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Abstract
Background: Cervical cancer is the fourth most common
cancer in women globally with highest incidence and
mortality identified in less developed and medically un-
derserved areas in the world. The diminishing cytology
workforce, unavailability of expert consultation, and the
high volume of Pap tests needing manual screening are the
main reasons for exploring innovative solutions to help
mitigate the negative effects resulting from the dearth of
timely cervical cancer screening in certain population
groups. Summary: Developments in whole slide imaging
and artificial intelligence (AI) have enabled the emergence
of new computer-assisted systems that have the potential
for transforming traditional cytopathology practice.
However, AI-based systems are relatively new with limited
published data on their validation and clinical utility in
clinical practice. Our article aims to increase awareness of
the availability of such systems, explores the history and
development of AI-assisted screening platforms for Pap
tests, compares the performance characteristics of various
systems, elaborates on technical challenges associated with

conducting clinical trials employing this technology, and
discusses considerations around deploying such systems in
routine cytopathology practice. Key Message: Revolutionary
AI-based systems are being developed and utilized in
cytopathology practice to screen Pap tests. Some of these
systems have good performance characteristics and provide
opportunities to combat various issues such as workload
and standardization faced by cytology laboratories globally.
However, judicious review of these systems using evidence-
based studies is imperative to promote widespread
adoption and maintain high-quality standards for patient
safety. © 2025 S. Karger AG, Basel

Introduction

Cervical cancer is the fourth most common cancer
among women with an estimated 660,000 women di-
agnosed with cervical cancer and about 350,000 women
succumbing to this disease worldwide in 2022 [1]. Almost
all cases of cervical cancer are linked to the sexually
transmissible high-risk human papilloma virus (HPV)
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with persistent infection, leading to the development of
cervical cancer in affected populations. As early as 1928,
Dr. George Papanicolaou proposed using the Pap smear
cytology screening test for the detection of cervical
cancer. The efficacy of this Pap test was proven around
the 1940s with routine annual screening drastically re-
ducing the incidence and prevalence of cervical cancer in
the USA, earmarking this test as one of the most sig-
nificant clinical tools in the control of cancer in the 20th
century [2, 3].

Although primary HPV vaccination, early detection
with cervical cytology screening, and appropriate man-
agement can prevent and help treat this disease, factors
such as lack of routine care in underdeveloped regions,
ineffective vaccination programs, and the scarcity of
skilled cytology personnel in both developed and un-
derdeveloped regions contribute to the high incidence
and prevalence of this disease [1, 4–6]. Currently, the dire
cytologist staffing shortages experienced by multiple large
laboratories are being compounded by the decreasing
enrollment reported by cytotechnology schools [7, 8].
Moreover, conventional cervical cytology screening relies
on cytologists manually reviewing slides with a traditional
microscope that can be a very tedious, labor-intensive,
and error-prone task requiring significant time and effort
by screeners. The arrival of liquid-based cytology (LBC)
solutions in the 1990s with the discovery of automated or
computer-assisted LBC screening systems like the
ThinPrep® Imaging System (TIS) in the early 2000s was a
technological breakthrough that provided some reprieve
from these difficulties [9]. However, despite these ad-
vances, cytology laboratories continue to face a myriad of
additional challenges such as inaccurate results, signifi-
cant interobserver variability with manual screening,
increased turnaround times, medicolegal issues, fatigue,
and other ergonomic health conditions faced by per-
sonnel due to prolonged manual microscope use [9–13].
These challenges have prompted relevant stakeholders in
the cytology community to discover newer innovative
means to redress these difficulties [11].

The field of artificial intelligence (AI) has rapidly
expanded due to high performance computing, deep
learning, and access to large digital datasets for training
algorithms. Coupled with the transformation occurring
in the field of digital pathology (DP), many novel AI-
assisted screening platforms are being designed and tested
for both gynecologic and non-gynecologic cytology
practice. The AI-assisted platforms for non-gynecologic
cytology are still in the research phase with no com-
mercial product currently available in the market for
routine clinical use. However, there are several AI-based

screening systems focused on cervical cytology with some
of them currently available for commercial use to help
screen Pap tests in clinical practice.

It is important to note that the concept of utilizing AI
systems coupled with whole slide imaging (WSI) for
cervical cancer detection is relatively recent. Hence, there
are limited standardized guidelines available for their
deployment with minimal published data focusing on
their validation and clinical utility in routine practice.
This article aims to increase awareness of the availability
of such AI-based systems, explores the history and de-
velopment of AI screening platforms utilized in cervical
cytology, analyzes and compares the performance char-
acteristics of some of these systems, discusses the po-
tential for improvement in accuracy, efficiency, and ac-
cessibility seen with such systems, and considers potential
barriers and drivers that would impact the successful
integration of such systems in routine cytopathology
practice.

Digital Cytopathology and AI: Past and Present

The Digital Pathology Association defines digital pa-
thology (DP) as a “dynamic, image-based environment
that enables the acquisition, management, and inter-
pretation of pathology information generated from a
digitized glass slide” [14]. In this context, a Digital Pa-
thology System includes a whole slide scanner, image
acquisition software, image viewing and database soft-
ware (or image management system), possible image
analysis software, and the necessary IT infrastructure to
support the Digital Pathology System [14].

AI, as a term, encompasses machine learning and deep
learning algorithms that mimic human intelligence and
decision-making. Machine learning has the capacity for
computer-based algorithms to learn from and make
decisions based on data. On the other hand, deep learning
is a subset of machine learning that is based on artificial
neural networks of many layers designed to mimic the
way a human brain learns from large datasets, processes
information, and makes complex decisions [15]. In 2023,
Muhtasim et al. [16] conducted a critical analysis of
machine learning and deep learning methods for cervical
cancer screening wherein they looked at a total of 50
studies, 25 of which used machine learning and 22 studies
that utilized deep learning. They found that deep learning
techniques, including convolutional neural networks,
have the potential to increase classification accuracy and
decrease false-positive rates in cervical cancer screening
(sensitivity – 0.90, specificity – 0.95), and that these AI
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systems displayed high sensitivity and specificity rates
(sensitivity – 0.86, specificity – 0.92). However, the caliber
of the input data and settings applied, as well as the
availability of sizable datasets of cervical image annotations
for algorithm training, impacted the results from these
studies [17]. AI algorithms for cervical cytology screening
based on WSI and LBC have been studied widely in the
past decade. Knowledge and understanding of deep
learning algorithms for automatic processing, recognition,
feature extraction, and classification of images have in-
creased by leaps and bounds and enabled AI to analyze
images, identify patterns, and interpret malignant char-
acteristics especially in the field of cervical cytology
screening [18]. Thus, AI-assisted screening applied to
digitized Pap test slides has the potential to mitigate the
shortage of skilled cytology personnel, standardize inter-
pretations, and enhance access to expert consultations with
the help of remote digital education platforms [18].

