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A clinically conditional deep learning model for predicting histological subtypes of pituitary neuroendocrine tumors from H&E whole-slide images
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Text S1: Detailed description of the automated patch selection.
[bookmark: OLE_LINK1]Patch selection was performed using a fully automated, two-stage coarse-to-fine procedure without manual patch, region of interest (ROI). A tissue mask was generated from the lowest resolution WSI thumbnail using grayscale conversion, Otsu thresholding, and morphological removal of small holes and isolated objects1. A normalized distance transform was calculated within the mask to represent patch location from the tissue boundary to the core.
Non-overlapping 256 × 256 pixel candidate patches were generated on a regular grid. Patches centred outside the tissue mask were excluded. Mean grayscale intensity and intensity variation were used to remove pale or visually uninformative regions2. Sobel response and Laplacian variance were then combined to rank image sharpness, and up to 8,000 candidates per WSI were retained3. For these candidates, haematoxylin and eosin intensities were obtained by colour deconvolution4. Local entropy and grey-level co-occurrence matrix contrast, energy, and homogeneity were calculated to characterise texture5. The proportion of haematoxylin-positive pixels after automated thresholding was used as an area-based proxy for local cellularity6,7. Patches were removed as low-texture regions only when entropy, Sobel response, and Laplacian variance were all below their respective 20th-percentile thresholds.
The remaining patches were stratified according to their location within the tissue mask and their stain and cellularity-related characteristics. Farthest point sampling was subsequently applied in the standardized feature space to favour morphologically diverse candidates8. A total of 100 patches was retained per WSI. These handcrafted features were used only for quality control and diversity-aware patch selection and were not supplied directly to the downstream classifier. 

Text S2: Detailed description of the model architecture.
The proposed multiple instance learning (MIL) framework for histological subtype classification of pituitary neuroendocrine tumors (PitNETs) integrates hematoxylin–eosin (H&E) whole-slide images (WSIs) features with structured clinical features through a tightly coupled, WSIs-conditioned fusion strategy9-11.
For each WSI, patch-level features extracted from a pretrained Virchow2 backbone are first projected into a compact latent space using a multilayer perceptron with layer normalization and GELU activation12. A gated attention–based MIL mechanism is then applied to adaptively weight individual patches, enabling the aggregation of variable-length patch sets into a unified slide-level representation that captures diagnostically salient morphological patterns. This design confers invariance to patch cardinality while selectively emphasizing the most informative regions within each slide.
Clinical information is incorporated through a dedicated branch explicitly designed to model feature availability, heterogeneity, and structured dependencies. The clinical data comprise four groups, demographics, symptoms, serology, and radiology, encompassing a total of fifteen features, which are independently encoded according to their semantic grouping. Each feature is encoded jointly with a corresponding binary validity mask, including both group-level and feature-level masking, to realistically simulate incomplete clinical acquisition. An WSIs-conditioned clinical gating module leverages the slide-level WSIs embedding to generate feature-wise gates, thereby modulating clinical inputs in a context-dependent manner while suppressing missing or weakly informative features. The gated clinical features are subsequently organized into semantically coherent groups and processed by a structured clinical encoder composed of group-specific encoders followed by a Transformer-based cross-group attention module, enabling the modeling of higher-order interactions among clinical feature groups. The resulting clinical embedding is concatenated with the WSIs embedding and forwarded to a classification head to generate histological subtype predictions.
This architecture supports flexible inference using either WSIs alone or the joint integration of WSIs and clinical information to perform five-class classification of PitNETs in accordance with the 2022 World Health Organization (WHO) Classification of Endocrine and Neuroendocrine Tumors13. Through an explicit masking strategy, the model relaxes the requirement for complete clinical data and remains robust to partial feature absence, including scenarios in which entire clinical feature groups are missing. Collectively, this design enables deep, bidirectional interactions between histopathological morphology and clinical context while preserving interpretability via explicit gating and attention mechanisms.

