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Noninvasive evaluation and clinical value
predictionof tumor-infiltratingneutrophil-
to-T-cell ratio in pancreatic ductal
adenocarcinoma
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In pancreatic ductal adenocarcinoma (PDAC), the tumor immune microenvironment (TIME) is central
to prognosis and therapeutic response, yet predictive biomarkers are still lacking. Here, we used
PDAC patients from TCGA, CPTAC, and multiple centers to investigate and validate the relationship
between the prognosis and tumor-infiltrating neutrophil-to-T-cell ratio (NTR) in the TIME, including the
correlation of NTR with chemotherapy response in PDAC. We developed seven artificial intelligence
models to evaluate NTR in the TIME, then evaluated their performance. The multi-modal ROI-model,
designated PORCELAIN (Pancreatic Cancer Tumor-Infiltrating Neutrophil-to-T-Cell Ratio Evaluation
with Artificial Intelligence), achieved superior external validation performance, demonstrating
significant stratification of overall survival and recurrence-free survival. The NTR in the TIME is a
potential biomarker for PDAC prognosis and treatment stratification. Importantly, PORCELAIN
provides a noninvasive approach to assess NTR in the TIME, offering potential value for clinical
management. Trial registration number: NCT06760234.

Pancreatic ductal adenocarcinoma (PDAC), which accounts for approxi-
mately 90% of pancreatic cancers1, exhibits the lowest 5-year relative sur-
vival rate among all cancer types2. This poor prognosis is attributed to the
limited response to multi-modal treatment strategies, including
chemotherapy3. Although the TNM staging system remains the most
important criterion for selecting multi-modal treatments, patients within
the same stage often show heterogeneous clinical outcomes3. Therefore,
novel biomarkers are urgently needed tomore accurately predict the clinical
outcomes.

Although PDAC is typically poorly immunogenic and highly immu-
nosuppressive, the tumor immunemicroenvironment (TIME) profiling has
demonstrated prognostic potential and predictive value for therapeutic
response3. Recent evidence shows that tumor-infiltrating neutrophils can
disrupt T-cell function, thereby facilitating tumor growth, worsening clin-
ical outcomes, and contributing to therapy resistance4. This highlights the
importance of determining whether a combined assessment of neutrophils
and T cells is associated with clinical outcomes. Informed by previous
studies suggesting that immune cell ratios may hold prognostic value5, our

analysis focused on the clinical relevance of the tumor-infiltrating
neutrophil-to-T-cell ratio (NTR) in characterizing the TIME.

Current gold-standard TIME assessment relies on histopathological
evaluation, yet this approach proves clinically impractical given that more
than 80% of patients present with unresectable disease at initial diagnosis6.
Furthermore, spatial intra-tumoral heterogeneity and limited biopsy yield
fundamentally constrain comprehensive microenvironment
characterization7, highlighting the necessity for noninvasive whole-tumor
evaluation strategies. Contrast-enhanced computed tomography (CECT),
the primary diagnostic modality for PDAC8, provides three-dimensional
tumor visualization. Radiomic features extracted from CECT datasets
enable AI-driven predictive modeling for clinical decision support9. Suc-
cessful applications span early detection8, metastases prediction10,11,
treatment-response assessment12, and prognosis evaluation13. Emerging
evidence suggests radiomic correlates of immune infiltration in PDAC14–17;
however, existing models exhibit critical limitations, including reliance on
magnetic resonance imaging data, lack of biological interpretation, and
single-center cohort designs,whichsubstantially impede clinical translation.
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Thismulticenter studypioneers adeep-learning-basedmulti-modalAI
model that integrates pretreatment CECT-derived AI-based radiological
feature features and clinical parameters to evaluate the tumor-infiltrating
NTR, anovel potentialTIMEbiomarker validated throughpublic databases.
Our PORCELAIN (Pancreatic Cancer Tumor-Infiltrating Neutrophil-to-
T-Cell Ratio Evaluation with Artificial Intelligence) model demonstrates
robust prognostic performance across multicenter validation cohorts,
establishing a paradigm for noninvasive TIME assessment to advance
precision oncology in PDAC.

Results
Patient characteristics
The study framework is schematically presented in Fig. 1. Thirty-three
patients (Center A:26, Center B:3, Center C:4) were excluded due to
inadequate pretreatment CECT quality, with 14 additional Center A cases
excluded for lost follow-up. The final analysis included 402 PDAC patients
(176 females, 226 males) from three centers and two public databases.
Demographic and clinical characteristics are summarized in Table 1. All
patients were divided into four cohorts: TCGA-PAAD cohort (average age:
64.69 ± 10.94; n = 143), CPTAC-3 cohort (average age: 65.00 ± 10.90;
n = 59), Center A cohort (average age: 62.99 ± 10.23; n = 158), and external
validation cohort (Center B: 36, Center C: 6; total n = 42; average age:

64.90 ± 10.89). Tables S1–S3 provide a detailed overview of the clinical
characteristics of patients in both the Center A cohort and external vali-
dation cohort. These clinical features were input into the deep learning
model, which then automatically assignedweights using its adaptive feature
integration mechanism.

