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Abstract

Integrating Human Expertise and Multi-Modal Al in Digital Pathology

Fatemeh Ghezloo

Chair of the Supervisory Committee:
Linda Shapiro
Computer Science and Engineering

Whole slide imaging (WSI) has revolutionized digital pathology, yet final diagnosis still
relies heavily on pathologists’ visual examination, which is often challenging due to the volume
of data. Cancer mortality is significantly impacted by diagnostic errors and discordance
among pathologists on the same case, which highlights the need for computer-aided diagnosis
(CAD) systems to support pathologists in their clinical practices. One essential initial step
in designing these systems is to understand the viewing behavior of pathologists. Prior
research suggests that accurately identifying and interpreting regions of interest (ROIs) is
essential for effective diagnosis. In this dissertation, we investigate the correlation between
pathologists’ viewing behaviors and diagnostic accuracy using viewport-tracking data for
melanocytic skin lesions. Our analysis reveals a significant correlation between time spent
viewing ROIs and diagnostic accuracy. Based on these findings, we propose a novel ROI
detection method that integrates pathologists’ viewing behaviors with deep learning, using
an encoder-decoder architecture to predict pixel-level heatmaps of diagnostically relevant
areas on WSIs. However, the scarcity and uni-modality of datasets in digital pathology
limit the performance and interpretability of deep learning models. To address these issues,
we introduce QUILT-1M, the largest vision-language dataset in histopathology, and QUILT-
INSTRUCT, an instruction-tuning dataset, both curated from educational YouTube videos.

These resources enable the development of advanced multi-modal models: (1) QUILTNET, a



CLIP-based model that excels in zero-shot and few-shot image classification and image-text
retrieval, surpassing state-of-the-art performance; (2) QUILT-LLAVA, a multi-modal model
with enhanced spatial localization of medical concepts and complex reasoning; and (3) a
multi-modal multi-agent diagnosis system that leverages the ROI detection model and QUILT-
LLAVA to navigate large WSIs, gather evidence, and make diagnoses in a manner similar to
pathologists. This dissertation advances digital pathology by linking viewing behaviors to
diagnostic accuracy, presenting a novel ROI detection framework, and providing large-scale

datasets and multi-modal models for improved CAD systems and diagnostic workflows.
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Chapter 1

INTRODUCTION

The field of pathology has undergone a significant transformation with the advent of
Whole Slide Imaging (WSI) and the development of computer-based technologies aimed at
improving diagnostic accuracy in recent years. Despite these advancements, the pathological
examination remains the gold standard for final diagnosis, and even experienced pathologists
sometimes make errors when faced with vast volumes of information on large WSIs 110, 34].
This variability in diagnostic outcomes highlights the need for advanced methods to assist

pathologists in their interpretation processes and clinical practices.

A fundamental component of enhancing diagnostic accuracy lies in comprehending pathol-
ogists’ visual search patterns. As pathologists work with WSIs, they perform intricate
operations like panning, zooming, and focusing their attention on specific image characteris-
tics. Traditional eye-tracking techniques, while effective in capturing these behaviors, are
costly. As an alternative, viewport-tracking data—which records the pathologists’ viewport
coordinates—provides a cost-effective and scalable means of analyzing viewing behaviors. We
can gain valuable insights into how pathologists’ search strategies correlate with diagnostic
accuracy by investigating their zooming and panning behaviors [34]. This knowledge is
essential for developing tools and techniques that enhance pathologists’ performance and

reduce diagnostic errors.

Detecting regions of interest (ROIs) on WSIs is another crucial step in the diagnostic
process. Pathologists typically focus their analysis on a few regions that contain the most
diagnostically relevant information. Incorporating viewing behavior data into computer-aided
diagnosis (CAD) systems can significantly enhance the detection of these ROIs, leading to

more accurate and efficient diagnoses. Traditional methods for ROI detection often rely on



low-level image features, which may not align well with the visual characteristics observed by
pathologists. By combining pathologists’ qualitative expertise with deep learning models, we
can create more robust and interpretable systems that highlight important areas on WSIs
[33]. This approach not only improves the performance of CAD models but also reduces the
computational cost and time required for diagnosis.

The complexity of histopathological information necessitates more expressive representa-
tions that capture the intricate patterns found in tissue samples. Vision-language models offer
a promising solution by connecting visual features with natural language descriptions, provid-
ing additional signals beyond the scope of single diagnostic labels. However, the development
of these models has been limited by the lack of large-scale, comprehensive datasets specific to
histopathology. To address this gap, we present a new dataset comprising more than one
million image-text pairs curated from educational videos and other public sources [51]. This
dataset, along with an instruction-tuning dataset designed to enhance multi-modal reasoning
capabilities [108], forms the foundation for training advanced vision-language models. These
models can analyze images in detail, localize medical concepts spatially, and reason beyond
individual patches, significantly advancing the field of histopathology.

As the number of cancer cases continues to rise globally, the traditional manual approach to
diagnosing diseases through WSI examination is becoming increasingly unsustainable. Recent
advancements in artificial intelligence (AI) have shown potential in transforming medical
imaging diagnostics, but current models often fall short in capturing the holistic context of
WSIs. To overcome these limitations, we propose PathFinder, a multi-modal, multi-agent
framework that mimics the decision-making process of expert pathologists. By integrating Al
agents specialized in navigation, description, and diagnosis, PathFinder enhances diagnostic
efficiency and accuracy, offering a more intuitive and precise diagnostic process.

This dissertation explores the intersection of digital pathology, viewing behaviors, and
advanced Al models to enhance diagnostic accuracy and efficiency in histopathology. This
research aims to address critical challenges in the field and contribute to the advancement

of pathological diagnostics. The findings and contributions presented in this work have



the potential to significantly impact clinical training programs, clinical practices, and the
development of CAD systems, ultimately improving patient outcomes. In chapter 2, we
describe the dataset of melanocytic skin biopsy images that is used in this work. Melanoma
is one of the most aggressive forms of skin cancer and is responsible for the majority of skin
cancer-related deaths due to its high potential for metastasis [34, 28]. Chapter 3 outlines
our study on pathologists’ viewing behaviors and their correlation with diagnostic accuracy.
In chapter 4, we describe our novel ROI detection framework. In chapter 5, we summarize
two joint works with Wisdom Ikezogwo and Saygin Seyfioglu on creating comprehensive
vision-language datasets and multi-modal models for histopathology. Chapater 6 introduces
the multi-modal multi-agent diagnosis framework using the ROI detection framework from
chapter 4 and multi-modal datasets and models from chapter 5. In chapter 7, the conclusions

of all the projects and possible future work are discussed.



Chapter 2
M-PATH DATASET

In this chapter, we outline the details of the datasets used in the following chapters.
We provide a description on M-Path dataset, including skin biopsy WSIs, pathologists’

characteristics, viewing behavior data, and consensus diagnosis and regions of interest.
2.1 M-Path Skin Biopsy WSIs

The skin biopsy WSIs in this dataset are from the prior M-Path study [28, 11] in which
skin biopsy specimens of melanocytic lesions (N=240) were randomly selected from available
stored specimens at Dermatopathology Northwest in Bellevue, Washington. The hematoxylin
and eosin (H&E) stained slides were selected with stratification based on the patient’s age and
the original diagnosis. Each glass slide was scanned at 40x magnification using a Hamamatsu
NanoZoomer 2.0-RS digital slide scanner to generate digital WSIs. These cases were classified
into 5 diagnostic classes using the original MPATH-Dx scheme [941]. The number of biopsy
cases in each class and example diagnostic terms for each class are as follows: 25 cases in
class 1 (nevus/mild atypia), 36 cases in class 2 (moderate atypia/dysplasia), 60 cases in class
3 (severe dysplasia/melanoma in situ), 58 cases in class 4 (stage pTla invasive melanoma),
and 61 cases in class 5 (stage pT1b or higher invasive melanoma). One sample WSI from

each class is presented in Figure 2.1.
2.2 Pathologists’ characteristics

87 pathologists were recruited from 10 US states (California, Connecticut, Hawaii, Towa,
Kentucky, Louisiana, New Jersey, New Mexico, Utah, and Washington) to participate in
the main M-Path study. Pathologists were eligible if they had completed residency and/or



(a) Class 1 (b) Class 2 (c) Class 3 (d) Class 4 (e) Class 5

Figure 2.1: MPath 5 classes H&E digital WSIs

fellowship training, had interpreted skin specimens in their clinical practices in the preceding
year, and planned to do so for the next two years. Pathologists were invited to participate
in a substudy of interpreting digital WSIs; 41 of the pathologists agreed to participate in
the substudy, with 32 completing the study. All participants completed a baseline survey
before the study to assess their demographic and clinical practice characteristics. Detailed
explanation of these characteristics can be found in Table 2.1. After each interpretation,
they were asked to provide their diagnosis using an online histology form using MPATH-Dx

classification and to assess the difficulty level of the case and their confidence in their diagnosis.

2.3 Pathologists’ Viewport Data

Pathologists’ viewport data from the prior M-Path study [39] was collected using an online
digital slide viewer that was developed using HD View SL, Microsoft’s open-source Silverlight
gigapixel picture viewer. The viewer allowed pathologists to pan around the image and zoom
in and out up to x60 magnification. The web-based viewer automatically logged the viewport
tracking data as pathologists viewed each slide. A viewport is a rectangular area of the image
that is visible on the pathologist’s computer screen at any time during their interpretation. For
each interpretation (pair of pathologist and case), a list of viewport coordinates, magnification
(zoom) level, and time stamps were recorded. This de-identified dataset includes viewport

tracking data from two groups of pathologists: community pathologists and M-Path consensus



Table 2.1: Characteristics and demographic information of participating pathologists.

Pathologists’ characteristics Categories Number (%)

Male 13 (41%)
Gender

Female 19 (59%)

20 - 49 12 (37%)
Age (years)

50 - 64 20 (63%)

Yes 10 (31%)
Board certification/ Dermatopathology Fellowship training

No 22 (69%)

<5 3 (10%)

5-9 10 (31%)
Experience with interpreting melanocytic skin lesions (years)

10 - 19 9 (28%)

> 20 10 (31%)

<10 14 (44%)
Caseload of melanocytic skin lesions (%) 10 - 24 13 (41%)

25 - 49 5 (15%)

1 (Very easy) -

2 1 (3%)

3 10 (31%)
Ratings on difficulty level of interpreting melanocytic skin lesions

4 18 (56%)

5 3 (10%)

6 (Very challenging) -

1 (Not at all confident) -

2 2 (6%)

3 4 (12%)
Ratings on confidence level of interpreting melanocytic skin lesions

4 7 (22%)

5 16 (50%)

6 (Extremely confident) 3 (10%)

reference panel. Community pathologists who were recruited for the M-Path Study had
completed residency and/or dermatopathology post-doctoral training, had interpreted skin

specimens in their clinical practices in the preceding year, and planned to do so for the next



two years. Three dermatopathologists participated in this study as members of the M-Path
consensus panel, each with expertise in cutaneous melanocytic lesions (see section 2.4). Each
of the pathologists from these two groups viewed and diagnosed these cases independently, and
their viewport logs are available. Each case in our dataset was interpreted by one consensus

reference panel dermatopathologist and an average of five community pathologists.
2.4 Consensus Reference Diagnosis and Relationship to Diagnostic Accuracy

The consensus reference panel of three dermatopathologists with internationally recognized
expertise independently interpreted the full set of 240 cases in glass slide format, and then
participated in a series of six full-day review meetings as part of the earlier M-Path study [14].
Utilizing a multi-headed microscope during the review meetings, they agreed on a consensus
diagnosis for each case using a modified Delphi approach [11] and wrote case guidelines together
for each of the 240 cases. Cases were then digitized, and an additional dermatopathologist
from the M-Path research team joined the panel to determine a consensus rectangular region
as the ROI for each case. ROIs were selected by the expert dermatopathologists as the area
that best supported their diagnosis and best represented the critical features on the slide, as
described in the aforementioned case guidelines. These variable-sized ROIs provide valuable,
diagnostically important information, and can be extracted using their coordinates. We
evaluate the diagnostic accuracy by assessing the agreement between the diagnosis provided
by community pathologists and the consensus diagnosis determined by our panel of three
internationally recognized dermatopathologists. Diagnostic error is a metric used to measure
the divergence between a pathologist’s diagnosis and the consensus diagnosis. For instance,
if the consensus diagnosis is class 3 and the pathologist’s diagnosis is class 2 or class 4, it
would be considered a 1-class error. Note that these are the diagnostic accuracy and error of
the pathologists and are unrelated to the accuracy of the proposed methods in the following

chapters.



Chapter 3
INSIGHTS FROM PATHOLOGISTS VIEWING BEHAVIOR

3.1 Introduction and Motivation

As the use of WSIs in pathology has increased, new computer-based technologies have been
developed to improve diagnostic accuracy. However, the pathological examination remains
the gold standard for ultimate diagnosis. Even expert pathologists make mistakes when
confronted with vast volumes of information on large slides [1410]. According to studies,
pathologists’ diagnosis differ even when they notice similar features on a biopsy sample slide.
One of the leading causes of death is an error in cancer diagnosis [28]. Diagnostic accuracy
varies according to information processing frameworks due to the combination of case data,
pathologist features, and the visual search process that characterizes interpretation [13]. With
the advancement of digital imaging and the use of WSI in pathology, it is now possible to
monitor pathologists’ viewing behaviors and investigate how different search patterns affect
diagnosis accuracy.

As a pathologist interacts with a case, the visual search process involves zooming and
panning patterns, and allocating visual attention to image characteristics. The former is
assessed using the viewport coordinates of a computer screen, whilst the latter is measured
using eye-tracking devices. Although eye-tracking techniques are the most common and direct
method of recording viewing behaviors, they are costly and complex, necessitating in-person
data collection. On the contrary, viewport-tracking data can be gathered at a lower cost and
a large scale. Data from viewport tracking reveals pathologists’ movement, zooming behavior,
and total interpretation time, providing insight into pathologists’ attention.

Various studies have been conducted using eye-tracking and mouse-tracking analysis in

the fields of radiology and pathology. These studies have shown significant predictive factors



during the visual search process and diagnostic accuracy. Previous research in radiology
[21] and breast pathology [30] demonstrates that one of two search strategies is used by
physicians when evaluating medical images: drilling or scanning. A pathologist with a drilling
strategy focuses on a specific area and uses magnification settings to zoom in and out at
various locations, while a pathologist with a scanning strategy utilizes a fixed zoom level while
searching and panning over a wide area of interest |2/, 80]. While the obtained strategy was not
a predictor of diagnostic accuracy in breast pathology, some association among pathologists’
characteristics and their search strategy was found [30]. Also, better performance in searching
volumetric images in radiology using a drilling strategy was detected [21]. No previous study
has investigated the use of these two search strategies in dermatopathology.

In this chapter we outline the types of data points that can be gathered to describe
pathologists’ viewing behavior using viewport data. We investigated zooming and panning
behaviors of 32 pathologists viewing slidesets of 36 digital melanocytic skin cases. Pathologists
were instructed to view and diagnose a set of cases assigned to them. The recording of these
viewing sessions resulted in a total of 1073 interpretations. For each interpretation, we used
the recorded information such as coordinates of the viewports on their screen, the zoom levels
used to view a scene and the timestamps to define several viewing variables. These variables
measure and quantify pathologists’ interactions with the digital slide such as zooming and
panning patterns, total interpretation time, and attending to the experts’ consensus ROI. We
then used these to address the association of the pathologists’ search strategy and diagnostic

accuracy in melanocytic skin lesions on whole slide images. Our main questions are:

e How are pathologists’ characteristics associated with specific viewing patterns?

e How do viewing patterns change as pathologists gain more expertise in diagnosing

melanocytic lesions?

e How do specific viewing behaviors and search patterns contribute to diagnostic accuracy?
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3.2 Related work

3.2.1 Viewing Behavior Analysis

Diagnosis of pathology slides is a complex task, and pathologists go through years of training
to be able to make a diagnosis. Traditionally, a pathologist views a skin biopsy on a glass slide
using a microscope, trying to identify critical regions and visual features in the biopsy. These
features at the region and cellular levels can be subtle and perplexing. Even experienced
pathologists are prone to errors when confronted with massive amounts of information in
large slides [110]. Studies show that there is discordance among pathologists’ diagnoses
even when they observe similar features on a biopsy sample slide. Errors made in cancer
diagnosis are one of the main reasons that cause death [28]. Considering the significant
impact of diagnostic errors on patients, it is important to understand the underlying reasons
for these errors. Studying pathologists’ viewing behaviors and search strategies and how these
behaviors contribute to their diagnostic accuracy could be beneficial for both educational
and clinical purposes.

Digital pathology has enabled researchers to investigate pathologists viewing behaviors.
Instead of utilizing a microscope, pathologists can now do their examinations using a virtual
slide viewer on their computer screens. The interpretation procedure when using WSI
is different from the traditional use of a microscope, which can significantly change the
pathologists’ interpretive behavior [58]. The visual search process conveys how a pathologist
interacts with a case using zooming and panning patterns, as well as allocating visual attention
to image characteristics. The former is measured by computer screen’s viewport coordinates
whereas eye-tracking devices are used to measure the latter. Although eye-tracking techniques
are the most common and direct method of recording viewing behaviors, they are expensive
and complex. On the contrary, mouse-tracking data can be obtained on a large scale at a lower
cost. Mouse-tracking data provides information on pathologists’ movement, zooming behavior,
and total interpretation time, offering insight into pathologists’ attention. [100] showed that

mouse-tracking data might be used to investigate pathologists’ diagnostic accuracy and



11

efficiency when using WSI.

