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A B S T R A C T

Detection of high-grade squamous intraepithelial lesions (HSILs) is key for the prevention of human pa
pillomavirus (HPV)–related cancers. In this study, we aimed to identify and consolidate the existing evi
dence on the diagnostic performances of artificial intelligence (AI)–assisted tools for HPV-related HSILs. We 
followed the Cochrane Handbook for Systematic Reviews of Diagnostic Test Accuracy and the Preferred 
Reporting Items for a Systematic Review and Meta-analysis of Diagnostic Test Accuracy guidelines and 
systematically searched PubMed, Embase, Web of Science, IEEE, and the Cochrane Library for eligible 
studies published between 2000 and January 2024. Studies on AI-assisted colposcopy used to facilitate the 
diagnosis of cervical or anal HSILs and cancers were included. The revised Quality Assessment of Diagnostic 
Studies 2 and AI checklists were used to assess the risk of bias. With random-effect models, meta-analyses 
were performed on performance indicators, including accuracy, sensitivity, specificity, and area under the 
receiver-operating characteristic curves (AUC). Subgroup and meta-regression analyses were performed to 
identify the sources of heterogeneity. Twenty-five studies, comprising 21 studies focused on cervical cancer 
and 4 on anal cancer, were included in the meta-analysis. When differentiating from individuals with 
<cervical intraepithelial neoplasia grade 2 (CIN2)/low-grade squamous intraepithelial lesion (LSIL)− 
(lesion grade <CIN2 or ≤LSIL), the AI-assisted diagnostic tools identified individuals with CIN2+/HSIL 
+ (lesion grade ≥CIN2 or ≥HSIL) at a pooled accuracy of 0.84 (95% confidence interval [CI]: 0.81–0.88), 
sensitivity of 0.87 (0.81–0.93), specificity of 0.85 (0.81–0.89), and AUC of 0.94 (0.91–0.96). For anal 
cancer, the AI-assisted diagnostic tools differentiated individuals with anal intraepithelial neoplasia grade 2 
(AIN2)+/HSIL+ (≥AIN2 or ≥HSIL) from those with <AIN2/LSIL− (lesion grade <AIN2 or ≤LSIL) at a 
pooled accuracy of 0.90 (95% CI: 0.88–0.93), sensitivity of 0.94 (0.87–0.99), specificity of 0.88 (0.71–0.98), 
and AUC of 0.97 (0.95–0.98). All meta-analysis results demonstrated high heterogeneity (I2 > 90%), but the 
meta-regression analysis did not reveal any significant contributing sources of heterogeneity. Based on this 
systematic review and meta-analysis of existing literature, we concluded that AI-assisted diagnostic tools 
have demonstrated promising predictive performance in diagnosing HPV-related cervical and anal pre
cancerous lesions and cancers.
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1. Introduction

Cervical cancer is the fourth most common cancer in terms of both 
incidence and mortality in women, with an estimated 660,000 new 
cases and 350,000 deaths worldwide in 2022 alone.1 Human papillo
mavirus (HPV) infection is the key cause of cervical cancer.2,3 Low-risk 
HPV subtypes usually do not lead to severe clinical outcomes, but high- 
risk HPV subtypes are carcinogenic.4 High-risk HPVs cause most of the 
anogenital cancers (vulvar, vaginal, penile, and anal cancers) and a 
subset of head and neck cancers (i.e., tongue, tonsil, and oropharyngeal 
cancers).5 A recent report has indicated that the incidence rate of anal 
squamous cell carcinoma has been increasing in both men and women 
in developed countries, such as Australia, Canada, the United States, 
and many European countries.6 This trend is believed to be mainly 
driven by the widespread prevalence of HPV infection.7,8 The risk of 
anal cancer also varies among populations, with the highest risk re
ported in people living with HIV, followed by men who have sex with 
men and transgender women.9 Early detection and treatment of high- 
grade squamous intraepithelial lesions (HSILs) are crucial for the ef
fective prevention of both anal and cervical cancers.10