Explore TIME signature associated with clinical outcomes
MCP-counter analysis quantified endothelial cells, fibroblasts, and eight
immune cell populations in TCGA-PAAD and CPTAC-3 cohorts (Tables
S4 and S5). After excluding patients with OS < 30 days or PFS = 0, Cox
regressionanalysis revealed thatT-cell abundance showedaprotective effect
forOS inTCGAcohort (HR = 0.73, 95%CI0.56–0.96; Fig. S1a) and elevated
NTR predicted worse OS (TCGA: HR = 1.51, 95% CI 1.07-2.13; CPTAC:
HR = 2.00, 95% CI 1.08–3.70; Fig. S1a, S1c) and PFS (TCGA: HR = 1.55,
95%CI 1.07–2.26; CPTAC: HR = 2.11, 95% CI 1.04–4.28; Fig. S1b, S1d).
Multivariate analysis confirmed NTR as an independent predictor of OS
(TCGA: HR = 1.52, 95% CI 1.06–2.16; CPTAC: HR = 2.81, 95% CI
1.40–5.65; Fig. S1e, S1g) and PFS (TCGA: HR = 1.47, 95% CI 1.01–2.16;
CPTAC: HR = 3.27, 95% CI 1.45–7.34; Fig. S1f, S1h).

To further determine the association between NTR and prognosis, we
performed survival prognosis analyses. Using TCGA OS data, the optimal
NTR cutoff was determined as 2.47, and patients in both TCGA and

Fig. 1 | An illustration of this study. a Explore TIME biomarker associated with
clinical outcomes. b development and validation of artificial intelligence models;
c interpretation and clinical application of PORCELAIN. TIME tumor immune

microenvironment, NTR neutrophil-to-T-lymphocyte ratio, IHC immunohisto-
chemical, CECT contrast-enhanced computed tomography, ROI region of interest.
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CPTAC cohorts were stratified into high-NTR and low-NTR groups
(Tables S4, S5). Kaplan–Meier analysis demonstrated patients in high-NTR
group had significantly shorter OS and PFS compared to those with low-
NTR inboth cohorts (p < 0.01, Fig. 2a–d). For chemotherapy response, non-
responders (stable/progressive disease; NR) exhibited significantly higher
NTR compared to responders (complete/partial response; R) in TCGA
cohort (p < 0.05, Fig. S2a). Given the ambiguous documentation of che-
motherapy response, CPTAC cohort was excluded in this analysis.

Validation of NTR clinical value in multicenter data
Forest plots validating NTR’s prognostic value across three centers are
provided in Fig. S3.Multivariate Cox regression analyses confirmedNTR as
an independent predictor of OS and RFS. Since NTR in these patients was
determined using immunohistochemistry (IHC), we redefined the thresh-
olds accordingly. The optimal cutoff values for NTR-count were 0.67 (OS)
and 0.47 (RFS), and hence we used the midpoint, 0.57 for stratification in
Center A and external validation cohorts (Tables S6 and S7). Kaplan–Meier
analysis revealed significant differences in OS and RFS between high- and
low-NTR groups (p < 0.001, Fig. 2e–h). PDAC recurrence is attributed to
chemoresistance, so patients were classified into R and NR according to
median RFS (10 months18). Interestingly, the NTR was significantly higher
in the NR group than in the R group in both Center A and external vali-
dation cohort (p < 0.001, Fig. S2b, S2c). Further Pearson correlation analysis
showed no significant association between tumor-infiltrating NTR and
peripheral NLR in either cohort (Center A: r = 0.02, p > 0.05; External
validation: r = 0.27, p > 0.05; Fig. S4).

Development and validation of AI models
SevenAImodels were developed forNTR status prediction: Cuboid-model,
ROI-model, ROIex-3mm-model, ROIex-5mm-model, multi-modal
Cuboid-model, multi-modal ROIex-model, and multi-modal ROI-model.
Table 2 and Fig. 3a–c summarizes the discrimination performance across
models. As the ROIex-3mm model demonstrated more balanced perfor-
mance relative to the ROIex-5mm model, we adopted the 3-pixel dilation
scheme for constructing themulti-modalROIexmodel. TheCuboid-model,
ROI-model, ROIex-3mm-model, ROIex-5mm-model, multi-modal
Cuboid-model, multi-modal ROIex-model, and multi-modal ROI-model
achieved AUCs of 0.81 (95% CI 0.71–0.91), 0.85 (95% CI 0.76–0.94), 0.83
(95%CI 0.70–0.96), 0.76 (95%CI 0.65–0.87), 0.86 (95%CI 0.77–0.95), 0.84
(95% CI 0.75–0.93), and 0.90 (95% CI 0.84–0.94) in the external validation
dataset, respectively (Table 2 and Fig. 3c). DeLong test was performed to
assess differences in AUC values between themodels (Fig. S5a). Differences
did not reach statistical significance, likely owing to the limited external
validation sample19–21.

The evaluationmetrics, including ACC, sensitivity, specificity, and F1-
score, were detailed in Table 2. In the external validation cohort, the Cuboid
model reached an accuracy of 0.77 (95%CI, 0.67–0.87), with a sensitivity of
0.82, a specificity of 0.71, and an F1-score of 0.80. The ROIex-3mm-model
showed a comparable accuracy of 0.77 (95% CI, 0.64–0.90), with the same
sensitivity (0.82), specificity (0.71), and F1-score (0.80). The ROIex-5mm-
model achieved an accuracy of 0.72 (95%CI, 0.61–0.82), with a sensitivity of
0.77, specificity of 0.65, and an F1-score of 0.76. The ROI-model performed
slightly better, with an accuracy of 0.79 (95% CI, 0.70–0.89) and a balanced

Table 1 | Patient characteristics across different cohorts

Characteristics TCGA (n = 143) CPTAC (n = 59) Center A (n = 158) External validation (n = 42)

Age (years), mean ± SD 64.69 ± 10.94 65.00 ± 10.90 62.99 ± 10.23 64.90 ± 10.89

Gender, n (%)

Female 67 (46.9) 30 (50.8) 58 (36.7) 21 (50.0)

