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Abstract 

Background: Deep learning on whole slide images (WSIs) is usually developed on dedicated 

GPU servers with terabytes of local storage, and the preprocessing choices that shape the data a 

model sees are rarely reported in detail. Stain variation between laboratories is a known source of 

domain shift, but its effect on frozen foundation-model features has seldom been measured 

directly. Methods: We built a notebook-based pipeline that runs entirely in Google Colab with 

Google Drive as the only persistent store. Raw slides are downloaded in batches, segmented by 

Otsu thresholding of the saturation channel, tiled at twenty times magnification, filtered for blur 

by the variance of the Laplacian, stain-normalised and encoded once by a frozen encoder, after 

which only coordinates and features are kept. The pipeline was applied to 13,615 slides from 

CAMELYON16, CAMELYON17, TCGA-NSCLC, PANDA and BCNB. Three stain conditions 

(none, Macenko, Vahadane) and two encoders (CTransPath, UNI) were compared through linear 

probes and through downstream weakly supervised models under cross-validation and leave-one-

centre-out evaluation. Results: Tiling produced 35.66 million patches, of which 4.1 per cent 

were removed as out of focus, leaving 34.2 million. Validation AUC was flat for minimum tissue 

fractions between 0.40 and 0.60. Vahadane normalisation raised the leave-one-centre-out AUC 

on CAMELYON17 from 0.874 to 0.911 and the worst centre from 0.829 to 0.889. A linear probe 

identified the source centre from unnormalised CTransPath features with 88.6 per cent accuracy, 

falling to 41.3 per cent after normalisation against a chance level of 20 per cent. UNI features 

improved downstream performance on all five datasets by 0.009 to 0.017. Features for both 

encoders occupied 122.6 GB, and the full model trained within the memory of a free T4 runtime. 

Conclusion: Careful preprocessing and stain normalisation remain necessary with foundation 

encoders, centre information persists after normalisation, and gigapixel pathology studies can be 

run reproducibly on hosted notebooks. 

Keywords: Whole slide image; stain normalisation; domain shift; foundation model; feature 

extraction; reproducibility; Google Colab; computational pathology 
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1. Introduction 

Computational pathology has moved quickly from small patch-classification studies to 

models trained on thousands of whole slide images (Campanella et al., 2019; Song et al., 2023). 

A WSI is a pyramid of images whose highest-resolution layer may exceed one hundred thousand 

pixels per side, and a typical benchmark of a thousand slides occupies one to several terabytes. 

Working at this scale has usually required a local GPU server with large attached storage, which 

limits who can carry out such research and makes it hard for others to repeat a published pipeline 

(Kleppe et al., 2021; Pineau et al., 2021). 

Between the raw slide and the model lie several preprocessing steps: separating tissue from 

glass, cutting tissue into patches, discarding blurred or nearly empty patches, correcting stain 

colour and encoding each patch into a feature vector. Each step involves a threshold or a method 

choice, and each changes the data the model eventually learns from. These choices are often 

described in a sentence, if at all, and their effect on downstream performance is seldom tested. 

Variation in haematoxylin and eosin staining between laboratories is a particularly important 

case, because a network can learn the colour signature of a centre instead of the morphology of 

disease (Howard et al., 2021; Stacke et al., 2021). 

The arrival of pathology foundation models has changed the setting in which these 

questions are asked. Encoders such as CTransPath and UNI were pretrained by self-supervised 

learning on millions of patches from many sources (Chen, Ding, et al., 2024; Wang et al., 2022), 

and it is sometimes assumed that their features are robust enough to make stain normalisation 

unnecessary. Whether that holds is an empirical question, and the answer matters for anyone 

building a pipeline on frozen features. 

This paper reports a complete WSI preprocessing and feature-extraction pipeline designed 

to run on Google Colab, a hosted notebook service with temporary virtual machines (Bisong, 

2019; Carneiro et al., 2018), and uses it to examine three questions. First, how sensitive is 

downstream performance to the tissue-fraction and blur thresholds used in tiling? Second, does 

stain normalisation still improve performance under centre shift when the encoder is a modern 

foundation model, and how much information about the source centre remains in the features? 

Third, how do two frozen encoders of very different size compare in informativeness and cost? 

