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Original Article

Use of Machine Learning–Based Software for the
Screening of Thyroid Cytopathology Whole Slide Images

David Dov, PhD; Shahar Z. Kovalsky, PhD; Qizhang Feng, MS; Serge Assaad, BS; Jonathan Cohen, MD; Jonathan Bell, MD;
Ricardo Henao, PhD; Lawrence Carin, PhD; Danielle Elliott Range, MD

� Context.—The use of whole slide images (WSIs) in
diagnostic pathology presents special challenges for the
cytopathologist. Informative areas on a direct smear from a
thyroid fine-needle aspiration biopsy (FNAB) smear may be
spread across a large area comprising blood and dead
space. Manually navigating through these areas makes
screening and evaluation of FNA smears on a digital
platform time-consuming and laborious. We designed a
machine learning algorithm that can identify regions of
interest (ROIs) on thyroid fine-needle aspiration biopsy
WSIs.

Objective.—To evaluate the ability of the machine
learning algorithm and screening software to identify and
screen for a subset of informative ROIs on a thyroid FNA
WSI that can be used for final diagnosis.

Design.—A representative slide from each of 109

consecutive thyroid fine-needle aspiration biopsies was
scanned. A cytopathologist reviewed each WSI and
recorded a diagnosis. The machine learning algorithm
screened and selected a subset of 100 ROIs from each WSI
to present as an image gallery to the same cytopathologist
after a washout period of 117 days.

Results.—Concordance between the diagnoses using
WSIs and those using the machine learning algorithm–
generated ROI image gallery was evaluated using pairwise
weighted j statistics. Almost perfect concordance was seen
between the 2 methods with a j score of 0.924.

Conclusions.—Our results show the potential of the
screening software as an effective screening tool with the
potential to reduce cytopathologist workloads.

(Arch Pathol Lab Med. doi: 10.5858/arpa.2020-0712-
OA)

Thyroid nodules are common, and an estimated 10% of
the US population will have one in their lifetime. The

majority of thyroid nodules are benign.1 The routine
evaluation of a thyroid nodule includes ultrasound imaging.
Nodules that meet certain radiologic and clinical criteria are
sampled, typically using a fine-needle aspiration biopsy
(FNAB) technique.2 The Bethesda System for the Reporting
of Thyroid Cytopathology (TBS) comprises 6 diagnostic
categories to classify thyroid FNABs, and each is associated
with its own risk of malignancy (ROM) based on the
surgical pathology results. The TBS categories (and their
ROMs) are nondiagnostic (1%–4%), benign (BN; 0%–3%),
atypia of undetermined significance (AUS; 10%–30%),

follicular neoplasm (FN; 25%–40%), suspicious for malig-
nancy (SUSP; 50%–75%), and malignant (MAL; 97%–
99%).3 Direct smears are made from cellular material
obtained from the FNAB procedure by placing the specimen
on a glass microscope slide and using mechanical pressure
to spread the cells across the slide. The diagnostic material is
typically present as single cells and small groups of cells,
with relatively large intervening areas of blood, serum,
colloid, and empty space. The screening and review of direct
smears on a digital platform requires manually navigating
through these acellular areas of a smear to find the cells of
interest. This process can be time-consuming and labori-
ous.4,5 As the use of whole slide images (WSIs) becomes
more popular for primary diagnosis in pathology, the
cytopathologist will have to navigate such challenges. The
use of computational approaches in the digital cytopathol-
ogy arena can assist in overcoming some of these
challenges.6

We designed and implemented a machine learning–based
software that summarizes WSIs by generating an image
gallery of automatically identified regions of interest (ROIs)
containing follicular cells. Summarization is often used in
the computer vision literature to describe algorithms that
distill important information from large-volume data.7 In
this study, we investigate the adequacy of our summariza-
tion screening software in identifying diagnostic ROIs to
assist in the digital screening and diagnosis of thyroid
cytopathology.
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METHODS