Male 76 (53.1) 29 (49.2) 100 (63.3) 21 (50.0)

BMI (kg/m²), mean ± SD - 25.92± 4.47a 22.39 ± 3.36 21.79 ± 3.42

Location of lesion, n (%)

Head 109 (76.2) 51 (86.4) 121 (76.6) 26 (61.9)

Body or tail 19 (13.3) 7 (11.9) 37 (23.4) 16 (38.1)

Overlapping 1 (0.7) 0 (0) 0 (0) 0 (0)

Unknown 14 (9.8) 1 (1.7) 0 (0) 0 (0)

T Stage, n (%)

T1 4 (2.8) 0 (0) 36 (22.8) 3 (7.1)

T2 17 (11.9) 10 (16.9) 97 (61.4) 28 (66.7)

T3 118 (82.5) 41 (69.5) 25 (15.8) 10 (23.8)

T4 3 (2.1) 3 (5.1) 0 (0) 1 (2.4)

Tx 0 (0) 1 (1.7) 0 (0) 0 (0)

Unknown 1 (0.7) 4 (6.8) 0 (0) 0 (0)

N Stage, n (%)

N0 37 (25.9) 7 (11.9) 98 (62.0) 24 (57.1)

N1 105 (73.4) 41 (69.5) 45 (28.5) 15 (35.7)

N2 0 (0) 7 (11.9) 15 (9.5) 3 (7.1)

Nx 1 (0.7) 1 (1.7) 0 (0) 0 (0)

Unknown 0 (0) 3 (5.1) 0 (0) 0 (0)

M Stage, n (%)

M0 66 (46.2) 45 (76.3) 158 (100) 39 (92.9)

M1 3 (2.1) 3 (5.1) 0 (0) 3 (7.1)

Mx 74 (51.7) 9 (15.3) 0 (0) 0 (0)

Unknown 0 (0) 2 (3.4) 0 (0) 0 (0)
aFour patients were excluded due to loss of BMI information.
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sensitivity (0.82) and specificity (0.76), yielding an F1-score of 0.82. The
multimodal Cuboid-model improved performance to an accuracy of 0.82
(95%CI, 0.73–0.91), with a sensitivity of 0.86, specificity of 0.76, and an F1-
score of 0.84. The multimodal ROIex-model achieved an accuracy of 0.79
(95% CI, 0.70–0.89), with sensitivity of 0.86, specificity of 0.71, and an F1-
score of 0.83. The multimodal ROI-model showed the best overall

performance, reaching an accuracy of 0.85 (95% CI, 0.76–0.93), with
balanced sensitivity (0.86), specificity (0.82), and an F1-score of 0.86. Figure
S5b–S5h shows the confusionmatrices of allmodels. These analyses indicate
that, although AUC differences were not significant, the multi-modal ROI-
model consistently outperformed comparator models across all other
metrics, including accuracy, sensitivity, specificity, and F1-score,

Fig. 2 | Impact of tumor-infiltrating NTR on
prognostic and chemotherapeutic response in
public cohorts. Differential (a) OS and (b) PFS
stratified by NTR status in the TCGA cohort; cor-
responding survival disparities for (c) OS and (d)
PFS in the CPTAC validation set; Significant survi-
val disparities in (e)OS and (f) RFS stratified byNTR
status within the Center A cohort; consistent prog-
nostic stratification for (g) OS and (h) RFS in the
external validation cohort. NTR neutrophil-to-T-
lymphocyte ratio, OS overall survival, PFS
progression-free survival, DFS recurrence-free
survival.
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demonstrating its reliability and robustness. To facilitate reference to the
multi-modal ROI-based model, we designated it as Pancreatic Cancer
Tumor-Infiltrating Neutrophil-to-T-Cell Ratio Evaluation with Artificial
Intelligence (PORCELAIN).

Clinical value and model interpretation of PORCELAIN
Survival analysis further substantiated the clinical value of PORCELAIN in
external validation. Patients stratified by model-predicted NTR status
exhibited significant divergence in both OS (p = 0.011, Fig. 3d) and RFS
(p = 0.014, Fig. 3e) between high- and low-NTR groups. Furthermore,
assessment of chemotherapeutic response revealed marked intergroup
disparities, with responders exhibiting a significantly higher proportion of
low-NTR status (p = 0.006, Fig. 3f). SHAP analysis revealed the relative
importance of clinical features driving predictions in the clinical branch of
PORCELAIN. The importance plot identified N-stage as the strongest
predictor, followed by serum CA19-9 and CEA levels (Fig. 4a). Directional
SHAP effects showed that lower N-stage, lower CA19-9, and lower CEA
were consistently associated with low-NTR classification (Fig. 4b). Analyses
of the remaining validation folds confirmed these patterns,withN-stage and
CA19-9 ranking among the top contributors across models (Fig. S6). Grad-
CAM (Fig. 4c) revealed ROI-model focus on the tumor core and margin,
whereas the Cuboid-model, ROIex-3mm-model, and ROIex-5mm-model
extended attention to non-pancreatic regions, potentially underlying its
reduced accuracy. In all three folds, SHAP analysis identified the Deep
Learning Signature (DL_Signature) as a top contributor, quantitatively

demonstrating the substantial impact of image-derived deep learning fea-
tures and validating their role in the fusion framework (Figs. 4d, e and S7).

