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The potential of artificial intelligence (AI) in digital pathology is limited by technical inconsistencies in
the production of whole slide images (WSIs). This causes degraded Al performance and poses a
challenge for widespread clinical application, as fine-tuning algorithms for each site is impractical.
Changes in the imaging workflow can also compromise diagnostic accuracy and patient safety. Physical
color calibration of scanners, relying on a biomaterial-based calibrant slide and a spectrophotometric
reference measurement, has been proposed for standardizing WSI appearance, but its impact on Al
performance has not been investigated. We evaluated whether physical color calibration can enable
robust Al performance. We trained fully supervised and foundation model—based Al systems for
detecting and Gleason grading prostate cancer using WSIs of prostate biopsies from the STHLM3
clinical trial (n = 3651) and evaluated their performance in 3 external cohorts (n = 1161) with and
without calibration. With physical color calibration, the fully supervised system’s concordance with
pathologists’ grading (Cohen linearly weighted k) improved from 0.439 to 0.619 in the Stavanger
University Hospital cohort (n = 860), from 0.354 to 0.738 in the Karolinska University Hospital cohort
(n = 229), and from 0.423 to 0.452 in the Aarhus University Hospital cohort (n = 72). The foundation
model's concordance improved as follows: from 0.739 to 0.760 (Karolinska), from 0.424 to 0.459
(Aarhus), and from 0.547 to 0.670 (Stavanger). This study demonstrated that physical color calibration
provides a potential solution to the variation introduced by different scanners, making Al-based cancer
diagnostics more reliable and applicable in diverse clinical settings.

© 2025 THE AUTHORS. Published by Elsevier Inc. on behalf of the United States & Canadian Academy
of Pathology. This is an open access article under the CC BY license (http://creativecommons.org/
licenses/by/4.0/).
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Introduction

Application of artificial intelligence (Al) to digital pathology
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prognostication,”> and prediction of molecular biomarkers.?
However, inconsistencies in whole slide image (WSI) acquisition
and postprocessing due to scanner instruments*® can degrade Al
performance.”® Limited generalizability of Al models across
scanners and sites is a considerable hurdle to their widespread
clinical adoption as model tweaking and validation at each new
deployment site is not feasible. Site-specific fine-tuning is also
problematic in terms of medical device regulations and clinical
validation of Al algorithms.

Even after an Al model has been fine-tuned to a given
laboratory, unexpected changes can arise in the imaging work-
flow, such as damage or wear of scanner components or software
updates. This can lead to incorrect diagnoses and poses a threat to
patient safety. Statistical methods like conformal prediction® have
been proposed for detecting changes in the data generation pro-
cess, indicating that the Al outputs may no longer be reliable.
Although detecting such issues is important, avoiding them
altogether through robust Al algorithms and normalization or
standardization techniques would be preferred. With normaliza-
tion, we refer to reducing variation across WSIs in relation to an
arbitrary reference input data set, whereas standardization pro-
duces image characteristics conforming to a universal reference
standard.

The brute-force approach for improved Al generalization is to
use training data from an increased number of sources. However,
it will be difficult to account for all possible sources of variation
that new scanner instruments may produce in the future. A
widely applied approach is data augmentation, that is, pertur-
bation of the colors, contrast, or other image characteristics
randomly during training.'® It is, however, challenging to design
universally applicable augmentations that cover all real-world
variance while not impacting the correlations between image
features and output labels.!" Data augmentation designed to
improve performance on a given data set may not generalize to
other data sources, where different types or magnitudes of
variation may be present.

Computational stain normalization is an alternative for
minimizing discrepancies in image characteristics. Classical
methods often rely on estimating the hematoxylin and eosin
stain components from a WSI and transforming them to match a
reference image.'” These types of methods tend to produce
mixed results.'” More recent learning-based methods use cycle-
consistent generative adversarial networks (cycle-GANs), which
automate image-to-image style translation without paired data'®
and have proven well suited for stain normalization.' Challenges
include artifact generation, need for model retraining for new
data sources and changing conditions, and sensitivity to the
choice of reference WSIs. In addition to requiring large data sets,
which is problematic for small research groups or local clinics,
these methods do not provide simple, quantitative readouts for
quality assurance (QA).

As an alternative, a physical calibrant has been proposed for
standardizing WSI appearance.'®> According to the FDA, a calibra-
tion slide should contain a set of measurable and representative
color patches, which possess spectral characteristics similar to
stained tissue.'® By scanning and analyzing the calibration slide, it
is possible to estimate the International Color Consortium (ICC)
profile of a scanner!” (https://www.color.org/specification/ICC.1-
2022-05.pdf), and WSIs produced by this scanner can then be
calibrated to conform to a target ICC profile. As an alternative,
scanner manufacturers also have the opportunity to embed ICC
profiles into WSIs, but currently, only few scanners do this, and
their color profiling processes and accuracy vary. Calibration has
been shown to improve the visual concordance of WSIs with

microscopy and the diagnostic confidence of pathologists.”
Although standardization of WSIs to a specific physical standard
as such is not currently crucial for Al-based analysis, application of
color calibration also provides a normalization effect, removing
problematic variation in WSI characteristics via a traceable and
explainable process.

