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Abstract. While studies in pathology are essential for the progress in
the diagnostic and prognostic techniques in the field, pathologist time
is becoming an increasingly scarce resource, and can indeed become the
limiting factor in the feasibility of studies to be performed. In this work,
we demonstrate how the Digital Pathology platform by CRS4, for sup-
porting research studies in digital pathology, has been augmented by the
addition of AI-based features to accelerate image examination to reduce
the pathologist time required for clinical studies. The platform has been
extended to provide computationally generated annotations and visual
cues to help the pathologist prioritize high-interest image areas. The
system includes an image annotation pipeline with DeepHealth-based
deep learning models for tissue identification and prostate cancer iden-
tification. Annotations are viewed through the platform’s virtual micro-
scope and can be controlled interactively (e.g., thresholding, coloring).
Moreover, the platform captures inference provenance information and
archives it as RO-Crate artifacts containing data and metadata required
for reproducibility. We evaluate the models and the inference pipeline,
achieving AUC of 0.986 and 0.969 for tissue and cancer identification,
respectively, and verifying linear dependence of execution speed on image
tissue content. Finally, we describe the ongoing clinical validation of the
contribution, including preliminary results, and discuss feedback from
clinical professionals regarding the overall approach.
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1 Introduction

The examination and annotation of images of tissue samples is a critical part
of clinical studies in the field of pathology – that is, the medical discipline that
diagnoses disease from tissue and relevant clinical data. In such studies, tissue
characteristics are identified and analyzed, along with other patient traits, in the
search for information useful to improve clinical practice. The tissue samples are
collected by either surgery or biopsy. Slices of these specimens are then mounted
on glass slides, stained (coloured) and, finally, scanned by special-purpose digital
optical microscopes. The resulting digital pathology images – often referred to
as slides, like the glass slides from which they are scanned – are very high in
resolution (typically 40× magnification, which results in images with a resolu-
tion in the order of tens of Gigapixels and a size 1–5 GB per compressed image).
The examination and image annotation required of pathologists to conduct such
clinical studies is defined in detail by the study protocol, and it is generally
much more time-consuming than examining slides for regular clinical diagnostic
practice. For instance, study protocols may require the annotation and mea-
surement of additional exploratory features that are not currently part of any
clinical diagnostic or prognostic protocol. Therefore, pathologist time tends to
become the limiting factor in the feasibility of the studies – a situation wors-
ened by the declining number of pathologists and the rise in biopsy volumes.
Computer-aided pathology holds a lot of potential to ameliorate the situation
by accelerating the slide examination and annotation process and reducing the
required human effort through the use of AI methodologies [21].

In this setting, the support of bespoke software can be very valuable to facil-
itate the rigorous application of the study protocol and the correct management
of such a study: the Digital Pathology (DP) Platform by CRS4 [27] is a system
exactly for this purpose. It provides a platform for configuring vertical applica-
tions for managing, examining and annotating digital pathology images within
the context of clinical research. It supports all major virtual slide formats and
provides users with a web application that includes a virtual microscope, allow-
ing the on-line interactive remote visualization and annotation of very large
virtual slides, without loss of quality with respect to optical microscopes [33].
The platform also provides a palette of tools to accurately draw and measure
regions of interest (ROIs) following irregular tissue contours. Using the platform,
a vertical application has been created for studies on prostate cancer. In addition
to general annotations, the application adds specifically detailed prostate cancer
ROI annotation labels. A minimally customized variant of this configuration of
the platform has been used to conduct the Prognostic Factors for Mortality in
Prostate Cancer (ProMort) study [34], and another is currently being used in
a study aiming to improve prostate cancer prognosis through the integration of
advanced statistical modeling and the inclusion of new prognostic variables [28].

In this work, we describe how we extended the DP Platform with AI-based
functionality to better support the examination and annotation of digital pathol-
ogy slides in the context of clinical studies. The remainder of the manuscript is
structured as follows: Sect. 2 provides relevant background; Sect. 3 describes the
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main contributions, including the inference pipeline, the deep learning models,
the visualization strategy and the collection of provenance information; Sect. 4
describes the evaluation and discusses the results; finally, Sect. 5 concludes the
work.