Discussion
Our multicenter study establishes tumor-infiltrating NTR as a novel
potential prognostic biomarker in PDAC through integrative analysis of
multi-omics data. Importantly, elevated NTR was consistently associated
with reduced overall survival, accelerated disease progression, and greater
chemotherapy resistance across all cohorts. Building upon this biological
foundation, we developed the PORCELAIN model, which enables non-
invasive NTR classification through AI-based CECT features combined
with clinical parameters, achieving superior predictive performance.
Applied in practice, this multi-modal model may provide clinicians with a
decision-support framework for optimizing therapeutic strategies, includ-
ing the design of personalized neoadjuvant regimens for borderline
resectable PDAC.

These findings extend current understanding of pancreatic cancer
immunobiology. First, while prior studies primarily focused on peripheral
immune indices like NLR22–24, our data highlight the superior prognostic
value of tumor-infiltrating NTR over circulating biomarkers. The lack of
correlation between tumor NTR and peripheral NLR suggests distinct
biological mechanisms governing local versus systemic immune responses.
Second, although some experimental studies have demonstrated that both
tumor-infiltrating neutrophils and T-cells exert distinct effects on tumor
prognosis25–28, our work demonstrates that neither the neutrophil nor T-cell

Table 2 | Performance of AI models in assessing tumor-infiltrating NTR

Model AUC (95% CI) ACC (95% CI) Sensitivity Specificity F1-score

Cuboid-model

Training 0.88 (0.83–0.93) 0.82 (0.76−0.88) 0.90 0.74 0.83

Internal validation 0.85 (0.77−0.93) 0.82 (0.74−0.90) 0.84 0.80 0.82

External validation 0.81 (0.71−0.91) 0.77 (0.67−0.87) 0.82 0.71 0.80

ROIex-3mm-model

Training 0.89 (0.84−0.94) 0.83 (0.77−0.89) 0.90 0.76 0.84

Internal validation 0.84 (0.76−0.92) 0.84 (0.77−0.91) 0.88 0.80 0.85

External validation 0.83 (0.70−0.96) 0.77 (0.64−0.90) 0.82 0.71 0.80

ROIex-5mm-model

Training 0.84 (0.78−0.90) 0.77 (0.71−0.83) 0.84 0.70 0.79

Internal validation 0.78 (0.68−0.88) 0.76 (0.67−0.85) 0.76 0.76 0.76

External validation 0.76 (0.65−0.87) 0.72 (0.61−0.82) 0.77 0.65 0.76

ROI-model

Training 0.90 (0.85−0.95) 0.86 (0.81−0.91) 0.92 0.80 0.87

Internal validation 0.88 (0.81−0.95) 0.84 (0.76−0.92) 0.84 0.84 0.84

External validation 0.85 (0.76−0.94) 0.79 (0.70−0.89) 0.82 0.76 0.82

Multimodal Cuboid-model

Training 0.91 (0.86−0.95) 0.87 (0.82−0.92) 0.92 0.82 0.88

Internal validation 0.89 (0.82−0.96) 0.86 (0.79−0.93) 0.88 0.84 0.86

External validation 0.86 (0.77−0.95) 0.82 (0.73−0.91) 0.86 0.76 0.84

Multimodal ROIex-model

Training 0.89 (0.84−0.94) 0.87 (0.82−0.92) 0.90 0.84 0.87

Internal validation 0.87 (0.79−0.95) 0.84 (0.76−0.92) 0.88 0.80 0.85

External validation 0.84 (0.75−0.93) 0.79 (0.70−0.89) 0.86 0.71 0.83

Multimodal ROI-model (PORCELAIN)

Training 0.94 (0.89–0.97) 0.89 (0.84−0.94) 0.94 0.84 0.90

Internal validation 0.92 (0.86−0.98) 0.88 (0.81−0.95) 0.88 0.88 0.88

External validation 0.90 (0.84−0.94) 0.85 (0.76−0.93) 0.86 0.82 0.86

ACC accuracy, AUC area under curve, ROI region of interest.
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infiltration level within TIME emerge as independent prognostic factors.
We propose that combinatorial metrics (NTR) better captures the dynamic
interplay within TIME. This aligns with emerging evidence that tumor-
associated neutrophils promote T-cell exhaustion by upregulating the
expression of Nectin229. Moreover, lactate accumulation in hypoxic niches
induces metabolic competition among immune cell subsets30. Third, our
results point to a potential link betweenNTR and chemotherapy resistance.
This may drive by both neutrophil-mediated processes and T-cell dys-
function. Chemotherapy has been shown to trigger neutrophil recruitment
and the formation of neutrophil extracellular traps (NETs). Two NET-
associated proteins, integrin-αvβ1 and MMP9, can activate TGF-β signal-
ing, which promotes epithelial–mesenchymal transition (EMT) in cancer
cells and enhances treatment resistance31. In parallel, metabolic repro-
gramming in the tumor microenvironment leads to lactate accumulation
that suppresses histone acetylation, while mitochondrial dysfunction
reduces acetyl-CoA availability. Together, these changes limit effector gene
expression in T cells and further drive resistance32,33.

Radiomics has advanced noninvasive characterization of tumor
immune infiltration34–36, but traditional pipelines depend on predefined,
formula-driven descriptors (e.g., intensity statistics, texture features). Our
convolutional neural network (CNN), in contrast, learns hierarchical

representations directly from ROI pixel intensities. Demircioğlu’s sys-
tematic review noted that handcrafted features are “generic” and may not
capture all relevant patterns, while deep networks adaptively learn features
from the data itself 37. Thus, our framework differs fundamentally from
standard workflows (e.g., radiomics+XGBoost) by replacing human-
engineered features with deep CNN-derived representations.

