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The histopathological evaluation of biopsies by human experts is a gold stan-
dard in clinical disease diagnosis. While recent artificial intelligence-based
(AI) approaches have reached human expert-level performance, they often
display shortcomings caused by variations in sample preparation, limiting
clinical applicability. This study investigates the impact of data variation
on AI-based histopathological grading and explores algorithmic approaches
that confer prediction robustness. To evaluate the impact of data variation
in histopathology, we collected a multicentric, retrospective, observational
prostate cancer (PCa) trial consisting of six cohorts in 3 countries with 25,591
patients, 83,864 images. This includes a high-variance dataset of 8,157 pa-
tients and 28,236 images with variations in section thickness, staining pro-
tocol, and scanner. This unique training dataset enabled the development
of an AI-based PCa grading framework by training on patient outcome, not
subjective grading. It was made robust through several algorithmic adap-
tations, including domain adversarial training and credibility-guided color
adaptation. We named the final grading framework PCAI. We compare
PCAI to a BASE model and human experts on three external test cohorts,
comprising 2,255 patients and 9,437 images. Variations in sample process-
ing, particularly section thickness and staining time, significantly reduced
the performance of AI-based PCa grading by up to 8.6 percentage points in
the event-ordered concordance index (EOC-Index) thus highlighting serious
risks for AI-based histopathological grading. Algorithmic improvements for
model robustness, credibility, and training on high-variance data as well as
outcome-based severity prediction give rise to robust models with grading
performance surpassing experienced pathologists. We demonstrate how our
algorithmic enhancements for greater robustness lead to significantly better
performance, surpassing expert grading on EOC-Index and 5-year AUROC
by up to 21.2 percentage points.

Keywords: Cancer Grading, Deep Learning, Digital Histopathology,
Robustness

1. Introduction

Recent advancements in digital pathology, including the introduction of high
throughput digital slide scanners, hold the potential to improve histopatho-
logical evaluation of various diseases [1]. The possibility to use algorithms
to automatically analyze pathological samples is not only time and cost ef-
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fective but offers the potential for a standardized, objective, and accurate
evaluation, providing crucial insights into tumor characteristics, aiding in
treatment decisions, and assessing disease progression as for example shown
in the MIDOG challenge [2]. This offers the opportunity to an efficient and
reproducible histopathological assessment, thereby optimizing diagnostic ac-
curacy and streamlining workflows in diagnosis and care [3]. The biggest
hurdle for automated histopathology grading, possibly, is the variation of
histopathological protocols, which can compromise the robustness of algo-
rithms [4].

Processing tissue for digitization consists of several steps, including tissue
formalin fixation, paraffin embedding, sectioning, staining, and digitization
with a slide scanner. Each step involves numerous parameters that can vary
between clinics, research institutions, and even within the same laboratory,
leading to variations in the appearance of tissue in the images. While the
potential negative impact of data variation spans all areas of histopathology,
these effects have been prominently observed in breast and prostate cancer.
Several recent studies that use AI-based PCa grading of histopathological
slides show reduced performance on external test data, which might indicate
overfitting on the training data and lack of robustness to data variation [1].
The detection of PCa areas, however, seems to be robust to data variation
and is already in clinical use [5, 6]. AI-guided PCa severity prediction aims
to grade the severity of prostate cancer on a biopsy in accordance with the
ISUP standard, which features five groups (1-5) of increasing cancer severity
[7]. While recent studies showed human expert-level performance on internal
validation datasets, they achieved slightly lower performance on external val-
idation data [8, 9, 10, 11]. Bulten et al. [8], for instance, achieved a quadratic
Cohen’s Kappa (qk) of 0.85 on internal validation data, whereas the qk on
the external validation data decreased to 0.72 and 0.716. A recent bench-
mark for ISUP grade prediction is the PANDA challenge [12], which featured
heterogeneous biopsy data from several international clinics for training and
testing 11. Out of over 1,000 participant groups, the best model achieved
a qk of 0.88 on internal and 0.83 on the external validation data, rivalling
the concordance between expert pathologists (0.82). Many automated PCa
grading approaches are based on replicating the ISUP score, which allows for
the measurement of concordance of prediction between models and human
graders [8, 13, 14]. While the AI-based predictions of ISUP grades laid the
necessary foundation, the obvious caveat is the perpetuation of human error
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and bias, which is why recent studies started concentrating on modeling the
probability of relapse-free survival over time [15, 16].

First steps towards a systematic investigation of the impact of scanner vari-
ation were taken in the 2021 MIDOG challenge, using 300 histopathology
images of breast cancer [2]. MIDOG comprised a training set of 200 cases
digitized with four scanners and a test set of 100 cases digitized with two
additional scanners. The study demonstrated that domain shifts between
whole slide imaging scanners can be largely mitigated using advanced data
augmentation strategies. The top-performing method exceeded human ex-
perts (maximum F1 score of 0.693) and the provided baseline approach (F1
score of 0.718) with an F1 score of 0.748 on the test set, utilizing Fourier-
domain mixing for augmentation. However, the challenge was limited to
selected regions of interest and variations in scanners, whereas whole slide
images exhibit considerable variability in other aspects of sample preparation,
including out-of-focus areas and necrosis. Given the potential data variation-
induced degradation of the predictive performance of AI-based histopathol-
ogy grading, concepts of model trustworthiness have recently been proposed
[2, 17]. Model trustworthiness allows for the deferral of grading problematic
samples to a human expert. While many promising steps towards the auto-
mated assessment of histopathological data have been taken, the challenge
of model robustness to data variation requires further attention [1, 18].

Recent developments in histopathology showed the transition from CNN-
based encoders to vision-transformers [19] that generate higher quality patch
embeddings. Some examples of foundation models for histopathology are,
among others, UNI [20], Midnight [21], or Virchow [22]. However, even
though those models seem to create a better latent representation of individ-
ual patches, they show a lack in robustness [23, 24] comparable to conven-
tional CNNs. Moreover, the aggregation of patches to slide-level, especially
for biopsies that may contain thousands of patches, still needs further inves-
tigation [20].

In this work, we first systematically assess the impact of data variation on
AI-based histopathology grading and subsequently show how algorithmic im-
provements can result in robust model predictions with state-of-the-art per-
formance (fig. 1). As a use case, we aimed to predict PCa aggressiveness for
individual images using a unique multi-centric, retrospective, observational
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trial that contains six cohorts with 25,591 patients with at least five years of
follow-up (FU), 83,864 images from 5 different centers and 3 countries. An
important part of this data is a unique high-variance cohort of 8,157 patients
with 28,236 scanned tissue microarrays (TMAs) with variations in section
thickness, staining protocol (i.e. differences in staining time or concentration
[25]), scanner, as well as variation in patient cohort distribution. The data
also contains patient relapse information for 5 years on average, which our
algorithms use as an objective measure for cancer aggressiveness prediction,
instead of replicating the subjective ISUP score. To enable a meaningful
comparison of different relapse endpoints, the commonly used concordance
index (C-Index) is extended to account for multiple possible endpoints in our
newly developed event-ordered concordance index (EOC-Index). Using this
dataset, we systematically evaluated the robustness of AI-based PCa grading
to data variation. We observed severe performance degradation for variations
in e.g. section thickness and staining time with our BASE model. We show
how a select set of algorithmic improvements, including domain adversar-
ial training and credibility-guided color adaptation, conferred robustness to
data variation, leading to significant prediction improvement across all evalu-
ated datasets. This robust model, PCAI, always outperformed ISUP grading
pathologists with varying levels of experience up to expert level in both the
EOC-Index and area under the 5 year receiver operating characteristic curve
(AUROC5) across one external TMA and two external test cohorts.

