
Supplementary Data 
Table S1 | Overview of VLMs for Whole-Slide Histopathology: Dataset Tasks, and Evaluation 

Metrics 

Model Training Dataset Task Test Dataset Metrics used 

PRISM1 Internal Dataset Report 
generation 

Hold-out - 

PRISM22 Internal Dataset VQA TCGA AUC 

HistoGPT3 Internal Dataset Report 
generation 

(Dermatopathol
ogy) 

Hold-out, 
Münster-3H, 
Münster-1K, 
Mayo Clinic, 
Radboud, 

Queensland, 
Linköping, TCGA, 

CPTAC 

Jaccard Index, Cosine 
Similarity, Weighted F1, 

Precision, Recall, Accuracy 
Score,  

Sengupta & 
Brown, 20234  

GTEx Report 
generation 

Hold-out BLEU-4, METEOR, 
ROUGE-L 

MR-ViT5 Internal Dataset Report 
generation 

(Kidney and 
Colon) 

Hold-out BLEU-n, METEOR, 
ROUGE-L, F1 Score, Total 

accuracy 

CPath-Omni6 PathCap, 
PathInstruct-200K , 

VALSET-TCGA, 
VALSET-WNS, 
VALSET-CHA, 

KIRC, CocaHis, 
PAIP23, BNCB, 

CATCH, PAIP21, 
MIDOG22, KICH, 

CAMEL, 
Gleason-CNN, 

OCELOT, TCGA, 
and others 

Report 
generation and 

VQA 

Hold-out BLEU-n, ROUGE-L 

ANTONI-α7 HistAI VQA Hold-out Precision, Recall, F1 

Kim et al., 20248  K-MEDION Report 
generation 

Hold-out Composite ranking score 
(BLEU-4, ROUGE-L, 

BioLLM score, Jaccard 
similarity) 

HistGen9 TCGA+Others Report 
generation 

Hold-out BLEU-n, METEOR, 
ROUGE-L  

Hu et al., 202510 Gastric-3300, 
Gastric-online, 

GastricADC 

Report 
generation 

(gastric WSI) 

Hold-out BLEU-n, METEOR, 
ROUGE 

PolyPath11 Internal Dataset Report 
generation 

Hold-out ROUGE-L and METEOR 

SlideChat12 TCGA VQA Hold-out, BCNB BLEU-n, ROUGE-L, 

https://www.zotero.org/google-docs/?OQAn4I
https://www.zotero.org/google-docs/?qWNOg2
https://www.zotero.org/google-docs/?A9i0EP
https://www.zotero.org/google-docs/?KUx0Ts
https://www.zotero.org/google-docs/?eKv30u
https://www.zotero.org/google-docs/?tl57JV
https://www.zotero.org/google-docs/?hcUYUs
https://www.zotero.org/google-docs/?oKyK1h
https://www.zotero.org/google-docs/?egCvMZ
https://www.zotero.org/google-docs/?aShj6s
https://www.zotero.org/google-docs/?idGHY3
https://www.zotero.org/google-docs/?SBet2x


LLM-assigned Score 

WSI-LlaVA13 TCGA VQA Hold-out, BCNB, 
CPTAC-NSCLC 

BLEU-n, ROUGE-L, 
METEOR, LLM-derived 
Precision and Recall, 

Accuracy 

WSI-VQA14 TCGA-BRCA VQA Hold-out BLEU-1, BLEU-4, 
METEOR, ROUGE 

MI-Gen15 TCGA-BRCA Report 
generation 

Hold-out BLEU-n, METEOR, 
ROUGE 

ALPaCA16 TCGA & GTEx VQA Hold-out Accuracy, F1-Score, 
CIDEr, LLM-based judger 

assessment 

HistoSelect17 TCGA VQA Hold-out, BCNB, 
CPTAC-NSCLC 

Accuracy, BLEU-n, 
ROUGE-L, LLM-derived 

Precision and Recall 

PathReasoner-R11

8 
TCGA VQA Hold-out, BCNB, 

CPTAC-NSCLC 
BLEU-n, METEOR, 

ROUGE, LLM-as-judge 

Table S2 | NLG scores across 3 external cohort (Aggregated Overall, CPTAC, PANDA and 