Conventional cervical cancer screening techniques, including HPV 
DNA testing, cervical cytology, and visual inspection with acetic acid 
(VIA), are widely used, but they have several limitations.11–13 These 
approaches typically require access to laboratory infrastructure, ex
tended processing times, and the involvement of experienced clinicians 
and trained pathologists. Screening for anal cancer, which has patho
physiological parallels to cervical cancer, faces similar challenges. In a 
meta-analysis of anal cytology, the pooled sensitivities for low-grade 
squamous intraepithelial lesions (LSILs) and HSILs were only 0.61 (95% 
confidence interval [CI]: 0.42–0.77) and 0.27 (0.10–0.52), respec
tively.14 Consequently, there is an increasing consensus that anal cy
tology alone may be insufficient and should be supplemented with di
rect visualization techniques, such as high-resolution anoscopy (HRA), 
to strengthen diagnostic accuracy. HRA and colposcopy enable real- 
time image acquisition and thus could facilitate the visual identification 
of HSILs.15 High-resolution imaging has emerged as a promising stan
dalone screening tool for HSILs and cancers owing to its superior sen
sitivity compared with conventional methods.16

The International Anal Neoplasia Society consensus guidelines un
derscore the importance of prioritizing high-risk individuals for im
mediate HRA referrals, especially in resource-limited settings, and ad
vocate for the expansion of HRA screening infrastructure.17 Consistent 
with these guidelines, the Acquired Immunodeficiency Syndrome In
stitute of the New York State Department of Health recommends HRA 
as the standard of care for individuals with abnormal anal cytological 
findings.18

Screening for HPV-related cancers involves the analysis of extensive 
imaging data, a process well suited to artificial intelligence (AI)–based 
approaches that enable automated image recognition, feature extrac
tion, classification, and data processing. In recent years, AI-based di
agnostic applications have gained momentum, demonstrating sub
stantial potential in clinical practice.19 The development of AI has 
significantly streamlined existing screening and diagnostic work
flows,20,21 facilitating real-time identification of HSILs and enabling 
point-of-care diagnosis. This reduction in diagnostic turnaround time 
supports earlier treatment initiation. By contrast, conventional manual 
analysis in HPV-related cancer screening remains prohibitively ex
pensive, time-consuming, labor-intensive, and susceptible to human 
error.22 These limitations are particularly acute in resource-constrained 
settings, where health-care systems often face disproportionate disease 
burdens and lack sufficient diagnostic capacity.23 The integration of AI 
in diagnostic modalities provides the potential to reduce time demands, 
lessen the dependence on specialist expertise, and reduce subjective 
biases. In particular, deep learning has attracted increasing attention 
owing to its exceptional performance in computer vision tasks, in
cluding facial recognition and image classification.24 Its capabilities 

extend across various domains of cancer research and clinical practice, 
especially in the automatic and accurate detection of malignancies from 
medical imaging. This technology holds considerable promise in alle
viating the workload of pathologists and radiologists by automating 
routine, repetitive tasks.25

The application of AI in the early screening and diagnosis of HPV- 
related cancers provides a promising strategy to enhance diagnostic 
precision, with the potential to transform clinical pathways, particu
larly in resource-limited settings.26–28 In recent years, AI has been in
creasingly used in cervical cancer diagnosis, not only in colposcopy but 
also in cytology systems for the automated analysis of cervical smears29

and magnetic resonance imaging to improve preoperative staging.30 In 
the context of anal cancer screening, HRA has also facilitated the rapid 
and accurate identification of HPV-associated anal lesions. Con
currently, innovations in high-resolution microendoscopy have enabled 
real-time imaging of squamous epithelial nuclei, supporting in vivo 
diagnosis and allowing for more targeted biopsies.31,32 These techno
logical advances have further accelerated the integration of AI into 
cervical and anal cancer screening protocols.

To date, numerous studies have investigated the application of AI in 
colposcopic and anoscopic image analyses.33,34 In most cases, AI 
models were trained on microscopic visual images, using histopatho
logical findings as the reference standard. In this study, we aimed to 
systematically synthesize the current evidence on the diagnostic per
formance of AI in detecting HPV-related HSILs and malignancies in the 
cervix and anus.

2. Methods

2.1. Protocol and registration

This study followed the Cochrane Handbook for Systematic Reviews 
of Diagnostic Test Accuracy and the Preferred Reporting Items for a 
Systematic Review and Meta-analysis of Diagnostic Test Accuracy 
guidelines.35 It was registered with PROSPERO (CRD42024527465).