2. Methods

2.1. Biological Background of PCa

To investigate the impact of data variation on model robustness we use a very
large and diverse PCa histopathology dataset. PCa ranks among the most
prevalent cancers in men, with approximately 1.4 million new cases world-
wide each year with its incidence steadily increasing over the past decades
[26]. Due to the wide variety in growth rates of PCa, histopathology plays a
central role in the diagnosis and management of PCa. The Gleason score is
the most relevant prognostic feature in prostate cancer TMAs and biopsies
[27] based on Gleason grading [28] that focuses on the glandular structure
of the tissue. The International Society of Urological Pathology (ISUP) has
proposed a simplified system defining ISUP groups 1-5 with increasing can-
cer severity to predict disease aggressiveness [7], which are used to guide the

5



urologist in treatment decisions. Unfortunately, even between expert pathol-
ogists the concordance in Gleason grading suffers from high interobserver
variability, leading to possible over- or under-treatment due to the subjec-
tive nature of the visual assessment [29]. The standard for clinical diagnosis
is ISUP grading of preoperative biopsies, typically obtained through tran-
srectal ultrasound-guided biopsy. Multiple tissue samples are collected from
different areas of the prostate gland to improve cancer detection rates. Af-
ter biopsy, specimens are formalin-fixed and paraffin-embedded to preserve
structure and stained with Hematoxylin and Eosin to enhance cellular vis-
ibility for pathologist examination. Biopsies have long edge lengths in the
order of 60,000 pixels with a total of up to 10 billion pixels per image. All
biopsies in this work contain image-level ISUP grades by expert pathologists.

In addition to biopsies, this work uses postoperative TMAs from radical
prostatectomies. TMAs consist of many small cylindrical representative sam-
ples, termed spots, that are extracted from paraffin-embedded tissue and are
widely used in biomarker discovery and validation studies. TMA spots of this
work typically have edge lengths of 3,000 to 6,000 pixels with resulting im-
ages that contain in the order of 10 million pixels and are much smaller than
biopsies. TMA spots are preselected to represent a patient’s cancer status.
All ISUP grade annotations for TMA spots were retrieved from the routine
diagnostic reports made by expert pathologists’ examinations of the resected
whole prostate to derive a patient-level annotation. Therefore, TMA spots
might only partially capture a patient’s cancer morphology, with the notable
exception of the UKE-sealed dataset, which contains TMA spot-based ISUP
grades for all individual images (see section 2.2).

2.2. Data acquisition and endpoint definition

To the best of our knowledge, we collected the biggest and most heteroge-
neous histopathological PCa datasets to date, with a total of 81,572 TMA
spot images and 3,388 biopsy images retrospectively collected from 25,591
patients of five different clinics with FU information of up to 23 years and
a maximum of 8 images for a single patient (fig. 2). This dataset is divided
into several subsets acquired with different parameters and used for training
or testing the model on images with high variation. Detailed information on
demographics and metadata distributions can be found in table 1. Datasets
that were used to build and assess robustness of the proposed model are
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shown in fig. 2B. All image-level annotated, unseen datasets that were ex-
clusively used for evaluation are depicted in fig. 2C.

The largest subset is the UKE high variance cohort provided by the Univer-
sity Medical Center Hamburg Eppendorf which contains 17,700 patients who
underwent radical prostatectomy (RP) with a FU time up to 23 years. This
unique dataset allows us to assess differences in acquisition protocol parame-
ters and represents the foundation for building a robust prediction model in
this work.

As a quantifiable measure correlating with cancer aggressiveness that does
not rely on subjective human annotations, we combine the earliest reported
indication of disease progression in model training to keep the maximum
number of patients. Further filtering to only train on a pure endpoint did
not alter the training results (see Supplemental material). For evaluation, we
combine multiple endpoints with our EOC-Index. This novel index allows for
the clinically meaningful comparison of different endpoints and is further ex-
plained in section 2.6.1. Possible cancer aggressiveness-related events are bio-
chemical recurrence (BCR) based on elevated PSA levels, further unplanned
treatment (TRT), developing metastasis, and PCa-related death with cor-
responding event times relative to the date of RP for TMA spots or to the
date of the biopsy. If none of those exist, the follow-up time is used as the
censoring time (FU).

We applied the same metadata and image quality-based filtering steps to all
datasets (TMA and biopsy). In brief, we limited patient inclusion to patients
that experienced BCR or any other indicator of disease progression (treat-
ment, metastasis, or PCa-related death) or had at least 5 years of FU data
available. All patients with a documented adjuvant treatment were removed.
Additionally, we excluded images with insufficient quality (e.g. too blurry)
from the analyses, as summarized in fig. 2A.

All datasets used in this study were collected in strict accordance with ethical
guidelines and compliance regulations. Data collection was approved by the
relevant institutional review boards or ethics committees. Informed consent
was obtained from all participants involved in data collection processes or
the need for informed consent was waived by the local ethics review board.
Additionally, any information pertaining to participants was anonymized or
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de-identified prior to analysis. We will now describe the datasets used in
this study in detail. The datasets are split stratified by event indicators to
keep the same censoring rate across data splits and, since patients can have
multiple TMA spot images, we strictly separate patients across data splits for
model training and evaluation. This means that TMAs of the same patient
are present in either the training or test data but never in both. An overview
of the patient characteristics for the UKEhv sub-datasets can be found in
table S1 while table S2 depicts the respective image characteristics.

2.3. UKE-high-variance (UKEhv) TMAs

The core of this work is the diverse UKEhv dataset, created specifically to
reflect the many possible variations in the tissue processing and imaging
pipeline. The UKEhv cohort provided by the University Medical Center
Hamburg Eppendorf contains patients who underwent RP between 1992 and
2014 aged 63.8 ± 6.4 years at the UKE with a FU time up to 23 years. In
total, 17,700 patient samples were collected in the TMA dataset, provid-
ing 69,251 images. Patients received an annual FU [27]. PSA values were
measured following surgery and BCR was defined as a postoperative PSA
of 0.2 ng/mL and increasing at subsequent measurements. Patients without
any recorded event are considered censored at the last FU date. Further,
this dataset includes some patients with healthy tissue who therefore did not
obtain an ISUP grading.

Building upon this rich information of 17,700 patients, a unique variety of
69,251 high-quality images and spots were obtained with different protocols,
which represent the foundation for assessing the impact of data variation on
AI-based histopathology grading. ISUP grades were assigned by examining
the whole prostate after RP for every individual patient. After filtering (see
fig. 2A) according to the aforementioned criteria, we include 8,157 unique
patients and 28,236 TMA spot images as shown in fig. 2B (details in Sup-
plemental material). This extracted dataset consists of images with varying
attributes, like multiple spots for the same patient, varying scanners, section
thicknesses, and staining times (possibly containing further variations in the
staining protocol like concentration), and is, to our knowledge, the largest
and most variant collection of TMA spot image data paired with rich FU data
collected to date. UKEhv contains TMAs processed with the standard proto-
col (UKE-first, Leica Aperio AT2 scanner, 2.5 µm thickness, stained for 4min
with hematoxylin and 1:20 min with eosin respectively), using a different lot
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of reagents and tissue core (UKE-second), an extended staining (UKE-long,
40min hematoxylin and 10min eosin respectively), thinner (1µm, UKE-thin)
and thicker (10µm, UKE-thick) sectioning (2.5µm standard), and a different
scanner vendor (UKE-scanner, 3DHistech) that are described in additional
detail in the Supplemental material (fig. S1, table S2). Staining concen-
trations of the individual datasets are unknown. For training, only three
of those sub-datasets (UKE-first, UKE-second, and UKE-scanner) are used.
Note that all sub-datasets stem from the same patient population and a sin-
gle patient can contribute images to multiple sub-datasets, while making sure
that a single patient is always only part of either the training, validation or
test set. Detailed patient-level information for the UKEhv sub-datasets can
be found in table S1.