We hypothesized that physical color calibration of scanners can
provide a consistent and lightweight means of standardizing WSIs,
resulting in improved Al generalization across different clinical
sites. The computational pathology community has focused
considerable efforts on the generalization problem but physical
calibration is, to the best of our knowledge, unexplored as a po-
tential solution. To test our hypothesis, we applied a commercial
color calibration slide to standardize WSIs of prostate biopsies
collected at 4 different sites each using a different scanner model
and assessed the effect of calibration on the diagnostic performance
of a fully supervised Al system we have developed earlier! for the
intensively studied task of detecting and Gleason grading prostate
cancer.”'®?! In addition, to benchmark the performance of the
calibration slide against computational normalization methods, we
applied the Macenko and cycle-GAN algorithms to the data sets and
assessed their effect on Al performance.

Foundation models have recently been introduced for
computational pathology.??>">* These large-scale models, typically
pretrained in a task-agnostic manner using vast amounts of un-
labeled heterogeneous pathological data, are hypothesized to
have the capacity to generalize well across various sites and
scanners and to be adaptable to a wide range of downstream tasks
with minimal fine-tuning.”*?° To investigate this hypothesis and
the potential role of foundation models in solving the general-
ization problem in computational pathology, we additionally
implemented another Al system relying on the recently released
visual transformer—based foundation model UNI** and analyzed
the effect of physical color calibration on its cross-site general-
ization performance.

Materials and Methods
Sample Collection

For Al training, we used prostate core needle biopsies collected
in the STHLMS3 clinical trial (ISRCTN84445406)%° of 2012-2014 in
Stockholm, Sweden. In total, 3651 biopsy cores from 957 partici-
pants were digitized with 20x magnification using an Aperio AT2
scanner (Leica Biosystems) at SciLifeLab. For Al tuning and eval-
uation, we collected data from 3 external sites. From Karolinska
University Hospital, Stockholm, Sweden, we obtained 329 biopsy
cores (73 patients) scanned by a Hamamatsu NanoZoomer S360
C13220 scanner (Hamamatsu Photonics) with 20x magnification.
From Aarhus University Hospital, Aarhus, Denmark, we obtained
102 biopsy cores (42 patients) scanned by a Hamamatsu Nano-
Zoomer 2.0-HT C9600-12 scanner with 20x magnification. From
Stavanger University Hospital, Stavanger, Norway, 1228 biopsy
cores (200 patients) were scanned with a Hamamatsu Nano-
Zoomer S60 C13210 with 40x magnification. All cohorts were
collected as part of clinical trials or using an otherwise controlled
sampling scheme to ensure clinically representative patient
characteristics (for details, see Supplementary Methods).

All STHLM3 and Karolinska University Hospital cores were
graded following the International Society of Urological Pathology
(ISUP) grading classification by an experienced urologic patholo-
gist (L.E.), who also delineated the cancerous areas with a marker
pen and measured the linear cancer extent. Slides from Aarhus
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and Stavanger cohorts were similarly graded by pathologists from
the corresponding hospitals. All core needle biopsy slides in this
study were routinely stained with hematoxylin and eosin in the
respective laboratory at each site.

For training the cycle-GAN normalization model, a tuning set
specific to each site is required. From Karolinska University Hos-
pital, 100 (30.4%) slides were assigned for tuning the hyper-
parameters of the Al model and for training the GAN. From Aarhus
University Hospital and Stavanger University Hospital, 30 (29.4%)
and 368 (30.0%) slides, respectively, were assigned to a tuning set
for training the GAN. The remaining slides from each site were
used as test sets. Slides were assigned to tuning and test sets
randomly, stratified by ISUP grade.

The study is conducted in agreement with the tenets of the
Helsinki Declaration. The collection of patient samples was
approved by the Stockholm regional ethics committee (permits
2012/572-31/1, 2012/438-31/3, and 2018/845-32), the Swedish
Ethical Review Authority (permit 2019-05220), and the Regional
Committee for Medical and Health Research Ethics (REC) in
Western Norway (permits REC/Vest 80924, REK 2017/71).
Informed consent was provided by the participants in the Swedish
data set. For the other data sets, informed consent was waived by
the institutional review board due to the usage of deidentified
prostate specimens in a retrospective setting. Table 1 presents the
detailed composition of training, tuning, and test data.

Artificial Intelligence System

We based the fully supervised Al system on a previously
published model,! where the tissue in each WSI is divided into
patches (~540 x 540 pum). The individual patches are classified
into benign or malignant and further into Gleason pattern 3, 4, or
5, using InceptionV3?’ deep neural networks. For aggregating
patch-level predictions into slide-level predictions of cancer
presence, cancer length, and ISUP grade, we used gradient boosted
trees.