Machine learning has been integrated into cervical
cytology screening since it was developed in the late
1990s. The US Food and Drug Administration (FDA) has
approved at least three DP systems (PAPNET, FocalPoint
GS, and Hologic ThinPrep Imaging System) for use in
clinical practice in the past [19, 20]. In 1995, the US FDA
approved PAPNET (Neuromedical Systems, Inc., Suffern,
NY, USA), the first commercially available computer-
assisted screening system for cervical cytology [21]. This
system used neural networking to differentiate abnormal
epithelial cells from normal cells in Pap tests and was
designed to reduce the rate of false negatives, and it was
used mainly for performing quality control [9, 14, 22].
Later on, in the early 2000s, the TIS (Hologic, Bedford,
MD, USA) and the FocalPoint GS Imaging System
(Becton Dickinson, Burlington, NC, USA) were intro-
duced for primary screening to be used to interpret
ThinPrep and SurePath Pap test preparations for final
reporting according to the Bethesda system [9, 14]. The
predecessor of the FocalPoint GS, AutoPap 300 QC
System (Tripath Imaging, Inc., Burlington, NC, USA),
was approved by the US FDA in the mid-1990s [23].
FocalPoint GS used a robotic microscope and screened
and marked slides, highlighting the most concerning cells
enabling cytologists to identify abnormal cells quickly
and reliably [24–26]. FocalPoint GS was acquired and
renamed by Becton, Dickinson (BD) Diagnostics with the
US FDA approving their system in 2010. Compared with
manual screening, BD FocalPoint GS has been shown to
have the same or even higher sensitivity when diagnosing
cases of low-grade squamous intraepithelial lesion and
above (LSIL+) and high-grade squamous intraepithelial
lesion [27, 28] (Fig. 1).

The TIS was developed by Cytyc and FDA approved in
2003. In 2007, Hologic acquired Cytyc and the ThinPrep
product line [29, 30]. The TIS used an algorithm to detect
areas of interest on unscreened Pap liquid-based slides for
further examination by cytologists. The selection of the
field of view and positioning guidance are provided by a
combination of a machine learning algorithm and robotic
controller, yet these computer-aided Pap test screening
systems still require cytologists to manually use glass
slides and optical microscopes. According to some
studies, TIS-assisted screening approximately doubled
slide reading efficiency, while keeping sensitivity equal or
exceeding that of manual primary screening, without
adversely affecting specificity [31, 32].

AI-Aided Diagnostic Systems

The development of a WSI-based AI system for cer-
vical cytology screening ushered in a new era in cervical
cancer screening. Since the COVID-19 pandemic in 2020,
WSI has been recognized and utilized remotely by many
more pathologists. The resultant broader adoption of
WSI for diagnostic use provided an impetus for the
development of WSI-based AI, including Pap cytology
testing [20].

Currently, multiple WSI-based AI platforms are
commercially available for screening Pap tests. There is
increasing interest in these AI-powered systems, specif-
ically for metrics of their performance such as specificity,
sensitivity, accuracy, negative predictive value, and
positive predictive value when interpreting Pap tests.
Further studies are needed on whether these AI platforms
can actually reduce workload by acting as an initial
screener, provide interpretive results, and possibly even
assign cases a category of “no further review” (NFR).
Essentially, cases triaged as NFR would not need any
further diagnostic assessment by a human. Many of these
pioneering studies have been conducted in Europe and
Asia [33].

Nearly all modern cervical cytology screening AI
platforms allow for whole slide image or cell spot viewing
in addition to displaying objects of interest (OOI) de-
tected in the form of a gallery of static images or folder.
The OOI gallery shows abnormal cervical cells in an
organized (e.g., rows) and labeled format. Platforms such
as CytoProcessor™ sort and screen abnormal cells enable
the reviewer to make a diagnosis simply by examining the
first 100 cells picked by the system [34, 35]. The
BestCyte® cell sorter imaging system streamlines hybrid
digital screening by efficiently categorizing and sorting
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cell tiles within 8 galleries [19, 36, 37]. The Hologic
Genius Diagnostic System presents 30 OOIs (arranged in
5 rows with 6 OOIs per row), and an additional 30 OOIs if
needed, for diagnosis [38]. The Landing CytoScanner
system ranks all image patches based on assigned scores
and highlights the 20 most significant OOIs for easy
viewing [39, 40]. AICyte scans Pap test slides and rec-
ommends only 20 OOIs to cytologists, thereby assisting
in the diagnostic process [41]. Finally, Cytologist-In-The-
Loop Artificial Intelligence (CITL-AI), Artificial Intelli-
gence Cervical Cancer Screening (AICCS), and Cell
Image Analysis System (CIAS) platforms all provide
cytologists with the location of suspicious OOIs for a
detailed review [42–44].

There is no standard benchmark for monitoring speed
when utilizing such platforms, making it a variable that is
challenging to compare. Reading times for each slide by

personnel are different due to the types of cases selected
and different validation study designs used. Reported
speeds for CytoProcessor’s AI system surpass traditional
microscopy by 1.6 times, while the Hologic Genius Digital
Diagnostic System (HGDDS) boasts a notably faster
screening time than the TIS (44.8 s versus 89.9 s) [35, 38].
The AI-assistive TBS (AIATBS) system processes slides in
under 180 s, while the CIAS processes slides in 80 s [44,
45]. AICyte has the fastest review speeds, slashing the
average slide review time down to just 22.23 s [41].