2.4. External Datasets for Evaluation

To allow for an in-depth evaluation of model robustness, this work includes
TMAs and biopsies from five additional sources. Firstly, we included two
TMA datasets (see fig. 2B) from the Prostate Cancer Biorepository Network
from the New York Langone Medical Centre (NYU) and the Johns Hopkins
Hospital in Baltimore (JHU) where we compare to patient-level ISUP annota-
tions. We further included one TMA dataset (UKE-sealed, graded by expert
pathologist Prof. Dr. med. Guido Sauter) as well as two biopsy datasets from
Uppsala (UPP, additionally graded in retrospect by two experienced pathol-
ogists and one expert) and Malmö (MMX), Sweden that contain image-level
ISUP annotations to fairly compare to our algorithm (See fig. 2C). A de-
tailed analysis of these datasets can be found in the Supplemental material
(section S1.2).
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2.5. PCAI design rationale

The PCAI model describes our overall risk prediction algorithm, illustrated
in fig. 1, with the following technical novelties:

Objective endpoint training Training labels are restricted to objective patient
outcomes (event time and type), avoiding subjective grading by pathologists.

Mixed endpoint training The model is trained on patients with multiple end-
points (FU, BCR, TRT, META, PCAD), increasing dataset size and diver-
sity (section 2.2).

Event-Ordered C-Index (EOC-Index) A novel evaluation metric enabling C-
Index calculation across mixed endpoints (section S3.1).

Domain adaptation Domain adversarial training [30, 31] (DA) discourages sep-
aration of UKEhv sub-datasets in the model’s latent representation (sec-
tion S2.5).

Credibility-guided color adaptation Color adaptation (CA) [17] is applied
when inputs deviate from the training distribution, guided by conformal
prediction [32]. This modification allows a feedback loop (fig. S3) that we
call credibility estimation (CE) (fig. S3 and sections S2.6 and S2.7).

Patch pre-selection for biopsies Although trained only on TMAs, PCAI can
process biopsies by pre-selecting cancerous patches via our cancer indicator
module (section S2.9).

The remaining part of this section describes our technical novelties in addi-
tional detail:

The subjective nature of ISUP evaluation causes shifts in the evaluation of
cancer severity that depend on the human annotator. We therefore aimed
to make the algorithm robust to subjective human annotations and errors
thereof. We hypothesized that this is best possible if the model learns how
to predict objective patient outcomes over time instead of replicating a sub-
jective ISUP grade by experts. To this end, all datasets used in this work
contain at least 5 years of follow up information for all patients. We then
grade the cancer by predicting a potential disease relapse in the future. As
an additional benefit of this objective end-point prediction, it is conceivable
that the model’s risk prediction performance can potentially exceed that of
the subjective ISUP scoring system. Notably, utilizing the large number of
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smaller TMA spot images allowed us to train our network in an end-to-end
fashion and adapt all parts of our pipeline specifically to the task at hand,
without the need to rely on pre-trained models or self-supervised methods,
as is often the case in histopathological deep learning applications. An ad-
ditional feature of our algorithm is its interpretability, which lets human ex-
perts understand and trust model predictions. We achieve this via a cancer
indicator module, which highlights and selects cancer regions of the sample
with an accuracy of over 95% as assessed on the PANDA dataset (details in
Supplemental information section S2.9). This allows the algorithm to pro-
cess arbitrarily sized images due to the patch-based image processing and
aggregation in our model.

We first developed BASE, our cancer aggressiveness model to derive assess-
ments of cancer risk based on individual images of arbitrary sizes. Our algo-
rithm leverages the morphological features learned by training a CNN-based
(EfficientNet[33]) neural network architecture with postoperative TMA-spot
image data and corresponding patient FU information to allow for a valid risk
prediction on clinically more relevant, preoperative biopsy images. It addi-
tionally utilizes a patch-level self-attention network and an attention-based
patch aggregation that is finally utilized for an objective five-year relapse
risk estimation. Our BASE model is exclusively trained on the single inter-
nal data domain UKE-first, containing the most representative TMA spot
per patient, according to the collecting pathologist. Additional details of the
BASE model can be found in the Supplemental material section S2.3.

While the BASE model features a Convolutional Neural Network backbone,
extensive image augmentation, patching and patch selection, as well as outcome-
based cancer aggressiveness prediction, it lacked sufficient robustness when
faced with data variation (see section 3). As a leading cause for BASE model
prediction errors are variations in the processing of histopathological sam-
ples, our main focus was to render it robust to these changes by implementing
and developing several algorithmic adaptations, which lead to the creation
of the PCAI model (fig. 1).

To increase model robustness, we utilized UKE-first, UKE-second, and UKE-
scanner datasets of the UKEhv cohort and applied several techniques to
increase robustness (with domain adversarial training (DA) and color adap-
tation (CA)), trustworthiness credibility estimation, (CE). The combination
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of these techniques represents our final risk prediction model PCAI (fig. 1,
fig. S2B-C).

First, we hypothesized that DA training [30, 31] on our large and heteroge-
neous UKEhv dataset will result in a more compact latent representation and
more stable predictions across unseen datasets and domains that reflect the
variance encountered in everyday clinical practice (details in Supplemental
Information section S2.5 and Supplemental fig. S2).

Second, even though PCAI has been trained and optimized for stable pre-
dictions across different sample processing protocols, it might still encounter
histopathological slides of e.g. bad quality, for which it cannot provide a
reliable grading. A relevant feature for PCAI is therefore the notion of confi-
dence or trustworthiness via CE, not unlike a human expert that is uncertain
about the grading of a particular sample and asks for a second opinion (de-
tails in Supplemental Information section S2.6 and Supplemental fig. S3).

Third, with the aim to stabilize PCAI on images where it shows low credibil-
ity, we further introduce a novel CE-guided CA procedure that maps the color
scheme of low-credible samples to that of the model’s training distribution.
As we later show in fig. 3, this additionally improves overall performance
and robustness. If probes are still problematic after CA, the grading of them
can be deferred to the pathologist. (details in Supplemental Information sec-
tion S2.7 and Supplemental fig. S3).

Further details of the full algorithm, including deep-learning architecture,
hyperparameter and training details are provided in the Supplemental Infor-
mation section S2.

2.6. Performance evaluation and statistics

Due to the differences in cohort composition and metrics, this work only
draws comparisons within and not across patient cohorts. As is standard
in all of our analyses, the training and test datasets did not contain any
overlapping patients to avoid overestimation of model performance. Fur-
ther, to estimate performance variation, significance, and provide confidence
intervals, each dataset is evaluated 1,000 times using bootstrapping. To
determine result significance between the predictions, pairwise t-testing for
significantly different means in the analyzed metrics (EOC-Index, AUROC5)
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was performed. For additional information and p-values of all performed
comparisons, refer to the Supplemental material tables S3 and S4.

2.6.1. Evaluation Measures

The algorithms of this work are evaluated and compared to human anno-
tations on datasets that contain patients with multiple possible endpoints
in contrast to the mostly homogeneous endpoint of BCR (or FU) that was
observed in the training data. For the datasets of this work, a patient’s event
type is one of FU, BCR, TRT, META or PCAD in that order of severity.
To allow for the meaningful comparison of patients with different endpoint
severity, we introduce the novel EOC-Index. As shown in the supplemental
section S3.1 and fig. S4, we remove comparisons in the C-Index such that
an event type with lower severity, but shorter survival time is not compared
to a corresponding event type with higher severity and longer survival time,
making such a comparison irrelevant for the evaluation. As an example,
a patient that encounters BCR with a shorter event time than a patient
that is indicated as developing metastasis (META) should not be compared
to each other (see Supplemental fig. S4F). Further, fig. S5 illustrates that
our EOC-Index only removes a small fraction of comparisons per analyzed
dataset (with a maximum of 1.76% for NYU) except for JHU where 14.47%
of comparisons are removed. Consequently, fig. S6 shows what percent of
comparisons are then performed for all event types by our EOC-Index for
each individual dataset. In addition to the EOC-Index, we use the AUROC5
to measure human and model performance.

