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Abstract 

Objective This study aims to analyze factors associated with the missed diagnosis of high-grade squamous 
intraepithelial lesions (HSIL+) in patients initially diagnosed with low-grade squamous intraepithelial lesions (LSIL) 
through colposcopic biopsy and to develop a predictive model for assessing the risk of missed HSIL+.

Methods We conducted a retrospective analysis of 505 patients who underwent loop electrical excision procedure 
(LEEP) following an LSIL diagnosis by colposcopic biopsy. Logistic regression was used to identify demographic 
and pathological parameters associated with missed diagnoses of HSIL+. Additionally, several machine learning meth-
ods were employed to construct and assess the performance of the risk prediction models.

Results The overall rate of missed diagnoses for HSIL+ was 15.2%. Independent risk factors identified were HPV16/18 
infection (OR 2.071; 95% CI 1.039–4.127; p = 0.039), TCT ≥ ASC-H (OR 4.147; 95% CI 1.392–12.355; p = 0.011), TZ3 (OR 
1.966; 95% CI 1.003–3.853; p = 0.049) and Colposcopic impression G2 (OR 3.627; 95% CI 1.350–9.743; p = 0.011). Among 
the models tested, the Decision Tree algorithm demonstrated superior performance with an accuracy of 94.7%, sensi-
tivity of 80.0%, specificity of 96.9%, and an area under the curve (AUC) of 0.936 in the validation set.

Conclusion Key independent risk factors for the missed diagnosis of HSIL  in patients with LSIL include HPV16/18 
infection, TCT ≥ ASC-H, TZ3, and colposcopic impression G2. The Decision Tree model offers a cost-effective, reliable, 
and clinically valuable tool for accurately predicting the risk of missed diagnosis of HSIL+, facilitating early intervention 
and management.
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Introduction
Low-grade squamous intraepithelial lesion (LSIL) is a 
morphological change in the squamous epithelium of the 
cervix following human papilloma virus (HPV) infection. 
As a histological manifestation of HPV, LSIL typically has 
a favorable prognosis: about 60% of these lesions spon-
taneously regress within 1 year, 30% persist, and only 
around 10% progress to high-grade squamous intraepi-
thelial lesions (HSIL) within 2 years [1]. Despite this, the 
management and standardization of LSIL present con-
siderable challenges. For patients diagnosed with LSIL 
by biopsy, the primary objectives are to prevent missed 
diagnoses of more severe HSIL+ and to accurately assess 
the risk of progression to HSIL+, thus avoiding excessive 
treatment [2, 3].

Research shows that patients with LSIL, identified 
through abnormal cervical cancer screening and fol-
lowed by colposcopic biopsy, are at risk of undetected 
HSIL+ [4]. Without intervention, approximately 5% of 
CIN2 lesions and 12–33% of CIN3 lesions may progress 
to invasive cancer over 20–30  years [5]. Identifying risk 
factors for HSIL+ in the follow-up of patients with LSIL 
is therefore crucial.In this study, we retrospectively ana-
lyzed the clinical data of patients diagnosed with LSIL via 
colposcopic biopsy and subsequently treated surgically at 
our hospital. Our goal was to identify potential risk fac-
tors for the missed diagnosis of HSIL+ and to develop a 
robust predictive model. This model aims to estimate the 
risk of missed HSIL+ diagnoses, thereby enhancing clini-
cal outcomes for these patients.

Materials and methods
We collected clinical data from patients with abnormal 
cervical cancer screening results who were diagnosed 
with low-grade squamous intraepithelial lesions (LSIL) 
via colposcopic biopsy and subsequently treated surgi-
cally at a single hospital from January 2017 to Decem-
ber 2022. This study received approval from the Ethics 
Committee, and informed consent was obtained from 
all participants and/or their families.Inclusion Criteria: 
(1) Patients with abnormal cervical cancer screening and 
colposcopic cervical biopsy; (2) Diagnosis of LSIL con-
firmed by cervical biopsy; (3) Loop electrical excision 
procedure (LEEP) performed within 3 months following 
the colposcopic cervical biopsy; (4) Availability of com-
plete clinicopathological data.Patients were categorized 
into a training set and a validation set in a 7:3 ratio, based 
on the sequence of their admission, resulting in 354 cases 
in the training set and 151 cases in the validation set.

HPV Testing and Genotyping: The Cobas HPV 
test (Cobas 4800; Roche Molecular Diagnostics) was 
employed, utilizing a real-time polymerase chain reac-
tion (PCR) system. This test detects 14 high-risk HPV 

(HR-HPV) types and provides specific data on HPV16/18 
infections. Multiple HR-HPV infections were defined as 
the presence of two or more HR-HPV types.