Deep learning has repeatedly been shown to surpass conventional
radiomics. Hosny et al. demonstrated that CNN-based features yielded
superior prognostic accuracy in lung cancer compared with radiomic
signatures38. Similarly, in prostate cancer, a deep learning model sig-
nificantly outperformed a radiomics-SVM model in predicting clinically
significant disease among patientswith gray-zone PSA levels39. A systematic
review further reinforced this trend, reporting that deep learning achieved
higher AUC values than radiomics in nearly three-quarters of studies37.
Together, these findings validate our choice of deep CNN-derived repre-
sentations, enabling the extraction offine-grained spatial signals beyond the
reach of handcrafted descriptors.

EfficientNet-B0 was selected for its balance of accuracy and compu-
tational efficiency. It contains 5.3 million parameters, substantially fewer
than most modern CNNs, reducing overfitting risks while maintaining
strong feature extraction capability. As Sadu et al. highlighted40, this

Fig. 3 | Performancemetrics and clinical relevance of AI predictionmodels.Radar plots ofmodel performance in a training, b internal validation, and c external validation
datasets; clinical stratification by PORCELAIN showing d OS, e RFS, and f chemosensitivity disparities. OS overall survival, RFS recurrence-free survival.
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Fig. 4 | Interpretability of AI predictions. SHAP analysis of clinical features:
importance (a) and effect direction (b). cGrad-CAMhighlights key imaging regions.
Fusionmodel (PORCELAIN) SHAPanalysis: importance (d) and effect direction (e)
of clinical features and DL_Signature. SHAP SHapley Additive exPlanations,
DL_Signature Deep Learning Signature, N N-stage, Plt Platelet, LMR Peripheral

Blood Lymphocyte-to-Monocyte Ratio, Hb Hemoglobin, NLR Peripheral Blood
Neutrophil-to-Lymphocyte Ratio, Glb Globulin, AGR Peripheral Blood
Albumin-to-Globulin Ratio, Alb Albumin, mono Monocyte, PLR Peripheral
Blood Platelet-to-Lymphocyte Ratio, ALP Alkaline Phosphatase, AST Aspartate
Aminotransferase.
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architecture “extracts detailed spatial features while maintaining compu-
tational efficiency”. Its effectiveness in small or cropped medical imaging
regions makes it well suited to our ROI input dimensions.

We examined how different tumor boundary definitions influenced
PDAC model performance, including cuboid, ROI, and 3mm/5mm ROI
expansions. Performance followed a nonlinear pattern: the ROIex-3mm
model surpassed the cuboid model, whereas the ROIex-5mm model
declined. The intratumoral ROI model consistently achieved the strongest
results. The ROIex-3mm model likely benefited from capturing PDAC’s
infiltrative growth. Tissue immediately surrounding the tumor often con-
tains prognostic features, such as lymphovascular invasion, perineural
spread, anddesmoplastic stroma, anda3mmexpansionallows these signals
to be incorporated41. By contrast, a 5 mm expansion commonly includes
adjacent organs or heterogeneous structures, introducing noise that
diminishes representational quality. Importantly, the pure intratumoral
ROImodel performed best overall, indicating that PDAC’s intrinsic texture,
marked by hypovascularity and heterogeneous enhancement, remains the
most reliable discriminator. Even minimal inclusion of peritumoral tissue
may add confounding information, highlighting the value of precise
intratumoral segmentation.

It is notable that the Multimodal Cuboid-model outperforms the
Multimodal ROIex-model. A plausible explanation is that the ROIex-3mm
features overlap with clinical variables, leaving little additional information
for the fusion layer to exploit42. In contrast, the Cuboid model generates
features that are more distinct from the clinical space, enabling stronger
complementarity between modalities43. The 3mm mask expansion may
also introduce boundary-related noise that is difficult to suppress in a small
dataset, whereas the simpler Cuboid geometry offers a more stable foun-
dation for multimodal integration44.

The SHAP analysis indicated that within the clinical branch of POR-
CELAIN, N-stage, CA19-9, and CEA carried the highest feature weights,
consistent with previous findings. N-stage, reflecting the degree of lymph
nodemetastasis, is critical given the central role of lymph nodes in immune
regulation. Metastatic involvement significantly impairs anti-tumor
immune responses, as primary lesions with lymph node metastasis show
reduced T-cell activation, cytotoxicity, and proliferation, alongside greater
susceptibility to T-cell exhaustion45. Neutrophils also contribute to metas-
tasis by releasing proteases such as MMP9, serine proteases, neutrophil
elastase, and cathepsin G, which degrade the extracellular matrix and
facilitate tumor spread5. As a well-recognized biomarker in pancreatic
cancer, CA19-9 is associated with an immunosuppressive microenviron-
ment; elevated CA19-9 promotes IL-33+ Treg infiltration, leading to T-cell
exhaustion46. Similarly, clinical studies have shown that higher serum CEA
levels inversely correlate with T-cell infiltration in the tumor
microenvironment47. Collectively, these observations provide biological
support for the clinical feature weighting identified in PORCELAIN.

In addition to investigating the relationship between deep learning
models and TIME, another approach involves applying deep learning
analyses to directly predict prognosis or therapeutic response, with
numerous studies reporting favorable outcomes in pancreatic cancer and
other malignancies48–52. However, the lack of biological interpretation
remains a critical challenge of these models, which constitutes a significant
barrier to their clinical translation. In contrast, our work is grounded in
substantial biological evidence53–57 and bioinformatic analyses from public
databases, which collectively demonstrate the role of NTR in OS, disease
progression, and treatment response, thereby providing biological rationale
for PORCELAIN’s predictions.