3. Results

3.1. The effect of data variation on the BASE model

Data variation can significantly reduce the performance of AI-based decision
systems. This problem exists across biomedical domains, ranging from ge-
nomics to image processing and beyond [2, 31, 34, 35]. To assess the influence
of different variations of WSIs on predictive performance, this work utilizes
a unique dataset of histopathological slides of PCa patients. In contrast to
the dataset of the 2021 MIDOG challenge[2], which focused exclusively on
the impact of scanner variation, this work analyses multiple sources of data
variation such as formalin fixation and paraffin embedding of tissue, section-
ing, staining, and slide scanning.
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In this work, we aimed to systematically investigate the effect of data varia-
tion on AI-based algorithms, employing our extensive and heterogeneous PCa
dataset as a use case. As an example, we evaluate PCa grading performance,
using the UKEhv dataset that contains TMAs processed with variations to
the standard protocol (see Supplemental material section S1.1). Notably,
the dataset contains all protocol variations for a subset of the same 1,537
patients, taken from the same RP sample, constituting an ideal basis for the
evaluation of data variation on model performance. As can be observed in
fig. 4A, the UKE high-variance datasets show marked differences in the vi-
sual appearance, which is confirmed through further analysis in fig. S7.

First, we trained the BASE model (fig. S2A) on the UKE-first training set
and evaluated its performance on all six UKEhv test datasets. For simplicity,
multiple endpoints that indicate disease progression are combined to prevent
further filtering of the dataset during training (see Supplemental material
section S2.3). Although the BASE model is trained on the large UKE-first
training dataset of 8,123 images and patients, a significant decrease in predic-
tion performance is seen across all data variations. While the BASE model
achieves a EOC-Index of 0.653 on the UKE-first dataset, the performance
drops significantly by 5.0 (UKE-scanner) to 8.6 (on UKE-thin) percentage
points on the same patient population for other TMAs in the UKEhv dataset
(fig. 4B).

These results strongly indicate that AI-based models, even when trained on
large datasets and using image augmentation[36], have significant difficulties
with data variations they were not trained on. Standard operating procedures
for histopathology vary with the location but also over time at the same
medical center, which constitutes a central problem for the robustness and
fidelity of AI-based histopathological grading systems.

3.2. Conferring algorithmic robustness to data variation

An algorithm can never be trained on all current and future data variations.
It is therefore pivotal to stabilize AI-based PCa grading by using algorith-
mic modifications such as domain adversarial training (fig. 1). Even when
stabilized algorithmically and trained on large datasets, a model might still
encounter probes that are difficult for it to grade. A relevant feature for a
model is therefore the notion of prediction confidence or trustworthiness, not
unlike a human expert that is uncertain about the grading of a particular
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sample and asks for a second opinion. A model that assesses the confidence
and estimates the credibility of its predictions is able to fix problematic
probes using color adaptation or defer them to a pathologist (fig. S3A-B).
With the aim to enable valid predictions even on images where PCAI shows
a low credibility, a color adaptation setup to map the color of those images to
the color scheme of the training distribution is established (fig. S2C, fig. S3A,
fig. S7). fig. S7 shows that color is a strong separator between the datasets
used in this work. We included this novel concept of credibility-guided color
adaptation in our algorithm by assigning a credibility along with the cancer
risk prediction for each individual input image. If a sample shows too lit-
tle credibility, we use color adaptation and repredict with the intention to
move that image closer to our training data. In summary, we implemented
algorithmic modifications for robustness, credibility, and interpretability into
the BASE model, naming it PCAI (fig. 1, fig. S2C), and again assessed the
performance on the UKEhv dataset. We trained PCAI on the sub-datasets
UKE-first, UKE-second, and UKE-scanner, consisting of 19,883 images and
6,937 patients, and evaluated the performance on the same test datasets as
the BASE model.

PCAI showed significantly increased grading performance in the EOC-Index
across all UKEhv data variations (fig. 4). In brief, the performance of PCAI
on the UKEhv test datasets increased by 2.1 percentage points on UKE-
first (0.653 to 0.674), 6.2 on UKE-second (0.581 to 0.643), 5.1 on UKE-
scanner (0.602 to 0.653), 5.5 on UKE-thin (0.566 to 0.622), 3.6 on UKE-thick
(0.580 to 0.616), and 4.2 on UKE-long (0.590 to 0.632) over BASE (fig. 4B).
We next evaluated the performance of the BASE and PCAI models on the
external NYU and JHU datasets. Again the mean performance of PCAI
increased by 5.3 percentage points on NYU (0.643 to 0.696, p < 1e − 4)
and 1 percentage point for JHU (0.577 to 0.587, p < 1e − 4) over BASE
(fig. 4C-D). Finally, it is worth noting that PCAI marginally but significantly
outperformed ISUP grading in the EOC-Index on the JHU dataset (0.576 vs
0.573, p < 1e−4), while performing worse than ISUP on NYU dataset (0.696
vs 0.763, p < 1e − 4). The JHU results are surprising as the ISUP grades
for all TMA datasets are patient-based and reflect the status of the whole
prostate after RP, while PCAI relies exclusively on a single TMA spot for
its prediction.
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3.3. Assessing the impact of credibility-guided color adaptation

To obtain more detailed insights into which algorithmic components confer
robustness to data variation, we conducted an ablation analysis of PCAI.
fig. 3A illustrates what percentage of credibility-guided images per dataset
can be significantly decreased using PCAI’s robustness extensions compared
to BASE to provide a more focal correction of problematic images. While al-
most all images are color adapted for BASE outside UKE-first, PCAI adapts
significantly less and only targets 4% of images in UKE-long, for instance.
Note that the values for the external datasets of 20% for NYU and 67% for
JHU fall in between the percentage of color adapted images for the internal
UKEhv datasets (min for UKE-second with 3%, max for UKE-scanner with
68%).

Next, we ablated the credibility-guided color adaptation to understand its
impact on the grading performance on our internal and external TMA test
datasets regarding AUROC5. We compare adapting all images (ALL) to our
credibility estimated approach (CE). fig. 3B shows that selective color adap-
tation for BASE does have a positive impact on UKE-first (−1.7 percentage
points for ALL; −.5 percentage points for selective color adaptation). Fur-
ther, it does not significantly alter the results compared to ALL in terms of
AUROC5 on the other TMA datasets, with only a slight positive impact on
UKE-thick (0.5 percentage points increase) and UKE-long (0.1 percentage
points increase), while remaining unchanged for all other datasets. Con-
versely, the impact of credibility-guided color adaptation for PCAI resulted
in an increase in seven out of eight datasets (fig. 3C). Only UKE-thick (−0.3
percentage points) showed a marginal decrease in AUROC5 after selective
adaptation. Importantly, while adapting all images leads to an overall in-
crease of 3.0 percentage points, credibility-guided color adaptation leads to
an overall gain of 7.9 percentage points. Comparable results can additionally
be observed regarding EOC-Index in supplementary fig. S8.

