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Keywords:
 Although pathologists have their own viewing habitswhile diagnosing, viewing behaviors leading to themost accurate
diagnoses are under-investigated. Digital whole slide imaging has enabled investigators to analyze pathologists’ visual
interpretation of histopathological features using mouse and viewport tracking techniques. In this study, we provide
definitions for basic viewing behavior variables and investigate the association of pathologists' characteristics and
viewing behaviors, and how they relate to diagnostic accuracy when interpreting whole slide images. We use record-
ings of 32 pathologists’ actions while interpreting a set of 36 digital whole slide skin biopsy images (5 sets of 36 cases;
180 cases total). These viewport tracking data include the coordinates of a viewport scene on pathologists’ screens, the
magnification level at which that viewport was viewed, as well as a timestamp.We define a set of variables to quantify
pathologists' viewing behaviors such as zooming, panning, and interacting with a consensus reference panel’s selected
region of interest (ROI). We examine the association of these viewing behaviors with pathologists’ demographics, clin-
ical characteristics, and diagnostic accuracy using cross-classified multilevel models. Viewing behaviors differ based
on clinical experience of the pathologists. Pathologists with a higher caseload of melanocytic skin biopsy cases and pa-
thologists with board certification and/or fellowship training in dermatopathology have lower average zoom and
lower variance of zoom levels. Viewing behaviors associated with higher diagnostic accuracy include higher average
and variance of zoom levels, a lower magnification percentage (a measure of consecutive zooming behavior), higher
total interpretation time, and higher amount of time spent viewing ROIs. Scanning behavior, which refers to panning
with a fixed zoom level, has marginally significant positive association with accuracy. Pathologists’ training, clinical
experience, and their exposure to a range of cases are associated with their viewing behaviors, which may contribute
to their diagnostic accuracy. Research in computational pathology integrating digital imaging and clinical informatics
opens up new avenues for leveraging viewing behaviors in medical education and training, potentially improving
patient care and the effectiveness of clinical workflow.
Digital imaging
Digital pathology
Whole slide imaging
Statistical analysis
Computational pathology
1. Introduction

Diagnostic approaches in pathology have recently expanded from glass
slides and traditional microscopes to digital pathology.1 With the introduc-
tion of Whole Slide Imaging (WSI) in 1999, it became possible to represent
tissue on a glass slide using a high-resolution digital image. Over the follow-
ing 2 decades, the technology for acquiring virtual slides and their applica-
tions in pathology, such as diagnosis, education, and research, has grown
exponentially.2–4 In 2017, digital whole slide imaging for primary diagnosis
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in pathologywas approved by the US Food and Drug Administration (FDA),
paving the way for widespread adoption of this technology in everyday
practice.5

As the field of pathology embraces digital imaging, more cases will be
interpreted in the digital format. The interpretation workflow when a pa-
thologist reviews digital whole slide images (WSIs) is different from the tra-
ditional use of a microscope.6 Surprisingly little is known about how
pathologists’ viewing behaviors while diagnosing relate to their diagnostic
assessment. The advent of digital pathology and whole slide imaging has
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made it possible to record and study pathologists’ interpretive behaviors. As
a pathologist examines a case, the visual search process involves zooming
and panning, as well as allocating visual attention to image characteristics.
The former can be measured by tracking viewport coordinates of a WSI
viewing tool, whereas the latter can be measured using eye-tracking de-
vices. Although eye-tracking techniques are the most direct method of re-
cording viewing behaviors, these techniques are expensive and complex
and require in-person data collection. Moreover, processing and analyzing
eye-tracking data is time-consuming and requires specialized expertise. In
contrast, viewport-tracking data can be obtained remotely, on a large
scale, and at a lower cost. Viewport-tracking data provide information on
pathologists’ movement, zooming behavior, and total interpretation time,
offering insight into pathologists' attention.

