropriate publication
types, including reviews, case reports, conference abstracts,
meta-analyses, and letters; (2) lack of relevance to the specific
target conditions (MPR or pCR) or absence of radiomics-
based Al models; and (3) insufficient data to reconstruct
2x2 contingency tables. The screening process was conduc-
ted independently by 2 reviewers (ZJ and YX), with any
discrepancies resolved through consultation with a third
adjudicator (HL) to ensure rigorous selection.

Quality Assessment and Certainty of
Evidence

Two reviewers (YX and ZJ) independently assessed the risk
of bias using the PROBAST (Prediction model Risk of Bias
Assessment Tool)+Al tool [14]. The comprehensive set of
signaling questions and the resulting assessment matrices are
documented in Tables S2 and S3 in Multimedia Appendix 1.
The certainty of evidence was evaluated using the GRADE
(Grading of Recommendations Assessment, Development and
Evaluation) framework [15], covering risk of bias, indirect-
ness, inconsistency, imprecision, and publication bias (Table
S4 in Multimedia Appendix 1).

Data Extraction

Data were independently extracted by 2 reviewers (ZJ and
YX), with discrepancies resolved by a third (HL). Extracted
variables included patient characteristics, imaging parame-
ters, and Al performance metrics. When diagnostic contin-
gency tables were not directly reported, values for true
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positives (TP), false positives (FP), false negatives (FN), and
true negatives (TN) were reconstructed using the reported
sensitivity, specificity, total sample size (N), and the number
of patients with the target condition as determined by the
gold standard histopathological assessment (D+). For each
study, N_non-disease=N — D+, and the 2x2 cell counts were
back-calculated as follows: TP = sensitivity x D+, FN = D+
— TP, TN = specificity x (N — D+), and FP = (N — D+)
— TN. All reconstructed counts were rounded to the near-
est integer. As a verification step, sensitivity and specificity
were recalculated from the derived TP, FP, FN, and TN for
each study and confirmed to be consistent with the originally
reported values in the source publications.

To minimize the risk of double-counting patients across
studies originating from overlapping institutions, time
periods, or research groups, we performed corresponding
verification procedures. For studies sharing any common
authors, institutions, or recruitment periods, we cross-refer-
enced sample sizes, enrollment dates, patient demographics
(age, sex, and stage distribution), and imaging protocols to
assess whether patient cohorts were independent.

Outcome Measures

The primary outcome measures were the sensitivity,
specificity, and AUC of radiomics-based AI models for
predicting pCR and MPR to neoadjuvant immunochemother-
apy in NSCLC. Secondary outcomes included the predictive
performance of radiological response criteria (PERCIST and
RECIST 1.1) for pCR and MPR, as well as subgroup analyses
across different validation sets (internal vs external), imaging
modalities (CT vs PET/CT), and specific Al algorithms. For
radiomics-based Al, data were extracted exclusively from
internal or external validation cohorts. If a study reported
multiple nonoverlapping validation cohorts, their contingency
tables were considered independent, and all were extracted.
However, for studies presenting multiple Al models derived
from the same patient population, only the primary model was
included. The primary model was operationally defined using
the following hierarchical criteria: (1) the model designated
by the original study authors as the primary or final model in
their abstract or conclusion; (2) if not explicitly designated,
the model with the highest AUC in the primary validation
cohort. We acknowledge that this approach may introduce
optimism bias, as the model achieving the highest perform-
ance in a given dataset does not necessarily represent the most
generalizable model.

Statistical Analysis

Assessment of Threshold Effects

To evaluate whether variation in decision thresholds across
included AI models contributed to heterogeneity, we log-
transformed sensitivity and specificity and examined their
correlation using the Spearman rank correlation coefficient.
Given the inherent interstudy heterogeneity, a bivariate
random-effects model was employed to estimate pooled
sensitivity, specificity, and AUC [16]. The threshold for
clinical significance is defined by whether the value crosses
0.80 as the cutoff point. Statistical differences between
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subgroups were evaluated using the Z test, with significance
defined as P<.05. Heterogeneity was quantified using the
Higgins and I statistic [17]; for models exhibiting substantial
heterogeneity (I2>50%), bivariate box plots and multivariate
meta-regression were utilized to explore potential sources
of variance. Subgroup analyses were visualized through
violin plots for validation cohorts and imaging modalities,
while subgroup summary receiver operating characteristic
curves were utilized to compare algorithmic performance.
Radar charts and bubble plots were generated to illustrate
algorithm distribution frequencies and temporal development
trends, respectively. The clinical utility of the AI models
was evaluated using the Fagan nomogram, using the median
prevalence of the included studies as the pretest probabil-
ity. Potential publication bias was assessed using the Deeks
funnel plot asymmetry test, with a threshold of P<.10
indicating significant bias [18]. Statistical computations were
performed using Stata 15.1 (StataCorp LLC; Midas and
Metadata packages), MetaDiSc 1.4 (Clinical Biostatistics
Unit, Hospital Ramén y Caja), and R version 4.5.1 (R
Foundation for Statistical Computing; ggplot2 and tidyverse
packages). All subgroup analyses—including stratification
by imaging modality (CT vs PET/CT), validation type
(internal vs external), and Al architecture (machine learn-
ing vs deep learning)—were prespecified in the PROS-
PERO protocol (CRD420251243962). Subgroup analyses
performed using specific algorithm types (eg, support vector
machine, convolutional neural network, and least absolute
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shrinkage and selection operator) were not prespecified and
are therefore presented as exploratory.

Ethical Considerations

As this is a systematic review and meta-analysis, ethics
approval and consent to participate are not applicable.

Results

Study Selection

The initial systematic search across the designated databases
yielded a total of 692 potentially relevant records. Following
the removal of 239 duplicate citations, 453 unique records
underwent preliminary screening. During this phase, 423
articles were excluded based on title and abstract review due
to irrelevance or inappropriate publication types, leaving 30
studies for comprehensive full-text evaluation. Upon detailed
assessment, 7 studies were further excluded for the following
reasons: 5 lacked sufficient or complete diagnostic data (TP,
FP, FN, and TN) required for quantitative synthesis; 1 did
not utilize a radiomics-based Al methodology; and 1 failed to
employ MPR or pCR as end points. Consequently, 23 studies
met all eligibility criteria and were included in the final
meta-analysis [5,6,10-12,19-36]. The selection process was
conducted in strict accordance with the PRISMA guidelines,
as delineated in the flow diagram (Figure 1).

Figure 1. Flow diagram of the study selection process for the systematic review and meta-analysis. FN: false negatives; FP: false positives; MPR:
major pathological response; NSCLC: non—small cell lung cancer; pCR: pathological complete response; TN: true negatives; TP: true positives.

Records (N=692) identified from 4 databases
- PubMed (n=130)

- Embase (n=383)
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- Cochrane Library (n=28)
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Records after duplicates removed
(n=453)
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(0=30)
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Articles excluded (n=24)
Studies overlap (n=21)

Final studies included in the Teview

Nonfocus on radiomics-based Al (n=3)

and meta-analysis (n=23)

Study Description

The final synthesis included 13 studies focusing on pCR
[12,20-28,30,31,35], encompassing a total of 1031 patients
across various validation cohorts. Within this subset, 11
studies utilized internal validation, while 5 incorporated
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external validation sets. Regarding imaging modalities, 8
studies evaluated CT-based models and 5 utilized PET/
CT-based approaches. Logistic regression was the most
frequently implemented Al algorithm (Figure S1 in Multi-
media Appendix 1). Notably, one study provided a direct
comparison between radiomics-based models and radiological

J Med Internet Res 2026 | vol. 28 193892 | p. 4
(page number not for citation purposes)


https://www.jmir.org/2026/1/e93892

JOURNAL OF MEDICAL INTERNET RESEARCH

response criteria, specifically PERCIST and RECIST 1.1
[35].