In summary, these results strongly suggest that algorithmic modifications
for robustness and credibility, in conjunction with a high quality training
dataset, can improve AI-based algorithms to be more robust for a broad,
and previously unseen, spectrum of data variations. Our novel approach of
credibility-guided color adaptation proved both effective and quick in adapt-
ing problematic images.
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3.4. Human interpretation of PCAI’s predictions
It is pivotal that AI-based clinical decisions support systems are interpretable
by human experts. Interpretability allows the expert to trust or ignore a
model prediction. PCAI delivers at least two highly interpretable results.
First, PCAI’s cancer indicator provides visual cues on images as to the lo-
cation of cancerous areas (fig. S9A-B). Second, PCAI can distinguish 7 dif-
ferent risk groups in order to transform the continuous cancer grade score
into categories that may be more appreciated for clinical interpretation than
continuous data (fig. S9C-D).

In detail, the cancer indicator allows for patch-wise prediction of cancer prob-
ability. The cancer indicator was trained on the PANDA dataset and achieves
an AUROC of 0.94 on the PANDA test data (fig. S9A). Notably, it can be
observed that the cancer indicator achieves a slightly lower AUROC (0.869)
in ISUP group 1 as compared to all other ISUP groups (AUROC> 0.93).
The cancer indicator enables us to create cancer probability heatmaps on
all images, which provide visual means of interpretability that can also be
used as an automatic quantitative indicator of how much cancerous tissue is
present in the images (fig. S9B). Especially on the biopsy images, where we
use the cancer indicator to focus PCAI on the relevant cancerous regions,
this transparently highlights the amount of cancerous tissue on any given
biopsy and consequently the salient regions that contributed to the final risk
score.

PCAI’s cancer grading is a continuous score from 0 (low risk) to 1 (high risk),
which poses the challenge to define the appropriate clinical decisions for a
given score. To potentially enhance the interpretability of the predicted risk
score, we derive 7 statistically distinct risk groups from the UKEhv training
data by using k-means clustering (fig. S10). The Kaplan-Meier curves of the
UKE-first test data show a clear separation of the patients in our proposed
risk groups (fig. S9D, fig. S11).

In summary, we equipped our risk prediction model PCAI with the neces-
sary tools to provide robust (domain adversarial training, color adaptation),
trustworthy (credibility estimation) and interpretable (cancer indication, risk
groups) predictions, laying the foundation for actual clinical application. We
now set out to evaluate if PCAI can rival or exceed the current clinical stan-
dard of ISUP ratings, on one TMA and two external biopsy test datasets
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with significant data variation.

For the following sections, we test for statistical significance in terms of per-
formance between models and human pathologists using pairwise t-tests on
bootstrapped (n=1000) results as described in section 2.6.

3.5. PCAI surpasses expert ISUP grading on TMAs

A main aim of the patient outcome-based PCa grading prediction of the
PCAI model lies in its potential ability to exceed the current five tier ISUP
grading, if sufficiently robust to data variation. We therefore assessed the
performance of the BASE and PCAI models on the UKE-sealed dataset,
which is the only TMA dataset that contains spot-level ISUP grading from
UKE pathologists. UKE-sealed is therefore the only TMA dataset where we
can objectively compare the predictive performance of our algorithm to the
ISUP grading, since both utilize the exact same images and information. The
name UKE-sealed stems from the fact that the data analysts were blinded
to all patient, metadata, and outcome information, which was exclusively
handled by the department of Pathology of the UKE.

In addition, the UKE-sealed TMA spots were graded using the IQ Gleason
(GIQ) grading system. The GIQ is currently one of the best performing grad-
ing systems for PCa histopathology [37]. In the case of multiple TMAs for
a single patient in the UKE-sealed dataset the average GIQ was calculated
as the patient-level prediction. Similarly, the BASE and PCAI model were
evaluated taking the mean aggregated image-wise predictions and compared
to the worse ISUP grade. On UKE-sealed, PCAI significantly exceeds BASE
performance by 3.3 percentage points (EOC-Index of 0.713 to 0.746, fig. 5A,
p < 1e − 4). Moreover, PCAI significantly outperformed the five-tier ISUP
grading by 3.3 percentage points in EOC-Index (fig. 5A, p < 1e− 4). Com-
parably, PCAI significantly exceeds BASE performance by 3.3 percentage
points regarding AUROC5 (0.790 to 0.757, fig. 5B, p < 1e − 4). PCAI sig-
nificantly outperformed ISUP grading by 2.6 percentage points in AUROC5
(fig. 5B). Importantly, PCAI performed comparably to the GIQ grading (0.2
percentage points worse in EOC-Index, p = 0.67, and 0.5 percentage points
worse in AUROC5, p = 0.11). In this context it is interesting to note that the
BASE model almost always performed worse than ISUP and GIQ grading.
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These results indicate that the algorithmic adaptations in PCAI resulted in
above ISUP grading in EOC-Index and AUROC5 on TMAs.

3.6. PCAI surpasses expert ISUP grading on biopsies

The litmus test for PCAI is whether its robustness and performance extends
to clinical, preoperative biopsy PCa samples. In this final proof of concept,
the model has to be robust to considerable protocol variation (scanner, stain-
ing, thickness, clinical endpoints) as well as data variation stemming from
significantly larger whole slide images (WSI) as compared to the TMAs the
model was trained on (see Data acquisition and endpoint definition section).
To this end, we evaluate PCAI on the two biopsy cohorts from two clinical
centers in Sweden, UPP (123 patients and 683 images) and MMX (269 pa-
tients and 578 images). To focus PCAIs risk prediction on relevant tissue
areas, we preselect the 100 most likely cancerous patches per whole slide
image using PCAI’s cancer indicator module. If multiple WSIs per patient
were available for a single biopsy, the maximum risk score across images was
used as the patient-level prediction.

PCAI achieved an EOC-Index of 0.604 on the UPP dataset, which is 0.7
percentage points higher than ISUP (0.597, p = 0.0092) and 1.9 percent-
age points higher than BASE (0.585, p < 1e− 4) (fig. 5C). Similarly, PCAI
reached an AUROC5 of 0.672 on the UPP dataset, which exceeds ISUP
(0.660, p < 1e − 4) by 1.2 and BASE (0.663, p = 0.0003) by 0.9 percentage
points (fig. 5D).

On the MMX data, PCAI achieved an EOC-Index of 0.865, 4.7 percent-
age points higher than ISUP (0.818) and 8.5 percentage points higher than
BASE (0.780, p < 1e − 4). Using AUROC5 as a measure of performance,
PCAI (0.869) exceeded ISUP (0.813) predictions by 5.6 and BASE (0.832,
p < 1e− 4) predictions by 3.3 percentage points.

To obtain a notion of human inter-rater variability and further assess signifi-
cance, we also compared model performance to the image-wise ISUP grading
of three highly skilled pathologists from Germany and Sweden. In EOC-
Index, PCAI (0.865) significantly exceeded the performance of expert ISUP
grading (A1: 0.839, A2: 0.834, A3: 0.641, mean: 0.771, p < 1e − 4 for
all comparisons) by 9.4 (mean) percentage points (fig. 5E). This holds also
true for AUROC5, where PCAI (0.869) significantly surpasses expert ISUP
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(A1: 0.827, A2: 0.826, A3: 0.657, mean: 0.770, p < 1e − 4 for all com-
parisons) grading by 9.9 (mean) percentage points (fig. 5F). Notably, even
though PCAI is trained on 5 year relapse, it scores consistently high for every
relapse cutoff point in time (fig. S12).

Taken together, PCAI significantly outperforms ISUP grading on all biopsy
datasets and outscores individual experts in each comparison we conducted.
These results on biopsy-derived whole slide images substantiate our findings
on UKE-sealed TMAs, highlighting the importance of our algorithmic adap-
tations to exceed the five-tier ISUP-level cancer grading on multiple, highly
variable external test datasets.