Previous research studied pathologists’ viewing behavior while viewing skin biopsy images
in various ways. In an eye-tracking study, residents and experts spent a similar amount
of time viewing slides at low magnification. In contrast, at high magnifications, residents
spent significantly more time [121]. This suggests that the residents may have experienced
difficulty integrating their findings at high magnifications into the overall image context. To
investigate this suggestion, [77] used "search maps" to compare the search characteristics of
pathology experts and residents at low, medium, and high magnification levels while exploring
inflammatory skin disease virtual slides. A search map is composed of three components
based on the magnification level used by the pathologist. Areas were labeled as low, medium,
and high magnification, referring to a magnification level of less than 4x, between 4x and 10x,
and more than 10x, respectively. The study reveals that residents and experts saw roughly the
same slides at low magnification, whereas experts saw much less at high magnification. Their
results suggest that the expert pathologists knew where to search for information confirming
or disproving a specific diagnostic theory. Therefore, it can be assumed that initial diagnostic

hypotheses are formed at low magnification but are resolved at high magnification.

Research has demonstrated that pathologists focus their visual attention on certain image
regions that are more salient, and their experience level affects whether these viewed regions can
be appropriately interpreted and used to arrive at an accurate diagnosis [13]. Previous studies
in this area can be summarized in two main outcomes. First, accurate interpretation by a
pathologist is dependent on being able to recognize significant histopathological characteristics.
Each case contains Regions of Interest (ROIs) that are visually appealing to all viewers and
provide diagnostic information. Studies suggest that pathologists are more likely to agree
with an expert reference diagnosis when they locate an overlapping diagnostic image region
[32]. Second, visual diagnosis expertise is derived from prior experience and knowledge of
exemplars and pathologists’ search strategies [03]. Experts are better at searching, processing,
and interpreting larger perceptual units because they can perceive these units more rapidly

and effectively as configurations or chunks of information instead of individual parts. Visual
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search patterns have been studied for a better understanding of how expertise develops both
in radiology and pathology and they suggest that improved pattern recognition and better
allocation of attention and visual processing resources are also significant aspects of expertise

development [62, 77, 45, .

3.2.2  Histopathology Image Analysis

Melanoma diagnosis and early detection have changed dramatically during the previous few
decades. Digitizing entire glass slides became possible with the advent of slide scanners. The
process of scanning histopathology, immunohistochemistry, or cytology slides with whole-slide
scanners, as well as the interpretation, management, and analysis of these digitized whole-slide
pictures using computational methodologies, is referred to as digital pathology [20]. The
US Food and Drug Administration (FDA) has approved several slide scanning devices for
whole-slide imaging for use in clinical settings.

The traditional pathological analysis requires specially trained pathologists to look for
areas of interest under the microscope one by one, and then analyze and diagnose based on
professional knowledge. Traditional analysis of pathological images has many drawbacks.
There are no quantitative indicators, so the qualitative analysis results cannot be reproduced
[110]. Moreover, most doctors have tight working conditions, heavy workload, and time
pressure. In this case, the human cognitive process is easily disturbed, leading to incomplete
diagnosis and misdiagnosis [28]. Although traditional slide analysis is accurate, it can be
deeply personal. It is possible for the same pathologist to evaluate a slide one day and to get
different conclusions the following week. Besides, the procedure is a challenging and time-
consuming task [128]. CAD systems are now rapidly developing and can help pathologists
improve diagnosis accuracy and detection rate and reduce the overall misdiagnosis rate.
Moreover, the computer is not affected by fatigue and human error and provides better
assistance to doctors [28, 13]. It is also a valuable tool to reduce the workload of clinicians

[14].

Recent literature in computer-aided melanoma diagnosis systems has witnessed significant
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advancements. CAD systems can provide prognostic and diagnostic information on skin
biopsy images, including the detection of cellular level entities, segmentation of clinically
important tissue structures, and other important factors toward the accurate diagnosis of
skin biopsy images [37]. Histopathological image analysis research addresses a range of issues
associated with disease diagnosis. These include tasks such as detecting nuclei within images
[130, 83], identifying regions of interest |78, (8], predicting clinical variables such as diagnosis
[96], grade [25], and survival time [136].

Researchers have explored various techniques, including deep learning models, to improve
the accuracy and efficiency of melanoma detection. Convolutional neural networks (CNNs)
have been widely employed, demonstrating their capability to learn discriminative features
from skin lesion images. Transfer learning, utilizing pre-trained models such as VGGNet
[111] and ResNet [13], has also gained attention, enabling effective feature extraction and
improving generalization. Additionally, advanced techniques like attention mechanisms in
[129], generative adversarial networks (GANs) in [111], and ensemble models in [2] have been
investigated to further refine the classification results. The emerging trend of explainable Al
has also been incorporated, aiming to provide interpretable and transparent decision support.
Overall, the recent literature reflects continuous progress in developing computer-aided
melanoma diagnosis systems, emphasizing the potential for enhanced accuracy, efficiency, and

clinical utility in melanoma detection and diagnosis.

3.3 DMethods

3.3.1 Viewing Behavior Quantification

M-Path study data was used to perform this study. The description of M-Path skin biopsy
specimens of melanocytic lesions, pathologists’ characteristics and viewport data, and consen-
sus reference panel are explained in sections 2.1, 2.2, 2.3, and 2.4 respectively. A subset of
180 cases were selected from M-Path dataset for this study. The distribution of these 180
cases among the 5 classes is as follows: 8.3% class 1, 16.7% class 2, 25.0% class 3, 25.0%
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class 4, and 25.0% class 5. These cases were grouped into 5 sets of 36 digital melanocytic
skin cases. A group of 32 pathologists participated and completed this phase of the study
and were randomly assigned to one of the 36 slidesets. Pathologists were instructed to view
and diagnose their assigned cases. The recording of these viewing sessions resulted in a total
of 1073 interpretations '. Each interpretation consists of a series of viewport information
including viewport coordinates and dimensions (x and y of the top left corner and height and
width of the viewport), magnification level used at that viewport and the timestamp. We use
this information to define variables that quantify pathologists’ viewing behaviors. Entries
associated with a duration of more than 1 minute (frozen at one location without any activity
for more than 1 minute) were excluded due to the assumption that the pathologist was not

actively interpreting during that time. The proposed variables are briefly described below:

Total interpretation time: Using the time stamp (7'S) of each viewport (v;), we
calculated the duration (d) of each viewport being viewed. Total interpretation time (7) is

calculated by summing the duration of all the viewports.

d(v;) = T'S(vip1) — T'S(v;)

v;=1

(3.1)

Average zoom level, maximum zoom level, and zoom level variance: The
web-based viewer allowed pathologists to zoom from x1 to x60. Viewport tracking logs
provided a variable number of zoom level values for each interpretation based on pathologists’
interpretive behavior; thus, summary statistics were used to describe zoom level behavior
during each interpretation. Average (avg), maximum (mz), and variance (var) of zoom levels

were calculated for each interpretation.

LA group of 41 pathologists participated in the digital phase of the M-Path study, each interpreting 36
cases. A small number of interpretations (N=79) were not recorded due to a glitch in the system. After
pre-processing the data, only 1073 interpretations are usable for this study.
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Sy zoom(v)

avg =
n
mx = max{zoom(v;) : i = 1..n} (3.2)
Soor_ (zoom(v;) — avg)?
var = -
n—1

Scanning Percentage: We defined scanning percentage (SP) similar to the Mercan et al.
[30] study for digital breast pathology. Scanning percentage quantifies the panning behavior
where scanning refers to the behavior of fixing the zoom level and panning around the image.
Higher scanning percentage is achieved when a pathologist pans across the image using a
constant zoom level whereas a lower scanning percentage is achieved when a pathologist

zooms in and out at various locations.

1, zoom(vi11) == zoom(v;)
s(vi) =
0, otherwise (3.3)
gp — Z:}::l s(v;)
n

ROI Time Percentage: ROI time percentage (RT P) measures the amount of time
a pathologist spends viewing regions that experts marked as ROI. When a pathologist’s
viewport intersects with the consensus ROI by 40% or more, we consider that the pathologist
is viewing the consensus ROI (r). However, to ensure that the pathologist is actually attending
to the ROI, we apply a size constraint. We exclude cases where the ratio of the ROI area to
the viewport area is smaller than 10%. This way we make sure that a viewport intersects
with a large area of the ROI and this intersection covers the most parts of the viewport.
ROI time percentage calculates the proportion of interpretation time spent viewing such
regions. Pathologists were not informed about the consensus ROI at the time of interpretation,
spending more time on such regions means that they independently identified the region as

important.
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area(intersect(v;,ROI)) area(ROI)
]_, area(ROT) > 0.4 and W > 0.1

0, otherwise (3.4)

Magnification percentage: Magnification percentage (MP) is calculated based on the
number of times a pathologist zooms in consecutively. This variable captures how deeply and
frequently a pathologist zooms while interpreting a case. We count the number of viewports
that are associated with consecutive zoom-in behavior (m). A consecutive zoom-in is a
sequence of viewports where the zoom level of each viewport is greater than its previous
viewport in the sequence. Magnification percentage calculates the proportion of viewports

associated with this behavior.

1, zoom(vii1) > zoom(v;)

m(v;) =
0, otherwise (3.5)
' m(y;
n

3.83.2  Statistical Analysis

Both case and pathologist contribute to the variation of the outcome of our models. Due
to this crossed-level structure of cases and pathologists in our dataset, we used the cross-
classified multilevel model [10] to address our study’s questions. To investigate possible
associations between pathologists’ demographics and clinical characteristics and their viewing
behaviors, we used a cross-classified multilevel model. For each model, we used one of the
pathologists’ characteristics shown in Table 2.1 as the explanatory variable and each of the
viewing behaviors defined in section 3.3.1 as the outcome. The notation of the model is

defined in Expression 3.6; y; denotes the viewing behavior variable of interpretation i, z;
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denotes the pathologist’s demographic/clinical characteristic, tpathotogist(i) and Ucase(s) indicate

the pathologist and case random effects, and e; denotes the interpretation-level residual error.

Yi = ﬁ(] + lei + Upathologist (i) + Ucase(i) + € (36>

To investigate associations between pathologists’ viewing behavior and diagnostic accuracy,
we used an analogous generalized linear mixed model with logit link. We define diagnostic
accuracy as the binary agreement of a pathologist’s diagnosis with the consensus reference
diagnosis. For each univariate model, we used one of the viewing behaviors defined in section
3.3.1 as the explanatory variable of interest and diagnostic accuracy as the outcome. To
control for pathologist experience or expertise, all models also included pathologists’ years of
experience with melanocytic skin lesions (categorical covariate with 4 levels) and having board
certification and/or fellowship training (binary variable). In Expression 3.7; P; denotes the
probability of an accurate diagnosis for interpretation ¢, logit(p) = log(%), and z; denotes
the viewing behavior, F,, E3, and F, are indicators of the second, third, and fourth levels
of pathologists’ years of experience, and F' indicates board certification and/or fellowship

training.

lOth(PZ) - ﬁ(] + lei + 62E2 + 63E3 + 64E4 + ﬁ5F + upathologist(i) + ucase(i) +e; (37>

To further analyze the association of these viewing behaviors with diagnostic accuracy in
the presence of each other, a subset of variables was chosen as explanatory variables to study
using a multivariate model. Scanning percentage was chosen for the panning behavior, zoom
variance for the zooming behavior, ROI time percentage for the interaction with consensus ROI
behavior, and total interpretation time to address the diagnostic efficiency. The multivariate
model included the same covariates as the univariate models to study accuracy. SAS version

9.4 (SAS Institute, NC) was used to perform all the statistical analyses in this study.
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3.4 Results

Pathologists’ viewing behaviors and characteristics: We hypothesized that pathologists
with different characteristics might demonstrate different viewing behavior. To investigate
this, we modeled the association between pathologist characteristics (Table 2.1) and viewing
behaviors variables (section 3.3.1). In this section, we present results with a P-value < 0.1 and
interpret the type of association between the predictor and outcome variables based on the
Contrast value. The results (Table 3.1) suggest that pathologists with a board certification
and /or fellowship training and those with a higher caseload of melanocytic skin lesions
have lower average, maximum, and variance of zoom levels (higher caseload and having
board certification are higher order and Contrast < 0). In addition, pathologists with lower
confidence level in interpreting melanocytic skin lesions have higher average, maximum, and
variance of zoom levels (lower confidence level is higher value and Contrast > 0). Lastly,
pathologists in a higher age range have higher maximum and variance of zoom levels (higher
age range is higher order and Contrast > 0). No significant associations were found among

other viewing behaviors and pathologists’ characteristics.

Diagnostic accuracy: To study associations among viewing behaviors and diagnostic
accuracy, we used a series of cross-classified multilevel models. Seven separate models were
generated for each of the defined viewing behavior variables in section 3.3.1. The Odds Ratio
(OR) and the P-value of each model are shown in Table 3.2. The odds ratio is a measure of
association between a predictor variable and an outcome. It quantifies the likelihood of an
outcome occurring with the exposure of the predictor variable compared to the odds of the
outcome occurring without that exposure. All viewing behaviors show a statistically significant
association with diagnostic accuracy (P-value < 0.05), except for scanning percentage which
was marginally significant (0.05 < P-value < 0.1). Except for magnification percentage, each
viewing behavior was positively associated with accuracy (adjusted OR >1), meaning that
interpretations exhibiting more of the behavior were more likely to yield an accurate diagnosis

(Table 3.2). Interpretations with a larger magnification percentage were less likely to yield an
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Table 3.1: Pathologist’s characteristic, clinical experience and ratings of difficulty and
confidence on melanocytic skin lesions as predictor variables and Average zoom, maximum
zoom, and zoom variance as outcome variables. Contrast specifies the mean difference of the
outcome among a predictor variable’s categories. * Ordinal variable, summarized in Table

2.1.

Variablos Average zoom Maximum zoom Zoom variance
Contrast  P-value Contrast  P-value Contrast  P-value
Pathologists’ demographics
Gender (Female vs. Male) 0.03 0.878 0.05 0.825 0.22 0.290
Age (50-64 vs. 20-49) 0.29 0.192 0.39 0.068 0.41 0.038
Clinical Experience Level
Board certification/ Fellowship training (Yes vs. No) -0.62 0.003 -0.45 0.037 -0.45 0.030
Experience with melanocytic skin lesions™ 0.12 0.286 0.12 0.266 0.16 0.100
(Higher order is more years of experience)
Caseload of melanocytic skin lesions* -0.35 0.015 -0.29 0.039 -0.31 0.017
(Higher order is higher caseload)
Ratings on melanocytic skin lesions
Difficulty level* -0.05 0.765 -0.03 0.849 -0.09 0.534
(Higher order is higher difficulty)
Confidence level* 0.21 0.044 0.19 0.059 0.17 0.075

(Higher order is lower confidence)

accurate diagnosis (adjusted OR <1).

To further investigate the associations between viewing behavior and accuracy in the
presence of other confounding factors, we modeled our data using a multivariate cross-classified
multilevel model. We selected a subset of predictor variables, including one variable for
each of the zooming (zoom variance), panning (scanning percentage), interacting with ROI
behaviors (ROI time percentage), and interpretation efficiency (total time), based on the
relative strength of odds ratios shown in Table 3.2. The results from the multivariate model

are shown in Table 3.3. Total interpretation time and ROI time percentage are significantly
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Table 3.2: Each row represents one model with a viewing behavior as the predictor variable

and diagnostic accuracy as the outcome. Each model was adjusted for pathologists’ years

of experience in interpreting melanocytic skin lesions and having board certification and/or

fellowship training as covariates. OR stands for Odds Ratio.

Predictor Variable

Adjusted OR (95% CI)

P-value

Total interpretationtime
Average zoom

Maximum zoom

Zoom variance
Magnification percentage
ROI time percentage

Scanning percentage

1.33 (1.09, 1.62)
1.26 (1.03, 1.54)
1.24 (1.03, 1.50)
1.37 (1.11, 1.68)
0.76 (0.63, 0.92)
1.35 (1.07, 1.69)
1.21 (1.00, 1.47)

0.005
0.023
0.026
0.003
0.006
0.011
0.054

associated with diagnostic accuracy (P-value < 0.05), whereas zoom variance and scanning

percentage are marginally significant (0.05 < P-value < 0.1).

Table 3.3: Each row represents one model with a viewing behavior as the predictor variable

and diagnostic accuracy as the outcome. Each model was adjusted for pathologists’ years

of experience in interpreting melanocytic skin lesions and having board certification and/or

fellowship training as covariates. OR stands for Odds Ratio.