After obtaining institutional review board approval, we searched
our institutional files for all thyroidectomy specimens with a
preceding FNAB from January 2008 to June 2016. Initial exclusions
included nondiagnostic FNABs and thyroidectomies diagnosed as
noninvasive thyroid follicular neoplasms with papillary-like nuclear
features, which could not be placed in a benign or malignant
category for study purposes.8 Cases for which the biopsied nodule
could not be correlated with the final surgical pathology result were
also excluded. Fine-needle aspiration biopsies at our institution are
prepared using both air-dried Diff-Quik–stained and alcohol-fixed
Papanicolaou–stained slides. Rapid on-site assessments are vari-
ably performed using only Diff-Quik–stained slides. One alcohol-
fixed, Papanicolaou-stained, direct smear from each FNAB
procedure was selected for scanning. The selected slide represented
the slide with the most follicular groups, regardless of associated
clot, air bubbles, or other preanalytical artifacts. All slides were
cleaned to remove pen marks and scanned with a 340 objective at 9
focal planes. The WSIs were acquired as SVS files using a Leica AT-
2 scanner. All cytologic (TBS) diagnoses were recorded for each
nodule as documented in the electronic medical record (EMR). The
final surgical pathology result was used as the ground truth and
also recorded. The WSIs were divided into a training set and a test
set. The test set slides comprised a subset of consecutive FNABs
that were not analyzed by the machine learning algorithm (MLA)
during training.

We used the training set to design the screening software, which
has 2 parts: an MLA and a graphical user interface for the end user.
The MLA itself comprises 2 components. The first is a screening
MLA, which is based on a convolutional neural network and is
designed to identify ROIs, that is, patches (image regions)
containing follicular groups. To train this component of the MLA,
we used a (fully) supervised learning method in which a
cytopathologist used Aperio ImageScope software (Leica Biosys-
tems, Inc) to annotate 4494 ROIs containing follicular cells on a
subset of 145 WSIs from the training set. Because the vast majority
of a slide does not contain nucleated cellular material, regions
selected at random have a high likelihood of being uninformative.
We used these randomly selected areas on the slides as examples of
uninformative (ie, nondiagnostic) ROIs for training purposes. The
screening MLA is based on VGG11 convolutional neural network
architecture (implemented in PyTorch 0.4.1). The convolutional
filters were initialized with parameters pretrained on ImageNet,
which is a large and widely used data set in computer vision.9

After training the screening MLA, we used it to identify 1000 of
the most informative ROIs on each WSI. These ROIs were used to
train the second component of the MLA, termed the classifier
MLA. The WSIs from the training set were labeled as benign or
malignant, based on the final surgical pathology results, which
were also used as the ground truth. The classifier MLA was trained
to predict malignancy at the slide level, distinct from the ROI-level
prediction.10 In addition to the final pathology, the classifier MLA
was trained to simultaneously predict the TBS category via an
ordinal regression framework. The joint prediction serves as a
regularization for the training process, providing improved
classification accuracy. We refer the reader to Dov et al11 for a
detailed description of the training process.

In the testing phase, the screening MLA was tasked with
identifying only the 100 most informative ROIs. These, in turn,
were used by the classifier MLA for the prediction of malignancy.
Specifically, the predicted malignancy label of the WSI was
obtained by averaging the local ROI-level predictions. We found
no advantage in using more than 100 ROIs for the automated
malignancy prediction; these same 100 ROIs were also used in the
image gallery presented to the reviewer. For the current paper, only
the malignancy prediction of the final pathology, not the prediction
of the TBS category, was used. Our previously published data show
that the sensitivity and specificity of the MLA to predict malignancy
on WSIs was 92% and 91%, respectively. For additional details of
our training set, the engineering design, and thorough analysis of

the performance of the MLA, we refer to our previous publica-
tions.11–13

The second part of our screening software is the graphical user
interface, represented by a screenshot in Figure 1. When the
software presents an FNAB for analysis, an image gallery is created
that displays 100 ROIs automatically identified by the screening
MLA as the most informative ROIs. These 100 ROIs correspond to
0.2% of the area on the slide. Typical ROIs have an average of 1 to 2
follicular groups, whereas larger groups may span more than one
ROI. The individual ROIs are displayed at the equivalent of 340
objective magnification. Each ROI includes a z-stack of 9 focal
planes; the user may select a given ROI and use a mouse to scroll
through the focal planes to focus the image. Only one z-stack was
used to train the MLA; in isolated experiments, we found no
difference in MLA performance with the use of additional z-stacks.
For optimal viewing, when the user clicks on an ROI, the user is
shown a composite, side-by-side view of the ROI at 310 and 340
magnification. In addition, the graphical user interface includes a
view of the WSI at a 31 objective magnification. An internal timer
records the time to diagnosis for each case.