For the MPR end point, 10 studies were included [5,6,10,
11,19,29,32-34,36], representing 973 patients in validation
cohorts. This comprised 9 internal validation and 6 external
validation sets. The majority of these investigations (n=8)
focused on CT-based imaging, while 2 utilized PET/CT.

Table 1. Study and patient characteristics of the included studies.

Jiang et al

Convolutional neural networks emerged as the predominant
algorithmic approach (Figure S2 in Multimedia Appendix 1).
Two studies included comparative performance data for the
RECIST 1.1 criteria [33,36]. Comprehensive details regarding
patient demographics, raw diagnostic data, and imaging
parameters are systematically documented in Table 1 and
Tables S5-S9 in see Multimedia Appendix 1.

Author and Study  Target Reference
year Country design  condition standard Analysis Total number of patients Number of response patients (D+)
Internal External

Training validation validation
Dengetal  China Retro? pCRb Pathology ~ PB® 36 —d 8 pCR: training: 19, external validation: 8
[35] (2025)
Yangetal China Retro pCR Pathology PB 137 92 — pCR: training: 57, internal validation: 40
[23] (2025)
Sheng etal China Retro pCR Pathology PB 144 61 — pCR: training: 65, internal validation: 26
[27] (2025)
Liu et al China Retro pCR Pathology PB 74 32 — pCR: training: 21, internal validation: 14
[31] (2024)
Liu et al China Retro pCR Pathology PB 147 63 — pCR: training: 48, internal validation: 21
[30] (2025)
Yangetal China Retro pCR Pathology PB 77 33 — pCR: training: 21, internal validation: 18
[24] (2023)
Quet al China Retro pCR Pathology PB 104 69 75 pCR: training: 25, internal validation: 24,
[28] (2024) external validation: 24
Yeetal China Retro pCR Pathology PB 91 22 112 pCR: training: 32, internal validation: 8,
[21] (2024) external validation: 40
Fan et al China Retro pCR Pathology PB 151 65 — pCR: training: 78, internal validation: 33
[12] (2025)
Ye et al China Retro pCR Pathology PB 108 — 70 pCR: training: 41, external validation: 23
[20] (2024)
Ye et al China Retro pCR Pathology PB 308 78 148 pCR: training: 120, internal validation: 30,
[22] (2025) external validation: 52
Yangetal  China Retro pCR Pathology PB 78 19 — pCR: training: 26, internal validation: 7
[26] (2025)
Yangetal  China Retro pCR Pathology PB 101 84 — pCR: training: 26, external validation: 28
[25] (2024)
Bao et al China Retro MPR® Pathology PB 186 80 86 MPR: training: 98, internal validation: 42,
[36] (2025) external validation: 56
Maetal [6] China Retro MPR Pathology PB 82 33 — MPR: training: 52, internal validation: 21
(2025)
Zheng et al China Retro MPR Pathology PB 357 50 59 MPR: training: 195, internal validation: 26,
[5](2025) external validation: 30
Han et al China Retro MPR Pathology PB 146 61 36 MPR: training: 100, internal validation: 43,
[34] (2025) external validation: 23
Liuetal China Retro MPR Pathology PB 64 25 — pCR: training: 40, internal validation: 16
[32] (2023)
Gengetal  China Retro MPR Pathology PB 172 44 116 MPR: training: 74, internal validation: 22,
[10] (2025) external validation: 66
Zhang et al China Retro MPR Pathology PB 212 85 — MPR: training: 100, external validation: 30
[19] (2025)
Han et al China Retro MPR Pathology PB 114 50 — MPR: training: 54, internal validation: 26
[33] (2024)
Peng et al China Retro MPR Pathology PB 200 NA 60 MPR: training: 96, external validation: 32
[29] (2025)
Gan et al China Retro MPR Pathology PB 83 35 153 MPR: training: 38, internal validation: 18,

[11] (2025)

external validation: 94
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#Retro: retrospective.

prR: pathological complete response.
°PB: patient-based.

dNot available.

®MPR: major pathological response.

Quality Assessment and GRADE
Certainty

The methodological quality of the included studies, assessed
via the PROBAST+AI tool, is summarized in Figure 2A
and B and Tables S2 and S3 in Multimedia Appendix
1. Regarding the model development phase, 8% (2/23) of
the studies were classified as having a high risk of bias,
while no studies raised high concerns regarding applicabil-
ity. For the model validation phase, the overall risk of bias
was rated as high in 30% (7/23) of the studies, though
concerns regarding applicability remained low across the

cohort. Collectively, the prevalence of high-risk domains was
limited, with the majority of studies exhibiting a low risk of
bias, indicating that the overall methodological quality of the
included literature is acceptable for meta-analytical synthesis.
The certainty of evidence for the diagnostic outcomes was
evaluated using the GRADE framework, with the quality
of evidence ranging from low to moderate (Table S4 in
Multimedia Appendix 1). This suggests a relatively weak
level of certainty in the pooled estimates. The primary factors
contributing to the downgrading of evidence were risks of
bias.

Figure 2. Risk of bias assessment and certainty of evidence. (A) Summary of risk of bias and applicability concerns for model development using
PROBAST (Prediction model Risk of Bias Assessment Tool)+Al. (B) Summary of risk of bias and applicability concerns for model evaluation. (C)
Summary of findings for predicting pathological complete response (pCR) and major pathological response (MPR), presenting pooled sensitivity,
specificity, and area under the curve (AUC), with clinical relevance and certainty of evidence ratings. GRADE: Grading of Recommendations
Assessment, Development and Evaluation.
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To gage the transparency and reproducibility of the inclu-
ded AI studies, we systematically assessed 5 key reporting
dimensions: calibration, external validation, explainability
methods, availability of code or trained models, and reference
to established Al reporting guidelines (TRIPOD-AI [Trans-
parent Information for Potential Outcomes and Diagnostics-
AI] or CONSORT-AI [Consolidated Standards of Reporting
Trials-AlI]). Fourteen of 23 (61%) studies reported calibra-
tion assessment, predominantly via calibration plots, with
4 studies additionally performing the Hosmer-Lemeshow
test. Eleven (48%) studies employed external validation.
Specific explainability methods—such as SHAP (Shapley
Additive Explanations) values (n=19), Grad-CAM (gradient-
weighted class activation mapping) heatmaps (n=4), attention
maps (n=3), saliency maps (n=2), and feature importance
analysis (n=2)—were reported in 19 (83%) studies. Three
(13%) studies made code or trained model weights pub-
licly available via GitHub repositories, and 6 (26%) studies
explicitly referenced TRIPOD-AI or CONSORT-AI reporting
guidelines. These findings are summarized in Table S10 in
Multimedia Appendix 1.