4. Discussion

This work systematically analyzes the influence of data variation on the ro-
bustness of AI-based model predictions. To evaluate the impact of data varia-
tion in histopathology, we collected one of the largest multicentric, retrospec-
tive, and observational PCa trials. We show how data variation significantly
diminishes the grading performance of a state-of-the-art BASE model, even
when trained on a large dataset of 8,123. By improving the BASE model
with algorithmic extensions for robustness, we developed a model that is
stable across five external test datasets and reaches above expert grading
performance, naming it PCAI.

Our adaptations to introduce more robustness to the BASE model, namely
joint domain adversarial training and credibility-guided color adaptation, to-
gether with the outcome-based endpoint prediction, showed a consistent and
significant improvement in predictive performance across all datasets. Es-
pecially on the JHU, UPP and MMX cohort, these adaptations provided
the decisive edge to surpass the predictive performance of ISUP grading.
The high separability of the PCAI risk groups derived from the UKE data,
which is also visible in the respective Kaplan-Meier curves, proves a strong
correlation of PCAI’s output score with the actual patient endpoints. In-
terpretability is further enhanced by the reported credibility score for every
sample, which provides a notion of trustworthiness of our model’s prediction.

To evaluate our algorithm on datasets with heterogeneous endpoints, another
source of data variation that can reduce model robustness, we developed the
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EOC-Index, which takes the severity of an endpoint into consideration and
focuses the C-Index on medically valid comparisons between individual pa-
tients, while making use of the full dataset. We believe that the concept of
the EOC-Index can easily be extended to other endpoint-based comparisons,
well beyond the histopathology use case described here.

Before decision support systems such as PCAI can be generally adapted in
clinical routine, they have to prove their ability to handle the large data vari-
ability and give an accurate measurement of their confidence providing more
robust results and therefore strengthening the trustworthiness in the system.
Although the first support systems have been approved by regulatory agen-
cies, their application is still limited by the data they were trained on. Our
work is unique, because we systematically evaluated the robustness of AI-
based histopathological PCa prediction when faced with variations in data
acquisition and processing. Even when trained on thousands of patients and
tens of thousands of images, the models show significantly diminished predic-
tive performance when subjected to variations in slide thickness and staining
time. The introduction of domain adversarial training and credibility-guided
color adaptation, in conjunction with training data of higher variability, re-
sulted in robust model performance in EOC-Index and AUROC5 across mul-
tiple high-variability and three external test datasets. It is important to note
that PCAI was exclusively trained on TMA data and generalized with state-
of-the-art performance to the PCa grading of external test biopsies, which
contain considerable data variation in size, scanner, staining, and endpoint
composition.

These results, however, do not imply that PCAI cannot fail on yet unseen
data, which underscores the importance of credibility estimation by confor-
mal prediction. In this work we introduce the concept of credibility-guided
color adaptation, an algorithm that uses credibility estimates to fix low-
credible samples by adapting their color to the training distribution. By
utilizing a measure of trustworthiness, PCAI is able to first adapt difficult
samples and subsequently either grade them, or confer biopsies that remain
problematic after adaptation to the pathologist. It is interesting to observe
that credibility-guided color adaptation clearly outperforms color adaptation
of all samples, while it also reduces the workload of the algorithm and leaves
room for the deferral of problematic samples to the clinical expert. This
concept can be easily extended to other areas of AI research. This case
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study shows how training a DL model can benefit from robustness exten-
sions to perform reasonably well on previously unseen datasets. Taking a
step back, this strategy is not unique for the usage of AI in prostate cancer
or histopathology images. It is the rule and not the exception that the noisy
process of image acquisition leads to differences in datasets. As shown in the
2021 MIDOG challenge[2], different scanners can have a huge influence on
model performance, for instance. This covariate shift can either stem from
digitization artifacts introduced by the scanner, or from other alterations in
the sample processing workflow. While our results present solutions on how
robustness to data variation and credibility estimation might be achieved,
they also highlight a lingering weakness of AI-based systems, in general.
The negative impact of data variation on AI-based clinical decision support
systems requires further attention and future solutions should include collab-
orative data sharing strategies, the establishment of robust data standards,
the development of further algorithmic strategies, and the leveraging of larger
and more heterogeneous training datasets.

While it is interesting to observe the limitations that data variation poses
to state-of-the-art AI algorithms, it is perplexing to realize that the sys-
tematic evaluation of how human experts deal with data variation is largely
lacking. To the best of our knowledge, an evaluation of how expert graders
handle differences in staining, thickness, and image resolution of the same
histopathological samples, for instance, is missing.

In addition to the domain adversarial training and credibility-guided color
adaptation, we included objective label utilization to provide more robust
model predictions. The recent progress in AI-based PCa grading is consid-
erable, resulting in several cancer detection and grading systems that have
been approved for clinical use. Most systems, however, have been trained on
human annotations for cancerous regions or cancer grade according to the
ISUP and Gleason systems. This poses two limitations to the algorithms, as
they are bound by subjective expert decisions and the quality of the grad-
ing system they mimic. Furthermore, these human-made grading systems
change over time and are in part differentially applied across clinics, result-
ing in label bias and data variation. In this work we provide evidence that
an AI-based model can consistently outperform expert-based ISUP grading
in EOC-Index and AUROC5 when trained on objective patient outcome.
Most notably, PCAI outperforms human ISUP PCa grading on average and
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in every one-to-one comparison on TMA and biopsy external test datasets.
To the best of our knowledge, PCAI is the first system that performs sys-
tematically better than human experts on external test data that differs
significantly from the training data. On the UKE-sealed TMA test dataset,
PCAI outperforms ISUP grading and yields comparable results to the GIQ
score. In addition, PCAI outperforms ISUP grading on two PCa biopsy co-
horts from two clinical centers in Sweden (UPP and MMX), even though it
was only trained on TMA samples of RPs from the UKE. These results are
quite remarkable as the biopsy datasets vary substantially in size, protocol,
and scanner, all of which are completely novel to the PCAI algorithm. On
the UPP dataset, PCAI outperforms the ISUP grade in terms of EOC-Index
and AUROC5. To further demonstrate the predictive performance of PCAI
over ISUP grading, we incorporated image-wise ISUP annotations of three
experienced pathologists along with the ISUP score that was collected during
clinical routine from different clinics on the MMX dataset and evaluated our
risk score against those. PCAI outperforms ISUP grading significantly on
the mean prediction performance in EOC-Index and AUROC5 and exceeds
ISUP predictions irrespective of the individual pathologist in every individ-
ual comparison, reaching an AUROC5 of 0.87. Several large-scale studies
from our group have demonstrated that the traditional Gleason grading can
be markedly improved by taking the relative distribution of Gleason 4 and
Gleason 5 patterns in a tumor into account [27, 37]. The fact that PCAI
achieved a comparable performance to the IQ Gleason on 4,095 TMA sam-
ples may mean that the performance of our PCAI reaches the best possible
use of Gleason pattern evaluation. As digital image analysis is not limited
to the gland architecture but can also take into account other potentially
prognostic parameters such as nuclear features and stroma composition, fur-
ther improvements of AI-based prognosis assessment models may be possible.

PCAI achieves state-of-the-art performance on PCa biopsies while it is ex-
clusively trained on TMA spot images after RP. As RP treatment might
shift recurring events (outcomes) to later time points, it is conceivable that
PCAI’s performance might be further increased when trained directly on
biopsy datasets. This could be done via fine tuning of (parts of) the model
on biopsy data, which could also reduce potential problems with domain shift
[38].
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5. Conclusion

This work highlighted some salient problems with AI-based grading of histopatho-
logical images and offered some solutions to further increase the quality
and robustness of existing algorithms. We believe that many technical con-
cepts we introduce in this work, including credibility-guided color adaptation,
outcome-based prediction, and the EOC-Index, might improve the robust-
ness and fidelity of AI-based algorithms well beyond our PCa histopathology
use case.