Predictor Variable

Adjusted OR (95% CI)

P-value

Total interpretation time
Zoom variance
ROI time percentage

Scanning percentage

1.25 (

1.22 (0.98, 1.53
1.38 (1.10, 1.73
1.20 (0.98, 1.47

1.01, 1.54

)
)
)
)

0.0360
0.0786
0.0058
0.0716
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3.5 Limitations, impact, and conclusion

This study leveraged WSI viewing behavior data to reveal associations between viewing
behavior and pathologist characteristics and diagnostic accuracy. When exploring the former
association, we showed that average, maximum and variance of zoom level were negatively
associated with pathologists’ caseload of melanocytic skin lesions, having board certification
and/or fellowship training in dermatopathology, and their confidence level in interpreting
melanocytic skin lesions. This means pathologists with these characteristics on average
used a lower and limited range of zoom levels. In addition, we found a positive association
between pathologists’ age and maximum and variance of zoom level. When investigating the
associations among viewing behaviors and diagnostic accuracy, we showed average, maximum,
and variance of zoom levels, total interpretation time, and the proportion of interpretation
time spent viewing consensus ROIs have positive associations with diagnostic accuracy.
Magnification percentage, which measures consecutive zoom-in behaviors, was seen to have a
negative association with diagnostic accuracy. In other words, pathologists who performed
many consecutive zoom-ins on various image locations were less likely to reach a correct
diagnosis. Scanning percentage, which measures the proportion of time spent panning with a

fixed zoom level, has a marginally significant positive association with accuracy.

The association between time spent viewing the consensus ROI and diagnostic accuracy
highlights the importance of detecting critical image regions, deeming them worthy of
interrogation, and gaining high-power views of histopathological features in these regions. As
digital WSI and computer-aided diagnostic (CAD) tools continue to pervade training and
clinical practice, we believe this result can be leveraged in future research and development.
For example, given the relatively strong association between time spent examining the ROI
and diagnostic accuracy, these specific regions can be used to train CAD and artificial
intelligence (AI) algorithms on the histopathological features critical to enabling accurate
diagnoses. Future adaptive tutoring systems can also monitor trainee viewing behavior and

guide novice pathologists towards these features, helping them discover the most critical
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image regions for deriving an accurate diagnosis. With FDA approval, using digital pathology
is becoming an essential part of daily practice of pathology. As a result, digital whole slide
imaging has the potential to alter practically every area of the clinical workflow, teaching
and education, and research. We hypothesize that the rich depth of new data becoming
available since the advent of WSI will open up future studies that might use this information
in teaching and evaluation. In this paper we outlined methods of collecting data remotely
on pathologists’ viewing behaviors. Given the wide range of pathologists’ interpretations
and diagnoses of complex melanocytic lesions, studying pathologists’ viewing behaviors and
interpretive strategies might be beneficial in many areas, and specifically in education.
Despite the fact that using WSIs in digital pathology has many benefits, there are various
challenges in obtaining such technology and procedures. Each step of high-quality pathology
slide preparation, including embedding, cutting, staining, and scanning, is critical to the
successful adaptation of whole-slide images in digital pathology [20]. The methods and
operational quality controls must be standardized to reduce system mistakes and random
errors, because a single noise in huge data might cause misclassification of the case. Therefore,
acquisition of high-quality scanners and staff to manage the complete WSI system is costly.
High-capacity servers are needed for storage and distribution purposes. Moreover, numerous
technological and ethical issues must be resolved when allowing clinical teams to share and
analyze imaging data and patient information across a larger platform. Besides the technical
challenges, the small experimental sample sizes in pathology studies may limit generalizability
and introduce challenges to the statistical analysis. Although these challenges remain true,
computational pathology will continue to improve clinical processes and communication among
pathologists with the introduction of digital pathology technologies, statistic algorithms, and

the growing medical data and whole slide images.
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Chapter 4

ATTENTION-GUIDED ROI DETECTION

4.1 Introduction and Motivation

Detecting regions of interest (ROIs) on a whole slide image (WSI) involves a visual assessment
of an image to locate regions with the most relevant and representative pathology. An
eye-tracking study highlights the crucial role of fixating on a consensus-defined ROI, as failure
to do so can lead to the pathologist overlooking these critical areas [12]. Previous studies show
a connection between pathologists’ viewing behaviors and diagnostic accuracy [34, 80]. The
study presented in this chapter hypothesizes that computer-aided diagnosis (CAD) systems
might benefit from incorporating viewing behavior data. Hence, automatic ROI recognition
is a reasonable first step to developing an automated diagnosis system. Marzahl et al. [70]
shows that automatic annotations on microscopy slides increased consensus among experts
and increased accuracy in deep learning classifiers more than manual annotations, ensuring
more consistent and repeatable results which is highly desirable in the medical field.

The most common methods for detecting ROIs include supervised machine learning
techniques on a low-level image features. Pathologists, on the other hand, find this difficult
to understand and often unrelated to the visual characteristics they observe. The semantic
gap between pathological observation and low-level representation of visual properties of
the image is a significant barrier to the correct translation of expert knowledge into CAD
models. Encoding pathologists’ qualitative expertise into low-level features is a complicated
but promising task [32]. With the introduction of digital pathology and whole slide imaging,
pathologists’ interpretive behaviors during the medical decision-making process can now
be recorded and studied. This enables us with a greater integration of expert knowledge

into CAD systems. Typically, a pathologist does not examine the entire slide, but rather
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focuses their assessment on a few visual areas or ROIs [39]. As a result, recognizing ROIs
in histopathology images may be a potential source of knowledge in a variety of diagnostic
tasks. Such ROIs could establish new learning frameworks that would be used in medical
education and training, and diagnosis assistance. In addition, an accurate detection of such

regions can highly reduce the computational cost and diagnosis time.

Previous ROI detection systems have been developed in different frameworks including

object detection |60, 71, 88, , 73, 0], tissue segmentation [91, 93, 16, 67, 52|, classification
[79], CNN-based feature extraction [55, , 72], and content-based histopathology image
retrieval 143, , 90]. These methods mostly rely on pathologists’ manual ROI annotations,

which are costly, time-intensive, and require domain expertise. However, pathologists’ viewing
behavior data collected during their routine diagnosis sessions on digital viewers, offers a
rich and efficient source of information for ROI detection [117]. While Mercan et al. [79]
employed pathologists” viewport-tracking for breast biopsy images and Zou et al. [117] used
ophthalmologists’ eye-tracking for retinal images to localize diabetic macular edema ROIs,
these models are restricted by their reliance on basic image attributes like color and texture.
These models face challenges in generalization and performance across varied conditions such
as different scanners, color distributions, and image types. Moreover, research in computer
vision has demonstrated that deep learning algorithms can outperform algorithms that use

hand-crafted features [19].

In this chapter, we propose an innovative method combining information on pathologists’

viewing behavior and deep image features to generate heatmaps indicating diagnostically
relevant areas on WSI. A heatmap is a visual representation of data where varying colors
highlight the significance or frequency of pathologists’ attention on specific regions. These
heatmaps guide our model, enabling the reconstruction of heatmaps for input images. Our
approach integrates pathologists’ domain knowledge with deep image features, enabling robust
ROI detection. The model’s effectiveness is demonstrated by evaluating its performance
on WSIs of skin biopsies of melanocytic lesions. The proposed model excels by utilizing

pathologists’ viewing behaviors, offering the potential to assist pathologists in clinical training



25

programs, clinical practices, and the development of CAD systems. The key contributions of

our study include:

e a novel system that emphasizes viewing behaviors for ROI detection,

e broad applicability to varied pathology types,

e high recall in ROI identification,

e performance improvement of computer-aided diagnosis models by incorporating ROI

detection result as supplementary signals.
4.2 Related work

Mercan et al. [79] proposes a bag-of-words (BoW) model [113] to represent diagnostically
relevant regions of interest (ROIs) in a digital breast biopsy dataset. The bag-of-words
model represents images as collections of visual words, which are 120 x 120 pixel image
patches extracted from the original WSI.The bag-of-words model is constructed by clustering
the visual words into a visual vocabulary using k-means clustering. Each visual word is
represented by a feature vector that combines local binary pattern (LBP) histograms for
texture and Lab histograms for color. The sliding window approach is used to extract visual
bags (3600 x 3600 pixel image windows) that overlap with ROIs as positive samples and
everything else as negative samples for classification using logistic regression. Experiments
were conducted to compare different dictionary sizes, visual word definitions, and training
data. The proposed method achieved 75% accuracy in detecting ROIs from unseen images.

Elmes et al. |27] proposes a supervised deep learning framework and autoencoder based
network to get image representations from the encoder. They use 30 images (segmented into
128 x 128 pixel patches) of small bowel biopsies and 5-fold cross-validation in their training
and validation phase. They cluster their patches into seven clusters representing villi, crypt,

stroma, etc. using k-means. They used an autoencoder with 5 stages convolution as encoder
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and 5 layers of transposed convolution as their decoder. They assign the feature vector for
each patch to one of seven clusters they defines based on the least squared Euclidean distance
between the patch’s feature vector and the cluster centers. The recorded heatmaps were
integrated over the segments in each cluster to give the cluster’s weightings. Then, kernel
density estimation is used to generate the heatmap based on the cluster weightings. They
evaluate their results by a pathologist and also empirically using a deep network for coeliac
disease classification. They do not provide details on how they obtain viewing behavior

heatmaps and how to integrate the heatmaps into clusters.
4.3 Dataset

M-Path dataset was used to perform this study. The description of M-Path skin biopsy
specimens of melanocytic lesions, pathologists’ characteristics and viewport data, and con-
sensus reference panel are explained in sections 2.1, 2.2, 2.3, and 2.4 respectively. To be
consistent with the latest revision of the MPATH-Dx classification scheme [5], we combined
classes 1 and 2 in the original dataset. This leaves us with a more balanced data distribution
among 4 different classes. Table 1 summarizes our dataset distribution among the four
MPATH-Dx classes. From the M-Path dataset, which contained 240 patients’ digital WSIs of
their skin biopsies, we narrowed down our selection to 172 cases. This selection was based
on the availability of viewport tracking data for a case and the inclusion of interpretations
(pathologist, case) with a maximum of 1-class error, as defined in section 2.4.

As a consequence of this criterion, a total of 856 interpretations (an average of 5 pathologists
independently interpreted each case) were retained out of the initial 1036 interpretations.
We analyze our WSIs at 10x magnification as they provide enough clinical information to
allow diagnostic classification by the pathologists for most cases, yet are of reasonable size
for processing. To address the challenges posed by the large size and variability of WSIs,
various processing techniques can be applied. While one approach involves down-sampling
and resizing the WSIs to a fixed size, this can lead to a loss of valuable information. Instead,

we employ a cropping strategy, dividing the WSIs into non-overlapping patches of size 256x256
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and 512x512. By processing each patch individually, we can retain important details while
effectively managing the computational requirements associated with the analysis of WSIs.
Our dataset was split and stratified based on the consensus MPATH-Dx class of each case to
train (60%), validation (20% ), and test (20%) sets. This ensures that each subset contains a
representative distribution of the four different MPATH-Dx classes. In Table 4.1 we provide

a summary of the size of the train, validation, and test subsets.

Table 4.1: Dataset summary.

# of Cases # of Cases # of Cases Total

MPATH-Dx Class
(Train 60%)  (Validation 20%)  (Test 20%)

1 and 2 26 9 9 44

3 26 9 9 44

4 24 8 8 40

5 26 9 9 44

Total cases 102 35 35 172

Total interpretations 507 180 169 856
Total patches (256 x 256) 96614 15812 23440 135866
Total patches (512 x 512) 26699 4691 6604 37994

4.4 Methods

4.4.1 FExtracting Viewing ROIs

The viewport tracking procedure recorded the coordinates of the windows corresponding to the
parts of the WSI visible on the screen. A viewport log is a sequence of screen coordinates and
zoom levels with timestamps that indicate the pathologists’ screen location in the digital WSI.
The sequence of viewports from a particular pathologist’s interpretation of a particular slide
is denoted as [;,t = 1,2, ...,T in the notations below. We employed the method proposed by
Mercan et al. [79] to extract diagnostically important areas from WSIs based on pathologists’

viewing behavior. This method involves three behaviors: zoom peaks, slow pannings, and
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fixations. We describe these three behaviors below and more details about their methodology

can be found elsewhere [79].

e Zoom peaks (/;) are the log entries where the zoom level is higher than the previous
and the next entries. A zoom peak identifies a region where the pathologist inten-
tionally zoomed to look at a higher magnification. During the diagnostic process, low
magnification views are also very important in terms of planning the search strategy
and seeing the big picture. In low magnification, the pathologists determine the areas

of importance to zoom into.

zoom(l;—1) < zoom(l;)

zoom(liy1) < zoom(l;)

e Slow pannings (l; ;) are the log entries where the zoom level is the same as the
previous entry, and the displacement (distance between the center of two viewports) is
small. We used a 100 pixel displacement threshold on the screen level to define the slow
pannings. The quick pans intended for moving the viewport to a distant region result
in high displacement values (more than 100 pixels). In comparison, slow pannings are
intended for investigating a slightly larger and closer area without completely moving

the viewport.

zoom(ly,) = zoom(lpy1) Vk€d,...,j—1

displacement(lg, l11) < 100 Vk€i,...,j—1

e Fixations (/;) are the log entries where the duration is longer than 2 seconds. Fixations
identify the areas to which a pathologist focused extra attention by looking at them
longer. Entries associated with a duration of more than 1 minute were excluded due to

the assumption that the pathologist was not actively interpreting during that time.
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fization(l;) > 2sec

In histopathologic diagnosis, the field of view holds significance for pathologists, as they
can explore digital cases by zooming in and out. Lower magnification viewports encompass
a larger area of the WSI. To maintain control over the size of extracted viewports using
this methodology and to identify more precise regions within the images, we exclusively
consider view-ports with a magnification greater than 5x. In the following sections, we refer
to these regions as viewing ROIs. Note that these regions are not necessarily related to the
final diagnosis given to a case by the expert and may include distracting regions as well as
diagnostic regions. Figure 1 shows how viewing behaviors of different pathologists differ while

viewing the same case which results in different viewing ROIs.

4.4.2  Generating Viewing Heatmaps

Each skin biopsy case in our dataset is independently viewed by an average of 5 community
pathologists. We generated a single heatmap for each case by merging all the viewing ROIs
extracted from pathologists’ interpretations as described in section 4.4.1 and shown in Figure
4.2. However, to reduce the distracting areas viewed by pathologists, we only consider
interpretations with a maximum of 1-class diagnosis error as defined in section 2.4. We define
an accurate diagnosis as a diagnosis in agreement with the consensus reference classification
and diagnosis error as a difference between the pathologist’s diagnosis and the consensus
diagnosis.

We generated a pixel-level heatmap based on the duration that each pixel was viewed.
The total viewing time for each pixel across all viewports was accumulated to determine
its heatmap value. These heatmaps were then normalized to values between 0 and 1. This
means regions with a lower value (less bright regions) are of lower importance and pixels
with higher values (brighter regions) are more important in the diagnosis as they have been

viewed more during diagnosis. These heatmaps are used as the ground truth in this study.
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Pathologist’s viewports Pathologist’s viewing trace Pathologist’s viewing ROls

s

i gad

Pathologist A

Pathologist B

Figure 4.1: Each row visualizes a different pathologist’s viewing patterns and behaviors. Left:
All viewports are shown in rectangular regions with black borders. Middle: Traces of the
viewports by connecting the center of rectangles shown on the left, starting the viewing
process from the green circle, and ending viewing of the case with the red circle. Right:
Viewing ROIs extracted from all viewports on the left using zoom peaks (blue), slow pannings

(red), and fixations (green).

4.4.83 Method and Experiment Setup

Autoencoders, as initially conceptualized [105], are designed to reconstruct their input. They
are mainly composed of an encoder network that maps input data into a low-dimensional
latent space and a decoder network that reconstructs the input from this latent space
representation. The objective is to ensure the reconstructed version closely resembles the

original. Encoder-decoder models are optimized by minimizing the disparity between the
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Pathologist A Pathologist B

Union of viewing ROIs
from 4 pathologists Grayscale heatmap Colored heatmap overlaid on WSI

-~

Figure 4.2: Left: Extracted viewports from four different pathologists independently viewing
the same case. Middle: Merger of all the viewports shown on the left column. Right:
Generated grayscale heatmap of the middle column viewports based on the viewports’
duration and the colored version overlaid on top of the WSI, highlighting the important

regions.

input and output images, typically by using mean squared error (MSE) as a loss function.
This equips them with the proficiency to reconstruct images from condensed representations
with high fidelity.

Deep learning has shown considerable potential in medical image analysis applications
in recent years [123, 18, 35|. However, translating research breakthroughs into clinical tools
remains a challenging process |1 11]. One of the primary barriers is the scarcity of high-quality
labeled data required for developing accurate models [122]. Transfer learning [135] offers
a solution by leveraging a model pre-trained on a different task, like ImageNet [21], as a
foundation for a novel task. In the context of encoder-decoder architectures, transfer learning

can be used to fine-tune a pre-trained model as the encoder to extract features for a new task.

In this study, we used three model architectures to reconstruct input images as illustrated

in Figure 3: a convolutional autoencoder (ConvAE), a U-Net, and an Attention U-Net.

e ConvAE: We initialized the encoder with the ResNet-18 [13] model pre-trained on
ImageNet ImageNet [21]. Our decoder consisted of 5 deconvolution layers with ReL.U

activation, except for the final layer, which used Sigmoid activation.
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e U-Net and Attention U-Net: We used the implementation of U-Net [102] by Yakubovskiy
[132]. Both models were initialized with ResNet-34 [64] pre-trained on the ImageNet
dataset as the encoder and a standard U-Net decoder. Figure 4.3 demon-strates the
pipeline of our system. The Attention U-Net incorporated spatial Squeeze and channel

Excitation (scSE) attention modules [104].