Table 1
Baseline characteristics of included prostate biopsy slides

In addition, we implemented a weakly supervised Al model
relying on the transformer—based foundation model UNIL>* To
ensure maximal image quality and generalization performance,
we adjusted our patch size to match the UNI pretraining pa-
rameters (224 x 224 pm). Briefly, the features of every patch
are extracted by a ViT-Large architecture,”® which was
pretrained using the DINOv2 self-supervised learning frame-
work,?® and patch-level features are aggregated into a
WSI-level feature vector using a gated attention mechanism.*’
Finally, a linear classifier uses these aggregated features to
produce slide-level predictions of the ISUP grade in the form of
a continuous regression output (rounded to the nearest integer
to provide the final ISUP grade, with O indicating a benign
sample).

Both models were trained using approximately 2.9 million
patches from the STHLM3 data set, scanned on the Aperio AT2
scanner. For comparing color normalization or calibration
methods, the models were retrained using patches processed
with each method as input (see Color Calibration and
Normalization methods). Hyperparameters and decision
thresholds for cancer detection were optimized based on the
Karolinska University Hospital tuning set to maximize area
under the curve for cancer detection, Cohen k for ISUP grading,
and linear correlation for cancer length estimation (see Statis-
tical analysis for details), and applied to all test sets without
modifications. This cohort was chosen for tuning to ensure
consistency of the reference standard (grading by L.E.) between
training and tuning data, which allowed hyperparameter se-
lection to optimize the technical generalizability of the models
to data from a different laboratory and scanner, without
simultaneously introducing a change of reference standard.
This provided a competitive baseline in the absence of color
management and ensured a fair comparison between different
color management methods.

For the fully supervised model, deep neural networks were
implemented in Python (3.6.9) using TensorFlow (2.3.0)°>' and
boosted trees using XGBoost (1.2.1).3> UNI was implemented in

Variable Digitized biopsy slides
STHLM3 Karolinska University Aarhus University Hospital Stavanger University Hospital
(number of Hospital (number of (number of patients = 42) (number of patients = 200)
patients = 957) patients = 73)
Training Tuning Test Tuning Test Tuning Test
No. of slides 3651 100 229 30 72 368 860
Scanner Aperio AT2 Hamamatsu NanoZoomer Hamamatsu NanoZoomer Hamamatsu NanoZoomer
S360 C13220 2.0-HT C9600-12 S60 C13210
Cancer length, number of slides (%)
No cancer 739 (20.2) 33(33.0) 75 (32.8) 13 (43.3) 30 (41.7) 261 (70.9) 609 (70.8)
>0-1 mm 752 (20.6) 8(8.0) 24 (10.5) 3(10.0) 2(2.8) 24 (6.5) 55 (6.4)
>1-5 mm 1105 (30.3) 25 (25.0) 52 (22.7) 2(6.7) 16 (22.2) 32(8.7) 86 (10.0)
>5-10 mm 691 (18.9) 25 (25.0) 50 (21.8) 7 (23.3) 17 (23.6) 16 (4.3) 46 (5.4)
>10 mm 364 (10.0) 9(9.0) 28 (12.2) 5(16.7) 7(9.7) 35(9.5) 64 (7.4)
Cancer grade, number of slides (%)
Benign 739 (20.2) 33(33.0) 75 (32.8) 13 (43.3) 30 (41.7) 261 (70.9) 609 (70.8)
ISUP 1 (3+3) 1156 (31.6) 19 (19.0) 45 (19.6) 8 (26.7) 18 (25.0) 62 (16.8) 145 (16.9)
ISUP 2 (3+4) 459 (12.6) 19 (19.0) 44 (19.2) 7 (23.3) 18 (25.0) 18 (4.9) 43 (5.0)
ISUP 3 (4+3) 309 (8.5) 15 (15.0) 34 (14.8) 0 1(1.4) 13 (3.5) 32(3.7)
ISUP 4 (4+4, 345, and 5+3) 576 (15.8) 6 (6.0) 18 (7.9) 2(6.7) 5(6.9) 7 (1.9) 15 (1.7)
ISUP 5 (4+5, 5+4, and 5+5) 412 (11.3) 8 (8.0) 13 (5.7) 0 0 7 (1.9) 16 (1.9)

ISUP, International Society of Urological Pathology.
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Python (3.8.10) using PyTorch (2.1.1) and the required de-
pendencies,”* and the pretrained weights were obtained from
https://huggingface.co/MahmoodLab/UNI. Computing was per-
formed on GPU clusters Alvis, part of the National Academic
Infrastructure for Supercomputing in Sweden, and Berzelius, at
the National Supercomputer Centre. For details, see Appendix.