AI Platforms for Cytology Cervical Pap Tests

After analyzing stained Pap test slides, many platforms
provide AI-assisted interpretive results. These diagnoses
are either binary or picked from a variety of choices. For

Fig. 1. PapTest: historic timeline.
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Table 1. Overview of study characteristics of AI-related studies

Lead author Institution (year) AI system tested Patient
population

Reviewers Type of study/aim Type of
cytology
slide

Elishaev
(manuscript
forthcoming)

University of
Pittsburgh

Genius Digital Diagnostic
System (HGDDS)

USA 3 CT Validation TP
3 CP

Cantley et al. [11] University of
Michigan (2024)

Genius Digital Diagnostic
System (HGDDS)

USA 6 CT Validation TP
3 CP

Ikenberg et al. [38] MVZ CytoMol
Commercial Lab
(2021)

Genius Digital Diagnostic
System (HGDDS)

Germany 4 CT Validation TP
2 CP (+1 CP for
consensus)

Crowell et al. [34] Research Division
DATEXIM (2019)

CytoProcessor France 9 investigators Comparison
with TIS

TP

Crowell et al. [35] Research Division
DATEXIM (2019)

CytoProcessor France 4 investigators Comparison with
a microscope for
challenging slides

Nova

Chantziantoniou
et al. [36]

CellPathology
Plus (2022)

BestCyte USA 1 CT Comparison with
manual
microscopy

TP

Delga et al. [37] University of
Liege (2014)

BestCyte Belgium 6 CT Comparison with
manual
microscope

TP and BP
2 CP

Bai et al. [41] The Third
Affiliated
Hospital of
Zhengzhou
University (2024)

AICyte China 2 CP (+1 CP for
consensus)

Assessment of
efficacy and
accuracy

TP

Zeng et al. [47] Collaborative
Study (2024)

AICyte China 0 (AI-alone) Comparison with
original
interpretation

TP

Wang et al. [43] Collaborative
Study (2024)

Artificial Intelligence
Cervical Cancer Screening
(AICCS) system

China 6 CP Model
development and
validation

LBC

Yang et al. [44] Collaborative
Study (2024)

Cell Image Analysis
System (CIAS)

China 2 CT for
ASC-US+

Comparison of
with LBC, HPV
testing
combinations in
high-risk
population

TP

Zhu et al. [45] Collaborative
Study (2021)

Artificial Intelligence-
Assistive TBS (AIATBS)
Diagnostic Solution

China 20 CT Model
development and
validation

LBC
3 CP

Xue et al. [42] Collaborative
Study (2023)

Cytologist-In-The-Loop
Artificial Intelligence
(CITL-AI)

China 2 expert CT for
GT (+1 expert
CT for
consensus)

Model
development and
validation

SP

9 Junior CT TP
9 Senior CT LBC

BP, BestPrep; CP, cytopathologists; CT, cytologists; LBC, liquid-based preparation system; Nova, NovaPrep; SP, SurePath; TBS, The
Bethesda System; TP, ThinPrep.
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instance, the CITL-AI and AICyte systems offer two
possible outcomes: negative or positive [41, 42, 46]. The
Landing CytoScanner system provides a 3-option clas-
sification: normal, abnormal, or unsatisfactory [39, 40].
The AICCS system gives 5 possible diagnoses: negative
for intraepithelial lesion or malignancy, atypical squa-
mous cells of unknown significance, LSIL, high-grade
intraepithelial lesion and above, and atypical glandular
cells (NILM, ASC-US, LSIL, high-grade squamous in-
traepithelial lesion, and AGC) [43]. The AIATBS follows
the 2014 The Bethesda System (TBS) classification for
specific cervical diagnoses, including squamous, glan-
dular, and infectious lesions [45]. CIAS automatically
provides analysis-specific results such as negative and
positive, TBS grades, a description of the interpreted
results, and assessment of slide scan quality [44]. In
contrast to the above, systems like CytoProcessor™,
BestCyte®, and the Hologic Genius Diagnostic System
serve as an aid but do not directly provide diagnostic
classifications [19, 34–38].

Performance Metrics of Different AI-Assisted Systems

This review examined 13 randomly selected English
language publications available in PubMed that studied
8 AI-related cytology diagnostic tools, including Artificial
Intelligence-Assistive TBS diagnostic solution (AIATBS),
AICCS, Artificial Intelligence-Assistive Cytology diag-
nostic system (AICyte), BestCyte, cervical cancer CIAS,
CITL-AI, CytoProcessor, and HGDDS. We included
studies that focused on different systems and different
countries with a robust number of cases. An overview of
the study characteristics of these 13 publications is shown
in Table 1. A total of 6 of the studies involved a patient
population from various locations in China, while the
remaining 7 were from Europe and the USA. In all, 6 of the
studies were framed as a validation study, and 7 were
comparison studies with the AI tool and conventional
(manual) Pap test review. One study (Zeng et al. [47],
study of AICyte) included an AI-only review with no
human reviewer, and two studies referenced reviewers as
investigators without noting their credentials. The re-
maining studies included cytologists and/or cytopatholo-
gists (CPs). Ten of the 13 studies included ThinPrep slides
(8 of those 13 were solely ThinPrep, while the remaining 5
had multiple slide preparation types included), 1 included
NovaPrep, 1 included BestPrep, 1 included SurePath, and 3
included liquid-based Paps without further designation (2
of the 3 were solely liquid-based Paps, while the remaining
one study included cases with other preparationmethods).

The case overview, including total number of cases,
diagnoses examined, availability of corresponding or
subsequent histology, and ground truth reference, is
summarized in Table 2. In total, more than 245,500 cases
were included in the verification phases of this group of
publications, with an additional 101,195 cases used for AI
model development. Histology for ground truth diagnosis
was available for more than 4,600 cases (available in 7 of
the 13 studies). The ground truth in the remainder of the
studies was the original signed out Pap diagnosis or a
consensus diagnosis involving an additional reviewer for
discordant cases. TBS was the diagnostic system most
often used, although there was variation on which di-
agnoses were included in the study. For example, cases
that were unsatisfactory for diagnosis were included in 3
of the 13 publications, and malignancy (adenocarcinoma
or squamous cell) was included in 9 of the 13 studies.