For our experiments, we used the Adam optimizer with a learning rate of 0.001. For the
256x256 patch size experiments, we used 2 GPUs with a 64 batch size. For the 512x512 patch
size experiments, we used 4 GPUs with a 32 batch size. Models were trained on the training
set and validated using the validation set to stop training when the model’s performance
started to degrade and avoid overfitting. All experiments were done on NVIDIA GeForce
GTX 1080 GPUs with 8GB memory each.

For image pre-processing, we used the ImageNet standard normalization, setting the mean
to (0.485, 0.456, 0.406) and the standard deviation to (0.229, 0.224, 0.225). Additionally, we
employed a diverse set of image augmentations, including horizontal and vertical flips, random
cropping, sharpening, embossing, brightness adjustments, hue and saturation modifications,
grayscale conversion, and contrast adjustments. These augmentations were applied in a

randomized sequence to enhance the robustness and variability of our dataset.

In addition to our approach, we also re-implemented the method by Mercan et al. [79].
Originally designed for ROI detection in breast biopsy images, we adapted, trained, and
tested this model using our M-Path dataset. The method follows a bag-of-words approach
[113] for feature construction. By using a sliding window, the WSI is divided into 1024x1024
bags, overlapping by 512 pixels in both dimensions. Each bag is further divided into 128x128
non-overlapping words (8x8 words per bag). Using the K-means clustering algorithm, words
are grouped into 40 clusters based on their color (Lab) and texture (LBP) features extracted
earlier. For each bag, a frequency histogram is calculated, representing the distribution of
the 8x8 patches across the 40 clusters. Next, viewing ROIs are extracted as described in

section 2.2.1, and bags are labeled as either positive (ROI) or negative (non-ROI) based on
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WSil-level to Patch-level input

Model Architecture Patch-level to WSI-level output

— Encoder Decoder N

| Reconstructed Reconstructed
N Autoencoder /1 patches Heatmap 3

Figure 4.3: Pipeline of the ROI detection model. The encoder transforms input patches into
a latent representation z, while the decoder then reconstructs these inputs from the latent
space back into the original pixel space. See section 4.4.3 for details of the encoder and

decoder architectures of the model.

their intersection with the extracted viewing ROIs. Finally, we employed a Random Forest
classifier to distinguish between ROI and non-ROI. More details of this method can be found

in [79].

4.4.4  Evaluation

Quantitative Assessment. To evaluate our results at an individual patient skin biopsy WSI
level, we stitched patches generated by our model together to generate the WSI-level heatmap.
We used Mean Squared Error (MSE) and Structural Similarity Index (SSIM) to measure
the similarity between the reconstructed heatmaps and the ground truth. Additionally, we
employed standard pixel-level segmentation metrics, including Intersection over Union (IoU),

precision, recall, and F1-score to assess each model’s performance. Collectively, these metrics
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offer a comprehensive assessment of the model’s capability.

e MSE: Measures the average squared differences between the predicted and actual values,
commonly used to assess an autoencoder’s performance. In our context, the predicted
value corresponds to the model-generated heatmap, while the actual value is the ground
truth from pathologists’ viewing behavior. MSE is defined below in equation 4.1 where
m and n are the dimensions of the image, y; ; and ¢; ; are (7, j) pixel values at input

and output images respectively.

Dm0 2o (Yig — Uig)?

mxn

MSE =

(4.1)

e SSIM: Measures the similarity between two images by comparing their structural
information, including luminance, contrast, and structure. It provides a score ranging
from 0 to 1, with 1 denoting identical images. In our study, we calculated the SSIM
score between the model’s reconstructed heatmap and the ground truth heatmap. The
SSIM score was used as an objective measure of the similarity between the two images,
with a higher score indicating a better match. The formula for calculating SSIM is
provided in equation 4.2 where [, ¢, and s represent the luminance, contrast, and
structure components. The parameters «, 3, and ~ are used to weight each component,
with typical values of 0.01, 0.03, and 0.03, respectively. y and g are the input and

output images respectively.

SSIM = U(y,§)" * c(y,§)” * s(y,9)" (4.2)

e [oU, Precision, Recall, and F1l-score: Measure the overlap between the generated
heatmap and the ground truth, revealing how much of the ground truth is identified by
the model. First, we apply a binary thresholding for each heatmap with a threshold
of 0.5, categorizing pixels with values above this threshold as "1’ (ROI) and below
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as '0’ (non-ROI). We conducted experiments with several threshold values—0.4, 0.45,
0.5, 0.6, and 0.7—and found 0.5 to be the best threshold for this task. Based on this
binary thresholding, the definitions of True Positive (TP), False Positive (FP), and

False Negative (FN) are given below:

— TP refers to the number of pixels correctly predicted as ROI,
— FP denotes the pixels incorrectly predicted as ROI,

— FN represents the ROI pixels that were missed by the model.

Precision =TP/(TP + FP)

Recall =TP/(TP + FN)
(4.3)
F1 = 2x Precision * Recall/(Precision + Recall)

[oU = TP/(TP + FP + FN)

Clinical Evaluation by Dermatopathologists. We asked three dermatopathologists
to review the model-generated heatmaps on the test set containing 35 WSIs and grade the
model’s performance using discrete scoring. It’s crucial to note that these dermatopathologists
are different from the community pathologists whose viewing behavior was used to train
our model. Their task was to evaluate the segmentation of the whole slide images. Each
dermatopathologist received an individual Google Forms survey. Each of the 35 WSIs was
presented at 10x magnification alongside the grayscale model-generated heatmaps. An
overlay of the heatmap on the corresponding WSI was also available for better clarity. The
dermatopathologists addressed two questions aimed at discerning whether the model was

over-detecting or under-detecting essential regions:

e Q1: Does the heatmap closely correlate with your viewing behavior? Rate yes, somewhat,

or 1no.
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e (Q2: Does the most intense region of the heatmap include the region most representative

of your diagnostic impression? Rate yes or no.

It’s essential to underscore that human analysis, particularly within medical evaluations,
embodies a degree of inherent subjectivity. Recognizing this, our dermatopathologists
convened in a collaborative session before their individual case analyses to develop standardized
definitions to follow for each of the two clinical questions. This meeting enabled them to
arrive at a mutual understanding of the interpretation of the cases. This consensus-building
initiative was strategically implemented to instill a level of uniformity in the evaluation
process, aiming to reduce individual biases. We analyzed the feedback from all three surveys,
considering each one individually and collectively. We categorized the responses for Q1 and Q2
into distinct labels. Specifically, for Q1, the responses were categorized as "No," "Somewhat,"

and "Yes." For ()2, the responses were categorized as "No" and "Yes."

Computer-aided Diagnosis. The proposed ROI detection framework generates heatmaps
that can be used as supplementary signals to train Diagnostic model. We utilize the ar-
chitecture presented in [30] for this purpose. In this architecture, multiple masks can be
appended as additional channels to the input image. Using a MobileNetV2 backbone [106],
we extract features from the images at three scales of 7.5x, 10x, and 12.5x. These feature
vectors are subsequently fed into ScATNet [129] which aggregates information of the three
scales to perform the diagnostic task using Transformer blocks. Specific details regarding
the model architecture can be found in [36, 129]. We trained our models for 200 epochs on a
single NVIDIA RTX A4000 GPU with 16 GB GPU memory. All the training details and

hyperparameters are the same as those in [129].

We train two models for comparison: one using only WSIs and the other incorporating the
heatmaps generated by our ROI detection model as a fourth channel added to the WSIs. We
evaluate the models using Fl-score (equation 4.3), as well as sensitivity (recall) and specificity
as shown in equation 4.4. Given that this is a multi-class classification problem, TP, FP, FN ,

and TN are calculated by summing across all classes.
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Sensitivity(Recall) = TP/(TP + FN) (4.4
4.4

Specificity = TN/(T'N + FP))

4.5 Results

Quantitative Evaluation. In this section, we provide the results of our experiments. We
present the results of our experiments and their improvement over the method by Mercan
et al. [79] in Table 4.2. Experiments v1-v3 and experiments v4-v6 use patch sizes of 256
and 512 respectively. In order to validate the consistency of our model’s performance, we
conducted multiple runs with three distinct random seeds and reported the average values
for each metric. Our best model outperforms Mercan et al. [79] by 20% in precision, 11% in
recall, 22% in Fl-score, and 12% in Intersection over Union (IoU). Figure 4.4 shows heatmaps
generated by our model on an unseen test set, alongside their ground truth viewing heatmaps.
Additionally, we conducted experiments to investigate the effects of patch size and types of
pathologists’ viewing behavior on the model’s performance. The results of these experiments

are discussed in the subsequent sections.

Table 4.2: Results of Experiments evaluated using the M-Path dataset (see chapter 2.)

Model Architecture Patch size  Avg. MSE  Avg. SSIM  Precision Recall F1 score IoU

vl: ConvAE 256 0.0146 0.876 0.28 0.49 0.36 0.18
v2: U-Net 256 0.0149 0.709 0.27 0.53 0.36 0.20
v3: Attention U-Net 256 0.0147 0.712 0.26 0.45 0.33 0.18
v4: ConvAE 512 0.0147 0.692 0.20 0.48 0.28 0.15
v5: U-Net 512 0.0155 0.682 0.19 0.44 0.27 0.14
v6: Attention U-Net 512 0.0157 0.677 0.18 0.53 0.27 0.15

Mercan et al. [79] - - - 0.08 0.42 0.14 0.08
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Figure 4.4: Visualized result for 4 example WSIs. Left: WSIs. Middle: Ground truth
heatmaps from pathologists’ viewing ROIs (see section 4.4.1). Right: Model-generated

heatmap on unseen data.
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Patch size. To investigate the affect of patch size on the performance of our model, we
setup our experiments with two different patch sizes: 256 x 256 and 512 x 512. A summary of
the number of training and testing samples is provided in Table 4.1. By reducing the size of
patches, the model loses insight on the location of these patches and their neighbor patches.
On the other hand, increasing the size of patches would require more computing resources and
higher training time. The results of this experiments show that a smaller patch size would
result in a more fine-grained heatmap which is more similar to the original heatmaps. Figure
4.5 shows the results from 256x256 patches and 512x512 patches compared to the ground
truth heatmap. Models trained with a smaller patch size have higher Precision, Recall, and

F1 score.

Pathologists’ viewing heatmap Model-generated heatmap — Patch size: 512 Model-generated heatmap — Patch size: 256

Case A

CaseB

Figure 4.5: Left: Heatmap generated using pathologists’ viewing ROIs (see section 2.2.2).
Middle and Right: Heatmaps generated by the model on unseen data with 512x512 and

256x256 patch sizes respectively.

Expert vs community pathologists viewport data. We investigated how viewing
behavior from two groups of pathologists, community and M-Path consensus reference panel

pathologists, would impact the performance of the model in detecting more precise ROIs.
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Hence, we used viewing behavior heatmaps generated from viewports of these two groups
as input for training our model. Figure 4.6 shows a comparison of the consensus reference
panel and community pathologists’ viewing behavior heatmaps and the corresponding results
generated using these heatmaps during training. Heatmaps of the consensus reference panel
are less cluttered and focused on a few smaller regions whereas community pathologists

perform a more comprehensive scan of the slide.

Pathologists’ viewing heatmap Model-generated heatmap

Consensus
Reference
Panel
Pathologist

Community
Pathologists

Figure 4.6: Top: The consensus reference panel pathologist ground truth heatmap and its
model-generated heatmap. Bottom: Community pathologists ground truth heatmap and its

model-generated heatmap.

Clinical Evaluation. WSIs often contain multiple important regions. However, the
ground truth heatmap, generated from pathologists’ viewing behavior (see section 6.3.1),
might not encompass all of these important regions. We observed that our model identified
certain areas with characteristics akin to these critical regions, leading to a high false positives
rate. Consequently, the conventional pixel-level segmentation metrics do not entirely reflect

the model’s efficacy. To address this, we performed a clinical evaluation, involving three
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dermatopathologists. This evaluation comprised two questions, measuring the resemblances
between the pathologists’ assessment of the critical regions of the WSI and the model-
generated heatmaps. To provide a clear representation of the feedback, we used spineplots to
display the proportion of responses within each category for each pathologist, as well as the
average proportion across all pathologists. Figure 4.7 visualizes the distribution of responses,
providing insights into the consensus among pathologists and highlighting any variations
in their evaluations. The outcomes from this assessment demonstrate the capability of our
model to generate a heatmap that replicates the regions that a pathologist would view and

also to highlight the regions most representative of the final diagnosis.

Q1: Does the heatmap closely correlate with your viewing behavior? Q2: Does the intense region represent your diagnostic impression?

== No = No
s Somewhat . Yes
- Yes

Average Average

Pathologist #3

Pathologist #3

Pathologist #2

Pathologist #2

Pathologist #1 Pathologist #1

0.0 02 04 06 08 10 0.0 02 04 06 08 1.0
Proportion Proportion

Figure 4.7: Proportion of responses from individual pathologists and the average of all three
pathologists for (a) Q1: Does the heatmap closely correlate with your viewing behavior? and
(b) Q2: Does the most intense region of the heatmap include the region most representative

of your diagnostic impression?

Computer-aided diagnosis. In Table 4.3, we present the results of our diagnostic
experiments. Each model was trained using 5 different random seeds and we are reporting
the average scores of each experiment. The results indicate an improvement in the diagnostic

performance of the model when the heatmap is included as an additional channel in the input.
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Additionally, saliency analysis using gradients helps identify relevant areas in an input image
that contributed to the prediction. We compare the heatmaps generated by our model with
the saliency maps of the ScATNet [129] model trained only on WSIs. Figure 4.8 shows that

our model’s heatmaps are more aligned with pathologists’ viewing heatmaps.

Table 4.3: Results of WSI diagnosis. All numbers are average scores over 5 random seeds per

experiments.
Model Input Micro Fl-score  Specificity — Sensitivity
WSI 0.59 0.86 0.59
WSI + Heatmap  0.63 0.88 0.63
Pathologists’ Viewing Heatmap Our Model’s Generated Heatmap ScATNet’s Saliency Map

Case A

Case B

Case C

Figure 4.8: Comparison of the heatmaps generated by our ROI prediction model (middle)
and the saliency maps of ScCATNet [129] trained for diagnosis using WSIs (right). Ground

truth heatmaps, based on pathologists’ viewing behavior, are shown on the left.

4.6 Limitations, impact, and conclusion

Whole slide imaging has provided the opportunity to study the diagnostic viewing process of

pathologists, yielding valuable insights that can be utilized to develop innovative training and



43

evaluation programs as well as possibly using the data to improve computer-aided diagnosis
systems. We have introduced an ROI detection system as the first step of the diagnosis
process, aimed at assisting pathologists in quickly identifying relevant regions. The ROIs,
identified using pathologists’ viewing behaviors such as zoom peaks, slow pannings, and
fixations, were utilized to generate a grayscale heatmap which guides our model to focus on
crucial image regions. We employed three deep learning architectures for reconstructing the
heatmaps. These regions may not necessarily represent the definitive ROIs of the digital
slide but replicate a pathologist’s viewing patterns that can include distracting or misleading

regions, providing a more realistic depiction of the diagnostic process.

Our model outperformed the Mercan et al. method [79], with an emphasis on high recall,
capturing all relevant regions to reduce the chance of missing crucial information, despite
potentially including some false positives. The use of viewport-extracted ROIs and square-
shaped patches allowed our model to align closely with the ground truth in terms of shape
and structure. In additional experiments, we analyzed the impact of patch size and type of
pathologists’ viewing behavior on our model’s performance. Larger patch size had little effect
on performance but required more computing resources. Models trained using the consensus
reference panel pathologists’ viewing heatmaps produced fewer false positive samples since
these heatmaps highlight smaller image regions as these pathologists did not require a lot of
scanning to find the ROIs. Consequently, the final output of the model generated from the
viewing data of the consensus reference panel pathologists consisted of smaller and fewer ROIs.
The intrinsic complexity of ROI detection can lead the model to detect regions as ROIs that
are not present in the ground truth set. However, this does not imply that these regions are
insignificant. These regions can be ignored if found irrelevant by pathologists. The findings
from our clinical evaluation demonstrate the effective performance of our model, despite its
low precision. Moreover, the tracking software records visible regions in a rectangular shape,
introducing unimportant surrounding regions and white space background, especially at lower
zoom levels. Despite our efforts to minimize non-tissue patches during WSI pre-processing,

the complete exclusion of unwanted regions was not achievable. Furthermore, the absence
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of eye-tracking data restricts our ability to accurately determine the specific focus points of
pathologists within these full viewports. Despite these limitations and challenges, our model
demonstrated efficiency by simplifying and accelerating ROI annotation, thereby reducing
costs.

We integrated the results of the ROI detection model into a computer-aided diagnosis
system as supplementary signals and demonstrated that the performance of the diagnosis
model improved with this addition. Moreover, we visualized the saliency maps of the
diagnosis model trained solely on WSIs (without the heatmaps). Upon comparison, our
model’s generated heatmaps showed greater alignment with pathologists’ viewing heatmaps
than the saliency maps of the diagnosis model.

