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Considerate la vostra semenza:

fatti non foste a viver come bruti

ma per seguir virtute e canoscenza

Dante Alighieri, Canto XVI, Inferno
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1.1. Motivation

R ecent advances in medical imaging hardware and software in healthcare contribute to
steady improvement in the quality of diagnosis. Every day, hospitals produce many dig-

ital medical images that provide clinicians with diagnostic material to better diagnose and
profile patients. However, image-based medical diagnosis can suffer from inter-observer
and intra-observer variability [16, 77, 201]. To address this problem, researchers have been
developing medical image analysis techniques, based on the analysis of large collections of
labeled images, to obtain more robust and accurate results [54, 60, 94, 166, 186]. Algorithms
have been proposed to recognize abnormalities in medical images, to facilitate the charac-
terization of findings, and to unlock information not discernible by the human eye. This
additional information consists of spatial, morphometric, and derived features that increase
the information depth of medical images. In the coming years, these methods can be envi-
sioned to support the physicians in their routine work and to address a variety of diagnostic
tasks that would make diagnosis more quantitative and less subjective.

Furthermore, clinical researchers have been analyzing image-derived features from radiol-
ogy [77, 112] and pathology images [27, 60] to disclose new prognostic factors that can char-
acterize diseases in new ways. For instance, the combination of multiple extracted features
may indicate the chance of survival of a patient, or provide insight for optimal treatment.

In the past decade, these innovations transformed pathology, a medical discipline in which
pathologists diagnose tissue samples of patients, into a digital practice [13, 72, 179]. Pathol-
ogy diagnostic routine can now be performed onworkstations that improve the comfort [82]
and that with the integration of computer-aided quantitative analysis are expected to aug-
ment the work of the pathologists [186]. Also, the digitization of tissue glass slides allowed
researchers to apply large-scale image analysis and to extract image-based features for tissue
slide characterization and better stratification of patients.

However, adoption of image analysis techniques for clinical applications and research faces a
number of obstacles. First, integration of image-based information in diagnostics may alter
or disrupt the cognitive diagnostic process of the physicians, and therefore the incorporation
of this data must be designed and applied with a careful understanding of the diagnostic
routine and the legal implications, both from a regulatory andmalpractice standpoint [169].
Second, clinical researchers have to deal with amultitude of platforms and complex datasets.
Often, the analysis is difficult to track and to reproduce, preventing a valid verification of the
findings [146].

In light of this, the main questions are:

• How can we incorporate computer-aided quantitative analysis in the clinical work-
flow?

• How can we support clinical research of new predictive and prognostic factors from
image-based features and achieve reproducible research and data integration?

To answer these questions, we investigate the discipline of digital pathology and the work-
flows of pathologists and clinical researchers in the following chapters. In the scenario of
increasing data complexity and a need for advanced platforms, we introduce Visual Analyt-
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ics as an approach to address the incorporation of image-based features in the clinical and
research domain. Visual analytics is an integral approach for decision making based on the
combination of visualization, human capabilities, and data analysis [103], which has been
successfully applied to many healthcare domains in the past. Visual analytics can play a ma-
jor role to address information overload and support the cognitive process of the user [39].

In the first part of this thesis, we characterize the diagnostic work of the pathologists and we
identify challenges and opportunities with a survey conductedwith 20 participants. Next, we
propose two visual analytics applications to improve the practice of pathologists on digital
platforms by using image-based features with visual analytics. In the second part, we address
the needs of clinical research. Specifically, we discuss computational pathology, which in-
volves algorithms and statistics in large pathology population studies [122]. We investigate
the methods that are typically employed in computational pathology and how the field can
benefit of visualization and interactive analysis in support of clinical researchers.

1.2. Digital and Computational Pathology

Radiology has become entirely digital in the last decades of the previous century, and now
pathology is undergoing digital innovation. In traditional pathology, pathologists examine
portions of tissues of patients on glass slides in order to characterize the presence of a disease.
With dedicated scanners, tissue glass slides can now be digitized into Whole-Slide-Images
(WSIs) at the resolution of typically 100.0002 pixels. In the coming years, it is expected that
more computer-aided quantitative methods and Artificial Intelligence (AI) techniques will
mature enough to assist pathologists in their diagnostic process and to improve WSI ex-
amination [37]. There is a growing sentiment in the pathology and medical community
that radiologists and pathologists have to be central to the development of new software
solutions [60, 70, 95, 125]. In the first stage of adoption, pathologists are likely to employ
computational methods to quickly perform tasks that are labor intensive and tedious [60].
This will enable them to focus on the quality of the extracted information and the quality
of the diagnosis together with other data sources (e.g., Electronic Health Records, genomics
data, radiology reports, and automated quantitative measures, molecular profiling). In later
stages, the progress of digital pathology systems might redefine the role of pathologists (and
radiologists) [186]. Many challenges, however, still need to be addressed [60, 95] to guar-
antee adequate integration and to make effective use of AI-based analysis and quantitative
image information in clinical settings. For instance, comprehensive interfaces to support
the clinical workflow of multiple routine diagnostic tasks with quantitative information still
need to be introduced in digital pathology workstations [169]. Also, the visual presentation
of detected features (i.e., cells, tissue areas) has still to be standardized, as well as the way the
pathologists should interact with such new systems to improve their efficiency [189].

In research, the combination of large availability of WSIs and the improvements of algo-
rithms has initiated the discipline of Computational Pathology, which focuses on the devel-
opment of computational methods for biological feature detection and biomarker discovery
[122]. Recent studies in this area demonstrated that image-derived features can reveal fac-
tors, also termed biomarkers, to characterize diseases in more detail. Ultimately, the identi-
fied biomarkers can lead to better patient stratification and lead to precision histology and
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personalized care [60].

1.3. The value of Visual Analytics

In the last years, visual analytics has been employed with success in several healthcare do-
mains. Visual analytics can be a key component in digital pathology [141]. In diagnos-
tics, visual analytics can be employed to endow pathologists with new approaches for tasks
like discrimination of malignant cases, exploration and collection of findings [70, 141, 186].
Moreover, visual analytics has shown to be highly useful to address information overload
challenges [39].

Many studies [54, 56, 120] focus on the outstanding results of automated techniques in com-
parison to the skills and ability of diagnosticians. Despite their success, these techniques are
still far from replacing the human medical expertise. Diagnosis requires a complex decision
making process that needs to consider the heterogeneity of cases and possible consequences
of finding-based decisions [123, 145]. Computer support, however, may mitigate repetitive
and very specialized tasks, such as counting cells [201] or quantifying percentages of tissue
regions or cell densities [15] that suffer from limitations of human perception. This raises
questions on how to integrate such computer support and how to present and guide the
diagnostician towards diagnosis. Currently, approaches to integrate AI and automatically
extracted information in pathology are still under debate and to be designed [70]. This has
to occur without negatively affecting the diagnostic workflow, and also by enabling pathol-
ogists to trust the machine support [97]. Currently, automatic input is provided in terms of
input for judgement (i.e., cell counting or density estimation of lymphocytes in the tumor),
but in the future higher level information for diagnosis is expected (i.e., final grade of a can-
cer case). Which information is needed, in which form and how AI can be integrated in the
current pathology diagnostic workflow are a few questions that we try to address with visual
analytics in this dissertation.

In computational pathology, the quantitative analysis of medical images has already led to
promising results to reveal new aspects of diseases [14, 76]. Visual analytics works well in
dealing with a large number of features and data models for the purpose of discovery and
insights collection. This is the scope of computational pathology and in the second part of
the thesis we investigate how visualization techniques would help researchers to define and
interactively refine new hypotheses.

1.4. Objective

In this thesis, we define Digital Pathology and Computational Pathology as follows:

• Digital Pathology is the clinical area in which the pathologists use digital pathology
hardware, software, and image analysis techniques to diagnose WSIs,

• Computational Pathology is the research field in which clinical and image analysis re-
searchers process digital tissue slides and investigate automatically-extracted image
features for discovery of predictive and prognostic biomarkers.
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The research question of this dissertation is twofold. It involves the two pathology-related
areas and their users. The main question can be formulated as follows:

How to support pathologists and researchers with visual analytics of image-derived data in
their digital and computational pathology workflows?

For each user (pathologist and researcher), the workflow consists of specific reasoning steps
that can be augmented by visual analytics. We show how to combine visual analytics and
image-derived features in digital and computational pathology, and how we can optimize
the common diagnostic workflow of the pathologists and the researchers. Our approaches
strongly rely on integrated presentation and inferences with diverse datasets, specifically pa-
tient data, medical images, and image features in interactive applications.

1.5. Outline & Contributions

The thesis addresses the needs in Digital Pathology (clinic) and Computational Pathology
(research). The two fields have different users with different aims and tasks. Clinical pathol-
ogists perform diagnoses, in computational pathology the user can be an image analysis
expert, a data scientist or a clinical scientist depending on the scope and application. In the
first part of the thesis, we address the needs of the pathologists, in the second the needs of
researchers in computational pathology.

Chapter 2 provides a background overview of the field of pathology and of visual analyt-
ics techniques for medical imaging. This chapter also presents the data involved in digital
pathology and the characteristics of whole-slide images, the central data of this work.

Next, we introduce the key contributions of this dissertation:

In Chapter 3, we present a survey conducted with 20 pathologists with the goal to charac-
terize the practice of pathology from a visual analytics perspective. An overview of the tasks
involved in the diagnostic work of the pathologists is provided, and the pitfalls in the work-
flow are described. At the end of the chapter, we discuss new directions and opportunities
to apply visual analytics to digital pathology.

In Chapter 4 we present a protocol-based approach to design and implement Computer-
Aided Diagnosis in pathology. We first discuss which aspects to take into account to derive
effective approaches in diagnostic pathology. Next, we present an interactive application that
incorporates the necessary image analysis features to support the diagnostic workflow of a
pathologist on digital breast cancer tissue slides.

In Chapter 5 we discuss the main elements of the diagnostic work of pathologists. One
aspect that can be improved concerns the reporting stage and the support of image analysis
data. A novel approach that leverages the domain knowledge of the pathologist with image
analysis data is presented. We show how a dedicated dashboard integrated in a standard
digital pathology viewer can provide provenance of findings and an increased diagnostic
awareness.

Chapter 6 describes two approaches for data integration and analysis in pathology and
clinical research in general. In particular, we show how the Kaplan-Meier curves that are
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Figure 1.1: Overview of the chapters in this thesis. Chapters cover the twomain scopes of this work: diagnos-
tics and reporting (digital pathology) and research (data integration and interactive computational pathology)

commonly used in survival analysis can be enriched with interactivity and linked views to
obtain quick insights on longitudinal data. This represents a novel visualization approach
for interactive survival analysis.

In Chapter 7 we propose a visual analytics approach for Computational Pathology. We
illustrate how researchers can generate 2D spatial queries of automatically detected cells in
an interactive way to characterize whole-slide images. Data can be manipulated, analyzed
and the cohorts of patients can be refined in a single application.

Finally, Chapter 8 concludes the thesis by summarizing the research results and discussing
the future directions for visual analytics in digital and computational pathology. We collect
the general insights obtained during this work, which we hope to be useful to foster more
visual analytics approaches in pathology and medical imaging.
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Figure 2.1: Evolution of pathology from the first appearance of a microscope in Europe (around 1620) and the
rise of modern pathology with light microscopes. From 1980, telepathology became possible and in the early
2000sdigital pathologybecameahigh-throughput technology. Computational pathologyhasbeen recognized
as a discipline in the last decade.

T he dissertation proposes visual analytics approaches applied to the field of digital and
computational pathology. To provide the reader the necessary background information,

first we present the discipline of pathology, its evolution to a digital practice and the impact
on research. Next, we discuss the role of visual analytics and the related work.

2.1. Pathology

Pathology is a branch of medical science that involves the study and diagnosis of disease
through the examination of surgically removed organs, tissues (biopsy samples), bodily flu-
ids, and in some cases the whole body (autopsy) [131]. The field of anatomical pathology
is the branch of pathology that primarily focus on examining tissues under a microscope
for definitive diagnosis of disease. Clinical pathology is based on the laboratory analysis of
bodily fluids, such as blood or urine [131].

One of the largest sub-specialties of anatomical pathology is histopathology, inwhich pathol-
ogists examine a histological section processed from a biopsy or a surgical specimen tomake
a diagnosis of the disease. The preparation of the diagnosticmaterial comprises the following
steps:

1. These portions of tissue are treated with formalin in order to prevent tissue autolysis1
and putrefaction;

2. Specimens are transferred to labelled tissue cassettes. The filled tissue cassettes are
then stored in formalin until processing begins;

3. The tissue is processed to obtain thin microscopic sections. This is usually cut with a
paraffin wax block;

4. These sections are stained using one out of many techniques to change the color of the
tissue, making cells easier to see. The gold standard staining technique uses a com-
bination of aluminium and alcoholic solution, named hematoxilyn and eosin (H&E),
which turns the tissue into dark blue and pink. Hematoxilyn colors nuclei dark blue,
while eosin colors the cytoplasm and connective tissue pink. H&E staining is themost
common as it allows to distinguish easily cells from other structures.

1auto = self and lysis = breakdown, the cellular self-digestion due to the action of internal enzymes
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Once the glass slide is ready, the pathologist can examine the tissue slide at various mag-
nification levels under a microscope. In this diagnostic step, pathologists follow standard
protocols that prescribewhat sort of findings should be reported, and how they should be ob-
tained. For centuries this practice has been conductedmanually at themicroscope (Fig. 2.1).
In the last decades, pathology has undergone a substantial evolution with the advent of dig-
ital acquisition systems and platforms. The increasing adoption of digital pathology leads to
more comfort in the practice of the pathologist [168, 179] and to promising breakthroughs
in quantitative imaging [160]. As in radiology, the adoption of digital systems is changing
the diagnostic routine in pathology and opening new research challenges and opportunities.
So far, the largest effort in digital pathology concerned the histopathology practice [179]. As
a running example in this work, we discuss histopathology examination of breast tissue and
The College of American Pathologists protocol [3] currently used in clinical practice.

2.1.1. Breast Histopathology
Most of the concepts presented and discussed in this thesis have been developed to be as
general as possible for histopathology and solid cancer types (i.e. breast, prostate, lungs).
In this thesis, we focus on breast histopathology. Breast cancer has the highest incidence in
women, therefore data is more abundantly available, and the potential impact of workflow
improvements is higher. In particular, we target the histopathology examination of Invasive
Ductal Carcinoma (IDC) of breast cancer specimens. IDC is the most common type of
breast cancer with about 80%of all diagnosed cases [20]. Despite the high incidence of breast
cancer, discordance among pathologists on final diagnosis still presents large variability [65].
The standard diagnostic workflow of a pathologist consists of two main steps: review of
the tissue slides according to standard protocols, and reporting. The College of American
Pathologists protocol [3] is the most adopted in clinical practice.

An independent prognostic variable in the protocol is theNottinghamHistologic Score (NHS)
[5, 157], which assigns a grade from 1 to 3 to the histological section (Fig. 2.2). The final
grade is a prognostic factor and is representative of the ”aggressive potential” of the tumor.
Low grade cancer tends to be less aggressive than high grade cancer [159]. The NHS com-
prises three biological components: the amount of gland formation, the nuclear features, and
the mitotic activity. Gland formations refer to tube-shape structures, called “tubules”, such
as milk ducts. When cancer cells invade these structures, as in Fig. 2.2(a), cancer can spread
to lymph nodes and to the rest of the body. The nuclear features are assessed to differenti-
ate between healthy cells and tumor cells. Healthy cells have regular outlines (Fig. 2.2(a)),
uniform color, and little variation in size, in contrast to tumor cells (Fig. 2.2(b)). Mitotic
activity is assessed by counting the tumor cells that are dividing. This is an indicator of the
dynamics of tumor growth [21]. Mitotic counting is performed at 40X magnification, and
it is a tedious, time-consuming, and error-prone activity [65]. Each component is scored
from 1 to 3, according to the criteria enumerated in the protocol. The scores for each of the
three components are summed to calculate the final score, which ranges from 3 to 9. Grade 1
tumors have a score in the range 3–5, grade 2 in the range 6–7, and grade 3 in the range 8–9.
The NHS examination is addressed in more detail in Chapter 4 and 5. Another assessment
step involves quantification of tumor areas (by manual measurements) and their distances
to themargins. Margins are the visible normal tissue or skinmargin fromwhich the surgical
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Figure 2.2: Histological grade of breast cancer assessed by the NottinghamGrading System. (a) a less aggres-
sive cancer that closely resembles a normal tissue architecture, (b) a larger variation in the size and shape of
the tumor cells (nuclear pleomorphism), (c) cancer with a marked variation of nuclear pleomorphism, almost
absent tubule formation (<10%), and disorganized patterns. Figure adapted from [159]

excision has been taken. This measurement indicates how far or close the tumor proliferated
within the tissue, and if the tissue was excised from a tumor free region or not. Despite the
clear importance of the NHS for diagnosis and prognosis of patients [157, 159], this kind of
examination lacks reproducibility as well as inter- and intra-observer concordance [66].

2.2. Digital Pathology and Whole-Slide Images

Following years of validation studies to prove the equivalence of digital pathology to micro-
scope based pathology for primary diagnosis [80, 142, 176, 210], the Food andDrug Admin-
istration (FDA) [7, 33] allowed the first vendor tomarket their device for primary diagnostic
use in the USA in 2017. Having achieved one milestone, the next goal is to integrate image
analysis methods to aid pathologists in diagnostic tasks that suffer from reproducibility and
accuracy [201, 202]. Some are already available. An example is an image analysis-based
diagnostic system to aid the scoring of the HER2 hormone in breast cancer, which has re-
ceived 510(k) clearance from the US FDA [1]. Similar methods will target tedious tasks such
as detection of nuclei or calculation of percentages. Currently, support of more articulated
diagnostic tasks (e.g., grading steps for breast or prostate cancer) has still to be integrated
into CAD systems [52, 70], but researchers together with pathologists are collaborating to
develop the necessary technological advances on future platforms [41, 70, 132]. Generally,
the impact of a digital pathology system (Fig. 2.4) is visible in three main areas: the histolog-
ical laboratory, in diagnostics, and the research field of Computational Pathology. In each
of these settings, WSIs are central to the workflow of the users, and represent an additional
sort of data that is used, shared and displayed on several platforms and in many ways.

WSIs have different characteristics as other medical images. We distinguish four aspects: a)
image creation, b) image characteristics, c) image diagnostics, and d) image-derived features.
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Figure 2.3: Overview of three main areas where digital pathology technologies had an impact in the last
decade. Theworkflow in the histology laboratory (Lab) has beenadapted towhole-slide-imaging. The increas-
ing digitization required technical adaptation of the Image Management Systems (IMS). Also, the availability
of a vast amount of digital images boosted the field of computational pathology (CP). At the same time, the di-
agnostic process (DxP) is shifting to digital workstations augmented by image analysis, automated reporting,
and telepathology.

Image creationworks differently than in radiology, inwhich images showportions of anatomic
structures and organs of the patient’s body. AWSI is generated from a tissue glass slide. This
is derived from a specimen, typically a surgical resection or biopsy, which is sliced, stained
and fixed on glass according to a standardized protocol [72]. Therefore, the histological
workflow remains the same, despite the introduction of digital technology [70]. A major
tedious task in this phase is carried out by histotechnicians who examine the glass slides
manually to avoid artifacts, bubbles, or folds that would make WSI unusable for diagnostic
interpretation [13, 72, 143, 179]. Recently, many labs have started to track tissue glass slide
preparation as an additional way to oversee WSI quality [8, 22, 72, 179]. Data collection can
increase quickly, as in a standard digital pathology lab, the production of WSIs can reach
numbers higher than 500/day, resulting in daily needed storage of hundreds of Gigabytes
[179].

WSIs present challenging image characteristics. WSIs can have a resolution of a hundred
thousand pixels in each dimension and are built on a 40x scale. Generally, pathologists can
view images up to a factor 40magnification and interact in a similar way as with digital maps
[132]. The average file size of a 40x (0.25 µm/pixel) WSI is 1-2 GB/image and the uncom-
pressed image size is 50 GB.This is in remarkable contrast to radiology images such as a CT
exam, which size is typically only 100-200 MB [164, 216]. Furthermore, WSI appearance
depends on the glass preparation and digital acquisition. According to the applied staining,
the WSI presents a specific color scheme (e.g., blue to violet tones with H&E).
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Figure 2.4: A landscape of the main critical aspects of whole-slide-images with respect to other medical im-
ages. A) a WSI is generated by surgical resection or biopsy that is fixed on a glass slide. Staining is applied and
artifacts can occur. The digital acquisition consists of a scanning procedure. B) The digital slides are charac-
terized by high resolution, multiscale view, and stain variability. C) Diagnostics deals with morphological het-
erogeneity and tissue architecture, absence of anatomic reference and difference in diagnostic content (high
or poor), D) The derived features from image analysis are related by a spatial arrangement and belong to a hi-
erarchy, from low magnification features (e.g., tissue region) to high magnification features (e.g., tumor cells,
lymphocytes).

Figure 2.5: An example of image-derived features. FromaWSI, tissue boundaries and cell objects are detected
by algorithms. For each cell object, morphological properties are computed. Pathologistsmay use thesemea-
surements to deliver precision diagnostics.

Once the tissue glass slide is ready and digitized, the pathologist can proceed with the exam-
ination of the image diagnostic content. We can distinguishWSI content from other medical
images by considering three aspects. First, there is high variability in appearance of structure
and morphology, for instance in cell size and tissue architecture. Another aspect concerns
the absence of anatomic references, which is the basis of radiology examination. The last
aspect to consider concerns the percentage of diagnostic relevance of WSIs. Pathologists
spend most of their time looking at (many) slides with normal tissue or benign lesions [70].
Hence, one of the envisioned goals of digital pathology is to triage slides and to focus the ex-
pertise of a pathologist on high-priority slides: abnormal tissue and malignant tumors [70].
BecauseWSIs are digital duplicates of glass slides [33], their real value consists in the oppor-
tunity to extract diagnostic information in an unprecedented way [70]. Quantitative image
analysis (Fig. 2.5) aims to generate a range of image-derived features that can be used to dis-



2. Background

2

15

criminateWSIs [62], prioritize cases and tomake diagnosis more objective and reproducible
[125, 201]. The detected objects such as tumor cells and lymphocytes are characterized by a
spatial arrangement that can explain tumor growth and presence of tissue patterns in more
detail. Cells and other biological components such as tissue regions (fat, stroma, tumor) can
be seen as belonging to a hierarchy [107], where the first ones (low magnification features)
interact with the others (high magnification features). The heterogeneity of tissue architec-
ture represents another difference with radiology image analysis, where the output typically
concerns the detection and the localization of a malformation in the anatomic reference.
Therefore, the analysis of WSI-derived features introduces new challenges for analysis of
spatial data and of relations between biological components and correlation with clinical
data [15, 60, 125, 135, 209].

2.3. Computer-Aided Diagnosis

The concept of Computer-Aided Diagnosis (CAD) involves the image-derived features dis-
cussed above. With the term CAD we mean the systems that provide assistance to doctors
in the interpretation of medical images. CAD can be distinguished in Computer-Aided De-
tection (CADe), with a focus on the detection of abnormalities found on the image by the
algorithm, and Computer-Aided Diagnosis (CADx) with a focus on providing an assess-
ment of the identifiedmarked region. This can be expressed by a boolean output (i.e., malig-
nant/benign) or a pathological classification [97]. Many CAD algorithms for histopathology
have been proposed in the last years. Such techniques are capable of detecting common di-
agnostic features used by pathologists in their routine diagnostic work [94, 201, 206]. At this
moment in time, however, CADe and CADx systems are not available yet for pathologists
and many questions on how to efficiently support them are still open. Hence, in Chapter 4,
we discuss design requirements and factors to be considered to conceive CAD applications
in histopathology. We show that the combination of multiple features in such systems can
support the diagnostic workflow of the doctor for optimization and more accuracy, and we
present two visual analytics applications for breast cancer diagnostics and reporting.

2.4. Visual Analytics applied to Medical Imaging

Visual analytics is the field of visualization [148] that focuses on integrating and combin-
ing the strengths of human abilities for sense and decision making, with semi-automated
methods for data analysis [134, 188]. In visual analytics, the human is deeply involved in
the exploration process (Fig. 2.7), which is steered by interaction and visualization towards
the creation of some form of knowledge. In many domains, visual analytics demonstrated
to effectively support the reasoning of the user for collecting insights.

In this thesis, visual analytics is employed for the same purpose and also to integrate data
and techniques to allow pathologists and researchers to obtain relevant findings. Many ap-
proaches available in the literature can be translated to the medical domain, as the integra-
tion of quantitative information and algorithmic support grows and users (i.e., pathologists
and radiologists) become accustomed to modern technologies. Because of the increasing
complexity of medical data collections [39], there is a strong need for visual analytics solu-
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Figure 2.6: The visual analytics process model conceived by Keim et al. [103] shows the deep integration be-
tween three pillars (data, models, visualization) towards the generation of knowledge. In medical imaging,
this knowledge is represented by diagnostic reports or visual insights frommodel outputs.

tions to help domain experts with novel techniques for the exploration of clinical records
[98, 147, 220], identification of prognostic determinants in large datasets [108], and for clin-
ical decision-making [130, 204]. By translating the visual analytics overview of Keim et al.
[103] to the area of medical imaging, we can depict a diagram that involves the use of dig-
ital medical images as the primary data source (Fig.2.7). Current medical platforms enable
clinicians to digitally diagnose and researchers to review algorithm output, but rarely allow
to interact directly with data (and image) analysis models (e.g., statistical techniques or deep
learning models) to obtain new quantitative information. Visual analytics can provide a
highly interactive environment where semi-automated methods can be manipulated by the
users to acquire additional knowledge regarding the data source by means of derived data.
Such derived data includes extracted quantitative data from AI-based and machine learning
algorithms [105]. Typically, this data is in the form of 2D-3D spatial objects (e.g., tumor
cells, segmented lung volumes) that can be visualized in many ways on the digital medical
images for CADe and CADx. Finally, in our adapted visual analytics diagram, the data and
the insights collected by the clinician and the image-extracted information computed by the
models are integrated into some form of knowledge (e.g., a diagnostic report).

2.5. Related Visualization Methods

In the following chapters, we employ a variety of visualization methods that address the
needs of pathologists and researchers. The first part of the dissertation addresses the inte-
gration and the use of image analysis by pathologists in the standard diagnostic workflow.
In Chapter 3, we provide an overview of the work of pathologists and the opportunities that
rise with visual analytics. Below, we briefly discuss the most relevant visualization methods
used in the thesis:
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Interaction: inmodern visualization, interactivity plays amajor role to browse and explore
large and heterogeneous datasets. Interaction is a fundamental element to fulfill the
Information Seeking Mantra [171] which strategy Overview first - Zoom and filter -
Details on demand has seen many successful applications in the visualization commu-
nity and themedical discipline. In this dissertation, we see that interaction is the most
common step required by users to obtain new insights from an overview of the data
to detailed entities reached by selection and filtering.