Radiomics-Based Al vs Radiological
Response Criteria

The Spearman correlation coefficient between logit-trans-
formed sensitivity and specificity was 0.09 (P=.77) for pCR
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Jiang et al

and —0.12 (P=.72) for MPR. In the prediction of pCR, the
radiomics-based Al models demonstrated a pooled sensitivity
of 0.77 (95% CI 0.70-0.83, I’=59%; low certainty) and a
specificity of 0.79 (95% CI 0.73-0.84, 2=67%; low certainty;
Figure S3 in Multimedia Appendix 1), with a summary AUC
of 0.85 (95% CI 0.82-0.88; moderate certainty; Figure S4
in Multimedia Appendix 1), as illustrated in Figures 2C
and 3A. Notably, the sensitivity of the Al-based approach
was significantly superior to that of radiological response
criteria (0.77 vs 0.42; Z=3.97, P<.001), according to Table
S11 and Figures S5 and S6 in Multimedia Appendix 1.
After excluding the 2 potentially overlapping studies by Ye
et al [20, 21], the summary receiver operating characteristic
analysis for predicting pCR in the remaining studies yielded
a sensitivity of 0.73 (95% CI 0.66-0.80) and a specificity
of 0.82 (95% CI 0.75-0.87), with an AUC of 0.83 (95%
CI 0.80-0.86). These estimates showed no substantial change
from those prior to exclusion, as illustrated in Figure S7 in
Multimedia Appendix 1.
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Figure 3. Violin plots of the diagnostic performance for pathological response. The upper panels show the overall distribution of diagnostic
outcomes for (A) pathological complete response (pCR) and (B) major pathological response (MPR) across all included studies. The lower panels
compare the distribution of diagnostic outcomes based on different Al algorithms for (C) pCR and (D) MPR. A2ST-GCM: adaptive attention-guided
spatiotemporal graph convolutional network; AUC: area under the curve; CNN: convolutional neural network; CT: computed tomography; GBM:
gradient boosting machine; LASSO: least absolute shrinkage and selection operator; LDA: linear discriminant analysis; LR: logistic regression;
PET/CT: positron emission tomography/computed tomography; RF: random forest; SVM: support vector machine; XGBoost: extreme gradient

boosting.
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Regarding MPR prediction, radiomics-based Al yielded a
pooled sensitivity of 0.80 (95% CI 0.72-0.87, ’=79%; low
certainty) and a specificity of 0.83 (95% CI 0.73-0.90,
P=73%; low certainty; Figure S8 in Multimedia Appendix 1),
with an AUC of 0.88 (95% CI 0.85-0.91; moderate certainty;
Figure S9 in Multimedia Appendix 1), as shown in Figures
2C and 3B. The sensitivity and AUC of the radiomics-based
Al were significantly higher than those of the traditional
clinical model (0.80 vs 0.44; Z=6.02, P<.001 and 0.88 vs
0.65; Z=3.95, P<.001, respectively), as shown in Table S12
and Figures S10-S12 in Multimedia Appendix 1.
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Subgroup Analysis for Different
Algorithms

For pCR prediction (Figures 3C and 4A), support vector
machine achieved the highest pooled sensitivity (1.00, 95%
CI 0.77-1.00), and XGBClassifier achieved the highest
specificity (0.94, 95% CI 0.88-0.97), while A2ST-GCM
(adaptive attention-guided spatiotemporal graph convolu-
tional network) yielded the top AUC of 0.89, according to
Figure S13 in Multimedia Appendix 1. For MPR (Figures
3D and 4B), least absolute shrinkage and selection opera-
tor led to both sensitivity (0.93, 95% CI 0.78-0.99) and
specificity (0.93, 95% CI 0.82-0.98), with the transformer
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indicated a temporal trend of improving accuracy for both
outcomes.

model achieving the highest AUC (0.89), according to Figure
S14 in Multimedia Appendix 1. Bubble plots (Figure 4C-D)

Figure 4. Comprehensive diagnostic performance plots. The upper panels display the subgroup summary receiver operating characteristic (SROC)
curves comparing different Al algorithms for (A) pathological complete response (pCR) and (B) major pathological response (MPR). The lower
panels display the bubble plots comparing different Al algorithms and showing the relationship between study characteristics (typically represented
by bubble size or color) and diagnostic performance for (C) pCR and (D) MPR. AUC: area under the curve; A2ST-GCM: adaptive attention-gui-
ded spatiotemporal graph convolutional network; CNN: convolutional neural network; GBM: gradient boosting machine; LASSO: least absolute
shrinkage and selection operator; LDA: linear discriminant analysis; LR: logistic regression; RF: random forest; SVM: support vector machine;

XGBoost: extreme gradient boosting.
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Subgroup Analysis for Different
Validations and Image Types

For pCR, the meta-regression analysis included 10 internal
validation datasets (n=618) and 6 external validation datasets

(n=413). Pooled sensitivity was 0.76 (95% CI 0.68-0.85)
for internal and 0.79 (95% CI 0.68-0.89) for external

https://www jmir.org/2026/1/e93892

Year of publication

validation (Z=0.44, P=.66); pooled specificity was 0.80 (95%
CI 0.74-0.87) for internal and 0.78 (95% CI 0.69-0.87)
for external validation (Z=0.35, P=.72), and AUC was 0.85
(95% CI 0.82-0.88) for both (Z=0.00, P>.99), according to
Figures S15 and S16 in Multimedia Appendix 1. Similarly,
comparisons between CT-based (n=11) and PET/CT-based
(n=5) models showed no significant differences (all P>.05),
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indicating robust diagnostic performance across validation
types and imaging modalities for pCR prediction, according
to Figures S17 and S18 in Multimedia Appendix 1. For
MPR, 7 internal (n=463) and 7 external (n=510) validation
datasets were compared. Pooled sensitivity was 0.75 (95%
CI 0.64-0.87) for internal and 0.84 (95% CI 0.76-0.93) for
external validation (Z=1.22, P=.23); pooled specificity was
0.83 (95% CI 0.72-0.95) for internal and 0.83 (95% CI
0.72-0.94) for external validation (Z=0.00, P>.99), and AUC
was significantly higher in external validation cohorts (0.91,
95% CI 0.88-0.93) compared with internal sets (0.85, 95%
CI 0.82-0.88; Z=3.01, P=.002), according to Figures S19
and S20 in Multimedia Appendix 1. Additionally, PET/CT
models demonstrated superior specificity compared to CT
(0.95 vs 0.80; Z=2.82, P=.005). However, this finding was
based on only 2 PET/CT studies and should therefore be
interpreted as hypothesis-generating rather than confirmatory.
These results are presented in Figure 3 and Tables S14 and
S15 and Figures S21-S23 in Multimedia Appendix 1).

Heterogeneity Analysis: Bivariate Box
Plots and Meta-Regression

Bivariate box plots and univariate meta-regression analy-
ses were conducted to investigate potential sources of

https://www jmir.org/2026/1/e93892
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heterogeneity in the diagnostic performance estimates. For
the prediction of pCR, meta-regression suggested that the
type of Al model (radiomics model vs radiomics and clinical
model) might be a source of heterogeneity (Table S13 in
Multimedia Appendix 1). The corresponding bivariate box
plot indicated that the studies by Fan et al [12] and Qu
et al [28] were potential outliers, possibly contributing to
heterogeneity among Al algorithms (Figure 5A). Regarding
MPR prediction, meta-regression identified the AI method
(machine learning vs deep learning) as a potential contributor
to heterogeneity (Table S14 in Multimedia Appendix 1). The
bivariate box plot for this outcome highlighted the studies by
Ma et al [6], Peng et al [29], and Han et al [34] as poten-
tial outliers, particularly within the deep learning subgroup
(Figure 5B).
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Figure 5. Bivariate box plots and funnel plots of the diagnostic performance for pathological response. The upper panels display the bivariate box
plots of sensitivity and specificity for (A) pathological complete response (pCR) and (B) major pathological response (MPR). The lower panels
display the Deeks funnel plots for assessing publication bias for (C) pCR, P=.30 and (D) MPR, P=.72. ESS: effective sample size; EV: external

validation; I'V: internal validation.
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Publication Bias and Clinical Application
Value