The pipeline was run on five public datasets covering lymph node metastasis, lung cancer 

subtyping, prostate grading and nodal status prediction. 

2. Background 

2.1 Stain Variation and Domain Shift 

Stain colour varies with fixation, section thickness, reagent batch, staining protocol and 

scanner. Normalisation methods map each image to the colour distribution of a reference. The 

Macenko method estimates two stain vectors from the angular distribution of optical density 
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values projected onto their principal plane (Macenko et al., 2009), and the Vahadane method 

obtains them by sparse non-negative matrix factorisation, which better preserves structure where 

one stain dominates (Vahadane et al., 2016). Ciompi et al. (2017) showed that normalisation 

improved colorectal tissue classification, and Tellez et al. (2019) found that colour augmentation 

and normalisation interact and that their benefit depends on the task. Stacke et al. (2021) 

proposed measures of domain shift in feature space, and Howard et al. (2021) showed that 

models trained on TCGA can identify the submitting site from slide appearance, which inflates 

accuracy when sites and labels are correlated. 

2.2 Foundation Encoders for Pathology 

CTransPath combines a convolutional stem with a Swin Transformer and was pretrained 

with semantically relevant contrastive learning on about fifteen million patches (Wang et al., 

2022). UNI is a ViT-Large model pretrained with DINOv2 on more than one hundred million 

patches from over one hundred thousand slides (Chen, Ding, et al., 2024). Larger models trained 

on real-world collections, such as Prov-GigaPath and Virchow, have followed (Vorontsov et al., 

2024; Xu et al., 2024). These encoders are typically used frozen, with a light aggregation model 

trained on top, which makes cached features a practical design choice (Lu et al., 2021). 

2.3 Reproducibility and Hosted Computing 

Reproducibility in machine learning depends on recording the code version, the 

configuration, the data splits and the random seeds (Pineau et al., 2021). Hosted notebooks make 

code easy to share, but their virtual machines are temporary, sessions are time-limited, and their 

local disks are erased at the end of each session (Bisong, 2019; Carneiro et al., 2018). A pipeline 

intended for such an environment has to treat interruption as normal rather than exceptional. 

3. Materials and Methods 

3.1 Datasets 

Five slide-level datasets were processed (Table 1). CAMELYON16 and CAMELYON17 

contain sentinel lymph node sections from breast cancer patients; CAMELYON17 comes from 

five Dutch centres with 100 labelled slides each (Bándi et al., 2019; Litjens et al., 2018). TCGA-

NSCLC slides were obtained from the Genomic Data Commons (Grossman et al., 2016), 

PANDA contains prostate biopsies from Radboud University Medical Center and the Karolinska 

Institute (Bulten et al., 2022), and BCNB contains breast core needle biopsies (Xu et al., 2021). 

Of 1,053 TCGA-NSCLC diagnostic slides, eleven were removed during quality control: four 

could not be opened, three were frozen sections listed as diagnostic slides and four were largely 

covered by marker pen. 

Table 1. Datasets processed by the pipeline 

Dataset Slides Task Classes Raw 

size 

Access 
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Dataset Slides Task Classes Raw 

size 

Access 

CAMELYON

16 

399 Metastasis detection 2 ≈ 700 

GB 

CC0 1.0 

CAMELYON

17 

500 Metastasis detection, 5 

centres 

2 ≈ 1.4 TB CC0 1.0 

TCGA-

NSCLC 

1,042 LUAD vs LUSC 2 ≈ 1.0 TB GDC open 

access 

PANDA 10,616 ISUP grade group 6 

(ordinal) 

≈ 412 

GB 

Competition 

terms 

BCNB 1,058 Axillary nodal status 3 ≈ 0.5 TB Academic 

use 

Total 13,615   > 4 TB  

Source: Compiled by the author from Bándi et al. (2019), Bulten et al. (2022), Grossman et al. 

(2016), Litjens et al. (2018) and Xu et al. (2021). 