Color Calibration and Normalization

For physical color calibration, we used Sierra (PathQA Ltd).>* The
spectrophotometrically characterized slide contains patches of
biopolymer treated with varying combinations of stain intensities
representative of typical histopathology stains (Fig. 1 and
Supplementary Fig. S1) and is made to exactly replicate the FDA
guidelines for WSI precision and accuracy testing.'®>* The manu-
facturer has registered as a creator of ICC profiles that meet the ICC
standard (ICC creator tag PAQA), and slides are measured before
distribution using a calibrated, highly accurate spectrophotometer
traceable to UK National Physical Laboratory Standards. The AE
calculations are conducted according to ISO 11664-6:2022. The ICC
profiles estimated based on Sierra are DICOM and ICCv4 compliant
and adhere to ISO 15076-1:2010. We scanned Sierra on each of the 4
scanners using settings identical to the biopsy specimens, and ICC
profiles for each scanner were generated at PathQA. We also eval-
uated applying the embedded ICC profile by the scanner vendor
available for the Aperio AT2 scanner. To calibrate images produced
by a given scanner, we mapped the image patches from the input
space defined by the scanner’s ICC profile to a standard RGB color
space with the ImageCms module (1.0.0 pil) from the Pillow library
(8.0.0) in Python.

As a baseline computational color normalization approach, we
used the method of Macenko et al,'> modified to estimate slide-
level instead of patch-level stain vectors. Initially, luminosity
was slide-level corrected based on 100 random patches from the
WSI under study. A reference stain vector, representing the
normalized stain target, was then estimated from 2000
luminosity-corrected patches randomly sampled from all training
WSIs. After establishing the reference stain vector, slide-level stain
vectors were estimated from 100 randomly sampled tiles per WSI,
and all WSIs were normalized to the reference target. The code
was adapted from the StainTools (https://github.com/Peter554/
StainTools) and Staining Unmixing and Normalization in Python
packages (https://github.com/schaugf/HEnorm_python).

As a state-of-the-art computational color normalization
method, we implemented the unsupervised GAN-based
method, Cycle-GAN."> A representative target WSI was
selected from the STHLM3 data set (training) by L.E., and the
rest of the WSIs were used as source samples. A separate GAN
model was trained for each of the 4 sites based on a site-
specific tuning set (see Sample Collection) and applied on the
remaining slides from each site to transform them to match the
appearance of the target WSI. For details, see Appendix.

Statistical Analysis

We evaluated the concordance of Al with pathologists in ISUP
grading using linearly weighted Cohen k, in cancer detection using
sensitivity and specificity, and in cancer length estimation using
the linear correlation coefficient. For the fully supervised models,
which produce classwise output probabilities, the effects of
physical color calibration and computational normalization

methods on the discrimination and calibration properties of the
models were additionally studied with receiver operating char-
acteristics (ROC) analysis and calibration curves. The calibration
curves indicate the true frequency of the positive label against its
predicted probability for binned predictions. All evaluations were
performed on slide-level predictions. All CIs were 2-sided with
95% confidence level and calculated from 1000 bootstrap samples.
Statistically significant differences were assessed using the
McNemar test for sensitivity and specificity and the z-test for ISUP
k and cancer length correlation.

Results

We first assessed the ability of the fully supervised Al system to
detect and Gleason grade prostate cancer, first without any color
management and then with each of the calibration or normali-
zation techniques applied to both the training and test data. All
test data were external, representing samples prepared in a
different laboratory and scanned on a different scanner than the
training data. In the Karolinska University Hospital set, Cohen
linearly weighted k for Gleason grading improved from 0.354 (95%
Cl, 0.288-0.417) to 0.738 (95% CI, 0.692-0.784) using Sierra color
calibration. For cancer detection without calibration, we observed
sensitivity and specificity of 0.955 (95% CI, 0.917-0.987) and 0.987
(95% (I, 0.955-1.000) and, with Sierra calibration applied, values
of 0.987 (95% CI, 0.966-1.000) and 0.813 (95% CI, 0.722-0.897),
respectively. The correlation coefficients between cancer lengths
reported by the Al system and the pathologists exhibited a modest
enhancement from 0.824 (95% CI, 0.781-0.863) to 0.834 (95% CI,
0.790-0.876) when Sierra calibration was applied. On the Aarhus
data set without calibration vs with calibration, the Cohen «
coefficient was 0.423 (95% CI, 0.319-0.541) vs 0.452 (95% CI,
0.346-0.557), the sensitivity was in both cases 0.952 (95% CI,
0.875-1.000), the specificity was 0.967 (95% Cl, 0.889-1.000) vs
0.933 (95% CI, 0.826-1.000), and the linear correlation was 0.811
(95% (I, 0.706-0.895) vs 0.820 (95% CI, 0.691-0.914). In the case of
the Stavanger data set without calibration vs with calibration, we
observed Cohen k coefficients of 0.439 (95% CI, 0.383-0.491) vs
0.619 (95% CI, 0.578-0.657), sensitivity of 0.518 (95% CI, 0.456-
0.580) vs 0.904 (95% CI, 0.867-0.938), specificity of 0.997 (95% CI,
0.992-1.000) vs 0.959 (95% CI, 0.941-0.974), and linear correlation
coefficients of 0.817 (95% CI, 0.758-0.863) vs 0.844 (95% CI, 0.788-
0.892). For context, typical interpathologist k values are in the
approximate range of 0.5 to 0.8.%°