The Deeks funnel plot asymmetry test showed no significant
publication bias for either pCR (P=.30) or MPR (P=.72;
Figure 5C-D). Using a median disease incidence, Fagan
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nomograms demonstrated clinical utility: for pCR (36% prior
probability), the positive and negative posttest probabilities
were 68% and 14%, respectively (Figure 6A). Similarly, for
MPR (55% prior probability), these values were 85% and
23%, respectively (Figure 6B).
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Figure 6. Fagan plots for assessing the clinical utility of radiomics-based Al. The plots show the posttest probability of pathological response based
on pretest probability and the likelihood ratio for (A) pathological complete response (pCR) and (B) major pathological response (MPR). LR: logistic

regression.
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Discussion

Principal Findings

The primary finding of this meta-analysis indicates that
radiomics-based Al significantly outperforms traditional
radiological response criteria (eg, RECIST 1.1 and PER-
CIST) in predicting both pCR and MPR following neo-
adjuvant immunochemotherapy for NSCLC. Specifically,
Al models demonstrated superior sensitivity for pCR, as
well as both sensitivity and AUC for MPR. These results
align with emerging evidence across solid tumors, sug-
gesting that traditional size-based metrics systematically
underestimate the true pathological benefit of immunother-
apy [37]. Mechanistically, the superiority of Al likely stems
from its ability to decode subvisual tumor heterogeneity.
While RECIST relies on linear diameter reduction— often
misclassifying volume-stable but biologically inactivated
lesions (eg, scar tissue and necrosis) as ‘“stable disease,”
Al models extract high-dimensional quantitative features
from raw images [38,39]. These features, including tex-
ture, wavelet transformations, and delta-radiomics signatures,
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capture microstructural alterations such as treatment-induced
necrosis, fibrosis, and immune infiltration [40,41].

Subgroup analysis stratified by imaging modality
highlighted a critical distinction: PET/CT-based models
demonstrated significantly superior specificity compared
to CT-based models for identifying MPR. This finding
highlights the distinct advantage of integrating functional
metabolic data with anatomical information to effectively
exclude patients who do not achieve MPR. In contrast,
CT-based radiomics may misclassify posttreatment fibrosis
or inflammation as residual tumor, leading to FPs, whereas
BF-FDG  (fluorine-18 fluorodeoxyglucose) PET directly
characterizes tumor cell viability and metabolic heterogeneity
[42,43]. Thus, PET/CT models may offer greater reliability in
excluding nonresponders, providing robust evidence to guide
decisions regarding surgical timing or organ preservation
strategies.

Regarding algorithmic performance, advanced deep
learning architectures showed distinct advantages. The graph
convolutional network (eg, A2ST-GCM) and transformer-
based models achieved the highest predictive performance
for pCR and MPR, respectively. The success of graph
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convolutional networks likely lies in their ability to model
nonlinear anatomical dynamics through adaptive spatiotem-
poral topology, surpassing rigid pixel-wise correspondence
[23]. Conversely, transformer architectures excel in multimo-
dal fusion and capturing global long-range dependencies,
facilitating the integration of macroscopic radiomics with
microscopic features to discern the nuanced threshold of
residual viable tumor [11].

Implications for Practice and Research

To illustrate the clinical relevance of the observed diagnostic
divergence between AI and conventional criteria, consider
2 prototypical scenarios. In the first scenario, a patient
with stage IIIA NSCLC exhibits a 25% reduction in tumor
diameter by RECIST 1.1 after neoadjuvant immunochemo-
therapy, meeting the threshold for partial response. How-
ever, Al-based analysis of the same CT reveals extensive
treatment-induced fibrosis with sparse residual tumor nests
—features beyond human visual detection—and predicts a
high probability of MPR. In this discordant case, reliance
on RECIST alone would underestimate the depth of patho-
logical response, potentially delaying surgery or prompt-
ing unnecessary additional therapy. Al-informed assessment
could instead support timely surgical resection. In the second
scenario, a patient demonstrates stable disease by RECIST,
but Al predicts a low probability of pathological response.
Here, the discordance may reflect true residual viable tumor
that anatomical criteria fail to capture as progression, and the
Al prediction could prompt early reevaluation, repeat biopsy,
or consideration of alternative therapeutic strategies. These
scenarios underscore that Al and conventional criteria provide
complementary rather than redundant information, and their
combined use—rather than the replacement of one by the
other—may optimize clinical decision-making. However, as
only a limited number of included studies directly com-
pared Al against RECIST/PERCIST, these scenarios remain
illustrative; future head-to-head comparative studies are
needed to quantify the frequency and clinical impact of such
discordance.

From a patient communication perspective, Fagan
nomograms offer a clinically intuitive tool for translating
Al-derived likelihood ratios into individualized posttest
probabilities of pathological response. For example, given
a pretest probability of 36% for pCR (the median preva-
lence across included studies), a positive Al prediction raises
the posttest probability to 68%, while a negative prediction
reduces it to 14%. These probabilistic outputs can be directly
incorporated into shared decision-making conversations: a
patient with a 68% posttest probability of pCR may be more
informed when considering surgical timing or organ-preser-
vation strategies, whereas a 14% posttest probability may
prompt the discussion of alternative neoadjuvant regimens.
Future work should evaluate the impact of Al-assisted risk
communication on decisional quality, patient anxiety, and
treatment adherence in the neoadjuvant setting.

There are several strengths to this study. To our knowl-
edge, this is the first systematic review and meta-analysis to
evaluate radiomics-based Al for predicting pCR and MPR
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in patients with NSCLC undergoing neoadjuvant immuno-
chemotherapy. A distinguishing feature of this work is the
direct comparison of Al models against standard radiological
criteria (RECIST 1.1 and PERCIST). By juxtaposing these
diagnostic metrics, we provide current evidence of the clinical
potential of radiomics-based AIl. We prioritized methodologi-
cal rigor to maximize translational relevance; specifically, we
adhered to the recently updated PROBAST+ AI framework to
systematically appraise bias and applicability, complemented
by the GRADE approach to transparently rate the certainty of
evidence. Beyond global performance metrics, we conduc-
ted comprehensive subgroup analyses stratified by imaging
modality, validation type, and algorithmic architecture. This
granular evaluation enabled us to dissect sources of heteroge-
neity and identify key factors driving diagnostic accuracy.

To address the substantial heterogeneity often observed
in Al meta-analyses, we used a bivariate random-effects
model coupled with meta-regression. The results indicated
that, for pCR prediction, differences in Al models (radiomics
model vs radiomics and clinical model) represent a poten-
tial source of heterogeneity. While pure radiomics models
excel at characterizing structural phenotypes and the immune
microenvironment, the integration of clinical variables—such
as stage, histology, and inflammatory indices—provides
significant complementary values [20,4445]. For MPR
prediction, the distinction between Al architectures (machine
learning vs deep learning) emerged as a key factor. Although
traditional machine learning offers stability via handcrafted
features, deep learning captures more complex spatial patterns
to achieve superior performance, which in turn contributes to
greater between-study variance [21,46].