Diagnostic accuracy assessments are presented in
Table 3. Several publications used the signed-out Pap
diagnosis as the ground truth, while others used the
histology follow-up, if applicable. In order to aid with
comparisons, diagnostic accuracy assessments (including
sensitivity [Se], specificity [Sp], positive predictive value,
negative predictive value, and accuracy) were recalculated
for the studies that provided data tables with the original
signed-out diagnosis, follow-up histology diagnosis,
or both.

For the 3 HGDDS studies, an overall sensitivity was
estimated using the original Pap test interpretation as the
ground truth, since the histology follow-up diagnosis was
not provided for one of the studies [11]. Assessing
positivity as ASC-US diagnoses or higher, excluding
unsatisfactory specimens, there were 1,246 true positives
and 189 false negatives, resulting in a sensitivity estimate
of 86.8%.

The combined estimated sensitivity for both Cyto-
Processor studies includes 542 true positives and 24 false
negatives, resulting in a sensitivity estimate of 95.8%. The
BestCyte sensitivity was similarly high, 92.7–100% (a
combined estimated sensitivity for both BestCyte studies
was not able to be calculated from the data reported).
AICyte sensitivity for AI-alone assessments (at a 50%
negative cutoff) was 90.8% (Zeng et al. [47]) and 99.3%
(Bai et al. [41]), while the AICyte-assisted was 94.9% and
the conventional pap test screening was 95.1% (a com-
bined estimated sensitivity for both AICyte studies was
not able to be calculated from the data reported). AICCS
showed increased sensitivity with AICCS-assisted CP
(100.0%) compared to CP alone (92.9%) or AICCS-alone
(92.3%). CIAS sensitivity for AI-alone assessment was
95.8%, higher than the 70.0% sensitivity reported for the
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Table 2. Case overview of AI-related studies

Lead author AI system
tested

Cases, n Diagnostic categories GT HC

Elishaev
(manuscript
forthcoming)

HGDDS 890 NILM, ASC-US, LSIL, ASC-
H, HSIL, AGC, ADC, SCC

Histology (575 of 890 cases) Y

Cantley et al. [11] HGDDS 319 Unsat, NILM, ASC-US, LSIL,
ASC-H, AGC, HSIL,
malignant

Original Pap (all 319) N

Ikenberg et al. [38] HGDDS 1994 NILM, ASC-US, AGC (NOS),
LSIL, ASC-H, AGC (FN),
HSIL, AIS, SCC, ADC

Histology (555 of 1994 cases) Y

Crowell et al. [34] CytoProcessor 1,352 (including 1,360
diagnoses due to 8 cases
diagnosed twice)

NILM, ASC-US, LSIL, ASC-
H, HSIL, SCC, AGC, AGC
(neo), AIS, ADC

Consensus diagnosis between
TIS and CytoProcessor
(discordances reviewed by 7-
member consensus
committee)

N

Crowell et al. [35] CytoProcessor 309 (216 for diagnostic
performance [with 210
included in the analysis] and
93 for diagnostic duration)

NILM, ASC-US, LSIL, ASC-
H, HSIL, SCC, AGC, AGC
(neo), AIS, ADC

Consensus diagnosis between
TIS and CytoProcessor
(discordances reviewed by 4-
member consensus
committee)

N

Chantziantoniou
[36]

BestCyte 500 UNSAT, NILM, ASC-US,
ASC-H, AGUS, LSIL,
HSIL, CA

Adjudicative WSI rescreening N

Delga et al. [37] BestCyte 105 NILM, ASC-US, AGC, LSIL,
ASC-H, HSIL, Unsat

Consensus diagnosis between
2 CPs for ThinPrep and
BestPrep collection methods
and HC when available

N

Bai et al. [41] AICyte 32,451 NILM, ASC-US, LSIL, ASC-
H, HSIL/SCC, AGC/
AIS/ADC

Histology for 1,156 cases Y

Zeng et al. [47] AICyte 163,848 NILM, ASC-US, LSIL, ASC-
H, HSIL, AGC

Original Pap (all 163,848) HC for
26 SO LSIL+ AI-neg cases (49
cases reviewed, 26 had
available histo)

Y

Wang et al. [43] AICCS 4,588 for validation; 11,468
for model development
(16,056 total)

NILM, ASC-US, LSIL, ASC-
H, HSIL, SCC, AGC

Histology for 165 of 2,152 cases
from internal validation set;
expert CP for 608 randomized
observational trials

Y

Yang et al. [44] CIAS 1,231 NILM, LSIL, HSIL, AIS,
cervical cancer

Histology for all 1,231 patients Y

Zhu et al. [45] AIATBS 34,403 for validation; 81,727
for model development
(116,130 total)

NILM, EMC, TRI, CAN, HSV,
CC, ACTINO, ASC-US, LSIL,
ASC-H, HSIL, SCC, AGC
NOS, AGC FN, AIS, ADC

Histology for 980 cases with
biopsy results

Y

Xue et al. [42] CITL-AI 3,514 for validation (8,000 for
model development)

Negative, ASC-US, LSIL,
ASC-H, HSIL

Expert cytology consensus N

ACTINO, actinomycetes; ADC, adenocarcinoma; AGC, atypical glandular cells; AGC (FN)/AGC (neo), atypical glandular cells, favor
neoplastic; AGC (NOS), atypical glandular cells (not otherwise specified); AIS, adenocarcinoma in situ; ASC-H, atypical squamous cell, high
grade not excluded; ASC-US, atypical squamous cells of unknown significance; CAN, Candida albicans; CC, clue cell; EMC, endometrial
cells; GT, ground truth; HC, histological comparison; HSIL, high-grade squamous intraepithelial lesion; HSV, herpes simplex virus; LSIL,
low-grade squamous intraepithelial lesion; NILM, negative for intraepithelial lesion or malignancy; SCC, squamous cell carcinoma; TRI,
Trichomonas vaginalis; Unsat, unsatisfactory.
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Fig. 2. Sensitivity by method across studies.