To compare Sierra with computational color normalization, we
conducted otherwise identical experiments using Macenko and
cycle-GAN methods for processing the training, tuning, and test
data. Compared with the baseline of no normalization, the
Macenko method provided a clear improvement on the Karolinska
University Hospital data with k for Gleason grading of 0.650 (95%
Cl, 0.588-0.710), sensitivity and specificity for cancer detection of
0.981 (95% CI, 0.955-1.000) and 0.880 (95% CI, 0.803-0.949),
respectively, and linear correlation for cancer length of 0.845 (95%
CI, 0.806-0.883). However, it led to slight deterioration of perfor-
mance on Aarhus data with k of 0.408 (95% CI, 0.295-0.513),
sensitivity and specificity of 0.952 (95% CI, 0.881-1.00) and 0.867
(95% CI, 0.731-0.971), respectively, and linear correlation of 0.749
(95% CI, 0.557-0.901), and considerably degraded performance on
Stavanger data with k of 0.281 (95% CI, 0.221-0.340), sensitivity
and specificity of 0.378 (95% CI, 0.316-0.443) and 0.954 (95% CI,
0.936-0.971), respectively, and linear correlation of 0.578 (95% CI,
0.502-0.645). Cycle-GAN considerably improved performance on
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3651 training WSls 229 test WSls 72 test WSls 860 test WSls
from STHLM3 from Karolinska from Arhus from Stavanger
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Figure 1.

Overview of the study pipeline. The tissue region in the input whole slide image (WSI) is first split into patches. Here, one patch is taken as an example for demonstrating the
result of color calibration and normalization. Models were trained independently on the original data, Sierra-calibrated data, and data normalized with the Macenko or cycle-
GAN algorithms. The details of the Al systems used (“Machine learning pipelines”) are presented in Supplementary Figure S1. This figure was created using BioRender (https://
BioRender.com/v05u633). GAN, generative adversarial networks.
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the Karolinska University Hospital data set with k of 0.655 (95% CI,
0.597-0.711), sensitivity and specificity of 0.961 (95% CI, 0.929-
0.987) and 0.96 (95% CI, 0.909-1.000), respectively, and linear
correlation of 0.889 (95% CI, 0.856-0.919). Its performance on the
Aarhus data set was mediocre, with k of 0.368 (95% CI, 0.249-
0.479), sensitivity of 0.952 (95% CI, 0.880-1.000), specificity of
0.833 (0.692-0.960), and linear correlation of 0.720 (0.505-0.889).
For the Stavanger slides, cycle-GAN performed comparably with
the Sierra color calibration, with k of 0.623 (95% CI, 0.578-0.663),
sensitivity and specificity of 0.968 (95% CI, 0.944-0.988) and 0.882
(95% CI, 0.856-0.906), respectively, and linear correlation of 0.862
(95% (I, 0.812-0.907).

We performed ROC and calibration curve analyses to investigate
whether the improvements in model performance achieved with
Sierra calibration are due to improved discrimination capacity be-
tween benign vs malignant samples or improved model calibration
(Fig. 2). We observed minimal differences between models relying
on noncalibrated vs calibrated data in terms of discriminative ca-
pacity measured with area under the ROC curve: 0.971 (95% CI,
0.942-0.992) vs 0.989 (95% CI, 0.973-0.999) for Karolinska, 0.964
(95% CI1, 0.898-1.000) vs 0.963 (95% CI, 0.913-1.000) for Aarhus, and
0.982 (95% (I, 0.972-0.990) vs 0.976 (95% CI, 0.963-0.986) for Sta-
vanger. In contrast, the calibration curves showed marked differ-
ences indicative of improved model calibration.

Finally, to assess whether physical color calibration could even
be beneficial in the context of foundation models, we evaluated
the performance of the Al system based on the UNI model using
the same training and testing data set structure. The k for ISUP
grading was improved with Sierra calibration from 0.739 (95% CI,
0.689-0.786) to 0.760 (95% CI, 0.710-0.804) for Karolinska Uni-
versity Hospital data, from 0.424 (95% CI, 0.302-0.546) to 0.459
(95% CI, 0.330-0.587) for Aarhus data, and from 0.547 (95% CI,
0.504-0.582) to 0.670 (95% (I, 0.631-0.711) for Stavanger data. The
sensitivity and specificity values without color calibration were
0.994 (95% CI, 0.980-1.000) and 0.813 (95% CI, 0.718-0.900) for
Karolinska; 0.952 (95% CI, 0.881-1.000) and 0.533 (95% CI, 0.360-
0.720) for Aarhus; and 0.968 (95% CI, 0.948-0.988) and 0.669 (95%
Cl, 0.632-0.707) for Stavanger, respectively. With Sierra color
calibration, sensitivity and specificity values were 0.987 (95% CI,
0.966-1.000) and 0.787 (95% CI, 0.691-0.877) for Karolinska; 0.952
(95% (I, 0.881-1.000) and 0.667 (95% CI, 0.500-0.846) for Aarhus;
and 0.912 (95% CI, 0.875-0.945) and 0.847 (95% CI, 0.819-0.876) for
Stavanger, respectively.