Text S3: Detailed description of hyperparameters
Model training was carried out using a stratified five-fold cross-validation scheme to ensure robust and unbiased performance estimation across histological subtypes14. Continuous clinical variables were normalized using statistics computed exclusively from the training partition of each fold, thereby strictly preventing information leakage into the validation data. Optimization was performed with the AdamW optimizer12, using a learning rate of 1.5×10−4 and a weight decay of 1.5×10−7. Cross-entropy loss with label smoothing (epsilon = 0.03) was employed to improve calibration and mitigate overconfidence15. Mixed-precision training with automatic loss scaling was enabled to enhance computational efficiency, and gradient norms were clipped to a maximum of 1.0 to stabilize optimization.
Key architectural hyperparameters included a 128-dimensional WSI embedding space, a gated attention dimension of 128, and a 256-dimensional clinical embedding. The clinical encoder comprised multiple Transformer layers with two attention heads and a feed-forward network dimension of 128. To enhance robustness to incomplete or noisy clinical data, two levels of stochastic mask augmentation were applied during training: feature-level dropout, which randomly masks individual clinical variables, and group-level dropout, which masks entire clinical feature groups. Early stopping was employed based on validation loss. 

[bookmark: _Hlk236671040]Table S1. Results of ablation experiments on the validation dataset.
	Model category
	Experiment
	Input configuration
	AUC
	Accuracy (%)
	Sensitivity (%)
	Specificity (%)
	PPV (%)
	NPV (%)

	Reference models


	E0
	H&E only
	0.855
	82.3
	55.8
	88.9
	55.8
	88.9

	
	E1
	Clinical features only, MLP
	0.840
	81.5
	53.8
	88.5
	53.8
	88.5

	
	E1b
	Clinical features only, logistic regression
	0.811
	80.0
	50.0
	87.5
	50.0
	87.5

	Complete multimodal model
	E2
	H&E plus all clinical features
	0.901
	86.9
	67.3
	91.8
	67.3
	91.8

	Addition of individual clinical groups




	E3
	H&E plus non-endocrine variables
	0.865
	87.7
	69.2
	92.3
	69.2
	92.3

	
	E4
	H&E plus endocrine variables
	0.887
	83.1
	57.7
	89.4
	57.7
	89.4

	
	E9
	H&E plus demographic variables
	0.886
	85.4
	63.5
	90.9
	63.5
	90.9

	
	E10
	H&E plus symptom variables
	0.867
	80.8
	51.9
	88.0
	51.9
	88.0

	
	E11
	H&E plus radiological variables
	0.850
	83.1
	57.7
	89.4
	57.7
	89.4

	Removal of clinical groups



	E5
	Complete model excluding demographic variables
	0.869
	82.3
	55.8
	88.9
	55.8
	88.9

	
	E6
	Complete model excluding symptom variables
	0.867
	82.3
	55.8
	88.9
	55.8
	88.9

	
	E7
	Complete model excluding endocrine variables
	0.865
	87.7
	69.2
	92.3
	69.2
	92.3

	
	E8
	Complete model excluding radiological variables
	0.902
	82.3
	55.8
	88.9
	55.8
	88.9

	Endocrine-feature ablation





	E14
	Complete model excluding prolactin-related variables
	0.886
	83.1
	57.7
	89.4
	57.7
	89.4

	
	E15
	Complete model excluding growth hormone-related variables
	0.877
	82.3
	55.8
	88.9
	55.8
	88.9

	
	E16
	Complete model excluding ACTH-related variables
	0.890
	86.2
	65.4
	91.3
	65.4
	91.3

	
	E17
	Complete model excluding FSH/LH-related variables
	0.882
	83.8
	59.6
	89.9
	59.6
	89.9

	
	E18
	Complete model excluding thyroid-related variables
	0.886
	84.6
	61.5
	90.4
	61.5
	90.4

	
	E19
	Complete model excluding no-elevation endocrine variables
	0.895
	85.4
	63.5
	90.9
	63.5
	90.9

	Clinical-group-only models



	E12
	Endocrine clinical features only, MLP
	0.728
	79.2
	48.1
	87.0
	48.1
	87.0

	
	E12b
	Endocrine clinical features only, logistic regression
	0.756
	78.5
	46.2
	86.5
	46.2
	86.5

	
	E13
	Non-endocrine clinical features only, MLP
	0.779
	76.9
	42.3
	85.6
	42.3
	85.6

	
	E13b
	Non-endocrine clinical features only, logistic regression
	0.787
	78.5
	46.2
	86.5
	46.2
	86.5


All model variants were evaluated on the combined temporal and external validation dataset using the model configuration and hyperparameters optimised for the complete multimodal model integrating H&E-stained WSIs with clinical features. E0, H&E-only variant; E1, clinical-only variant; E2, complete multimodal model incorporating H&E-stained WSIs and all clinical features; E3, H&E plus non-endocrine variables; E4, H&E plus endocrine variables; E5, complete model excluding demographic variables; E6, complete model excluding symptom variables; E7, complete model excluding endocrine variables; E8, complete model excluding radiological variables; E9, H&E plus demographic variables; E10, H&E plus symptom variables; and E11, H&E plus radiological variables. 
AUC, area under the receiver operating characteristic curve; PPV, positive predictive value; NPV, negative predictive value; PitNETs, pituitary neuroendocrine tumours; WSIs, whole-slide images; MLP, multilayer perceptron.