Beyond diagnostic accuracy metrics, the translation of
radiomics-based Al into clinical practice requires align-
ment with digital health infrastructure. These models are
designed to operate as embedded components within digital
oncology workflows—for example, as automated preprocess-
ing modules in preoperative decision support systems that
generate real-time probabilistic predictions of pathological
response, as standardized inputs for multidisciplinary virtual
tumor board discussions, and as sharable risk assessments
within teleconsultation platforms connecting tertiary centers
with community hospitals [19]. Such integration demands not
only robust model performance but also interoperability with
clinical information systems, adherence to data governance
frameworks, and compliance with regulatory standards for
software as a medical device [47,48]. The present findings,
by establishing benchmark diagnostic performance, constitute
a foundational step toward the development and regulatory
evaluation of these digital health tools.

Heterogeneity

The pooled estimates for both pCR and MPR exhibited
substantial between-study heterogeneity (/2 ranging from 59%
to 79%), and GRADE certainty ratings were downgraded
primarily due to the risk of bias arising from the retrospec-
tive nature of the primary studies. These findings carry
direct clinical implications: at present, radiomics-based Al
models should be positioned as supportive decision aids
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rather than stand-alone diagnostic arbiters. In clinical contexts
where a high negative predictive value is prioritized, such
as screening patients for organ-preservation strategies or
identifying candidates who may safely proceed to surgery
without delay, the current sensitivity of approximately 0.80
may already provide a meaningful clinical value, particularly
when integrated with multidisciplinary assessment. However,
in scenarios where FPs carry severe consequences, such
as decisions to forgo surgery based on a predicted com-
plete response, the moderate specificity (0.79-0.83) and low
certainty of evidence argue against sole reliance on Al
predictions. The gap between promising research perform-
ance and sufficient clinical reliability remains substantial,
and bridging it requires prospective validation, standardized
imaging protocols, and transparent reporting of model
limitations. Furthermore, the absence of calibration report-
ing and decision-curve analysis in the majority of inclu-
ded studies represents a major limitation in translating
discrimination metrics (AUC, sensitivity, and specificity)
into clinical decision support, as well-calibrated probability
estimates are a prerequisite for tools such as Fagan nomo-
grams to generate clinically actionable posttest probabilities.
Final treatment selection remains the purview of clinicians
based on specific patient conditions, with Al serving as an
embedded component within the decision-making workflow.
The clinical implementation faces constraints, including the
scarcity of expert-annotated data, regulatory hurdles, and
technical barriers regarding data availability, interpretability,
and transparency. Progress in few-shot learning, self-super-
vised models, and centralized platforms, coupled with more
transparent algorithms, offers pathways to integrate the Al
ecosystem, thereby providing comprehensive solutions that
genuinely augment clinical practice [49,50].

Limitations

Several limitations of the current meta-analysis should be
considered when interpreting the results, which we categorize
into three domains. (1) Study-level limitations: retrospective
designs. All included studies employed a retrospective design,
which inherently introduces potential selection and informa-
tion biases. The absence of prospective validation cohorts
limits the generalizability of the pooled estimates to real-
world clinical settings, where patient populations, imaging
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protocols, and pathological assessment procedures are more
heterogeneous. (2) Model-level limitations: best-performing
model selection and calibration gaps. To avoid statistical
redundancy associated with patient overlap, data extraction
was restricted to the single AI algorithm demonstrating
the highest performance within each study. This approach
was operationalized by selecting the model with the high-
est reported AUC in the primary validation cohort. This
methodological choice entails a risk of optimism bias, as the
best-performing model on a given dataset may not repre-
sent the most generalizable model. (3) System-level limita-
tions: data availability, regulation, and interoperability. At
the system level, several barriers limit clinical translation.
First, most of the included studies did not provide avail-
able code, model weights, or standardized feature extrac-
tion pipelines across the included studies, which preclude
independent external validation and reproducibility assess-
ment. Second, the integration of these AI models into
existing clinical information systems and radiology work-
flows requires standardized data formats (eg, DICOM [Digital
Imaging and Communications in Medicine] interoperability)
and real-time inference capabilities that were not evaluated
in any included study. Based on the evidence gaps iden-
tified, we propose the following research priorities: (1)
prospective, multicenter validation studies with preregistered
protocols and standardized imaging acquisition; (2) head-to-
head comparisons of multiple Al models within the same
patient cohort to quantify model selection bias; (3) mandatory
reporting of calibration, explainability, and code availabil-
ity in alignment with TRIPOD-AI and CONSORT-AI; and
(4) the evaluation of AI model performance within real-
world digital health workflows, including the assessment of
human-Al interaction, decision impact, and patient outcomes.

Conclusion

Current evidence indicates that radiomics-based Al dem-
onstrates high diagnostic accuracy and superior sensitiv-
ity compared to traditional radiological criteria, showing
significant potential for preoperative response assessment.
However, the heterogeneity and retrospective design of
current studies limit the evidence. Future large-scale,
prospective multicenter trials and multimodal data integration
are required to validate these findings for clinical translation.

Acknowledgments

During the preparation of this work, the authors used DeepSeek in order to improve readability and language quality. After
using this tool, the authors reviewed and edited the content as needed and take full responsibility for the content of the

publication.

Funding

The research was funded by the Beijing Natural Science Foundation (LL252215) and the National High Level Hospital Clinical

Research Funding (2025-PUMCH-A-178).

Data Availability

The original findings of this study are encompassed within the paper. For additional inquiries, please contact the corresponding

author.

Authors’ Contributions
Conceptualization: ZJ

https://www jmir.org/2026/1/e93892

J Med Internet Res 2026 | vol. 28 193892 | p. 14
(page number not for citation purposes)


https://www.jmir.org/2026/1/e93892

JOURNAL OF MEDICAL INTERNET RESEARCH Jiang et al

Data curation: HL

Final approval: ZJ

Formal analysis: ZQ, YX, SJ

Investigation: YX, SJ, HL

Methodology: YX, SJ, HL

Software: ZJ

Writing — original draft: ZJ

Writing — review and editing: HL

All authors read and approved the final manuscript.

Conflicts of Interest
None declared.

Multimedia Appendix 1
The detailed search strategy; risk of bias assessments (Prediction Model Risk of Bias Assessment Tool+Al); Grading of
Recommendations Assessment, Development and Evaluation scoring; technical aspects and diagnostic raw data; and summary

of receiver operating characteristic curves for radiomics-based Al models.
[DOCX File (Microsoft Word File), 30269 KB-Multimedia Appendix 1]

Checklist 1

PRISMA-DTA checklist.
[DOCX File (Microsoft Word File), 21 KB-Checklist 1]

References

1.

10.

11.

12.

Zappa C, Mousa SA. Non-small cell lung cancer: current treatment and future advances. Transl Lung Cancer Res. Jun
2016;5(3):288-300. [doi: 10.21037/tlcr.2016.06.07] [Medline: 27413711]

Ali G, Poma AM, Di Stefano I, et al. Different pathological response and histological features following neoadjuvant
chemotherapy or chemo-immunotherapy in resected non-small cell lung cancer. Front Oncol. 2023;13:1115156. [doi: 10.
3389/fonc.2023.1115156] [Medline: 36845706]

Rojas F, Parra ER, Wistuba II, Haymaker C, Solis Soto LM. Pathological response and immune biomarker assessment in
non-small-cell lung carcinoma receiving neoadjuvant immune checkpoint inhibitors. Cancers (Basel). Jun 2,
2022;14(11):2775. [doi: 10.3390/cancers14112775] [Medline: 35681755]

Nakata J, Isohashi K, Oka Y, et al. Imaging assessment of tumor response in the era of immunotherapy. Diagnostics
(Basel). Jun 5,2021;11(6):1041. [doi: 10.3390/diagnostics11061041] [Medline: 34198874]