Fig. 3. Specificity by method across studies.
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conventional review of LBC, and AI+LBC sensitivity
(68.3%). AIATBS sensitivity for detecting intraepithelial
lesions was 92.0%. CITL-AI sensitivity had a notable
increase for junior cytologists (81.6% CITL-AI compared

to 53.1% for junior cytologists alone) and a small increase
for senior cytologists (87.2% CITL-AI compared to 84.4%
for senior cytologists alone), with the highest noted for
stand-alone AI (89.4%).

Table 4. Efficiency of AI-related studies

Study Review time Reduction %

AI conventional

HGDDS – Elishaev (manuscript
forthcoming)

• HGDDS CT M = 70 s
• HGDDS CP M = 38 s

• TIS CT est. range =
180–300 s*

• TIS CP est. range =
60–180 s*

• HGDDS CT 157% faster1

• HGDDS CP 58% faster*

HGDDS – Cantley et al. [11] • Overall HGDDS M = 192 s
• CT HGDDS M = 228 s
• CP HGDDS M = 72 s

• Overall light
microscopy M = 354 s

• CT light microscopy
M = 426 s

• CP light microscopy
M = 132 s

• Overall HGDDS 84% faster
• HGDDS CT 87% faster
• HGDDS CP 83% faster

HGDDS – Ikenberg et al. [38] • HGDDS 44.8 s • TIS 89.9 s • HGDDS 101% faster

CytoProcessor (TP) – Crowell
et al. [34]

• Human + machine workflow:
CytoProcessor 595 s/slide

• Human only workflow:
CytoProcessor 290 s/slide

• Human + machine
workflow: TIS 594 s/
slide

• Human only
workflow: TIS 436 s/
slide

• Human + machine
workflow CytoProcessor 0%
faster

• Human only workflow
Cytoprocessor 50% faster

CytoProcessor (Nova) – Crowell
et al. [35]

• CytoProcessor M = 99 s • Manual microscopy
M = 163 s

• CytoProcessor 65% faster

BestCyte – Chantziantoniou [36] • Overall M = 82.8 s
• Overall WSI rescreen M =

236.4 s

NP NA

BestCyte – Delga et al. [37] • BestCyte 30–180 s/slide2 • est. range 300–500 s/
slide2

• BestCyte 281% faster2

AICyte – Bai et al. [41] • AICyte M = 22.23 s/case • Manual M = 180 s/
case

• AICyte 710% faster

AICyte – Zeng et al. [47] NP NP NA

AICCS – Wang et al. [43] NP NP NA

CIAS – Yang et al. [44] NP NP NA

AIATBS – Zhu et al. [45] • Natural sedimentation M =
66.3 s

• Membrane sedimentation
M = 171.8 s

• Centrifugal sedimentation
M = 85.3 s

NP NA

CITL-AI – Xue et al. [42] • Reduced cytology workload
by 37.5% with CITL-AI

NP NA

Est, estimated; M, mean; NA, not applicable; NP, not provided; Sec, seconds; WSI, whole slide image. 1For Elishaev conventional
times when a range is provided, the lowest value of the range is used for the reduction rate calculation to demonstrate AI
performance for most optimal conventional time. 2For Delga review times, since both AI and conventional are reported as ranges,
comparison performed on the mid-point.
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A visual representation of the sensitivity values by
method across studies is shown in Figure 2. When
grouped by patient population, the average sensitivity
among the China patient population (AICyte, AICCS,
CIAS, AIATBS, CITL-AI) is 93.5% for AI-alone, 87.1%
for AI-assisted, and 80.3% for manual Pap test review.
The average sensitivity among the European and US
patient populations (HGDDS, CytoProcessor, BestCyte)
is 93.3% for AI-assisted and 90.8% for manual Pap test
review. AI-alone results were not reported among the
latter studies.

The BestCyte specificity was as high as 95.2%–99.4% (a
combined estimated specificity for both BestCyte studies
was not able to be calculated from the data reported). The
combined estimated specificity for both CytoProcessor
studies included 819 true negatives and 185 false posi-
tives, resulting in a specificity estimate of 81.6%. For the
three HGDDS published studies, an overall specificity was
estimated using the original Pap test interpretation as the
ground truth since histology follow-up diagnoses were
not provided for one of the studies [11]. Assessing
positivity as ASC-US diagnoses or higher, excluding
unsatisfactory specimens, there were 1,564 true negatives
and 176 false positives, resulting in a specificity estimate
of 89.9%.

AICCS showed increased specificity with AICCS-
assisted CP (98.9%) compared to CP alone (98.4%) or
AICCS-alone (84.4%). CITL-AI specificity increased for
junior cytologists (78.9% CITL-AI compared to 66.2% for
junior cytologists alone) and senior cytologists (91.5%
CITL-AI compared to 89.9% for senior cytologists alone),
with the stand-alone AI having the lowest specific-
ity (66.4%).

AIATBS specificity for intraepithelial lesion detection
was 84.4%. CIAS specificity for AI-alone assessment was
28.3%, lower than the 41.7% specificity reported for the
conventional Pap test review of LBC cases, and AI+LBC
sensitivity (44.3%). AICyte specificity for AI-alone as-
sessments (at a 50% negative cutoff) were 49.7% (Zeng,
ASC-US+) and 9.9% (Bai, detection of CIN 2+), while the
AICyte-assisted was 31.3% and conventional was 7.5% (a
combined estimated specificity for both AICyte studies
was not able to be calculated from the data reported).

A visual representation of the specificity values by the
method across studies is shown in Figure 3. When
grouped by patient population, the average specificity
among the China patient population (AICyte, AICCS,
CIAS, AIATBS, CITL-AI) is 47.9% for AI-alone, 71.1%
for AI-assisted, and 65.7% for manual Pap test review.
The average specificity among the Europe and US patient
populations (HGDDS, CytoProcessor, BestCyte) is 72.0%

for AI-assisted and 60.8% for manual pap test review,
with no AI-alone results reported among the latter
studies.