The screening software has the ability to integrate the selected
ROIs into the existing WSI viewing software (ie, ImageScope). This
integration works by marking the ROIs with bounding boxes, and it
allows the user to navigate from one ROI to another simply by
clicking on designated cells in a built-in annotation pane (Figure 2).
This navigation feature facilitates more rapid review of the WSI by
eliminating the need to scroll through uninformative areas of the
WSI.

To assess the potential of the screening software as an assistive
screening tool, we had an experienced board-certified cytopathol-
ogist blindly review and assign a TBS category to each WSI in the
test set using Aperio ImageScope software (without the ROIs being
presented). Using the image gallery created by the software, the
same cytopathologist reviewed the test set 117 days later. The
reviewer’s WSI cytologic diagnoses (WSI-TBS), ROI-based diag-
noses using the image gallery (ROI-TBS), and the EMR diagnoses
were recorded for each FNAB. The final surgical pathology result
documented in the EMR was categorized as benign or malignant
and was used as the ground truth for each WSI. Concordance was
calculated using pairwise weighted j statistics.14 Agreement was
categorized as follows: 0 to 0.2, slight; 0.21 to 0.4, fair; 0.41 to 0.6,
moderate; 0.61 to 0.8, substantial; and 0.81 to 1, almost perfect.15

We used j scores to evaluate concordance across TBS categories
and across 3 malignancy risk groups: benign, intermediate risk, and
high risk. The benign risk group included BN cytologic cases, the
intermediate risk group included cases diagnosed as AUS and FN,
and the high-risk group included the SUSP and MAL categories.
Concordance between the WSI-TBS and the EMR and between the
WSI-TBS and the ROI-TBS was assessed for both the TBS
categories and the risk groups. The accuracy of predicting
malignancy by the classifier MLA, the reviewer (using both
methods), and the EMR was evaluated using receiver operating
characteristic curves.

RESULTS

The cohort comprised a total of 908 FNABs; 799 FNABs
were used for training of the MLA and 109 consecutive
FNABs were used for the test set. Table 1 shows the
distribution of the test set cases (n ¼ 109) by cytologic
diagnosis for the EMR and for the reviewer using WSIs and
the ROI-based method; the number of malignant cases in
each category is included along with the calculated risk of
malignancy. Eighty-four cases were benign on final pathol-
ogy and 25 were malignant. Table 2 summarizes the j
statistics of the 2 methods and the EMR diagnoses. When
compared with the EMR, the WSI-TBS showed almost
perfect concordance (j ¼ 0.845) across TBS categories and
substantial agreement when restricted to just the risk groups
(j¼ 0.669). Intraobserver agreement between the ROI-TBS
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and the WSI-TBS across TBS categories and across the risk
groups was almost perfect, yielding j¼ 0.924 and j¼ 0.834,
respectively.

A total of 23 of the 109 cases (21.1%) were discordant
between the WSI-TBS and ROI-TBS methods, and moved
out of their original WSI-TBS category when the ROI-based
method was used (Table 3). Sixteen cases moved between
AUS and BN, and 5 moved from FN to AUS. The remaining
2 discordant cases were malignant and moved more than 1
level on ROI review, from FN to BN and SUSP to AUS.
Among the 23 discordant cases, 14 (60.8%) were down-
graded on ROI-based review and 9 (39.1%) were upgraded.
Five of the 14 downgraded cases (35.7%) were malignant: 2
were downgraded from FN to AUS, 1 from SUSP to AUS,
and the remaining 2 (14.3%) were inappropriately down-
graded to BN from AUS and SUSP; both were follicular
variant of papillary thyroid carcinoma on final pathology. All
9 of the upgraded cases moved from BN to AUS on ROI-
based review; 1 of these cases was malignant.