An early study by Raghunath et al.6 showed that viewport-tracking data
might be used to investigate pathologists' diagnostic accuracy and effi-
ciency when using WSIs on breast tissue. Various studies have been con-
ducted using eye-tracking and viewport-tracking analysis in the fields of
radiology and pathology. These studies have identified factors related to
the visual search process that are associated with diagnostic accuracy. For
instance, adopting a drilling strategy in volumetric images in radiology,7,8

having fewer eye fixations overall,9 and spending more time fixating eyes
in ROIs10,11 have been associatedwith higher diagnostic accuracy. Previous
research in radiology7 and breast pathology12 demonstrates that 1 of the 2
search strategies is used by physicians when evaluating medical images:
drilling or scanning. A pathologist with a drilling strategy focuses on a spe-
cific area and uses magnification settings to zoom in and out at various lo-
cations, while a pathologist with a scanning strategy utilizes a fixed zoom
level while searching and panning over a wide area of interest. While the
search strategy usedwas not a predictor of diagnostic accuracy in breast pa-
thology, some association among pathologists' characteristics and their
search strategy was found.12 Also, using a drilling strategy in searching vol-
umetric images in radiology was associated with correctly localizing more
lung nodules.7 No previous study has investigated the use of these 2 search
strategies in dermatopathology. Because of microanatomical differences
between organ systems, as well as the pathologies affecting them, it is im-
portant to investigate whether or not viewing methodology is associated
with diagnostic accuracy.

In this study we outline the types of data that can be gathered to de-
scribe pathologists’ viewing behavior using viewport tracking data. We
then investigate how these behaviors are associatedwith pathologists’ dem-
ographics and clinical characteristics. Moreover, we examine the associa-
tions among pathologists’ viewing behaviors and diagnostic accuracy.
2. Methods

2.1. Study overview

The study design and development of skin biopsy cases have previously
been described in detail.13,14 To briefly summarize, we investigated
zooming and panning behaviors of 32 pathologists who each viewed 1of
the 5sets of 36 digital melanocytic skin cases (180 total cases). Pathologists
viewed and diagnosed their assigned set of cases using a web-based viewer.
The recording of these viewing sessions resulted in a total of 1073
interpretations.1 In addition, for each digital case, we have a consensus ref-
erence diagnosis and an ROI representing important features for the diag-
nosis identified by our reference panel of experienced pathologists. For
each interpretation, we used viewport tracking data, which included the lo-
cation of the viewports, the zoom level used to view the viewports and the
timestamps to define several viewing behavior variables. These variables
measure and quantify pathologists’ interactions with the digital slides
such as zooming and panning patterns, total interpretation time, and at-
tending to the consensus ROI selected by the reference panel. We used
these variables to investigate the association of the pathologists’ viewing
1 Viewport tracking data on 79 interpretations were not available.
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behaviors with their characteristics and diagnostic accuracy in melanocytic
skin lesions on whole slide images. Our main questions are:

• Are pathologists’ demographics and clinical characteristics associated
with viewing behaviors?

• Are specific viewing behaviors associated with diagnostic accuracy?

The following is an overview of the case and pathologist selection, the
viewport tracking data collection, and the experts’ consensus diagnosis.
2.2. Case selection

Skin biopsy specimens of melanocytic lesions (N=240) were randomly
selected from Dermatopathology Northwest in Bellevue, Washington, with
stratification based on patient's age and the original diagnosis. To generate
digital whole slide images, each glass slide was scanned at 40x magnifica-
tion with a Hamamatsu NanoZoomer 2.0-RS digital slide scanner.15 These
cases were classified into 5 MPATH-Dx classes (example diagnostic
terms): class 1 (nevus/mild atypia), class 2 (moderate atypia/dysplasia),
class 3 (severe dysplasia/melanoma in situ), class 4 (stage pT1a invasive
melanoma), and class 5 (stage pT1b or higher invasive melanoma). De-
tailed information about the MPATH-Dx classification can be found
elsewhere.13 For this study, a subset of 180 cases was chosen and divided
into 5 different sets of 36 cases, each of which included the entire range
of the 5 MPATH-Dx classes. 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% class 4, and 25.0% class 5.
2.3. Participants