Multiple views: this is an often used design concept in visualization [23]. Different views
portray various data representations. Interaction allows to generate different perspec-
tives of the data by filtering and selecting specific features. In the medical domain,
several examples have been shown where multiple views lead to discovery and to new
insights [194].

Supporting the reasoning: Physicians and in particular pathologists, are used to diagnose
by following established examination processes. Guided by their domain knowledge,
they collect findings and generate hypotheses that they quickly test and discard or
pursue further [145]. This is a typical use case for visualization applications andmuch
work has been done to efficiently support the reasoning of the user. For instance,
Shrinivasan et al. [173] propose a framework to support the analytical reasoning of
the users by defining three views — a data view, a knowledge view and a navigation
view— tomatch the cognitive process of the user. Also, visualization has been used to
interactively guide the decision-making process of the user to include domain-specific
knowledge in the clinical area [71, 74, 129, 193].

Provenance of findings: The standard diagnostic practice on digital workstations is often
characterized by many steps that also require various data sources. The result of the
work of a physician is typically a report that consists of a diagnosis, and the evidence
and reasoning that led to this. Digital platforms allow to track the actions of the user
and togetherwith thatmay allow for an increase of the provenance of the findings. This
topic has been addressed in the visualization community with several approaches and
applications. More detailed discussions can be found in Chapter 3 and 5.

2.6. Computational Pathology

The field of computational pathology aims at providing techniques to make diagnosis faster,
more accurate, and to better understand biological aspects so far unknown and not included
in standard protocols. In our scope, we describe the main disciplines involved in the field
of computational pathology: image analysis and survival analysis. With respect to these
areas, we review the visual analytics work that can be potentially translated to computational
pathology.

2.6.1. Image analysis

Histopathology image analysis involves the extraction of features of two types: (a) diagnostic
features, (b) (potential) prognostic features.
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Diagnostic features are the features that bring evidence to support a diagnosis. These are
envisioned to be integrated into CADe and CADx systems. Researchers aim at generat-
ing imaging features for the assessment of tissue abnormalities with CADe systems and at
generating diagnostic features for first, second and concurrent read with CADx [97]. In
pathology, these features are often related to cancer grading. Two examples are the charac-
terization of tumor cell morphology (pleomorphism) and mitotic counts. Techniques that
provide these assessments are expected to be used in routine pathology diagnosis in the near
future [186]. Other examples are shown by Janowczyk et al. [94], who illustrate the poten-
tial of deep learning in providing routine clinical features for diagnosis. The results of these
CAD systems will foster pathologists during their work on WSI viewing software. In this
context, the challenges for visual analytics involve the development of suitable techniques
to combine with CAD systems. Manipulation of WSIs and visualization of image analysis
features needs to be offered in an adequate manner to reduce manual and cognitive effort
during the examination of image diagnostic content[67].

Prognostic features are those that, if available at the time of diagnosis, can be used to pre-
dict the natural course of the tumor. In pathology, certain diagnostic features (e.g., presence
of high number of mitotic cells) are associated to a worse or better prognosis. In computa-
tional pathology, automatic detection and corresponding analysis of morphological features
aims at identifying the presence of established diagnostic and prognostic information [201],
and at the identification of new features [15, 54]. Image analysis onWSIs can easily produce
thousands ofmulti-parametric features [15, 27]. This vast amount of spatial data promises to
bring new insights on tissue and biomarker discovery, but at the same time research studies
may be hindered by the difficulty in exploring such large amounts of information. Visual
analytics can tackle the investigation of spatial relations where often visualization plays a
key role for successful analysis [103]. While these approaches focus on the exploration and
extraction of data at a slide-level, one of the ultimate goals of computational pathology is
population analysis for patient stratification, and identification of predictive and prognos-
tic image-derived features [122]. This aspect is typically addressed with survival analysis, a
statistical approach to analyze event data.

2.6.2. Survival Analysis
Survival analysis methods are generally employed in computational pathology studies for
patient stratification. These investigations aim to understand and validate the predictive
power of image-derived features (e.g., quantitative nuclear morphometry measures) on dif-
ferent cohorts of patients [75, 208, 209]. In such studies, thousands of features are extracted
from different biological structures (e.g., cancer epithelium or stroma). Beck et al. [27] per-
formed one of the largest efforts in the field. They derived about 6600 features per image and
they built a predictive model for two independent cohorts of a total of 574 breast cancer pa-
tients. This work consisted of many manual steps for data computation, manipulation, and
predictive analysis. In another recent prognostic study, Romo-Bucheli et al. [165] use deep
learning features to stratify patients and correlate them with the risk categories obtained by
gene expression techniques. Typically genomic tests are expensive and an equivalent com-
putational pathologymeasure, such as lymphocytes density [15] highly correlated with a risk
category would be extremely valuable. To facilitate discoveries there is a need for dedicated
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dashboards enabling customized computational pathology pipelines [146]. From a visual
analytics perspective, two aspects are primarily involved in this research: cohort construc-
tion and identification of prognostic determinants.

2.7. Visual Analytics for Clinical Research

In the second part of this thesis, the focus shifts to clinical research and computational
pathology (Chapter 6 and 7). In this area, large sets of patients and WSIs become central
in the process of data collection, exploration, and analysis. Therefore, below we address
related work on visualization approaches relevant to the aspects discussed in the previous
section.

2.7.1. Patient Cohort Visualization
Typically, a patient cohort is defined as a group of individuals affected by common diseases,
environmental or temporal influences, treatments, or other traits which progress is assessed
in research studies [2]. Over the years, many visualization approaches for patient cohort def-
inition and analysis have been proposed in the literature. A detailed survey on patient cohort
visualization systems was presented by Rind et al. [163], in which the authors compare 14
applications by classifying their ability to display data types, the number of variables, and
the size of the patient collection. For our purpose, we distinguish the approaches for visual-
ization of patient data in those dedicated to clinical data exploration and cohort construction,
and the ones addressing cohort analysis with statistical and data mining methods to find
hidden relationships.

Cohort Construction

At the end of the last century, hospitals started to record clinical information digitally. Data
became too complex to be exploredwith standard software, andnewvisualization approaches
were introduced to help clinicians summarize and investigate clinical history of patients.

Individual patient history. Lifelines [149] is one of the first interactive applications that
supports the exploration of clinical patient records (Fig. 2.7.a). This approach was designed
according to the Information Seeking Mantra [171] that consists in providing an overview
of the data, zoom and filter options and details on demand to the user. Lifelines employs
interaction andmultiple views to help clinicians in the visual summarization of the personal
history of an individual. Records are displayed over time with lines of different colors and
labels. The visualization of a group of patients was not supported in Lifelines.

This gap has been addressed since then, as a consequence of the increasing availability and
complexity of public datasets that could not be explored with standard software. Typically,
clinicians are interested in investigating the progression of the disease and the possible out-
comes. Specifically, the retrospective exploration of temporal sequences (e.g., sequence of
treatments) in patient records can be extremely valuable for new groups of patients.

Flow visualization approaches. To allow the exploration of disease progression of cohorts,
Wongsuphasawat et al. [213] designed OutFlow to summarize temporal events by means
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Figure 2.7: Four examples of visualization systems for cohort construction: (a) Lifelines [149], (b) CareFlow
[147], (c) CAVA [220], (d) COQUITO [98].

of Sankey diagrams and Parallel Coordinate Plots. In their work, the authors demonstrate
that the approach can help clinicians understand how a sequence of treatments may lead to
better or worse outcomes. The work was expanded later by Perer et al. [147], who presented
CareFlow (Fig. 2.7.b). With their approach, the authors illustrate how visual analytics can
aid doctors to visually analyze and plan the optimal treatment for specific cohorts. OutFlow
and CareFlow facilitated the exploration of temporal clinical data with colors and layouting,
but they don not support extensive filtering options for construction and analysis of cohorts.

Multiple linked views. To address the need of the users to have an overview of multiple
clinical attributes and to filter by desired values, a more flexible and interactive approach is
presented by Zhang et al. [220] with CAVA, (Fig. 2.7.c). This is a general approach which
supports several tools for population analysis. Treemaps, bar charts and Sankey diagrams
are some of the interactive views provided. CAVA focuses on the interactive and iterative
construction of cohorts for analysis. However, the temporal aspect is missing in CAVA.

Temporal constraints. Temporal events are integrated by Krause et al. [98] in COQUITO
(Fig. 2.7.d), which is another approach that also allows for interactive cohort construction
with visual temporal queries. COQUITO allows the users to construct cohorts with tempo-
ral constraints, a common requirement in the analysis of care pathways. At the same time,
the overview component and the filtering approaches of CAVA are proposed again. CO-
QUITO is the most complete of the visualization approaches for cohort construction, and
it was demonstrated to improve and facilitate the exploration of clinical data in clinical re-
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System Use Case Images Image features Survival
StratomeX [119] Genomics •
VisPap [180] Stratification •
Prostate Vis [28] Stratification •
VA4Radiomics [25] Radiology • •
iVAR [217] Radiology • •
VisCareTrails [69] Cancer research •
IVA epidemiology [104] Spine Risk factors • •

Table 2.1: Anoverviewof recent visual analytics applications for cohort analysis and their use of images, image
features and survival data.

search. However, current clinical research requires to investigate cohorts with respect to a
large amount of data that is generated with additional methods and algorithms. Often, more
advanced approaches are needed for analysis and collection of insights.

Cohort Analysis

In the area of cohort analysis, several approaches are present in the literature. We briefly
discuss the examples that include images, image features, and survival analysis that are rel-
evant to the field of computational pathology. A first approach that combines algorithmic
power and image feature analysis is presented by Steenwijk et al. [180] in VisPap (Fig. 2.8.a).
The authors propose an integrated visual analysis framework for combining patient records
and features extracted from CT images. Interactive scatterplots and the use of dimension-
ality reduction techniques are the main methods of their approach. StratomeX by Lex et al.
[119] introduces more advanced visual analytics approaches in an integrative visualization
tool that allows researchers to explore the relationships of candidate subtypes across multi-
ple genomic data types. In StratomeX, also survival analysis is used to provide insights on
the predictive and prognostic impact of genomics features. However, because of the char-
acteristics of genomics data, the interactive manipulation of the dataset and of the quantita-

Figure 2.8: Two examples of visual analytics systems for cohort analysis: (a) the interface of Steenwijk et al.
[180], (b) the prostate cancer visual analytics system of Bernard et al. [28].
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Figure 2.9: Two examples of visual analytics systems for image-centric cohort exploration. (a) iVAR [217] for ra-
diomics features exploration, (b) the Interactive Visualization application of Klemm et al. [104] for the analysis
of spine image-derived data.

tive features is still limited with respect to the needs of pathology research. More recently,
Bernard et al. [28] in Prostate Vis (Fig. 2.8.b), propose a visual-interactive system for cohort
analysis of prostate cancer patients and a large set of attributes. The authors present a sys-
tem that includes several techniques to support hypothesis generation and statistical tests
on different cohorts. The use cases show that medical researchers were able to identify in-
teresting relations between the constructed cohorts and the additional attributes available in
the patient records. These approaches show how visual analytics can facilitate the process of
creating cohorts and the identification of discriminating clinical attributes. Also, the field of
radiology started exploiting visual analytics to tackle large-scale medical imaging data and
high-dimensional imaging features. These approaches lead to more in-depth image-centric
cohort exploration that we present in the next section.

2.7.2. Image-Centric Cohort Exploration
Finally, we discuss two areas of study that share similarities with computational pathology:
radiomics and cytometry. In the last years, visual analytics has been applied to the fields of
radiology and to radiomics, the high-throughput processing of quantitative features from
CT images. We illustrate the first approaches and other applications employed for visual
exploration of tissue and flow cytometry2 measurements, that quantify the number of cells
and their characteristics.

Radiomics. In the field of radiology, Yun et al. [217] explore radiomics features and discover
patterns in large patients cohorts (Fig. 2.9.a). The authors present iVAR, an interactive sys-
tem that also exploits statistical techniques. The system enables the user to investigate the ra-
diomics features extracted from CT images and to explore the relationships with views such
as Parallel Coordinate Plots, Correlation Matrix and small multiples. iVAR provides mul-
tiple linked views but does not include cohort construction views to compare quantitative
image features in an iterative way. Klemm et al. [104] focus on spine image data and design

2cytometry is the measurement of the characteristics of cells. Image cytometry and flow cytometry are the most
common approaches
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an approach that mostly focuses on creating a hypothesis driven environment (Fig. 2.9.b).
The authors present a web-based system that integrates images, image-based features and
several views to explore the clinical cases and find new indicators of spinal cord pathologies.
The main elements of their approach can be envisioned to serve other image-based medical
disciplines. Definition of cohorts is the only functionality that does not appear to be covered
in their system. VA4Radiomics [25] is similar to iVAR and provides comparison views for
attribute and feature selection in the context of clinical research. The next step in such a tool
would be the integration of techniques for dimensionality reduction.

Cytometry and characterization of histopathology tissue. The use of dimensionality re-
duction is proposed by Amir et al. [18], who employ a technique named t-SNE in the field
of cytometry. The authors present viSNE, a tool to visualize a low-dimensional projection of
single-cell data in a scatterplot, which allows identification of rare aberrant cells and helps to
identify a rare leukemia population in minimal residual disease settings. Another example
of this type of application for clinical research is presented by Raidou et al. [155] in a visual
analytics tool for histopathology tumor characterization, and knowledge discovery in associ-
ation to clinical data. This work describes an interactive approach based on clustering tech-
niques to explore the high dimensionality and complexity of histopathology image-derived
features. This is the first tool designed for tissue characterization based on histopathology
and reference data. It focuses on the individual assessment of this kind of data, but it does
not cover yet an entire analytical pipeline on different cohorts.

In Chapter 6 and 7 we present the first visual analytics applications in pathology in which
researchers canmanipulate patient records, cohorts,WSIs and image-based features towards
discovery of new diagnostic, prognostic, and predictive features.
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In this chapter, we present the responses of a survey conducted with 20 pathologists. In con-
trast to earlier surveys on digital pathology [45, 211] that mostly focus on the adoption and
future trends, we asked the participants about diagnostic challenges and their expectations
of technological advances from a software perspective. We designed the survey to capture
the habits in histopathological diagnostic work and to highlight themain challenges that can
be tackled by visual analytics (VA) with quantitative imaging.

3.1. Survey

Westructured the survey in a similar fashion as done in thework of Lundström et al. [123], in
which the authors characterize VA in radiology andmedical image diagnosis in general. Par-
ticipants were contacted from a total of 11 academic centers and reference laboratories from
6 countries: The Netherlands, Spain, Italy, United Kingdom, Finland, and United States. A
maximum of two pathologists from each site was included in the study. When we inter-
viewed the pathologists, six labs had already a digital pathology system in place, four were
going digital and four had still conventional microscopy. Figure 3.1 gives an overview of
the main characteristics of the participants. The survey consisted of a web questionnaire,
organized in five sections: experience and background, diagnostic tasks, diagnostic rou-
tine, views on digital pathology, visualization and automation. We present the results and
compare the responses with the findings from the survey on VA for radiology conducted by
Lundström et al. [123].

Figure 3.1: View on age, pathology and digital pathology experience of participants of the survey.

3.1.1. Task overview
Identification of user tasks is a primary step to design successful VA applications. Hence, we
collaborated with a pathologist to identify the main activities involved in the examination of
a pathology case. The tasks identified were:

• To collect all the required (patient/case) information prior to doing the primary diag-
nostics;

• To assess staining quality and tissue slide preparation (e.g., if the staining was applied
in a correct way to discern tissue from cells and highlight histological patterns without
artifacts);
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Figure 3.2: Overview of the identified tasks presented in the survey.

• To plan case examination (collection of the necessary samples and laboratory tests for
the diagnosis, previous clinical data and reports);

• To identify findings relevant for the primary diagnostic conclusion (e.g., Histologic
Type or Architectural Patterns);

• To assess the morphology of histopathologic features (e.g., how tumor cells appear in
size and shape);

• To make the required measurements, (e.g., tumor extent, distance from margins);

• To identify additional findings requested by the protocol, which are typically specific
to the disease (e.g., mitoses in breast cancer)

• To make a final characterization of the disease;

• To fill in the final report.

Also, we asked the participants if being efficient is a concern and difficult to achieve. The
pathologists had to score the grade of difficulty for each diagnostic task on a scale from 1 to
5. We assigned 1 to not challenging and 5 to extremely challenging.

Figure 3.3: Overview on diagnostic tasks. Pathologists were asked to score each task from 1 (not challenging)
to 5 (highly challenging). To make measurements, morphology assessment, staining assessment and obtain-
ing primary features seem the most variable tasks in these two groups.
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Finding #1.The global results (Fig. 3.3) show that pathologists consider being efficient the
most challenging aspect of their work. This concern is likely a result of time-consuming
tasks such as examination of morphology of histology features (the secondmost challenging
task) together with a work overload. Identification of additional findings requested by the
protocol and also to provide the necessary measurements are seen as tasks that affect the
comfort of diagnostic routine.
Finding #2. The assessment of staining quality and plan examination are considered the
simplest tasks (Fig. 3.4). Plan examination usually requires the collection of all the necessary
data sources and it follows standardized protocols. Therefore pathologists consider this step
as a routine task.
Finding #3. We looked at the correlations with the answers given for the ten tasks. When
a pathologist defined the morphology task as challenging he was also likely to give a high
score for the other tasks involving tissue slide examination (e.g., primary findings, to collect
additional findings). The other tasks were poorly correlated. A reason can be that diagnosis
ancillary tasks such as data collection or reporting may be dependent by the characteristics
and functionalities of the histology workstations, software and LIS used in the lab.

We divided the responses of the participants in two groups according to the experience in
digital pathology: more experienced pathologists withmore than 5 years experience in digital
pathology (N=7) and less experienced in between 1 and 5 years (N=10). The three pathol-
ogists with less than one year of experience were discarded from the comparison. In this
scenario, we define digital pathology experience as usage of WSI systems for diagnosis and
clinical research.
Finding #4. We can see that pathologists perceive the diagnosis-related tasks differently. Ex-
perienced digital pathologists find it easier to perform the typical diagnostic tasks of pathol-
ogy work than their less experienced colleagues (Fig. 3.3). For instance, tasks such as mor-
phology assessment, making measurements and exploring additional findings seem to be
less challenging and time-consuming for digital experts. The only tasks that show a compa-
rable difficulty in both groups are the examination of primary findings and the completion
of the final report.

3.1.2. Diagnostic resources and usage
One of the aims of VA is to facilitate the combination of heterogeneous information from
different resources in visual interfaces. We were interested which resources pathologists
currently use in diagnosis. From Figure 3.5 we see that reference tissue slides and radiology
images are rarely used at this stage. The difficulty in retrieving this material might play a role
in the habits of pathologists. Well-integrated PACS systems might foster the use of available
material and information of the patients as shown by Mongan et al. [133]. In this study,
the authors show that the connection with an electronic medical record leads to radiologists
making more use of medical notes.
Finding #5. Currently, pathologists seem to rely mostly on their own experience and only in
some cases on other people’s experience, even if telepathology makes remote review easier
[45]. One reason can be that pathologists prefer to optimize the workflow and accelerate the
sign-out for normal cases. The participants do not explicitly express the desire to use these
additional resources, but they might follow a similar attitude to radiologists, especially for
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Figure 3.4: Summary of themost difficult and easiest tasks according to the responses of the participants. The
average value for each task is shown with the standard deviation between parentheses.

complex cases.

Figure 3.5: Useof resources in diagnostic pathology: pathologistsmostly rely on their ownexperience; second
opinions, previousmaterial, literature and radiology sources are scarcely used. In routinepracticepathologists
examineWSIsmostly at amagnification level in a range between 5X to 20X. The number of unexpected findings
is mostly in the range between 0% and 20%.

3.1.3. Diagnostic routine
To understand how pathologists deal with the image characteristics of WSIs we questioned
participants on their diagnostic routine. Generally, pathologists follow protocols but have
their own exploratory strategy to examine tissue slides and collect the requested information.
We asked participants about the range of unexpected findings on a sample of 100 cases. We
defined these as for instance uncommon locations for particular malignancies or specimen.
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Figure 3.6: Tendencyof pathologists to get accustomedwithnew typeof visualizations (e.g., overlays). Pathol-
ogists between 40 and 59 years old tend to be confident in becoming accustomed to new types of visualization
in comparison to less experienced or older pathologists.

Figure 3.7: Range of responses for the question which reliability for image analysis as input for diagnosis or
primary source.

Finding #6. According to the responses of the participants (Fig. 3.5), unexpected findings
happen mostly in a range of 0-10%. Seven participants indicated a number in the range
of 11%-20%. This indicates that current protocols cover most of the aspects of diagnostic
examination, but unexpected findings may still occur. Pathology examination, contrary to
radiology, relies on the exploration of large images where magnification steps are required.
According to our survey, pathologists mainly make a diagnosis in a range between 5X and
20X. Five participants indicated 40X as an essential step. This is the case for breast can-
cer, which protocol explicitly dictates the use of this specific magnification level for mitotic
counting [3]. Pathologists are used to observing specific biological components at corre-
sponding magnification levels. For instance, architectural patterns at 5X-10X; lymphocyte
invasion at 10X-20X, cellular morphology and mitotic counts at 20X-40X [52, 132].

3.1.4. Automation
One section of the survey concerned the view on automatic algorithms. Since many digital
pathology solutions are integrating image analysis tools, we first asked for which purposes
pathologists are currently using them. Half of the participants do not use automatic algo-
rithms for diagnostics. For the majority, the reasons are the cost of the technology. Other
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pathologists answered that the available tools are time-consuming and complex which may
affect the efficiency. On the other hand, 9 participants use automatic algorithms in the diag-
nostic work for counting, measuring, and comparison. Most of the subjects use such algo-
rithms for research work. Typically, the output of algorithms is displayed as overlays on top
of the WSI. We asked how many cases are usually needed to get accustomed to a new type
of visualization (e.g., in the case of detected nuclei).

Finding #7. Seven pathologists felt confident after less than 10 cases; seven more than 30
cases and five in between 10 to 30 cases. One pathologist did not provide an answer.
Finding #8. From the responses, we see that the perception of the quality of detection of
specific image derived features to use in clinical practice is quite diverse. Generally, the ex-
pectation is that an algorithm should be reliable at a threshold of 95% accuracy for the pri-
mary source of diagnosis or for one of its components (e.g., mitotic counts). First, we asked
participants which grade of reliability they would expect if image analysis were provided
as input for their own judgment. In this case, the pathologists seem prone to accept also
lower reliability levels. Next, we asked whether their answer would change if image analysis
were provided as a primary source for a diagnosis component (Fig. 3.7). In this case, the
responses were closer to the highest threshold of 99%.

The final questions regarded automatic reporting in the diagnostic work. It usually consists
of forms that are automatically filled with case information besides data collected during the
diagnostic examination.
Finding #9. Eight participants do not use automatic reporting. Among the users, seven
pathologists underlined that the attachment of measurements and the link with annotated
regions are still weak aspects in reporting software. According to three pathologists, dicta-
tion is another aspect to be improved.

3.1.5. Pathology vs radiology
From previous work of Lundström et al. [123], we can extract the main findings from the
field of radiology and compare them with pathology. The most difficult tasks expressed by
the radiologists in the survey were: to make the diagnosis and to identify primary findings.
Also in our survey, the participants indicated being efficient themain challenge in their work
(Finding #1). In contrast, to make a diagnosis and to examine primary findings do not
seem to concern the pathologists. However, dealing with the image diagnostic content to
determine morphology, to assess geometries and to make measurements is seen as a tedious
and challenging aspect. In the coming years, CADe support addressing these tasks may
highly augment the process and increase efficiency.

Radiologists use patient data and previousmaterial more than pathologists who rely on their
own experience in 80% of cases (Finding #5). This may not surprise as radiology transi-
tioned to digital almost 20 years ago and therefore current systems have been optimized for
the retrieval and exchange of stored clinical information. For instance, a recent study [17]
demonstrates that nowadays neuroradiologists access and use reports more frequently than
images. A fact that may have contributed to building trust in radiology reports is a strong
integration of structured digital reporting systems in the last decade [68, 115]. Studies show
that pathologists would benefit of systems capable of retrieving similar images representing
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tissue patterns that are difficult to distinguish [139]. According to the responses of the ra-
diologists, unexpected findings occur up to 60% of cases, whereas in pathology they occur
in less than 30% of diagnoses (Finding #6). As Lundström et al. [123] mention, radiolo-
gists need to maintain an exploratory approach for all cases, in pathology more than 70%
of cases are routine tasks where protocol features have to be examined and assessed repeat-
edly [201]. From our survey, we see that pathologists are more confident in mastering a new
type of image/visualization (Finding #7) and they consider themselves more conscious of
the hardware and software capabilities of the digital pathology technology.
On the question concerning the required reliability of an automatic algorithm to be used in
clinical practice, most of the radiologists answered they would expect a range between 90%
and 99%. In our case, pathologists aligned on similar values (Finding #8), expressing more
concern in the case where the automatic algorithm provides the primary source for a com-
ponent of the diagnosis (e.g., tumor size). Despite the survey on radiology was conducted
in 2011, we can conclude that the responses are comparable in many aspects. This indicates
that pathology is still at the beginning of the digital evolution. Pathologists are mostly con-
cerned with identification of the relevant information from the tissue examination, while
radiologists are careful in collecting all the necessary material to make a final diagnosis. At
the same time, pathologists seem prepared to embrace new technologies and actively use
them.

3.2. Data challenges and Opportunities

According to our WSI characterization (Fig. 2.4) and the findings from our survey, we can
consider four data challenges for applying VA in combination with image-derived features to
digital pathology:

• Data Challenge A. The Image creation process and the final WSI quality can affect
the clinical workflow (e.g., delays, new digitization, identification of artifacts) and al-
gorithm output [95]. Despite being a simple task, pathologists and histotechnicians
spend part of their time in assessing the staining quality and in defining the priori-
tization of the cases, Ideally, image quality information and tissue content detection
should be accessible to the pathologists on lab software in the first stage after digitiza-
tion.

• Data Challenge B. The image characteristics of WSIs bring new challenges in user in-
teraction, exploration, and visualization in medical imaging. Pathologists are trained
in recognizing specific colors, patterns and examining the tissue area at particular
magnifications [52, 132]. Therefore, it is essential to respect their cognitive/perception
abilities and diagnostic strategies when additional information is integrated [52].

• Data Challenge C. The combination of additional visualization and diagnostic ma-
nipulation of image analysis data on such large resolution images is hard to achieve
and requires optimization of image diagnostic content support.

• Data Challenge D. The image-derived features range in the number of thousands-
millions features per image. Therefore, initially, it is necessary to address the needs
of the pathologists (e.g., protocol requirements [3]) and concrete use cases (e.g., most
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robust techniques) to gradually integrate quantitative information in the diagnostic
workflow [94].

In this scenario, we can outline the opportunities for digital pathology and pathologists by
employing VA:

• Opportunity #1. Multidimensional data exploration: pathologists are used to deal
with multi-resolution and 2D spatial data. VA is typically built to facilitate insight
discovery and data exploration in large and heterogeneous volumes of data.