Table S2. Performance of the WSIs-only and WSIs-clinical models on the internal hold-out dataset.
	Model
	Metric
	Overall
[bookmark: OLE_LINK3](95% CI)
	PIT1
(95% CI)
	TPIT
(95% CI)
	SF1
(95% CI)
	Pluri
(95% CI)
	Null cell
(95% CI)

	WSIs-only
	Accuracy 
	87.3% 
(82.7%–92.0%)
	83.3%
 (75.0%–91.7%)
	93.3% 
(86.7%–98.3%)
	93.3% 
(86.7%–98.3%)
	80.0% 
(70.0%–90.0%)
	86.7% 
(78.3%–93.3%)

	
	Sensitivity 
	68.3% 
(56.7%–80.0%)
	53.8% 
(23.1%–76.9%)
	71.4% 
(42.9%–100.0%)
	66.7% 
(33.3%–100.0%)
	78.9% 
(57.9%–94.7%)
	66.7% 
(41.7%–91.7%)

	
	Specificity 
	92.1% 
(89.2%–95.0%)
	91.5% 
(83.0%–97.9%)
	96.2% 
(90.6%–100.0%)
	98.0% 
(94.1%–100.0%)
	80.5% 
(68.3%–92.7%)
	91.7% 
(83.3%–97.9%)

	
	PPV
	68.3%
 (56.7%–80.0%)
	63.6% 
(40.0%–90.0%)
	71.4% 
(45.5%–100.0%)
	85.7% 
(60.0%–100.0%)
	65.2% 
(52.0%–81.2%)
	66.7% 
(46.2%–90.0%)

	
	NPV
	92.1% 
(89.2%–95.0%)
	87.8% 
(81.5%–93.9%)
	96.2% 
(92.5%–100.0%)
	94.3% 
(89.3%–100.0%)
	89.2% 
(80.9%–97.2%)
	91.7% 
(85.7%–97.8%)

	
	AUC 
	0.905 
(0.849–0.952)
	0.863 
(0.746–0.954)
	0.968 
(0.914–1.000)
	0.885 
(0.728–0.998)
	0.866 
(0.769–0.947)
	0.943 
(0.873–0.990)

	WSIs-clinical
	Accuracy 
	91.8% 
(88.2%–95.3%)
	89.7% 
(83.8%–95.6%)
	95.6% 
(91.2%–100.0%)
	97.1% 
(92.6%–100.0%)
	83.8% 
(75.0%–92.6%)
	92.6% 
(86.8%–98.5%)

	
	Sensitivity 
	79.4% 
(70.6%–88.2%)
	61.5% 
(38.5%–84.6%)
	90.9% 
(72.7%–100.0%)
	84.6% 
(61.5%–100.0%)
	84.2% 
(68.4%–100.0%)
	75.0% 
(50.0%–100.0%)

	
	Specificity 
	94.9%
 (92.6%–97.1%)
	96.4% 
(90.9%–100.0%)
	96.5% 
(91.2%–100.0%)
	100.0% 
(100.0%–100.0%)
	83.7% 
(73.5%–93.9%)
	96.4% 
(91.1%–100.0%)

	
	PPV
	79.4% 
(70.6%–88.2%)
	80.0% 
(58.3%–100.0%)
	83.3% 
(66.7%–100.0%)
	100.0% 
(100.0%–100.0%)
	66.7% 
(53.8%–82.4%)
	81.8% 
(61.5%–100.0%)

	
	NPV
	94.9% 
(92.6%–97.1%)
	91.4% 
(86.2%–96.4%)
	98.2% 
(94.7%–100.0%)
	96.5% 
(91.7%–100.0%)
	93.2% 
(86.3%–100.0%)
	94.7% 
(89.8%–100.0%)

	
	AUC 
	0.934 
(0.885–0.973)
	0.919 
(0.808–0.992)
	0.992 
(0.973–1.000)
	0.916 
(0.786–1.000)
	0.907 
(0.830–0.967)
	0.917 
(0.799–0.994)


[bookmark: OLE_LINK4]WSIs, whole-slide images; 95% CI, 95% confidence interval; PPV, positive predictive value; NPV, negative predictive value; AUC, area under the curve; PIT1, pituitary-specific transcription factor 1; TPIT, T-box transcription factor TBX19; SF1, steroidogenic factor 1.