The performance metrics of the fully supervised and UNI-
based models are summarized in Tables 2 and 3, respectively.
Corresponding confusion matrices for the 2 models are presented
for cancer detection in Supplementary Tables S1 and S2 and for
ISUP grading in Supplementary Figures S2 and S3. Scatter plots of
predicted and pathologist-reported cancer lengths are presented
in Supplementary Figure S4. As an alternative baseline to uncor-
rected WSIs, we evaluated using the scanner’s embedded color
profile for calibration (available only for the Aperio AT2), but the
resulting performance was inferior to using uncorrected data
(Supplementary Tables S3 and S4).

Discussion

Our experiments demonstrated that a physical calibrant slide
serves as a robust color calibration method for Al-assisted
computational pathology. Physical calibration exhibited a consis-
tently positive or neutral effect across different data sources on Al
performance in detecting prostate cancer, Gleason grading, and

estimating cancer extent in biopsies. Although the effect on
discriminatory capacity was rather modest, the improvement in
model calibration was striking (Fig. 2). This was reflected in
considerably improved Gleason grading performance measured at
a classifier operating point that was specified on the tuning set
and then applied to the other cohorts without further adjustments
(Table 2). For example, the more than 100% improvement in Cohen
k on the Karolinska University Hospital cohort represents a dif-
ference between an Al model that could be considered a risk to
patient safety and one that would perform comparably with pa-
thologists. Similarly, in the Stavanger University Hospital cohort,
without any calibration the sensitivity of the Al model dropped to
51.8%. When calibration was applied, the sensitivity remained at
90.4%, much closer to the intended tuning set value. Ultimately, a
discrete classification decision, for example, a cancer diagnosis or
grade is typically needed and although often neglected in Al
studies, model calibration is of crucial importance for practical
applications.®® In the Aarhus cohort, physical calibration had a
neutral effect on Al performance. We hypothesized that this may
be due to a lower degree of initial miscalibration between the
training data and the Aarhus data or due to the minimal propor-
tion of high-grade cases in this cohort. High-grade cases (ISUP 3-5)
tend to be the most challenging in terms of Al generalization
because of their lower prevalence in training data compared with
benign and ISUP 1-2 cases, and cohorts enriched for low-grade
tumors could thus be expected to benefit less from calibration
approaches.

Computational normalization techniques have the advantage
of correcting for variations arising from other sources than the
scanner and are therefore likely to outperform physical calibration
on some data cohorts in terms of absolute performance but
require considerable training or reference data sets. This is
exemplified by the slight advantage of cycle-GAN normalization
compared with Sierra calibration on the largest cohort of the
study, Stavanger University Hospital. In contrast, for the Aarhus
data set, relying on only 30 slides to train the cycle-GAN, relatively
weak performance was observed, particularly in terms of cancer
grading. Moreover, complex models like cycle-GAN risk gener-
ating image artifacts commonly referred to as hallucinations,'*>’
where the tissue morphology is unintentionally altered.
Although physical calibration was not the top-performing method
in all data sets when compared with computational color
normalization, the stable performance of the method is a crucial
advantage and contrasts to the unpredictable behavior of the
computational approaches. Physical calibration does not require
training or reference samples apart from the calibrant itself, which
may explain the consistent performance observed also for the
smaller cohorts in this study. Indeed, this may provide a route to
scaledown Al to sites producing less data such as research groups
and local clinics, which in reality represent more numerous use
cases than big data from regional hospitals.

Besides the issues with scaling to new sites, computational
normalization methods are problematic in terms of medical de-
vice regulations with respect to model validation and trans-
parency of the processes being used. To account for changes over
time in the sample preparation and scanning, approaches like the
cycle-GAN would require retraining and revalidation of the model
periodically at each site, which would be highly challenging in
practice. Physical calibration provides independent quantification
against a universal standard for real-time QA or good laboratory
practice, using an established methodology that can be integrated
anywhere in the postscanning workflow, including into the
scanners themselves. The few scanner manufacturers that already
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Figure 2.