• Opportunity #2. Interactive Approach: pathology examination is based on the dy-
namic examination of tissue samples. Traditionally, pathologists have been trained to
collect data and insights in an interactive way, which is also the common approach in
VA applications.

• Opportunity #3. Hypothesis-driven environment: similar to radiologists, pathol-
ogists work by following protocols [3] and standard decision trees to discard dis-
ease subtypes and binary classifications [60, 145]. Many applications show how VA
can promote human reasoning and facilitate hypothesis generation and validation
[173, 192, 193].

• Opportunity #4 Visualization: pathologists are trained to use their cognitive and
perception capabilities to associate morphological patterns to shapes and color scales
(tissue staining) which are common principles in VA and information visualization in
general [103, 197].

Tomake these challenges and opportunitiesmore concrete, we present a list of use cases (Fig.
3.8) where VA can be beneficial for the pathologist and for the digital pathology practice.

3.3. Visual Analytics for Digital Pathology Practice

We focus on four main areas for employing VA in digital pathology practice: a) support for
WSI quality assurance, b) advances in ImageManagement System (IMS), and c) quantitative
imaging integration in diagnostics, and d) reporting.

3.3.1. WSI quality assurance

In more advanced laboratories, the process involving the creation of the glass tissue slides
(tissue fixation, specimen transfer to cassettes tissue processing, sectioning, staining) and the
time for issuance of pathology reports are monitored [190]. The sample preparation process
can be compared to a manufacturing pipeline in which the main goal is to optimize the final
product by minimizing cost, time and waste. In pathology, the final product is a represen-
tative histological sample to render a definitive diagnosis. Mistakes in the process lead to a
new request for sampling or biopsies [179]. Meanwhile, the variability of image properties
between differentWSI scanners may highly affect the performances of computer algorithms
in accuracy and precision [102].
Use Case #1: Quality Assurance. In fully digital labs, hundreds of slides are digitized per
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Figure 3.8: A schematic view of five use cases for digital pathology practice for the four areas of interest. We
envision VA applications in the quality assuranceprocess, in the IMS tomanageWSI onbasis of quantitative im-
age data andmetadata and in diagnostics for integration of image analysis techniques and for communication
(reporting and consultation).

day. WSI data are tracked and this results in a vast amount of data that is arduous to mon-
itor. We can envision dedicated VA dashboards (Data-Challenge A) for quality assurance.
Histotechnicians and pathologists are provided with an overview of the digitized slides (day,
week, months), the success rate of the scanning process and the complementary informa-
tion of the microscopic sections preparation (e.g., sectioning and staining type). Moreover,
visual analytics can be useful to show the results of algorithms to judge the quality of WSI
pre-processing. For instance, the presence of artifacts such as blur [215] and tissue-folds
[207] may be reported and fixed, and the image tissue content (e.g., % tumor tissue vs %
normal tissue) could already be assessed in this stage [89]. The pathologists may already
interact with the data to prioritize the slides for diagnostic assessment [116].

3.3.2. Image Management Systems
A digital pathology system deals with the image characteristics of WSIs. In the last decades,
the main challenges comprised the management of large volumes of data (WSIs), PACS in-
tegration and DICOM standards that are currently maturing [127]. Performance and inte-
gration of these systems improved and new techniques are now needed to explore images
and the image-derived features that will be associated with these.

Use Case #2. Content-Based Image Retrieval Biomedical informatics research strongly
focused on Content-Based Image Retrieval (CBIR), an image search technique based on au-
tomatically extracted visual image features. Systems built with such functionalities [12, 111,
117, 178, 222] demonstrated to be of benefit for medical diagnosis, education and research.
At the same time, VA offered a variety of approaches to facilitate the exploration and the
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understanding of the retrieval of similar images [111, 195] on the basis of metadata and ma-
chine learning methods. These tools enable a guided visual exploration of the search space
for new content. Many examples of medical VA and CBIR systems are present in litera-
ture, but only a few [96, 150, 178] address the exploration and manipulation of large-scale
histopathology images (Data-Challenge B). Recently, two studies addressed the challenge.
The most recent work is GRAPHIE, presented by Ding et al. [58]. The application is a VA
tool to discover potential relationships in histology image collections by interacting with tis-
sue morphological features. A limitation is the lack of scalability of the tool but it strongly
demonstrates the potential of VA for digital pathology image exploration. Previously, Marée
et al. [126] implemented an application that enables pathologists and researchers to build
histology and cytology atlases. The system is a combination of CBIR algorithms and visual-
ization that allows the user to interact with WSIs and retrieve similar annotations based on
visual content.

3.3.3. Visual Analytics for diagnostic support
Many examples of AI/machine learning techniques [94, 105] have been presented in the last
years and numerous are expected to be used in routine pathology in the next generation of
digital pathology systems [60]. The challenges forVA (Data-ChallengesB-C) involve the de-
velopment of suitable techniques tomanipulateWSIs and to visualize image analysis features
(Data-Challenge D) in an adequate manner, and to reduce the manual and cognitive effort
of the pathologists during the examination of image diagnostic content [67]. Nonetheless,
transparency on the quality ofWSI (Data-Challenge A) and image-derived features must be
presented to the pathologists. This aspect falls in the domain of building CADe and CADx
for trust and on the ways to improve the interaction between clinicians and automated aids
[93, 97].

Diagnosis

As discussed, histopathology examination of image diagnostic content is characterized by
a series of tasks that address the examination of cellular composition and tissue architec-
ture of tissue slides. In diagnostics, the integration of quantitative information from AI-
based/machine learning algorithms targets the subjectivity and tediousness of diagnostic
interpretation to lead towards precision histology [60]. However, the quantity of computed
information that can be extracted from each WSI may be nearly impossible to explore and
to visualize (Data-Challenge C).

To date, VA applications for digital pathology are lagging behind in comparison with radi-
ology, in which visualization techniques are routinely used for characterization, diagnosis
and treatment planning. An example already mentioned is the exploration of tumor tissue
characterization [154]. In their work, several scenarios are illustrated by using real patient
data demonstrating the singularity and feasibility of such an approach in a clinical setting.
In the field of magnetic resonance imaging (DCE-MRI) of the breast, Graber et al. [79] show
a region merging method to split tumors into different regions according to different perfu-
sion characteristics. The tool enables the user to explore tumor heterogeneity and to derive a
more quantitative characterization of the lesion. Nevertheless, these studies do not take the
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protocol-based strategy of diagnostic work into account. In this scenario, we can envision
two different diagnostic approaches: a) image-driven exploration and b) data-driven explo-
ration (Fig. 3.9).

Use Case #3: Image-drivenDiagnostics. In the first scenario, the pathologist interacts with
tissue regions and receives quantitative information, in the form of different visualizations,
from the Computer Aided quantitative imaging system. An example of this strategy is given
byVoglreiter et al. [205] in a visualization-guided evaluation supporting radiologists inmin-
imally invasive cancer treatment. In their work, the authors provide visual support of dif-
ferent parameters, such as tissue temperature from simulation and tissue vulnerability by
means of a texture-based iso-contour representation. The user study reveals the advantages
of such a technique and that the system is applicable in medical practice.

Use Case #4: Data-driven Diagnostics. In the second diagnostic approach, the pathologist
directly interacts with image analysis data, for instance matching specific protocol defini-
tions (e.g., cell grade) to review relevant portions of the tissue slide. Standard techniques such
as interactive bar charts and scatterplots may already empower pathologists with the neces-
sary tools to manipulate digital images in a seamless way. In the next chapter, we present a
first data-driven implementation designed in a protocol-based approach. In this work, the
task analysis based on protocol routine that addresses the assessment of common diagnostic
elements (e.g., morphology examination, cell grading). In the same way, protocol-based vi-
sualizations may facilitate the integration of image analysis data in clinical practice in other
histopathology cases (e.g., prostate cancer, liver).

Figure 3.9: Two examples for Computer-Aided quantitative analysis systems in pathology: a) a quantitative
image-driven approach and a b) data-driven approach. In the first, the pathologist selects regions of an im-
age and obtains quantitative information of the defined tissue area. In the second approach, the pathologist
selects specific image analysis features (e.g., tumor cells of a specific grade), which are shown on the image.
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Consultation, reporting andmulti-site review

Digital pathology intensified and facilitated intra-departmental and remote consultation of
cases [45]. Since the early adoption, streamlined navigation and review ofWSI for reporting
and for discussion in multi-disciplinary tumor review boards has been the main use of dig-
ital pathology in clinical settings. Regarding the reporting stage, as pathologists responded
in our survey (Finding #9), the weak points are the lack of integration of measurements and
ROIs together with quantitative image analysis data. By combining this information, pathol-
ogist’ practice would see an increase in data provenance along the diagnostic process. For
tumor board review and consultation, VA can also play amajor role to support the discussion
of findings and for better communication on dedicated interfaces.

Use Case #5: Reporting. A substantial amount of research in visualization has been dedi-
cated to the provenance of findings [151] to improve the quality of insights and of the discov-
ery process. Similarly, new consultation and reporting dashboards conveying tracked mea-
surements and ROIs can be conceived and integrated into next digital pathology platforms.
For instance, Cervin et al. [41] designed an interface to optimize the reporting workflow by
automatic collection and organization of measurements. This application was successfully
evaluated on standard clinical routine in breast cancer diagnosis. With the advent of im-
age analysis, the reporting routine can be enriched by image-derived quantification for an
increased provenance of findings. This will be illustrated in more detail in Chapter 5.

3.4. Conclusion

In this chapter, we characterized digital pathology from a VA perspective. By interviewing
20 pathologists, we collected a list of findings that can favor VA application development. A
group of pathologists was more experienced in digital pathology. This fact may add some
bias in our data that at the same time led to interesting observations. We found that di-
agnostic tasks like morphology assessment, the collection of primary, additional findings
and measurements are the most challenging tasks even if still considered manageable tasks.
Overall, more experience in digital pathology software seems to reduce the perception of
the needed effort. However, it is still evident that the main pressure lies on being efficient,
a concern expressed by almost all participants. Furthermore, we verified that pathologists
are less prone to use previous resources than radiologists. This habit can be mitigated with
the diffusion of digital pathology platforms that would facilitate access to similar cases and
reports. It is noteworthy that pathologists will be more prepared than radiologists to use VA
applications and to interact with data as their confidence, trust, and experience on hardware,
software and visualization knowledge seems higher than in the case of radiologists in 2011.

In view of these findings, we discussed the challenges and opportunities for VA to deal with
WSI and image-derived data and the opportunities. Themain issues expressed by the pathol-
ogists in our survey are efficiency,WSI and diagnostic quality. With the advent of new image
analysis techniques, VA can be helpful to bridge algorithms and experts, and dealing with
complex data in many areas of a pathology lab. We identified a number of opportunities
for this along the workflow. First, WSI quality assurance can benefit of fast monitoring soft-
ware to inspect the digitization process of glass slides and the tissue content, that ultimately,
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can lead to better triage of cases. Also, the role of histo-technicians may become central to
assure WSI quality in the respect of image analysis regulations and thereby, guarantee high
precision and high accuracy in the diagnostic results. Image management can be another
aspect in which visual analytics can be employed to create more advanced system to connect
clinical data, image (regions), and detected quantitative information.

The last two areas concerned diagnostic support and reporting. To address efficiency and
better diagnostic quality, pathologists can be offered image-driven approaches and data-
driven diagnosis employed in CADe and CADx systems. CADe systems will optimize the
workflow of the pathologists and will increase the diagnostic confidence. Incorporation of
CADx systems will come as a consequence of the correct classification of features intomalig-
nant and benign, and reliable results for primary diagnostic input. This would free pathol-
ogists to spend their time on more complex tasks where VA can facilitate data-driven ex-
ploration and diagnosis. Even if limited in the number of participants, we think that the
presented survey covers the main aspects to apply VA to CADe/CADx.

Finally, interactive visualization and data integration can simplify communication between
experts in multi-site dashboards. The process of defining the optimal treatment for the pa-
tient can benefit of increased provenance of findings in the report with the integration of
measurements, regions of interest, image analysis data and other medical resources. In ad-
dition, digital pathologists are familiar with interactive visual interfaces, joysticks and other
devices and generally, they are more open than physicians in the past. Their attitude can
steer the introduction and the demand of VA in new digital pathology platforms. In conclu-
sion, digital pathologists are prone to employ VA in pathology and to boost the impact of
automated-quantitative methods in digital pathology systems.



4
Histopathology diagnostics:
a protocol-based approach

This chapter is based on [ 52]:
“Visual Analytics for Histopathology Diagnostics: a protocol-based approach”, 
A.Corvò, M.A. Westenberg, M.A. van Driel, and J.J. van Wijk 
Proceedings of the Eurographics Workshop on Visual Computing 
for Biology and Medicine (VCBM 2018), 2018



4

40 4.1. Abstract

4.1. Abstract

C omputer-Aided-Diagnosis (CAD) systems are widespread in radiology. Digital Pathol-
ogy is still behind in the introduction of such solutions. Several studies investigated

pathologists’ behavior but only a few aimed to improve the diagnostic and report process
with novel applications. In this work we designed and implemented a first protocol-based
CAD viewer supported by visual analytics. The system targets the optimization of the di-
agnostic workflow in breast cancer diagnosis by means of three image analysis features that
belong to the standard grading system (Nottingham Histologic Grade). A pathologist’s rou-
tine was tracked during the examination of breast cancer tissue slides and diagnostic traces
were analyzed from a qualitative perspective. Accordingly, a set of generic requirements was
elicited to define the design and the implementation of the CAD-Viewer. A first qualitative
evaluation conducted with five pathologists shows that the interface suffices the diagnostic
workflow and diminishes the manual effort. We present promising evidence of the useful-
ness of our CAD-viewer and opportunities for its extension and integration in clinical prac-
tice. As a conclusion, the findings demonstrate that it is feasibile to optimize theNottingham
Grading workflow and, generally, the histological diagnosis by integrating computational
pathology data with visual analytics techniques.

4.2. Introduction

The advent and the uptake of digital pathology technology represented a vast boost in the
discipline of anatomical pathology, both in research and the clinic. In the research setting,
the availability of large volumes of digitized tissue slides, also known asWhole-Slide-Images
(WSIs), enabled to experiment with image analysis algorithms that promise to improve the
accuracy and the reproducibility of the diagnosis[84, 120]. At the same time, many hospitals
invested in the transition from a microscope-based environment to digital platforms [179].
The diagnostic workflow, however, has not changed substantially and the current software
products still tend to mimic the current routine at the microscope [70]. Whereas radiol-
ogy diagnosis is empowered across many image modalities by Computer-Aided-Diagnosis
(CAD) systems[86, 183], digital pathology lacks methodology to optimize the diagnostic
process. The laboratories that adopted digital pathology see the pathologists working on
standard viewers that provide different tools for measurement, annotation-taking and quan-
tification. Some automatic tools are available to facilitate counting and quantification of his-
tologic primitives. In general, these applications do not significantly improve pathologists’
diagnostic workflow. However, premises for its improvement are currently emphasized by a
wide collection of image analysis techniques specifically addressing typical histologic prim-
itives [201]. Besides traditional segmentation algorithms, researchers have been investigat-
ing promising techniques based onmachine learning and deep learning that are boosting the
field of computational pathology [75]. For example, Janowczyk et al. [94] present several use
cases based on task specific features. The foremost aspect now becomes to integrate the out-
put of these techniques visually to equip pathologists with interactive and smart interfaces
towards the optimization of the diagnostic process.

To achieve this goal, it is important to understand the nature of the histopathology diagnos-
tic process. In fact, diagnosis is the result of a set of complex and subjective cognitive tasks
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Figure 4.1: Twoexamples of diagnostic traces. Thepathologist reviewed two InvasiveDuctal Carcinomabreast
tissue slides according to the CAP protocol [3]. In the first part of the process, the histological type and the
gland Formation (GF) are examined. Most of the traces cover the steps involved in Nuclear Pleomorphism (NP)
assessment and Mitosis Counting (MC). In the first trace (top) the pathologist often uses zooming interaction
to relocate himself on the tissue slide. After these first steps, he proceeds with examination at high magnifi-
cations. The first part of this case shows the pathologist using the zooming interaction more often than in the
second case (bottom). In this process, the pathologists identified a region where to focus on tumor cells mor-
phology and mitosis. As evidenced, he did not need to zoom out or move away much further than his chosen
target.

[145] that lead towards the completion of standard protocols such as the College of Amer-
ican Pathologists templates [3]. Pathologists complete the diagnostic report by describing
and quantifying a list of required findings and the aggressiveness of the disease. Some of
these steps are error prone (e.g., glands grading and mitotic counting) [140, 167, 202] and
time consuming (e.g., measurements). The final information on the report reflects a semi-
quantitative and personal exploration that might be affected by subjectivity [9].

The work of Cervin et al. [41] is one of the few studies on the optimization of pathologists’
workflow. Their solution diminishes the effort in note-taking andmeasurements towards the
generation of a final report in a dynamic way. The first evaluation of the software underlines
the potential of a digital solution to reduce the cognitive effort. The authors, however, do not
discuss the integration of image analysis methods in the diagnostic process.

Other studies observed pathologists’ behavior for different purposes and provide valuable
input for the implementation and the design of CAD systems. The work of Molin et al.
[132] looked at slide navigation patterns among pathologists with long experience on digital
platforms. In their analysis, the authors identified different exploratory strategies covering
the most common behaviors in the diagnostic routine. Unfortunately, this study does not
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define the specific tasks performed by the users (e.g., nuclear pleomorphism assessment or
mitotic counting). Hence, it is difficult to determine whether the pathologists would have
benefited from automation or image analysis support. Recently, Langer et al. [114] pre-
sented a CAD system for digital pathology for pancreatic cancer in mice. This represents
a completely automated technique, which does not require human input. In a similar way,
Tashk et al. [185] developed a novel CAD system formitosis detection. The evaluation of this
last system showed the efficiency and feasibility of these techniques with respect to patholo-
gists’ needs. However, these studies do not provide any information concerning the way the
computed information should be presented to the pathologist. The need for more intuitive
and visual tools is also stated by Langer et al. [114], who affirm that ”a visually interpretable
model based only on quantifiable clinical measures will lead to computer-aided diagnostics
systems which are more likely to be incorporated in a pathologist’s workflow”.

In this context, we apply principles fromVisual Analytics (VA) as amean to equip the pathol-
ogists with an interpretable CAD application. Medical imaging is the field that so far saw the
profusion of new VA techniques in support of radiologists and physicians [137, 153]. Lund-
ström and Persson [123] characterized VA in the field of radiology. They identified efficiency
as the most challenging aspect in radiology routine and the need for exploratory techniques
to examine medical images. Likewise, similar opinions have been expressed with the advent
of digital pathology. Theworkload has increased in the last years andwill maintain this trend
[214]. In this scenario, efficiency is on the priority list in laboratories. In addition, whole-
slide-images are large medical images that require different interaction strategies from com-
mon radiology images. Therefore, further methods have still to be disclosed to apply visual
analytics to digital pathology. Thus far, little literature has been presented on the topic. A
valuable viewpoint is given by Fine [70], who suggests an interesting design and ideas to-
wards an optimized workflow wherein triaged regions of interest (ROIs) are presented to
the pathologist in an automated way. Moreover, the author proposes the introduction of
pre-existing templates able to capture the selected ROIs and to quantify relevant data with-
out manual entry. These ideas, however, did not lead to a real solution for clinical practice.
Our goal is to fill the gap between histopathology diagnostic process and image analysis in-
tegration. As a conclusion of this study, our contribution is an actual implementation of a
CAD system for histopathology diagnosis.

4.3. Clinical Motivation

In this paper, we target the histopathology examination of Invasive Ductal Carcinoma (IDC)
of breast cancer specimens. IDC is the most common type of breast cancer with about 80%
of all diagnosed cases [20]. Despite the high incidence of breast cancer, discordance among
pathologists on final diagnosis still presents large variability [64]. The standard diagnostic
workflow of a pathologist consists of two main steps: review of the tissue slides and report-
ing. The examination occurs as discussed in the background section. The protocol that we
consider is the Nottingham Grading (NG) system [158]. As discussed, the grading process
suffers from inter-observer and intra-observer variability and it is hardly reproducible. In the
next section, we discuss the task analysis related to the workflow associated to this grading
process, and later we propose our approach to address the identified pitfalls.
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Figure 4.2: A typology description of the three workflows for the NG primitives according to thewhy, how and
what spans. Nuclear Pleomorphism and Mitotic Counting require the pathologist to zoom at the highest mag-
nification (up to 40X) levels and perform several panning actions. The panning interaction is not always neces-
sary for GF and NP. One or two views are enough in standard cases. The black border box represents cognitive
actions while the green border box represents the required interaction to feed the respective cognitive pro-
cesses. Dashed borders indicate an optional interaction (not always required).

4.4. Task analysis

In this scenario, our final goal was to design and develop a visual analytics CAD system by
using computational pathology data. Along this study, we collaborated with a specialist in
breast cancer diagnosis. First, we started collecting requirements from the literature. Next,
we implemented our tracking component to observe the behavior of the pathologist during
breast cancer examination. The tracked interactions are used to generate a diagnostic trace
that is the sequence of interactive steps conducted by the pathologist on the viewer. This
concept is presented in more detail in the next work and expanded for the purpose of facil-
itating the reporting stage [50]. We let the pathologist familiarize with the viewer and we
recorded a series of diagnostic traces on three WSIs. Next, we identified the downsides in
the process. Subsequently, we analyzed the behavior for each diagnostic task and we studied
how image analysis data can aid the pathologist to diagnose.

4.4.1. Tracking component
We implemented a tracking component in the spirit of Molin et al. [132]. This component
captures the main interactions on the viewer. For our specific task analysis we adapted the
specificity of the tracked interactions that Molin et al. named navlets. Different from their
work, we differentiate only two types of panning actions: exploratory panning and direct
panning. The first identifies interactions in the micrometers range, while the second cap-
tures the ones in the millimeters range. Beside these actions, we tracked zooming events and
the fixation navlet when the pathologist keeps the view static for more than two seconds. In
addition, we also record the annotation actions and measurements. This helped to charac-
terize theworkflowof the pathologist. The results are visualized as diagnostic traces (Fig. 4.1)
wherein the interactions are displayed with different dots labeling the corresponding navlet.
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After tracking our user on three WSIs, we discussed the diagnostic process on a dedicated
view. We visualized the traces on a customized line chart (Fig. 4.1). Furthermore, we ex-
trapolated the stages and the respective pitfalls of these workflows. Our study is based on
the analytical thinking process used in design studies and extensively discussed by Brehmer
et al. [35]. The method used is based on the typology terms why, how and what. We used
this abstraction to define the design and user’s interactions of our CAD application. The
typological description of the targeted tasks is shown in Fig. 4.2 and described in detail in
the next section. We summarize the tasks involving the NG primitives in Fig. 4.2. In more
detail, we can describe these processes as follows.

Gland formation. Generally, pathologists examine the organization of glands at low mag-
nifications (2x - 10x). Usually, zooming is only required to look at the edges and at the lumina
of such structures to assess the entity of tumor growth. Thus, the quantification of this fac-
tor is performed at the early stage (Fig. 4.1). However, the discrimination between normal
and abnormal glands might require more interactions at higher magnification levels and on
larger regions.

Nuclear morphometry. In an IDC review, the pathologist identifies a large cancerous re-
gion and zooms at higher magnification levels (20X - 40X). At this magnification, nuclei can
be judged for their morphology and appearance. Usually, a few glances and observations are
enough to define a final score. At this stage, a quick strategy is to compare the size of tumor
cells with the one of red blood cells or normal epithelium cells. Nevertheless, this task pro-
duces a semi-quantitative evaluation. The final score can be hampered by illusions of size
and brightness of the cells and their surrounding context [9]. Computational pathology can
aid diagnosis to become more quantitative and to reduce the interobserver variation.

Mitotic activity. The last task concerns assessing tumor proliferation. The protocol requires
the pathologist to identify the mitotic cells in a certain field of view and count them at each
40Xmagnification (approx. 10 non overlapping regions are required). In this stage, panning
is themain interaction. Besides the high number of interactions, this task is time consuming
and error prone [202] as visible in Fig. 4.1. This task took almost 40 per cent of the diagnostic
time and it requires many sequential exploratory interactions.

4.4.2. Image analysis data
We gathered data from image analysis techniques for the detection of tubules, nuclei andmi-
tosis counts. Regarding nuclei detection, nuclei objects are associated with several attributes
such as area, short axis, perimeter and median Hematoxylin value. This information can be
used to characterize nuclear pleomorphism. For tubule detection, the method described in
Chen et al. [43] has been adopted. Despite the difficulty in discriminating normal tubules
from abnormal tubules, in this work we use the results to illustrate our concepts. For in-
stance, we could identify tubules filled by a high number of tumor cells, which leads to can-
cer invasion, and use it as a proof of concept in our design. This suffices for our purpose of
providing useful features for the GF task.
To obtain mitosis counts, we used the detection technique described in Veta et al.[202]. The
output of the model consists of the x and y coordinates of the identified mitotic cells and
an associated F-score. This measure indicates the classification accuracy of the algorithm. It
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considers recall and precision of the test. Precision is the ratio of correctly predicted posi-
tive observations to the total predicted positive observations. In our context, this measure
answers the question: ”among all the detected mitotic cells, howmany are actually true pos-
itives?” The recall is the ratio of correctly predicted positive observations to all observations
in the actual class. It quantifies, therefore, the number of mitotic cells that have been de-
tected among all the mitotic cells on the tissue slide. We consider the optimal threshold of
0.67 given by the F2-score of the mitotic counts algorithm. This measure places a higher
weight on recall. We integrate this information in our application to indicate to the user the
detection criteria of the algorithm.

4.5. Requirements

We generated a list of requirements based on the conducted task analysis and on the compu-
tational pathology features at our disposal. These requirements represented the pillars for the
design and implementation of our CAD-Viewer. In a broader scope, the following prereq-
uisites intend to be a set of general concepts for CAD-implementation on digital pathology
interfaces. The requirements can be distinguished in two main areas: the visual character-
istics of the histologic primitives and the way the pathologists look at them. We refer to the
image examination steps conducted on the viewer as the diagnostic work of the pathologist.

4.5.1. Histologic primitives: visual aspects

Contrary to radiology images, WSIs are high resolution images structured by different mag-
nification levels. This characteristic adds a further challenge to give visual analytics support.
We list the principal aspects to be considered when visualizing computed objects on digital
tissue slides.

P1. Size. Features can be distinguished as low magnification features or high magnifica-
tion features. The first ones such as tumor regions or luminar structures are visible
and recognizable at low magnification. High magnification features can be identified
in micro-features like tumor cells, lymphocytes and stromal cells that comprise the
micro-environment of the tissue. These differences in size need to be converged in
different visual representations.

P2. Function. Different from radiology,WSIs donot present an anatomical reference. How-
ever, pathologists refer to lowmagnification features to build amap in their mind and
to define boundaries of the tissue architecture. Therefore, these features are functional
to the exploration of high magnification elements.