Computational hardware and software

The project was implemented using python 3.10 with pytorch-lightning 1.8.2.
The PCAI, baseline and cancer indicator models were trained on a NVIDIA
Quadro RTX 8000 with 48GB GPU memory and an Intel(R) Xeon(R) Silver
4214 CPU. A distilled version of the code is available at https://github.com/imsb-
uke/pcai/.

Data availability

Data from Prostate Cancer Biorepository Network (PCBN), namely the JHU
and NYU datasets in this work are available upon request at
https://prostatebiorepository.org/. The PANDA dataset with corresponding
GT segmentation masks is available on the challenge website at
https://panda.grand-challenge.org/data/. The UPP dataset images are pub-
licly available under the name SPROB20 at
https://datahub.aida.scilifelab.se/10.23698/aida/sprob20. However, the pub-
lic version is anonymized and does not provide metadata such as endpoint
information for the individual biopsies and patients. The MMX dataset is
not publicly available. The UKEhv and UKE-sealed datasets can be obtained
upon reasonable request to the department of Pathology at the UKE.
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Figures

Figure 1: Overview of the PCAI PCa cancer grading algorithm. It can process arbitrarily
sized TMA-spot and biopsy images. A separate cancer indication network highlights
cancerous regions on the input images, providing visual interpretability. The most relevant
patches are then processed in the deep-learning network and used for cancer grading that
exceeds stratification based on expert-assigned ISUP compared to objective ground-truth
survival information. A credibility estimation setup outputs a credibility score with every
risk prediction that adds a quantifiable measure of trustworthiness. Finally, a domain
adversarial training regime as well as a credibility-guided color adaptation setup contribute
to the model’s robustness across five unseen TMA-spot and biopsy datasets.
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Figure 2: Overview of data preprocessing and the TMA and biopsy datasets. In total, data
from 5 different clinics across three countries were collected and integrated. Filtering was
performed on the individual patient’s metadata (sufficient endpoint information, minimum
5 years of FU duration or any observed event, ISUP information) and image quality
(enough tissue on slide, slide not blurry). A shows the preprocessing and filtering of all
datasets that are divided into training and test sets. B depicts the datasets used to build
and assess the robustness of the deep learning algorithm. From the UKEhv dataset, which
includes highly variant data from six different domains, three are used for training PCAI.
The remaining three domains as well as the external JHU and NYU dataset are used to
evaluate robust performance on unseen data that expresses a covariate shift. C depicts the
data used for benchmarking our algorithm against human annotated IQ Gleason and ISUP
on a per-image level. Predictive performance is assessed on one unseen TMA-spot (UKE-
sealed) and two external biopsy datasets (MMX, UPP). Scanner vendors: APE=Aperio,
3DH=3DHistech, HAM=Hamamatsu, VEN=Ventana.
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Figure 3: Comparing BASE (gray) and PCAI (blue) with respect to credibility-guided
color adaptation on the TMA datasets respective test splits. A shows what percentage of
images get color adapted by our credibility-guided approach. The following plots analyze
the change in AUROC5 compared to no color adaptation if either all (ALL, purple) or
only credibility-guided (CE, blue) samples are color adapted for BASE (B) and PCAI (C)
with the overall sum of gain or loss in AUROC5 shown in the legend. Vertical dashed lines
divide domains used for training, the rest of the internal UKEhv domains, and external
domains.
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Figure 4: The effect of data variance on model performance. A Exemplary images for
each of the UKEhv sub-datasets B Difference in EOC-Index of PCAI (blue) and BASE
(gray) compared to that of BASE on UKE-first (0.692) for the same overlapping patients
(n=1537) with one image in each sub-dataset. C and D show barplots of bootstrapped
results with the mean EOC-Index and 95% confidence intervals of PCAI and BASE on
the JHU and NYU datasets along with two exemplary TMAs for the respective datasets.
Significance was evaluated using pairwise t-tests that compare PCAI vs all other predictors
(*: p < 0.05, **: p < 0.05, ***: p < 1e− 3, ****: p < 1e− 4).
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Figure 5: Bootstrapped results of PCa grading performance of human experts and the
BASE and PCAI models showing mean and an errorbar of the corresponding 95% con-
fidence intervals. Performance of BASE (gray) and PCAI (blue) in terms of EOC-Index
and AUROC5 on the UKE-sealed TMA spot dataset (A, B) as well as the UPP (C, D)
and MMX (E, F) biopsy datasets are compared to human pathologists, image-wise anno-
tations (ISUP from clinical routine in orange; A1-A3 are two experienced and one expert
pathologist in red, GIQ by expert pathologist Guido Sauter in purple). To aggregate
image-level predictions to patient-level, mean aggregation is performed on UKE-sealed
while max aggregation is performed on the biopsy datasets (UPP and MMX). For visual
clarity, only the pairwise t-tests that compare PCAI vs all other predictors are shown (*:
p < 0.05, **: p < 1e − 2, ***: p < 1e − 3, ****: p < 1e − 4). In E and F, **** denotes
that all comparisons to PCAI are statistically significant with p < 1e− 4.
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Tables

UKE NYU JHU UPP MMX

patients 8,157 158 879 123 269
image type TMA TMA TMA Biopsy Biopsy

age [years] ± SD 63.5 ± 6.1 60.9 ± 7 59.2 ± 6.3 - 67.6 ± 8.9
censoring [%] 61.4 70.3 0.3 83.7 88.5

median survival 1.6 3.9 2 2.1 4.3
median followup 8 17.8 16 7 9.1

0 410 (5.03%) - - - -
1 1,806 (22.14%) 49 (31.01%) 133 (15.13%) 9 (7.32%) 15 (5.58%)

ISUP 2 4,016 (49.23%) 67 (42.41%) 337 (38.34%) 66 (53.66%) 82 (30.48%)
3 1,367 (16.76%) 16 (10.13%) 184 (20.93%) 27 (21.95%) 80 (29.74%)
4 109 (1.34%) 11 (6.96%) 123 (13.99%) 12 (9.76%) 36 (13.38%)
5 449 (5.50%) 15 (9.49%) 102 (11.60%) 9 (7.32%) 56 (20.82%)

≤ 3+3 2,216 (27.17%) 49 (31.01%) 134 (15.28%) 9 (7.32%) 15 (5.58%)
3+4 4,016 (49.23%) 67 (42.41%) 334 (38.08%) 66 (53.66%) 82 (30.48%)
3+5 37 (0.45%) 7 (4.43%) 28 (3.19%) 1 (0.81%) 10 (3.72%)

Gleason 4+3 1,367 (16.76%) 16 (10.13%) 185 (21.09%) 27 (21.95%) 80 (29.74%)
Score 4+4 55 (0.67%) 3 (1.90%) 84 (9.58%) 11 (8.94%) 26 (9.67%)

4+5 366 (4.49%) 10 (6.33%) 85 (9.69%) 8 (6.50%) 46 (17.10%)
5+3 17 (0.21%) 1 (0.63%) 10 (1.14%) - -
5+4 82 (1.01%) 5 (3.16%) 15 (1.71%) 1 (0.81%) 8 (2.97%)
5+5 1 (0.01%) - 2 (0.23%) - 2 (0.74%)

BCR 3,089 (37.87%) 43 (27.22%) 521 (59.27%) 18 (14.63%)
Event FU 5,007 (61.38%) 111 (70.25%) 3 (0.34%) 103 (83.74%) 226 (84.01%)
Type META 61 (0.75%) - 142 (16.15%) 2 (1.63%) 42 (15.61%)

PCAD - 4 (2.53%) - - 1 (0.37%)
TRT - - 213 (24.23%) - -

≤ T1 2 (0.02%) - - 95 (78.51%) 122 (45.35%)
T-stage T2 4,966 (60.88%) 104 (65.82%) 134 (15.42%) 26 (21.49%) 90 (33.46%)