In the field of ROI detection in histopathological images, our approach distinguishes itself
by integrating pathologists’ viewing behavior data from their clinical review and interpretation
of each case into the model’s training; this viewing behavior data is quite distinctive from
the many methods that predominantly rely on manually labeled ROIs. While numerous
studies have focused on an object detection approach, our analysis suggests that this might
not be the optimal paradigm for such a nuanced task. ROIs in histopathological images differ
from standard objects found in natural images, challenging exact bounding box comparisons.
Instead, our model uses behavior-driven heatmaps to effectively highlight diagnostically
relevant regions. This unique methodology, grounded in real-world clinical insights, positions
our approach a notch above most state-of-the-art techniques, which often overlook the
importance of replicating the intricate clinical viewing behavior of pathologists. Moreover,
the lack of available public datasets that capture viewing behavior in histopathological images
is a recognized challenge. This restricts external validation of our methodology on diverse
datasets and poses a barrier to direct comparisons with other existing techniques.

As the future direction, the addition of precise eye-tracking data would help determine
the exact focus of pathologists within the full rectangular viewports, potentially refining
the output of the model. The proposed ROI detection model can be used for developing

automated diagnosis systems by locating crucial regions rather than processing the entire
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slide. Additionally, it would be beneficial to explore the optimal integration of these models
into practical, clinical settings and understand how this technology can be more tailored to
individual needs for pathologists at varying experience levels. This is because integrating CAD
models into healthcare practice requires strict regulatory standards, exhaustive validation,
and certification to ensure patient safety and compliance with medical protocols. Moreover,
scalability is a pivotal concern, as models proven in controlled experimental settings must be
adeptly tailored to accommodate the heterogeneity of data encountered in practical clinical
environments. This type of algorithm to identify important image ROIs could be quite helpful

as a resource for training and educating the next generation of pathologists.
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Chapter 5
VISION-LANGUAGE MODELS IN HISTOPATHOLOGY

5.1 Introduction and Motivation

For the microscopic study of tissue in histopathology, a thorough analysis of whole slide
images (WSIs) is crucial. The analysis of these information-rich images requires more than
just a patch-level examination for an accurate diagnosis. Previous approaches frequently
summarize WSI data into a single diagnostic label, failing to account for the complexity
of histopathological information [112]. The necessity for more expressive, interconnected
representations that can capture the complex patterns found in histopathological patches is
shown by this oversimplification. Natural language descriptions offer a promising solution
by providing additional signals beyond the scope of single labels by connecting the features
within these patch structures |30, 50].

Although vision-language models have great promise for improving histopathology analysis,
the lack of large-scale, comprehensive datasets poses a major obstacle for the field. Existing
open-source contributions like OpenPath [50] and ARCH [30], while notable, are constrained
in size and scope. Approaches such as PMC-15M [137], which curate large volumes of
biomedical image-text pairs, are not publicly available and their specificity to histopathology
is yet unclear. This gap emphasizes that a large-scale vision-language dataset specific to
histology is needed.

To address this need, we present QUILT, a dataset including 437, 878 images aligned with
802, 144 text pairs at different microscopic magnification scales ranging from 10x to 40x. This
dataset was curated from publicly available educational YouTube videos on histology which
contain pathologists’ expertise. QUILT is extracted from 1,087 hours of educational content

using a variety of models, including large language models, handcrafted algorithms, human
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knowledge databases, and automatic speech recognition. This procedure ensures that the
dataset provides distinct contributions without duplicating information from other sources.
Additionally, we combine QUILT with additional publicly available image-text histopathology
datasets from sources like as X (formerly Twitter), PubMed research articles, and the Internet
to build QUILT-1M, the largest image-text dataset of its kind to date.

Furthermore, accurate diagnosis depends on an understanding of the holistic nature of
WSIs. Using critical reasoning and navigation of these WSIs, pathologists make diagnoses
based on morphological concepts and spatial relationships within the tissue [12]. The
diagnostic value of current histopathology models is limited since they are unable to reason
beyond isolated patches, which is how they are generally analyzed. The success of multi-modal
models like the Large Language and Vision Assistant (LLaVA) [65] in natural image domains
suggests the potential for comparable approaches in the histopathology domain. Nevertheless,
existing multi-modal models for histopathology [65, 81], which rely on image-caption pairs
extracted from PubMed articles, fall short due to the absence of visually grounded captions
and more comprehensive contextual information from WSIs.

To fill this void, we present QUILT-INSTRUCT, an instruction-tuning dataset of 107,131
histopathology-specific question/answer pairs. This dataset, like QUILT, is extracted from
educational YouTube videos but goes further by grounding histopathology concepts using
spatio-temporal clustering of narrators’ mouse cursors and proposing novel instruction-tuning
QA prompting techniques. These techniques enable complex reasoning and iterative abductive
reasoning, incorporating global WSI diagnosis and supporting facts with image captions to
ground factual information and prevent hallucinations. Using QUILT-INSTRUCT and QUILT,
we train QUILT-LLAVA, a multi-modal model for histopathology capable of analyzing images
in detail, localizing medical concepts spatially, and reasoning beyond individual patches.

This chapter presents research conducted as a collaborative effort with Wisdom Ikezogwo
and Mehmet Saygin Seyfioglu, my colleagues at University of Washington. The contributions
presented in this chapter aim to facilitate the development of effective histopathology models

and advancing the field through improved educational and diagnostic tools for pathologists.
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The key contributions of our study include:

e Introduction of QUILT and QUILT-1M, the largest public vision-language histopathology
datasets, providing a rich, diverse resource for developing advanced histopathology

models.

e Development of QUILT-INSTRUCT, an instruction-tuning dataset that enhances multi-

modal reasoning capabilities in histopathology, grounded in educational video content.

e Training and evaluation of QUILT-LLAVA, a multi-modal model demonstrating signifi-
cant advancements in detailed image analysis, spatial localization of medical concepts,

and reasoning, thus bridging a critical gap in the field of histopathology.

5.2 Related work

Medical vision-language datasets. Learning vision-language representations necessitates
extensive datasets of images paired with descriptive text, a resource that is particularly
scarce in histopathology. For instance, the MIMIC-CXR-JPG v2.0.0 dataset [56] comprises
de-identified hospital-sourced chest radiographs and reports. In histopathology, The Cancer
Genome Atlas' offers de-identified PDF reports for a limited number of WSIs. However, the
enormous size of this data (up to 120,000? pixels) poses significant processing challenges,
limiting its application to a few focused studies [75].

Most medical vision-language datasets are concentrated in the radiology sub-domain, as
collecting validated multimodal data in this field is relatively straightforward [56]. Many
models are trained on subsets of PubMed [101] or comparable radiology datasets [139, 19,

, 92]. PMC-15M [137], a recent subset of PubMed not specific to histopathology, was used
to train multiple models. While these models are public, PMC-15M itself is not, making
it difficult to determine the histopathology-relevance of its content. One of the earliest

histopathology vision-language datasets, ARCH, contains only 7,614 accessible image-text

Thttps:/ /www.cancer.gov/tcga
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pairs [30, 441]. Later, OpenPath [50], a dataset of 200K image-text pairs extracted from
Twitter, became the largest histopathology dataset until QUIiLT-1M.

Visual instruction-tuning. The curation of instruction-tuning datasets from image captions

using the open-source LLMs [120, 17, 54, 116] has accelerated advances in training multi-modal
models. Significant capabilities have been demonstrated by prior work [70, , 31], where
LLaVA-1.5 matched GPT-4’s performance in some multi-modal tasks [69]. In the medical

domain, visual Med-Alpaca [11] created 54K question-answer pairs for instruction-tuning
using GPT-3.5. Although PMC-VQA [135] curated a larger multiple-choice answer dataset
from general medical fields using PubMed, its coverage of histopathology remains restricted.
For instance, LLaVA-Med [65] uses image captions from PubMed articles, adding sentences
from the article to short captions that might not always relate to the figure that is being
referred. A subset of 17K images in LLaVA-Med are relevant to histology, resulting in
49K question-answer pairs. These methods rely on isolated image-text pairs which restricts
GPT-4’s ability to think beyond its local context. The possibility of hallucinations increases
with GPT-4’s attempts to extrapolate context, indicating a major obstacle in creating useful

medical visual instruction-tuning datasets.

5.3 Dataset

5.3.1 QuiLt: Collecting medical image and text pairs from YouTube

Creating a vision-language dataset from videos presents several challenges including inap-
propriate content and limitations of Automatic Speech Recognition (ASR). Many videos
are not in English, lack audio, have irrelevant medical information, or include static, poorly
detailed histopathology images. Additionally, conventional ASR systems struggle with spe-
cialized histopathology terminologies, necessitating sophisticated solutions. Furthermore, the
de-noising of text and images from conversational videos, in which instructors regularly pan
and zoom, adds to the complexity of this task. We designed an extensive pipeline to curate

the dataset in order to overcome these difficulties. The pipeline includes the following phases,
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which are also shown in Figure 5.1:

___Extract histopathology images

& Medical text

ROl text
& UMLS entities
Sub-pathology
ﬁ Magnification

Text correction Text extraction

Gum }{ G um |
=) T
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O g

Figure 5.1: Overview of QUILT curation pipeline. We identify relevant histopathology
YouTube videos in Search. For Image extraction, we find and de-noise histopathology
frames using trained models. In Text section, we rely on a conventional Automatic Speech
Recognition (ASR) model and leverage Unified Medical Language System (UMLS) and
large language models (LLMs) for post-processing and ASR error correction. Relevant sub-
pathology, medical and region-of-interest (ROI) text are extracted using an LLM. Finally,
domain-specific algorithms are used to Pair images and text, eliminating duplicates to yield

QUILT, a richly annotated image-text dataset for histopathology.

(1) Channel and Video Data Collection: We identify relevant YouTube channels and
videos using keywords from 18 sub-pathology fields, avoiding channels with over 300K
subscribers to exclude broad science content. We download low-resolution versions of

all identified videos.

(2) Filtering Narrative-Style Medical Videos: We exclude videos that are shorter
than one minute, non-voiced, or have non-English audio. For the remaining videos, we

aSSEeSs!:

(a) Medical Content: Using FFmpeg, we extract keyframes and employ an ensemble
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ol

of histopathology image classifiers to identify videos with histopathology images.

(b) Narrative Style: We analyze selected keyframes and their subsequent frames
for cosine similarity, identifying videos where presenters spend significant time

describing WSIs in detail. We then download these videos at high resolution.

Text Extraction and De-noising: We use Whisper [95], a conventional ASR model,
to transcribe the videos. Given its limitations with medical terms, we implement
a four-step text de-noising pipeline. This process ensures the extraction of relevant

medical text and region-of-interest (ROI) text from the ASR output:

(a) Extract keywords using the Rake [103] algorithm.

(b) Cross-check keywords against UMLS [7] using SciSpacy [$1] and correct misspelled

words.
(c) Use LLMs to correct and identify additional errors within the context.

(d) Validate corrections against UMLS and a curated list of histopathology terms.

Image Frame Extraction and De-noising: We extract representative image frames
from the videos by analyzing histopathology keyframes. This involves breaking videos
into time-intervals (chunks) and extracting the median image of stable frames within

each chunk.

Aligning Modalities: For each narrative-style video, we align text and image modali-

ties by:

(a) Mapping ASR-extracted text to corresponding video chunks.

(b) Extracting and aligning medical and ROI captions to the representative images

within these chunks.
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This alignment process ensures that each image is paired with accurate and relevant tex-

tual descriptions. Figure 5.2 presents a few samples from our dataset with corresponding

metadata.

Image

Medical TEXT

ROI Text

Sub-pathology
Classification

['There are clusters of cells with micro-follicular
formations.','Nuclear pseudo-inclusions, oval
nuclei, nuclear grooves, and small nucleoli are
present in some cells.’]

['clusters of cells', 'micro-follicular
formations', 'nuclear pseudo-
inclusions', 'oval nuclei', 'nuclear
grooves', 'small nucleoli’]

['Endocrine’,
'Cytopathology’,
'Head and Neck']

['Cluster of macrophages and T cells is
characteristic of acute rheumatic fever.',
'Aschoff body is a characteristic feature of acute
rheumatic fever.’, 'Macrophages with elongated
chromatin are called Anitchkow cells and are
commonly seen in Aschoff bodies.", 'Pancarditis
with Aschoff bodies is present.']

['Cluster of macrophages and T cells',
'Aschoff body', 'Macrophages with
elongated chromatin', 'Anitchkow
cells', 'Pancarditis']

['Cardiac’,
'Hematopathology',
'Endocrine’]

['An 80-year-old man has a scar-like plaque on
the scalp that has been called malignant on a
biopsy.', 'The tissue affected by the plaque
extends from the epidermis to the galea
aponeurotica, near the periosteum of the
skull.', 'The skin, dermis, and subcutis are all
affected by the process.']

['scar-like plaque on the scalp',
'malignant on a biopsy', 'skin, dermis,
and subcutis affected by the process']

['Dermatopathology
!, 'Soft tissue',
'Hematopathology']

['Inflammatory cells surrounding cartilage can
indicate acute chondritis, with neutrophils being
the principal cell type.', 'Chronic chondritis may
be diagnosed if lymphocytes are the
predominant inflammatory cell type.']

['cartilage’, 'inflammatory cells']

['Hematopathology'
, 'Bone’,
'Dermatopathology’

1

['Large histiocytes with abundant cytoplasm
identified as Rosai-Dorfman histiocytes.', 'S100
stain showed perivascular cuffing.’, 'Initial
diagnosis of inflammatory pseudotumor of the
orbit.', 'Rosai-Dorfman disease may burn out
and leave behind fibrotic pockets.']

['Large histiocytes', 'perivascular
cuffing', 'fibrotic pockets'

['Dermatopathology
!, 'Soft tissue',
'Hematopathology']

['Epidermal acanthosis and papillomatosis
resembling a wart or seborrheic keratosis.’,
'Presence of large sebaceous glands that drain
directly through their duct out to the skin
surface, which is abnormal.’, 'Presence of a
demodex mite.']

['Epidermal acanthosis and
papillomatosis', 'large sebaceous
glands', 'demodex mite']

['Dermatopathology
', 'Soft tissue',
'Hematopathology']

['Histological description of glandular tissue
with little atypia but located in a place where it
does not belong can be a helpful criteria to
discern the presence of malignancy.’, 'Glands
located on the periphery and infiltrating into
adventitia and peripancreatic tissue may be
malignant.']

['glandular tissue', 'pancreas’,]

['Gastrointestinal’,
'Pancreatic’,
'Hematopathology']

Figure 5.2: A collection of sample images from our dataset, accompanied by corresponding
medical text, ROI text, and the top three sub-pathology classifications derived from the ASR
text using the LLM.
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5.3.2 QuIiLT-1M: Combining QUILT with other histopathology data sources

To create QUILT-1M, we expanded QUILT by adding other histopathology image-text open-
access sources: LAION, Twitter, and PubMed.

(1) PubMed Open Access Articles. We searched the PubMed open-access from 2010-
2022, extracting 59,371 histopathology image-text pairs, using our histopathology
classifier and multi-plane figure cropping algorithm. The images are categorized into (1)
images that are fully histopathology, (2) multi-plane images that contain histopathology
sub-figures, and (3) histopathology sub-figures cropped from (1) and (2).

(2) Histopathology Image Retrieval from LAION. The Large-scale Artificial Intelli-
gence Open Network (LAION-5B) [107] curated over 5 billion pairs of images and text
from across the Internet, including a substantial volume of histopathology-related data.

We tapped into this resource by retrieving 22,682 image and text pairs.

(3) Twitter Data from OpenPath. We utilized a list of tweets curated by [50], which
totaled up to 55,000 unique tweets and made up 133, 511 unique image-text pairs. This
exhibits a one-to-many relationship where many images were matched with multiple
captions; this differentiated our work from the OpenPath approach. To maintain

comparability, we followed their text pre-processing pipeline [50].

5.8.8  Curating QUILT-INSTRUCT

To create our visually-grounded instruction dataset, QUILT-INSTRUCT, we utilized educational
videos where narrators often pause while exploring WSIs and indicate salient areas with their

cursor [57, , 53, 95]. Our process involves three main steps:

(1) Cursor Localization: We isolate segments in videos where the background remains
mostly static, detecting these "stable chunks" by computing the absolute difference

between consecutive frames. We apply a Gaussian filter for adaptive thresholding to
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pinpoint frames with minimal changes, further verified by Structural Similarity Index
Measure (SSIM). In these stable chunks, we capture the cursor location by identifying
the coordinates of the maximum pixel value. To eliminate distractions such as the

narrator’s facial expressions, we use a face detection model to mask such movements.

(2) Spatio-Temporal Clustering: We cluster the cursor points across time, transforming
inputs to include spatial and temporal coordinates. An exponential decay function
prioritizes points closer in time. Clusters are dynamically formed based on word counts,
and each cluster’s temporal midpoint is used to map words to clusters, represented by

bounding boxes [x1, y1, x2, y2|.

(3) Generating QUILT-INSTRUCT: Using the grounded captions, we prompt a large
language model (LLM) to create instruction-tuning datasets. We generate two sets of

question-answer pairs:

(a) Independent Prompts: These prompts generate Q/A pairs from single image
captions, constrained by the context within each image patch [70]. These include

conversation based and detailed description Q/A types.