BRACS) 

Metric 
Overall 

PRISM SlideFlame Corrected P Value 

BLEU-2 0.0873 [0.0840-0.0906] 0.0252 [0.0243-0.0260] < 0.001 

ROUGE-L 0.2096 [0.2051-0.2138] 0.0778 [0.0761-0.0794] < 0.001 

METEOR 0.2282 [0.2220-0.2344] 0.1528 [0.1492-0.1565] < 0.001 

BERTScore 0.3390 [0.3357-0.3423] 0.2276 [0.2252-0.2298] < 0.001 

 

Metric 
Breast (BRACS) 

PRISM SlideFlame Corrected P Value 

BLEU-2 0.0104 [0.0086-0.0123] 0.0689 [0.0656-0.0723] < 0.001 

ROUGE-L 0.2096 [0.2051-0.2138] 0.1820 [0.1788-0.1855] < 0.001 

METEOR 0.2282 [0.2220-0.2344] 0.2099 [0.2045-0.2157] < 0.001 

BERTScore 0.2274 [0.2241-0.2306] 0.4005 [0.3968-0.4043] < 0.001 

 

Metric 
Prostate (PANDA) 

PRISM SlideFlame Corrected P Value 

https://www.zotero.org/google-docs/?BbbKV3
https://www.zotero.org/google-docs/?DXa0sg
https://www.zotero.org/google-docs/?72FBwE
https://www.zotero.org/google-docs/?MNvni8
https://www.zotero.org/google-docs/?BUxNQk
https://www.zotero.org/google-docs/?dNXH2u
https://www.zotero.org/google-docs/?dNXH2u


BLEU-2 0.0911 [0.0808-0.1011] 0.0238 [0.0216-0.0262] < 0.001 

ROUGE-L 0.1838 [0.1697-0.1972] 0.0879 [0.0830-0.0933] < 0.001 

METEOR 0.2207 [0.2007-0.2416] 0.2166 [0.2021-0.2316] 0.074 

BERTScore 0.3581 [0.3438-0.3734] 0.2748 [0.2661-0.2835] < 0.001 

 