P3. Color. As Pena et al. [145] observe, the identification of a specific finding is simplified
by the recognition of a set of colors and textures that corresponds to a specific biolog-
ical event. Staining colors and textures are therefore important visible features to be
preserved. Consistency of colors is also an ingredient to be considered when we plan
to apply overlays of image analysis features onto tissue slides.
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4.5.2. Diagnostic work
By observing the diagnostic work of the pathologist during grading we extracted the follow-
ing requirements.

DW1. Whole picture. Thewhole slide view is used by the pathologist to formulate the first
hypothesis and gradually characterize the case. Altering the aspect of this view or
hiding it in the early stage can be perceived as a barrier to a correct diagnosis.

DW2. Interaction. During the examination, pathologists typically need to zoom in at 20X
and 40X magnification to analyze cell details. In case of the NG, the protocol requires
pathologists to look at cell morphometry and count mitotic cells. In these cases, it is
necessary to zoom in and manipulate the image at the highest magnification levels.
Often, the pathologist pans over theWSIs to collect several fields of view and compare
similar features.

DW3. Report-centric process The reviewing strategy is optimized towards the completion
of the final report. Therefore, we consider the process of gathering the findings to
complete a final diagnostic report as a central aspect to be supported in a CAD viewer.

DW4. Automation. Quantification, comparison and memorization need to be facilitated.
Also, the navigation efforts that the pathologist still makes can be mitigated by digital
automation. The main attention of the pathologist should be addressed to employ his
domain knowledge [70] to make a final decision, without being hampered by other
tasks that can be automatized.

4.6. Diagnostic Workflow Integration

As a result of our analysis, we decided to steer our implementation towards a protocol-based
application. To optimize the process, we focus on the NG primitives and to the reporting
needs. We only consider the case of H&E examination on Invasive Breast Cancer grading.
We take into account a synoptic report (structured checklists document) comprising histo-
logical type, measurements and the NG.With these requirements in mind, we designed and
implemented a CAD viewer in collaboration with digital pathology experts and an expert
pathologist. The design of our approach is conceived to be incorporated in the diagnostic
workflow of the pathologist, as a module for breast cancer examination. The addition of this
tool provides visual support in a typically manual step of annotation and triaging to field of
views (Fig. 4.3). In the next sections we explain the main components of the interface, the
communication between the report template and the viewer and the supported interactions.
Moreover, we introduce the CAD-Tiles tool for analyzing the NGmicro-environment at low
magnification levels by using image analyisis data described in the following section.

4.7. CAD-Viewer: design and implementation

The interface of our application consists of two main elements: a standard viewer and an
interactive sidebar for protocol-based visual analytics. The sidebar on the left (Fig. 4.4) con-
sists of an area dedicated to CAD support for the grading. The bottom part (Fig. 4.4 (D))
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Figure4.3: Differencesbetween the standarddiagnosticprocess inhistopathologyandourproposedapproach
on a dedicated CAD Viewer for breast cancer diagnosis. The standard process is optimized by introducing a
report-driven viewer. Visual analytics enhances the Computer-Aided-Diagnosis (CAD) system by leveraging on
several image analysis features. The CAD-Tiles widget enables the pathologist to directly get image analysis
support at a specified magnification (e.g., 40X). Regions and image analysis information are automatically in-
cluded in the report.

shows the updated scores for the current diagnosis. Each field is a clickable entity that acti-
vates the image analysis layer of the detected histologic primitive (Fig. 4.4 (C)). The report
and the viewer area are fully connected. The top part of the sidebar (Fig. 4.4 (A)) yields tools
for the NG.This widget forms the core of our application. We named it CAD-Tiles, a tool for
analysis of High Power Fields (e.g, 40X) at low magnification levels.

4.7.1. CAD-Tiles

CAD-Tiles was designed and implemented to serve four main purposes: view navigation,
analysis, visualization of results and reporting. The main advantage of this tool is to provide
further visual insights of the image analysis primitives without cluttering the entire picture
(DW1). Moreover, CAD-Tiles aims to reduce the panning and zooming required for the
assessment of features at high magnification (DW2). Also, it gives the pathologist an auto-
mated and interactive way (DW4) to look at quantification of the detected features in strong
connection with the report (DW3).

Generation. The generation of the CAD-Tiles grid and its external widget works as follows.
First the pathologist identifies a region to examine as illustrated in Fig. 4.6. Next, he draws a
polygonal annotation on the tissue slide. At this point, the CAD system automatically pro-
duces a grid divided by tiles of 40X field of views. We restrained the tile size at the equivalent
of a 40X magnification that represents the High Power field that pathologists use to count
mitotic cells during standard breast cancer diagnosis. Alternatively, the pathologist can click
on a tumor area, upon which a polygon surrounding the identified area is automatically vi-
sualized. In this case the CAD-Tiles are created over the pre-defined region (Fig. 4.4 (F)).
When the grid is composed on the viewer, an external view is updated on the left sidebar
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Figure 4.5: The CAD-Tileswidget with three views for two different examples. Each view encodes information
for a NG primitive. Gland formation is displayed in 1.a and 2.a. The percentage of gland formation within the
selected (tumor) area is shown in yellow in 1.a, corresponding to Score 2 and in red for Score 3. In the NP
view (1.b and 2.b), the average area of the tumor cells in each tile is displayed. The respective score is color-
encoded. In themitosis counting (1.c and 2.c) each tile shows themitosis counts in the region. Dashed tiles do
not contribute to the total. The final score is displayed at the bottom and shows the protocol score.

as shown in Fig. 4.4 (A). This serves as a map for the pathologist once he zooms to the high
magnification level. The tool and its functionalities are designed to avoid cluttering of fea-
tures on the tissue slide and disruption of the diagnostic workflow. Therefore, the grid serves
as a tool to display the characteristics of high magnification features at middle range zoom
level (P1). On the viewer, the CAD-Tiles grid is computed as follows. We extract the extent
of the annotation A. We calculate the width w and the height h of a 40X magnification FOV.
Each one of these views is a tile within our widget. Then, we divide the extent of A in n tiles
of width w and height h. The width and the height of the extent are automatically extracted
for a 40X mangnification region of WSI when it is read by the viewer. In the final visualiza-
tion, each tile is offset from its adjacent tiles by some micrometers. This distance is added to
avoid cells to be considered in two different tiles.

Navigation. One of the main goals in the design process was to provide strong integration
between image analysis data and the viewer area along with protocol observance. Like stan-
dard viewers we support zooming, panning and measurements tools. Customized naviga-
tion interactions are given through theCAD-Tiles grid that supplies image analysis aid. Once
a CAD-Tiles grid is generated from a manual or computed (e.g., tumor area) annotation, the
pathologist can interact with each tile. A click on a tile will automatically zoom at 40X mag-
nification and pan to center the image in the center of the viewer. From that moment, by
using a left or right arrow key the view is automatically switched to the corresponding tile of
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the grid. This automation has been specifically conceived to decrease the effort during the
examination of vast regions for mitosis counting purposes or morphology assessment. The
user can also use the CAD-Tiles widget on the left side (Fig. 4.4 (A)) to navigate and jump to
other regions. A tile of the external CAD-Tiles widget is interactively connected to the grid
visualization on theWSI. A click on one of the squares leads to a 40X zooming on the viewer.

Figure 4.6: The CAD-Tiles widget. The pathologist identifies one region on the tissue slide. A grid is automat-
ically built within the extent of the annotation. Each cell of this grid is a 40X field of view (FOV). In the nuclear
pleomorphismmode, each cell is assigned to a score on basis of the morphology characteristics of the tumor
cells. In mitosis counting mode, the CAD system gives an estimation of the number of mitotic counts for each
FOV. The FOVs are automatically attached to the report.

Visualization. Thevisualization of theCAD-Tileswidget and the generated grid on theWSI
is designed to support the three histologic primitives of NG in three different views (Fig. 4.5).
Once the pathologist draws an annotation, the features contained in the drawn area are dis-
played accordingly to the selected mode (Fig. 4.4 (H)). The pathologist can select the oper-
ation mode of CAD-Tiles by clicking on the dedicated buttons (Fig. 4.4) or by selecting the
respective layer from the left sidebar. The CAD engine computes a score for each tile on the
basis of the primitives characteristics. High level CAD-Tiles information is encoded with
four different colors. Green represents benign condition, blue corresponds to a Score 1 in
the NG, yellow and red indicate respectively Score 2 and Score 3. This encoding is consistent
along the three different views generated in the CAD-Tiles widget. Accordingly, the colors
of tile borders follow this scale both on the viewer and the complementary widget. We simi-
larly visualize the borders of detected nuclei within the annotation region as in Fig. 4.4 where
Score 2 tumor cells are displayed. The stroke of the tumor cells encodes the computed score.
We do not use any overlay to preserve the staining color of the cell (P3). Detected mitotic
cells are indicated by a cross, which color indicates the F-score associated to the detection.
The legend is displayed in the top right corner of the viewer bar (Fig. 4.4). The CAD-Tiles
annotation is intended to be used at middle range magnification (e.g. 5X - 10X). Therefore,
we decided to display inside the grid only high magnification features (tumor cells and mi-
totic cells). The low magnification features, such as tubules and tissue boundaries, can be
requested on demand by the pathologist clicking on the side menu (Fig. 4.4 (D)). In this
way, we distinguish the two different functions of low magnification features and high mag-
nification features (P2).

Grade computation. The external CAD-Tiles widget supports three views, each one corre-
sponding to the NG primitives: gland formation, nuclear pleomorphism andmitosis activity
(Fig. 4.5). The high-level information displayed in each tile is computed and visualized with
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colors as described above and numbers characterizing the three histologic primitives. The
gland formation view (Fig. 4.5, 1.a - 2.a ) encodes the extent of the annotation or the selected
tumor region. The box is divided in three areas wherein the markers for the CAP thresh-
olds of 10% and a 75% gland formation are indicated. In Fig. 4.5 an example shows a region
wherein a Score 2 is given on a computed gland formation in between the two thresholds.
By selecting the NPmode, each 40X FOV of theCAD-Tiles grid is graded with a Score from 1
to 3 according to tumor cells morphology. Here we use a classification based on the average
area of the tumor cells in that FOV. We used the thresholds provided by the CAP protocol
that describes the score to be assigned to tumor cells morphology with respect to a normal
blood cell aspect. We considered the diameter of a normal red blood cell roughly 8 microm-
eters. Hence, we calculated grading thresholds respectively for mean area and the perimeter
of tumor cells. We also added the information regarding the values for the shortest axis of
the tumor cells because this was demonstrated to have prognostic value for breast cancer
outcome in IDC [109]. Given these factors, we assign Score 1 to tumor cells 1.5 to 2 times
larger than normal red blood cells, Score 2 for those in between 2 and 2.5 times and Score 3
if larger than 2.5 times. We indicate this distinction according to the CAP definition. Re-
garding the shortest axis we set thresholds of 3.5, 4.8 and 6.4 micrometers respectively for
Score 1 to 3. The exact thresholds are given in Fig. 4.7. NP quantification is also supported
by a scatterplot (Fig. 4.7) wherein we show the distribution of the detected cells on two axes.
The basic view plots cell area on the x-axis and cell perimeter on the y-axis. Each nucleus is
represented with a dot of which the color encodes the grade. By hovering one of the dots,
all the tumor cells matching that grade are highlighted on the slide FOV (Fig. 4.4 (G)). By
means of this view the pathologist gets insight into how the CADdetermined the grade. This
serves as an element designed for trust [97] where the pathologist can assess the quality of
the detection. At last, in the mitotic counting mode, our CAD determines the number of
mitotic events in each FOV. The detected number is converted to a score as it would con-
tribute to the final score by definition in the standard guidelines [3]. Detected mitosis are
visualized only at tile magnification level in order to avoid cluttering (DW1) during other
diagnostic steps. The total count is displayed at the bottom of the grid as shown in Fig. 4.4.

Reporting. We support prompt integration of any CAD-tile to the report. When the CAD-
Tiles grid is generated and grades computed for each tile, our application automatically in-
cludes relevant regions to the NG section of an interactive report. The regions with the high-
est scores for the three histologic primitives are available on the CAP template. A click on
a thumbnail directly shifts the viewer area to the respective FOV. Alternatively, interesting
tiles for gland formation, nuclear plemorphism and mitotic regions can be added manually
by means of a dedicated button. Every thumbnail can be edited and removed from the re-
port. We also support a specific interaction to update the mitotic counting. The pathologist
can annotate the cells in mitosis directly by typing a number on the keyboard. This number
is displayed on the viewer area and automatically updated on the mitotic score. The applica-
tion automatically includes conducted measurements, which can also be edited and labeled
manually. The other fields of the template are provided as a standard form template with
text boxes and checklists.
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Theme Question Agreement
(0-4)

V.A. I see the need of more visual analytics in digital diagnostic 4 (0.0)

FV.1 The necessary features for breast cancer grading are displayed in an
intuitive way 3.3 (0.4)

FV.2 High magnification features information are clearly visible at
middle-range magnification 3 (0.0)

FV.3 The grading process would not be disturbed by this feature visual-
ization 3.2 (0.4)

WO.1 The Nottingham Grading and the reporting can be increasingly
speeded up 2.8 (1.5)

WO.2 The CAD-Tiles tool seems easy to use 3.3 (0.4)
WO.3 Nuclear Grading and Mitosis counting are fully supported 3.3 (0.4)
T.1 I could trust this system for nuclear grading 3.5 (0.5)
T.2 I could trust this system for mitotic counting 3.8 (0.5)
T.3 I would always use this system 2.4 (1.4)

Table 4.1: We interviewed five pathologists regarding the feature visualization (FV), theworkflow optimization
(WO) and the trust (T) of our tool. The average agreements are displayed for each question. We assigned score
4 to ”strong agreement”, 3 to ”agreement”, 0 to ”disagreement” and -1 to ”strong disagreement”. The mean
and the standard deviation (in the brackets) are shown for each theme question.

4.7.2. Implementation
Our tool was implemented as a client-server framework. The visual interface has been im-
plemented in OpenLayers [88] and D3.js [32]. The back-end comprises a GeoServer [4] to
handle the digital slide images and the results from image analysis. The discussedWSIs were
downloaded fromThe Cancer Digital Slide Archive (CDSA) [46].

Figure 4.7: Focus on the CAD-Tiles widget. Here, the NP mode is enabled. In the scatterplot (right) each dot
represents a nucleus. The color identifies the corresponding score. However, all the FOVs (left) are graded as
score 1 according to the threshold. Here the pathologist can inspect the CAD quantification and understand
the reason for its classification. In case of a different score between area and shortest axis, the priority is given
to the first.
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Figure 4.8: View of survey results. The five pathologists agreed on the majority of our questions concluding
that the visual analytics functionalities of our CAD system is sufficient for the NG diagnostic work. Refer to
Table 4.1 as a legend to questions abbreviations.

4.8. Evaluation

We conducted a qualitative evaluation of our tool with five pathologists. We introduced
them to the concept of visual analytics and its purpose. Next, we presented the application
in the use case of invasive breast carcinoma and the functionalities. Two pathologists ac-
tively interacted with the tool and examined a given WSI by using the CAD-Tiles tool. We
then interviewed the five pathologists to collect their opinions on the application. Our sur-
vey covers the following themes: features visualization, workflow optimization and trust.
As shown in Table ?? and Fig. 4.8, all the pathologists agreed with the importance of visual
analytics within the field of digital pathology. The pathologists appreciated the visualization
of the three diagnostic primitives and they considered that the CAD-Tiles widget would not
disturb the grading process. From theworkflowperspective, the general opinionwas that the
tool would increase the speed in the diagnostic routine. Some concernwas expressed regard-
ing the number of grids required to perform the final diagnosis. In this case, the pathologists
expressed the belief that automated grids can be generated on the tumor regions to further
reduce the manual effort. In answer to this, we also support the creation of a CAD-Tiles
grid generated upon the entire tissue area if considered necessary. Next, we asked whether
the pathologists would trust the proposed system in the scenario of highly accurate detec-
tion (for both specificity and sensitivity). The agreement was high and only one pathologist
claimed that he would restrain the use of this tool only for complex cases. All pathologists
mentioned that the gland formation represents the most debatable feature within the CAD-
Tiles widget. A simple indication of the percentage of gland formation in a region is enough
according to the protocol, but the difficulty in manual routine as in machine-detection is to
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discriminate between abnormal and normal gland formation. This distinctionmay require a
more detailed visualization than the one presented in this work. A more extensive approach
on this aspect will be addressed in future work with the availability of more accurate gland
detection features. We think that visual concepts on this kind of features can be extended
to other low magnification features and to other histologic diagnosis. This evaluation repre-
sents a solid input for a further quantitative evaluation. We believe that this will be feasible
when stable image analysis results and more trustful features will be integrated in the tool
with a larger set of tissue slides.

4.9. Conclusions

In this chapter, we have introduced a CAD application for histopathology diagnostics in
breast cancer. We presented its implementation and development throughout the standard
design process of a visual analytics system. From the literature we extracted one of the strate-
gies typically adopted to analyze pathologists’ behavior. We observed that the first CAD tools
implemented for digital pathology do not meet the needs of pathologists’ diagnostic process
with visual support of CAD findings. In order to address this gap, we observed some diag-
nostic traces to elicit general requirements to design visual analytics support in histopathol-
ogy. To the best of our knowledge, we conducted the first analysis on pathologists’ behavior
in relation to diagnostic tasks. Despite the limited experiment conducted with only one
pathologist, our findings induce us to think that this can be inspiring for future analysis and
in the development of new applications. For this particular study, the task analysis has been
converted in a subdivision of the requirements in two areas: visual aspects of the histologic
primitives and diagnostic principles. Accordingly, the design choices followed the require-
ments and the design conveyed in a protocol-centric application.

In support of the standard workflow, we created the CAD-Tiles widget to interact with high
magnification primitives such as nuclei and mitosis at low magnification levels. Similarly,
this widget can be used for the quantification and the presentation of data for other use cases
beside breast cancer diagnosis. This can be the case, in the future, for the integration of
new emerging important prognostic indicators like lymphocytes density [14] or insight on
tumor-stroma ratio [63] once they will become established factors in the diagnosis.

In this context, we limited our CAD system to the scenario of the Nottingham Grading Sys-
tem. We illustrated the impact that visual analytics can have in tedious and time-consuming
tasks such asmitotic counting. In addition to that, the adopted protocol-based approach can
be extended to other histologic cases that are standardized across laboratories, such as the
Invasive Breast Cancer protocol. In a first evaluation we received positive feedback from five
pathologists. We think that the visual analytics capabilities of our application will benefit of
a further and more extensive evaluation in a broader setting.

In conclusion, this study represents the first integration of image analysis features into a
histologic protocol-based diagnostic workflow. We aimed at gauging the creation of CAD
approaches that can be directly used by pathologists in a clinical setting. We consider that
the described study can simplify the creation of such systems in digital pathology and ac-
celerate their introduction in clinical routine. Our work was restricted to a limited number
of users. It was, therefore, not possible to collect a significant range of opinions from the
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pathologists regarding the use of our tool in comparison to a fully automated workflow. As
evidence of this work, we can affirm that a careful translation of protocol requirements into
visual analytics capabilities will find positive support from pathologists in the first adoption
of computational pathology in diagnostics and towards fully automated steps of their routine
tasks.
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5.1. Abstract

We introduce PathoVA, a visual analytics system for computer aided pathology diag-
nosis. The diagnostic work of a pathologist involves characterizing cells and the

appearance of histological sections of tissues, which are stained by techniques that highlight
particular elements. Our system supports this work by recording activities in a digital tissue
slide viewer, from which a diagnostic trace is constructed automatically. The visualization
of the trace is enhanced with quantitative data about the tissue obtained by image analysis.
Using the trace visualization, the pathologist can fill out the pathology report according to
the required protocol. We demonstrate our approach on a use case of breast tissue examina-
tion. Our qualitative evaluation shows that PathoVA supports the diagnostic procedure and
simplifies reporting.

Figure 5.1: PathoVA is a computer aided diagnosis tool for pathologists, which integrates a digital tissue slide
viewer (left), a visualization of the diagnostic trace (middle), and reporting (right). A pathologist examines a
digital tissue slide on the viewer. This diagnosticwork is recorded in an event log, and thediagnostic trace visu-
alization is automatically generated and combinedwith image analysis results. From the trace, the pathologist
can easily populate a final report including slide image portions and quantitative information.

5.2. Introduction

Despite the advances of histopathology towards digital pathology [13, 179] and the increas-
ing use of whole-slide images (WSI), technological additions are required to achieve effec-
tiveness in the diagnostic and reportingworkflow. Aswe have seen inChapter 3, pathologists
perceive the need for more automatic support in the reporting stage (Finding #9, Chapter 3,
page 31). Nonetheless, even if the last developments in digital image analysis have resulted
in new algorithms for automated analysis of particular diagnostic tissue features [41, 94, 107]
routine diagnostic WSI examination does not benefit from these techniques yet. In Chapter
4, we presented an approach that brings support to the pathologist in the examination of
histological features with quantitative information. In this chapter, we present PathoVA, a
CAD tool for reporting and collection of diagnostic evidence. PathoVA aims at optimizing
the reporting process of pathology practice. Currently, tissue slide examination and writing
the pathology report are tasks that are performed sequentially but in separate systems [41].
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Figure 5.2: The viewer (left) includes themain tools of a standard digital pathology viewer. The key features of
the Nottingham Score (right) are tubules (a), pleomorphism (b), and mitosis (c). Each feature is assessed at a
particular magnification level, and has to be scored (from 1 to 3) according to the protocol criteria. The overall
score (3-9) determines the aggressiveness of the disease.

This is problematic, since tissue slide examination involves a complex series of cognitive
activities [145]. After the diagnostic examination, the pathologist writes the report based
on some notes and memory, which is error prone. To mitigate this problem, the first sys-
tems that integrate tissue slide reviewing and reporting have emerged [41]. Such Anatomic
Pathology Laboratory Information Systems (APLIS) reduce the complexity of reporting by
providing preformatted (e.g., canned) text and dynamic visual interfaces, similar to exist-
ing practice in digital radiology [99]. However, none of these systems provide quantitative
information (e.g., from image analysis) to support the diagnostic process.

Our system consists of a viewer with a tracking component, which records all interaction
events (for interaction provenance) with theWSI and the corresponding magnification level
and viewport (for visualization provenance). Additionally, the system provides a number of
image analysis techniques to support specific diagnostic tasks. From the recorded events,
we construct a diagnostic trace, which the pathologist can use to populate the pathology
report. The report and trace are linked, so that findings can be traced back to the source
region (viewport) in the slide image. Both visualization and interaction provenance aim
at improving recall, replication, and communication [152] of the pathology report. In this
work, we use a standard viewer to present our approach. However, more advanced viewers
that incorporate the functionalities presented in Chapter 4 could also be part of PathoVA.

5.3. Pathology Scenario

In this chapter we still focus on the histological examination of digital slides of breast tissue
sections. In particular, we focus on the Nottingham Histologic Score (NHS) discussed in the
Chapter 2. As said, the NHS score comprises three biological factors: the amount of gland
formation, the nuclear features, and the mitotic activity. Examples can be seen in Figure 5.2.
As we have seen in Chapter 4, each feature is typically examined in a specific moment of
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the diagnostic process in which the pathologist collects the necessary insights to complete a
report and provide a final diagnosis. In the next sections we characterize the diagnostic and
reporting process and we present our approach to support the identified tasks.

5.4. Task analysis and problem definition

We had several meetings with a pathologist to get an understanding of the diagnostic pro-
tocol and the report workflow. We observed the pathologist when he performed reviews of
several breast tissue slides. The main tasks follow directly from the protocol:

T1 Tissue measurements. Select the right measurements (T1.1) among the ones taken and
include them in the report (T1.2).

T2 Calculation of the Nottingham score. This involves scoring the tubular areas (T2.1),
assessing the morphometry of the cells (T2.2), and mitosis counting (T2.3).

T3 Quantify tumor areas and margins, and report any additional findings.

Our observations of the pathologist revealed that these tasks usually take several steps and
interactions with the slide images, depending on the complexity of the case. Reporting
was a cumbersome task if it occurred after a time-consuming and complex examination,
in which many portions of the image are assessed (at 40X magnification, the viewport only
shows about 0.06% of the total image, which makes it hard to maintain a mental overview
of the whole slide). The measurements (T1) were taken during the examination and noted
on scratch paper. Only later, in the reporting phase, these notes were used to fill out the
preformatted template. The Nottingham Score protocol requires the pathologists to provide
the three scores for the biological features assessed. In particular, the assessment of pleo-
morphism (T2.2) may require multiple comparisons of cell regions and it is a challenging
task with current image viewers. Mitosis counting (T2.3) involves counting cells undergoing
mitosis in multiple non-overlapping image regions. For the report, only the highest number
is used. The measurements of tumor areas and their distances to margins and other find-
ings (T3) are usually reported as free text or by checking pre-defined boolean options on the
report form.

Together with the pathologist, we identified several problems with the execution of the pro-
tocol tasks and the reporting phase:

P1 Reporting and tissue slide examination are two separate activities performed in different
systems, and reporting is fragmented in different tasks (see also [41]).

P2 Images are not part of a pathology report.

P3 The visual memory of pathologists can be overloaded because of the complexity of tissue
features and details.

P4 The viewers provide no quantitative information to support tedious tasks of the proto-
cols, such as counting.

P5 No information about diagnostic decision taking is included in the report, hampering
reproducibility, collaboration, and consultation of a second pathologist.
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In this chapter, we propose a CAD tool that addresses the listed problems and enables the
pathologists to review tissue slides and make the report in a single system. The pathologists
are supported by quantitative data from image analysis, and the viewer tracks important
interaction events to generate a diagnostic trace that simplifies and enhances reporting.

5.5. Related work

Digital pathology provides insight into the way pathologists examine tissue slides. There
have been several studies in which pathologists’ navigation was tracked, analyzed, and used
for different purposes [128, 132, 189]. Treanor et al. [189] used a tracking component to
study diagnostic error in histopathology examinations, which can be error-prone in difficult
cases, especially for novice pathologists. A deep understanding of the diagnostic work and
navigation patterns is essential if the goal is to improve the current digital platform. For in-
stance, Molin et al. [132] analyzed navigation actions, such as zooming and panning. These
are referred to as navlets. They tracked five pathologists during their work routine, which
revealed that a pathologist works systematically by slow panning and in ways not possible
with conventional microscopes.

The creation of relevant ground-truth for image analysis is another area inwhich tracking has
been used. Mercan et al. [128] used extracted regions of interest (ROIs) to build a predictor
of diagnostically relevant image areas. Prediction is one of the goals of image analysis, which
gave rise to the field of computational pathology [122]. This aims to reduce the subjectivity of
manual tissue analysis by combining medical informatics, image processing, and diagnostic
machine learning. Within this discipline, promising results have been obtained for breast
cancer diagnosis, improving both accuracy and consistency [27, 94, 201, 202]. It is beyond
the scope of this chapter to discuss the details and accuracy of these techniques. However,
we can underline that image analysis algorithms can assess relevant diagnostic features at
similar accuracies as pathologists. We refer to Janowczyk et al. [94] and Veta et al. [202] for
details.