3.2 Computing Environment and Storage Design 

The pipeline was written as a sequence of Python notebooks executed in Google Colab 

(Figure 1). An NVIDIA T4 runtime (15 GB GPU memory) was used for development, an L4 

runtime for segmentation and tiling, which are limited by disk reading and CPU decoding, and 

an A100 runtime (40 GB) for feature extraction and training. Google Drive, mounted inside each 

notebook, was the only persistent store. Raw slides never entered it: they were downloaded to the 

temporary local disk in batches of about 180 GB, tiled, encoded and deleted, and only patch 

coordinates, fold lists, features, checkpoints and logs were written to Drive. A small resume file 

listing completed slides was updated after every slide, so a reclaimed session cost at most one 

slide of work. Package versions were pinned in the first cell, seeds were set for Python, NumPy 

and PyTorch with deterministic cuDNN, every run was logged to MLflow with its configuration 

file and the Git commit hash, and paths and hyperparameters were read from YAML files rather 

than written into the code. 
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Figure 1. Notebook pipeline from raw slides to cached features, with the split between 

temporary and persistent storage 

Source: Designed by the author. 

3.3 Tissue Segmentation 

A thumbnail at a downsample of 32 to 64 was converted to HSV. Glass has very low 

saturation and stained tissue high saturation, so the saturation channel, smoothed with a Gaussian 

of σ = 2 pixels, was thresholded with Otsu's method (Otsu, 1979), which chooses the threshold t 

that maximises the between-class variance: 

 t* = arg maxt ω0(t) ω1(t) [μ0(t) − μ1(t)]
2 (1) 

where ω0 and ω1 are the proportions of pixels below and above t and μ0 and μ1 their mean 

saturations. The mask was cleaned by morphological opening (disk radius 4) and closing (radius 

6), hole filling, hue rules for green, blue and black ink, and removal of components smaller than 

1,500 thumbnail pixels (Figure 2). Masks were reviewed in contact sheets of 48 slides, and 42 of 

13,615 masks were corrected by hand. 

 
Figure 2. Tissue segmentation of a slide thumbnail: RGB image, smoothed saturation channel 

and Otsu mask 

Source: Generated by the author from the experimental results of the study (Python, Google 

Colab). 
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3.4 Tiling and Blur Filtering 

The cleaned mask was laid over a grid of 256 by 256 pixel cells at twenty times 

magnification (0.5 µm per pixel). Slides scanned at forty times were read at 512 by 512 pixels 

and resized with area interpolation, so every patch covers 128 µm per side. A cell was kept when 

at least half of its area was tissue. Out-of-focus patches were removed using the variance of the 

Laplacian response L over the N pixels of the greyscale patch (Pech-Pacheco et al., 2000): 

 F(I) = (1/N) Σx,y [L(x, y) − mean(L)]2 (2) 

The cut-off of 50 was set from the distribution of F over 10,000 random CAMELYON16 

patches, which is bimodal (Figure 4). In a visual check of 200 removed patches, 188 (94 per 

cent) were judged genuinely blurred or empty. The tissue-fraction threshold was tested at seven 

values between 0.10 and 0.90 on fold 1 of CAMELYON16. 

3.5 Stain Normalisation 

Both normalisation methods work in optical density space, where the Beer–Lambert law 

makes stain contributions additive: 

 OD = −log10(I / I0) = V · S (3) 

where I is pixel intensity, I0 = 240 the light-source intensity, V the 3 by 2 matrix of haematoxylin 

and eosin vectors and S the stain concentrations. The TIAToolbox implementations of the 

Macenko and Vahadane methods were used (Pocock et al., 2022), fitted once to a fixed reference 

mosaic of 16 patches from a well-stained CAMELYON16 training slide. An unnormalised 

condition was kept as a control. Near-empty patches for which no stable estimate exists were 

passed through unchanged. 

3.6 Feature Extraction 

Each patch was resized to 224 pixels, normalised with ImageNet channel statistics and 

passed once through a frozen encoder in half precision: CTransPath (28 million parameters, 768-

dimensional output) or UNI (303 million parameters, 1,024 dimensions). Features were stored in 

half precision with gzip compression in one HDF5 file per slide together with the patch 

coordinates. A DataLoader with eight workers carried out slide reading and stain normalisation 

on the CPU in parallel with the forward pass on the GPU. 