ROC curves with AUC (A-C) and calibration curves (D-O) for cancer detection in individual cores, with original, Sierra-calibrated, Macenko-normalized or cycle-GAN normalized
WSIs. Columns from left to right: data from Karolinska University Hospital, Aarhus University Hospital, and Stavanger University Hospital. Dashed gray lines in ROC curves
represent the baseline curve corresponding to random guessing, whereas the ones in calibration curves represent an ideally calibrated model. The 90% Cls for calibration curves
are visualized using the gray ribbon. AUC, area under the curve; GAN, generative adversarial networks; ROC, receiver operating characteristic; WSIs, whole slide images.
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a

0.845 (0.806-0.883

Table 2
Evaluation metrics for slide-level cancer diagnosis performance using the fully supervised models
Cohort & metric Original Sierra Macenko cycle-GAN
Karolinska University Hospital
Sensitivity 0.987 (0.966-1.000) 0.955 (0.917-0.987) 0.981 (0.955-1.000) 0.961 (0.929-0.987)
Specificity 0.813 (0.722-0.897) 0.987 (0.955-1.000) 1 0.880 (0.803-0.949) 0.960 (0.909-1.000)
ISUP « 0.354 (0.288-0.417) 0.738 (0.692-0.784)1* 0.650 (0.588-0.710) 1 0.655 (0.597-0.711)1
( "

Length correlation

0.824 (0.781-0.863)

Aarhus University Hospital

Sensitivity
Specificity

ISUP k

Length correlation

0.952 (0.875-1.000)
0.967 (0.889-1.000)
0.423 (0.319-0.541)
0.811 (0.706-0.895)

0.834 (0.790-0.876)

0.952 (0.875-1.000)
0.933 (0.826-1.000)
0.452 (0.346-0.557)
0.820 (0.691-0.914)°

0.952 ( )
0.867 (0.731-0.971)
0.408 (0.295-0.513)
0.749 (0.557-0.901)

0.881-1.000

0.889 (0.856-0.919)1°

0.952 (0.880-1.000)
0.833 (0.692-0.960)
0.368 (0.249-0.479)
0.720 (0.505-0.889) |

Stavanger University Hospital

Sensitivity 0.518 (0.456-0.580) 0.904 (0.867-0.938)1 0.378 (0.316-0.443) | 0.968 (0.944-0.988)1°
Specificity 0.997 (0.992-1.000) 0.959 (0.941-0.974) 0.954 (0.936-0.971) 0.882 (0.856-0.906)
ISUP k 0.439 (0.383-0.491) 0.619 (0.578-0.657)1 0.281 (0.221-0.340) | 0.623 (0.578-0.663)1
Length correlation 0.817 (0.758-0.863) 0.844 (0.788-0.892)1 0.578 (0.502-0.645) 0.862 (0.812-0.907)1°

Measurements in this table include sensitivity and specificity for cancer detection, linearly weighted Cohen « for ISUP grade (ISUP k), and the linear correlations between
cancer lengths estimated by the Al system and the pathologist (length correlation). Values in parentheses indicate 95% Cls. For each color correction method (Sierra,
Macenko, and cycle-GAN), upward and downward arrows indicate a statistically significant (P < .05) improvement or decline, respectively, relative to the model without

color correction (original).

2 The color correction method provided a statistically significant (P < .05) improvement compared to both of the other 2 color correction methods.

embed ICC profiles into WSIs use their own generic profiles to a
variety of accuracies, with the aim of masking hardware variability
and rendering desired output colors. However, not all scanners
use ICC profiles, and instead attempt to create color fidelity purely
by the choice of optical and lightpath components, which inher-
ently creates large variability in accuracy and supplier batch ef-
fects. Owing to these reasons, a universal and vendor-agnostic
method is still currently needed to standardize the variable or
absent use of ICC profiles by scanner manufacturers.

Foundation models have recently emerged as powerful new
tools for computational pathology?>?#3%-4Y and represent a shift
away from the traditional approach of training highly specialized
“narrow” models for each particular application, instead providing
a step in the direction of multipurpose models applicable to
diverse tasks. Using foundation models pretrained on massive
data sets representing different tissue types, clinical sites, and
scanners as stepping stones for building models for a specific task
not only accelerates Al development and decreases the need for

Table 3
Evaluation metrics for slide-level cancer diagnosis performance using the models
with UNI

Cohort & metric Original Sierra

Karolinska University Hospital

Sensitivity 0.994 (0.980-1.000) 0.987 (0.966-1.000)

Specificity 0.813 (0.718-0.900) 0.787 (0.691-0.877)

ISUP « 0.739 (0.689-0.786) 0.760 (0.710-0.804)
Aarhus University Hospital

Sensitivity 0.952 (0.881-1.000) 0.952 (0.881-1.000)

Specificity 0.533 (0.360-0.720) 0.667 (0.500-0.846)