The integration of computed features and viewing platforms is still in an early stage. More-
over, there is no connection between the viewer and reporting. The combination of WSI
examination and reporting has been presented in Cervin et al. [41]. They analyzed pathol-
ogists’ needs and implemented a new interface to aid pathologists in populating the final
report. Their work focuses solely on reporting from within the viewer. Our proposed ap-
proach consists of a viewer that provides image analysis support for specific diagnostic tasks,
constructs a diagnostic trace, and integrates reporting.

5.6. Approach

We propose a visual analytics tool (PathoVA) to support pathologists in the main diagnostic
tasks (T1-T3), and which addresses the main problems (P1-P5). The CAD tool comprises a
viewer, coupled with a tracking component to trace the diagnostic work of the pathologist
(Fig. 5.3). In addition, the tool provides a reporting dashboard, designed to fulfill patholo-
gists’ needs. Finally, PathoVA makes use of image analysis results from several detectors of
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Figure 5.3: A schematic view of the difference between the standard workflow and its adaptation by using the
PathoVAdashboard. Anevent log recordedduring theexaminationof thepathologist is usedas supplementary
information in the reporting stage in combination with image derived features.

key features in breast cancer tissue to provide quantitative tissue information. In this section,
we introduce the different components of the application.

5.6.1. Viewer and tracker
The viewer records all navigation interactions executed by the pathologist during the ex-
ploration of the digital image. In Molin et al. [132], this set of interactions has been named
navlets, andwewill use the same terminology. For our specific tracking component wemade
some variations on their approach, and we considered the navlets listed in Table 5.1. Whilst
Molin et al. defined three different styles of panning actions, we only distinguish two types:
exploratory panning and direct panning, as this suffices for our purposes. To bemore specific,
exploratory panning corresponds to small-scale panning in the micrometer range, whereas
direct panning corresponds to larger scale movements in the millimeter range. This distinc-
tion is sufficient to select regions of interest and characterize the behavior from a qualitative
point of view. Often, the diagnostic work requires the pathologists to look at cell regions
for some seconds. This time is necessary to elaborate and test diagnostic hypothesis [145].
Therefore, we also use a fixation navlet for events in which the viewport remains static for
more than two seconds. A peak navlet is an interaction wherein the pathologists zoom in
from a certain magnification level to inspect a detail, and then zoom out again. The location
remains fixed.

The interaction events are all logged in the background. Each interaction is associated with
the respective field of view (FOV) and its magnification level.
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Figure 5.4: Tissue slide fragments with image analysis features corresponding to the Nottingham Score super-
imposed. Tubules (left) are indicatedwith a yellow contour, nuclei (middle) are represented by solid polygons,
and cell mitosis (right) is shown with color-coded discs, where the color encodes probabilities.

The raw interaction events serve as a basis for the diagnostic trace. It would be overwhelm-
ing to show all events, therefore, we apply filtering and aggregation. Fixation events are
included in the diagnostic trace if the fixation time is between 2 and 15 seconds (this is the
time needed to count a high number of mitosis, for example). Direct panning events are

Navlet Definition Diagnostic Trace
Visualization

Exploratory
Panning A panning action in the micrometer range Yes

Direct Panning A panning action in the millimeter range Partly

Zooming In Increase in magnification level Yes

Zooming Out Decrease in magnification level Yes

Fixation 2-15 secs FOV fixation Partly

Peaks Increase in magnification followed by a sim-
ilar decrease in magnification No

Measure Use of measuring tool Yes

Table 5.1: Overview of the navlets. Each navlet is associated with the respective field of view (FOV) in the
viewer. For the diagnostic trace visualization, not all navlets are used. We filter out direct panning actions
(when they are not followed by an exploratory panning interaction), peaks, and fixations of a duration outside
the defined interval.
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included when they are followed by an exploratory panning action. This typically indicates
a fast movement to an interesting region to be explored. The peak events are not included at
all in the diagnostic trace, because they correspond to fast transitions in the diagnostic work.
Measuring events are aggregated into one event if they succeed each other. The associated
viewport contains the entire length of the measurement.

5.6.2. Image analysis features
The image analysis features provide quantitative support to the pathologists for their diag-
nostic tasks (T1-T3). We provide results generated by different image analysis techniques.
Specifically, for breast cancer, the following features are relevant with respect to the CAP
protocol:

Tubule detection: growth of abnormal tubules is part of the current NHS (T2.1). Wemake
use of the algorithm described in Chen et al.[43]. The detected tubules are shown by a con-
tour (Fig. 5.4, left-most image).

Nuclei detection: Deep-learning algorithms have been used as presented in [94] for cell
detection (Fig. 5.4, center image). In this context we give information about mean cell area
and mean shortest axis for each recorded FOV. We selected these criteria because of their
relevance in determining pleomorphism. Large cells are likely to be the most grown tumor
cells and lead to the highest Nottingham Score. The criteria can be used to assess cell mor-
phology (T2.2). Moreover, they show a prognostic value [109].

Mitosis detection: Mitosis is an important factor for breast-cancer diagnosis (T2.3). Mi-
totic cells are counted at 40X magnification. The algorithm to detect them (Fig. 5.4, right-
most image) is described in [202, 203]. Automatic detection of mitosis alleviates the pathol-
ogist from a tedious and difficult task.

5.6.3. PathoVA interface
An overview of the interface is shown in Fig. 5.5. Our CAD tool is divided mainly in two
parts. The top part builds the connection between the viewer, the reporting form, and ex-
plored FOVs (P1-P2). The bottom part presents the diagnostic work executed by the pathol-
ogist and aims to address the problems (P3-P5) by a combination of interaction and quan-
titative information obtained by image analysis.

A compact viewer shows the digital slide. The pre-formatted form is shown at the right
of this section (see Fig. 5.5(d)). The viewer provides an overview thumbnail of the digital
slide to provide a sense of orientation while reviewing the different FOVs (Fig. 5.5(b)). The
measurements are automatically attached to the corresponding section of the report. The
regions where measurements were taken are shown with the respective values underneath
(Fig. 5.5(c)). Hovering the thumbnail itself shows the image portion in the viewer. The extent
of that region is visible in the overview thumbnail. Measurements can be deleted from the
report if considered not necessary and another view can be added to the report by a dedicated
button. The reporting form to be populated is divided into four collapsible sections. When
the user clicks on a section, the attached images are automatically displayed on the left in
component (c).
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In the bottom component, we present the diagnostic trace visualization in combination with
image analysis data. Each gray strip (Fig. 5.5(f)) corresponds to a specificmagnification level.
The navlets are shown with red-scale squares. The color map encodes the number of tumor
cells detected in that region, ranging from low, medium, to high (scaled with respect to the
minimum and maximum found among all the recorded FOVs). The gray stripes provide
a visual guide, and help the user to distinguish the occurring events at each magnification
level. The same information could have been shown in a line chart, where each data point
coincides with a recorded interaction. However, this has several downsides. First, in a line
chart, it is difficult to identify the respective magnification level for the events, especially for
long traces. Also, the information encoding is difficult to make intuitive and clear for the
pathologist, whereas on our regular blocks chart, we can easily show values and highlight
their position. Third, we want to enable the user to hover these events and directly view the
corresponding FOV on the viewer Fig. 5.5(a). Moving themouse on a line chart dot requires
accuracy and attention, but is easier on the large blocks. The view supports panning to right
and left which is necessary in case of long traces, and zooming to improve readability of the
values shown on the event blocks.

The FOVs corresponding to the navlets in the diagnostic trace are also visualized in a scat-
terplot, see Fig. 5.6. This visualization can be used to inspect the distribution of the visited
FOVs according to tumor cell morphology. For example, areas with large cells and high vari-
ation in the short axis indicate an abnormal growth [109]. These can be well separated from
the others in the scatterplot, and the pathologist can select the relevant ones for reporting
nuclear pleomorphism.

All other information that assists the pathologist in diagnosing according to the NHS is en-
coded in the diagnostic trace visualization. In this view, each event block, according to the
user choice, can display the number of detected tumor cells, theirmean area and shortest axis
values, mitosis count (if present), and tubules (if present). Measurements are also encoded
within the diagnostic trace to quickly review them.

5.6.4. Scenario: breast tissue examination

We designed PathoVA based on the scenario of breast tissue examination, and describe its
usage in this context. However, the concepts are generic, and we elaborate this in the con-
clusion. After the diagnostic work in the viewer, the pathologist moves to the full PathoVA
interface. The diagnostic trace is automatically generated. The events included in the visu-
alization are the result of the filtering mentioned before. Given the tools, the user can start
with the reporting procedure. A pathologist usually starts in reporting the histological type
of the tumor, if present or not. Thus, the pathologist looks at themeasurements taken during
the diagnostic work and at the image analysis data to assess the NHS. Measurements and
the respective FOVs are automatically attached to the report. In the diagnostic trace, the
pathologists can recall when they made them and attach new views if necessary. They write
down the correct values on the form. Once done with T1, the pathologists address the NHS
section of the report. They are supported by the dedicated bar. Tubules, tumor cells, andmi-
tosis detection results can be made visible by clicking on the eye button (Fig. 5.4). A click on
the measurement tab displays the events related to a measurement action. The same type of
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Figure 5.6: In this panel each dot in the scatterplot and square in the diagnostic trace corresponds to a FOV
and is linked with values computed by image analysis or measurements made by the pathologists.

interaction exists for the tubule regions. The pathologists can then select a region of interest
where a detected tubule is present and which they consider worth to be reported. Another
drop-down button (Fig. 5.4) enables the users to look at information regarding tumor cell
detection. We provide mean area, mean shortest axis of detected cells, and number of cells
found in the corresponding FOV of each event block. The pathologists are usually interested
in seeing what is happening in dense tumor regions. From the regions with a high number of
cells, they investigate tumor cell attributes such as mean cell area, mean short-axis andmean
perimeter. High values for these attributes indicate a pleomorphic behavior (T2.2). Clear
distributions of these regions can be seen on the scatter-plot (Fig. 5.5(e)), which is adapted
automatically when the user selects a different attribute from the dropdown buttons. When
values are displayed on the boxes, as in Fig. 5.5(f), the color of the event blocks does not
change. We considered to change the colors of the boxes in accordance to the range of values
of the selected attribute (e.g. mean cell area) to easily find its high variations, but we decided
to keep this visualization static in order to mark the quantity of cells in that FOV. At this
stage, mitosis is the last aspect of the Nottingham Score to be verified. During the diagnostic
work, the pathologists conclude this examination with a ’highest number’ of mitosis (T2.3).
A click on the mitosis check-box highlights the 40X row and shows the detected number
of mitotic cells. The pathologists can look for the highest value region and visually verify
the correctness. The hovering interaction on a dot of the scatter-plot (Fig. 5.6) triggers the
display of the respective FOV. In the top-right corner of this plot, they can easily identify the
high magnification regions wherein cell morphology differences are marked. These are the
areas that can be used for reporting the abnormalities in the cell growth. If the pathologists
move from another region that they still consider relevant, they can add it to another section
of the report, for instance additional findings (T3). At the end of this interactive process, the
final report includes multiple images, organized in categories as shown in Fig. 5.5(c).
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5.6.5. Implementation
The visual interface has been implemented in OpenLayers [88] and D3js [32]. The back-
end comprises a GeoServer [4] to handle the digital slide images and the results from image
analysis. The discussed tissue slide image has been taken from The Cancer Digital Slide
Archive (CDSA) [85].

5.7. Qualitative evaluation

Weperformed a qualitative evaluation of PathoVAwith a pathologist and a digital pathology
expert. We asked the pathologist to examine the digital slide as he would do in a clinical
setting. Hereafter, we used the reporting dashboard as a tool to discuss his decisions and
how the different components of PathoVA facilitated the diagnostic process. This way, we
obtained feedback from the clinical point of view. The domain expert in digital pathology
evaluated and compared our approach to currently available (commercial) solutions and use
cases.

The histological case presented to the pathologist can be considered a standard case in breast
cancer diagnosis from a diagnostic perspective. Despite the relative easiness of the diagnosis,
the pathologist spent most of the time on mitotis counting (T2.3) and in the examination
of nuclear pleomorphism(T2.2) during the assessment. The invasive component within the
tubular areas (T2.1) can be identified quickly by a trained eye. The pathologist was pleased
with the option for integrating this finding to the report. Tubular abnormality is usually
difficult to assess in complex tissue architectures. Therefore, it is useful for a consultant
pathologist to know exactly which area was considered in the review.

Usually tubular abnormality is a difficult estimation to make in complex tissue architectures
and a consultant pathologist can be interested in reviewing the area that was considered.
During the pleomorphism examination task, the pathologist made use of the features de-
tected by image analysis, and concluded that he included regions in his review that we would
have omitted normally. The possibility to see the detected objects (as shown in Fig. 5.4) also
yields a clearer impression of the size of the tumor cells, according to the pathologist. Fur-
ther, mitotic counting required many exploratory panning interactions in order to match the
protocol guidelines. This task was quite time-consuming and tedious, taking almost 40 per-
cent of the total time. Thereafter, the pathologist recounted the cells only in a few regions
and checked thematching with the automatically detected number of mitosis. A noteworthy
observation was that mitotic counting is usually performed as an independent task during
the diagnostic work. However, because of the automated counting behind the navigation
tracking, the pathologist could actually check the presence of mitosis in FOVs that he did
not take exclusively into account for themitotic activity task but for which the detected num-
ber of mitosis was shown. In fact, the pathologist counted the mitosis in a region that he did
not use in the first place while he was in the mitotic counting phase. The domain expert also
thought that automated mitosis counting could significantly reduce the diagnostic time.

Finally, the pathologist reviewed his work and added the remaining findings (T3) to the re-
port with the dedicated image-linking option. He did not have to spendmuch time regarding
inclusion of the measurements (T1), which was perceived as a positive aspect. The pathol-
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ogist was positive about our approach and the functionality of PathoVA, because it makes
the practice of reporting an interactive activity, and also because it can used as a collabora-
tive tool. His feedback also underlined that the diagnostic trace could be advantageous to
quickly review a case or to educate students in an interactive way. In addition to that, the
dashboard was perceived as a further tool for researchers to concretely look at the agreement
between automated algorithms and pathologists.

5.8. Conclusion and future work

In this chapter, we have introduced PathoVA, a CAD tool for pathology reviewing and re-
porting. The applications contains the required components for routine diagnostic tasks,
especially those for which the pathologists need to spend most of their time and effort. We
have informally assessed our approach with an expert pathologist and a digital pathology
specialist.

We have included a set of concepts in PathoVA that provides a framework for further exten-
sions. In fact, we can think of various potential users of such a digital pathology solution.
Having a dashboard with the diagnostic trace can also be beneficial for other user types than
pathologists performing a diagnosis, and address other use cases. The most applicable are:

Second opinion. In clinical practice it occurs that the pathologist addresses his findings for
a second opinion. In this case, a consultant pathologist examines the assigned complex case
and reviews the interesting regions only focusing on the questionable ones, for instance num-
ber of cells in mitosis or additional findings. PathoVA can enable the consultant pathologist
to review these findings without performing a new tissue slide exploration but only starting
from the areas selected by the first pathologist.

Tumor board. A second use case concerns the scenario of a tumor board which discusses
a pathology case based on pathologist’s findings and regions of interest of the tissue sample.
Digital pathology is facilitating the multidisciplinary meetings where a histo-pathological
examination is considered in deciding a treatment planning. Our tool can fit in these situ-
ations, enabling oncologists and pathologists to review a case in an interactive way and to
steer for the best treatment.

Education. This application can also target an educational setting, in which the workflow of
an expert pathologist can be revisited by students to focus on particular aspects of one tissue
slide; which areas the pathologists looked at, decisions, and other relevant information.

We described the use of PathoVA for breast cancer examination, but it is easy to see that our
approach can be extended to diagnosis of other solid tumors, namely prostate cancer, lung
cancer, liver cancer, melanoma, and pancreatic cancer. The assessment of masses of abnor-
mal tissue and tumor cells takes place in a similar way as for breast cancer, only based on
different features. The cells and their features need to be explored analogously to the NHS.
Concerning our approach, using different features to compute an assessment score could be
realized with modules for other diagnostic purposes. The general concepts do not change,
however. We have combined the tracking functionality notmerely for understanding pathol-
ogists’ behavior but also to provide them support, and help diminishing the cognitive effort.
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Moreover, we have merged image analysis results and the clinical task of report writing.
We have used this information as extra annotation, which the pathologists can consider to-
gether with the corresponding image regions. To the best of our knowledge, PathoVA is the
first tool to combine pathology slide reviewing with interactive reporting and image anal-
ysis. This combination should increase provenance of findings and of the decision making
process of the reviewer-pathologist.
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6.1. Introduction

W ith the increasing availability of digital images, high-throughput technologies and
large data collections of patients over the years, research opportunities are nearly infi-

nite. Typically, researchers are required to collect data from different resources, to explore it
and to use what matches the objectives of their studies. These few steps often require the re-
searchers to work onmultiple platforms, to perform several time-consuming tasks to achieve
the first insights. There is a need for platforms that integrate clinical data, images, and high-
throughput information. In this chapter, we present two applications for clinical research.
The first, PathONE, is a tool that integrates cohort specification, slide exploration, and se-
lection of whole-slide images. The second approach, SurviVIS, enriches standard survival
plots, also known as Kaplan-Meier (KM) curves, by juxtaposing interactive views for quick
data understanding and analysis of patient survivals.

Figure 6.1: An overview of the main workflow on SurviVIS. The user can start by defining one or more cohorts
as in PathONE. The Kaplan Meier analysis is performed automatically and it guides the exploration of clinical
data over successive time intervals. Interaction on the different views allows the user to redefine the cohorts
and explore the survival rates.

6.2. Related work

In this section we briefly review visualization approaches for exploration of histology images
and content-based image retrieval. Cohort selection tools have been proposed in the visual-
ization community to enhance and improve this process. For a more detailed overview, see
Chapter 2.

Several visualization solutions have beenproposed for exploration of histology images. GRA-
PHIE [58] is a recent visual analytics tool to explore, annotate and discover relationships in
histology image collections. It gives an example of slide browsing driven by computed fea-
tures. The relationships among the images are represented by a graph, where each node has
a color representing the type of tissue in the patch. Clusters become visible which improve
the annotation process and understanding of the whole collection. Unfortunately the tool
suffers from a lack-of-scalability and in a digital pathology environment in which hundreds
of tissue slides are scanned daily this is a limiting factor for the optimization of the workflow.
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Zegami [219] is commercial software for high throughput visual image exploration. This so-
lution focuses on image exploration and filtering by fields not related to clinical information.
Hundreds of image thumbnails are shown and the user can choose to layout them in a grid,
graph, table or a map. Different filters can be applied, but this solution does not take cohort
construction into account.

Moreover, some attempts regarding content-based image retrieval systems (CBIR) have been
made. These systems aim to combine low-level image processing technology with high-level
semantic analysis of medical image content [184, 221].

Visualization tools with the ability to combine cohort construction withWSI exploration are
still lacking. Specifically aimed at digital pathology, our tool aims to fill this gap.

In the last years, medical data has become even more complex as it comes from many dif-
ferent sources and in vast quantities [39, 60]. For instance, cancer research is an expanding
field where data comes from many medical imaging modalities, algorithms, molecular and
genomic tests. In this field, Bernard et al. [28] presented a visual-interactive system to
support clinicians to investigate prostate cancer patients. Patients’ longitudinal data is ex-
plored together with a large amount of features in the process of biomarker discovery. At
the same time, advanced algorithms are generating hundreds of features from medical im-
ages. The increasing evolution of such algorithms initiated the field of radiomics [112] and
computational pathology [122] that promise to unveil new biomarkers and to lead towards
better diagnosis and treatment. Nevertheless, getting insights from automatically extracted
features is a hard task, and visual analytics can be valuable as shown by several approaches
[104, 217] discussed in the Background chapter.

Surprisingly, survival curves are not available in these visual interactive dashboards, despite
their standard use in the clinical domain. In our work, we present an approach to exploit the
KM-curves for characterization of patients and feature exploration.

6.3. Data integration and Visual Exploration

One of the challenges in clinical research and, especially for computational pathology, is the
integration of EHRs, tissue slides and their information on a single application. In pathol-
ogy labs, most of the information is still transferred on paper because the current worksta-
tions [110], do not fill this gap. This generates delays and mistakes.

Particularly, image analysis researchers could take advantage of a single platform to facilitate
the the data collection and the validation of their methods. Also, such tools would increase
clinical decision support for pathologists and biomedical scientists [61, 113, 200]. In fact,
computed features can potentially tackle the problems that rise from time-consuming tasks
and inconsistency in diagnosis between pathologists in terms of qualitative and quantitative
results [179].

An example of a research request that might be typically posed to a technician/histologist in
a pathology lab can be formulated as follows:

”I would like to get all 𝐻&𝐸 slides from patients matching the following profile: female breast
cancer patients, age>40, post-menopausal, HER2-positive, M-0, Herceptin-treated.”
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In this request, an image analysis researcher clearly identifies the subjects, which make up
a cohort in clinical study design. A cohort is a group of people that share the same char-
acteristics. For these subjects, the corresponding tissue slides need to be retrieved. Next,
the researcher will select a subset of them according to their quality and will preprocess the
images, run the algorithm and analyze the results in a different location. Generally, this
workflow would take weeks, because each step is accomplished on a different system or in a
different location. Our approach shows how these tasks can be performed on a single screen.

PATHONE aims at the integration of PATHology data in ONE single application. Instead
of working on the clinical information system to search for patients and then, separately, on
slides manager software or Picture Archiving and Communicating Systems (PACS) for the
matching images, the user can perform the operations on the same interface, in combina-
tion with visualization of computed features. We employ standard visualization techniques
to support the researcher and to reproduce the workflow of selecting patients for a clinical
research study.

Aim: Enable a clinical researcher to construct a cohort of relevant cases and retrieve the
corresponding slides for image analysis on a single front-end application placed in a digital
pathology environment.

Contributions: In this project we looked specifically at the cohort formulation problem
linked to slide retrieval from the point of view of an image analysis researcher or domain
expert. With the intention to support the research workflow, PATHONE is a visualization
tool that enables the user to navigate from a dataset of one thousand breast cancer patients
to a single tumor cell detected by a computational algorithm in only a few steps.

6.3.1. Data and Tasks

In PATHONE,we use the breast cancer dataset fromTheCancerGenomeAtlas (TCGA)[85].
This project started in 2005 with the collection of data concerning genomic mutations re-
sponsible for cancer and all the information that could be interesting for research studies,
for example tissue slides.

Figure 6.2: An overview of PathONE. Clinical attributes can be used to construct the cohort. This is reflected
in the Cohort Construction view, where the number of patients and digital slides is visible. The last ones can
be filtered in the bottom view and singular slides can be seen in a dedicated viewer.
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We selected this dataset because of the quality and variety in attributes, and because image
analysis on digital slides of breast tissue is a well-studied topic [201]. Furthermore, most
of the samples that are inspected in pathology labs are from breast cancer patients [34].
The dataset consists of 1078 breast cancer patients of whom almost 2000 slides have been
collected. For each patient, 150 clinical attributes associated to categorical and numerical
values are reported. Multiple samples/biospecimen per patient are collected (primary tu-
mor/blood sample). More than 2200 biospecimen are recorded. Biospecimen are divided in
portions where tissue slides come from. This multiplicity leads to about 150 additional at-
tributes. Tissue slides are available from the portal to enhance research studies on pathology
data [85]. We downloaded 150 slides with sizes ranging from 200MB to 2.7 GB.The dataset
covers the type of information needed to make a diagnosis in a pathology lab or in a tumor
board. We can summarize this as:

Clinicopathological information. This group consists of all the information that charac-
terizes patients: demographic data, comorbidities, pathology data as tumor stage and clas-
sification, results from laboratory tests (cancer specific).

Tissue information. In histology practice, excisions and biopsies of tissue are sliced into
smaller portions. From a portion, a glass slide is created. Data generated in this workflow
are collected and associated with the sample itself.

Slide information. From a single multiple glass slides can be generated. These are digitized
and an identification code is assigned. In our dataset information about estimation of tissue
type on the slide is provided. All slides are 𝐻&𝐸 stained, where H stands for hematoxylin
and E for eosin, two chemical compounds. This is one of the principal staining methods in
histology, often the gold standard, which gives the characteristic pink color to the tissue and
a blue color to the cell nuclei as shown in Fig. 6.3.f.

Radiology Images. Pathology and radiology form the core of cancer diagnosis. Sorace et
al. [177] discuss about the relevance of integrating diagnostic reporting systems, in which
histology and radiology images are available for research and clinical purposes. We collected
the radiology information available inThe Cancer Imaging Archive (TCIA) [46]. Exam type
information are available for about 139 TCGA patients that either went for breast MRI or for
screening mammograms. We add this as further possible criteria of selection.

We interviewed three image analysis researchers with experience in pathology labs, to un-
derstand their way of working and their needs. We summarize the main tasks of an image
analysis researcher as follows:

T1 Search in the clinical information system a cohort that fits the research question

T2 Look for tissue slides into the PACS or the glass archive to findwhich tissue glass slides
correspond to the relevant cases

T3 Make a list of the appropriate tissue slides based on the appearance and the quality of
the images which can affect the image processing.

T4 Pre-process images and run the algorithms on digital slides. Examples are nuclei de-
tection, identification of tissue types and particular receptors through other kinds of
staining. For further details on breast cancer image analyses see [201].
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Thefirst three tasks suffer frommultiple time-consuming checks in order to be sure that each
slide actually matches the established criteria and mostly, these tasks are still performed on
different systems and locations.

6.3.2. Approach
Our approach consists of cohort selection, slides retrieval, individual image viewing and an
example of image analysis on a tissue slide of interest. The user interface layout comprises
three sections; each one offers different functionalities and is meant for a different purpose.
The screenshot shown in Fig. 6.3 presents the main components of the PATHONE. The se-
lection view (a) is dedicated to select clinical pathological features to the query (T1). This
component hosts four sections arranged vertically. The query view (b) and the slides gallery
view (c) show the current query and a thumbnails gallery of matching slides and aim to ad-
dress the needs of T2. The slide filtering view (d) is dedicated to tissue slide filtering T3.
These three panels are connected to each other. Every action performed on Panel (a) affects
our cohort selection and the gallery view. An example for T4 is presented in a pop-up win-
dow accessible from the slides gallery. In the following, we explain the three components of
the system in more detail.

Selection View

In the selection view the researchers can select a cohort of patients by filtering on values for
attributes, using the following components:

Favorite Features. The user starts with T1 from a preset of filters as shown in Fig. 6.3.a-1.
Each attribute can have multiple values of which the semantic meaning is clinically specific.
The user has a list of preset values to use at first to build the cohort. According to the type of
cancer, the researcher is likely to set specific criteria. In Fig. 6.3 the preset list of attributes for
breast cancer is: gender, tumor tissue site, pathologic stage, histological type and attributes
regarding the TNM staging system [118].

A list of hundreds of attributes and values is difficult to explore and in this context it becomes
important to understand the effect of our current selection. Therefore, for each attribute,
the possible values are presented in clickable rectangular boxes in which the inner fill color
points out the percentage of patients available at that particular state of the query construc-
tion. Each box stands as a filter for our selection, so a click affects our cohort and updates
the boxes availability in the view.