The average time to diagnosis for ROI-TBS was 81.59
seconds (1.36 minutes) per case. Four cases had a time to
diagnosis in excess of 1500 seconds and were excluded from

this calculation because they were likely the result of an
error from inadvertently leaving the software application
open before recording the diagnosis.

Using the final pathology as the ground truth for the test
set, the performances of the EMR and the reviewer in
predicting malignancy were evaluated using a receiver
operating characteristic curve. The areas under the curve
for the EMR, WSI-TBS, and ROI-TBS were 0.931, 0.931, and
0.896, respectively. The performance of the classifier MLA
(previously reported) yielded an area under the curve of
0.932 on the same test set.11–13

DISCUSSION

In a previous study,11–13 we developed an MLA that
demonstrated performance comparable with humans in the
prediction of malignancy on thyroid FNABs. The current
study tested the efficacy of this MLA to screen WSIs of
thyroid FNABs for diagnostic follicular groups using an
image gallery. The TBS diagnoses made by the reviewer
using only the ROI selection automated by the software
showed almost perfect concordance with TBS diagnoses
made by the same cytopathologist on manual review of the

Figure 1. Graphical user interface with
image gallery. Twenty of the 100 region-of-
interest (ROI) images (340) selected by the
screening machine learning algorithm are
displayed at one time. Buttons labeled 1
through 6 (left side) can be clicked to record
the Bethesda diagnosis based on ROIs.
Elapsed time is displayed at top left. Any
ROI can be selected to view the 340 and 310
views side by side (inset, top). A preview
button (bottom left) returns the user to the
image gallery. The right-side scroll bar navi-
gates through all 5 sets of gallery images and
the sixth position navigates to the 31 view of
the whole slide image (not shown).

Figure 2. Screenshot of Aperio ImageScope
software with integrated regions of interest
(green boxes) automatically identified by the
screening machine learning algorithm. Click-
ing a cell on the annotation pane (bottom left)
allows the user to quickly navigate to the next
region of interest.
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WSI. With refinement, this screening software can be used
to screen WSIs of thyroid FNABs.

The selection of the 100 most informative regions of
interest across a WSI of a thyroid FNAB was automated by
the MLA and used by the ROI-based software. Our
experiments show strong concordance between the WSI-
TBS diagnosis and the ROI-TBS (j¼0.924). A large majority
(78.9%; 86 of 109) of the diagnoses remained unchanged
between the 2 methods. The greatest change in number of
cases was seen in the AUS category; 8 cases were added to
that category with the ROI-based method, increasing the
number of AUS cases from 16 to 24. The increased number
of AUS cases suggests that the MLA may have presented
the reviewer with more atypical regions. The fact that 9 of
the 24 cases moved from BN to AUS based on ROIs also
supports this theory. These 9 cases represent all of the
discordant cases that were upgraded to AUS, and they
appropriately include 1 malignant case. So, although the
atypical rate may have increased, it had the added value of
identifying a malignant case that was originally categorized
as BN. Finding the most atypical groups is the overall goal of
a screening tool, in which the threshold for atypia may be
lower in order to ensure atypia is not missed and all positive
cases are identified.

Given the differences noted among the discrepant cases,
we wondered how collapsing the categories into risk
groups, based on similar ROMs and clinical management,
might affect concordance. The BN category remained alone.
The AUS and FN categories were combined because of their
overlapping malignancy rates, 10%–30% and 25%–40%,
respectively; similar cytologic features; and shared surgical
pathology results.3 In addition, their diagnoses may result in
similar clinical management, including additional testing
and/or surgical treatment.2 The SUSP and MAL diagnoses
were combined for similar reasons.3 Concordance between

the WSI- and ROI-based methods across all the risk groups
remained high (j ¼ 0.834), but decreased. The overall
number of intermediate risk cases (AUS and FN) was similar
between the ROI-TBS and WSI-TBS methods (n¼ 30 versus
n ¼ 28, respectively). But the ROI-based intermediate risk
group contained a higher proportion of AUS cases (80%
versus 57%). As indicated above, 9 such cases moved from
the BN category/risk group and likely explains why the j
score for the risk groups was lower than for the individual
TBS categories.