Our study has several limitations. First, the retrospective design
introduces potential selection bias, though this was mitigated through
multicenter enrollment and rigorous exclusion criteria. Second, although
this was a multicenter study, the relatively low incidence of PDAC resulted
in limited sample sizes at each participating center. To address this, we will
prioritizeprospective validationofPORCELAINtoverify its generalizability
and reproducibility in larger cohorts. Specifically, we plan to conduct a
Phase II clinical trial to prospectively evaluate the clinical value of

PORCELAIN in twopopulations: patientswithborderline resectablePDAC
and those with unresectable PDAC. Third, chemotherapeutic response
evaluation in multicenter patients necessitated assessment of postoperative
recurrence time due to the requirement for pretreatment tumor specimen
acquisition. While this methodology has been validated in prior landmark
studies, prospective trials remain imperative to confirm PORCELAIN’s
predictive capacity for therapeutic outcomes.

In summary, through comprehensive analysis of public databases and
multicenter datasets, we identified tumor-infiltrating NTR as a potential
biomarker for predicting survival, progression (recurrence), and che-
motherapy response in PDAC. Moreover, our multi-modal AI model,
PORCELAIN, demonstrated the highest performance in predicting tumor-
infiltrating NTR status. This model enables noninvasive evaluation of NTR
status and prediction of clinical outcomes. This is clinically significant for
PDAC, given its low surgical resection rates and the difficulty of obtaining
tissue samples for pathological evaluation. These findings have the potential
to inform therapeutic decision-making, thereby facilitating personalized
and precise treatment strategies to improve clinical outcomes in PDAC
management.

Methods
Study design
This retrospective multicenter investigation received ethical approval from
institutional review boards at the Second Affiliated Hospital, Zhejiang
University School of Medicine (ZJU2H, No. 2024-0753), the Fourth
Affiliated Hospital, Zhejiang University School of Medicine (ZJU4H, No.
K2024147), and Hangzhou Hospital of Traditional Chinese Medicine
(HZTCM, No. 2025KLL131), and was prospectively registered at Clinical-
Trials.gov (NCT06760234). Informed consent was waived since this was a
retrospective study. We rigorously adhered to the TRIPOD+AI
guidelines58 for transparent reporting of AI-based prediction models.

Database curation
Our analysis utilized data from two NIH-curated genomic repositories: (1)
TCGA-PAAD cohort (n = 143), sourced from “ductal and lobular neo-
plasms”, was used for TIME biomarker discovery; (2) CPTAC-3 cohort
(n = 59), sourced from “pancreas”, wasused forTIMEbiomarkervalidation.
RNA-seq counts and transcripts-per-million (TPM)-normalized expres-
sion data, together with clinical metadata, were retrieved from the GDC
portals (https://portal.gdc.cancer.gov). Normal tissue specimens were sys-
tematically excluded from both cohorts.

Patient cohorts and clinical parameters
A multicenter cohort of 247 treatment-naïve PDAC patients undergoing
curative resection with adjuvant chemotherapy was assembled from three
centers (Center A: ZJU2H; Center B: ZJU4H; Center C: HZTCM) between
March 2013 and May 2024. The inclusion criteria were: (1) histopatholo-
gical confirmed PDAC; (2) curative resection followed by adjuvant che-
motherapy. The exclusion criteria were: (1) suboptimal CT image quality;
(2) incomplete clinicopathological data; (3) concurrent or metachronous
malignancies; (4) loss to follow-up.

Demographic and clinical parameters encompassed age, gender, BMI,
preoperative complete blood count (CBC) results, serum tumorbiomarkers,
liver function tests. Survival endpoints included overall survival (OS), cal-
culated from the surgery date to last follow-up, and recurrence-free survival
(RFS), calculated from the surgery date to event occurrence. Tumor staging
was performed according to the American Joint Committee on Cancer
(AJCC) 8th edition criteria59.

TIME profiling quantification
TPM normalized expression matrices from TCGA-PAAD (discovery
cohort) and CPTAC-3 (validation cohort) were analyzed using the
Microenvironment Cell Populations-counter (MCP-counter) R package
(V1.2.0)60. This algorithm employs lineage-specific gene signatures through
weighted linear regression to generate absolute abundance scores for
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endothelial cells, fibroblasts, and eight immune cell subpopulations within
the tumormicroenvironment. All abundance scores underwent log2(X+ 1)
variance-stabilizing transformationprior to subsequent analysis. Prognostic
biomarkers were identified by univariate Cox proportional hazards
regression (p < 0.05 threshold), followed by multivariate adjustment for
clinicopathological covariates. Survival outcomes, including OS and
progression-free survival (PFS), were evaluated using Kaplan–Meier esti-
mates, with cohort-stratified survival curves and log-rank testing. Optimal
prognostic stratification thresholds for biomarkers were algorithmically
determined in the discovery cohort usingmaximally selected rank statistics,
implemented through the “surv_cutpoint” function in the survminer R
package.