Features on demand. This panel (Fig. 6.3.a-2) gives access to different categories of attributes:
generic features, drug treatment, follow up details, recurrent cases, and cancer specific fea-
tures. Each category has its own attributes which can be used to further specify the research
question during T1. This panel has two views: one shows the attributes, the other lists the
possible values for the selected attribute. List-views are enriched with a bar that points to the
number of patients available at the current selection. Attributes can be added to the preset
filters with a right click.

Other Sources. Researchers might be interested to have complementary data for their cohort
of patients. This information (Fig. 6.3.a-3) is added as further criteria for selection. Some
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attributes are likely to be classified by the user as required information for their studies which
goal matches T1. Examples are: availability of radiology images, availability of previous
pathology reports, patients which have been administered with a specific drug or went for a
specific radiation therapy.

My Slides. A list of available slides is shown in a dedicated tab (Fig. 6.3.a-4) as desired in
T2. Information about the tissue type quantification is paired to the slide code. The user can
immediately look at the slide to define its eligibility for the study. (Not shown in Fig. 6.3).

Overview Component

The central area of our prototype gives access to three different views dedicated to the output
of the actions of the user.

My Query. Cohort specification (b) is shown in table format. Once selected, filter name and
value are added as rows where patients and slides tally are also indicated. We decided to use
a table to keep the query formulation neat and intuitive, while filters are applied. Filters can
be deleted at any level. This action triggers an automatic update of the query according to
the remaining filters and it also updates the boxes of the favorites attributes in the selection
panel on the left. When a different value for the same attribute is selected the query is updated
considering the larger set of results. T2 is accomplished with this component.

Slides Gallery. The slides are shown in a thumbnails grid. The user can navigate through the
gallery of retrievable slides as desired inT2. Every slide is identifiedwith the respective iden-
tifier code and the gallery can be scrolled up and down for visual inspection as a researcher
can be interested in particular shapes of the tissue slices and their colors. Moreover, users can
check specific details of the images from the view while they hover the thumbnail. A click on
one of these opens an single-slide pop-up view dedicated to the individual high-resolution
digital slide.

Single-slide pop-up view. A slide viewer is commonplace in a digital pathology platform. We
enable a full view that provides details about the slide and information about the content. On
this view (e) the user is able to get insight into slide tissue percentages and computed nuclei
detection fromwhich high density areas are visible. In T3wemention the target of selecting
and make a list of appropriate slides. From this view the user can evaluate the quality of
an image, inspecting for example the staining and the margins of the tissue by panning and
zooming on it. The user can run a computational algorithm as in T4 and the generated
segmentation can be explored through interaction with the viewer.

Slide Filtering Component

In T3 we mention the problem of finding the right and most relevant tissue slides for the
chosen study. In our dataset, each slide has information regarding the percentages of tissue
type. For instance, the researcher might be interested in selecting images with the scope of
applying nuclei detection. In this area the user can then filter the available slides with a high
percentage of tumor cells and a low one of lymphocyte infiltration. The scatterplot gives
visual support for this operation. If the user wants to focus the attention on the analytic
content of the slides (e.g., average percentage of tumor cells) referring to a specific attribute
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(e.g tumor stage) the bar chart gives an overview. Bars are clickable and act as filters on
our cohort. This component could be enriched with different tools which handle features
generated from image analysis (e.g., object-level features [107]), as shown in GRAPHIE.

6.3.3. Discussion
The informal feedback collected from our three domain experts can be summarized as: ‘It
can definitely speed up our research‘, ‘this would be really interesting for me‘, ‘it would have
been nice to have a similar tool in the last months‘. Hence, the presented tool will serve as
a baseline for future approaches in which we will address a complete user evaluation. We
implemented our prototype on a dataset gathering breast cancer cases from TCGA, but in
the same way we can explore a different cancer dataset available at the portal. At this stage,
the researchers expressed a positive reaction and pointed to a list of possible extensions.
For instance, visualizations for cohort comparisons and to track cohort construction would
increase the reproducibility of the workflow. Also, the integration of image analysis results
and feature visualization would be of extreme value for computational pathology. In the next
section, we illustrate an approach for cohort comparison and analysis.

6.4. Visual Analytics for Interactive Survival Analysis

The recent advances in biomedical informatics, software and algorithmic power have pro-
vided clinicians and researchers with large volumes of data that characterize individuals in
great detail. Typically, individuals become patients when a certain event of interest occurs.
For instance, the onset of a disease or a first screening at the hospital are common situations.
After that, the clinical course of the patient is accompanied by test results, image acqui-
sitions and follow-ups that provide insights on the disease and the treatment effects. The
collection of such clinical information has turned to be extremely valuable in observing the
prognosis of groups of patients (cohorts) that share similar characteristics. An intuitive way
to estimate the disease risk is represented by the Kaplan-Meier (KM) curve [162], a visual
representation of a survival function proposed by Kaplan and Meier [100] and widely used
in clinical and fundamental research. For instance, in cancer research the KM curve can
show what the probability of survival is at a certain time interval for a cancer type. But there
is a large variety of quality in these plots [30]. TheKM curve is easy to read and interpret; the
typical use of a KM curve is to estimate the mortality of cohorts with respect to prognostic
factors (e.g., tumor stage, overall survival, specific pathological conditions, etc.). However,
KM curves are only visualized and interpreted statistically despite their potential to describe
disease progression over time in much more detail. In the last years, many visual analytics
approaches have shown that interactive graphs of temporal data can help the user explore
cohorts and clinical information [28, 121, 213]. In a similar way, interactive KM curves can
provide more information on patient mortality and lead to insights. These aspects make
KM curves an appealing visualization that may benefit visual analytics tools in the medical
domain.

In this section, we propose a visual analytics approach for interactive survival analysis by
means of KM curves as the reference plotting system. We conveyed our concept in SurviVIS,
an approach for exploration and analysis of survival data.
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Figure 6.4: The typical workflow of a researcher on survival analysis. After defining one or more cohorts, the
KM analysis is conducted. Statistical methods are applied to extract insights from the curve data points.

6.4.1. Data and Problem definition
Thedata involved in typical survival analysis studies includes retrospective datasets that con-
sist of large records of patients. Patients are characterized by the following information:

• Serial time;

• Status at serial time (1: event of interest; 0: information not available, censored pa-
tients);

• Study group (e.g., Group A, B, etc.).

However, the definition of the group becomes complex in studies where many variables are
available and the combination of thesemay lead tomany relevant subgroups. A typical work-
flow for survival analysis involves the tasks depicted in Figure 6.4. The researcher begins the
study by defining one or more cohorts (Task 1). Usually, the first operation is to perform
a KM analysis (Task 2) on the entire population to obtain an overall survival plot. In over-
all survival curves, the event of interest is death from any cause [162]. The researcher can
look at different types of curve by selecting a different event of interest (e.g., disease onset,
relapse). For instance, Disease free survival curves are generated by considering the relapse
as the event of interest [162]. After generating the survival curves, researchers typically use
conventional statistical methods such as the Log-rank test and the hazard ratio calculation
between two curves [162] (Task 3). These two methods indicate whether or not there are
differences in the survival rate of two groups and which group has a more favorable survival
rate. Then, the researcher can decide to focus on one particular group and to redefine the
cohort (Task 4) according to specific clinical variables (e.g., tumor stage, lab tests)

We list a set of problems to address when using KM curves:

P1 No data integration. The focus is typically on generating the survival curve for the
identified cohort. However, variation and redefinition of the cohort by filtering vari-
ables is a manual task.

P2 Lack of interaction. Survival curves are used to generate evidence in clinical papers,
but standard libraries (e.g., [40]) do not provide interaction.

P3 Poor consistency. As Bollschweiler [30] states: ”mistakes and distortions frequently
arise in the display and interpretation of survival plots”.



6. Visual Analytics for Clinical Research

6

81

From these problems, we derived the requirements for a prototype that leverages survival
curves for interactive analysis of clinical data.

6.4.2. SurviVIS
To design our approach, we collected the statements presented in [30]. The central part
of SurviVIS is the KM plot (Fig. 6.7.4). The vertical lines divide the plot in time intervals.
Figure 6.7 shows four time intervals, which is also the default option in the application. Each
time interval can provide more insights into the distribution of the clinical variables in that
specific time range.

SurviVIS consists of four main components (see Fig. 6.7). We provide dataset information
(Fig. 6.7.1) regarding the population of the study such as the number of patients, death events
and censored cases. After data import and selection of variables, SurviVIS computes the KM
plot. The survival curve is central in our interface. Also, we indicate the median survival in
the dataset information.

Variable List. Variables are automatically classified as categorical or numerical and shown
in a list (Fig. 6.7.2) where a small chart shows the distribution of the data. We present them
sorted by their skewness. This type of statistics can lead the user to select the variables that
may discern the population better (Task 1). A selected variable can be plotted on one of the
three views of SurviVIS. A click on the first circle (Fig. 6.6) plots the data on the 1D-variable
view. A click on the KM rectangle will show the data overlaid on the KM curve. The last
circle respectively will combine the variable with another selected variable and it shows the
data in the bottom view.

Kaplan-Meier Plot. We preserve the main elements of standard survival curves to perform
Task 2. The cumulative probability of surviving a given time is shown on the y-axis. The x-
axis is divided in temporal intervals that are also used as guides for the other visualizations
of the tool (Fig. 6.8). Users can select a maximum of five serial times to generate the time
windows. More windows may lead to confusion and a cluttered view. A vertical bar in the
KMplot enables the user to split the curve into two halves. This helps the user to redefine the
cohort, resulting in an automatic update of the rest of the views that display corresponding
data just for the two halves. The distribution of a selected variable can be plotted in dedicated

SurviVIS

Upload

Variable
List

1D variable view

Kaplan-Meier Plot

2+ variable view

Figure 6.5: An overview of our SurviVIS. A csv file can be imported in SurviVIS by defining the main variables
needed to create the KM Plot. The curve is then automatically generated. By selecting the variables in the left
side bar, the 1D variable view and the 2+ variable view are shown. The three views are linked with dedicated
interaction.
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Figure 6.6: The variable list presents patient data discriminated as categorical and numerical. A small chart
displays the data distribution. Variables can be sorted by their skewness. A click on the circles or the KM label
enables the user to plot the data in the corresponding view of SurviVIS.

box-plots directly on the KMplot area. Each time interval includes a box-plot (see Fig. 6.7.4)
with the data distribution of the subcohort in that range.

1D-variable view. The 1D-variable view (Fig. 6.7.3) represents the data distribution of
numerical or categorical data divided by the corresponding time intervals of the KM curve.
Theuser can choose to visualize the data of the patients forwhich an event occurred (death or
recurrence) or not (alive). An example in cancer research would be to assess the distribution
of the tumor stage for the sub-cohorts of patients in time intervals of one year (Fig. 6.8). For
early death, high tumor stage categories should be predominant.

2+ variable view. This view (Fig. 6.7.5) is dedicated to the data exploration and allows the
user to exploremultiple variables with respect to the time intervals given by the survival plot.
As the previous plot, it provides insights for cohort redefinition (Task 4). By selecting two
numeric variables from the variable list the user is automatically provided with a succession
of scatterplots below the KM Plot. By selecting an additional categorical variable, the user is
given with an enriched version of the 2+ variable view.

6.4.3. Use case: Malignant Melanoma data
To demonstrate the usefulness of SurviVIS, we use a publicly available dataset from [19]
on 205 Malignant Melanoma patients. Each patient had their tumor removed by surgery.
Among the measurements taken were the thickness of the tumor and whether it was ulcer-
ated or not. This information indicates an increased chance of death from melanoma [31].
Patients were followed for 15 years.

The overall survival of the population is shown with an orange line in the central part of
SurviVIS (Fig. 6.7). By clicking on the cohort splitting option for the ulcer variable in the
variable list, two subgroups are generated: patients with ulcerated tumor and without (Task
1). The KM curve (Task 2) for the first group shows a more favourable survival rate than
for the second group (Hazard Ratio = 1.89) (Task 3). The user can investigate the thickness
of the tumor. The measurements are visualized as boxplots (Fig. 6.7) integrated in the KM
curve. Contrary to the hypothesis that high thickness values could be associated with lower
prognosis, the researcher can observe the data in the successive time intervals and notice that
thicker tumors seem to be present for long survivals. The user can then select two numerical
variables (age and tumor thickness) that are plotted on the scatterplots. By adding the infor-
mation on the ulcer status, the user observes that ulcerated tumors are actually characterized
by lower values in tumor thickness after four years. Hence, the user decides to look at the
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Figure 6.8: A scenario of pathology image based features: The 2+ view can be used to inspect the survival rate
with respect to quantitative image-based features (e.g., mitotic counts and tumor cells area) and the tumor
grading. Similarly, other untapped prognostic factors can be explored in an interactive way.

time range between 4 and 6 years. The provided interactions on the scatterplot allow the user
to zoom to the data points of the specific time interval of the overall survival curve. The user
selects a specific group of patients (Task 4) to restrict the variable range to the size of vertices
of the rectangle (Fig. 6.8). These last steps would have required several manual iterations in
standard survival analysis. This kind of exploration can trigger hypothesis generation and
new observations for further analysis and better patient stratification.

6.4.4. Generic use case

A generic use case for SurviVIS is represented by the field of precision imaging in medical
research [73]. Radiomics [112] and computational pathology [122] are two fields of research
that generate large quantities of image-based features and provide opportunities for research.
Many studies already demonstrated the relevance of computingmorphological and architec-
tural features for biomarker discovery [60]. The common approach is to explore and analyze
automatically extracted features with respect to patient mortality, disease progression, or
classification [73, 77, 201]. However, because of the large quantity of features , exploration
may be complex and may require many steps [105, 122, 186], which could be supported
with visual analytics. For instance, in pathology we can imagine to explore the information
derived from image analysis on the mean area of the tumor cells and the mitotic count (in-
dicator of tumor proliferation [201]) over successive time intervals (Fig. 6.8). Subgroups of
patients could be identified and investigated with respect to other clinical variables.
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6.5. Conclusion

In this chapter, we presented two approaches to support clinical research: (a) an approach for
the combination of cohort construction and image visualization tools in order to fill a gap in
applications of digital pathology, (b) an approach to make use of KM curves for interactive
survival analysis and clinical data exploration.

PathONE is a first approach to combine multiple data sources in one platform. Its generic
approach can be used for different areas of clinical research. Moreover, many aspects of the
cohort construction process are used in Chapter 7, in which we illustrate a dedicated appli-
cation for computational pathology. In addition to this approach, we showed how visual
analytics can enrich survival analysis, which is common in cancer research. SurviVIS com-
bines several charts arranged with the time interval of the KM plot. We designed a general
interactive approach to explore numerical and categorical variables in multiple ways. We
illustrated a use case where the user explores a malignant melanoma dataset to investigate
standard diagnostic and prognostic factors. We can envision an advanced computational
pathology application in which the capabilities for cohort construction and image manage-
ment of PathONE serve the survival analysis shown in SurviVIS. The combination of the
two approaches in a single application would allow researchers to work with multiple data
sources and to quickly gain clinical insights.
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7.1. Hypothesis-driven Exploration in Computational Pathology

R ecent advances in computational and algorithmic power are evolving the field of med-
ical imaging into a quantitative discipline. In cancer research, many new directions are

sought to characterize patients with additional imaging features derived from radiology and
pathology images. The emerging field of Computational Pathology — the high-throughput
extraction and analysis of morphological features from digital histopathology images — al-
lows researchers to quantify and characterize new imaging biomarkers for cancer diagno-
sis and prognosis. However, while the image feature space grows, exploration and analysis
become more difficult and ineffective. There is a need for dedicated interfaces for inter-
active data manipulation and visual analysis of computational pathology and clinical data.
For this purpose, we present IIComPath, a visual analytics approach that enables clinical
researchers to formulate hypotheses and create computational pathology pipelines from co-
hort construction, spatial queries on automatically extracted features and cohort analysis.
We demonstrate our approach through two use cases that investigate the prognostic power
of diagnostic and new potential biomarkers.

7.2. Introduction

The technological advances in medical informatics have expanded the range of data sources
to profile cancer patients. Currently, data is increasingly extracted from biological sam-
ples, medical images and genomics tests [60, 112], and new techniques have been developed
and tested to extract detailed features from medical images. Radiology images (e.g., CT
scans, MRI, ultrasounds) and now whole-slide images have been broadly used to employ
techniques such as deep learning to generate quantitative imaging data that aim to lead to
precision oncology and histology [187]. These advances have initiated two emerging ar-
eas of research. Radiomics [77] focuses on the quantification of information from tomo-
graphic images; computational pathology (ComPath) [122] involves the analysis of digital
histopathology images (Whole-Slide Images) in combination with statistical and data min-
ing techniques. Both radiomics and ComPathmay revolutionize diagnostic, prognostic, and
predictive accuracy [60, 77] by profiling patients in great detail.

However, the process of findings associations between quantitative features and clinical out-
comes may be extremely complex, because of the size and the heterogeneity of such data
[141]. Typically, researchers have to perform many steps with different tools before obtain-
ing relevant insights. The disrupted process may hamper the reproducibility of the studies
and the validation of the hypotheses that led to certain results. To optimize the exploratory
and analytical processes, there is a strong need for platforms to assist data scientists and clin-
ical researchers in quantitative imaging studies [77, 141]. In the last years, new visual ana-
lytics techniques supported the clinicians and the researchers in analyzing complex medical
data and radiomics datasets. However, no approaches have been proposed yet to explore
and analyze computational pathology data and to support the needs of this field. To fill this
gap, we present a visual analytics approach to address hypothesis driven exploration of the
ComPath feature space and analysis of quantitative imaging features for biomarker discovery.
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Specifically, our contributions are:

• An integrated visual analytics system to support the typical steps in ComPath in a
hypothesis driven way;

• A visual interactive approach to define 2D spatial queries of automatically detected
objects for advanced spatial analysis;

• A use case that illustrates how our approach can promote fast investigation of current
diagnostic biomarkers and examination of new predictive features for better patient
profiling.

In the next sections we derive the requirements to employ visual analytics in computational
pathology from a selection of recent studies in the field, and we characterize the data and the
typical workflow involved in ComPath studies. Then, we present IIComPath, a visual ana-
lytics application that supports cohort construction, hypothesis generation, data collection
and analysis.

7.3. Computational Pathology

Anatomical pathology concerns the examination of biopsies or surgical samples of patients.
The tissue diagnosis determines the severity of the disease and the optimal treatment(s).
Pathology moved towards image digitization with the advent of high-throughput digital
scanners (500/day [72]) in the last years. The digitized glass slides or Whole-Slide-Images
(WSIs) are used for clinical and research purposes. Despite the adoption of digital pathology,
diagnostic examination did not changemuch and itmay still be subjective and suffer from in-
tra and inter-observer variability [200, 201]. Digital pathology together with ComPath aims
to lead to more diagnostic accuracy, reproducibility, and to personalized treatment.

The fundamental data in ComPath studies is shown in Figure 7.1. Researchers collect clin-
ical data of patients (D1), and the corresponding WSIs (D2). Next, they apply advanced
methods such as deep learning algorithms on WSIs to detect clinical and prognostic fea-

Figure 7.1: An overview of the fundamental image data comprised in our approach, and generally in Com-
Path studies. Each patient is characterized by a range of clinical data (D1), such as clinical history, medical
images, genomics and lab tests. Whole-Slide Images (D2) are the pathology diagnostic material. By process-
ing WSI with object detection alorithms (D3), tissue boundaries and cell types can be identified for research
and diagnostic purposes.
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tures (D3). This type of analysis makes clinical WSI examination more quantitative. Several
studies demonstrated the potential of computational pathology as an emerging discipline in
computer-assisted quantitative analysis [94] and theragnosis[125]. As computational power
becomes more affordable and distributed, ComPathmay become as essential as more estab-
lished high-throughput disciplines (e.g., genomics, proteomics) [122]. Most research studies
(see Table 7.1) focus on investigating correlations between automatically detected features
and clinical endpoints which generally refer to occurrence of specific clinicopathological
conditions (e.g., onset of the disease or event of death).

Recent studies [106, 165, 209] found that automatically extracted image features may predict
subgroups of patients that could previously only be identified by means of gene expression
tests. Since such tests are expensive, tissue destructive and require specialized facilities, com-
putational pathologywould reduce lab expenses andworkload. Furthermore, computational
pathology involves the exploration of the spatial interactions between cancer and surround-
ing microenvironment [91]. Common cell-tissue interactions investigated in these studies
are the infiltration of tumor and immune cells in the tumor area or in proximity of regions
that may indicate a strong proliferating behavior. For instance, in breast histopathology,
mammary glands inspection may help to discern highly aggressive tumors from others as
well as to evaluate the presence of cancer cells in the stromal tissue (connective and struc-
tural tissue). Identifying these features is often hard also for expert pathologists [125]. High-
throughput spatial analysis can reveal patterns and interactions still unknown in the field of
histopathology and provide new information regarding tumor growth [135]. However, such
studies and analysis have to deal with the sheer size of ComPath data. Clinical data of hun-
dreds of patients is typically required. The analyses of the corresponding WSIs generates a
huge amount of data. A cell detection algorithm can result in more than 106 objects with re-
spective derived features as standard morphological information (e.g., area, perimeter) and
more complex information. Endless combinations of cohorts and image-metrics can be gen-
erated and investigated with respect to the outcome of the patients. Visual analytics tools can
facilitate the exploration of this quantity of data and support the reasoning and the analysis
towards precision histology.

7.4. Related work

Many visual analytics approaches addressing the exploration and the analysis of complex
(medical) datasets have been presented in the last decade. We identified three main areas
that are relevant to ComPath: a) visual approaches for cohort construction, b) visualization
for data provenance, and c) visual analytics for exploration of the image feature space. We
have discussed related work on cohort visualization in Chapter 2, in the following section we
focus on related work for the data provenance and image feature space analysis and the way
that aided the users in hypothesis generation, confirmation, data collection and analysis.

7.4.1. Data Provenance
With the explosion of image analysis techniques and data generation, future visualization
systems need to go towards more generic and more interactive approaches capable of sup-
porting the analytical reasoning of the researchers and ultimately, to support reproducible
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science. Many applications for biomedical research such as Galaxy [10], Kepler [182] and
Taverna [212] support data provenance tracking and they are currently available for scien-
tists. At the same time, data provenance tracking is often not enough to reproduce a specific
study or even a specific workflow. The steps involved in data processing and data handling
are often too many to be represented as a graph or list. Therefore some data provenance
visualization tools have been implemented to simplify data provenance collections and to
facilitate reproducible research. For instance, AVOCADO [181] aims at improving review
and communication of multi-step analyses in studies where a large number of files and in-
puts are processed. To demonstrate their tool, the authors applied their approach to a data
provenance collection derived from research made on Galaxy. Previously, Bavoil et al. [26]
developed VisTrails, a visualization approach that has been applied to different scenarios
[174] to support scientists for collecting findings and for education purposes. Before, Shrini-
vasan et al. [173] developed an information visualization framework to support the analyti-
cal reasoning of a researcher on the basis of three conceptual views. The approach has been
expanded further in sensemaking visual analytics literature [11, 151, 172] and showed that
visualization can strongly improve the research workflow.

7.4.2. Image Feature Space Exploration
Image analysis techniques generate a large number of features. Part of the detected and ex-
tracted information can be used for different purposes according to their clinical value. Inde-
pendent diagnostic features are detected and potentially used for clinical examination (e.g.,
area of detected tumor cells). Others can be investigated for prognostic purposes (e.g., num-
ber of mitotic cells in tumor areas). However, the value of most of the quantitative features
obtained from analysis is unknown. In this scenario, there is a need for dedicated interfaces
to explore image metrics and clinical data together. An example is given by Ding et al. [58]
who demonstrated how GRAPHIE can help researchers in efficient annotation and analysis
of pathology images and feature collections. A first visual analytics application to explore

Cohort Authors Image Metrics

Breast Cancer
M.Veta et al. [199] Mitotic Count
Raza Ali et al. [14] Nuclear Morphological

ER+ Breast Cancer
Whitney et al. [209] Nuclear and Architectural
Romo-Bucheli et al [166] Mitotic Counts
Romo-Bucheli et al. [165] Tubule Nuclei Ratio

Ovarian Cancer
Heindl et al. [90] Voronoi Tessellation
Lan et al. [113] Nuclear Morphological

Glioblastoma Multiforme
Kong et al. [106] Nuclear Morphological
Chang et al. [42] Nuclear Morphological

Table 7.1: Overview of literature examples in ComPathfor biomarker discovery.
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Figure 7.2: A standard computational pathology pipeline that includes cohort and WSI selection, hypothesis
generation and computationof 2D spatial objects, image summarization anddata analysis supportedby visual
descriptors. This may lead to refinement of the cohorts.

the radiomics feature space has been presented by Yun et al. [217]. The authors present
a tool, in which feature correlations can be explored in an interactive way with heatmaps,
parallel coordinate plots and a correlation matrix. However, the system does not seem to
provide a data provenance mechanism to track all the possible analytical steps. Moreover,
definition of multiple cohorts and survival analysis on sub-cohorts is not supported. The
presence of these tools can be decisive in the medical domain and particularly in computa-
tional pathology where discoverymay be obtained after redefinition of subgroups of patients
and reformulation of hypothesis and data workflow. Typically the feature space is reduced
with dimensionality reduction techniques such as PCA and t-SNE [196] and then explored
with visual analytics. The use of these techniques is demonstrated in the approach of Raidou
et al. [156], who showed how to facilitate the understanding of the predictive power of spe-
cific features in an interactive application.

To sum up, there are many different applications that may suffice the needs of ComPath. Co-
hort construction may facilitate current ComPath approaches, while data manipulation and
visual interactive analysis can be done on dedicated platforms. However, research would
be facilitated with integrated approaches to explore and generate hypotheses across the im-
age feature space, images, and clinical data. Our work provides an approach that gives the
researchers the tools to work in ComPath in a visual, interactive, and iterative way on 2D
spatial data and patient records.
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Figure 7.3: Focus on the information that typically characterizes automatically detected objects, such as cells
or tissue boundaries. Each object has a 2D spatial geometry, which can be used to analyze spatial relations
between two or more objects. Also, algorithms produce a range of nuclear morphology features (e.g., area,
perimeter, eccentricity). 2D spatial geometry can be used to generate additional features with graphmethods.
Finally, each object belongs to a class that links to a biological identification of the detected object.

7.5. Computational Pathology Data and Workflow

To define our approach, we reviewed a number of papers (Table 7.1) on ComPath research.
We captured the characteristics of the data and the steps that are generally performed to
obtain the final insights. First, we draw a list of the main types of data involved in computa-
tional pathology studies:

D1 Clinical data include patient records, clinicopathologic characteristics, treatment reg-
imen and follow-up. Moreover, the observations and annotations of one or more
pathologists can be available. Each record is characterized by a unique identifier and
a list of categorical, numerical or event-related attributes

D2 Whole Slide Images: the digital diagnostic slide is typically the image that the patholo-
gist examines tomake the final diagnosis. At least one diagnostic slide is obtained from
each patient sample. These images represent the input of advanced pattern recogni-
tion algorithms. To this end, they are selected by their tissue content and processed
by extracting only specific portions of the image [166] or the entire tissue area [14].