Pathologists were recruited from 10 US states (California, Connecti-
cut, Hawaii, Iowa, Kentucky, Louisiana, New Jersey, NewMexico, Utah,
and Washington) to participate in the M-Path study. Pathologists were
eligible if they had completed residency and/or fellowship training,
had interpreted skin specimens in their clinical practices in the preced-
ing year, and planned to do so for the next 2 years. Pathologists were in-
vited to participate in a substudy of interpreting digital WSIs, and we
used data from 32 pathologists from whom we had full tracking data
in this investigation.
2.4. Data collection

All participants completed a baseline survey before the study to assess
their demographics and clinical practice characteristics (Table 1). A custom
web-based digital slide viewerwas developed by our research team tomeet
the needs of this research project using HD View SL, Microsoft's open-
source Silverlight platform. The viewerwas loaded inMicrosoft Internet Ex-
plorer (Redmond, WA, USA) and allowed pathologists to pan around the
image (usingmouse clicks or dragging) and zoom in and out up to x60mag-
nification (using mouse wheel or buttons), similar to most industry-
developed WSI viewers. In addition to zooming and panning, the viewer
provided tools for measuring lesion size and counting mitotic figures.15 Pa-
thologists viewed and interpreted each of the 36 cases one at a time using
the online digital slide viewer. As pathologists viewed each slide, the
viewer automatically logged a series of viewports in the order they were
viewed and exported this information to a data file. A viewport is a rectan-
gular area of the image that is visible on the pathologist's computer screen
at any time during their interpretation. The location of a viewport is de-
scribed with the coordinates (x and y positions) of the upper left corner of
the viewport, as well as its dimensions (width and height). In addition to
the location of the viewport, the zoom level used at that region and a
timestamp were logged. After each interpretation, pathologists were
asked to provide their diagnoses using an online histology form. A total
number of 1073 interpretations (pathologist and case pairs) were logged
and are analyzed in this study.



Table 1
Distribution of pathologists’ demographics and characteristics.

Pathologists’ demographics and characteristics Count (Percentage%)

Gender
Male 13 (41%)
Female 19 (59%)

Age (years)
20–49 12 (37%)
50–64 20 (63%)

Board certification/ Dermatopathology Fellowship training
Yes 10 (31%)
No 22 (69%)

Experience with interpreting melanocytic skin lesions (years)
<5 3 (10%)
5–9 10 (31%)

10–19 9 (28%)
>20 10 (31%)

Caseload of melanocytic skin lesions (%)
<10 14 (44%)
10–24 13 (41%)
25–49 5 (15%)

Ratings on difficulty level of interpreting melanocytic skin lesions
1 (Very easy) –

2 1 (3%)
3 10 (31%)
4 18 (56%)
5 3 (10%)

6 (Very challenging) –
Ratings on confidence level of interpretingmelanocytic skin lesions

1 (Not at all confident) –
2 2 (6%)
3 4 (12%)
4 7 (22%)
5 16 (50%)

6 (Extremely confident) 3 (10%)
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2.5. Consensus diagnosis and ROI

Three dermatopathologists with expertise in cutaneous melanocytic le-
sions (ourM-Path Study reference panel) independently interpreted the full
set of cases in glass slide format and then participated in a series of review
meetings. They agreed on a consensus diagnosis for each case using a mod-
ified Delphi approach13 as well as agreeing on a consensus region for each
case as the Region of Interest (ROI) which supported their diagnosis and
best represented the critical features on the slide. Note that these consensus
ROIs were never visible to the participants in this study; they were used
only to define critical image regions for data analysis.