2 Background and Related Work

The DeepHealth Toolkit. The DeepHealth toolkit [8] is an open source deep
learning framework. It is specifically tailored to be easily applied to biomedi-
cal data (for instance, it includes functionality to read digital pathology images)
and to leverage heterogeneous computing resources (e.g., high-performance com-
puting clusters, cloud computing platforms, GPU and FPGA accelerators). The
toolkit’s deep learning (EDDL) and computer vision (ECVL) libraries have been
used (through their respective Python APIs) to implement the AI functionality
described in this work.

Related Work. To the best of the authors’ knowledge, no other software plat-
form has been published that aims to support the execution of clinical studies in
digital pathology in a way analogous to the DP Platform. However, much work
has been published in related fields. For instance, OMERO provides whole-slide
image (WSI) data management functionality, and it is also one of the key com-
ponents of the DP Platform; it provides generic key-value image annotation
that is not specialized on any particular domain. Other tools like QuPath [5],
Orbit [25], FastPathology [20], ASAP [4], PathML [6] provide functionality to
view and annotate slides; some even support machine/deep learning based seg-
mentation and classification. However, these tools do not aim to support the
execution of clinical study protocols, nor to provide domain-specific annotation
tools. Recently, the PANDA challenge [7] has catalyzed efforts on the appli-
cation of deep learning techniques to prostate cancer histopathology; however,
PANDA focuses on prostate cancer prognosis, rather than identifying cancer tis-
sue in prostate tissue images. Work has also been done on characterizing the
aggressiveness of cancer tissue based on its appearance [26].

3 Slide Examination Support System

The DP Platform is a multi-component system consisting of an image repos-
itory/server, an annotation management service and a web application. The
image repository is based on the OpenMicroscopy OMERO server [1] – the
same system that is behind some large-scale public image repositories [13,30]
– which has been extended with the purpose-built ome seadragon software com-
ponent [17] to add support for the Deep Zoom Image format [10] and web-based
viewers for high-resolution zoomable images, such as the OpenSeadragon [18].
The user-facing web application interacts with the image and annotation services
to provide functionality such as the virtual microscope, the annotation tools, etc.
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In this work, the DP Platform has been augmented with new functionality
to support the examination of histopathological slides by pathologists through
computational annotation of the images. This functionality has been achieved
by implementing a computational annotation pipeline that integrates multiple
specialized deep learning models for image analysis, as well as custom visualiza-
tion and examination tools that leverage the model predictions. In addition, to
enhance the reproducibility of the computational results, the provenance infor-
mation of the predictions is captured in RO-Crate artifacts [24] and stored with
the annotations. The extended platform’s architecture is illustrated in Fig. 1.
The following subsections describe the components in more detail.

Fig. 1. The extended DP platform software architecture

3.1 Computational Annotation Pipeline

Computational annotation of digital pathology images has been integrated into
the DP Platform through its slide import and pre-processing workflow. The
workflow has been extended to apply AI-based analyses to digital pathology
images at this stage. The added complexity of the process motivated the inte-
gration of the Apache Airflow workflow manager [3] into the platform as a process
automation subsystem, providing sophisticated workflow execution and monitor-
ing functionality (both programmatic and graphical).

As illustrated in Fig. 1, the image import pipeline is composed of three main
stages: the first and third perform platform-specific data and metadata man-
agement; the “Inference execution” stage uses AI models to automatically ana-
lyze images. The computational pipeline of this stage is defined using the Com-
mon Workflow Language (CWL) [2] and executed using CWL-Airflow [16] – an
implementation of CWL for Airflow. The choice of a standard workflow language
improves workflow portability and facilitates the integration of novel data prove-
nance approaches (see Sect. 3.4). The inference stage performs the following steps
on the digital pathology image: a low-resolution mask of the tissue is inferenced
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(downsample factor of 29) and used to select the areas of the image that warrant
further processing; the tissue mask is refined by repeating tissue inference at a
higher magnification level (downsample factor of 24) on tissue areas recognized
in step 1; cancer inference is performed at high magnification level (downsample
factor of 2) on tissue areas recognized in step 1.