2.2. Literature search strategy

A comprehensive literature search for studies published between 
2000 and January 2024 was conducted in PubMed, Embase, Web of 
Science, IEEE, and the Cochrane Library. The search strategy in
corporated four key concepts combined using logical operators: (i) the 
diseases of interest (cervical and anal cancers), (ii) the application of an 
AI-based algorithm (including automated detection, machine learning, 
deep learning, or AI), (iii) items related to diagnosis and screening 
(including diagnosis, screening, classification, discrimination, colpo
scopy, colposcopist, and colposcopic), and (iv) the performance metrics 
of the algorithms (including sensitivity, specificity, accuracy, area 
under the receiver operating characteristic curve [AUC], and calibra
tion). The full search strategies and results are reported in the supple
mentary material (Table S1).

2.3. Studies selection

To ensure comparability, studies were included on the basis of the 
following inclusion criteria: Studies that evaluated an AI-based algo
rithm designed to differentiate between categories, such as cervical 
intraepithelial neoplasia grade (CIN) ≥2 (CIN2+, positive) and normal 
or benign conditions (negative), and HSILs (positive) and LSILs (nega
tive) in the anus. Histopathological results were required as the gold 
standard for assessing algorithm accuracy for precancerous and can
cerous lesions. For negative cases (normal or benign conditions), his
topathology, normal cytology, and normal colposcopy were considered 
acceptable. This approach accounts for the fact that while histo
pathology remains the most reliable diagnostic method, some screening 
procedures perform biopsies only after suspicious findings are obtained 
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from cytology or colposcopy. We did not include studies that did not 
explicitly state the reference diagnostic method, those not in English, 
and those published outside the January 2000 to January 2024 time
frame. Review articles, patents, conference abstracts, and preprints 
were also not included.

In this study, the term colposcopic images refers to those captured 
during colposcopic examinations prior to any operative procedures. For 
instance, after the application of saline, the transformation zones and 
regions of interest were examined after the sequential use of 3%–5% 
acetic acid and Lugol’s iodine solution.

2.4. Data collection and extraction

The literature search was conducted by a single reviewer (Y. H. L) 
who gathered data from PubMed, Embase, Web of Science, IEEE, and 
the Cochrane Library into Endnote 20.0, removing duplicates. Two 
reviewers (Y. H. L and L. Z. H) independently assessed all publications 
in a two-stage process: screening the titles and abstracts, and then re
viewing the full texts. Disagreements were resolved by consulting a 
third reviewer (Z. Z. R).

For all the included studies, the following data were extracted: 
publication details (including title, first author, and year of publica
tion), AI algorithms used, reference gold standard, number of patients 
included, dataset size and partitioning (training, validation, and 
testing), and the performance of the algorithms. The most dominant 
result pertaining to algorithm performance was the confusion matrix, 
which included true positives, false positives, true negatives, and false 
negatives. The results of some included studies did not directly give the 
confusion matrix value, and we derived part of the data retrospectively 
from sample size, accuracy, sensitivity, and specificity. Other primary 
outcomes included accuracy, sensitivity, specificity, Youden index, F1 
score, AUC, and Kappa value.

To ensure clarity and consistency, the following symbols were used 
to denote the severity thresholds of diseases: <[disease grade], lesions 
with a severity less than the specified grade (e.g., <CIN2 signifies le
sions less severe than CIN2); [disease grade]−, lesions with a severity 
less than or equal to the specified grade (e.g., LSIL− represents LSIL or 
less severe lesions); and [disease grade]+ , lesions with a severity 
greater than or equal to the specified grade (e.g., CIN2+ represents 
CIN2 or more severe lesions). In the lesion grade, “/” represents “or,” 
for example, <CIN2/LSIL− means that the lesion grade is lower than 
CIN2 or lower than/equal to LSIL).