T3 3,128 (38.35%) 52 (32.91%) 735 (84.58%) - 54 (20.07%)
T4 61 (0.75%) 2 (1.27%) - - 3 (1.12%)

N0 4,306 (86.41%) 56 (35.44%) 700 (80.18%) - -
N-stage N1 677 (13.59%) 1 (0.63%) 163 (18.67%) - -

N2 - - 2 (0.23%) - -
NX - 101 (63.92%) 8 (0.92%) - -

M0 6,335 (78.47%) - 509 (60.89%) 7 (5.69%) 79 (29.48%)
M-stage M1 1,738 (21.53%) - 327 (39.11%) 7 (5.69%) -

MX - - - 109 (88.62%) 189 (70.52%)

Table 1: Basic patient characteristics of all experiments showing number of unique pa-
tients, number of images and image type, age, PSA level at diagnosis (NYU, JHU),
biopsy (MMX) or RP (Other), censoring rate, median survival and FU time in years,
the event type classification (BCR=biochemical recurrence, META=metastasis, TRT=any
additional treatment, FU=lost to follow-up, PCAD=PCa death), primary and secondary
Gleason score, ISUP, pathological (TMA), and clinical (biopsy) T-, N- and M-stage.
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Glossary

AUROC5 Area Under the Receiver Operating Characteristic Curve. We
evaluate at 5 years of survival time. 5, 12, 13, 16, 18, 19, 21–23, 29, 31

BASE The baseline model is a CNN-based predictive framework trained
exclusively on a single internal data domain, UKE-first. 5, 11, 14–16,
18–20, 29–31

BCR Possible endpoint, refers to the rise in PSA levels in the blood following
radical treatment or radiation for PCa patients, indicating recurrence.
7, 8, 10, 13, 32

C-Index A metric to measure the concordance of a risk prediction with
patient survival. 5, 10, 13, 21

CA Color Adaptation 10–12

CE Credibility Estimation 10–12

CNN Convolutional Neural Network 4

DA Domain Adversarial Training 10–12

EOC-Index To enable a meaningful comparison of different endpoints, the
concept of an EOC-Index is introduced. 5, 7, 10, 12–16, 18, 19, 21–24,
30, 31

FU An endpoint for a PCa patient. Lost to follow-up means he did not
experience any relapse. 5–8, 10, 11, 13, 28, 32

GIQ Extended Gleason score that provides a continuous numerical score to
better integrate tertiary Gleason patterns. GIQ is currently one of the
best performing grading systems for PCa histopathology. 18, 23, 31

Gleason Most relevant prognostic feature in PCa biopsies and TMAs, based
on Gleason grading. Evaluates PCa aggressiveness, by assessing archi-
tectural patterns of prostate glands by a (uro-)pathologist. Higher
scores indicate more aggressive cancer. 5, 6, 22, 23, 28, 32
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ISUP Simplified PCa grading system defining groups 1–5 with increasing
cancer severity to predict disease aggressiveness. 3, 5, 6, 8–10, 15,
17–20, 22, 23, 27, 28, 31, 32

JHU TMA dataset from the Prostate Cancer Biorepository Network, col-
lected at the Johns Hopkins Hospital in Baltimore, USA, exclusively
used for model testing. 9, 13, 15, 16, 20, 24, 25, 28, 30, 32

META An endpoint for a PCa patient that developed metastases. 10, 13,
32

MMX Biopsy dataset from Malmö, Sweden, exclusively used for model test-
ing. 9, 19, 20, 23, 24, 28, 31, 32

NYU TMA dataset from the Prostate Cancer Biorepository Network, col-
lected at the New York Langone Medical Centre, USA, exclusively used
for model testing. 9, 13, 15, 16, 24, 28, 30, 32

PANDA Prostate cANcer graDe Assessment (PANDA) Challenge dataset
with 10,616 biopsies (2,113 patients) from the Karolinska Institute in
Stockholm, Sweden and the Radboud University Medical Center in
Nijmegen, Netherlands. 3, 11, 17, 24

PCa Prostate cancer. 3–7, 13, 14, 18–24, 27, 31, 32

PCAD An endpoint for a PCa patient that died from the disease. 10, 13,
32

PCAI AI-based PCa detection and grading framework that contains sev-
eral algorithmic adaptations to increase prediction robustness over the
BASE model. Employing domain adversarial training and credibility-
guided color adaptation, making it robust to data variation, inter-
pretable, and adding a measure of credibility. 5, 10–12, 15–24, 27–31

PSA Protein produced primarily in the prostate gland. It is commonly
measured in the blood as a biomarker for prostate health. Elevated
PSA levels can indicate (recurring) PCa. 7, 8, 25, 32
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RP Surgical procedure performed to treat localized PCa by removing the
entire prostate gland along with surrounding tissues. 7, 8, 14, 15, 23,
32

TMA Technique for tissue analysis, consisting of many small cylindrical
representative samples, termed spots, that are extracted from paraffin-
embedded tissue and are widely used in biomarker discovery and vali-
dation studies. 5–9, 11, 14–21, 23, 25, 27–32

TRT An endpoint for a PCa patient indicating disease progression by any
additional treatment. 7, 10, 13, 32

UKE-first Sub-dataset of UKEhv that includes 8,123 TMA spots following
the standard procedure of the University Medical Center Hamburg Ep-
pendorf for tissue digitization, where tissue samples were sectioned at
a thickness of 2.5 µm, stained with Hematoxylin and Eosin for 4 min-
utes and 1:20 minutes, respectively, and then digitized using an Aperio
scanner at a magnification of 40x (0.25 µm/pixel). 8, 9, 11, 14–17, 30

UKE-long Sub-dataset of UKEhv contains TMA spots with nearly ten
times the regular staining time when compared to UKE-first. 9, 15,
16

UKE-scanner Sub-dataset of UKEhv scanned with an alternative 3DHis-
tech scanner compared to UKE-first. 9, 11, 14–16

UKE-sealed Unique TMA dataset used for testing the BASE and PCAI
models. Unlike other TMA datasets, UKE-sealed provides spot-level
quantitative Gleason grading. Access to patient data and outcomes is
restricted to the Department of Pathology at the University Medical
Center Hamburg-Eppendorf, and the evaluation of TMA spot predic-
tions is also conducted solely by this department. 6, 9, 18, 20, 23, 24,
28, 31

UKE-second Sub-dataset of UKEhv representing a secondary batch of can-
cerous prostate areas with slight variations in processing protocol com-
pared to UKE-first. 9, 11, 15, 16

UKE-thick Sub-dataset of UKEhv contains TMA spots with a thicker sec-
tioning of 10µm compared to UKE-first. 9, 15, 16

35



UKE-thin Sub-dataset of UKEhv contains TMA spots with a thinner sec-
tioning of 1µm compared to UKE-first. 9, 14, 15

UKEhv One-of-a-kind dataset of 28,236 PCa histopathological images with
variations in section thickness, staining protocol, and scanner, allowing
for the systematic evaluation and optimization of model robustness.
8–12, 14–17, 24, 28–30

UPP Biopsy dataset from Uppsala, Sweden, exclusively used for model test-
ing. 9, 19, 20, 23–25, 28, 31, 32

WSI Digital high resolution scans of entire tissue slides for histopathological
analysis. 13, 19
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T. Tsuzuki, T. Häkkinen, L. Egevad, M. Demkin, S. Dane, F. Tan,
M. Valkonen, G. S. Corrado, L. Peng, C. H. Mermel, P. Ruusuvuori,
G. Litjens, M. Eklund, A. Brilhante, A. Çakır, X. Farré, K. Geronat-
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Mink, S. Kutzera, C. Fraune, C. Göbel, H. Huland, T. Schlomm,
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