Cervical Cytology Diagnosis: Cervical cytology was 
classified according to the Bethesda system (TBS), 
which includes the following categories:No abnormal 
cells (NILM);Atypical squamous cells of undetermined 
significance (ASCUS);Low-grade squamous intraepi-
thelial lesion (LSIL);Atypical squamous cells-cannot 
exclude high-grade squamous intraepithelial lesion 
(ASC-H);High-grade squamous intraepithelial lesion 
(HSIL);Squamous cell carcinoma (SCC);For clarity, cyto-
logical findings are grouped as low-level lesions (ASCUS, 
LSIL) and high-level lesions (ASC-H, HSIL, SCC).

Colposcopy Indications: (1) Positive for HPV16/18; (2) 
Cytology indicating atypical squamous cells of undeter-
mined significance (ASC-US) concurrently with high-risk 
HPV positive; (3) Cytology showing atypical glandular 
cells (AGC), LSIL, or higher.

Colposcopic Assessment: The initial step in colpo-
scopic evaluation involves identifying the cervical trans-
formation zone. The types of transformation zones are 
classified as follows: Type I: The transformation zone is 
entirely external to the cervical canal, allowing complete 
visualization of both the transformation zone and any 
lesions under the colposcope. Type II: The transforma-
tion zone partially extends inside the cervical canal and 
partially remains outside. However, all transformation 
areas can be observed with the aid of auxiliary means 
during colposcopy. Type III: Only a small portion of the 
transformation zone is outside the cervical canal, or it is 
entirely within the canal, making the boundaries of the 
transformation zone invisible under the colposcope. A 
biopsy is performed on any suspicious lesions observed 
during colposcopy. If no suspicious lesions or a Type 
III transformation zone is present, a random multi-
point biopsy combined with endocervical curettage is 
conducted.

Lesion Extent: The cervix is divided into four quad-
rants, each representing 25% of the total area. The extent 
of the lesion is determined based on the number of quad-
rants affected as indicated in the biopsy’s pathological 
results. A lesion extent of ≥ 3 quadrants suggests involve-
ment across three or more quadrants.

Definition of Missed Diagnosis: Patients diagnosed 
postoperatively with HSIL or invasive cancer were con-
sidered cases of missed diagnosis.

Statistical analysis
In this study, data organization and statistical analysis 
were performed using SPSS (version 24.0), R (version 
4.3.1), and Python software. Initially, univariate and mul-
tivariate analyses were conducted to identify risk factors 
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for the missed diagnosis of HSIL+ . A nomogram model 
was subsequently developed based on these identified 
risk factors, and its validity was tested through a five-
fold cross-validation scheme. Several machine learning 
algorithms were employed to construct the HSIL+ risk 
prediction models in the training set, including Logistic 
Regression (LR), Naive Bayes, Support Vector Machine 
(SVM), K-Nearest Neighbor (KNN), Decision Tree, Ran-
dom Forest, and Extreme Gradient Boosting (XGBoost). 
These models were applied to the data from both the 
training and validation set. A confusion matrix was cre-
ated for each model to compare the predicted outcomes 
with the actual data. The performance of each model was 
evaluated by calculating accuracy, sensitivity, specificity, 
and other metrics derived from the confusion matrices. 
Receiver Operating Characteristic (ROC) curves were 
plotted to assess the predictive value of each model using 
the Area Under the Curve (AUC).Additionally, the Hos-
mer–Lemeshow test was utilized to examine the good-
ness of fit, while calibration curves and decision curve 
analysis (DCA) were applied to evaluate the calibration 
and clinical utility of the nomogram model, respectively. 
Statistical significance was set at p < 0.05.

Results
Postoperative histological examination of the LEEP spec-
imens from 505 patients showed that 428 maintained a 
diagnosis of LSIL, while 77 were upgraded to HSIL+ ; this 
included 75 cases of HSIL, one case of adenocarcinoma 
in situ (AIS), and one case of cervical invasive adenocar-
cinoma, resulting in a missed diagnosis rate of 15.2%. The 
average age of the patients was 47  years, ranging from 
21 to 78  years. Notably, 207 patients (41%) were aged 
50  years or older, and these patients exhibited a higher 
missed diagnosis rate of HSIL+ at 18.8%. Additionally, 
178 patients were postmenopausal, with a missed diag-
nosis rate of 16.3%. Regarding HPV status, 445 patients 
(88.1%) tested positive for high-risk HPV (HR-HPV), 
with 161 (31.9%) having multiple HR-HPV infections 
and 139 (27.5%) specifically infected with HPV16/18. 
The missed diagnosis rates for patients with multiple HR-
HPV infections and those with HPV16/18 were 20.5% 
and 25.2%, respectively. Abnormal cytology was observed 
in 270 patients (53.5%), broken down as follows: 160 with 
ASCUS, 71 with LSIL, 24 with ASC-H, and 15 with HSIL. 
The respective missed diagnosis rates were 11.9%, 15.5%, 
70.8%, and 60%. Additionally, the missed diagnosis rates 
among patients with colposcopic impressions of G1 and 
G2 were 11% and 57.1%, respectively. Across transforma-
tion zones 1, 2, and 3 (TZ1, TZ2, and TZ3), the missed 
diagnosis rates were 8.5%, 16.9%, and 25%, respectively. 
The patients were divided into a training set and a vali-
dation set in a 7:3 ratio based on the time of admission, 