Immunohistochemical validation of NTR
Archival Formalin-fixed paraffin-embedded tumor specimens from parti-
cipating centers underwent standardized immunohistochemical (IHC)
staining protocols. All samples were sectioned at 4-μm thickness and pro-
cessed for IHC staining as previously described. Each staining run included
both negative and positive controls. Following deparaffinization in xylene
and rehydration in ethanol, sections were blocked with endogenous per-
oxidase (3%H2O2 solution) and underwent heat-induced epitope retrieval
in citrate buffer (pH 6.0) for 23min. Sections were blocked with 3% bovine
serumalbumin (Solarbio Science&Technology) for 30min. The slideswere
incubated overnight at 4 °C with antibodies against human CD8 (Cell
Signaling Technology, #85336, 1:200) or CD66b (Abcam, #ab300122,
1:10000), followed by incubation with horseradish peroxidase-conjugated
secondary anti-rabbit antibodies (Abcam, #ab205718, 1:1000) at room
temperature for 50min. The reaction was visualized using a diamino-
benzidine (DAB) substrate kit (Solarbio Science & Technology), and nuclei
were counterstained with hematoxylin. DAB staining wasmonitored under
a light microscope and terminated upon achievement of yellowish-brown
coloration. All sections were digitized using a Digital Pathology Slide
Scanner at 40× magnification (Konfoong Bioinformation Tech, KF-PRO-
005). Dual independent evaluation was performed by gastrointestinal
pathologists (Y.Z., 9 years’ experience; J.T., 12 years’ experience), blinded to
clinical outcomes, with discrepant cases adjudicated by a senior pathologist.
Digital whole-slide imaging was conducted using K-Viewer platform (ver-
sion 1.5.3.1, KFBIO), employing systematic random sampling to select five
most representative regions encompassing tumor-stroma interface and core
regions. The density of immune cells was then measured at high power
(200×) magnification. Neutrophils and T-cells in each area were quantified
and expressed as the number of cells perfield, and the average offive fields is
used to represent the count of immune cells. The NTR was computed by
dividing the neutrophil count by the cytotoxic T-cell count. Optimal NTR
stratification cutoff was derived through receiver operating characteristic
analysis, maximizing Youden’s index in the Center A training cohort.

CECT images acquisition and preprocessing
Pretreatment DICOM-format CECT images were acquired from picture
archiving and communication systems. CT acquisition parameters inclu-
ded: 120 kV tube voltage; 170–210mAs tube current; 0.5–0.6 s rotation
time; and slice thickness ranging from 0.75 to 5mm.

DICOM files were converted to NIfTI format (.nii.gz) using 3D slicer
(V5.6.2), preserving affine orientation and voxel spacing for downstream
processing. Portal venous phase images were analyzed using a window
width of [40, 350] Hounsfield Units (HU), and no intensity interpolation
was applied during preprocessing. Region of interest (ROI) segmentation
wasperformed independently by twohepatopancreatobiliary surgeons (Y.F.
with 9 years and Y.S. with 4 years of abdominal CT interpretation experi-
ence) using 3D Slicer (V5.6.2). To assess segmentation reliability, 50 cases
from Center A were independently annotated by two observers, each
repeating the task after a two-week interval. This produced four ROI sets for
analysis. Intra-observer Dice scores were high for both annotators, 0.87
(95%CI0.85–0.89) forY.F. and0.88 (95%CI0.86–0.90) forY.S.,while inter-
observer Dice values were 0.87 (95% CI 0.83–0.89) and 0.86 (95% CI

0.82–0.88) for the paired sessions (Fig. S6a). PyRadiomics-based extraction
of 1409 features followed by ICC analysis showed strong reproducibility:
≥77.9% of features had ICC > 0.75 within observers and ≥72.0% between
observers (Fig. S6b–e). These findings demonstrate acceptable consistency
in both intra- and inter-observer performance. Discrepancies were resolved
through consensus discussion. A senior radiologist (Y.C. with 15 years of
abdominal CT experience) verified ROI quality and made necessary
adjustments.

From each scan, we extracted the smallest 3D bounding box enclosing
the ROImask and produced two datasets: (i) a Cuboid retaining tumor and
peritumoral context; and (ii) a Masked-cuboid in which extra-tumoral
voxels were zeroed to isolate the lesion. To standardize inputs for deep
learning without intensity resampling, each bounding box volume was
center-cropped and/or zero-padded in voxel space to a fixed size of
100 × 100 × 30 (voxels). Intensities were then normalized within each
bounding box using statistics computed on non-zero voxels (Eq. 1).

x0 ¼ x � μbbox
σbbox

ð1Þ

Where μbbox and σbbox denote the mean and standard deviation within the
bounding box non-zero mask.

A fixed-distance dilation strategy, widely used in radiomics, was also
applied to define the peritumoral region in this study. Morphological dila-
tion produced peritumoral ROIs that retained the geometry of the tumor.
Based on established studies61,62, two distanceswere examined: 3 mm for the
immediate margin and 5mm for a broader stromal zone. All images were
resampled to 1 × 1 × 1mmprior to dilation to maintain consistent physical
dimensions.

Imaging branch (AI-based radiological feature extraction)
The complex imaging characteristics of PDAC and the limitations of CECT
reduce the effectiveness of conventional radiomics feature extraction. In
contrast, AI-based approaches automatically learn high-level features
directly from imaging data, avoiding reliance on hand-crafted descriptors.
For ourmodel, we selected EfficientNet-B0 as the backbone due to its strong
performance in image classification under resource-constrained conditions
and moderate dataset sizes63. Its scalable design offers an optimal balance
between accuracy and computational efficiency, making it well-suited for
PDAC feature extraction and classification.

To adapt EfficientNet-B0 for CECT analysis, we integrated attention
mechanisms at multiple stages, forming the EN-PCT framework. Specifi-
cally, EfficientNet-B0 served as the backbone, followed by global average
pooling (GAP) to produce scan-level feature vectors, consistent with
Network-in-Network64 principles. To enhance tumor-related representa-
tion within the ROI, Squeeze-and-Excitation (SE) blocks were added after
stages 2 and 365. These modules recalibrate channel responses, amplifying
lesion-associated features while minimizing background influence (already
reduced by ROI preprocessing). The pooled features were passed through a
fully connected (FC) layerwithReLUactivationandBatchNormalization to
generate the imaging embedding zimg , as defined in Eq. (2).

zimg ¼ BN ReLU Wimg � GAP EffNetB0þ SE XROI

� �� �þ bimg

� �� �
ð2Þ

All encoder inputs were tensors of dimension 1 × 100 × 100 × 30
(channels × height × width × slices).