(b) Reasoning-based Prompts: Leveraging the contextual continuity of the entire WSI,
these prompts guide the LLM to reason beyond immediate contexts, using global
WSI supporting facts for diagnosis to enhance the depth of generated /A pairs.

These include complex reasoning and iterative abductive reasoning Q/A types.

By employing these steps, we convert 4149 educational YouTube videos into QUILT-
INSTRUCT, ensuring the dataset provides rich, spatially-grounded instruction data suitable
for advancing histopathological analysis. Figure 5.3 demonstrates steps 1 and 2 from the

pipeline above and Figure 5.4 presents sample /A pairs for each prompt type.
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Figure 5.3: To create QUILT-INSTRUCT, we first identify stable chunks within the video. For

each chunk, we compute a median frame in the pixel domain and subtract it from every frame

within the chunk. We then take the maximum value to capture the mouse cursor points.

These cursor points are then clustered to localize medical content in image captions.

i Conversation

\
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& User: Can you describe the main features visible in this histopathology image? |

i

i

i3 Assistant: The image primarily showcases a lobule, which is a small rounded !

glandular formation typically found in breast tissue. This lobule exhibits a |
classic benign structure with two distinct layers. The outer layer is composed
of myoepithelial cells, identifiable by a single row of outer nuclei. [..continues]

User: Where is this lobular architecture located within the image?

region of the image, extending towards the upper right quadrant. The
bilayered structure of the lobule, with its myoepithelial and luminal cells, is
clearly visible in this area.
[...conversation continues]
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£ Assistant: The lobular architecture is prominently displayed in the central | 1

:
i

i
i

i
:

i
i
'y
)

\

lobule has got two layers. There is an outer myoepithelial
layer you can see here, one row of outer nuclei and then
one inner row of nuclei. These are the luminal cells and of

& User: Can we make a diagnosis based on this single patch of histopathology

\
]

i

i

i

image? i
i

i

i Assistant: The patch under examination reveals a lobule with a typical bilayered 1
structure. This structure consists of an outer myoepithelial layer and an inner |
luminal cell layer, surrounding a central lumen. The presence of these two !

I
'
'
i
i
i
i
:
'
'
:
i
distinct layers of cells and the well-preserved lobular architecture are ||
:
'
'
i
i
i
i
:
'
'
i
i
i

Diagnosis
Invasive Ductal Carcinoma

characteristic features of benign breast parenchyma. The myoepithelial cells, |

represented by the outer row of nuclei, play a crucial role in maintaining the |
integrity of the breast tissue. They act as a natural barrier against potential |
invasion of cancer cells into the surrounding stroma. The luminal cells, :
represented by the inner row of nuclei, are the ones that usually undergo |

malignant transformation in most breast cancers. However, in this patch, the |

lobule appears to maintain its normal architecture without any signs of 1
distortion or irregularity. There are no visible signs of nuclear pleomorphism, |
which would indicate variation in size and shape of the nuclei, a common ||
feature in malignancies. Also, there are no evident mitotic figures, which would 1 |
suggest rapid cell division and growth, another hallmark of cancer. Based on |1
these observations, this patch seems to represent benign breast tissue. ! |
However, it's important to note that this conclusion is based solely on this | !
i
i
i

é Supporting Facts

1. Irregular, infiltrative blue areas in the breast tissue.
2. Presence of irregular, angulated glands infiltrating
into the fibrous and fatty stroma.
3. Comparison of benign lobule and malignant invasive
breast gland showing irregularity and distortion in latter.
4. Nuclear pleomorphism with variation in size and
shape
5. Presence of prominent nucleoli.

single patch. Breast cancer, such as invasive ductal carcinoma, often presents as |
6. Frequent mitotic figures indicating rapid growth. irregular, infiltrative areas in the breast tissue, with angulated glands infiltrating

i
\__into the fibrous and fatty stroma. [...continues] d

% Detailed Description

& User: In a few words, what does the histopathology image depict?

{3 Assistant: In the central to lower right portion of the histopathology image, |
there is a clear depiction of a lobule, a characteristic structure in benign breast |
parenchyma. This lobule is composed of small, rounded glandular formations, 1
demonstrating a classic bilayered appearance. The outer layer of the lobule is |
made up of myoepithelial cells, which can be identified by a single row of !
nuclei. Adjacent to this, there is an inner layer composed of luminal cells, also |
identifiable by a single row of nuclei. The space between these luminal cells !
forms the lumen. This bilayered structure, with its distinct outer myoepithelial |
layer and inner luminal cell layer surrounding the lumen, is a hallmark of :
benign breast tissue. The lobular architecture is well-preserved and clearly !
visible in this region of the image, further supporting the benign nature of the |
I

tissue.

% Iterative Abductive Reasoning

\
]
User: | see a lobule with small rounded glandular formations, exhibiting a |
bilayered appearance with an outer myoepithelial layer and an inner luminal !
cell layer. Could this be indicative of benign breast parenchyma? ]

'

i

£ Assistant: Your observation of the bilayered appearance of the lobule is |
correct and it is indeed indicative of benign breast parenchyma. However, it's |
important to remember that the presence of benign structures doesn't rule |
out the possibility of malignancy elsewhere. Hint: While you've correctly 1
identified benign structures, consider looking for signs of irregularity or |

distortion in the glandular formations. [..continues]

& User: | notice some irregularity and distortion in the glandular formations.
There also seems to be nuclear pleomorphism and prominent nucleoli. Could
this suggest the presence of a malignant process, possibly breast carcinoma?

i
i
i
:
:
i
i
:
3 Assistant: Your observations are indeed suggestive of a malignant process. The |
presence of nuclear pleomorphism and prominent nucleoli are key features of |
malignancy. [.continues] 1

i

i

:

:

i

i

User: | see the glands infiltrating into the surrounding stroma and frequent
mitotic figures. Could this suggest an invasive ductal carcinoma of the breast?

)
B assi

ant: CORRECT! Your deductions are spot on. [...continues] ]

Figure 5.4: A sample from QUILT-INSTRUCT. Only Complex Medical Reasoning and Iterative

Abductive Reasoning prompts implicitly utilize Diagnosis and Supporting Facts. Note that

some of the content is truncated due to space limitations. Please see Figures A.1-A.14-A.15

for a more complete overview of QUILT-INSTRUCT in the Appendix.
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5.4 DMethods

5.4.1 QUILTNET: Ezxperiments training with QUILT-1M
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Figure 5.5: QUILTNET, outperforms out-of-domain CLIP baseline and state-of-the-art
histopathology models across 12 zero-shot tasks, covering 8 different sub-pathologies (accu-
racy percentage provided). Details of downstream histopathology datasets can be found in

Appendix A.1.

We use the Contrastive Language-Image Pre-training (CLIP) objective [97] to pretrain
QUILTNET using QUILT-1M. CLIP takes a batch of N (image, text) pairs and optimizes a
contrastive objective to create a joint embedding space. The optimization process involves
concurrent training of both image and text encoders to increase the cosine similarity of
embeddings from aligned pairs, while decreasing it for unaligned pairs. The objective is

minimized via the InfoNCE loss, expressed as:

cos(I;,T;) cos(Il,T ) )
T;)

N
1 e
'C:_ﬁ (;logleecoslT +Zlog

ol ] 1 ecos(l;,

where I; and T; are the embeddings for the aligned i-th image and text, respectively. For the
image encoder, we use both ViT-B/32 and ViT-B/16 architectures [23|. For the text encoder,
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we use GPT-2 [99] with a context length of 77, and PubmedBert [137]. We train QUILTNET by
finetuning an OpenAl pre-trained CLIP model [97] on QUILT-1M to enhance its performance
in histopathology. Once finetuned, we conduct zero-shot image classification experiments.
Figure 5.5 demonstrates the performance QUILTNET compared against the CLIP baseline and
state-of-the-art histopathology models across 12 tasks. Details of downstream histopathology
datasets can be found in Appendix A.1.

5.4.2  Training QUILT-LLAVA

We adopted the LLAVA autoregressive model architecture due to its efficiency and to ensure
consistent evaluation against our baselines LLAVA [70] and LLaVA-MED [65]. The LLAVA
architecture integrates a vision module, a large language model (LLM), and a multi-layer
perceptron (MLP) connector, allowing the LLM to process visual information. Initially,
we trained the MLP (projector) while keeping the LLM and vision module frozen. After
convergence, we fine-tuned both the MLP and the LLM with instruction-following data to
align the model with human pathologists. Our architecture is shown in Figure 5.6. We
used a pre-trained CLIP image encoder, adapted for our domain using public histopathology

datasets such as QUILTNET [51| and PLIP [50].

1. Histopathology Domain Alignment: We first aligned our vision and language
models within the histopathology domain. We extracted 723K image-text pairs from
QUILT, converting the captions into Q/A format by randomly selecting an instruction
(Question) and prepending it to the caption (Answer). The instructions, drawn from a
predefined list, variably described the visual information in the images. At this stage,
we froze the vision and language models, training only the MLP layer to project the
image encoder embeddings to enable the language model to predict the image captions
given the questions. This step aligned the histology image embeddings with their

corresponding text embeddings.

2. Histopathology Instruction-Tuning: Finally, we fine-tuned our model with QUILT-
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INSTRUCT, keeping the visual encoder weights frozen and continuing to train the MLP
layer and the language module. This stage ensured that the model could effectively

follow complex instructions within the histopathology domain.

LLaVA
Language Responsé\‘ Quilt-LLaVA

i i
[ Language Model | Stagel o Stage2 . .. Downstream
i i
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Figure 5.6: QUILT-LLAVA was initialized with the general-domain LLaVA and trained for
two stages: Histopathology Domain Alignment on QUILT and instruction-tuning on QUILT-
INSTRUCT. We evaluated QUILT-LLAVA on visual conversation and question answering

tasks.

5.5 Evaluation and Results

5.5.1 Fwvaluation data generation

QUILT-VQA. Traditional assessment datasets in histopathology, such as PathVQA [11] and
PMC-VQA [138], have issues with contradicting answers and repetitious questions. Rather,
the interactive QQ/A style that narrators use in educational videos makes them a useful tool
for evaluation. In the video, for example, narrators may pose and respond to questions,
offering rich Q/A datasets. In order to make use of this, video transcript "?" are identified,
and GPT-4 is used to extract question-answer pairs from these texts, if the answer to the
question is provided by tha narrator within a 45 second timeframe of the question. Accuracy
and medical relevance of these generated /A pairs are ensured by manual verification. To
fully test the model’s image analysis and medical knowledge, the dataset is divided into
two categories: image-dependent (1055 /A pairs) and general-knowledge (228 Q/A pairs).

Figure 5.7 demonstrates samples of this evaluation set.
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So they look relatively large even at low power. But at higher magnification, you can see
that they're actually, there's some lymphocytes, but a lot of are histiocytes. Yes. And
notice the arrangement of the cells. How are they kind of arranged here? Yeah, so
they're arranged circumferentially around this more like lighter pale pink material. Yes,
good.

How are the cells arranged
in the image?

The cells are arranged
circumferentially around
the lighter pale pink
material.

Let's go on. There is a lot of morphology, I think, variable morphology. So what you see
here. One area looks solid on cystic. And here. And there is lining epithelium. Yes, what
kind of epithelium? | see, oh my God, this is mucoepidermoid. | think it is
mucoepidermoid carcinoma. Al right, so again we will see this is mucous cell.

What kind of epithelium is
visible in the image?

The image shows
mucoepidermoid
epithelium.

General

But once you start seeing fibrosis in the area, then it's perisit
significance it has? So pericellular fibrosis is something that you see with
steatohepatitis, meaning like you have a balloon hepatocyte and that eventually, you
know, steatohepatitis eventually will lead to fibrosis and cirrhosis. So that's the starting
point.

What

Pericellular fibrosis in the
sinusoidal area is
something that you see
with itis. This

What is the i of
seeing fibrosis in the
sinusoidal area?

indicates that there is a
balloon hepatocyte that
eventually will lead to
fibrosis and cirrhosis. This
is the starting point of the
disease process.

Knowledge F

Low power, you can appreciate that there's a compact hyperkeratosis, both ortho and
para. You can see here there's parakeratosis as well. And then you can see that there's
acanthosis as well. And there seems to be some kind of abnormal maturation of the

| epithelium. It looks abnormally pink. We'll go on higher power. You immediately see

that there's lichen sclerosis. It can be subtle. But this one has established lichen
sclerosis. And then if you look at the epidermis itself, you begin to appreciate that there
seems to be some basal cell atypia. What is basal cell atypia? Well, the ISSVD has some

What is basal cell atypia?

Basal cell atypia refers to
the abnormality that has
any two of the following
features: pleomorphism,
enlargement, typically two
to three times the size of a
lymphocyte, most of the
time, three times the size
of a lymphocyte.
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e specific definitions that one should apply. So atypia is basically something that has any
two of the following features, pleomorphism, enlargement, sort of two to three times
the size of a lymphocyte. Most of the time, three times the size of a lymphocyte.

Figure 5.7: Some examples of QUILT-VQA, our evaluation dataset. Top two rows show
image-dependent Q/A pairs and bottom two rows show general-knowledge Q/A pairs. The
original question posed by the narrator of the video is highlighted in yellow.

Instruction Following Test Set. In addition to QUILT-VQA, which is used to measure
QUuILT-LLAVA’s medical knowledge, we also aimed to analyze the model’s capacity to follow
instructions in the context of multi-modal chat. In order to do so, we created a collection of
326 questions, comprising 256 conversational and 70 detailed description questions. These
questions were all created using image-text pairs that were taken from unseen videos in
QUILT-VQA. We utilized the same Conversation and Detailed Description based prompts

that we used to build QUILT-INSTRUCT to generate this evaluation set.

5.5.2 Oracle (GPT-4) Alignment Evaluation

Using the Instruction Following test-set and GPT-4 (a language-only model), we evaluated
the helpfulness, relevance, accuracy, and level of detail of the responses from the candidate

model and GPT-4 itself in order to assess the performance of QUILT-LLAVA in multi-modal
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conversations. A total score of 1 to 10 was assigned to each response; a higher number denoted
superior performance. Furthermore, GPT-4 improved our comprehension of the models by
offering thorough justifications for its assessments. As demonstrated in Table 5.1a across 14
sub-pathologies and 2 QA categories, we next computed the relative score by normalizing it
against the GPT-4 reference score 65, 70].

With QUILT-LLAVA trained on a single epoch in stage-1 and a balanced selection of
40K instruction-tuning pairs in stage-2 fine-tuning, surpassing LLAVA and LLAVA-MED
by more than 16% and 7%, respectively, all QUILT-LLAVA variations performed better
than the baselines. Furthermore, we obtained an even higher improvement of 10.8% over

LLAVA-MED by augmenting the instruction-tuning data and pre-training for three epochs.

5.5.83  Visual Question Answering Fvaluation

Table A.1 in the Appendix contains the details of the three histopathological VQA datasets
that we used to evaluate QUILT-LLAVA. Both closed-ended and open-ended Q/A pairs are
included in these datasets. Recall was used to determine how frequently model responses
included ground-truth tokens in open-set questions, whereas accuracy measured the percentage
of accurate answers for closed-set questions [(65]. We compared QUILT-LLAVA variations
against the general domain LLAVA and the medical domain LLAVA-MED in Table ?77.
Every QUILT-LLAVA variation performed better than LLAVA. When combined with pre-
trained open-sourced QUILTNET models, the text encoder initialized from Vicuna performed
exceptionally well on open-set questions, showing an average 4% improvement over the
state-of-the-art (SOTA). On closed-set questions, however, the text encoder initialized from
LLAVA fared better, averaging 9% above SOTA.

In all binary and multi-choice QA forms, QUILT-LLAVA demonstrated superior instruction-
following ability, surpassing both baselines on PathVQA and QUILT-VQA. Nonetheless, Table
A.2 of the Appendix discusses dataset-specific issues that hindered its performance on the
PMC-VQA-Subset. In open-set evaluations on PathVQA and QuiltVQA, QuiLT-LLAVA

showed notable gains over both baselines.



61

Table 5.1: Results with varying training epochs at different stages and models alongside

baselines. 107K indicates the size of instruct data used in Stage-2.

uestion Types Sub-Domains Overall
Q yp

Conv Desc Bone Breast Cyto Derm Endo Gastro Bone Geni Gyne H&N Neuro Pulm Renal Soft

(Question Count) (256)  (70) (25) (23) (23) (21) (23) (23) (23) (22) (24) (22) (24) (25) (23) (25)| (326)
LLAVA [69] 614 365 545 620 492 480 60.1 495 625 62.2 619 497 59.7 448 539 62.7| B55.7
LLaVA-MED [67] 70.1 469 | 621 693 541 640 61.0 607 712 68.1 703 66.9 66.0 589 62.7 73.4| 64.8

QuiLT-LLAVA @ 40K | 76.3 58.7 834 733 692 66.7 71.7 672 845 81.1 784 632 689 552 635 87.7| 723

QuiLT-LLAVA @ 107K | 78.4 66.0 82.5 844 750 79.0 762 728 753 821 79.1 69.1 68.7 581 67.8 89.0| 75.6

(a) Performance comparison of multi-modal chat instruction-following abilities, measured by the
relative score via language GPT-4 evaluation. Our best model QUILT-LLAVA with ViT-B-32 Vision
Encoder [51], 7B Language Model (trained for Stagel: 3 epochs, Stage2:1 epoch) outperforms the

baselines.