3.7 Evaluation of Design Choices 

Design choices were evaluated in two ways. Linear probes (L2-regularised logistic 

regression trained on 20,000 patches and tested on 5,000 patches from different slides) measured 

how much diagnostic and centre information the features contain, and t-SNE projections gave a 

qualitative view (van der Maaten & Hinton, 2008). Downstream effects were measured by 

training the same weakly supervised graph-based attribute MIL model on each feature set, with 

five-fold patient-level cross-validation and three seeds. PANDA folds were stratified on grade 

group and provider at biopsy level, because patient identifiers are not released. CAMELYON17 
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was also evaluated leave-one-centre-out, holding out each centre in turn, which gives a direct 

measure of behaviour under domain shift. All values in this paper are validation values; test 

partitions were reserved. 

4. Results 

4.1 Dataset Characteristics 

The datasets differ greatly in slide count and bag size (Figure 3a). PANDA has more than 

ten thousand biopsies but only 1,180 patches per slide on average, whereas TCGA-NSCLC 

resections average 11,240 patches and reach 41,877, more than four hundred times the smallest 

PANDA biopsy (Table 2). Peak GPU memory is therefore set by the largest slides, and one slide 

per training step with gradient accumulation is the only practical batching scheme. PANDA also 

shows a strong provider effect (Figure 3b): Karolinska contributes 1,925 of the 2,892 benign 

biopsies and Radboud 973 of the 1,224 grade group 5 biopsies, so a model that learned provider 

colour could appear to learn grade. 

 
Figure 3. (a) Slides and mean patches per slide in each dataset and (b) ISUP grade group 

distribution by PANDA provider 

Source: Generated by the author from the experimental results of the study (Python, Google 

Colab). 

Table 2. Bag size (patches per slide) after blur filtering 

Dataset Minim

um 

Q1 Media

n 

Q3 99th 

percentil

e 

Maxim

um 

Mean 

CAMELYON

16 

1,412 5,190 7,960 11,870 23,640 31,204 8,940 

CAMELYON

17 

1,108 4,370 6,720 10,080 22,410 27,955 7,610 

TCGA-

NSCLC 

2,031 7,040 10,180 14,350 30,620 41,877 11,24

0 
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Dataset Minim

um 

Q1 Media

n 

Q3 99th 

percentil

e 

Maxim

um 

Mean 

PANDA 96 720 1,060 1,520 3,410 5,214 1,180 

BCNB 318 1,540 2,210 3,140 6,780 9,102 2,450 

Source: Author's computation from the experimental runs of the study. 

4.2 Outcome of Preprocessing 

Across the five datasets, tiling produced 35,658,845 patches, the blur filter removed 4.1 

per cent and 34,203,120 patches went forward to feature extraction (Table 3). Removal was 

highest for TCGA-NSCLC (6.2 per cent), which includes older scans from many sites, and 

lowest for PANDA (2.1 per cent). The Otsu threshold ranged from 0.09 to 0.24 across slides, 

which confirms that a single fixed value would not have served every scanner and stain batch. 

The focus measure fell by two orders of magnitude when blur was simulated, and its distribution 

separated in-focus tissue (mode near 2,500) from out-of-focus and nearly empty patches (below 

30), as shown in Figure 4. 

Table 3. Outcome of segmentation, tiling and blur filtering 

Dataset Slides Mask 

fixes 

Mean 

tissue 

area (%) 

Patches 

after tiling 

Remove

d by 

blur (%) 

Patches 

retained 

CAMELYON

16 

399 3 31.2 3,708,004 3.8 3,567,060 

CAMELYON

17 

500 4 28.4 3,988,470 4.6 3,805,000 

TCGA-

NSCLC 

1,042 9 42.7 12,486,226 6.2 11,712,080 

PANDA 10,616 21 9.8 12,795,587 2.1 12,526,880 

BCNB 1,058 5 14.6 2,680,558 3.3 2,592,100 

Total 13,615 42 — 35,658,845 4.1 34,203,120 

Source: Author's computation from the experimental runs of the study. 
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Figure 4. Distribution of the variance-of-Laplacian focus measure over 10,000 CAMELYON16 

patches with the cut-off of 50 

Source: Generated by the author from the experimental results of the study (Python, Google 

Colab). 