2.5. Quality assessment

The qualities of the included studies were evaluated using the 
Quality Assessment of Diagnostic Studies-AI (QUADAS-AI)36 checklists. 
Two reviewers (Y. H. L and L. Z. H) independently evaluated all the 
included studies using the QUADAS-AI. Disagreements were resolved 
by consulting a third evaluator (Z. Z. R). This tool represents an ex
tension and revision of the QUADAS-237 and QUADAS-C38 guidelines, 
and uses participant selection, index test, reference standard, and 
workflow to evaluate the risk of bias in studies assessing the accuracy of 
AI diagnostic experiments. The risk of bias and applicability concerns 
were evaluated with reference standards, index tests, and patient se
lection. Studies that used biopsies as controls were considered low-risk 
in the reference standard dimension (see details in Table S1).

2.6. Data analysis

Accuracy, sensitivity, specificity, and AUC estimates for each test 
are presented as forest plots and transformed using Freeman-Tukey 
double arcsine transformation39–41 (except for AUC). Subgroup ana
lyses were performed for studies with varying diagnostic thresholds. 
Statistical heterogeneity was assessed using the I2 statistic, with values 
>  50% indicating substantial heterogeneity. Subgroup and meta- 

regression analyses were performed to identify potential sources of 
heterogeneity. When the number of subgroup studies was less than 3, 
the I2 and P values were considered invalid.42 We presented this gra
phically with a summary receiver-operating characteristic, including 
the summary point, AUC, 95% CI, and prediction contours. The Deeks 
funnel plot was used to detect potential publication bias, with P values 
>0.1 indicating no publication bias.

Meta-regression analyses were conducted using relevant covariates, 
including diagnostic threshold, the availability of data sources (studies 
with image data publicly or not publicly acccessible), the adoption of 
multimodal learning, the use of cross-validation procedures, the ap
plication of convolutional neural networks (CNNs) or their extensions, 
the implementation of transfer learning, and whether histological 
biopsy—considered the current gold standard for clinical diag
nosis—was used as the reference standard. All were compared with 
scenarios where certain technology was not used, such as “using 
transfer learning” compared with “not using transfer learning” as a 
control. The relative diagnostic odds ratio was used to compare the 
effect of two different subgroups on diagnostic power, and the P value 
was used to test whether the relative diagnostic odds ratio was statis
tically significant. All meta-analyses and additional analyses were 
performed using STATA 15 (StataCorp LP, College Station, TX, USA), 
and Meta-disc 1.4. A significance level of 0.05 was applied to all test 
results.

3. Results

3.1. Study characteristics

A total of 938 records were retrieved from multiple databases. After 
the screening process and application of the inclusion and exclusion 
criteria, 25 studies were included in the meta-analysis to determine the 
diagnostic accuracy of AI-based tools (Figure 1). Of these studies, 21 
focused on cervical cancer and 4 on anal cancer. In the studies that 
evaluated more than one algorithm, only the algorithm that yielded the 
highest diagnostic accuracy was included in the analysis. As studies that 
reported results under different diagnostic thresholds and results de
rived from images obtained using different methods were treated as 
separate data points, 38 data points were included in the final analysis. 
Of these data points, 34 were for cervical cancer and 4 were for anal 
cancer (Figure 1). Of the image data informing these studies, 89% (34/ 
38) were collected from a clinical setting, while the rest were from 
public sources. The study data were collected from accumulated data in 
hospital departments, such as the gynecology and pathology depart
ments. Most studies used advanced machine learning techniques, in
cluding CNNs or their extended frameworks in 84% (32/38) of the 
studies, cross-validation methods in 74% (28/38), and transfer learning 
in 82% (31/38; Table 1).

3.2. Quality assessment and publication bias

The risk of bias was assessed using the QUADAS-2 and QUADAS-AI 
checklists. Overall, 15 of the 25 studies had a high risk of bias in the 
patient selection, largely due to the recruitment of participants from 
clinical or institutional settings, which may limit generalizability. For 
the index test domain, 23 studies were considered high-risk, primarily 
due to the lack of external validation in the remaining studies. We 
found a moderate risk of bias in 1 study and a high risk of bias in 7 
studies. However, most studies (22/25, 88%) were rated as having low 
applicability concerns for patient selection. All the studies were deemed 
low-risk with respect to the index test, and 72% (18/25) were rated as 
low-risk concerning the applicability of the reference standard (Details 
in Figure 2 and Table S2). The Deeks' funnel plot analysis showed no 
evidence of significant publication bias (P = 0.119; Supplementary 
material).
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3.3. Meta-analysis of key performance indicators