Table 4 provides the workflow efficiency measures for
these published studies. Among the 13 studies selected for
analysis, 10 reported workflow assessments (no time
comparison was provided for the publications from Zeng
et al. [46] [AICyte], Wang et al. [43] [AICCS], or Yang
et al. [44] [CIAS]). These studies varied on their time
reporting; therefore for ease of comparison, all time was
converted to seconds.

Among the HGDDS studies, the use of the AI tool
reduced review time overall by more than 80%. Crowell
et al. [34, 35] showed a reduction in review time for the
CytoProcessor for screening ThinPrep Pap tests (50%
reduction when excluding the machine aspects of the
workflow) and NovaPrep (65% reduction).

AICyte [41] showed the most dramatic reduction in
review time among the studies, with a 710% reduction in
review time (from 180 s/case for a manual review to
22.2 s/case with AICyte). BestCyte [37] also showed a
large reduction, with a 281% decrease (using the mid-
point of the ranges, there was a reduction from 400 s/slide
for the conventional review to 105 s/slide for BestCyte).

There were no comparative data to the conventional
review method for Chantziantoniou’s BestCyte study
(reporting an average time of 82.8 s for patch review and
236.4 s for the WSI rescreen), for the AIATBS (reporting
average time based on sediment type, varying from
66.3 s for natural sedimentation and 171.8 for membrane
sedimentation), and for the CITL-AI system (citing a
37.5% reduction).

Important Considerations

For this review, we grouped study results in order to
have comparable metrics to facilitate discussion. How-
ever, it is important to note that the original publications
did not all provide diagnostic accuracy assessments, in-
cluding sensitivity and specificity. When the original
publication provided sufficient data to allow for a cal-
culation, the authors completed the calculations as
consistently as possible (using ASC-US+ as the positivity
threshold, for example). However, values may be skewed
for some patient populations depending on the focus of
the publication. For example, some studies overrepre-
sented positive cases to provide a sufficient sample of
validation for the detection of intraepithelial lesions.
Others included large volumes of negative cases to dif-
ferentiate nonmalignant conditions such as infections.
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Barriers and Drivers to Implementation of AI-Assisted
Digital Systems in Routine Practice

Digital cytology and AI have the potential for revo-
lutionizing cytopathology practice. Worsening staffing
shortages in the face of increasing case volume and the
possibility of reduced turnaround time without com-
promising the quality of diagnosis are all powerful drivers
to explore using these new AI-based systems in routine
practice. Additional advantages include standardization
of diagnosis across different health systems with the
opportunity for remote expert consultation, screening of
cases remotely to allow end-users to work from home or
while waiting outside the lab to perform rapid on-site
evaluations, educational benefits including virtual edu-
cation, ease of conducting image-based research, and easy
storage of digital images as opposed to glass slide storage.
Conducting quality assurance activities with well-
maintained digital images is less expensive and likely
requires less labor than the current manual method of
performing this essential lab function. One of the most
important drivers is that AI-assisted systems have the
potential to improve accuracy and for the most part have
good sensitivity (>80%) and specificity (>80%) [48].

On the other hand, the application of WSI technology
in everyday clinical cytopathology practice has its own
unique challenges. First and foremost, it is important to
have leadership with a vision and strong motivation to
tackle this challenging task of planning and implementing
a new, disruptive system in everyday practice. Technical
considerations such as available infrastructure and re-
sources (cloud vs. on-premise deployment, IT analyst
support) and mindset and participation of personnel
working in the trenches (i.e., training, change manage-
ment, and proficiency testing) are some of the main
factors determining adoption or rejection of such
systems.

Another important technical challenge is the fact that
cytology slides often contain three-dimensional (3D) cell
clusters and background artifactual materials such as
blood and mucus. LBC, while having less background
artifact and appearing more flat, may still have 3D cell
aggregations. The AI-assisted digital systems, despite
using volumetric imaging techniques in some devices,
present 3D cell clusters in 2D digital format to the re-
viewer. The reviewer will have to adapt to this nuanced
difference in morphology seen with this change.
Cytology-specific WSI solutions, including cell detection
algorithms, higher magnification scanning, multilayer/
volumetric scanning, and easy-to-use navigation and
annotation tools, can help address these concerns to some

extent [49, 50]. However, this is a learning curve that CPs
and cytologists will have to scale in order to accurately
interpret different morphologies presented in a digital
format. The cytology community had to overcome a
similar transition and learn new cytomorphological cri-
teria when moving from conventional smears to LBC.

AI-Assisted Workflow

The advent of DP and AI has necessitated the re-
assessment of routine workflows in cytology laboratories.
Depending upon the type of AI-assisted system being
implemented (interpretative with NFR feature as opposed
to AI-assisted diagnostic systems), the cytology workflow
process is going to be transformed, especially in the tran-
sition phase; this almost seems counterproductive. Re-
cruiting tech-savvy cytology personnel willing to work with
these newer systems, restructuring of personnel including
information technology (IT) support that understands how
to troubleshoot AI-related technology, and adjusting
physical lab space to accommodate digital systems instead
of microscopes, as well as additional time earmarked for
implementation purposes including training and practice
with these newer systems in the initial phase of deployment,
have to be factored in the plan for the adoption of digital
signout. Moreover, digitization will require additional steps
in the workflow process with personnel needed for properly
barcoding slides, making sure that slides are dry and free of
sticky mounting medium, loading and unloading slides,
assigning cases to screeners in a digital system, trouble-
shooting technical issues, and managing the system in
general [20]. The transition between glass and AI-assisted
digital signout may be challenging with some cases re-
quiring simultaneous reviews with both methods (e.g.,
broken glass slide or foreign slide from another lab that is
unable to be scanned), potentially leading to additional
delays in turnaround time. The cost alone for this new
technology, including data storage, may be prohibitive to
some labs. Hence, a meticulous business plan with a cal-
culated strategy along with a cost-benefit analysis is essential
before commencing with integrating any new system in
clinical practice.