QuiLT-LLAVA Model Variants PathVQA |PMC-VQA-Subset | QUILT-VQA

Instruct Stage 1 Stage 2 |Open Closed Closed Open Closed

QUILTNET ViT-B-32 Vision Encoder[51], 7B Language Model

107K 1 0 14.34  53.78 27.05 47.69  56.56
107K 1 1 14.24  58.42 19.63 59.82  64.43
107K 1 3 12.79  56.30 17.21 57.62  63.55
107K 3 1 15.30  54.93 16.01 60.97  60.64

LLAVA [69] checkpoint, 7B Language Model

107K 1 0 11.65 54.03 33.91 55.80  58.02
107K 1 1 15.06 58.68 28.56 55.39  68.81
Baselines

LLaVA-Med [65] 7B 0 0 11.97  56.15 1.34 54.81 61.22
LLaVA [09] 7B 0 0 11.65 54.02 33.91 55.81 57.73

Table 5.2: Quantitative results on histopathology VQA datasets. For open-set questions,
we report recall for our free-form text generation method in column Open. For closed-set

questions, we report the accuracy in column Closed. Red indicates the best-performing model.
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5.6 Limitations, Impact, and Conclusion

Even with the promising outcomes obtained using QUILT and QUILT-INSTRUCT, a number of
limitations still exist. We leveraged Large language models (LLMs) and handcrafted algorithms
in our data curation pipelines. This can introduce biases and inaccuracies to the data. For
instance, our histopathology classifier occasionally produced false positive results (about
5%), manually verified by human evaluation. Furthermore, automatic speech recognition
(ASR) may misinterprets medical terminology in some instances, such as transcribing ’serous

" which cannot be corrected using the proposed pipeline.

carcinoma’ as "serious carcinoma,’
Additionally, fine-tuning a pre-trained CLIP outperformed training a new CLIP model,
indicating that a dataset containing one million image-text pairs might not be sufficient.

Further research could examine different self-supervised goals.

Our data which is generated from raw video footage, inherently contains noise which
causes errors in our mouse cursor detection and clustering pipeline. Additionally, when
generating QUILT-INSTRUCT, GPT-4 occasionally experiences hallucinations in spite of efforts
to restrict its context, which causes the model to produce false information. In some cases,
GPT-4 may ignore spatially grounded captions when collecting information from the image

and instead refer to the captions, producing data that lacks spatial context.

Another critical limitation, is the legal and societal biases. QUILT was derived from public
videos, and while steps were taken to limit privacy and consent harms, societal biases remain.
Since many narrators of the videos that form QUILT come from Western universities, the
emphasis on English-only content may cause the model to perform better on data related
to these demographics and under-perform on data from other linguistic or cultural groups.
Furthermore, only English is included in the dataset, which limits the QUILTNET and
QuILT-LLAVA to a single language.

The introduction of QUILT-1M represents a significant development in the domain of

histopathology. With this dataset—the largest open-source image-text histopathology dataset

to date—researchers can develop and fine-tune models that perform better than current state-
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of-the-art models for a variety of sub-pathology types and tasks, such as cross-modal retrieval,
zero-shot, few-shot, and full-shot. Our findings set new standards for the performance of
histopathology models and confirm the benefits of pre-training large models with QUILT.
QUILT-INSTRUCT introduces new reasoning-based prompts and spatially grounds histopatho-

logical concepts by tracking the narrators’ mouse movements in videos taken from QUILT.
This innovative approach allowed for the training of QUILT-LLAVA, a multi-modal model
that is outperforming baselines in both closed-ended and open-ended histopathological ques-
tion answering. We introduce and employ QUILT-VQA, an evaluation dataset consisting
of human-generated Q/A pairs, to further test QUILT-LLAVA’s reasoning capacity. Future
study will concentrate on expanding the application to additional medical modalities outside
of histopathology and collaborating with pathologists to assess our models in greater detail.
In order to enhance the practicality and effectiveness of these models, it will be crucial to look

at their multilingual capabilities and fix the issues with the current data curation methods.
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Chapter 6
MULTI-AGENT NAVIGATION AND DIAGNOSIS

6.1 Introduction and Motivation

The diagnosis of diseases through the examination of histopathology whole slide images (WSIs)
is a cornerstone of modern pathology. These WSIs are high-resolution, digitally scanned
histopathology cases, providing an extensive view of tissue architecture and cellular detail.
Pathologists navigate these gigapixel-scale images to identify morphological features and
spatial relationships critical for accurate diagnoses. This process is not only labor-intensive but
also requires significant expertise to interpret the complex visual information effectively. The
traditional manual approach, while the gold standard, is becoming increasingly unsustainable
due to the rising number of cancer cases globally. This necessitates a shift towards more
efficient diagnostic methods without compromising accuracy.

Recent advancements in artificial intelligence (AI) have shown promising potential in
transforming medical imaging diagnostics. Al systems, particularly those based on deep
learning, have achieved expert-level performance in various medical tasks, offering a pathway
to enhance the efficiency and scalability of pathological assessments [119]. However, multiple
instance learning (MIL) solutions |64, , |, a popular approach in the field, typically
segment WSIs into smaller patches analyzed independently. This approach fails to capture
the holistic context of the slides and falls short in replicating the comprehensive and iterative
diagnostic approach of pathologists. Pathologists rely on a multi-scale evaluation, starting
with low magnification to identify suspicious regions and then zooming in for detailed
examination |34, 71|. This multi-turn reasoning process is essential for accurate diagnosis
but is not effectively captured by existing AI models. Transformer-based model architectures

[109, , 38, , 10] try to capture both local patterns in individual patches and global
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patterns across WSIs by learning long-range interactions between entities. However, they
often fall short in efficiency and scalability when dealing with the extremely high resolution
and large size of WSIs, making them less practical for real-world clinical use.

Until recently, Al systems for medical imaging have predominantly been developed using
vision-only models, such as convolutional neural networks (CNNs) and vision transformers,
which require large quantities of expertly annotated data. In contrast, healthcare workflows
are typically multi-modal in nature. The emergence of large language models (LLMs) and large
multi-modal models (LMMs) has created an entirely new field of multi-modal and generative

, 371

can analyze isolated image patches effectively, they lack the capability to navigate beyond

AT systems. Although current histopathology multi-modal models [115; 1, , b1,

that patch to identify other patches in the WSI that might contain additional evidence.
This issue raises concerns regarding the interpretability and reliability of these models, and
whether they accurately align with the diagnostic approach used by pathologists.

With the advancement of large models and the development of specialized models for
various tasks, recent research has explored the use of multi-agent collaboration. This approach
allows these models to work together, achieving tasks that are beyond the capabilities of any
single model alone. This research proposes PathFinder, a multi-modal, multi-agent framework
designed to mimic the decision-making process of expert pathologists. PathFinder aims to
enhance diagnostic efficiency and accuracy by integrating three Al agents: the Navigation
Agent, the Description Agent, and the Diagnosis Agent. These agents work collaboratively to
navigate WSI patches, gather evidence, and provide holistic diagnoses with natural language

descriptions, thereby offering a more intuitive and precise diagnostic process.
6.2 Related Work

Multi-modal Histopathology Models. The integration of multi-modal data in histopathol-
ogy has seen significant advancements with the emergence of large language models and
vision-language models. Recent studies have explored the potential of multi-modal models

to enhance clinical tasks. For instance, studies like Quilt-1M [51], PathGen-1.6M [115]
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aim to release large image-text pairs of histopathology and train CLIP-based models to
learn joint vision-language embeddings, significantly enhancing clinical downstream tasks.
PathAlign [1] is another notable effort that aligns WSIs with corresponding diagnostic texts
from pathology reports, facilitating applications such as automatic report generation and
case-level visual question answering, moving towards a more integrated and holistic diagnostic
process. GigaPath [131] introduces a WSI pathology foundation model pretrained on a large
dataset of pathology image patches, leveraging a novel vision transformer architecture to
handle the computational challenges of processing gigapixel pathology slides. This approach
enables the model to capture both local and global patterns across entire slides, significantly
improving its ability to learn from large-scale pathology data. However, these models still

face challenges in effectively navigating WSIs towards a diagnosis.

Multi-agent Systems. The concept of multi-agent systems has gained traction in Al
research, particularly for tasks requiring dynamic behavior and contextual understanding.
Recent research has demonstrated the potential of large foundation models in creating
interactive agent-based Al systems including interactions between robots, environments,
and humans in the field of robotics [26, 10]. These systems can perform complex tasks by
leveraging the strengths of individual agents utilizing collaboration and coordination. The
potential of multi-agent systems in handling real-world scenarios has been demonstrated
in recent studies including but not limited to role-playing [60], reasoning [25], gaming [15]
and software engineering [12]. In medical imaging, multi-agent systems can simulate the

collaborative nature of human decision-making processes.

6.3 DMethods

The multi-agent multi-modal framework proposed in this study includes three agents: 1)
Navigation Agent ; 2) Description Agent ; and 3) Diagnosis Agent . The details of training
data and model architectures are described below. Figure 6.1 demonstrates how the three

agents interact with each other towards the final goal which is diagnosing a WSI.
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Figure 6.1: Overview of PathFinder pipeline. The Navigation Agent starts the process
by finding important patches from the given WSI heatmap from our U-Net model. Then the
Description Agent generates a textual description of the corresponding high-resolution patch.

Lastly, all the collected evidence is passed to the Diagnosis agent to classify the WSI.

6.3.1 Navigation Agent

The Navigation Agent is designed to mimic a pathologist’s methodical approach to identifying
regions of interest (ROIs) in WSIs. The most critical component of the Navigation Agent is
the U-Net model that analyzes the entire WSI to predict a WSI-level heatmap. Following
the results of the study presented in chapter 4.1, we train a lightweight U-Net model of 4
layers [102] using our previously curated pathologist viewing behavior dataset from human
pathologists (see section for more details). Due to the vast size of WSIs, processing them at
full resolution is computationally infeasible. To be computationally efficient, we sub-sample
the WSI to a smaller resolution (512x512). The viewing behavior heatmaps dataset reflects

the areas that human pathologists focused on before making a diagnosis which is marked as



68

a binary segmentation mask. Given a low-resolution version of the WSI, the U-Net tries to
learn this segmentation mask, which encodes the most important regions according to human
pathologists.

The primary role of the Navigation Agent is to select the most relevant ROI from the
given WSI heatmaps. To streamline this process, the low-resolution WSI is divided into a
16x16 grid with numbered grid cells in the range of 0 to 255. The Navigation Agent identifies
the most pertinent grid number based on heatmap values, which corresponds to the ROI.
This grid cell number then serves as a reference in a lookup table, enabling the retrieval of
the exact image patch at its original high resolution (10x). We extract 10 patches per WSI

and are subsequently forwarded to the Description Agent for further analysis.

6.3.2 Description Agent

We utilize Quilt-LLaVA, a multi-modal large language model capable of describing individual
histopathology patches, as our Description Agent. The original Quilt-LLaVA generates
findings in a very detailed manner. In this work, to reduce compute cost, we further
instruction-tuned the model to generate concise findings for a given histopathology image.
We prompted GPT-4 to generate a list of findings as concise as possible, given captions from
the Quilt-LLaVA dataset, in the format of "finding": "X", "significance": "Y" where Y could
be low, medium, or high. Using this approach, generated 102k samples. Figure 6.2 presents

our prompt and sample data generated for instruction-tuning the Description Agent.

6.3.3 Disgnosis Agent

The Disgnosis Agent agent will be a language-only model that analyzes all the gathered
natural text descriptions produced by the Description Agent over all the patches identified
by the Navigation Agent. It will produce a diagnosis, performing a classification task. The
Diagnosis Agent consists of an LLM and a classification head on top of the LLM. The
vocabulary size of the LLM and the number of classes (four in our case) are input and output

sizes, respectively, for the classification head. The output of the LLM is forwarded to the
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\
GPT-4 Prompt: Description Agent Instruction Tuning Data Generation 1
1

System Message: You are an expert in histopathology. Given a histopathology image, | want you to extract medical findings:

concisely. Even though you will only see the observation in a text format, act like you are seeing the image. Keep your findings:
very short and to the point. Do not explain the situation, just write the findings. Also return findings in a json format.

1
1
1
Example: 1
1
1
1

User: of those toxins in the epithelial cells that line these tubules, like literally just one of these epithelial cells, that's
what we're talking about here. One of those epithelial cells really, really concentrated with something like a bad
antibiotic that you want to get out of your body. And that's how those cells die. That's how you get tubular cell death.:
Langerhans cells and a child going into the epidermis with a lot of crust on the surface. Very common to see thatin this!
condition. What disease do we think about, obviously? Yeah, we think about Langerhansel histiocytosis in the touch:
prep. And then you can see the large polygonal cells over here. They can have prominent granulomas. It's very often:
seen in seminomas. You can have prominent granulomas. You can have signet ring cell-like features. So this is a nicei
case to demonstrate this concept and also it's a good reminder of just how much things can change from section to:
section and why we order deeper levels so often in dermatopathology because oftentimes the deeper level really saves the!
day and shows us the finding of interest. 1

Assistant:

'findings": "Concentration of toxic substances within epithelial cells lining tubules.", "significance": medium},

non

{
{"findings": "Presence of Langerhans cells infiltrating the epidermis with significant surface crusting.", "significance": medium}, |
{
~

"findings":"Large polygonal cells with prominent granulomas and signet ring cell-like features observed.", "significance": large} "

Figure 6.2: GPT-4 prompt to generate instruction-tuning dataset for the Description Agent.

classification head to get the final classification probabilities. The details of training data

and model training are provided in the following sections.

To collect the data for training and evaluation of the Diagnosis Agent, we perform the
following tasks: 1) we randomly select patches from each WSI and collect the text descriptions
using the Description Agent and 2) we run the Navigation Agent for 5 rounds and at each
round, collect 10 patches. Next, since each grid cell can be mapped to a larger image region
relevant to the original 10x WSI size, two types of crops are given to the Description Agent:
1) the grid cell cropped from the 10x WSI and 2) a list of 256x256 crops from the grid cell
cropped from the 10x WSI. With this approach, we collect both a high-level description
of the patch and more detailed descriptions from the smaller crops that form the patch.
Finally we combine the training data collected from approaches 1 and 2 to train the model.

After we collect all the findings from the Description Agent, we use the following prompt
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for the diagnosis task. "The image descriptions below are extracted from different patches
from the same whole slide image (WSI); please tell me which class the image belongs to:
{descriptions}" with {description} being a list of all findings collected from the WSI, each
finding in a separate line.

We used QLoRA [22] to train the LLM inside the Diagnosis Agent efficiently. We used
a = 16, dropout = 0.1, and r = 64 for the LoRA [17] config. For the QLoRA config, we used
the settings recommended in the original paper. We used Cross Entropy Loss with a learning
rate of 2¢7°, weight decay of 0.01, and batch size of 4. We use GPT-2 [99] and OLMo-1B

[36] for our experiments.
6.4 [Evaluation and Results

For the evaluation of our model, we collect evaluation data using two approaches similar to
the training data of the Diagnoser Agent described in the previous section: 1) random patch
selection and 2) Navigation-based patch selection. We run each experiment 10 times and
perform a majority voting evaluation across different runs. We show that the Navigation
Agent selected patches improve the classification results compared to the random patch
selection approach. We also compare our results with three image-only baseline models and
report accuracy, Micro Fl-score, Micro Precision and Micro Recall for each experiment in
Table 6.1. We train and evaluate the baseline models on the M-Path dataset (see chapter 2
for details) with 190 training cases and 48 test cases. The evaluation of the baseline models

are similarly done using the majority voting over 10 runs.

The three baseline models use ScAtNet [129] architecture. This study uses a MobileNetV2
backbone [106] to extract features from the images at three scales of 7.5x, 10x, and 12.5x.
These feature vectors are subsequently fed into ScATNet [129] which aggregates information

of the three scales to perform the diagnostic task using Transformer blocks. The second
approach [33] appends the ROI heatmaps generated by the U-Net model presented in chapter
4 to the WSI as the fourth channel and uses ScAtNet as backbone to perform the classification

task. The third baseline model, SAG [71], converts diagnostically relevant entities into
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attention signals and integrates these signals with ScAtNet. It utilizes an attention-guiding
loss that leverages heuristic guidance (HG) and tissue guidance (T'G) which are obtained
from disease-specific prior knowledge, such as structures, tissues, and cells.

We hypothesized that employing the Navigation Agent to strategically select ROI patches
for diagnosis would yield better results than a naive random patch selection approach.
The results from both experiments, using GPT-2 and OLMo-1B, presented in Table 6.1,
support this hypothesis. Specifically, the GPT-2 experiments show a 19% improvement
and the OLMo-1B experiments demonstrate a 17% enhancement compared to the baseline
versions. Our best-performing model, PathFinder-OLMo-1B + Navigation Agent, achieves
4% improvement compared to the image-only baseline approach, ScAtNet (MC) + ROI
Heatmap [33]|. Considering that GPT-2 and OLMo-1B are relatively small LLMs compared
to the current state-of-the-art, we believe that utilizing larger LLMs could further improve

diagnostic outcomes.

Table 6.1: Majority voting results of WSI diagnosis on M-Path dataset (see chapter

2.PathFinder baseline experiments are on random patch selection. (MC) is multi-scale.