Overall, the AI-assisted diagnostic tools for cervical and anal cancers 
demonstrated high diagnostic accuracy (Table 2 and Figure 3. For 
cervical cancer, when distinguishing individuals with CIN1+ or LSIL+ 
from those with normal cytology, the AI-assisted tools achieved a 
pooled sensitivity of 0.91 (95% CI: 0.87–0.95), specificity of 0.89 
(0.78–0.97), and AUC of 0.97 (0.95–0.98), with an overall accuracy of 
0.90 (0.83–0.95). When identifying cases with CIN2+ or HSIL+ re
lative to <CIN2 or LSIL−, their pooled sensitivity was 0.87 
(0.81–0.93), specificity was 0.85 (0.81–0.89), and AUC was 0.94 
(0.91–0.96), corresponding to an accuracy of 0.84 (0.81–0.88).

Performance in anal cancer diagnosis was similarly high. Compared 
with individuals with < anal intraepithelial neoplasia grade 2 (AIN2) 
and LSIL, those with AIN2+ and HSIL were identified with a pooled 
sensitivity of 0.94 (0.87–0.99), specificity of 0.88 (0.71–0.98), and AUC 
of 0.97 (0.95–0.98), aligning with a pooled accuracy of 0.90 

(0.88–0.93). Among the various diagnostic thresholds examined, the 
threshold that identified CIN3+ cases exhibited the highest pooled 
sensitivity of 0.96 (0.92–0.99) but was also accompanied by the lowest 
specificity of 0.65 (0.62–0.69). The only comparison groups with AUC 
values <  0.95 were <CIN2 vs. CIN2+ and < LSIL vs. HSIL+. On the 
other hand, the comparison between the VIA+ and VIA− groups 
yielded the highest AUC value of 0.98 (0.96–0.99).

3.4. Subgroup analyses of key performance indicators

For cervical cancer, studies based on public datasets consistently 
demonstrated superior diagnostic metrics, with a pooled sensitivity, 
specificity, and accuracy of 0.95 (95% CI: 0.90–0.99, 0.86–0.99, and 
0.87–0.99, respectively), and an AUC of 0.96 (0.94–0.97). By contrast, 
studies that used non-public datasets showed comparatively lower 
performance, with a sensitivity of 0.89 (95% CI: 0.86–0.92), specificity 
of 0.85 (0.80–0.90), AUC of 0.95 (0.93–0.97), and accuracy of 0.88 

Figure 1. Flow diagram of publication screening. 
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(0.82–0.89). For anal cancer, among the included covariates, only the 
model differed; the other covariates were consistent. The CNN-based 
model showed a high accuracy of 0.98 and a sensitivity and specificity 
close to 1 (0.97 and 0.99, respectively).

3.5. Heterogeneity and meta-regression analysis

Substantial heterogeneity was observed across all the subgroup 
analyses, as evidenced by the I2 values exceeding 50%. Meta-regression 
analysis was performed to identify potential sources of heterogeneity, 
including diagnostic thresholds, data source type, CNN usage, cross- 
validation, transfer learning, and reference standards. However, none 
of these covariates reached statistical significance (P  >  0.05), and no 
single source of heterogeneity could be definitively identified.

4. Discussion

This study evaluated the diagnostic performances of AI-assisted 
tools in the detection of cervical and anal cancers and their pre
cancerous lesions. Our meta-analysis of the included 25 studies con
firmed that AI-assisted tools have high diagnostic performance for 
cervical cancer, with an overall sensitivity of 0.90 (95% CI: 0.87–0.93), 
specificity of 0.87 (0.82–0.91), AUC of 0.96 (0.94–0.97), and accuracy 
of 0.87 (0.84–0.90). AI-assisted diagnostic tools for anal cancer also 
exhibited comparable diagnostic performance, with a pooled sensitivity 
of 0.94 (0.87–0.99), specificity of 0.88 (0.71–0.98), and AUC of 0.97 
(0.95–0.98) in distinguishing AIN2+/HSIL+ cases from <AIN2/ 
LSIL− cases. These metrics collectively reflect an overall accuracy of 
0.90 (95% CI: 0.88–0.93). Compared with earlier studies that used 
portable diagnostic devices for cervical cancer in low- and middle-in
come countries, which reported a sensitivity of 0.79 and specificity of 
0.83,63 the present study found a markedly improved diagnostic per
formance. This likely reflects advancements in AI model architectures 
and training methods, and improvements in device accuracies.