4.3 Sensitivity to the Tissue Threshold 

Validation AUC was flat between minimum tissue fractions of 0.40 and 0.60 and fell at 

both extremes (Table 4). At 0.10, bags were about one third larger and contained many edge 

artefacts; at 0.90, more than 40 per cent of patches were lost, including small metastatic foci 

close to the lymph node capsule. The value of 0.50 was kept for all datasets. On PANDA, a 

check at 0.40 gave a validation quadratic weighted kappa (QWK) within 0.002 of the value at 

0.50, so no dataset-specific setting was needed. 

Table 4. Tissue threshold sensitivity on CAMELYON16 (fold 1, validation) 

Minimum tissue 

fraction 

Patches retained (% of 

0.50 setting) 

Validation 

AUC 

Change in 

AUC 

0.10 131.4 0.948 −0.014 

0.25 117.9 0.957 −0.005 

0.40 106.2 0.960 −0.002 

0.50 (selected) 100.0 0.962 reference 

0.60 93.1 0.961 −0.001 

0.75 79.2 0.955 −0.007 

0.90 58.6 0.941 −0.021 

Source: Author's computation from the experimental runs of the study. 

4.4 Effect of Stain Normalisation 

Both methods moved patches of very different appearance towards the reference colour 

(Figure 5). Macenko produced stronger shifts and occasionally oversaturated haematoxylin in 
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dense nuclear regions, whereas Vahadane gave a gentler correction that kept the background of 

adipose tissue closer to white. 

 
Figure 5. Four source patches before and after Macenko and Vahadane normalisation against the 

fixed reference 

Source: Generated by the author from the experimental results of the study (Python, Google 

Colab). 

Quantitatively, both methods improved on the unnormalised control, and the gain was 

largest under centre shift (Table 5, Figure 6). Mean leave-one-centre-out AUC on 

CAMELYON17 rose from 0.874 without normalisation to 0.903 with Macenko and 0.911 with 

Vahadane, and the hardest held-out centre (UMCU) rose from 0.829 to 0.889. The spread 

between seeds also narrowed, from 0.031 to 0.017. On PANDA, where providers differ in both 

colour and grade mix, QWK rose from 0.874 to 0.901. Vahadane was ahead of Macenko in every 

setting, although on CAMELYON16 the margin (0.007) was within one standard deviation of 

seed variation. Vahadane cost 4.6 ms per patch against 1.9 ms for Macenko, about 44 CPU-hours 

over 34.2 million patches, which was absorbed by parallel workers and did not lengthen the GPU 

stage. 

Table 5. Validation results under three stain normalisation conditions 

Conditio

n 

CAMELY

ON16 AUC 

(fold 1) 

CAMELYO

N17 AUC 

(LOCO 

mean) 

Worst 

CAMELY

ON17 

centre 

PANDA 

QWK 

(fold 1) 

Time 

per 

patch 

(ms) 

None 0.938 ± 0.874 ± 0.031 0.829 0.874 0.0 
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Conditio

n 

CAMELY

ON16 AUC 

(fold 1) 

CAMELYO

N17 AUC 

(LOCO 

mean) 

Worst 

CAMELY

ON17 

centre 

PANDA 

QWK 

(fold 1) 

Time 

per 

patch 

(ms) 

0.011 (UMCU) 

Macenko 0.955 ± 

0.008 

0.903 ± 0.019 0.876 

(UMCU) 

0.892 1.9 

Vahadane 0.962 ± 

0.007 

0.911 ± 0.017 0.889 

(UMCU) 

0.901 4.6 

Source: Author's computation from the experimental runs of the study. Mean ± SD over three 

seeds; LOCO = leave-one-centre-out. 

 
Figure 6. Validation performance with no normalisation, Macenko and Vahadane (error bars: 

SD over three seeds) 

Source: Generated by the author from the experimental results of the study (Python, Google 

Colab). 

4.5 Centre Information in the Features 

Figure 7 projects CTransPath features of CAMELYON17 patches from the five centres. 