Metric 
CPTAC 

Brain 

PRISM SlideFlame Corrected P Value 

BLEU-2 0.0006 [0.0002-0.0011] 0.0014 [0.0011-0.0016] < 0.001 

ROUGE-L 0.0033 [0.0011-0.0059] 0.0085 [0.0070-0.0099] < 0.001 

METEOR 0.0047 [0.0017-0.0082] 0.0182 [0.0151-0.0215] < 0.001 

BERTScore 0.2250 [0.2208-0.2288] 0.1502 [0.1487-0.1516] < 0.001 

 Lung 

BLEU-2 0.1125 [0.1077-0.1175] 0.0195 [0.0187-0.0204] < 0.001 

ROUGE-L 0.2697 [0.2638-0.2756] 0.0682 [0.0664-0.0700] < 0.001 

METEOR 0.3388 [0.3304-0.3476] 0.1538 [0.1488-0.1587] < 0.001 

BERTScore 0.3840 [0.3795-0.3884] 0.2004 [0.1982-0.2026] < 0.001 

 Pancreas 

BLEU-2 0.0577 [0.0531-0.0625] 0.0178 [0.0164-0.0192] < 0.001 

ROUGE-L 0.1619 [0.1553-0.1691] 0.0749 [0.0719-0.0780] < 0.001 

METEOR 0.1190 [0.1123-0.1259] 0.1475 [0.1380-0.1572] < 0.001 

BERTScore 0.3206 [0.3151-0.3260] 0.2091 [0.2060-0.2125] < 0.001 

 Kidney 

BLEU-2 0.1960 [0.1839-0.2084] 0.0501 [0.0473-0.0528] < 0.001 

ROUGE-L 0.3724 [0.3574-0.3871] 0.1258 [0.1210-0.1305] < 0.001 

METEOR 0.3745 [0.3542-0.3958] 0.2658 [0.2544-0.2783] < 0.001 



BERTScore 0.4354 [0.4233-0.4470] 0.2788 [0.2738-0.2836] < 0.001 

 Uterine Corpus 

BLEU-2 0.0240 [0.0222-0.0260] 0.0035 [0.0032-0.0038] < 0.001 

ROUGE-L 0.1052 [0.0987-0.112] 0.0199 [0.0183-0.0215] < 0.001 

METEOR 0.1110 [0.1032-0.1191] 0.0410 [0.0379-0.0442] < 0.001 

BERTScore 0.2621 [0.2575-0.2668] 0.1568 [0.1551-0.1586] < 0.001 

Table S3 | Normalised bNLI score across 3 external cohort (Aggregated Overall, CPTAC, 

PANDA and BRACS) 

Model 
Overall 

PRISM SlideFlame Corrected P Value 

bNLI 40.43 [37.12-43.74] 44.63 [41.55-47.71] < 0.001 

 

Model 
BRACS 

PRISM SlideFlame Corrected P Value 

bNLI 36.37 [32.46-40.27] 27.37 [23.15-31.59] < 0.001 

 

Model 
PANDA  

PRISM SlideFlame Corrected P Value 

bNLI 36.33 [32.91-39.75] 42.58 [38.41-46.75] < 0.001 

 

CPTAC 

Model 
Brain 

PRISM SlideFlame Corrected P Value 

bNLI 8.91 [4.87-12.95] 46.85 [35.36-58.35] < 0.001 

 Lung 

bNLI 54.29 [50.65-57.92] 42.75 [39.93-45.58] < 0.001 

 Pancreas 

bNLI 48.44 [46.03-50.85] 47.81 [45.34-50.28] 0.1978 



 Kidney 

bNLI 22.35 [17.10-27.59] 55.47 [50.56-60.38] < 0.001 

 Uterine Corpus 

bNLI 41.70 [37.22-46.18] 46.56 [42.32-50.81] 0.0017 

Table S4 | Balanced accuracy (BA) and Macro-F1 across all cohorts (Aggregated Overall, 

CPTAC, PANDA and BRACS), derived from the LLM-based label-extraction framework for 

PRISM and SlideFlame. 

Model 
Overall 

PRISM SlideFlame Corrected P Value 

BA 0.2590 [0.2494-0.2687] 0.3847 [0.3580-0.4098] < 0.001 

Macro-F1 0.2827 [0.2721-0.2928] 0.3820 [0.3684-0.3948] < 0.001 

 

Model 
PANDA (Prostate) 

PRISM SlideFlame Corrected P Value 

BA 0.6395 [0.5802-0.6938] 0.5413 [0.4695-0.6162] 0.1903 

Macro-F1 0.5327 [0.4698-0.5898] 0.5643 [0.5023-0.6279] 0.4422 

 

Model 
BRACS (Breast) 

PRISM SlideFlame Corrected P Value 

BA 0.2973 [0.2627-0.3328] 0.2703 [0.2442-0.3000] 0.4411 

Macro-F1 0.2673 [0.2307-0.3024] 0.2240 [0.1961-0.2534] 0.1419 

 

CPTAC 

Brain (GBM) 