Each deep learning model is packaged as an executable Docker container
image that provides inference functionality through a common interface – these
images are based on pre-built DeepHealth toolkit images [11]. The abstract inter-
face exposes the whole slide to the model, allowing it to support any kind of
ensemble or complex model design. The generated annotations are stored using
either Zarr [32] or TileDB [19]: both are modern formats for storing large N-
dimensional arrays in a chunked, compressed and cloud-friendly data structure
(at the moment the workflow implementation can be configured to use either
solution). The import workflow invokes the inferencing containers, makes the
data and previous predictions in the pipeline accessible to them (by mounting
appropriate data volumes on the container), retrieves the resulting annotations
and imports them into the annotations manager. The DP import workflow can
be configured to run any number of annotating container images.

3.2 Deep Learning Image Annotation Models

Identification of Tissue. We have created a neural network model with the
PyEDDL and PyECVL libraries for the identification of tissue areas on histolog-
ical images. This model allows the platform to completely automate the tissue
annotation phase in the clinical annotation process. To create the model, train-
ing, validation, and test sets were generated by manual annotation of background
and tissue areas from a set of sample slides. Selected samples also contained dif-
ferent kinds of objects that can be found in the background – for example,
markers and glue – which can easily generate errors in simple automated tis-
sue recognition approaches, and which were also problematic for preliminary
versions of the model. For this particular task, we defined a pixel-based model
architecture made of dense layers which classifies input RGB pixels one-at-a-
time, as opposed to patch-based architectures that are frequently used for image
segmentation problems – such as U-Net [22] – which produce a single output for
a given patch of pixels in input. This approach made it very simple to generate
training data for the model by selecting blocks of pixels from tissue and back-
ground image areas, with no need to annotate samples of the tissue-background
interface.

Identification of Prostate Cancer Areas. A second deep learning model
has been developed to recognize adenocarcinoma of the prostate. Based on ini-
tial experiments, a patch classification approach was adopted: we decompose
the histopathology slides into patches of size 256×256 pixels and classify each
tissue patch as a whole as benign/malignant. Moreover, initial exploratory work
brought us to select the VGG-16 network architecture [23]. The convolutional
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layers of the network are pre-trained with the ImageNet dataset [12] (without
freezing any layer parameter), improving convergence speed and overall accu-
racy with respect to starting with models that were either completely untrained
or using the Glorot [14] or He [15] initializations. To mitigate the effects of
overfitting, dropout layers were added to the classification part of the network.
Other solutions were also tested during model development, ranging from regu-
larization techniques to data augmentation, as well as reducing the number of
parameters of the fully connected classifier and using staining normalization –
based on stain separation with preservation of the sample structure. These did
not provide significant improvements in inference performance.

To create the model, a set of 417 slide images were scanned using a 3DHis-
tech Pannoramic 250 Flash II at 40× magnification (pixel size of approximately
0.1945 µm/pixel). The slide images were examined and annotated by pathol-
ogists (using the DP Platform). From these, a training dataset of about 123K
patches was generated (38K normal and 85K cancer patches) and saved to a scal-
able Cassandra-based patch repository [29]. Leveraging our custom Cassandra-
based data loader, we created two kinds of balanced split configurations: the first,
composed of two splits (80% training and 20% validation), was used for rapid
evaluation of different training hyperparameter configurations; the second, com-
posed of five equally sized splits, was used to more robustly evaluate promising
models through cross-validation. Like the tissue identification model, this one
was also developed with the PyEDDL and PyECVL libraries.

3.3 Visualization of Computational Annotations

The DP Platform has been extended with functionality to visualize the results
of inference by deep learning models and use them to provide visual cues to
assist the end user in the examination of the image. The outputs of the mod-
els developed for this use case are 2D arrays of “scores” at the pixel or patch
level: in particular, the tissue detection model classifies single pixels, while can-
cer prediction works on whole patches. We have implemented two alternative
visualization methods for these computational annotations: the heatmap and
the vectorial ROI. These methods have both been integrated into the DP Plat-
form’s virtual microscope and produce visual artifacts that can be dynamically
controlled by the user and overlaid onto the image (see Fig. 2).