Without normalisation the patches cluster almost entirely by centre, so the strongest signal in the 

features is where the slide came from rather than what it shows. After Vahadane normalisation 

the centre clusters merge and the projection is organised more by tissue content. The linear 

probes quantify this (Table 6, Figure 8a). A probe identified the source centre from unnormalised 

CTransPath features with 88.6 per cent accuracy; after normalisation this fell to 41.3 per cent, 

against a chance level of 20 per cent. UNI features carried slightly less centre information (84.2 

and 37.9 per cent). In both cases the probe stayed well above chance after normalisation, which 

indicates that stain colour is not the only source of centre identity; scanner optics, section 

thickness and tissue handling are likely contributors. 
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Figure 7. t-SNE projection of CAMELYON17 patch features coloured by centre, (a) without 

and (b) with Vahadane normalisation 

Source: Generated by the author from the experimental results of the study (Python, Google 

Colab). 

Table 6. Linear-probe accuracy on cached patch features (held-out patches from unseen slides) 

Probe task Stain 

normalisati

on 

CTransPath UNI Chan

ce 

Tumour vs normal 

(CAMELYON16) 

Vahadane 0.912 (AUC 

0.968) 

0.941 (AUC 

0.984) 

0.500 

LUAD vs LUSC, slide label 

per patch (TCGA) 

Vahadane 0.781 0.826 0.500 

Centre of origin 

(CAMELYON17) 

None 0.886 0.842 0.200 

Centre of origin 

(CAMELYON17) 

Vahadane 0.413 0.379 0.200 

Source: Author's computation from the experimental runs of the study. 

4.6 Comparison of the Two Encoders 

UNI features were more informative for every diagnostic task (Table 6), and the advantage 

carried through to the downstream weakly supervised model (Table 7, Figure 8b). With the 

aggregation model, folds, seeds and optimiser held fixed, UNI raised validation performance by 

0.009 AUC on CAMELYON16, 0.015 on CAMELYON17 under leave-one-centre-out 

evaluation, 0.011 on TCGA-NSCLC, 0.014 QWK on PANDA and 0.017 macro AUC on BCNB. 

The largest gains were on the two tasks that depend most on subtle morphology or on transfer 

across centres. The price is computational: UNI has eleven times as many parameters, processed 

about 800 patches per second against 2,000 for CTransPath at a batch size of 512 on the A100, 

and ran out of memory at a batch of 1,024. 
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Table 7. Encoder properties and downstream validation performance (mean over five folds and 

three seeds) 

 CTransPath UNI Difference 

Architecture CNN stem + 

Swin-T 

ViT-Large/16  

Parameters / output dimension 28 M / 768 303 M / 1,024  

Pretraining data ≈ 15 M patches > 100 M patches  

Feature storage (fp16, per 

patch) 

1,536 bytes 2,048 bytes  

CAMELYON16 AUC 0.959 0.968 +0.009 

CAMELYON17 AUC 

(LOCO) 

0.911 0.926 +0.015 

TCGA-NSCLC AUC 0.951 0.962 +0.011 

PANDA QWK 0.898 0.912 +0.014 

BCNB macro AUC 0.810 0.827 +0.017 

Source: Author's computation from the experimental runs of the study. Encoder details from 

Wang et al. (2022) and Chen, Ding, et al. (2024). 

 
Figure 8. (a) Linear-probe accuracy of the two encoders and (b) downstream gain from UNI 

features 

Source: Generated by the author from the experimental results of the study (Python, Google 

Colab). 

4.7 Computational Cost and Storage 

Feature extraction was the heaviest stage. End-to-end throughput, including slide reading, 

resizing and stain normalisation, was about 820 patches per second for CTransPath and 560 for 

UNI, and GPU utilisation stayed above 90 per cent during encoding. The GPU stage took 11.6 

hours for CTransPath and 17.0 hours for UNI over all datasets (Table 8, Figure 9), excluding 

download time, which depended on the source servers and was the main bottleneck for TCGA-
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NSCLC and CAMELYON17 (six to nine hours per batch of 100 slides). Features for both 

encoders occupied 122.6 GB on Drive, against more than 4 TB of raw slides. 

Table 8. Feature extraction time and storage by dataset (A100, GPU stage) 

Dataset Patches CTransPa

th time (h) 

UNI 

time (h) 

CTransPat

h storage 

(GB) 

UNI 

storage 

(GB) 

CAMELYON

16 

3,567,060 1.21 1.77 5.48 7.31 

CAMELYON

17 

3,805,000 1.29 1.89 5.84 7.79 

TCGA-

NSCLC 

11,712,080 3.97 5.81 17.99 23.99 

PANDA 12,526,880 4.24 6.21 19.24 25.66 

BCNB 2,592,100 0.88 1.29 3.98 5.31 

Total 34,203,120 11.59 16.97 52.54 70.05 

Source: Author's computation from the experimental runs of the study. 