More importantly, when one considers the concordance
between the WSI-TBS and the EMR-TBS as a measure of
interobserver agreement, we see that the ROI-based
method is excellent (j ¼ 0.845) in eliciting the same
diagnosis as the EMR. However, there are much smaller
differences in diagnoses between the WSI-TBS and the
ROI-TBS, as represented by the intraobserver agreement (j
¼ 0.924). This finding supports the implication that the use
of the ROIs is a very effective screening tool when compared
with the baseline performance of the interobserver agree-
ment.

Among the 14 cases that were downgraded using the
image gallery, 64.3% (n¼ 9) were benign and appropriately
downgraded to either BN or AUS. However, the remaining
5 cases were malignant, and 2 of these were inappropriately
downgraded to BN. Interestingly, all 5 of these downgraded
cases were predicted to be malignant by the classifier MLA.
Given this fact, it was unclear why the automated ROIs
elicited a BN diagnosis for 2 cases by the reviewer. We
reviewed the ROIs and WSIs from both of these cases, and
in retrospect, the ROI-TBSs were reviewer errors. Both cases
show sufficient atypia in the selected ROIs that the
diagnosis should have been at least AUS.

Table 2. Diagnostic Concordance Between Whole
Slide Image (WSI)– and Region of Interest (ROI)–

Based Diagnoses With Diagnostic Accuracy

WSI-TBS

ROC Curve AUCTBS Categories j Risk Groups j

EMR 0.845 0.669 0.931

ROI-TBS 0.924 0.834 0.896

WSI-TBS . . . . . . 0.931

Abbreviations: AUC, area under the curve; EMR, electronic medical
record; ROC, receiver operating characteristic; ROI-TBS, TBS diagnosis
based on ROIs; TBS, the Bethesda System for the Reporting of Thyroid
Cytopathology; WSI-TBS, TBS diagnosis based on WSI.

Table 3. Bethesda System for the Reporting of
Thyroid Cytopathology (TBS) Categories Based on

Whole Slide Images (WSIs) Versus Regions of Interest
(ROIs)

WSI-Based
TBS Diagnosis

ROI-Based TBS Diagnosis

Benign Atypical FN Suspicious Malignant

Benign 58 9 0 0 0

Atypical 7 9 0 0 0

FN 1 5 6 0 0

Suspicious 0 1 0 0 0

Malignant 0 0 0 0 13

Abbreviation: FN, follicular neoplasm.

Table 1. Distribution of the Test Set Cases (n ¼ 109) and Malignant Cases (n ¼ 25) Across Bethesda System for the
Reporting of Thyroid Cytopathology (TBS) Categories as Diagnosed by the Electronic Medical Record (EMR) Pathologists

and by the Reviewer Using Whole Slide Images (WSIs) and Regions of Interest (ROIs)

TBS
Category

EMR Diagnosis,
No. (%)

Malignant Cases,
No. (ROM %)

WSI Diagnosis,
No.

Malignant Cases,
No. (ROM %)

ROI Diagnosis,
No.

Malignant Cases,
No. (ROM %)

BN 50 (45.9) 0 (0) 67 2 (3.0) 66 3 (4.5)

AUS 32 (29.4) 6 (18.8) 16 2 (12.5) 24 5 (20.8)

FN 9 (8.3) 3 (33.3) 12 7 (58.3) 6 4 (66.7)

SUSP 6 (5.5) 4 (66.7) 1 1 (100) 0 0 (0)

MAL 12 (11) 12 (100) 13 13 (100) 13 13 (100)

Abbreviations: AUS, atypia of undetermined significance; BN, benign; FN, follicular neoplasm; MAL, malignant; ROM, risk of malignancy; SUSP,
suspicious for malignancy.
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Accuracy in predicting malignancy was comparable
between the 2 methods, though reduced for the ROI-based
method, with areas under the curve of 0.896 and 0.931. An
ideal screening tool would identify all true-positive cases
while limiting the number of false positives. So, we
conducted an experiment to test the potential use of the
image gallery as a screening tool to be used along with the
MLA final pathology predictions. The workflow we propose
below leverages our knowledge of the MLA’s ability to
reduce indeterminate diagnoses when combined with
human decisions13 and mitigates the limitations seen in
using the image gallery with respect to the inappropriately
downgraded cases.