To address data scarcity, we applied on-the-fly augmentation,
including random rotations (±15°), horizontal and verticalflips (probability
0.5), and brightness jitter (±10%). Batch Normalization was used across all
convolutional and FC layers66, and dropout (0.3)was applied in the imaging
head67.Model optimization employedAdamW(β1 = 0.9, β2 = 0.999, weight
decay 1 × 10−4) with an initial learning rate of 2 × 10−3, cosine annealing
with warm restarts (SGDR)68,69, and early stopping based on
validation AUC.
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Clinical branch (tabular modeling)
All collected clinical variables were included for analysis. Preprocessing was
performed as follows: missing values were imputed using the median for
continuous variables and the mode for categorical variables; biomarkers
(e.g., CA19-9, CEA) were transformed using log(1 + x); continuous vari-
ables were standardized with z-scoring; and categorical variables were one-
hot encoded. Structured clinical data were then encoded using TabNet with
attentive feature selection70.Modelparameterswerefixed at 3decision steps,
feature transformer width of 64, relaxation parameter of 1.5, and sparsity
regularization coefficient λsparse ¼ 1 × 10�3. The clinical embedding was
defined as Eq. (3).

zcli ¼ TabNetðXclin; step ¼ 3;width ¼ 64; λsparse ¼ 10�3Þ ð3Þ

Batch Normalization and dropout (rate = 0.4) were applied through-
out the clinical branch66,67.

Multi-modal feature fusion and classification (fixed, feature-level
concatenation)
We applied feature-level fusion with modality-specific alignment in a fixed
and reproducible manner. Before concatenation, each embedding was
normalized with batch normalization, and the higher-dimensional imaging
embedding was linearly projected to match the clinical dimension, pre-
venting dominance by a single modality. Concatenation followed a fixed
order [clinical; imaging]. Specifically, the imaging embeddingwas projected
to 128 dimensions, yielding the fused vector (Eqs. 4–6).

ezcli ¼ BN zcli
� � ð4Þ

ezimg ¼ Pimg BN zimg

� �� �
ð5Þ

u ¼ ezcli;ezimg

h i
2 R256 ð6Þ

The fused representation was processed through a single-hidden-layer
MLP with ReLU activation, batch normalization, and dropout (0.5), fol-
lowed by a sigmoid output (Eq. (7)).

h ¼ Dropout0:5ðBNðReLUðWf uþ bf ÞÞÞ; ŷ ¼ σðwT
0hþ b0Þ ð7Þ

Training minimized binary cross-entropy loss (Eq. 8).

LBCE ¼ � 1
N

XN
i¼1

yilogŷi þ 1� yi
� �

log 1� ŷi
� �� � ð8Þ

This design ensured scale alignment across heterogeneous clinical and
imaging embeddings, consistent with established multimodal integration
approaches66,67,71.

Model variants
We trained twomultimodalmodel variants within a unified pipeline: (i) the
ROI model, which used masked cuboid inputs focusing on the tumor, and
(ii) the Cuboidmodel, which used cuboid inputs encompassing both tumor
and peritumoral regions. The clinical branch, fusion module, and classifier
were identical across variants; only the imaging input differed. Bothmodels
employed EfficientNet-B0 with SE blocks, global average pooling, and a
fixed input size of 100 × 100 × 30 voxels63–65.

Model evaluation
The models were primarily evaluated using the area under the receiver
operating characteristic curve (AUC) with 95% confidence intervals (CI).
Additionally, comprehensive assessment of model performance was con-
ducted through calculations of accuracy (ACC), sensitivity, specificity, and
F1-score. These metrics were computed on both the training dataset and
internal validation dataset to verify the generalizability of the models to

unseen data. Three-fold cross-validation was implemented to ensure the
robustness of the results and statistical validity. For performance
enhancement, hyperparameter tuningwas performed using grid search and
random search techniques. Evaluated hyperparameters included learning
rate, batch size, number of layers, and whether regularization was applied.
The optimal set of hyperparameters was determined based on the highest
validation accuracy and thebest trade-off between sensitivity and specificity.

To assess robustness and generalizability, the final models were tested
on an independent external validation dataset encompassing diverse patient
populations and imaging conditions. Performance was measured using
AUC, accuracy, sensitivity, specificity, F1-score, and confusion matrices to
determine their potential clinical utility. To improve interpretability, Grad-
CAM72was applied to visualize image regions that guided predictions, while
SHapley Additive exPlanations (SHAP) analysis73 quantified how clinical
and imaging features contributed to model outputs.

Statistical analysis
Analyses were executed in R (v4.3.2) and GraphPad Prism (v8.0.1). Con-
tinuous variables were analyzed using Student’s t-test (parametric) or
Mann–Whitney U test (non-parametric), with distribution normality
assessed via Shapiro–Wilk test. Correlation coefficients were calculated
using Pearson’s method. Fisher’s exact test was used to analyze categorical
variables. Statistical significance was defined as p < 0.05.

Data availability
The datasets generated during and analyzed during the current study are
available by the corresponding author, upon reasonable request.

Code availability
The implementation code for thesemodels depends on internal tooling and
infrastructure that are currently under patent protection and therefore
cannot be publicly released.All experimental protocols and implementation
details have been described in detail in the “Methods” section to enable
reproducibility using non-proprietary libraries.
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