AI-assisted colposcopy and anoscopy have demonstrated notable 
precision in identifying cervical and anal cancers and their precursor 
lesions, underlining their value for clinical deployment. The timeliness 
and accuracy of cancer detection are critical determinants of treatment 
outcomes, and AI contributes substantially to these goals. AI enables 
scalable diagnostic support, with performance metrics comparable with 
expert clinicians, while allowing for automation and reproducibility.64

In our subgroup and meta-regression analyses, key model character
istics, including diagnostic threshold, data source, use of CNNs, cross- 
validation, transfer learning, and reference standard, were examined 
for their potential contributions to heterogeneity. Most studies (17/25) 
used CNNs or related architectures, underscoring their central role in 
image-based classification tasks in oncology.65 Datasets derived from 
public sources yielded superior performance, with both sensitivity and 
specificity reaching 0.96,66 which may reflect the exclusion of low- 
quality or mislabeled images from public datasets. By contrast, studies 
with image data not publicly accessible are often narrower in scope and 
more susceptible to bias.67 Despite the substantial heterogeneity ob
served, the meta-regression analysis did not show any statistically sig
nificant moderators, likely indicating the influence of unmeasured 
confounders.

Several factors may explain this residual heterogeneity. First, variations 
in image quality and acquisition protocols are fundamental drivers. Data 
from multiple centers and equipment types result in differences in resolu
tion, contrast, and illumination that directly affect model performance. 
Second, the subjectivity of reference standards introduces unavoidable la
beling noise. Interpretation of medical images, particularly borderline cases, 
carries inherent interobserver variability, which means that the gold stan
dard for training and evaluation may itself be a source of variation.68,69

Third, latent heterogeneity in model architectures extends well beyond the 
binary distinction of whether CNNs were used. The included studies im
plemented diverse CNN variants with differing receptive fields and in
ductive biases. They showed that variations in hyperparameters, such as 
learning rates, optimizers, data augmentation strategies, and regularization 

Figure 2. Quality assessment of included articles using the QUADAS-AI criteria. 
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techniques, are substantial sources of heterogeneity that meta-regression, 
constrained by limited reporting details, could not adequately capture.

Therefore, the high heterogeneity observed in our study is not an 
analytical flaw but a true reflection of the reproducibility and gen
eralization challenges currently faced in the field of medical AI. Future 
research should prioritize adopting stricter reporting standards (e.g., 
adhering to the Checklist for Artificial Intelligence in Medical 
Imaging70 or the Standards for Reporting Diagnostic Accuracy-AI 
guidelines71), advocating for code and model sharing, and ultimately 
advancing meta-analyses based on individual participant data. These 
will enable the direct examination of the underlying technical and 
clinical covariates. However, achieving robustness and generalizability 
is only the first technical hurdle in the long pathway toward clinical 
adoption. Beyond these methodological challenges, the translation of AI 
research into routine clinical practice faces even broader, multifaceted 
barriers that encompass issues of data equity, algorithmic fairness, and 
legal accountability.72 Despite the promising advances in AI applica
tions, the translation of research findings into clinical practice con
tinues to encounter multifaceted challenges. These include data quality 
assurance, clinical validation, algorithmic bias, and resulting health 
disparities, as well as unresolved legal and regulatory complexities. A 
fundamental limitation in developing clinically robust AI systems is the 
scarcity of high-quality, representative datasets.73 Many existing stu
dies rely on hospital-based cohorts of high-risk or prescreened partici
pants, which may increase diagnostic sensitivity but compromise 

generalizability to broader patient populations. Furthermore, while 
HRA is considered the gold standard for anal cancer screening, it is not 
routinely taught in medical training.74,75 However, studies have de
monstrated high acceptance of HRA among Nigerian men who have sex 
with men undergoing voluntary screening,76 highlighting future op
portunities for wider implementation.