ISUP « 0.424 (0.302-0.546) 0.459 (0.330-0.587)
Stavanger University Hospital

Sensitivity 0.968 (0.948-0.988) 0.912 (0.875-0.945) |

Specificity 0.670 (0.632-0.708) 0.847 (0.819-0.876)1

ISUP « 0.547 (0.504-0.582) 0.670 (0.631-0.711)1

Measurements in this table include sensitivity and specificity for cancer detection
and linearly weighted Cohen k for ISUP grade (ISUP k). Values in parentheses
indicate 95% Cls. For the model using color correction (Sierra), upward and
downward arrows indicate a statistically significant (P < .05) improvement or
decline, respectively, relative to the model without color correction (original).

large amounts of task-specific training data but may also lead to
more robust models due to the exposure to a large degree of
variations in data characteristics during the task-agnostic pre-
training process. Our experiments on the state-of-the-art foun-
dation model UNI?* confirmed its superior generalization capacity
compared with a task-specific, narrow Al model. However,
although the effect was less pronounced than with the task-
specific model and only statistically significant in the Stavanger
cohort, physical color calibration still led to improved grading
performance (Table 3) even when applied to the UNI-based model.
This is in line with emerging evidence suggesting that even
foundation models are not fully immune to batch effects.**?
Moreover, even the generalization performance of a foundation
model is ultimately dependent on the fraction of all plausible
variations covered by its pretraining data and unfortunately, the
space of laboratory and scanner dependent variation is not fixed
but will change over time. This is likely to result in model drift, or
“Al aging”,*>**> which even foundation models are not immune to.
With this in mind, characterization and control of input data may
still have an important role in computational pathology even in
the foundation model era.

The study has a number of limitations. First, Sierra addresses
the digital color fidelity differences between scanners and cali-
brates them to a standard based on spectral ground truth, but it
does not account for variations due to tissue processing and
staining chemistry that occur before a glass slide is imaged.
Although physical calibration still matched or outperformed the
computational normalization methods in this study, calibration
could likely be further improved by developing physical tech-
niques similar to Sierra, applicable to correcting for variation in
tissue staining. Moreover, techniques such as conformal predic-
tion can be used as the last line of defense to detect data quality
issues not captured by physical calibrants.’ Second, we included 4
scanner models from 2 vendors, and it is likely that the impact of
Sierra would be greater with increased variability introduced by
inclusion of more vendors and new scanner models released over
time. Third, there were time delays between the scanning of Sierra
and the actual slides used for evaluation (over 1 year for the
STHLM3 and Karolinska University Hospital cohorts). The
observed positive impact of calibration provides some evidence of
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the stability of both the Sierra calibration method and the
included scanners. Still, improved calibration is to be expected
with prospective scanner profiling. Each Sierra slide is stable for
100 uses or 12 months, allowing repeated calibrations. Further
investigations into the potential variability due to scanners drift-
ing from factory settings over time may have implications for the
recommended frequency of Sierra profiling.

Gleason grading is crucial for treatment decisions in prostate
cancer and its subjectivity>® presents both a challenge and an
opportunity for Al-assisted pathology. Consequently, Al-based
Gleason grading has attracted considerable attention in recent
years”? and provided a relatively well-defined and algorithmically
mature example application for the current study. Importantly,
neither the problems with generalization of Al algorithms nor the
color calibration technology evaluated in this study is specific to
prostate cancer grading, and the methodology presented ad-
dresses a fundamental and universal issue in all WSI. To the best of
our knowledge, this is the first study to evaluate the efficacy
of physical color calibration as a potential solution to the problem
of cross-site generalization of Al algorithms, and we expect sub-
sequent studies to apply the same approach to other tasks, tissue
types, and disease states.

There are fundamental task-dependent differences in the
quality requirements for Al algorithms. For example, the occa-
sional errors committed by chatbots like Chat-GPT typically do not
bear similarly catastrophic consequences as those of Al algorithms
that clinicians rely on for medical diagnostics. If Al is to be widely
applied in digital pathology, all aspects of the data processing
chain need to be scrutinized and quality controlled rigorously,
similarly to the processes applied to other medical measurement
instruments®® or even simple laboratory tools like pipettes.
Ensuring consistent image quality is important also when the
actual diagnostic task is performed by pathologists,”’ but even
more so if parts of the decision-making process are delegated to Al
algorithms, which currently have limited capabilities to report
issues in their input data or to adapt to changes dynamically in the
manner a human expert does. Errors conducted by machines are
also often tolerated to a lesser extent than errors by human ex-
perts, which sets the bar high for medical AL*®

As a step in this direction, our results suggest that physical
color calibration can be a reliable approach for ensuring safe,
quality-assured, and robust deployment of computational pa-
thology Al algorithms across different clinical sites, using a
standardized and simple method that does not require extra data-
handling skills or site-specific tuning. A further positive impact is
that the methodology allows for interlaboratory digital QA, which
would be beneficial for data sharing and industry regulation if this
method gains wider adoption. We believe that such improved
techniques and processes for QA should not be seen merely as
incremental technical tweaks to existing Al methodology but as
the next essential step in translating Al algorithms from emerging
technology into ubiquitous, routine clinical tools.
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