Zheng J, Yan Z, Wang R, et al. NeoPred: dual-phase CT Al forecasts pathologic response to neoadjuvant chemo-
immunotherapy in NSCLC. J Immunother Cancer. May 31, 2025;13(5):e011773. [doi: 10.1136/jitc-2025-011773]
[Medline: 40449955]

Ma Q, Yang J, Guo X, et al. Multi-Organ metabolic profiling with ['®F]F-FDG PET/CT predicts pathological response to
neoadjuvant immunochemotherapy in resectable NSCLC. Eur J Nucl Med Mol Imaging. Dec 2025;53(1):128-141. [doi:
10.1007/s00259-025-07350-8] [Medline: 40451983]

Elhaie M, Koozari A, Abedi I. Prognostic value of 18 F-FDG PET/CT radiomics for survival and recurrence in non—
small cell lung cancer: a systematic review of 3,180 patients. Clin Transl Imaging. 2025;13(6):577-589. [doi: 10.1007/
s40336-025-00734-8]

Elhaie M, Koozari A, Sheikh M, Abedi . Predicting neoadjuvant chemotherapy response in breast cancer using
multiparametric MRI-based radiomics and machine learning: a systematic review and meta-analysis of 1,469 patients.
Indian J Surg Oncol. 2025. [doi: 10.1007/s13193-025-02469-4]

Elhaie M, Koozari A, Abedi I, Monsef A. Advancing oncology through imaging: evaluating FDG-PET’s role in cancer
diagnosis and staging. Front Biomed Technol. Jul 2024;11(4):662-669. [doi: 10.18502/fbt.v11i4.16515]

Geng Z, Li K, Mei P, et al. Multichannel deep learning prediction of major pathological response after neoadjuvant
immunochemotherapy in lung cancer: a multicenter diagnostic study. Int J Surg. Oct 1, 2025;111(10):6614-6626. [doi:
10.1097/359.0000000000002821] [Medline: 40607969]

Gan X, He J, Zhang W, et al. Attention-guided framework for integrative omics and temporal dynamics in predicting
major pathological response in neoadjuvant immunochemotherapy for NSCLC. J Immunother Cancer. Oct 23,
2025;13(10):e012526. [doi: 10.1136/jitc-2025-012526] [Medline: 41135954]

Fan S, Xie J, Zheng S, et al. Non-invasive CT based multiregional radiomics for predicting pathologic complete response

to preoperative neoadjuvant chemoimmunotherapy in non-small cell lung cancer. Eur J Radiol. Aug 2025;189:112171.
[doi: 10.1016/j.ejrad.2025.112171] [Medline: 40398002]

https://www.jmir.org/2026/1/€93892 J Med Internet Res 2026 | vol. 28 193892 | p. 15

(page number not for citation purposes)


https://jmir.org/api/download?alt_name=jmir_v28i1e93892_app1.docx
https://jmir.org/api/download?alt_name=jmir_v28i1e93892_app1.docx
https://jmir.org/api/download?alt_name=jmir_v28i1e93892_app2.docx
https://jmir.org/api/download?alt_name=jmir_v28i1e93892_app2.docx
https://doi.org/10.21037/tlcr.2016.06.07
http://www.ncbi.nlm.nih.gov/pubmed/27413711
https://doi.org/10.3389/fonc.2023.1115156
https://doi.org/10.3389/fonc.2023.1115156
http://www.ncbi.nlm.nih.gov/pubmed/36845706
https://doi.org/10.3390/cancers14112775
http://www.ncbi.nlm.nih.gov/pubmed/35681755
https://doi.org/10.3390/diagnostics11061041
http://www.ncbi.nlm.nih.gov/pubmed/34198874
https://doi.org/10.1136/jitc-2025-011773
http://www.ncbi.nlm.nih.gov/pubmed/40449955
https://doi.org/10.1007/s00259-025-07350-8
http://www.ncbi.nlm.nih.gov/pubmed/40451983
https://doi.org/10.1007/s40336-025-00734-8
https://doi.org/10.1007/s40336-025-00734-8
https://doi.org/10.1007/s13193-025-02469-4
https://doi.org/10.18502/fbt.v11i4.16515
https://doi.org/10.1097/JS9.0000000000002821
http://www.ncbi.nlm.nih.gov/pubmed/40607969
https://doi.org/10.1136/jitc-2025-012526
http://www.ncbi.nlm.nih.gov/pubmed/41135954
https://doi.org/10.1016/j.ejrad.2025.112171
http://www.ncbi.nlm.nih.gov/pubmed/40398002
https://www.jmir.org/2026/1/e93892

JOURNAL OF MEDICAL INTERNET RESEARCH Jiang et al

13. 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]

14. 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:¢082505. [doi: 10.
1136/bmj-2024-082505] [Medline: 40127903]

15. 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]

16. Arends LR, Hamza TH, van Houwelingen JC, Heijenbrok-Kal MH, Hunink MGM, Stijnen T. Bivariate random effects
meta-analysis of ROC curves. Med Decis Making. 2008;28(5):621-638. [doi: 10.1177/0272989X08319957] [Medline:
18591542]

17. 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]

18. 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]

19. Zhang M, Yan M, Li Z, et al. Multicenter evaluation of predictive clinical and imaging factors for pathological response
in non-small cell lung cancer patients treated with neoadjuvant chemotherapy and immune checkpoint inhibitors. Cancer
Immunol Immunother. Apr 5, 2025;74(5):164. [doi: 10.1007/s00262-025-04017-z] [Medline: 40186631]

20. Ye G, Wu G, Zhang C, et al. CT-based quantification of intratumoral heterogeneity for predicting pathologic complete
response to neoadjuvant immunochemotherapy in non-small cell lung cancer. Front Immunol. 2024;15:1414954. [doi:
10.3389/fimmu.2024.1414954] [Medline: 38933281]

21. YeG,WuG,QiY,etal. 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):39231545. [doi: 10.1136/]itc-2024-009348] [Medline: 39231545]

22. Ye G,WeiZ,Han C, et al. Al-derived longitudinal and multi-dimensional CT classifier for non-small cell lung cancer to
optimize neoadjuvant chemoimmunotherapy decision: a multicentre retrospective study. EClinicalMedicine. Nov
2025;89:103551. [doi: 10.1016/j.eclinm.2025.103551] [Medline: 41127561]

23. Yang W, Yuan J, Zhao J, Wu W, Qiang Y. A2ST-GCM: an adaptive spatio-temporal aware graph convolutional model
for predicting pathological complete response in neoadjuvant therapy. Biomed Signal Process Control. Jan
2025;99:106800. [doi: 10.1016/j.bspc.2024.106800]

24.  Yang N, Yue HL,, Zhang BH, et al. Predicting pathological response to neoadjuvant or conversion chemoimmunotherapy
in stage IB-III non-small cell lung cancer patients using radiomic features. Thorac Cancer. Oct 2023;14(28):2869-2876.
[doi: 10.1111/1759-7714.15052] [Medline: 37596822]

25. 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]

26. YangJ,QuF, Wang Q, et al. Tumor rim-specific computed tomography radiomics improves prediction of pathological
complete response to neoadjuvant chemoimmunotherapy in non-small cell lung cancer. Transl Lung Cancer Res. Sep 30,
2025;14(9):3468-3485. [doi: 10.21037/tlcr-2025-259] [Medline: 41132985]

27. ShengZ,Ji S, Chen Y, et al. Machine learning algorithms integrating positron emission tomography/computed
tomography features to predict pathological complete response after neoadjuvant chemoimmunotherapy in lung cancer.
Eur J Cardiothorac Surg. May 6, 2025;67(5):ezaf132. [doi: 10.1093/ejcts/ezaf132] [Medline: 40221851]