2.6. Viewing behaviors

We use the information in our viewport tracking dataset to define vari-
ables that quantify pathologists' viewing behaviors. Using the time stamps,
we calculated the duration of each viewport being viewed as well as the
total interpretation time. Viewports associated with a duration of more
than 1 minute (frozen at one location without any activity for more than
1 min) were excluded due to the assumption that the pathologist was not
actively interpreting during that time. Variables used to summarize pathol-
ogists' viewing behavior are defined in Table 2.

3. 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 model16 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 1 as the explanatory variable
and each of the viewing behaviors defined in Table 2 as the outcome. The
notation of the model is defined in Expression 1; yi denotes the viewing
3

behavior variable of interpretation i, xi denotes the pathologist’s demo-
graphic/clinical characteristic, upathologist(i) and ucase(i) indicate the patholo-
gist and case random effects, and ei denotes the interpretation-level
residual error.

yi ¼ β0 þ β1xi þ upathologist ið Þ þ ucase ið Þ þ ei (1)

To investigate associations between pathologists’ viewing behavior and
diagnostic accuracy, we used an analogous generalized linear mixedmodel
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
Table 2 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 le-
sions (categorical covariate with 4 levels) and having board certification
and/or fellowship training (binary variable). In Expression 2; Pi denotes
the probability of an accurate diagnosis for interpretation i, logit(p) = log
(p/(1-p)), and xi denotes the viewing behavior, E2, E3, and E4 are indicators
of the second, third, and fourth levels of pathologists’ years of experience,
and F indicates board certification and/or fellowship training.

logit Pið Þ ¼ β0 þ β1xi þ β2E2 þ β3E3 þ β4E4 þ β5Fþ upathologist ið Þ þ ucase ið Þ
þ ei (2)

To further analyze the association of these viewing behaviors with diag-
nostic accuracy in the presence of each other, a subset of variables was cho-
sen 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 effi-
ciency. The multivariate model included the same covariates as the univar-
iate models to study accuracy. SAS version 9.4 (SAS Institute, NC)was used
to perform all the statistical analyses in this study.

4. Results

4.1. 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 1) and viewing
behaviors (Table 2). Table 3 presents all analyses performed and, in this
section, we highlight those results with a P-value < 0.1. 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. In addition, pathologists reporting higher confi-
dence in interpreting melanocytic skin lesions have lower average, maxi-
mum, and variance of zoom levels. Lastly, older pathologists have higher
maximum and variance of zoom levels compared to younger pathologists.
No other statistically significant associations were found between viewing
behaviors and pathologists’ characteristics.

4.2. Diagnostic accuracy

To study associations among viewing behaviors and diagnostic accu-
racy, we used a series of cross-classified multilevel models. Seven separate
models were generated for each of the defined viewing behavior variables
in Table 2. TheOdds Ratio (OR) and the P-value of eachmodel are shown in
Table 4. 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 magni-
fication 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 4).



Table 2
Pathologist viewing behaviors' definitions.

Viewing
behavior

Definition Equation

Total interpretation time Using the time stamp (TS) of each viewport (vi), we calculated the duration (d) of each viewport being viewed.
Total interpretation time (T) is calculated by summing the durations of all the viewports.

d við Þ ¼ TS viþ1ð Þ � TS við Þ
T ¼ ∑vn

vi¼1d við Þ
Average zoom level The average zoom level (avg) used during an interpretation. avg ¼ ∑vn

vi¼1
zoom við Þ
n

Maximum zoom level The maximum zoom level (mx) used during an interpretation. mx ¼ maxfzoomðviÞ: i ¼ 1::ng
Zoom level variance The zoom level variance (var) during an interpretation.

var ¼ ∑vn
vi¼1

zoom við Þ � avgð Þ2
n � 1

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.

m við Þ ¼ 1, zoom viþ1ð Þ≥zoom við Þ
0, otherwise

�

MP ¼ ∑vn
vi¼1

m við Þ
n

ROI time percentage ROI time percentage (RTP) 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.