Algorithmic transparency is another critical concern.77 Machine 
learning systems can inadvertently amplify societal biases embedded in 
historical medical data, particularly undermining diagnostic accuracy 
in minority populations.78 The absence of a comprehensive legal fra
mework governing medical AI further hinders clinical adoption. This 
challenge is compounded by persistent ambiguity around responsibility 
when AI-related errors occur.79 Establishing robust accountability 
protocols involving algorithm developers, clinicians, and health-care 
institutions remains a pressing need. However, allocating liability is 
complex, as responsibility may rest with developers, whose systems 
have “black box” features; the institutions that deploy them; or the 
clinicians making the final decisions.80 Current malpractice frameworks 
are ill-equipped to manage such multi-party liability. Moreover, reg
ulators face the ongoing difficulty of evaluating AI systems that evolve 
dynamically with new data inputs.81 These uncertainties discourage 
health-care institutions from investing in AI adoption.

Finally, algorithmic bias requires a more comprehensive approach. 
Biases can permeate the entire development pipeline, from systematic 
exclusion of low-risk groups in training datasets to optimization 

Table 2 
Pooled effects and heterogeneity in subgroup analysis. 

No. of 
data 
points

Accuracy Sensitivity Specificity AUC of SROC Relative diagnostic 
odds rate

P value

Cervical cancer: 34 0.87 (0.84—0.90) 0.90 (0.87—0.93) 0.87 (0.82—0.91) 0.96 (0.94—0.97)
Threshold 0.60 (0.17—2.14)a 0.4135
Normal vs.  

CIN1+ /LSIL+
13 0.90 (0.83—0.95) 0.91 (0.87—0.95) 0.89 (0.78—0.97) 0.97 (0.95—0.98)

(<CIN2 vs. CIN2+) or 
(LSIL- vs. HSIL+)

14 0.84 (0.81—0.88) 0.87 (0.81—0.93) 0.85 (0.81—0.89) 0.94 (0.91—0.96)

<CIN3 vs. CIN3+ 2 0.65 (0.62—0.69) 0.96 (0.92—0.99) 0.56 (0.52—0.61) /
Normal, CIN1, CIN2/3, 

cervical cancer
1 0.97 (0.96—0.98) 0.95 (0.92—0.97) 0.98 (0.97—0.99) /

VIA- vs. VIA+ 4 0.93 (0.84—0.98) 0.90 (0.73—0.97) 0.95 (0.86—0.98) 0.98 (0.96—0.99)
Data sources 5.03 (0.54—46.88) 0.1490
Public 4 0.95 (0.87—0.99) 0.95 (0.90—0.99) 0.95 (0.86—0.99) 0.99 (0.98—1.00)
Proprietary (ref) 30 0.88 (0.82—0.89) 0.89 (0.86—0.92) 0.85 (0.80—0.90) 0.95 (0.93—0.97)
Model 0.52 (0.08—3.37) 0.4757
CNN and extensions 28 0.86 (0.83—0.89) 0.90 (0.87—0.93) 0.85 (0.80—0.90) 0.96 (0.93—0.97)
Others (ref) 6 0.93 (0.88—0.97) 0.92 (0.86—0.97) 0.94 (0.88—0.99) 0.97 (0.96—0.98)
Cross-validation 1.50 (0.30—7.45) 0.7807
Yes 10 0.92 (0.90—0.94) 0.91 (0.88—0.94) 0.95 (0.91—0.97) 0.97 (0.95–0.98)
No (ref) 24 0.86 (0.81—0.89) 0.90 (0.86—0.94) 0.83 (0.77—0.88) 0.96 (0.94—0.97)
Transfer learning 5.30 (0.64—43.86) 0.1168
Yes 7 0.90 (0.87—0.93) 0.90 (0.87—0.93) 0.91 (0.87—0.94) 0.96 (0.94—0.97)
No (ref) 27 0.86 (0.82—0.91) 0.90 (0.86—0.93) 0.86 (0.79—0.92) 0.96 (0.94—0.97)
Multi-modal learning 0.23 (0.05—1.10) 0.0637
Yes 13 0.84 (0.78—0.90) 0.86 (0.82—0.90) 0.83 (0.72—0.92) 0.92 (0.89—0.94)
No (ref) 25 0.89 (0.85—0.92) 0.93 (0.89—0.95) 0.89 (0.84—0.93) 0.97 (0.96—0.98)
Reference standard 0.64 (0.12—3.35) 0.5819
Biopsy 23 0.86 (0.81—0.90) 0.90 (0.87—0.94) 0.85 (0.78—0.91) 0.96 (0.93—0.97)
Others (ref) 11 0.90 (0.84—0.94) 0.89 (0.82—0.95) 0.90 (0.83—0.95) 0.97 (0.95—0.98)
Anal cancer:
Threshold / /
(<AIN2 vs. AIN2+) or 