The heatmap visualization (Fig. 2a), which is used for the cancer detection
feature, is used to focus the attention of the pathologist on potentially relevant
regions (like specific cancer patterns). To render the model outputs as heatmaps,
the results produced by the models are registered into the DP Platform as new
annotations of the slide and stored as arrays; they are then rendered at run time
by a dedicated module by appropriately slicing the data and applying a color
map. The web application includes controls to dynamically adjust the heatmap’s
opacity and to specify a threshold to cut off non-significant values.

On the other hand, the visualization of vectorial ROIs, which are used for
the tissue detector output, requires additional post-processing on the model’s
2D matrix output. Specifically, the continuous value matrix is transformed into
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a boolean mask by applying a configured threshold value. The mask is further
processed to identify clusters of “true” values bigger than a set threshold (smaller
clusters are not useful for the clinical review) and compute the enclosing geom-
etry defining the ROI (Fig. 2b).

Fig. 2. Heatmap visualizations and tissue ROIs rendered in the Virtual Microscope,
generated respectively from the outputs of the cancer and tissue identification models.

3.4 Prediction Provenance with RO-Crate

At the conclusion of the inference workflow execution for a given slide, the
DP Platform generates an RO-Crate object (with the ro-crate-py library [9])
to capture the provenance data of the tissue and cancer predictions generated
by the inference process. The RO-Crate references the slide, the predictions,
the CWL inference workflow definition and its input parameters (including the
model’s specific Docker image tag). The RO-Crates thus created serve as archiv-
able snapshots of prediction runs, and they are expected to greatly enhance the
reproducibility of the predictions; they can even be a part of a more articulate
graph that also documents the provenance of the slides by using the Common
Provenance Model [31].

4 Evaluation and Discussion

Evaluation of the Tissue Predictive Model. The tissue predictive model
was trained using a balanced dataset of about 30M pixels (i.e., 30M RGB
triplets). The training took about 18.5 min (30 epochs, about 37 s for each epoch)
running on a Nvidia RTX 2080Ti GPU with 12 GB RAM. We evaluated the
model’s accuracy with a balanced test set of 6M pixels. A maximum accuracy
of 0.96 was achieved by setting the classification threshold (to assign the class
of a pixel starting from its prediction score) to 0.65. The ROC curve (Fig. 3a)
shows that the model can have its maximum sensitivity without increasing the
false positive rate beyond 10%. The AUC is 0.986; the F1-score, which is 0.96
when using the threshold classification value of 0.65.
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Evaluation of Cancer Predictive Model. The cancer prediction model was
trained starting from a dataset composed of 384 annotated slides (taken from 200
different cases) resulting in 123,148 patches measuring 256×256 pixels each. The
training was performed on a single GPU (Nvidia Titan RTX with 24 GB RAM)
and the epoch time was on average 467 s (std 3.8 s). The minimum number of
epochs needed to get the best validation accuracy, including 20 epochs for early
stopping, ranged from 35 to 73.

The final evaluation was performed on a test set generated from 149 slides
(taken from 109 cases), from which 66,698 patches were extracted. We charac-
terized model performance through a five-fold cross validation procedure, from
which we produced five different models. All test patches were classified with
each of the five models. The predictions were averaged to have a single score
that could be compared with the true labels with a soft voting approach. The
resulting maximum accuracy is 0.91 with a classification threshold set to 0.58.
With the same threshold, the F1-score is 0.9. Figure 3b shows the ROC curve,
with an AUC equal to 0.969. All training, validation and test sets were generated
to be balanced with respect to the two classes.