Figure 3 demonstrates the proposed workflow in which
the WSI would be analyzed by the MLA for automated
selection of the 100 most informative ROIs, which would
then be presented to the human screener (eg, cytotechnol-
ogist or trainee). At the same time, a prediction of
malignancy would be made by the MLA and provided to
the human screener after review of the ROIs. The screener
would independently review the 100 ROIs and provide a
cytologic diagnosis. This ROI-TBS could then be combined
with the MLA malignancy prediction along a decision tree
that would separate the cases into 2 groups: those that
require further review (FR) by a cytopathologist and those
that do not. Further review might include a review of (1)
additional ROIs on the WSI using the navigation feature of
the software or (2) the glass slide.

When we applied this digital workflow, 32 cases were in
the FR category, which yielded a ROM of 71.9% and
included 23 malignant and 8 benign cases (Table 4). The
remaining 77 cases that fell into the no FR (NFR) category
included only 2 malignant cases. This digital workflow

essentially divides the cases into 2 screening groups: (1) a
high-risk group requiring FR for diagnostic confirmation,
with a calculated ROM (71.9%) between that reported for
the SUSP and MAL TBS categories, and (2) a low-risk group
(NFR) with a calculated ROM (2.6%) equivalent to that
reported for the BN TBS category.3

Although the ROM for the NFR category is higher than
that for the BN category in the EMR (Table 1), it comes with
some benefits. First, the 27 additional cases that require NFR
can aid in workload reductions for cytopathologists. In
addition, the binary result of FR and NFR effectively
eliminates the indeterminate category. This could also result
in easier clinical management; with such a high malignancy
rate in the FR category (71.9%), one may consider direct
referral to surgery. The ROM can also be increased in this
group if FR is done using the WSI or glass slide or by
soliciting a second opinion to successfully weed out the
benign cases in this category. As previously reported, a
review of the only 2 malignant cases in the NFR category
revealed a slide selection bias. Both of these cases were
predicted as benign by the classifier MLA and diagnosed as
BN when reviewed by 2 additional cytopathologists,
suggesting the selected slide was not representative of the
lesion.13 The EMR pathologist categorized these 2 cases as
AUS and FN. We believe this workflow could serve as a
means to screen and classify the majority of cases as BN,
potentially reducing workload, while reducing the atypia
and indeterminate rates using a combination of human and
machine predictions. Further study and validation of this
process with a larger cohort and reviewers with various
levels of experience will be needed in the future.

Studying the time to diagnosis was not a goal of this
project, but we noted the average time was 1.36 minutes per
case. As a rough comparison, Hanna et al16 reported an
average time to diagnosis of 1.6 minutes for each non-
gynecologic WSI from various specimen sources. We, like
others, found the ability to view the ROIs in the visual
context of their surroundings on the WSI helpful for
diagnostic interpretation.16 Use of the navigation feature in
our screening software, alone or as a tool for FR, allows the
reviewer to view ROIs across the WSI more quickly and in
the context of their surroundings, saving screening time and
time to diagnosis. Unlike other systems, the screening
software automates the selection of relevant ROIs for the

Figure 3. An example of the proposed
workflow for use of the machine learning
algorithm (MLA) and image gallery as an
assistive tool for pathologists. (1) The whole
slide image (WSI) is analyzed by the screen-
ing MLA selecting 100 most informative
regions of interest (ROIs). (2) The ROIs are
presented to the human screener (eg, cyto-
technologist or trainee). (3) The classifier
MLA predicts malignancy, which is provided
to the human screener after review of the
ROIs. The screener would independently
review the 100 ROIs and provide a cytologic
diagnosis. This Bethesda diagnosis based on
ROIs is combined with the MLA malignancy
prediction along a decision tree to determine
if further review is required by a cytopathol-
ogist. Abbreviations: AUS, atypia of undeter-
mined significance; BN, benign; FN, follicular
neoplasm; FR, further review; NFR, no further
review.

Table 4. Distribution of Cases Using a Screening
Workflow That Combines Region of Interest (ROI)–
Based Diagnoses and Machine Learning Algorithm

(MLA) Malignancy Predictions

ROI þ MLA
Diagnosis, No.