Methods Accuracy  Micro F-1 score  Micro Precision ~ Micro Recall
PathFinder-GPT2 baseline 0.46 0.46 0.46 0.46
PathFinder-GPT2 + Navigation Agent 0.65 0.65 0.65 0.65
PathFinder-OLMo-1B baseline 0.50 0.50 0.50 0.50
PathFinder-OLMo-1B + Navigation Agent 0.67 0.67 0.67 0.67
Baselines

ScAtNet (MC) [129] 0.62 0.62 0.62 0.62
ScAtNet (MC) + ROI Heatmap [33] 0.63 0.63 0.63 0.63
ScAtNet (MC) + SAG [71] 0.60 0.60 0.60 0.60

6.5 Limitations, Impact, and Conclusion

This study presents PathFinder, a novel multi-agent, multi-modal Al framework designed

to enhance the diagnostic process of histopathology whole slide images. By mimicking the
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multi-scale, iterative reasoning approach of expert pathologists, PathFinder aims to improve
diagnostic accuracy and efficiency. The framework leverages the strengths of Navigation,
Description, and Diagnosis Agents to collaboratively navigate WSIs, gather evidence, and
provide holistic diagnoses with natural language descriptions.

PathFinder can replicate the nuanced, iterative diagnostic approach of expert pathologists,
thereby reducing the burden of manual examination. This can lead to faster diagnostic
turnaround times, which is crucial in clinical settings where timely diagnosis can significantly
affect patient outcomes. Additionally, PathFinder’s ability to provide natural language
descriptions of pathological findings can improve the interpretability of Al-driven diagnostics,
making it easier for pathologists to understand and validate the AI’s conclusions.

Furthermore, the framework’s use of large language models (LLMs) and vision-language
models (VLMs) represents a significant advancement in the integration of multi-modal Al
systems in healthcare. This approach not only improves diagnostic accuracy but also paves
the way for more comprehensive Al applications in medicine. By enhancing the scalability
of pathological assessments, PathFinder could address the growing demand for pathology
services, particularly in regions with limited access to specialized healthcare professionals.

Despite the promising advancements presented in this study, several limitations should be
acknowledged. First, the PathFinder framework relies heavily on pre-existing datasets for
training like the viewing behavior data from pathologists. Additionally, the computational
demands of processing WSIs at high resolutions pose significant challenges. While the
framework employs efficient methods like sub-sampling and multi-agent collaboration, the
high resource requirements may hinder its deployment in resource-constrained clinical settings.

Another limitation is the interpretability of the multi-agent system. Although the Navi-
gation, Description, and Diagnosis Agents are designed to mimic the diagnostic reasoning
of pathologists, the decision-making process within each agent, particularly the Navigation
Agent, may not be fully transparent. This lack of transparency can affect the trust and
acceptance of Al-assisted diagnostics among healthcare professionals. Moreover, the model’s

performance heavily depends on the quality and accuracy of the textual descriptions generated
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by the Description Agent. Any inaccuracies in these descriptions could propagate through
the system, potentially affecting the final diagnosis.

Future research should focus on expanding the dataset diversity, optimizing computa-
tional efficiency, and enhancing the navigation agent patch selection strategy. Despite these
challenges, PathFinder represents a substantial step forward in the integration of Al in
digital pathology, offering a promising tool to support pathologists and improve patient care

outcomes.
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Chapter 7
CONCLUSION

In this dissertation, we have explored the applications of digital whole slide imaging
(WSI) and artificial intelligence (Al) in enhancing the field of histopathology. Each chapter
has contributed to understanding and improving diagnostic processes through innovative Al

methodologies and analysis of pathologists’ viewing behaviors.

In chapter 3, we focused on leveraging viewing behavior data to investigate associations
between viewing behaviors, pathologist characteristics, and diagnostic accuracy. We defined
variables to quantify viewing behaviors. Key findings include the negative association between
zoom level usage and pathologists’ experience and confidence, and the positive correlation
between specific viewing behaviors including amount of time pathologists spend on viewing
regions of interest (ROIs) and diagnostic accuracy. These insights suggest that digital
pathology and AT tools can significantly impact training and clinical practice by identifying

critical image regions and enhancing diagnostic accuracy.

In chapter 4, we introduced an ROI detection system based on pathologists’ viewing
behaviors, resulting in improved diagnostic performance. By utilizing deep learning encoder-
decoder architectures to reconstruct heatmaps of important regions, the study demonstrated
that integrating pathologists’ viewing data can enhance computer-aided diagnostic systems.
This chapter highlighted the potential of behavior-driven models in replicating the diagnostic
process more realistically than traditional object detection approaches.

In chapter 5, we presented the curation and implications of the QUILT-1M and QUILT-
INSTRUCT datasets from YouTube’s educational videos and development of vision-language
models (QUILTNET and QUILT-LLAVA) for clinical downstream tasks including zero-shot

and few-shot image classification, image-text retrieval, and visual question answering. Despite
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the limitations of large language models, the innovative approach of spatially grounding
histopathological concepts through video annotations has shown promising improvements in
multi-modal model performance for histopathological question answering.

In chapter 6, we introduced PathFinder, a multi-agent, multi-modal Al framework designed
to mimic the diagnostic approach of expert pathologists. This framework demonstrated
advancements in diagnostic accuracy and improving the interpretability of CAD systems
outcomes by integrating natural language descriptions. However, it also highlighted challenges
related to computational demands and the need for transparent decision-making processes
within Al systems.

The research presented in this dissertation underscores the transformative potential of
digital pathology and Al in histopathology. By capturing and analyzing pathologists’ viewing
behaviors, we can develop more effective training programs, improve computer-aided diagnostic
systems, and enhance overall diagnostic accuracy and efficiency. The integration of behavior-
driven models and multi-modal, multi-agent Al frameworks represents a significant step
forward in replicating the nuanced diagnostic processes of expert pathologists. Furthermore,
the advancements in dataset development, such as QUILT and QUILT-INSTRUCT, provide
valuable resources for training and evaluating Al models in histopathology. These datasets
enable the creation of more accurate and interpretable models, ultimately improving the
quality of Al-assisted diagnostics.

It’s important to recognize that the analysis of different tissue types varies significantly,
with some being easier to interpret and others presenting more complex challenges. This
variability in tissue analysis underscores the need for tailored Al approaches that can adapt to
the specific complexities of each tissue type, enhancing diagnostic accuracy across a broader
spectrum of cases.

Moreover, it is essential to acknowledge the inherent uncertainty in histopathological
diagnostics. Even experienced pathologists may sometimes be unable to diagnose a case
with complete certainty. This uncertainty should be considered in computational analysis,

emphasizing the importance of incorporating confidence scores in Al models. By accounting
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for this uncertainty, we can ensure that Al systems are not only accurate but also appropriately
cautious in cases where the diagnosis is less certain.

Additionally, while digital imaging is gaining popularity, the field is still far from becoming
entirely digital. The process of acquiring tissue samples, scanning them, and preparing
them for computational analysis is intricate, time-consuming, and not yet streamlined. This
reality presents a significant barrier to the widespread adoption of fully digital workflows in
histopathology, highlighting the need for further innovation in both technology and processes
to achieve a more seamless integration of digital pathology into clinical practice.

Here we list several avenues for future research and development emerging from this

dissertation:

e Integration of eye-tracking Data: Incorporating precise eye-tracking data could further
refine the models by accurately determining the specific focus points of pathologists

within full viewports.

e Scalability and Deployment: Addressing the computational demands and optimizing
the efficiency of AI frameworks like PathFinder is crucial for their deployment in

resource-constrained clinical settings.

e Multilingual Capabilities: Expanding the datasets and models to include multiple
languages will enhance the applicability and effectiveness of Al systems across diverse

linguistic and cultural contexts.

e Transparency and Trust: Enhancing the transparency of decision-making processes
within AI systems will be vital for gaining trust and acceptance among healthcare

professionals.

In conclusion, the research presented in this dissertation highlights the significant potential

of digital pathology and Al to revolutionize histopathological diagnostics. By continuing
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to address the challenges and exploring new frontiers, we can further enhance the accuracy,

efficiency, and accessibility of pathology services, ultimately improving patient care outcomes.
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Appendix A
VISION-LANGUAGE MODELS IN HISTOPATHOLOGY

A.1 Downstream histopathology datasets.

We evaluate the utility of QUILTNET on 13 downstream datasets: PatchCamelyon [121]
contains histopathology scans of lymph node sections labeled for metastatic tissue presence
as a binary label. NCT-CRC-HE-100K [59] consists of colorectal cancer images and is
categorized into cancer and normal tissue. For SICAPv2 [110] the images are labeled as
non-cancerous, Grade 3-5. Databiox [3| consists of invasive ductal carcinoma cases of Grades
I-III. BACH |[3] consists of breast tissues labeled as normal, benign, in-situ, and invasive
carcinoma. Osteo [1] is a set of tissue patches representing the heterogeneity of osteosarcoma.
RenalCell |1 1] contains tissue images of clear-cell renal cell carcinoma annotated into five
tissue texture types. SkinCancer [(1]| consists of tissue patches from skin biopsies of 12
anatomical compartments and 4 neoplasms that make up the SkinTumor Subset. MHIST
[127] contains tissue patches from Formalin-Fixed Paraffin-Embedded WSIs of colorectal
polyps. LC25000 [9], which we divide into LC25000 (Lung) and LC25000 (Colon),
contains tissue of lung and colon adenocarcinomas. For more details see supplemental

material.
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& User: Can you describe the main features visible in this histopathology

image?
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gAssistant: The image primarily showcases a lobule, which is a small rounded
glandular formation typically found in breast tissue. This lobule exhibits a
classic benign structure with two distinct layers. The outer layer is composed

" BN R of myoepithelial cells, identifiable by a single row of outer nuclei. The inner
b layer, on the other hand, consists of luminal cells, marked by another row of
y 7 ¢ nuclei. The space between these cells forms the lumen. This bilayered
appearance is a characteristic feature of benign breast parenchyma.
s X c‘ [ ]

@ User: Where is this lobular architecture located within the image?

gAssistant: The lobular architecture is prominently displayed in the central
region of the image, extending towards the upper right quadrant. The
bilayered structure of the lobule, with its myoepithelial and luminal cells, is
clearly visible in this area.

look at the lobule, they're usually made up of small rounded
glandular formations. And classically, the benign lobule has
got two layers. There is an outer myoepithelial layer you can
see here, one row of outer nuclei and then one inner row of
nuclei. These are the luminal cells and of course that's the
lumen. So this bilayered appearance is indicative of benign
breast parenchyma and you can see this nice lobular
architecture, [0.31, 0.27, 0.46, 0.71]

& User: What does this bilayered appearance indicate about the condition of

the breast tissue?

Assistant: The bilayered appearance, with distinct myoepithelial and luminal
cell layers, is indicative of benign breast parenchyma. This means that the
breast tissue appears to be healthy and non-cancerous. However, it's

\ important to note that a definitive diagnosis would require a comprehensive ;
\\\ clinical evaluation and possibly additional tests. S

[ % Detailed Description

1
1 & User: In a few words, what does the histopathology image depict?
1

E g Assistant: In the central to lower right portion of the histopathology image,

| there is a clear depiction of a lobule, a characteristic structure in benign

: breast parenchyma. This lobule is composed of small, rounded glandular

1 formations, demonstrating a classic bilayered appearance. The outer layer of
: the lobule is made up of myoepithelial cells, which can be identified by a

: single row of nuclei. Adjacent to this, there is an inner layer composed of

| luminal cells, also identifiable by a single row of nuclei. The space between

: these luminal cells forms the lumen. This bilayered structure, with its distinct
1 outer myoepithelial layer and inner luminal cell layer surrounding the lumen,
X is a hallmark of benign breast tissue. The lobular architecture is well-

l\ preserved and clearly visible in this region of the image, further supporting

v the benign nature of the tissue. ,

Figure A.1: A full example of Conversation and Detailed Description types of Q/A in

QUILT-INSTRUCT.
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look at the lobule, they're usually made up of small rounded
glandular formations. And classically, the benign lobule has
got two layers. There is an outer myoepithelial layer you can
see here, one row of outer nuclei and then one inner row of
nuclei. These are the luminal cells and of course that's the
lumen. So this bilayered appearance is indicative of benign
breast parenchyma and you can see this nice lobular
architecture, [0.31, 0.27, 0.46, 0.71]

Diagnosis
Invasive Ductal Carcinoma

A=) Supporting Facts
é 1. Irregular, infiltrative blue areas in the breast tissue.

2. Presence of irregular, angulated glands infiltrating into the
fibrous and fatty stroma.

3. Comparison of benign lobule and malignant invasive breast
gland showing irregularity and distortion in latter.

4. Nuclear pleomorphism with variation in size and shape

. Presence of prominent nucleoli.

. Frequent mitotic figures indicating rapid growth.

. Increased nuclear cytoplasmic ratios.

. Poorly formed, irregular glands on low power view.

9. Infiltrative growth pattern where the glands invade

into the surrounding stroma.

00 N WU;

% Complex Medical Reasoning

User: Can we make a diagnosis based on this single patch of
histopathology image?

Assistant: The patch under examination reveals a lobule with a typical
bilayered structure. This structure consists of an outer myoepithelial
layer and an inner luminal cell layer, surrounding a central lumen. The
presence of these two distinct layers of cells and the well-preserved
lobular architecture are characteristic features of benign breast
parenchyma.

The myoepithelial cells, represented by the outer row of nuclei, play a
crucial role in maintaining the integrity of the breast tissue. They act as
a natural barrier against potential invasion of cancer cells into the
surrounding stroma. The luminal cells, represented by the inner row of
nuclei, are the ones that usually undergo malignant transformation in
most breast cancers.

However, in this patch, the lobule appears to maintain its normal
architecture without any signs of distortion or irregularity. There are
no visible signs of nuclear pleomorphism, which would indicate
variation in size and shape of the nuclei, a common feature in
malignancies. Also, there are no evident mitotic figures, which would
suggest rapid cell division and growth, another hallmark of cancer.
Based on these observations, this patch seems to represent benign
breast tissue. However, it's important to note that this conclusion is
based solely on this single patch. Breast cancer, such as invasive ductal
carcinoma, often presents as irregular, infiltrative areas in the breast
tissue, with angulated glands infiltrating into the fibrous and fatty
stroma. These features are not evident in this patch, but they could be
present in other areas of the tissue.

Therefore, while this patch appears benign, a definitive diagnosis
would require a comprehensive examination of the whole slide image.
This would allow for the identification of any areas of irregularity or
distortion, increased nuclear cytoplasmic ratios, or poorly formed
glands that might suggest an invasive growth pattern. Additionally,
correlation with clinical information and possibly additional
immunohistochemical studies would be necessary to confirm the
diagnosis.
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Figure A.14: A full example of Complex Medical Reasoning type of /A in QUILT-INSTRUCT.
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look at the lobule, they're usually made up of small rounded
glandular formations. And classically, the benign lobule has
got two layers. There is an outer myoepithelial layer you can
see here, one row of outer nuclei and then one inner row of
nuclei. These are the luminal cells and of course that's the
lumen. So this bilayered appearance is indicative of benign
breast parenchyma and you can see this nice lobular
architecture, [0.31, 0.27, 0.46, 0.71]

Diagnosis
Invasive Ductal Carcinoma

Supporting Facts

1. Irregular, infiltrative blue areas in the breast tissue.

2. Presence of irregular, angulated glands infiltrating into the
fibrous and fatty stroma.

3. Comparison of benign lobule and malignant invasive breast
gland showing irregularity and distortion in latter.

4. Nuclear pleomorphism with variation in size and shape

5. Presence of prominent nucleoli.

6. Frequent mitotic figures indicating rapid growth.

7. Increased nuclear cytoplasmic ratios.

8. Poorly formed, irregular glands on low power view.

9. Infiltrative growth pattern where the glands invade

into the surrounding stroma.

Figure A.15: A full example of Iterative Abductive Reasoning type of Q/A in QUILT-

INSTRUCT.
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% Iterative Abductive Reasoning

User: | see a lobule with small rounded glandular formations, exhibiting
a bilayered appearance with an outer myoepithelial layer and an inner
luminal cell layer. Could this be indicative of benign breast
parenchyma?

Assistant: Your observation of the bilayered appearance of the lobule is
correct and it is indeed indicative of benign breast parenchyma.
However, it's important to remember that the presence of benign
structures doesn't rule out the possibility of malignancy elsewhere.
Hint: While you've correctly identified benign structures, consider
looking for signs of irregularity or distortion in the glandular formations.
Also, pay attention to the nuclear characteristics. Are there any signs of
nuclear pleomorphism or prominent nucleoli? These could be indicative
of a more sinister process.

User: | notice some irregularity and distortion in the glandular
formations. There also seems to be nuclear pleomorphism and
prominent nucleoli. Could this suggest the presence of a malignant
process, possibly breast carcinoma?

Assistant: Your observations are indeed suggestive of a malignant
process. The presence of nuclear pleomorphism and prominent nucleoli
are key features of malignancy. However, the specific type of breast
carcinoma might still be unclear. Hint: Consider the growth pattern of
the glands. Are they infiltrating into the surrounding stroma? Also, look
for signs of rapid growth, such as frequent mitotic figures. Th