28. Qu W, Chen C, Cai C, et al. Non-invasive prediction for pathologic complete response to neoadjuvant
chemoimmunotherapy in lung cancer using CT-based deep learning: a multicenter study. Front Immunol.
2024;15:1327779. [doi: 10.3389/fimmu.2024.1327779] [Medline: 38596674]

29. Pengl, Xie B, Ma H, Wang R, Hu X, Huang Z. Deep learning based on computed tomography predicts response to
chemoimmunotherapy in lung squamous cell carcinoma. Aging Dis. May 12, 2024;16(3):1674-1690. [doi: 10.14336/AD.
2024.0169] [Medline: 38916736]

30. LiuX,JiZ,Zhang L,Li L, Xu W, Su Q. Prediction of pathological complete response to neoadjuvant
chemoimmunotherapy in non-small cell lung cancer using '®F-FDG PET radiomics features of primary tumour and
lymph nodes. BMC Cancer. Jun 2025;25(1):520. [doi: 10.1186/s12885-025-13905-7]

31. LiulJ,Sui C,Bian H, et al. Radiomics based on '®F-FDG PET/CT for prediction of pathological complete response to
neoadjuvant therapy in non-small cell lung cancer. Front Oncol. 2024;14:1425837. [doi: 10.3389/fonc.2024.1425837]
[Medline: 39132503]

https://www.jmir.org/2026/1/€93892 J Med Internet Res 2026 | vol. 28 193892 I p. 16

(page number not for citation purposes)


https://doi.org/10.1136/bmj.m2632
http://www.ncbi.nlm.nih.gov/pubmed/32816740
https://doi.org/10.1136/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/10.1177/0272989X08319957
http://www.ncbi.nlm.nih.gov/pubmed/18591542
https://doi.org/10.1002/sim.1186
http://www.ncbi.nlm.nih.gov/pubmed/12111919
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/10.1007/s00262-025-04017-z
http://www.ncbi.nlm.nih.gov/pubmed/40186631
https://doi.org/10.3389/fimmu.2024.1414954
http://www.ncbi.nlm.nih.gov/pubmed/38933281
https://doi.org/10.1136/jitc-2024-009348
http://www.ncbi.nlm.nih.gov/pubmed/39231545
https://doi.org/10.1016/j.eclinm.2025.103551
http://www.ncbi.nlm.nih.gov/pubmed/41127561
https://doi.org/10.1016/j.bspc.2024.106800
https://doi.org/10.1111/1759-7714.15052
http://www.ncbi.nlm.nih.gov/pubmed/37596822
https://doi.org/10.1007/s00330-023-10503-8
http://www.ncbi.nlm.nih.gov/pubmed/38127071
https://doi.org/10.21037/tlcr-2025-259
http://www.ncbi.nlm.nih.gov/pubmed/41132985
https://doi.org/10.1093/ejcts/ezaf132
http://www.ncbi.nlm.nih.gov/pubmed/40221851
https://doi.org/10.3389/fimmu.2024.1327779
http://www.ncbi.nlm.nih.gov/pubmed/38596674
https://doi.org/10.14336/AD.2024.0169
https://doi.org/10.14336/AD.2024.0169
http://www.ncbi.nlm.nih.gov/pubmed/38916736
https://doi.org/10.1186/s12885-025-13905-7
https://doi.org/10.3389/fonc.2024.1425837
http://www.ncbi.nlm.nih.gov/pubmed/39132503
https://www.jmir.org/2026/1/e93892

JOURNAL OF MEDICAL INTERNET RESEARCH Jiang et al

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

Liu C, Zhao W, Xie J, et al. Development and validation of a radiomics-based nomogram for predicting a major
pathological response to neoadjuvant immunochemotherapy for patients with potentially resectable non-small cell lung
cancer. Front Immunol. 2023;14:1115291. [doi: 10.3389/fimmu.2023.1115291] [Medline: 36875128]

Han X, Wang M, Zheng Y, et al. Delta-radiomics features for predicting the major pathological response to neoadjuvant
chemoimmunotherapy in non-small cell lung cancer. Eur Radiol. Apr 2024;34(4):2716-2726. [doi: 10.1007/s00330-023-
10241-x] [Medline: 37736804]

Han D, Zhao J, Hao S, et al. Integrative radiomics analysis of peri-tumoral and habitat zones for predicting major
pathological response to neoadjuvant immunotherapy and chemotherapy in non-small cell lung cancer. Transl Lung
Cancer Res. Apr 30,2025;14(4):1168-1184. [doi: 10.21037/tlcr-2024-1131] [Medline: 40386728]

Deng Y, Zhang X, Hu F, Lan X. Quantitative '®F-FDG PET/CT model for predicting pathological complete response to
neoadjuvant immunochemotherapy in NSCLC: comparison with RECIST 1.1 and PERCIST. Eur J Nucl Med Mol
Imaging. Nov 2025;52(13):4806-4819. [doi: 10.1007/s00259-025-07342-8] [Medline: 40418330]

Bao X, Peng Q, Bian D, et al. Short-term intra- and peri-tumoral spatiotemporal CT radiomics for predicting major
pathological response to neoadjuvant chemoimmunotherapy in non-small cell lung cancer. Eur Radiol. Oct
2025;35(10):6052-6064. [doi: 10.1007/s00330-025-11563-8] [Medline: 40214734]

Shen H, Jin Z, Chen Q, et al. Image-based artificial intelligence for the prediction of pathological complete response to
neoadjuvant chemoradiotherapy in patients with rectal cancer: a systematic review and meta-analysis. Radiol Med. Apr
2024;129(4):598-614. [doi: 10.1007/s11547-024-01796-w] [Medline: 38512622]

Chetan MR, Gleeson FV. Radiomics in predicting treatment response in non-small-cell lung cancer: current status,
challenges and future perspectives. Eur Radiol. Feb 2021;31(2):1049-1058. [doi: 10.1007/s00330-020-07141-9]
[Medline: 32809167]

Libling WA, Korn R, Weiss GJ. Review of the use of radiomics to assess the risk of recurrence in early-stage non-small
cell lung cancer. Transl Lung Cancer Res. Jul 31, 2023;12(7):1575-1589. [doi: 10.21037/tlcr-23-5] [Medline: 37577298]
Jia LL, Zheng QY, Tian JH, et al. Artificial intelligence with magnetic resonance imaging for prediction of pathological
complete response to neoadjuvant chemoradiotherapy in rectal cancer: a systematic review and meta-analysis. Front
Oncol. 2022;12:1026216. [doi: 10.3389/fonc.2022.1026216] [Medline: 36313696]

Liang X, Yu X, Gao T. Machine learning with magnetic resonance imaging for prediction of response to neoadjuvant
chemotherapy in breast cancer: a systematic review and meta-analysis. Eur J Radiol. May 2022;150:110247. [doi: 10.
1016/j.ejrad.2022.110247] [Medline: 35290910]

Ventura D, Schindler P, Masthoff M, et al. Radiomics of tumor heterogeneity in '®F-FDG-PET-CT for predicting
response to immune checkpoint inhibition in therapy-naive patients with advanced non-small-cell lung cancer. Cancers
(Basel). Apr 14, 2023;15(8):2297. [doi: 10.3390/cancers15082297] [Medline: 37190228]

Carles M, Fechter T, Radicioni G, et al. FDG-PET radiomics for response monitoring in non-small-cell lung cancer
treated with radiation therapy. Cancers (Basel). Feb 15, 2021;13(4):814. [doi: 10.3390/cancers13040814] [Medline:
33672052]