(LSIL vs. HSIL)
4 0.90 (0.88—0.93) 0.94 (0.87—0.99) 0.88 (0.71—0.98) 0.97 (0.95—0.98)

Model 20.44 (0—187065) 0.2906
CNN 2 0.98 (0.98—0.98) 0.97 (0.97—0.98) 0.99 (0.99—0.99) /
MTN (ref) 2 0.81 (0.75—0.86) 0.92 (0.83—0.98) 0.77 (0.69—0.83) /

Abbreviations: 1. CIN: cervical intraepithelial neoplasia 2. LSIL: low-grade squamous intraepithelial lesion 3. HSIL: high-grade squamous intraepithelial lesion 4. VIA: 
visual inspection with acetic acid 5. AIN: anal intraepithelial neoplasia 6. CNN: convolutional neural network 7. MTN: multitask deep learning network 8. AUC: area 
under the receiver operating characteristic curve 9. SROC: summary receiver operating characteristic.
All I2 were more than 50% and all P-values of I2 were less than 0.01 (Details in Table S3).
Ref denotes the reference group during meta-regression. a: The (<CIN2 vs. CIN2+) or (LSIL- vs. HSIL+) group was used to compare with the other threshold groups.
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objectives that prioritize overall accuracy at the expense of minority 
performance to clinicians’ uncritical reliance on AI outputs in prac
tice.82 Such mechanisms risk not only perpetuating but also amplifying 
existing health-care disparities. Therefore, future research must move 
beyond aggregate performance reporting. It should mandate subgroup 
analyses, implement routine performance auditing across diverse de
mographic groups, and prioritize the design of equitable, transparent, 
and accessible AI tools from the outset.

Several limitations of the current AI-based approaches warrant at
tention. First, model training is highly sensitive to data quality, which 
could not be independently verified in this review. The presence of 
partial verification bias, especially in studies where negative test results 
were not confirmed by histology, likely led to an overestimation of 
specificity. Second, the lack of external validation across most included 
studies introduced a high risk of overfitting, particularly in small or 
homogeneous datasets, limiting our ability to draw definitive conclu
sions about the generalizability of AI performance to truly independent 
populations. This highlights a critical gap in the current literature and 
represents a priority direction for future research. Third, the inter
pretability of AI models remains limited. Many deep learning models 
operate as “black boxes,” lacking transparency in how predictions are 
generated. This can reduce trust in AI outputs among clinicians and 
patients, especially in contexts demanding diagnostic accountability. 
Incorporating systematic uncertainty quantification and explainability 
measures is essential to support clinical adoption. Fourth, the limited 
number of studies on anal cancer compared with those on cervical 
cancer, combined with the frequent reliance on aggregated statistics 
instead of raw confusion matrices, hindered detailed analyses. The high 
heterogeneity observed across the studies further complicated the 
synthesis. Although we included all available covariates in the meta- 

regression analysis, we found no significant source of heterogeneity, 
which could be due to unreported or unmeasurable factors. Only two 
studies implemented external validation protocols, and heavy reliance 
on internal test sets may artificially boost performance estimates.

5. Conclusions

This systematic review and meta-analysis examined the diagnostic 
performances of AI-assisted tools in the detection of cervical and anal 
cancers and their precancerous lesions. Although relatively few studies 
have specifically addressed anal cancer, AI-assisted tools have demon
strated high accuracy across both cancer types. Future studies should 
investigate whether AI-assisted screening translates into improved 
clinical outcomes, such as reduced missed diagnoses, fewer unnecessary 
interventions, and lower recurrence rates, and assess its health eco
nomic impact, especially in low- and middle-income countries.
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Figure 3. Forest plot of accuracy, sensitivity, specificity and AUC for different diagnostic thresholds. Abbreviation: AUC: area under the receiver operating char
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