Table S3. Performance of the WSIs-only and WSIs-clinical models on the validation dataset.
	Model
	Metric
	Overall
(95% CI)
	PIT1
(95% CI)
	TPIT
(95% CI)
	SF1
(95% CI)
	Pluri
(95% CI)
	Null cell
(95% CI)

	WSIs-only
	Accuracy 
	84.6% 
(79.2%–89.2%)
	82.7% 
(73.1%–90.4%)
	78.8% 
(67.3%–88.5%)
	94.2% 
(86.5%–100.0%)
	78.8% 
(69.2%–88.5%)
	88.5% 
(80.8%–96.2%)

	
	Sensitivity 
	61.5% 
(48.1%–73.1%)
	58.8% 
(35.3%–82.4%)
	50.0% 
(12.5%–87.5%)
	83.3% 
(58.3%–100.0%)
	40.0% 
(10.0%–70.0%)
	80.0% 
(40.0%–100.0%)

	
	Specificity 
	90.4% 
(87.0%–93.3%)
	94.3% 
(85.7%–100.0%)
	84.1% 
(72.7%–93.2%)
	97.5% 
(92.5%–100.0%)
	88.1% 
(78.6%–95.2%)
	89.4% 
(80.9%–97.9%)

	
	PPV
	61.5% 
(48.1%–73.1%)
	83.3% 
(64.3%–100.0%)
	36.4% 
(14.3%–62.5%)
	90.9% 
(75.0%–100.0%)
	44.4% 
(16.7%–75.0%)
	44.4% 
(25.0%–71.4%)

	
	NPV
	90.4% 
(87.0%–93.3%)
	82.5% 
(75.0%–91.7%)
	90.2% 
(84.2%–97.3%)
	95.1% 
(88.6%–100.0%)
	86.0% 
(80.4%–92.7%)
	97.7% 
(93.3%–100.0%)

	
	AUC 
	0.868 
(0.799–0.931)
	0.897 
(0.820–0.963)
	0.699 
(0.460–0.898)
	0.956 
(0.898–1.000)
	0.848 
(0.729–0.952)
	0.940 
(0.809–1.000)

	WSIs-clinical
	Accuracy 
	86.9% 
(81.5%–91.5%)
	88.5% 
(80.8%–96.2%)
	80.8% 
(71.2%–90.4%)
	86.5% 
(76.9%–94.2%)
	84.6% 
(75.0%–92.3%)
	94.2% 
(88.5%–100.0%)

	
	Sensitivity 
	67.3% 
(53.8%–78.8%)
	70.6% 
(47.1%–88.2%)
	50.0% 
(12.5%–87.5%)
	83.3% 
(58.3%–100.0%)
	50.0% 
(20.0%–80.0%)
	80.0% 
(40.0%–100.0%)

	
	Specificity 
	91.8% 
(88.5%–94.7%)
	97.1% 
(91.4%–100.0%)
	86.4% 
(75.0%–95.5%)
	87.5% 
(77.5%–95.0%)
	92.9% 
(85.7%–100.0%)
	95.7% 
(89.4%–100.0%)

	
	PPV
	67.3% 
(53.8%–78.8%)
	92.3% 
(77.8%–100.0%)
	40.0% 
(16.7%–66.7%)
	66.7% 
(50.0%–85.7%)
	62.5% 
(33.3%–100.0%)
	66.7% 
(40.0%–100.0%)

	
	NPV
	91.8% 
(88.5%–94.7%)
	87.2% 
(79.1%–94.6%)
	90.5% 
(84.8%–97.3%)
	94.6% 
(87.8%–100.0%)
	88.6% 
(82.6%–95.2%)
	97.8% 
(93.8%–100.0%)

	
	AUC 
	0.901 
(0.844–0.950)
	0.906 
(0.822–0.973)
	0.767 
(0.571–0.929)
	0.952 
(0.887–1.000)
	0.890 
(0.781–0.976)
	0.987 
(0.949–1.000)


WSIs, whole-slide images; 95% CI, 95% confidence interval; PPV, positive predictive value; NPV, negative predictive value; AUC, area under the curve; PIT1, pituitary-specific transcription factor 1; TPIT, T-box transcription factor TBX19; SF1, steroidogenic factor 1.
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