D3 Automatically detected objects are usually characterized by three types of information
(Fig. 7.4):

(a) 2D geometry (e.g., polylines, polygons) that delineates the boundaries of a tis-
sue region or a cell or its spatial location. Typically, this information is used to
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analyze the spatial relations between object locations and boundaries (e.g., cal-
culating the ratio of tumor cells in the breast glands [165]). As shown in the
literature, the spatial analysis can lead to new insights on the tissue microenvi-
ronment.

(b) Derived measurements from the object geometry (e.g., area of the object) that
are used for quantitative histomorphometry [209], to train classifiers [113] or
to develop scoring systems [106]. We distinguish in (1) nuclear morphological
features and (2) nuclear graph features. The latter are employed to study the
spatial distribution of cells in themicroenvironment [135] and to generate tissue
zones for exploring the nuclear morphological features in more detail [90].

(c) A class. Usually each object is labelled with a class (e.g., tumor cell) that comes
as output of a specific algorithm [199] or as a result of the derivedmeasurements
analysis and classification [113].

D4 WSI Image Metric summary: after the spatial analysis is performed on the selected
WSIs (D2), the researcher selects the most important information of each image. The
summarymay contain the presence/absence of a specific imagemetric output [90], the
average value of a nuclear or architectural metric [14, 106, 113, 209] or the number of

Figure 7.4: When the cohort and the corresponding WSIs are collected and processed with quantitative image
analysismethods, the researchers generatemetrics by using the objects properties (D3). An imagemetric sum-
mary can be created. The values of these metrics are used to investigate patient stratification and potential
prognostic variables.
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cells [166, 199].

D5 Statistics that come from the analysis of the ImageMetric summary (D4) from a prog-
nostic perspective (e.g., Kaplan-Meier Plot [101]). Generally, each cohort is divided
in different subgroups and the differences in the data distribution are explored.

From the list of ComPath studies in Table 7.1 we extrapolate a list of tasks that are typically
involved in biomarker discovery. We can sketch a general ComPath pipeline (Fig. 7.11) that
includes:

T1 The user defines a cohort and the clinical endpoint(s) to consider by working on the
clinical data (D1) and collects the corresponding WSIs (D2).

T2 Theuser formulates a hypothesis on basis of a pathological spatial relation (e.g., tumor
cells in stromal region) (D3.a) andmorphological/architectural features (D3.b). Data
collection is achieved with spatial analysis on 2D objects (D3.a).

T3 The user manipulates and summarizes the extracted image metrics (D3.b) for each
WSI in an Image Metric summary (D4).

T4 The user works with statistical and data mining techniques to discover the presence
of potential prognostic factors (D5). The cohort analysis of D4 and D5 on different
cohort subtypes leads to

(a) exploration of patient stratification and survival analysis;

(b) visualization of the results; and

(c) redefinition of the cohort and iteration.

Typically, these steps are performed on different platforms and scripts, which increases the
complexity and the impediments of hypothesis generation. We propose a standalone tool
on which dataD1-D5 as a whole can be manipulated interactively and iteratively. Therefore,
tasks T1-T4 guided the design and implementation of our visual analytics tool.

7.6. IICOMPATH

Our application — IIComPath (Interactive and Iterative Computational Pathology) — con-
sists of four main views. Each view addresses a corresponding task T1-T4 of the workflow.
Figure 7.5 shows the workflow model and the operations supported in each view. Other
views are provided to support the tasks (Fig. 7.6). On the left side (A), a set of horizontal bar-
charts provides an overview of the created cohorts, the current cohort, and its clinicopatho-
logic features. In the central part of our interface (B) theData Processing View comprises the
necessary tools for data (image and no-image) generation, manipulation and analysis. The
bottom part (C) is dedicated to a Provenance Graph that helps the researcher to monitor the
performed steps in the study. The bottom-right side (D) offers a data preview of the current
cohort.

The essential data instance of our application is the Cohort Instance that represents a cohort
of patients with the associated WSIs. A Cohort Instance can be the input of any of the tools
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provided in the spatial analysis, data handling and cohort analysis modules. A Cohort In-
stance can be selected from the cohorts list (Fig. 7.6.A) or from the provenance graph. The
provenance graph (Fig. 7.6.C) is provided to support with an effective reasoning process and
reproducible results. In this view, the researcher can interact with Cohort Instances and di-
rectly execute module operations. In the next sections we illustrate how the user can create
cohort instances and execute spatial and cohort analysis on new image metric data.

The identified workflow steps (T1-T4) guided us to the design of themain component of our
tool: the data processing view (Fig. 7.6.B) that consists of four modules: Cohort construction:
The researcher requires tools to define cohorts of patients (D1) and tissue slides (D2) to use
in the study (T1) together with a clear overview of the clinicopathologic characteristics of
the cohorts. A clinical endpoint or cohort subtypes (e.g., genomics expression test, tumor
stage, overall survival) are usually chosen in this stage, but they can also be reconsidered
later in the study.

Spatial analysis: Hypothesis generation (T2) on specific morphological and architectural
relations drive the spatial analysis on the chosen group of patients. Here, the user explores
data (D3) working on the 2D geometries (D3.a) and derived measurements (D3.b). Data
Handling: When data become available, a summary of the image metric output (e.g., mitotic
count in tumor areas) is generated (T3) by associating the information (D3.b) to each WSI.
In this stage, the researcher can explore the data andmanipulate the imagemetric data (D4).

Cohort Analysis: The user can analyze and refine the cohorts (T4) with the image metric
distributions and generate visual descriptors (e.g., box-plots, violin plots) and statistics (D5).
We dedicated a different panel to each module (Fig. 7.6). The panel tabs are organized
sequentially as in a typical ComPath pipeline (Fig. 7.11).

Figure 7.5: A schematic depiction of the workflow model of IIComPath and its four views connected using
interactive charts. Uppercase words indicate themost important operations in each view. Arrows indicate the
typical workflow but any other path is possible.
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Figure 7.6: The IIComPath interface in its four modules for cohort construction, 2D spatial analysis, data han-
dling, and cohort analysis. Each module maps tasks T1 - T4, respectively. They are shown in the data pro-
cessing view (A.1) and enable the researcher to interact with data instances. Cohort instances and operations
are visible in the provenance graph (A.3). The main operations allowed are shown at the bottom of the views.
Uppercase words indicate the most important operations in each view. Arrows indicate the typical workflow
but any other path is possible.

7.6.1. Cohort Construction

In Chapter 2, we discussed visual analytics approaches for cohort construction and specifica-
tion. To design the cohort construction functionalities, we looked at successful approaches
in the visualization domain such as CAVA [220] and COQUITO [98]. In these applications,
cohort filtering and output is displayed with Sankey diagrams, and interactive barcharts.
Therefore, we employ these methods that were demonstrated to be intuitive also for clinical
researchers. Suppose the researcher is interested in inspecting the prognostic value of au-
tomatically computed mitotic counts as in the work of Romo-Bucheli et al. [166]. Mitotic
count is an indicator of the aggressiveness of breast cancer [202] as an essential element in
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pathology diagnosis and an established prognostic factor in Infiltrating Breast Carcinoma.
Beside the histologic grading, breast cancer is also classified in different subtypes with gene
expression tests [3]. Five main categories have been identified (luminal A, luminal B, HER2-
enriched, basal and normal-like) characterized by different expected survivals. The intention
of the researcher is to investigate whether the mitotic count can be as prognostic as one of
these subtypes [92]. Therefore, the researcher can select the variable indicating the subtype
and choose it as the variable of interest.

Next, the researcher can start the investigation by defining two cohorts of interest. This
can be done by filtering patients with the left barcharts (Fig. 7.6.A) or the table view in the
Cohort Construction module tab (Fig. 7.6.A) that addresses task T1. For the purpose of
this scenario, the researcher selects Infiltrating Ductal Carcinoma patients (Group A) and
Infiltrating Lobular Carcinoma patients (Group B).

Clinical variables can be scrolled and added to the barchart group of the Cohort Overview
(Fig. 7.6.A). The construction of the cohort is visible and can be manipulated with a Sankey
diagram. We opted for this designed that already demonstrated its applicability in applica-
tions as COQUITO [98] and CAVA [220]. The size of the diagram indicates the number of
patients currently selected in the cohort. The researchers saves a new cohort as an instance
by clicking on the edge. A survival curve (Fig. 7.6.A), also known as Kaplan-Meier curve
[101], shows that Group B has a better prognosis of Group A (median survival 5.9 years vs
6.4 years).

7.6.2. Spatial Analysis
Next, the researcher moves to the Spatial Analysis (Fig. 7.6.B) module dedicated to the anal-
ysis of WSIs and spatial query formulation (T2-T3). This is the essential processing step in
our approach allowing the researcher to define 2D spatial queries to investigate: the presence
of specific spatial relations, the nuclear morphology, and the architecture (nuclear graphs) of
the tissue slides. The researcher builds a query to compute the mitotic counts over the WSI
of the cohorts. According to the protocol [3], the pathologist must focus only on the tumor
areas at a specific magnification in 10 adjacent regions. However, by using computerized
methods it is possible to screen an entire slide. We illustrate how the researcher can do so
by explaining the spatial analysis strategy (Fig. 7.7) on IIComPath.

Pipelines and queries.

Themain concept of the spatial analysis panel is the ComPath Pipeline (Fig. 7.7). A ComPath
Pipeline is a pipeline of ComPath queries, which the researcher can construct in a dedicate
view. A ComPath Query is made of three entities: spatial relation, measurement definition,
and an aggregation function. When created, each entity is associated to an identifier. Spa-
tial Relation involves the 2D geometry of the objects (D3.a) and their classes (D3.b). For
example, the researcher can select the relation ”Mitotic cells in Tumor areas”.

Measurement Type. Next, the researcher is required to specify the type of measurement
to extract from each object. The two options are nuclear morphology and nuclear graphs
(D3.b) (Fig. 7.4). The first defines one of the cell measurements from each cell feature (e.g.,
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Figure 7.7: Illustration of the data flow in IIComPath. The researcher can compose a query by defining a spatial
relation, ameasurement and the aggregation function (e.g., average value). The output of the query (i.e., count
of tumor cells in a tumor region) can be also be defined. The three elements of a ComPath query can be used
multiple times and combined to create new queries (e.g., q1 - q5). The identifier of each element identifies the
step of the ComPath pipeline history.

nuclear area, perimeter). By selecting the latter, the user generates a graph of the detected
cells specified in the spatial relation. Common graphs used in ComPath studies such as
Voronoi diagrams and Delaunay triangulations [209] are also provided in IIComPath. Each
group of cells in the defined tissue region (i.e., tumor area) is treated as a cluster of points.
A range of measurements is calculated from the obtained diagram. These results consist of
the mean values from measures like edge length, triangle area, number of neighbors in the
clusters.

Aggregation Function. The last element of the query is the aggregation function, which de-
fines how we summarize the computed values (nuclear morphology or nuclear graph mea-
surement) across theWSI.Theuser can select an aggregation function amongmean,median,
standard deviation, minimum and maximum.

The output of a ComPath query can be of four types as shown in Fig. 7.7: a boolean, a nu-
clear morphology measurement, a nuclear graph measurement (in which cells are the nodes
and their distances the edges), or a cell count. The user can easily specify the output in the
ComPath-Pipeline description in the spatial analysis panel (Fig. 7.6). The boolean output
indicates the presence or absence of a particular spatial relation; nuclear and graph mea-
surements can be specified according to the focus of the study. Last, the cell count can be
relevant to compare the cellularity of each WSI. The final output of the query is displayed in
an interactive table (Fig. 7.6.C).

WSI visualization. The WSIs are shown in a gallery (Fig. 7.6.B) as stacked barcharts. We
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decided to employ this encoding that shows intuitively the tissue composition of the WSI.
This was inspired by the way that pathology experts are used to categorize the tissue con-
tent of glass slides and overcomes the difficulty of conveying this information only with a
thumbnail view. Each sub-rectangle encodes the percentage of a tissue region (Fig 7.6.B).
Also, to facilitate readability, we chose to encode tumor and stroma tissue with dark purple
and pink as they commonly appear on standard slides. A click on a rectangle in the stacked
barchart opens a new panel on which the original WSI is displayed.

7.6.3. Data Handling
In the Data Handling view, the researcher can interact with the cohort data (T3) in several
ways to refine the ImageMetrics summary (D4). In this view, an interactive table shows a row
for each WSI and a column for each query (Fig. 7.6.C). The table cell shows the computed
value of which the width is proportional to the maximum value for that feature. The color
of the bar shows the value within the output range. The user can sort the WSI by column
values. For instance, the WSIs with the highest mean nuclear area can be listed at the top
of the table and outliers may be evident. Filtering is provided with a Parallel Coordinates
Plot (PCP) and it provides an increased overview of the data distribution. The left panel of
the Data Handling view shows detailed information of each measurement and a barchart
displays the value distribution. An action on this view results in a new Data Handling block
in the Provenance Graph.

7.6.4. Cohort Analysis
Cohort analysis is typically the final research step once all data (D1 - D4) have been col-
lected. In this stage, researchers apply techniques to get new insights from the data (T4). We
designed this module to provide a set of standard techniques to explore the generated data
and to support or discard hypotheses.

Cohort Analysis Views

We employ common plots used in ComPath studies to communicate the relevance of poten-
tial prognostic factors (T4.b). We provide the following views:

Survival Analysis. Data distribution plots are typically used to present the results (T4.a)
with respect to clinical or molecular categories [14, 165, 166, 209]. Then, we opted for in-
teractive box-plot to show the metric values for each selected variable (e.g., genomic test
subtypes). This plot is linked to a Kaplan-Meier curve (Fig. 7.8) that shows the patient sur-
vival for different groups. The researcher hovers the categories in the distribution plot to
see the corresponding survival curve of the selected patients. The overall survival curve is
always visible on the plot to facilitate the comparison. The log-rank and the hazard ratio
results, two indicators of the difference between two groups survival rates [162] tell the re-
searchers which groups have better prognosis. The researcher selects Luminal A patients
to refine and instantiate a new cohort (T4.c) that can be used as input for other operations
(e.g., a new ComPath pipeline). Multiple category selection is also possible. On the right
(Fig. 7.8), the Image Metric Significance table allows the user to identify significant differ-



7. Hypothesis-driven Exploration in Computational Pathology

7

101

Figure 7.8: The survival analysis module in IIComPath. The survival curves of different subgroups within the
selectedcohortare shown (A). Thedatadistributionsofdifferentattributes fora selectedendpoint (leftsidebar)
areplottedasboxplots (B).Thepresenceofpotential significantdifferences in thedatadistributionscanbeseen
in the significance table (C).

ences between metrics within a cohort. To show this information, we employ the ANOVA
test, which tells the researcher that the results are significant overall, but not where those
differences lie. Hence, by selecting a variable of interest (e.g., molecular subtype), a multi-
comparison Tukey Honestly Significant Difference (HSD) test [191] on all pairwise variable
attributes is computed (e.g., tumor stage I versus tumor stage II). The HSD provides which
specific group means are different after an ANOVA test has found significant results.

Clustering and Data comparison are provided in two other panels to address the needs of
tasks T4.a and T4.b. The first is dedicated to data clustering (Fig. 7.9), which provides the
researcher with dimensionality reduction methods such as Principal Component Analysis
(PCA)[6], and data clusteringmethods. In Figure 7.9, the researcher used PCA to reduce the
dimensionality of the generated WSI summarization (D4). The two PCA components are
shown in a scatterplot. Each dot represents aWSI.The researcher fits these principal compo-
nents to the k-means algorithm and by manually selecting the number of desired cluster, he
can iteratively generate visual representations of theWSI clusters of the k-means model. We
provide k-means and Hierarchical Clustering as initial clustering methods. Clusters can be
selected, and saved as new cohorts. Moreover, cohort statistics and data comparison can be
seen in the third panel on a pyramid view that shows the data distribution of each ComPath-
Pipeline metric in a box plot (Fig.7.10). The mean of each metric is shown in orange. The
whisker points of the box plot and the outliers are visible in gray and orange. At the sides of
the pyramid view, the gallery of the tissue slide icons is shown and can be manipulated by
a click on the metrics. We explain the use of these tabs in the next section with a use case
conducted with an expert researcher in ComPath.
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Figure 7.9: The clustering analysis module in IIComPath. The PCA components are plotted on the scatterplot
(A). The data points are clustered with a clustering technique and the data distributions (B) are shown with
respect to a selected category (C) with stacked barcharts. Results of the clustering method can be saved or
merged in new cohort instances.

7.6.5. Provenance graph
The Provenance graph is available to the user at the bottom of IIComPath (Fig. 7.6.C). The
nodes of the graph are of two types: the gray circles represent the cohort instances and the
rectangles show the four workflow elements discussed before. The width of the links be-
tween the nodes encodes the size of the cohort. The general workflow (Fig 7.5) is shown in
Figure 7.11. Several interactions are enabled on the graph. The user can select a cohort by
clicking on a cohort instance. A right click on one of the rectangles enables the user to apply
a workflow step to the current cohort. Nodes can be removed or moved in the graph area.

7.7. Use Case: Exploration of WSI feature space

To illustrate our application, we present a use case that we elaborated with a pathologist and
a group of ComPath researchers. We focused on the potential of ComPath (a) to extend
the prognostic power of current diagnostic biomarkers and (b) to explore new hypotheses
for future biomarker integration in routine pathology. The use case describes how to create
complex ComPath Pipelines to characterize and analyze WSIs iteratively from a morpholog-
ical and architectural perspective.

7.7.1. Breast Cancer Data Acquisition
We collected data from breast cancer histopathology. The dataset used in this work was
downloaded from the National Cancer Institute-GDCData Portal [83]. Our dataset consists
of 1077 breast cancer patients [136]. Each patient has roughly 80 clinical variables associ-
ated to her clinical history. Molecular data for these patients were retrieved from the work of
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Figure 7.11: The provenance graph. The top graph shows the general workflow (A) made of the four essential
operations. The complex workflow (B) shows that the user applied two ComPath Pipelines to two cohorts, and
after he performed different data handling and analysis operations.

Heng et al. [92]. This second dataset contains complementary information regarding mor-
phological features assessed by pathologists and molecular analysis conducted on patients
with Infiltrating Ductal Carcinoma (IDC), the most common type of breast cancer [175].
This covers the first source of dataD1. Next, we generated the image analysis features.

Image analysis data generation. For our purpose, we collected 91 WSIs from the Cancer
Digital Slide Archive [85]. We detected tissue and cells objects (D3) for which we extracted
the 2D spatial geometry (D3.a). The detected cells were classified in four main cell types
and we also collected the spatial location of cells undergoing mitosis. For the cell detection,
we used QuPath [24]. QuPath integrates tissue and cell analysis methods. We obtained the
tissue boundaries by applying the tissue detector on QuPath on eachWSI.Then, we collabo-
rated with a pathologist to annotate WSIs and distinguish tissue areas across the 91 images.
We annotated the most relevant and characteristic areas of four classes (if present): Tumor,
Stroma, Gland, Fat. The cell detection was performed by applying QuPath’s cell detection
algorithm [24] based on ImageJ cell and nuclei detection methods [170]. Despite not being
a state of the art technique, the algorithm provides data of sufficient quality for our purpose.

We generated cell polygons without cell expansion splitting the features by shape. Together
with the pathologist, we annotated the detected cells in four classes: Tumor, Stroma, Immune
cells and Fibroblasts. We trained a classifier on QuPath to distinguish the four classes across
theWSIs (D3.c). On the software, we then built a Random Forest Classifier [36] that showed
to generate valid discrimination and robustness across images. Each detected cell is char-
acterized by a list of 33 measurements of intensity and morphology, including nucleus area,
circularity, staining intensity for hematoxylin and eosin [24]. Mitotic counts were obtained
by using the technique described in Veta et al. [202]. The mitosis detection is accompanied
by the relative F-Score associated to each detected data point. This measure indicates the
classification accuracy of the algorithm. The data illustrated in Figure 7.1 are incorporated
and accessible in our tool. These measurements work as data source D3.b. We populated
a MongoDB database with these features and we exploited the Geospatial Query Operators
provided by the platform.
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7.7.2. Use Case
The researcher considers a set of hypotheses (Fig. 7.12.1) generated from recent studies
[91, 209, 218]. These indicate that quantitative nuclear histomorphometry and nuclear spa-
tial analysis on multiple features can be strongly associated to patient survival. In this use
case, the researcher starts by defining a cohort (T1) of Infiltrating Ductal Carcinoma (IDC)
patients (48 cases). Next, the researcher moves to the spatial analysis (T2).

Figure 7.12: At the top, we show the conceptual pipeline of the spatial analysis conducted along with the
hypothesis generated by the researcher and the respective information gain at each step. At the bottom (2),
the workflow described in the microenvironment exploration.

Microenvironment interaction. Figure 7.12.2 presents the initial steps of the use case. First,
the researcher wants to identify the breast cancer cases that present infiltration of tumor
cells in the adipose tissue, a potential prognostic factor still to be confirmed on breast cancer
[55]. By defining a first spatial query, the researcher easily splits the initial cohort (IDC) in
Group A (Presence) and Group B (Absence) (T3) with the PCP (Fig. 7.12 (DH1). Next, the
researcher collects the information to compute the tumor stroma ratio (TSR) in the infil-
trating tumor regions [198]. TSR is a potential prognostic factor for survival [57]. To this
end, the researcher formulates other two queries to obtain the number of cancer and stro-
mal cells in the WSI tumor regions. Then, the researcher produces a new query in which
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the percentage of the stromal cells on the total number of cells in the tumor regions is calcu-
lated. The researcher underlined the importance of this function that is a typical assessment
that pathologists would use to characterize the cellular composition of the tumor. Next, the
researcher splits again the group (Fig. 7.12 (DH2 ) and creates the subgroups TSR-High (best
prognosis), TSR-Low (worse prognosis).

In the cohort analysis panel, the researcher observes thatGroup A (highly infiltrating tumor)
has a lower mean value for the TSR of Luminal B patients than Luminal A. Contrary, Group
B (absence of tumor cells in adipose tissue) shows the opposite pattern (T3).

To characterize the infiltrating behavior of the tumors in more detail, the researcher checks
whether the subgroups present tumor cells at the tissue boundaries (Fig. 7.12.1.c). If tumor
cells are present at a distance from the margin (our tissue boundary) smaller than 1-2 mm,
it becomes difficult to estimate the aggressiveness of the tumor [138]. In our subgroups,
all WSIs in Group A present tumor cells at the margin and around 75% in Group B. The
researcher decides to proceed with Group A. Particularly, the researcher found this option
very interesting to broaden the specificity of the spatial query and generate a hypothesis on
the spatial arrangement of cells in the microenvironment. As the researcher mentioned,
this operation would require a more elaborated and less informative workflow on standard
applications.

Nuclear Morphology. To understand more about tumor aggressiveness, the researcher
specifies a list of queries to identify marked pleomorphism (variability in the size, shape and
staining of cells) as explained before. The researcher considers six nuclear measurements:
area, perimeter, maximum and minimum caliper, eccentricity, and circularity. In this stage
(Fig. 7.12.1.d), the researcher found the 2D spatial query system very convenient to gener-
ate multiple measurements for the same spatial query (tumor cells in tumor areas), which
otherwise would typically require a reformulation of the query in some scripting language.
The statistical analysis (T4) shows a significant difference (p< .05) between the nuclear area,
the perimeter and the Max caliper of Luminal A (better prognosis) group versus the Basal
subtype (worse prognosis) in Group A. The values are lower for the Basal type, which can
indicate an interesting pattern for this complex subtype [29].

Nuclear Graphs. Next, the researcher focuses on the tumor cell interactions with the mi-
croenvironment (Fig. 7.12.1.e). The study of Heindl et al. [90] showed there is an association
between significantly different areas (Voronoi polygons) and patient mortality. In the spatial
analysis, the researcher generates the Voronoi Diagram for the detected tumor cells in the
tumor regions. Themetrics produced are the following: edge length, area and the respective
standard deviation in the Voronoi polygons.

The new cohort instance has eleven attributes (TSR + three nuclear measurements + four
architectural features). To reduce data dimensionality, the user tries to leverage on data
mining techniques to observe differences in the WSIs. The researcher applies PCA in the
Cohort Analysis view and then k-means with the intention to identify subgroups of WSIs.
Thus, the researcher decides to generate four clusters as the number of intrinsic subtypes for
this cohort (T4) (Fig. 7.12.T4). The larger cluster is selected by the user. Six out of eight cases
are Luminal A patients. Also, the researcher notices that the average values for the nuclear
features are lower and the nuclear graphs features are higher than the other types. This in-
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Figure 7.13: A few results from our second use case. In the top box-plots, the data distributions of TSR for the
Group A (fat infiltrating cancer cells) andGroupB (no fat infiltating cancer cells ) are projected on themolecular
subtypes. At the bottom, we show the distribution for the mean nuclear area of the tumor cells for the same
twogroups. The survival curves versus overall survival of Basal( HazardRatio (HR): 0.995), Luminal A (HR:0.849)
and Luminal B (HR: 1.202) are shown at the bottom. The overall survival is shown in the three Kaplan-Meier
plots on the left.

dicates that the combination of quantitative morphological and architectural features could
lead to characterization of molecular subtypes on a 2D spatial level, thereby supplementing
or replacing expensive and tissue destructive techniques.

7.8. Implementation

Our tool is implemented as a client-server framework (Fig 7.14). The visual interface has
been implemented in D3.js [32] while the server relies on Python with scikit-learn library
[144]. We use the OpenSlide library [81] to provide a standard digital pathology viewer.
ComPath features are stored on a Mongo Database [44] and geospatial queries are managed
with the MongoDB framework and with the Python Package Shapely [78].

7.9. Conclusion

The current exploratory and analytical approach of ComPath studies is hampered by time
consuming tasks often performed on many platforms. We have proposed a visual analyt-
ics approach that enables the researcher to explore and analyze the ComPath feature space
and the clinical data in an interactive and iterative way. We illustrated the potential of our
approach for hypothesis-driven ComPath data exploration and quantitative biomarker dis-



7

108 7.9. Conclusion

Figure 7.14: Depiction of the client-server platform of IIComPath . The management and the storage of the
image analysis features is handled by aMongoDB database. Python is the server with the computational func-
tionalities which the user can access with the client interface.

covery by conveying tasks and data requirements in IIComPath. Our visual analytics system
is built on a general approach that can be used for ComPath data and image-based feature
analysis. We illustrated the tooling on a breast cancer dataset. The two use cases demon-
strated that our interface can support and perform typical workflow steps faster. Moreover,
it was easy to reproduce the workflow of the tumor proliferation use case and most of the
steps can be achieved with just a few interactions. Many other scenarios can be conceived.
We took this into account as IIComPath was designed to be a flexible exploratory tool for
visual analytics in the field of ComPath. A limitation of the current system is that real time
queries on a large number of slides with millions of cells are still slow and may take sev-
eral minutes. We will address this aspect by investigating the performances of relational
databases (e.g., PostgreSQL [161]). In future work, we plan to focus on the reproducibility
of the workflow and to leverage the complexity of the spatial querying system by combining
results for single features in two or more tissue areas and vice versa (e.g., tumor cells in tu-
mor and stromal area). Finally, the integration of common image analysis techniques and
a mechanism to annotate and visually produce queries by directly interacting with the WSI
could open up to new interesting scenarios in computational pathology.
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8.1. Contributions

The approaches presented in this dissertation cover a wide range of applications in the evolv-
ing field of Digital and Computational Pathology. As tissue slides are digitized in large quan-
tity and processed by algorithms to generate image-derived features, the integration of this
type of data in clinical and research applications is required to gain diagnostic benefits and
find new prognostic information. Therefore, the main goal of this dissertation was to pro-
duce approaches to support pathologists and researchers by incorporating image-derived
features in their standard workflow.