Metric PRISM SlideFlame Corrected P Value 

BA 0.0173 [0.0065-0.0304] 0.8608 [0.8282-0.8913] < 0.001 

Macro-F1 0.0341 [0.0129-0.0590] 0.9252 [0.9060-0.9425] < 0.001 

Lung 

BA 0.4206 [0.4099-0.4312] 0.4310 [0.4139-0.4527] 0.4649 

Macro-F1 0.4749 [0.4655-0.4837] 0.4542 [0.4359-0.4773] 0.1419 



Pancreas 

BA 0.3918 [0.3478-0.4358] 0.6741 [0.6312-0.7187] < 0.001 

Macro-F1 0.5219 [0.4741-0.5645] 0.7587 [0.7201-0.7959] < 0.001 

Kidney 

BA 0.0651 [0.0577-0.0726] 0.4181 [0.3215-0.5095] < 0.001 

Macro-F1 0.0974 [0.0879-0.1072] 0.3447 [0.3085-0.3834] < 0.001 

Uterine Corpus 

BA 0.1818 [0.1666-0.1963] 0.1815 [0.1674-0.1969] 0.9810 

Macro-F1 0.2325 [0.2138-0.2497] 0.2192 [0.2014-0.2381] 0.2914 

Table S5 | Hallucination rates in reports generated by PRISM and SlideFlame across all 

cohorts (Aggregated Overall, CPTAC, PANDA and BRACS). 

Error-type 
Overall 

PRISM SlideFlame Corrected P Value 

Context Mismatch 25.91% [24.85-27.02]  9.13% [8.40-9.88] < 0.001 

Case-level Overreach 18.08% [17.08-19.05] 4.37% [3.84-4.89] < 0.001 

 

Error-type 
PANDA (Prostate) 

PRISM SlideFlame Corrected P Value 

Context Mismatch 16.97% [13.48-20.46] 8.37% [5.81-10.93] < 0.001 

Case-level Overreach 8.13% [5.58-10.69] 0.46% [0.0-1.16] < 0.001 

 

Error-type 
BRACS (Breast) 

PRISM SlideFlame Corrected P Value 

Context Mismatch 14.99% [12.06-17.91] 3.29% [1.82-4.93] < 0.001 

Case-level Overreach 8.40% [6.03-10.96] 1.64% [0.73-2.74] < 0.001 

 

CPTAC 

Error-type 
Brain 

PRISM SlideFlame Corrected P Value 

Context Mismatch 58.91% [54.55-63.69] 3.91% [2.17-5.86] < 0.001 



Case-level Overreach 28.26% [24.56-32.39] 0.0 < 0.001 

Lung 

Context Mismatch 12.09% [10.72-13.50] 5.69% [4.70-6.72] < 0.001 

Case-level Overreach 16.47% [14.91-18.07] 0.42% [0.18-0.70] < 0.001 

Pancreas 

Context Mismatch 28.30% [24.44-32.35] 18.75% [15.44-22.05] < 0.001 

Case-level Overreach 9.74% [7.35-12.31] 0.36% [0.0-0.91] < 0.001 

Kidney 

Context Mismatch 52.52% [49.34-55.60] 9.78% [7.80-11.75] < 0.001 

Case-level Overreach 33.07% [30-36.04] 0.0 < 0.001 

Uterine Corpus 

Context Mismatch 24.23% [21.40-27.06] 17.55% [15.06-20.15] < 0.001 

Case-level Overreach 17.21% [14.83-19.70] 26.72% [23.78-29.55] < 0.001 

 
Table S6 | Technical comparison highlighting parameter count, trainable parameters, GPU 

memory usage, and training dataset size for SlideFlame and PRISM. 

Features PRISM SlideFlame 

Total Parameters 557695233 507669017 

Trainable Parameters 210931969 204306989 

Idle GPU Memory 2.081 GiB 1.907 GiB 

Training Dataset Size 587,196  17,336 

 

Table S7 | Discriminative performance of NLG and bNLI based evaluation metrics for 

identifying LLM-assigned diagnostically correct reports 

Metric 
PRISM SlideFlame 

AUC [95% CI] 

BLEU-2 0.7779 [0.7663-0.7890] 0.6148 [0.6003-0.6293] 

METEOR 0.8257 [0.8149-0.8367] 0.6182 [0.6044-0.6318] 