In our opinion, developing trust with the digital system
and confidently being able to use the system for clinical
signout will depend on a multitude of factors including
leadership support, adequate training, reliable validation to
ensure accuracy and safety, evidence-based guidelines, en-
dorsement by reputable national and international organi-
zations and peer individuals, malpractice coverage in this
context, and actual experience of working with these systems.
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Challenges with Clinical Trials Using AI-Assisted
Platforms

With the addition of new technologies, it is important
to conduct studies and trials to ensure clinical perfor-
mance and patient safety, either as clinical trials for
regulatory approvals or as validation studies once the
system is brought into the laboratory. The recently
published white papers from the American Society of
Cytopathology Digital Cytology Task Force provides
guidance for clinical validation of whole slide imagers in
cytology, but stopped short of providing guidance for the
validation of AI given “insufficient data and wide vari-
ability in AI algorithms in cytology” [20, 48]. Results from
the accompanying Task Force survey found that the
majority of respondents believe that a validation study of
AI algorithms in cytology would need between 100 and
200 cases. When conducting a clinical trial for regulatory
approval, the sample size is significantly higher [51]. The
number of cases needed for a study or trial is critically
important, given that they are limited by the cytologist
and pathologist resources available to review study cases
outside of their clinical work. The workforce shortage
compounded by the fact that studies should attempt to
mimic clinical workflow and samples, reflecting that “the
diversity and complexity of the samples encountered in
the laboratory” are important issues that have a tre-
mendous impact on the will and ability of the labs to
conduct such studies [20, 48].

In cervical cancer screening, TBS for Reporting Cer-
vical Cytology is widely used to classify Pap test results
[52]. Including cases representative of all diagnostic
categories in experimental studies presents the challenge
of how to incorporate these cases given the low prevalence
of cervical disease. For example, in the 2023 College of
American Pathologist’s (CAP) Cytopathology Checklist,
the median reporting rate for an abnormal ThinPrep®

Pap test was 8.8%. The majority of these were ASC-US
cases, accounting for 5.4% of all cases. The more severe
diagnostic categories (atypical squamous cells cannot
exclude a high-grade squamous intraepithelial lesion
[ASC-H] and above) only account for 1.0% of cases in
clinical practice [53]. Thus, in a study with 200 cases that
are intended to be representative of clinical practice, it
would be expected that more than 180 of them would be
negative, 11 would be ASC-US, and only 2 would be ASC-
H or more severe. Because this would limit the ability to
properly assess new technology, particularly AI algo-
rithms built to detect disease, these studies are often
seeded with abnormal cases to ensure appropriate rep-
resentation of the most severe disease cases [11, 54, 55]. It

is common to seed with approximately 50% abnormal
cases with the resulting study set having a larger per-
centage of abnormal cases than would be observed in a
screening population, and also potentially have a different
percentage of each disease category. For example, it
would be quite rare to observe cervical carcinoma in
routine screening; but several examples may be included
in a study set in order to properly test an algorithm’s
ability to detect squamous cell, endocervical and endo-
metrial adenocarcinoma, and other cancers. While this
approach deviates from what would be observed in
routine clinical practice, it enables researchers to chal-
lenge the algorithm with several examples of each di-
agnostic category without being too burdensome for
study reviewers.

It is well established that diagnostic biases exist in all
aspects of medicine, although this is reported to be lower
within visual specialties such as pathology [56, 57]. While
cytologists and pathologists are trained to objectively
review and approach each case without being influenced
by prior case reviews, biases can still influence results.
Confirmation and heuristic biases could impact cyto-
logical screening diagnoses and have the potential to
influence study results. Confirmation bias refers to the
tendency to make a diagnosis by interpreting cytological
features in a way that confirms one’s preconceptions, and
heuristic bias refers to the tendency to make a diagnosis
based on how easily the diagnosis comes to mind [58].
Larson et al. [58] hypothesized that if there was a di-
agnostic bias in the signout of Pap tests, they would
expect to see a deviation toward the mean of their typical
diagnostic patterns. This was not observed in their study,
leading them to conclude that cytologists are not influ-
enced by an expected number of abnormal cases per day.
This may be due to the fact that deviations in abnormal
prevalence within routine screening are not significant
enough to demonstrate bias. Evans et al. [59] compared
study sets with varying disease prevalence, mimicking
routine screening (5% abnormal) and typical experi-
mental testing scenarios (50% abnormal). While this
study was not conducted using typical microscopic
screening methods, the authors found that the prevalence
of disease in a screening set can influence the behavior of
the reviewer and affect overall accuracy [59]. Additional
studies have also demonstrated that knowledge of a
patient’s HPV-positive status can bias the cytologist’s
diagnosis, which resulted in the overcalling of ASC-US in
these cases [60]. These studies highlight the importance of
understanding how behavioral responses to changes in
clinical information or disease prevalence can influence
outcomes among highly trained cytology experts.
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Reviewers participating in studies and clinical trials using
new AI algorithm technologies for cytology could also be
influenced by limited experience after receiving training
and may participate prior to overcoming the learning
curve. Inexperience associated with the novel digital
presentation of diagnostically relevant material, such as in
explainable cell galleries, could result in performance data
differing from that observed in clinical use [61].

To combat these limitations, it is advantageous to
include a control arm (current standard of care) and
minimize extraneous variables. For example, a robust
study design may include the same cytologist and pa-
thologist reviewing the same cases using a traditional light
microscope versus using a digital cytology system with an
AI algorithm with a washout period between reviews.
Depending on the study objectives, it may also be useful
to curate the study cases to minimize interobserver
variability, which is often observed in cytology and
histology studies, particularly for equivocal cases [62, 63].
This would reduce the real-world applicability of the
results and conclusions that could be made, but would
also reduce some of the potential variability associated
with this field and truly test the AI algorithm’s perfor-
mance compared to a microscopic review. It may also be
useful to analyze data according to clinical management
rather than by a pathology-based classification system.
For example, within cervical cytology, this would mean
analyzing negative vs. ASC-US cases and more severe
disease to demonstrate that disease is being detected, or
analyzing at the ASC-H threshold as these patients would
be referred to colposcopy regardless of HPV status [64].
Once the study is complete, conducting a discordant
analysis is useful to review any false-negative and false-
positive cases to determine the source of the error and
whether the AI presented the appropriate diagnostic cells
for interpretation. While an exhaustive list is not pre-
sented, being cognizant of potential challenges when
designing studies to test new AI algorithms will increase
the likelihood of a successful study that more accurately
captures data reflective of the true performance of the
new technology and not simply document confounding
human factors [64].