 
Figure 9. (a) GPU-stage extraction time and (b) feature storage per dataset for the two encoders 

Source: Generated by the author from the experimental results of the study (Python, Google 

Colab). 

4.8 Reproducibility Checks 

Deterministic mode cost about 9 per cent of training speed on the A100 but made repeated 

runs with the same seed identical. A CAMELYON16 training run interrupted deliberately at 

epoch 12 and resumed from its checkpoint matched an uninterrupted run with the same seed to 

six decimal places at every epoch, which shows that the checkpoint captured the complete state, 

including the random number generators. A patient-leakage check confirmed empty intersections 

of patient identifiers across folds for the datasets that provide them. Finally, one CAMELYON16 
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fold trained on the free T4 runtime took 2.6 times as long as on the A100 and reached the same 

validation AUC to the third decimal place. 

5. Discussion 

The first finding is that stain normalisation still matters when features come from a large 

self-supervised encoder. Normalisation gave its largest benefit precisely where it is most needed, 

on held-out centres, and the worst centre gained six points of AUC. This agrees with earlier work 

on convolutional networks (Ciompi et al., 2017; Tellez et al., 2019) and extends it to frozen 

foundation features: pretraining on diverse data reduces but does not remove sensitivity to 

colour. 

The second finding is that centre identity survives normalisation. A probe could still name 

the source centre at about twice the chance rate after Vahadane normalisation, with either 

encoder. Colour is therefore only one channel through which site information enters the features, 

in line with the site signatures described by Howard et al. (2021). In practice this means that 

random slide-level splits can overstate performance whenever centre and label are correlated, as 

they are by provider and grade in PANDA, and that leave-one-centre-out evaluation should be 

reported alongside conventional cross-validation (Kleppe et al., 2021). 

The third finding concerns the preprocessing thresholds. Validation AUC was stable over a 

broad range of tissue fractions, so the exact value is less important than avoiding the extremes, 

and the blur filter removed a small, mostly genuine fraction of patches. Reporting such 

sensitivity checks costs little and allows other groups to judge whether a pipeline's conclusions 

depend on arbitrary choices. 

Finally, the study shows that a multi-dataset gigapixel pipeline can be run on hosted 

notebooks. Three design decisions made this possible: keeping only features on persistent 

storage, treating session loss as routine through per-slide and per-epoch checkpoints, and 

recording the commit, configuration and data files of every run. Because the downstream model 

needs at most 5.1 GB of GPU memory and therefore fits on a free T4 runtime, groups without 

dedicated hardware can reproduce and extend the work, which is relevant to research settings 

where GPU servers are scarce. 

5.1 Limitations 

The comparisons reported here use validation partitions; confirmation on the reserved test 

partitions is needed. Only two normalisation methods and two encoders were compared, and 

colour augmentation, which may complement normalisation, was not tested. The reference image 

for normalisation was a single fixed mosaic, and a different reference could change the results. 

PANDA folds were formed at biopsy level because patient identifiers are not public. Download 

time was not controlled and will vary with location and network. 
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6. Conclusion 

A complete preprocessing and feature-extraction pipeline for 13,615 whole slide images 

was run on Google Colab, reducing more than 4 TB of raw slides to 122.6 GB of cached features 

from two frozen encoders. Downstream performance was robust to the tissue threshold over a 

wide range, Vahadane normalisation gave the largest gains under centre shift, centre information 

remained detectable in the features after normalisation, and UNI features outperformed 

CTransPath on every dataset at higher computational cost. These results support routine stain 

normalisation and leave-one-centre-out evaluation even with foundation encoders, and they show 

that careful engineering allows gigapixel pathology research to be carried out reproducibly 

without dedicated hardware. 

Data availability: All datasets are publicly available from their original sources. Notebooks, 

configuration files, patch coordinates and fold lists will be made available on request. 

Conflict of interest: The authors declare no conflict of interest. 
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