r við Þ ¼

1,
area intersect vi ROIð Þð Þ

area ROIð Þ > 0:4

And
area ROIð Þ
area við Þ > 0:1

0, otherwise

8>>>>>>><
>>>>>>>:

RTP ¼ ∑vn
vi¼1

r við Þ
n

Scanning percentage Scanning percentage (SP) is defined similar to the E. Mercan et. al12 study for digital breast pathology. This
variable provides information regarding zoom level changes in consecutive log entries, regardless of zoom
level itself. We count the number of viewports that are associated with consecutive zoom in behavior (s).
Scanning percentage calculates the proportion of viewports associated with panning around the image with a
fixed zoom level.

s við Þ ¼ 1, zoom viþ1ð Þ ¼¼ zoom við Þ
0, otherwise

�

SP ¼ ∑vn
vi¼1

s við Þ
n
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Interpretations with a larger magnification percentage were less likely to
yield an accurate diagnosis (adjusted OR <1).

To further investigate the associations between viewing behavior and ac-
curacy 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
(zoomvariance), panning (scanning percentage), interactingwithROI behav-
iors (ROI time percentage), and interpretation efficiency (total time), based
on the relative strength of odds ratios shown in Table 4. The results from
the multivariate model are shown in Table 5. Total interpretation time and
ROI time percentage are significantly associated with diagnostic accuracy
in thismultivariatemodel (P-value< 0.05), whereas zoomvariance and scan-
ning percentage are marginally significant (0.05 < P-value < 0.1).

5. Discussion

This study leveraged WSI viewing behavior data to reveal associations
between viewing behavior and pathologist characteristics and diagnostic
Table 3
Pathologist’s characteristics, clinical experience and ratings of difficulty and confidenc
zoom, and zoom variance as outcome variables. Contrast specifies the difference in the
that mean of maximum zoom for pathologists in the older age group (50-64 years) was 0
years). As reflected in Table 1, experience, caseload, difficulty, and confidence rating wer
difference in the mean outcome comparing groups one apart on the ordinal scale.

Pathologists’ demographics, clinical characteristics and ratings of difficulty
and confidence on melanocytic skin lesions

Average

Contrast

Pathologists’ demographics
Gender (Female vs. Male) 0.03
Age (50–64 vs. 20–49) 0.29

Clinical experience level
Board certification or Fellowship training (Yes vs. No) −0.62
Experience with melanocytic skin lesions 0.12
Caseload of melanocytic skin lesionsa −0.35

Ratings on melanocytic skin lesions
Difficulty levela −0.05
Confidence levela −0.21

a Ordinal variable, summarized in Table 1.

4

accuracy. When exploring the former association, we showed that average,
maximum and variance of zoom level were negatively associated with pa-
thologists’ 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 patholo-
gists’ age and maximum and variance of zoom level.

When investigating the associations among viewing behaviors and diag-
nostic 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 associationswith diagnostic ac-
curacy.Magnification percentage,whichmeasures consecutive zoom-in be-
haviors, 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, whichmeasures the proportion of time spent panning
with a fixed zoom level, has a marginally significant positive association
e on melanocytic skin lesions as predictor variables and average zoom, maximum
mean outcome among a predictor variable’s categories. For example, 0.39 indicates
.39magnification level higher than for pathologists in the younger age group (40-49
e analyzed as ordinal variables to investigate trends and thus contrast represents the

zoom Maximum zoom Zoom variance

P-value Contrast P-value Contrast P-value

0.878 0.05 0.825 0.22 0.290
0.192 0.39 0.068 0.41 0.038

0.003 −0.45 0.037 −0.45 0.030
0.286 0.12 0.266 0.16 0.100
0.015 −0.29 0.039 −0.31 0.017

0.765 −0.03 0.849 −0.09 0.534
0.044 −0.19 0.059 −0.17 0.075



Table 4
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 certi-
fication and/or fellowship training as covariates. OR stands for Odds Ratio.