Considerations When Integrating AI in Everyday
Clinical Practice

Information Technology Requirements
Sufficient IT resources and experts in this field are

invaluable for a smooth and streamlined implementation,
including integration of these digital and AI-assisted

platforms into the existing laboratory information sys-
tem. Large institutions and private labs may have the
means and access to such resources enabling successful
integration, but smaller labs may face difficulties in
availing these resources. Furthermore, once DP and AI-
assisted platforms are functional, it is important to es-
tablish quality control and quality assurance methods.
For instance, the FDA has particular specifications that
are taken into consideration when clearing medical
equipment to be used for clinical practice. Recently, the
HGDDS has received clearance from US FDA. However,
a Barco monitor is an essential part of the HGDDS, since
usage of any other replacement monitor in order to
control costs would break the pixel pipeline [65]. Ad-
ditionally, issues related to data privacy, storage, and data
security are paramount when dealing with patient health
information. National organizations need to formulate
guidelines and recommendations on the optimal storage
specifications for AI-related systems, the amount of time
digital data as well as scanned glass slides need to be
stored, safe methods for discarding data at the end of the
recommended storage period, and safe and easy retrieval
of digital files or OOIs for clinical practice and legal cases.

Legal and Ethical Considerations
With some AI platforms promoting “NFR” for some

cases, it is imperative to think about legal issues that may
arise with the widespread adoption of these newer sys-
tems. Does an NFR result mean that no human (cytol-
ogist or CP) will review the negative results diagnosed by
AI? What happens in case of litigation involving a par-
ticular case that was interpreted with an AI-assisted
system? Who would be responsible for the diagnostic
accuracy and litigation claims? Moreover, with newer
versions of different systems being developed and made
commercially available, what impact will be seen with
diagnostic accuracy and how will this work in solving
legal queries arising with the diagnoses made with the
previous versions of the same systems? With the current
proposal for primary HPV testing and direct dual p16/
ki67 testing, would it be feasible to implement such AI-
assisted diagnostic platforms in labs when future
guidelines may change or just recommend molecular
testing?

These are some thought provoking controversial issues
that would need to be tackled in order to reassure both the
cytology community and patient populations before the
adoption of these systems. The “blackbox” nature of deep
learning algorithms, their continuous adaptation to new
data, lack of guidelines on how to perform QA and
proficiency testing, and limited literature on liability
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issues will need to be addressed. Liability for interpre-
tation will likely remain with the CP who should probably
sign out their reports disclosing that AI assistance was
used. A supportive legal framework that supports phy-
sicians is needed, since cytology personnel as well as
companies responsible for developing these algorithms
could all be potentially legally responsible for their AI-
aided interpretations [48, 66]. In case of utilization of
devices with the NFR feature, assigning responsibility
becomes more complicated.

Reimbursement Considerations
In the USA, there are different current procedue

terminology codes (CPT) used specifically for cervical or
vaginal pap tests when using automated screening sys-
tems, manual screening or review under physician su-
pervision. However, there is no code for AI-assisted
platforms currently when such systems are used in daily
cytopathology practice. This means that new codes would
likely have to be assigned to cases that are signed out with
digital/AI-assisted technology. With the reduction in
turnaround time and increased productivity, is a re-
duction in reimbursement justifiable? On the other hand,
would that not deter laboratories from buying this ex-
pensive technology, that requires maintenance and cloud
storage of digital data that would further increase costs for
the lab? Furthermore, some of the challenging cases
would need to be reviewed digitally as well as by glass
slides. Would the code be different in these instances?

Cytology-Histology Correlation, Training, and
Proficiency Testing
Changing the method of signout will impact cyto-histo

correlation activities that a cytology laboratory has to
conduct to maintain CAP and or/other accreditation
status.Would this correlation still be feasible and accurate
especially during the transition period? Successful inte-
gration of any new system requires training of all per-
sonnel involved in utilizing the system. The entire cy-
tology workforce will need training before widespread
adoption occurs for these new systems in clinical practice.
Trainees (residents, fellows, cytologists) are an important
part of our community since they are the future of pa-
thology practice. Should we recommend training with
both digital systems as well as glass slides for them?
Moreover, how will proficiency testing (PT) for the cy-
tology personnel who have gone digital be conducted?
Should the PT be undertaken with glass slides and/or with
digital slides?Would we allow retraining and remediation
only with AI/digital platforms or allow glass slide in-
terpretations for people with no inclination or aptitude

for AI-assisted diagnosis? Several of these questions
would need to be answered satisfactorily, as evidenced by
the survey results conducted by the ASC digital cytology
Task Force where Kim et al. highlighted the need for
guidance on the safe implementation, validation, and
maintenance of digital cytology technology for cytopa-
thology practice [20, 48]. Lastly, it is important to re-
member that any change in healthcare processes, espe-
cially those involving emerging technologies, takes time
and effort as well as a strong desire to overcome various
obstacles encountered during the whole process [9].

Conclusion and Future Directions

Judicious review of evidence-based scientific data, an
open mindset with long-term vision toward leveraging
new technology, and a desire to improve healthcare
processes in today’s challenging climate of staffing
shortages may help drive widespread adoption of new
innovative technologies applying AI to screen Pap tests.
Additional research and contemplation of issues in-
herent to utilizing such systems in everyday practice are
needed. Some of these include practical solutions for
successful training, validation, implementation, con-
tinued quality assurance, PT monitoring, and reim-
bursement. Proper guidance and recommendations for
successful integration and a collective collaborative ef-
fort by various stakeholders are required to successfully
embark on this exciting and new frontier in cytopa-
thology practice.
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