Fig. 3. ROC curves for the image analysis models

Computational Inference Pipeline Performance. We tested the inference
pipeline described in Sect. 3.1 to characterize its overall speed and verify its
linear progression with respect to the slide’s tissue content. Experiments were
conducted on node equipped with an Intel(R) Xeon(R) W-2145 CPU @ 3.70 GHz
(8 cores, 16 threads), 128 GB RAM, a NVIDIA Quadro RTX 5000 (16 GB RAM),
and a 3-HDD ZFS. The test set was composed of 203 WSI. Each slide was
captured with a 3DHistech Pannoramic 250 Flash II scanner at a magnification
of 40× (pixel size of approximately 0.1945 µm/pixel) and has a resolution of
112,908×265,513 pixels; the average tissue coverage per slide is 1.5%. Note that
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all prediction times are comprehensive of I/O operations for reading slides and
writing results.

We report wall clock execution times of the inference pipeline in Fig. 4a.
The various pipeline stages are executed serially and each occupies the single
GPU on the test system. The difference between the execution time of the whole
pipeline and the sum of the individual steps is used for the data management
work performed by the pipeline, such as packaging the output of the models as
Zarr arrays and registering them with the platform.

The execution time of the tissue mask refinement and cancer identification
steps is dependent on the amount of tissue on the image, which explains the
increased variability in the execution times for these steps. Our experiments
show that the execution time of the pipeline’s application of these models grows
linearly with the image’s tissue coverage (see Fig. 4b).

Fig. 4. (a) Average execution times of the prediction pipeline and its tasks. (b) Exe-
cution time of inference steps with respect to tissue coverage.

Clinical Evaluation. The AI-based slide examination functionality that has
been added to the DP Platform is undergoing clinical evaluation based on mea-
suring the time of annotation and assessment of the slides by the pathologist;
this evaluation parameter is in line with the main goal of the platform’s AI-based
features to support the examination by an expert, rather than fully automate
the process. While the full evaluation is not yet complete, in this work we report
the preliminary results, as well as the feedback collected from the evaluating
pathologist.

The review protocol followed for the clinical evaluation involves two steps:
identification and measurement of the ROIs of relevance in the slide (in par-
ticular, identification of tissue cores and invasive cancerous areas within them);
for each identified ROI, annotation of relevant clinical features (e.g., cancerous
or inflammatory patterns, cancer staging scores, etc.). The evaluation is being
conducted in three different stages: 1) Baseline, without any AI support tools; 2)
Intermediate, with the examination supported by the tissue recognition model;
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3) Final: with the examination supported by both the tissue and cancer identi-
fication models.

We present results for the Baseline and Intermediate evaluation stages. Anno-
tation times were measured on 139 slides for the Baseline stage and 131 slides
for the Intermediate stage. The clinical examination focused on the single can-
cerous tissue core per slide considered most relevant and sufficient for diagnostic
purposes. For the Baseline stage, we measured an average annotation time of
11 min. For the Intermediate stage, the average annotation time per slide was
9 min. At the time of writing, the Final evaluation phase is in progress and no
data on annotation time is available yet.

These preliminary evaluations suggest that the AI-based support tools pre-
sented here successfully reduce the time required for cancer slide examination
and annotation by a pathologist. We expect the addition of sufficiently accu-
rate cancer-identification functionality to further accelerate annotation in the
Final stage, as the pathologist will no longer need to examine the full area of
each tissue core in search for cancer areas, but only those highlighted by the
model. A preliminary evaluation by the pathologist of the predictions of inva-
sive prostate adenocarcinoma revealed a very low false-negative error rate and
a false-positive error rate that needs to be addressed and improved. The overall
impression regarding the predictions of prostate cancer is quite promising.

5 Conclusion

The new AI-based functionality added to the DP Platform has shown promising
results in the reduction of pathologist time required to examine and annotate
digitized prostate cancer slides in the context of clinical studies. The accuracy
and computational performance of these new tools has been experimentally eval-
uated and their clinical evaluation is in progress. The software used for this
work has been released under the MIT open source license and the code is
available on GitHub (https://github.com/deephealthproject/promort pipeline,
https://github.com/crs4/slaid, https://github.com/crs4/deephealth-pipelines).
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