(n ¼ 109)

Malignant Cases, No.
(ROM %)
(n ¼ 25)

No further review 77 2 (2.6)

Needs further review 32 23 (71.9)

Abbreviation: ROM, risk of malignancy.
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image gallery, and requires no human input in this initial
process.17–22

There are some limitations to the current study. The
obvious one is our small test set. Although we believe the
proportion of cases in each TBS category is representative of
our patient population, small variations and discrepancies in
our data are difficult to extrapolate to a larger study. There is
an inherent bias in this study, as the training of the
screening and classifier MLAs was partially based on
supervised learning performed by the study reviewer.
However, these supervised learning instances included
annotated ROIs from only 145 WSIs (18.1%) of the total
799 used for training, and did not include any cases from the
test set.

Other limitations to our study are likely a result of
limitations in the software. The reviewer had no way to
evaluate particular follicular groups in the context of their
surroundings—for example, the ability to compare follicular
groups to other neighboring groups or in the context of
regional artifact such as air drying. In addition, the reviewer
could not view additional ROIs if desired. And lastly,
identification of more subtle examples of colloid or
lymphocytes is limited because both may be located
between the ROIs. This may also explain the increase in
AUS ROI-TBS diagnoses. Five cases of chronic thyroiditis
(21.7%) were among the 23 discordant cases and repre-
sented a third of the discordant cases in the AUS ROI-TBS
category. The image gallery was designed to present only
the ROIs to evaluate their adequacy for diagnosis, but these
limitations can be overcome with use of the navigation
feature in the software when WSI review is deemed
necessary.

Finally, the screening software may not have consistently
identified the most atypical groups. This was illustrated by
the 2 cases that were inappropriately downgraded from
AUS and FN to BN by the reviewer. The MLA predicted
these cases to be malignant and one would have expected
the automated ROIs to reflect this prediction. The WSI-TBS
for both cases was concordant with that of at least one of the
other reviewers who reviewed the discordant cases. This
suggests that the automated ROIs may not have adequately
represented the WSI in rare cases. However, retrospective
review of the ROIs in these 2 cases showed enough
cytologic atypia that the reviewer should have classified
them as, at least, AUS. Because 5 of the 6 malignant cases in
the discordant group were predicted as malignant by the
classifier MLA, combining the MLA malignancy predictions
with the reviewer screening results can mitigate this
limitation. Combining the 2 using the proposed workflow
results in a noninferior method to classify the BN cases
(Table 3).

The ideal clinical implementation of this technology might
begin with a custom graphical user interface that is directly
linked to the WSI and the navigation feature. A screener,
such as a cytotechnologist or trainee, would view the
automated ROIs. If desired, the screener could use the
navigation feature to evaluate select ROIs in order to gleam
additional information such as colloid or lymphocytes. Once
satisfied with the initial evaluation, the screener would
assign the TBS category and then follow the proposed
workflow indicated in Figure 3. If the result led to FR, the
case would be flagged for review by a pathologist. The
pathologist would then have the option to use any or all of
the available modalities to render a final TBS diagnosis,
including use of the navigation feature to assist in the review

of the WSI. This practical implementation of the screening
software as an assistive tool for pathologists would result in
fewer cases for the pathologist to review and allow for more
time to be spent on challenging cases. In addition, the
pathologist would have the benefit of the malignancy
prediction of the classifier MLA to aid in arriving at the
final cytologic diagnosis.

In conclusion, using an MLA, we created software that
automatically generates an image gallery for the screening
and identification of ROIs for thyroid FNAB WSIs. We used
this image gallery to assess whether the detected ROIs were
sufficient to render a TBS diagnosis. Our results demon-
strated almost perfect concordance between TBS diagnoses
made using the image gallery and those based on the WSI
alone. Our results suggest that the screening software can
be used to effectively screen thyroid FNABs. We believe this
software, in conjunction with the MLA malignancy predic-
tions and additional navigation features, can reduce
indeterminate rates in thyroid FNAB diagnoses, aid in the
classification and triage of FNABs, improve the accuracy of
the screening process, and help reduce pathologist work-
loads on digital platforms.
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