Peng J, Zou D, Zhang X, Ma H, Han L, Yao B. A novel sub-regional radiomics model to predict immunotherapy
response in non-small cell lung carcinoma. J Transl Med. Jan 22, 2024;22(1):87. [doi: 10.1186/s12967-024-04904-6]
[Medline: 38254087]

Huang D, Lin C, Jiang Y, et al. Radiomics model based on intratumoral and peritumoral features for predicting major
pathological response in non-small cell lung cancer receiving neoadjuvant immunochemotherapy. Front Oncol.
2024;14:1348678. [doi: 10.3389/fonc.2024.1348678] [Medline: 38585004]

Guzméan Gémez R, Lopez Lopez G, Alvarado VM, Lopez Lopez F, Esqueda Cisneros E, Lépez Moreno H. Deep
learning approaches for automated prediction of treatment response in non-small-cell lung cancer patients based on CT
and PET imaging. Tomography. Jun 30, 2025;11(7):78. [doi: 10.3390/tomography11070078] [Medline: 40710896]
Rao VM, Hla M, Moor M, et al. Multimodal generative Al for medical image interpretation. Nature. Mar 27,
2025;639(8056):888-896. [doi: 10.1038/s41586-025-08675-y] [Medline: 40140592]

Huang Q, Li Y, Huang Y, et al. Advances in molecular pathology and therapy of non-small cell lung cancer. Signal
Transduct Target Ther. Jun 15,2025;10(1):186. [doi: 10.1038/s41392-025-02243-6] [Medline: 40517166]

Sosna J, Joskowicz L, Saban M. Navigating the Al 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]

Champendal M, Miiller 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]

https://www.jmir.org/2026/1/€93892 J Med Internet Res 2026 | vol. 28 193892 | p. 17

(page number not for citation purposes)


https://doi.org/10.3389/fimmu.2023.1115291
http://www.ncbi.nlm.nih.gov/pubmed/36875128
https://doi.org/10.1007/s00330-023-10241-x
https://doi.org/10.1007/s00330-023-10241-x
http://www.ncbi.nlm.nih.gov/pubmed/37736804
https://doi.org/10.21037/tlcr-2024-1131
http://www.ncbi.nlm.nih.gov/pubmed/40386728
https://doi.org/10.1007/s00259-025-07342-8
http://www.ncbi.nlm.nih.gov/pubmed/40418330
https://doi.org/10.1007/s00330-025-11563-8
http://www.ncbi.nlm.nih.gov/pubmed/40214734
https://doi.org/10.1007/s11547-024-01796-w
http://www.ncbi.nlm.nih.gov/pubmed/38512622
https://doi.org/10.1007/s00330-020-07141-9
http://www.ncbi.nlm.nih.gov/pubmed/32809167
https://doi.org/10.21037/tlcr-23-5
http://www.ncbi.nlm.nih.gov/pubmed/37577298
https://doi.org/10.3389/fonc.2022.1026216
http://www.ncbi.nlm.nih.gov/pubmed/36313696
https://doi.org/10.1016/j.ejrad.2022.110247
https://doi.org/10.1016/j.ejrad.2022.110247
http://www.ncbi.nlm.nih.gov/pubmed/35290910
https://doi.org/10.3390/cancers15082297
http://www.ncbi.nlm.nih.gov/pubmed/37190228
https://doi.org/10.3390/cancers13040814
http://www.ncbi.nlm.nih.gov/pubmed/33672052
https://doi.org/10.1186/s12967-024-04904-6
http://www.ncbi.nlm.nih.gov/pubmed/38254087
https://doi.org/10.3389/fonc.2024.1348678
http://www.ncbi.nlm.nih.gov/pubmed/38585004
https://doi.org/10.3390/tomography11070078
http://www.ncbi.nlm.nih.gov/pubmed/40710896
https://doi.org/10.1038/s41586-025-08675-y
http://www.ncbi.nlm.nih.gov/pubmed/40140592
https://doi.org/10.1038/s41392-025-02243-6
http://www.ncbi.nlm.nih.gov/pubmed/40517166
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/e93892

JOURNAL OF MEDICAL INTERNET RESEARCH Jiang et al

Abbreviations
I8R.FDG: fluorine-18 fluorodeoxyglucose
A2ST-GCM: adaptive attention-guided spatiotemporal graph convolutional network
AUC: area under the curve
CONSORT-ALI: Consolidated Standards of Reporting Trials-Al
CT: computed tomography
DICOM: Digital Imaging and Communications in Medicine
FN: false negative
FP: false positive
Grad-CAM: gradient-weighted class activation mapping
GRADE: Grading of Recommendations Assessment, Development and Evaluation
MPR: major pathological response
NSCLC: non-small cell lung cancer
pCR: pathological complete response
PERCIST: Positron Emission Tomography Response Criteria in Solid Tumors
PET: positron emission tomography
PRISMA-DTA: Preferred Reporting Items for Systematic Reviews and Meta-Analyses for Diagnostic Test Accuracy
PROBAST: Prediction Model Risk of Bias Assessment Tool
PROSPERO: International Prospective Register of Systematic Reviews
RECIST: Response Evaluation Criteria in Solid Tumors
TN: true negative
TP: true positive
TRIPOD: Transparent Information for Potential Outcomes and Diagnostics

Edited by Ivan Steenstra; peer-reviewed by Hassaporn Thongdaeng, Iraj Abedi; submitted 21.Feb.2026; final revised
version received 02.Jul.2026; accepted 02 Jul.2026; published 13.Aug.2026

Please cite as:

Jiang Z, Xu Y, Jia S, Liu H

Radiomics-Based Al for Predicting Neoadjuvant Immunochemotherapy Pathological Response in Non—-Small Cell Lung
Cancer: Systematic Review and Meta-Analysis

J Med Internet Res 2026,28:¢93892

URL: https://www jmir.org/2026/1/e93892

doi: 10.2196/93892

© Ziqi Jiang, Yuan Xu, Shuyu Jia, Hongsheng Liu. Originally published in the Journal of Medical Internet Research (https://
www . jmir.org), 13.Aug.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 reproduction 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.

https://www.jmir.org/2026/1/€93892 J Med Internet Res 2026 | vol. 28 193892 | p. 18
(page number not for citation purposes)


https://www.jmir.org/2026/1/e93892
https://doi.org/10.2196/93892
https://www.jmir.org
https://www.jmir.org
https://creativecommons.org/licenses/by/4.0/
https://www.jmir.org/
https://www.jmir.org/2026/1/e93892

	Radiomics-Based AI for Predicting Neoadjuvant Immunochemotherapy Pathological Response in Non–Small Cell Lung Cancer: Systematic Review and Meta-Analysis
	Introduction
	Methods
	Protocol and Guidelines
	Search Strategy
	Inclusion and Exclusion Criteria
	Quality Assessment and Certainty of Evidence
	Data Extraction
	Outcome Measures
	Statistical Analysis
	Ethical Considerations

	Results
	Study Selection
	Study Description
	Quality Assessment and GRADE Certainty
	Radiomics-Based AI vs Radiological Response Criteria
	Subgroup Analysis for Different Algorithms
	Subgroup Analysis for Different Validations and Image Types
	Heterogeneity Analysis: Bivariate Box Plots and Meta-Regression
	Publication Bias and Clinical Application Value

	Discussion
	Principal Findings
	Implications for Practice and Research
	Heterogeneity
	Limitations
	Conclusion