Predictor variable Adjusted OR (95% CI) P-value

Total interpretation time 1.33 (1.09, 1.62) 0.005
Average zoom 1.26 (1.03, 1.54) 0.023
Maximum zoom 1.24 (1.03, 1.50) 0.026
Zoom variance 1.37 (1.11, 1.68) 0.003
Magnification percentage 0.76 (0.63, 0.92) 0.006
ROI time percentage 1.35 (1.07, 1.69) 0.011
Scanning percentage 1.21 (1.00, 1.47) 0.054

Table 5
Multivariatemodelwith four viewing behaviors as predictor variables, and diagnos-
tic accuracy as the outcome. Each model was adjusted for pathologists’ years of ex-
perience with interpreting melanocytic skin lesions and having board certification
and/ or fellowship training in dermatopathology as covariates. OR stands for Odds
Ratio.

Predictor variables Adjusted OR (95% CI) P-value

Total interpretation time 1.25 (1.01, 1.54) 0.036
Zoom variance 1.22 (0.98, 1.53) 0.079
ROI time percentage 1.38 (1.10, 1.73) 0.006
Scanning percentage 1.20 (0.98, 1.47) 0.072
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with accuracy. Following prior work in radiology which introduced 2 view-
ing strategies: scanning and drilling7, we suggest that a pathologist with a
higher scanning percentage has adopted a scanning strategy. On the other
hand, a pathologist with a lower scanning percentage is most likely
adopting a relative zooming (drilling) strategy in their interpretation. How-
ever, more recent evidence from digital pathology suggests that these 2
strategies are not mutually exclusive.17

The association between time spent viewing the consensus ROI and di-
agnostic accuracy highlights the importance of detecting critical image re-
gions, 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 be-
tween 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. A
few computer models have been previously developed based on patholo-
gists’ viewing behaviorwhile diagnosing breast histopathology images.18,19

Future adaptive tutoring systems can alsomonitor trainee viewing behavior
and adaptively guide novice pathologists towards these features, helping
them discover the most critical 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 complexmelanocytic lesions, studying pathologists’ view-
ing behaviors and interpretive strategies might be beneficial inmany areas,
and specifically in education. The WSI has caused a significant shift in
thinking about education in histology and pathology, allowing for the intro-
duction of previously impossible activities and skills.20 It has been demon-
strated that students are comfortable using WSI because they have prior
computer experience. As a result, learners become accustomed to the tool
5

quickly and can focus on the histological aspects of the slides without hav-
ing to learn how to use the microscope.20 Moreover, a whole slide image
can be accessed and used in a more flexible setting from any device or loca-
tion, requiring only a computer with internet access.

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 embed-
ding, cutting, staining, and scanning, is critical to the successful adaptation
of whole-slide images in digital pathology.21 The methods and operational
quality controls must be standardized to reduce system mistakes and ran-
dom errors, because a single noise in huge data might cause misclassifica-
tion 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 techno-
logical 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 chal-
lenges to the statistical analysis.

6. Conclusions

Diagnosis of pathology slides is a complex task, and pathologists go
through years of training to be able to view image data and make a diagno-
sis. Even experienced pathologists are prone to uncertainty and errors when
confronted with massive amounts of information in cases. To gain a better
understanding of how pathologists view the complex image data and reach
a diagnosis, it is essential to understand their interpretive strategies and
viewing behaviors. The advent of digital pathology and whole slide imag-
ing has made it possible to record and study pathologists’ interpretive be-
haviors during their medical decision-making process in a novel way. In
this study we examined various summaries of pathologists’ viewing behav-
iors such as zooming, panning, and interacting with the consensus ROI. We
investigated the association of these viewing behaviors with pathologists’
characteristics and diagnostic accuracy. The results of such behavioral stud-
ies can be beneficial in multiple areas,22 such as improving the training and
education of younger pathologists, determining the reasons for diagnostic
errors to enhance pathologists' performance, and assisting with the devel-
opment of computer-aided and AI tools for diagnosis purposes.
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