ROUGE-L 0.7896 [0.7786-0.8016] 0.5981 [0.5832-0.6134] 

BERTScore 0.7317 [0.7190-0.7442] 0.5644 [0.5489-0.5800] 

bNLI 0.8833 [0.8745-0.8917] 0.8168 [0.8052-0.8276] 

 



 

Figure S1 | Brain cohort evaluation prompt for extracting diagnostic labels from pathology 

reports 



 

Figure S2 | Breast cohort evaluation prompt for extracting diagnostic labels from pathology 

reports 

 



 

 

Figure S3 | Lung cohort evaluation prompt for extracting diagnostic labels from pathology 

reports 

 



 

Figure S4 | Renal cohort evaluation prompt for extracting diagnostic labels from pathology 

reports 

 



 

Figure S5 | Pancreas cohort evaluation prompt for extracting diagnostic labels from 

pathology reports 

 



 

Figure S6 | Uterine cohort evaluation prompt for extracting diagnostic labels from pathology 

reports 

 



 

Figure S7 | Prostate cohort evaluation prompt for extracting diagnostic labels from pathology 

reports 

 



 

Figure S8 | TCGA report preprocessing prompt: step 1, OCR-to-standardised pathology text 

conversion 

 



 
Figure S9 | TCGA report preprocessing prompt: step 2, exclusion of gross, multi-slide and 

non-microscopic content 



 
Figure S10 | TCGA training text preprocessing prompt: step 3, signability assessment and 

minimal repair of slide-level microscopic descriptions 



 

Figure S11 | GTEx training text preprocessing prompt: reformatting brief pathology notes 

into standardised slide-level microscopic descriptions 

 



 

Figure S12 | Representative cases illustrating divergence between NLG-based and 

bNLI-based evaluation 

 



 

Figure S13 | Examples of recurrent malignant overcalling in SlideFlame-generated reports 

across the breast, lung and prostate cohorts 

 



Figure S14 | Examples of recurrent malignant overcalling in SlideFlame-generated reports 

across the renal cohorts 



 

Figure S15 | Examples of context-mismatch cases seen in PRISM-generated reports for 

brain and renal cohort 

 



 

Figure S16 | Examples of UNCERTAIN cases identified in PRISM-generated reports across 

the brain, prostate and pancreas cohorts 

 



 
Figure S17 | Examples of UNCERTAIN cases identified in SlideFlame-generated reports 

across the breast and uterine cohorts. 

 



 

Figure S18 | Representative cases in which blinded pathologists preferred 

SlideFlame-generated reports over PRISM-generated reports. 

 



 

Figure S19 | Representative cases with discordant blinded pathologist preference between 

SlideFlame-generated and PRISM-generated reports. 

 

 



 

Figure S20 | Representative cases in which blinded pathologists preferred 

PRISM-generated reports over SlideFlame-generated reports. 

 



 

Figure S21 | Representative edge cases in which pathologist preference reflected relative 

superiority rather than full clinical acceptability. 

Representative paired PRISM- and SlideFlame-generated reports are shown alongside the 

corresponding whole-slide image, majority pathologist preference, and reviewer comments. 

These examples highlight cases in which one model output was preferred over the other, 



although the selected report remained imperfect and required additional correction or 

clarification before reaching a clinically acceptable form. 

 

 

Figure S22 | Representative SlideFlame attention heatmaps for diagnostically aligned breast 

and prostate cases. 

Whole-slide H&E images and corresponding attention heatmaps are shown for 

representative diagnostically aligned breast and prostate cases. Higher attention scores 

(patches within red boxes) localise to tissue regions morphologically associated with the 

predicted diagnosis. 

Upon pathologist’s review, high-attention regions in the breast example highlight tumor cells 

with minimal to absent glandular formation. In the prostate example, top-ranked tiles 

demonstrate small infiltrating malignant glands lacking basal cells, a characteristic feature of 

prostatic adenocarcinoma. 
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