The research question that we addressed was:

How to support pathologists and researchers with visual analytics of image-derived data in
their respective digital and computational pathology workflows?

To answer this question, we presented several approaches for different aspects of the field of
diagnostic pathology and clinical research. In this way, we managed to expand the field of
visual analytics to support a new and evolving clinical domain. From the design and imple-
mentation process of each application we gained several insights that can further promote
the applicability of visual analytics in the field. We briefly summarize our contributions and
the conclusions of the previous chapters to elucidate how we tackled and addressed the re-
search question. Next, we discuss the aspects that were essential along this work and the
future research directions.

Characterizing the digital pathology practice. In Chapter 3 we presented a survey con-
ducted with 20 pathologists. By observing the responses, we characterized the work of
pathologists from a visual analytics perspective. From a list of findings, we describe themost
common diagnostic tasks and the corresponding level of difficulty. We learned that pathol-
ogists still heavily rely on their own experience and knowledge. At the same time, they seem
prone to embrace automation for diagnosis and reporting. We defined a list of challenges
and use cases for visual analytics approaches. Part of these are concretely addressed by the
applications in the following chapters.

CADx for histopathology diagnostics. Visual analytics combines data, algorithmic power
and human reasoning to obtain knowledge. This seemed the perfect combination to design
and develop the first CADx system for pathologists. In Chapter 4, we saw that by observ-
ing and tracking the workflow of the pathologists, we could address most of the elements
of the breast cancer diagnostic process. The main contribution is the first integration of
image analysis features into a protocol-based diagnostic workflow. The final solution is a
digital pathology viewer enriched with dedicated interactions, visualizations and a novel
spatial analysis visual manipulation tool named CAD-tiles. In the presented use case, the
CAD-tiles enable the pathologist to explore cell morphology and detected mitosis at specific
magnifications. The applicability of CAD-tiles, however, can be extended to other histologic
cases. From a visual analytics perspective, the approach can also be employed in the field of
geospatial visualization.

Histopathology Diagnosis and Reporting. One of the findings (Finding #9) of the sur-
vey in Chapter 3 evidences the lack of intelligence in the reporting stage. To fill this gap,
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in Chapter 5, we integrated image analysis and tracking capabilities in PathoVA to help the
pathologists in this task. The extracted quantitative image information is shown as annota-
tions to supplement the reasoning process of the physician. Nonetheless, PathoVA can have
further applications. It can be used for second opinion once the primary pathologist made a
first examination. Also, we can envision the adoption of the dashboard to discuss cases in a
tumor board, which is typically composed of many experts (i.e., oncologists, surgeons), who
discuss the case based on pathology findings and the identified regions of interest.

Clinical Research. In Chapter 6 visualization was employed to achieve data integration
in clinical research. Clinical data, images and analysis techniques are combined in two ap-
proaches for clinical research. The first, PathONE, is an approach for cohort construction
and image visualization. This application can be seen as a conceptual framework for IMS in
pathology. The second approach makes survival analysis, a typical step in clinical research,
interactive. Cohorts and patient variables can be explored in juxtaposed views by using the
time component of the survival plot. This approach can be used to inspect the prognostic
value of image-derived features.

Reproducible research. Finally, Chapter 7 showed how to leverage visual analytics tomake
computational pathology reproducible and highly interactive. We show that by connecting
data, images, spatial and cohort analysis researchers can work easily in a hypothesis driven
way. The presented application — IIComPath — and the use case suggest that interactive
and iterative 2D spatial analysis ofWSIs can lead to fast and various observations that would
otherwise require more laborious workflows. The approach can be extended and represents
a promising basis for new visual analytics approaches in computational pathology.

Thework presented in these chapters is an encouraging start for visual analytics in pathology
and, generally, to optimize and improve the workflows in the medical imaging domain. To
provide the last insights to follow this path, we discuss how the presented methods have
contributed to answer our research question and how the approaches are interconnected
in the next section. Finally, we share the lessons learned and the most promising research
directions that we identified during this work.

8.2. Discussion

When we started working on visual analytics for digital and computational pathology, we
only had basic understanding of the diagnostic workflow of the pathologists and, thereby,
the corresponding gaps. By focusing on digital and computational pathology, the objective
of this dissertation was twofold and of a different nature. Therefore, we discuss below the
way we addressed the research question in the two main areas.

DiagnosticWorkflow: How to help pathologists with image-derived features in their diagnos-
tic workflow?

Reading papers, books and protocols was the initial step to design visual analytics for pathol-
ogists. However, the most important input was obtained from discussions with a patholo-
gist. We had access to data, images and image features of breast cancer histopathology, and
therefore we steered the conversations to that area. We tracked a pathologist during the ex-
amination of a breast cancer case and we observed the type of interactions performed. Next,
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Figure 8.1: An overview of the applications generated in this work and their role in the area of digital and
computational pathology.

we discussed the reasoning behind. These sessions were invaluable to get to the right infor-
mation. After several mock-ups and iterations, we collected the requirements, pitfalls, and
needs. Next, the applications in Chapter 4 and 5 turned to be easy to conceive and answer
the question in many aspects. The integration of image-derived features turned out to be
successful with two visual analytics approaches that did not alter the workflow of the pathol-
ogist, but that provided specific interactions matching the needs (e.g., automatic zoom to
40X for mitotic counting). Also, additional views and multiple plots linked to the viewer
were appreciated and quickly embraced by the pathologists that we interviewed and with
the ones we collaborated.
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At the same time, while the applications were designed and developed, the understand-
ing of the pathologist in the potential of visual analytics was becoming more evident and
thereby his involvement in the process. Especially, with the increase in the participation of
the pathologist in the work of applying visual analytics to the field, it was possible to focus on
the main aspects to consider when it comes to the application of visual analytics to pathol-
ogy (Chapter 4). More sessions, a more strategical approach, and discussion with multiple
pathologists would expand this characterization, and a clear definition of the visual analytics
needs.

Research Workflow: How to help researchers access and manipulate patient records, images,
and image-derived features with visual analytics applications?

In contrast, research applications mostly followed the needs of the researchers. Discussions
regarding their workflow, and immediately suggested that data integration was essential to
gain some form of insights. That is the case for the approaches illustrated in Chapter 6 and 7.
Intuitive design, interaction and multiple views are the main ingredients of the applications
designed for clinical research and computational pathology. To give an idea of how these
approaches may be interconnected in pathology, we provide the following scenario:

T he presented approaches address specific needs in pathology. We can envision a highly
connected clinical and research pathology facility to work on similar applications as

shown in Figure 8.1. As data are generated, they become available and accessible on an in-
tegrated platform as PathONE, presented in Chapter 6. According to the purpose, cohorts
can be created for research and supply computational pathology studies. Alternatively, the
system can provide direct access to past or new cases. The use-cases of our application were
related to image analysis research. However, we can imagine a tool in which all the clinical
cases of a pathology lab are accessible along with automatically extracted information. New
cases may be automatically processed and sent to aCAD-tiles viewer like presented in Chap-
ter 4. According to the histologic case, the pathologist selects or is automatically provided
with the appropriate CAD-tiles support on the example of the breast cancer support of our
approach. As the pathologists conclude the examination of a case, findings and regions of
interest may be reviewed together with other experts on an interactive dashboard such as
PathoVA, described in Chapter 5. At the same time, research can be promoted by dedicated
visual analytics tools, similar to IIComPath and SurviVIS. In such applications, we tried to
convey the most relevant aspects of computational pathology and clinical research. With
visual analytics, cohorts can be analyzed and refined by applying spatial analysis and ma-
nipulating data in a hypothesis and data-driven way. Such studies should be reproducible
and therefore the applications need to include support for provenance of findings as shown
in Chapter 7. Furthermore, once new insights are obtained, more advanced visual analytics
applications including statistical and data mining methods can be employed to achieve bet-
ter patient profiling. This could be done with interactive approaches like SurviVIS, which
address specific research methodologies to generate diagnosis and prognosis inferences. Fi-
nally, as new biomarkers are identified and established, they will be integrated in the diag-
nostic workflow and therefore supported by approaches similar to Chapter 4 and 5.
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As already discussed in each chapter, the applications can be extended in an attempt to op-
timize and support the field of digital and computational pathology. In addition to that, we
briefly discuss future directions of research that would supplement the field beyond the areas
covered in this dissertation.

8.3. Directions for Future Research

As we discussed, digital and computational pathology are continuously expanding. Al-
thoughwe have presented several approaches to expand the field of visual analytics to pathol-
ogy, there is still much to be done and a wide range of future directions that would benefit
both disciplines. Based on the insights collected during this research, we discuss the role of
WSIs and image analysis to equip clinicians and researchers with methods for spatial analy-
sis. Also, we give our perspective on how visual analytics can further support and exploit the
role of the pathologist in the diagnostic process to collect the necessary evidence for more
accurate and quantitative diagnosis. Finally, we conclude on the potential development of
advanced data-driven platforms for better data orchestration.

Spatial Analysis

Patient profiling and disease mapping have reached increasing levels of accuracy and refine-
ment with the introduction of innovative methods in molecular testing and genomics. The
advances and development of genomic tests obtained by sequencing the genome of patients
turned out to be a boost ofmassive data availability as well as disruptive for the field [87]. The
advent of computational pathology mimicked this transition in terms of high-throughput
processing and data generation leading to the integration of the hematoxylin and eosin im-
age with other imagemodalities [186]. With the batch processing ofWSI, detection of tissue,
and analysis of cells anomalies, computational pathology will open to a deeper understand-
ing of the tumor microenvironment and its spatial dimension.

An interesting opportunity in research is to employ visual analytics to inspect the interac-
tions between cell types and the tissue microenvironment. In this context, Chapter 7 of this
work represents only the first step for applications in which clinical researchers can gen-
erate hypotheses and study the spatial dimension of tumors. As Nawaz et al. [135] sug-
gest, the ecological phenomena occuring in the tumor microenvironment can be digitized
and analyzed by spatial statistics tools routinely employed in ecological studies. Such tech-
niques could be envisioned to take a role in visual analytics applications that would enable
the exploration of the tumormicroenvironment at the cell-cell or cell-tissue interaction level
across a high number ofWSIs. Interactive data driven approaches that enable the researchers
to directly analyze 2D spatial objects would increase the depth of the exploration process
and would expand the directions of current computational pathology efforts. To this end,
geospatial visualization approaches and new ones may support researchers by addressing
specific needs and tasks. As in the study of Heindl et al. [90], in which the authors use
Voronoi diagrams to divide the tissue in smaller regions of interest, in a visualization tool a
researcher could decide to use her domain knowledge or an algorithm to further partition
tissue content and interactively explore and analyze the spatial relationships in such parti-
tions across a cohort of interest. The major obstacles in such approaches will be the need of
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high quality data and efficient applications to support fast generation of results to support
the reasoning process of the user.

The Pathologist as a Visual Analytics User

In this dissertation we have proposed visual analytics approaches for clinical experts in digi-
tal pathology. The main user was the pathologist, in the role of diagnostician of WSIs. From
the diagnostic applications that we presented included only a few interactive visualizations
that did not change the main requirement to make a diagnosis: a tissue slide viewer. As
perceived by the responses of the pathologists in Chapter 3 and the first indications from
Chapter 4 and 5, digital pathologists are likely to embrace data visualization and new inter-
actions to explore image-derived features. As the field evolves and image-derived features are
approved, the role of the pathologist will rely onmore automation for tasks as mitotic count-
ing that, as seen in Chapter 4, are time-consuming and repetitive. In this way, pathologists
could make full use of their domain knowledge to make more accurate diagnoses and col-
lect the necessary information from AI-based/image analysis methods and CAD interfaces.
As demonstrated with the presented approaches, visual analytics can facilitate the process
of empowering pathologists with data orchestration and analysis, to support the reason-
ing process and exploit their cognitive abilities. The combination of this sort of approaches
would place the pathologist in the center and would make data science accessible to pathol-
ogists that are already used to a visual experience rather than an algorithmic one. We believe
that visual analytics tools can help to increase the involvement of pathologists in biomarker
discovery and, by means of their domain knowledge, support the evolution of integrated
diagnostics [124].

Advanced data-driven platforms

Many chapters of this thesis mention the term “data integration”. This is probably one of the
most beneficial aspects of the transition of medical disciplines to digital environments. The
advent of digital pathology is shifting the entire diagnostic process to digital workstations
with the opportunity to make data available from many sources. In this work we provide a
few examples of applications in which patient records, images, and image-derived feature are
assembled. However, more intelligence can be added to these tools. As discussed in Chap-
ter 3, the Image Management System might turn into an advanced content-based retrieval
system. Suppose that a pathologist is examining a complex cancer case and that image-
derived features are automatically extracted from the WSI of that case. An advanced IMS
based on the framework of PathONE would allow to show the pathologist the most similar
cases with respect to the automatically extracted information. An overview of past diagnoses
and suggestions might support the pathologist to examine specific diagnostic components.
This would lead to quantitative profiling and personalized treatment. In general, similar
elements are expected for clinical research applications to facilitate the identification of hid-
den relationships among multiple data sources, such as radiology images (CT scans, MRI,
ultrasound), and genomics data.
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8.4. Generalization

Even if we targeted a specific clinical domain and medical data type (Whole-Slide Images)
we can outline some generalizations. Chapter 4 and 5 present two approaches that are ded-
icated to the diagnostic workflow of the pathologist. In the first, we designed a visual an-
alytics tool that can be generalized to other diagnostic examination in pathology. In this
work, the pathologist is enabled to collect information of high magnification features (i.e.,
tumor cells) within detected ormanually selected tissue areas. A similar approach can also be
used for prostate or lung cancer diagnostics. Therefore, more approaches could be conceived
by carefully considering the requirements of other histological examinations or clinical do-
mains in which the spatial dimension is an essential factor (i.e., minimally invasive cancer
treatment in radiology [204]). The approach presented in Chapter 5 with PathoVA aimed
to extend the field of data provenance to histopathology diagnostics. User interactions and
review ROIs are tracked and presented in a dashboard that can support different use cases.
Similarly, dashboards for radiology and radiomics features can be conceived to encourage
discussion in the diagnostic facilities and in tumor boards meetings. For instance, a radiolo-
gist who screens a lung CT Scan would annotate ROIs that are populated with automatically
extracted features. Such information can populate a reporting dashboard in which findings
are presented by the first diagnostician and then discussed by the other clinicians involved.
The applications proposed in Chapter 6 for clinical research had as main scope to integrate
data in a single platform. The design of PathONE can be easily applied to the medical imag-
ing domain, in which it is required to create cohorts, and access the corresponding images
and image analysis data. In Chapter 6, SurviVIS is meant to be as generic as possible for
the purpose of survival analysis in other fields. Finally, IIComPath (Chapter 7) is a research
tool meant for computational pathology. However, its capabilities and the integration of
multiple data sources and techniques can be transferred to the medical imaging domain for
scenarios in which image-derived features have a spatial component. IIComPath focuses on
reproducibility, cohort analysis and analysis, which are common elements in image-based
research. We can envision researchers to use extended approaches for radiomics in which
only the querying system would require the necessary adjustments.

8.5. In Conclusion

This dissertation has presented several visual analytics approaches applied to pathology. In
this last chapter we discussed the contributions and the future directions that we can expect
from our work. In this exciting era of digitization, AI development, and data collection, op-
portunities will continuously arise. We believe that visual analytics can play an important
role in integrating AI with research and diagnostic practice, and lead to new insights. How-
ever, we also think that to achieve diagnostic integration and research advances it will be
important to combine multidisciplinary expertise with real world data of high quality. Only
with solutions that are fit for the purpose of end-users and domain experts, it will be possi-
ble to unlock hidden diagnostic and prognostic information and to introduce the advance-
ments to achieve better understanding and characterization of the most complex aspects of
diseases.
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Summary

Visual Analytics in Digital and Computational Pathology

The recent success of quantitative methods in healthcare and medical imaging promises to
lead to more accurate diagnosis, personalized treatments and better characterization of hu-
man diseases. In particular, computational methods are improving at detecting and quanti-
fying diagnostic features frommedical images. This is the case of digital histopathology im-
ages. These medical images are the result of the digitization of patients’ tissue glass slides by
means of high-throughput scanners. The standard diagnosis typically conducted by pathol-
ogists on physical glass slides by microscopic examination is nowmoving to digital worksta-
tions. As a consequence of the large availability of such images, the discipline of computa-
tional pathology was established with the goal of using algorithmic and statistical techniques
to discover predictive and prognostic features.

In this dissertation, we present several visual analytics approaches and tools to integrate and
manipulate computational pathology data in clinical and research settings to address the
following question:

How to support pathologists and researchers with visual analytics of image-derived data in
their respective digital and computational pathology workflows?

In the first part, we discuss approaches for the digital pathology practice and, hence, for
pathologists. In Chapter 3, we present a survey designed to characterize the current digital
workflow of the pathologists and to position it in a visual analytics perspective. We dis-
cuss the responses of 20 pathologists and the opportunities with visual analytics applied to
computational support in digital pathology. In Chapter 4, we propose the first computer
quantitative image analysis system that integrates with the diagnostic process of the pathol-
ogist. By incorporating a visual analytics approach, we support the pathologists to make a
quantitative examination of three key features for breast cancer diagnosis. In Chapter 5, we
introduce a novel diagnostic and reporting tool for digital pathology. Following experimen-
tation with a pathologist, we designed and implemented a visual analytics dashboard that
includes the tracked interactions of the user and image analysis information for quantitative
diagnosis and more provenance of findings.

In the second part of this dissertation, we present visual analytics approaches for clinical
researchers in computational pathology. In Chapter 6 we present a first visualization appli-
cation that enables researchers to browse and explore clinical data and digital tissue slides in
a single. The second is an approach to enrich standard survival plots with interaction and
juxtaposed views. Finally, in Chapter 7 we provide the researchers with an interactive and
iterative tool to support a hypothesis-driven exploration in computational pathology studies
with visual analytics of data generated with 2D spatial queries.

137





Curriculum Vitæ

Alberto Corvo was born on March 11 1989 in Genova, Italy. After his
secondary education in 2008 at Liceo ”Leonardo da Vinci” in Genova,
he started the Biomedical Engineering program at the University of
Genova. In December 2011 he graduated with the thesis on ”Safety and
Prevention regulations within the hospital”, with which he was intro-
duced to the hospital workflows and the diagnostic work of clinicians.
At the same time, he started the Master degree of Bio-Engineering at
the same university. He chose the study track on ”Clinical Engineer-
ing”, which focused on biomedical devices and bio-imaging. In 2013,
he started his Master project at the University College of Cork, Ireland
in the group of Prof. Dr. Padraig Cantillon-Murphy. There, he collaborated with other Ph.D.
Researchers in the development of an Electromagnetic Navigation Bronchoscopy System”.
He implemented a navigation plugin for the open-source software Slicer3D on which the
bronchoscopist could follow the real-time location of the bronchoscope within a 3D model
of the lungs.

Graduated inMarch 2014, he passed the final exam of Engineering to be formally recognized
as such on the italian national registry. In February 2015 he joined the Ph.D. Data Science
Flagship, a collaboration project between Eindhoven Technology University and Philips Re-
search. The project was carried under the supervision of Dr. M.A. Westenberg, Prof. J.J.van
Wijk, and Dr. Marc. A.van Driel in the area of ”Visual Analytics for Digital and Computa-
tional Pathology”. Alberto developed several approaches to hand imaging-derived features
to pathologists and clinical researchers. The results were published in a number of scientific
international conference proceedings. During his Ph.D., Alberto was an active member of
the Philips PhD Community Committee, in which he played a role in the organization of
workshops, social events, and tutorials for other Ph.D fellows and master students.

139





Acknowledgements

Writing these last words of my thesis at a desk, in the office of the Centre Nacional de Analisi
Genomica (CNAG), in Barcelona, Spain, is something that I would have never guessed a
year ago. At that time, I realized I was getting to the end of my Ph.D. journey with my
mind filled with thoughts, plans, deadlines. But I knew that things would have happened.
As five years ago, this Ph.D. opportunity at the Technology University of Eindhoven (Tu/e)
appeared. At that time I was in Genova, and one day, quite surprised, I received an email
in response to my application to the Data Science Flagship position. Things went quickly,
they were convincing and stimulating. And, as a great follower of the ”carpe diem” motto, I
boarded for this journey. A journey in which I met people, I got new friends, I visited tons of
new places. I grew as a man and as an Engineer/Computer Scientist. I got to the end thanks
to many people for whom I want to spend a few words.

Thanks to my parents and my sister that dealt with my decision of leaving for this new expe-
rience abroad. They supported me, and despite the distance, they have been present during
these 4 years, also facing the cold temperature of Eindhoven a few times.

First of all, I want to thank my first promoter, dr. Michel Westenberg, for his supervision
during these 4 years. Thanks, Michel for guiding me in an area that was not my field of study
at that time, introducing me to visualization and visual analytics. I think we supported each
other in moments in which the project seemed becoming too cumbersome to see interesting
opportunities for research. Thanks as well for your patient on reading and readingmy papers
many and many times. Furthermore, I would also like to thank my co-promoter prof. dr. ir.
Jarke J. van Wijk. We first met in December 2015, in my second interview. I remember that
was already an inspiring and pleasant conversation that convinced me to accept the chal-
lenge of a Ph.D. in visualization. Despite your busy agenda, you have always been present
and helpful when it mattered. Thanks again. I would like to thank my supervisor at Philips
Research, dr. Marc van Driel. You have been an excellent supervisor in these years. You
suggested me many interesting ideas, and our meetings at HTC11 have been crucial to get-
ting to the end of this experience. Thanks also for your patience in dealing with the internal
approval practices that characterized the last years. Also, I thank the whole visualization
group, that welcomed me four years ago. Dr. Huub van de Wetering, who shares the first
early coffee moment with me dr. Andrei Jalba, Meivan, and the Ph.D. colleagues Roeland
Scheepers, Steph van den Elzen, Kasper Dinkla, Dennis Dingen, and Mickeal Verschoor.
Thanks to Meivan Cheng for the support. Of course, a big thank to Paul van der Corput and
Dennis Collaris, that shared the office in these intense years of research. A special thanks
to Bram Cappers, with whom I spent four years of thoughts, frustrations, conferences, and
laughter. It has been a pleasure to share the office and the trips with you Bram.

I did most of my project with Philips research. There is what I found nice people, and a
nice team that welcomed me at HTC11 four years ago, and that allowed me to work in a

141



142 Preface

stimulating environment. Because of my double office, it has been difficult to fully connect
with the group, but I enjoyed themoments there. I thank dr. ReinholdWimberger-Friedl, dr.
Ruud Vlutters, and dr. Rien van Leeuwen, who helpedme understand the field of pathology,
image analysis, and precision medicine in my first weeks. Thanks to Bart Bakker for help
and discussions. Thanks to Ron Lieshout, Steve Kuijpers, Maartjen Hieltjes and all the other
guys with whom I shared coffee breaks, chats about tennis and PSV, dutch and Italian habits.
Thanks to dr. Haans Buurman, Ronald Beeger, dr. Alessandro di Bucchianico that facilitated
my introduction in the Data Science Flagship. Thanks to all the other PhDs of the Flaghship:
Chao, Marta, Linda, Bart, Saskia, Mustafa, Heleen, Mark, Felipe. I also would like to thank
dr. Peet Nooijen (Jeroen Bosch Ziekenhuis) for the time reserved for my research. Without
those conversations, I probably would not have published half of this book. Same as dr.
Mitko Veta. A special thanks to you, and for the help in providing me with your inputs, and
algorithms. I wish we could work more together. And last, thanks to the CNAG team. To
Prof. dr. Sergi Beltran and dr. Davide Piscia, who gave me this opportunity to bring my
expertise in a new exciting area as genomics in a very nice group of researchers.

Last but not least, special thanks. I know there is no need to spend many words with people
I share so much time with.

A big thanks to my great friends, Giacomo and Federico, that after many years seeing me
traveling about in Europe are still there next to me. Grateful to Niko, great friend and awe-
some cover designer. Of course, thanks to Alok P. Dixit and Humberto Garcia Caballero,
my paranymphs. We shared these four years as a rollercoaster. A wedding in India, the one
hundred apartments of Humberto, my endless conversations on pasta and pizza. We visited
places, laughs, coffees, borrels, and so much more, and there is no need to list further here.
I had great companions.

Thanks to my Eindhoven “family”, a mix of Italians and other friends all around the world.
We built great memories, probably the ones for which I will remember with positive emo-
tions these four years. A long list of thanks (in the order I more or less met these guys )to
Daniela, Teresa, Carmine, Marione, Ema and Zandra, Luca and Morena (Zio & Zia), Cris-
tian andMarta, Fernando, Nrupa, Pasquale, Rajopola, Federica, Gianluca and Alice, Alessia,
Francisco, Giorgio, Beppe, Valeria and Demetrio. And to the new old friends Daniele and
Luca.

My memory is not that great, as many of you may know, and I feel I am forgetting someone.
Anyway, I am sure that as the people above, you contributed positevely to all this, and I will
always bring with me great memories. Carpe diem.

Alberto Corvó
Barcelona, November 2019



The field of pathology has evolved steadily in the 
last decade. With technological advances, standard 
glass slides of diagnostic samples can be digitized in 
whole-slide images  by high-throughput scanners, 
and examined by pathologists on digital workstations. 
This digital transformation has been leading to 
significant improvements in management, sharing and 
interpretation of pathology information.
At the same time, the large availability of these 
medical images allowed the researchers to work 
on the development of computational methods 
that are improving at detecting and quantifying 
diagnostic features from medical images. Therefore, 
the combination of Digital Pathology systems with 
Computational Pathology techniques is set to play 
a major role towards better diagnosis and patient 
stratification.

In this dissertation, we present several visual analytics 
approaches to integrate and manipulate computational 
pathology data in clinical and research settings to 
address the following question:

How to support pathologists and researchers with visual 
analytics of image-derived data in their digital and 
computational pathology workflows?

In the first part of this work, we show how we can 
combine interactive visualization and image-derived data 
to augment the diagnostic work in pathology. 
In the second part, we present interactive applications 
that aim to improve the discovery process of clinical 
researchers in computational pathology studies.
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