comprising 354 and 151 cases, respectively. The analysis 
revealed no significant difference in baseline character-
istics between the two groups (p > 0.05), as detailed in 
Table 1.

Our analysis explored demographic and clinicopatho-
logical parameters that could be associated with missed 
diagnoses of HSIL+. Univariate analysis identified several 
factors significantly correlated with missed diagnoses. 
These included HPV16/18 infection (p < 0.001), multiple 
HR-HPV infections (p = 0.018), TCT ≥ ASC-H (p < 0.001), 
colposcopic impression G2 (p < 0.001), transformation 
zone 3 (TZ3) (p = 0.004), and lesion extent (p = 0.005). 
In contrast, factors such as age (p = 0.143), menopausal 
status (p = 0.68), immune diseases (p = 0.591), smoking 
(p = 0.219), gravidity (p = 0.573), parity (p = 0.78), and 
hormone use (p = 0.342) did not show significant corre-
lations with missed diagnoses of HSIL+. Details of these 
findings are summarized in Table 2.

Variables identified as significantly associated with 
missed diagnoses of HSIL+ in the univariate analysis 
were further evaluated using a logistic multiple factor 
regression equation. The logistic regression analysis con-
firmed several independent risk factors for the missed 
diagnosis of HSIL+. These included HPV16/18 infection, 
with an odds ratio (OR) of 2.071 (95% confidence interval 
[CI] 1.039–4.127; p = 0.039), TCT ≥ ASC-H (OR 4.147; 
95% CI 1.392–12.355; p = 0.011), transformation zone 
3 (TZ3) (OR 1.966; 95% CI 1.003–3.853; p = 0.049), and 
colposcopic impression G2 (OR 3.627; 95% CI 1.350–
9.743; p = 0.011). These factors were established as the 
independent predictors for missed diagnosis of HSIL+. 
The detailed results are presented in Table 3.

The four independent risk factors identified in the mul-
tivariate logistic regression analysis—HPV16/18 infec-
tion, TCT ≥ ASC-H, TZ3, and colposcopic impression 
G2—were incorporated as predictors in the construction 
of the nomogram model. The nomogram assigns corre-
sponding scores to each predictor, which are summed 
to derive a total score. This total score is then used to 
estimate the probability of a missed diagnosis of HSIL+ 
(Fig. 1).

To assess the predictive performance of various mod-
els, seven machine learning algorithms were applied to 
the training set. The results, including prediction accu-
racy, sensitivity, specificity, positive predictive value 
(PPV), and negative predictive value (NPV), were derived 
from the confusion matrices based on actual and pre-
dicted values. Additionally, Receiver Operating Charac-
teristic (ROC) curves were plotted and the area under 
the curve (AUC) was calculated for these models. The 
DecisionTree and RandomForest models demonstrated 
superior performance in the training set, as evidenced by 
various metrics (Figs. 2 and 3, Table 4).
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The same seven machine learning models were then 
employed on an validation set to further evaluate their 
predictive accuracy, sensitivity, specificity, PPV, and 
NPV. ROC curves were again drawn using the validation 
set data, and the AUC was calculated. The DecisionTree 
model consistently showed the best predictive perfor-
mance in the validation set, making it the optimal predic-
tion model for this study (Table 5, Fig. 4).

Thus, based on comprehensive evaluations using both 
training and validation set, the DecisionTree emerges as 
the most effective model for predicting missed diagnoses 
of HSIL+ in this study.

The nomogram model’s goodness of fit and calibration 
were evaluated using the Hosmer–Lemeshow goodness 
of fit test and calibration curves. In the training set, the 
Hosmer–Lemeshow test yielded a χ2 value of 0.102 with 
a p-value of 1, and in the validation set, a χ2 of 4.09 with 
a p-value of 0.905; both p-values being greater than 0.05 
indicate a good fit of the model. The calibration curves 
for the training set demonstrated high consistency 
between the model’s predicted risks of missed diagnosis 
of HSIL+ and the actual observed risks, confirming the 
model’s accuracy. The calibration curve for the valida-
tion set also showed good consistency, underscoring the 
model’s robustness across different datasets (Fig. 5A, B).

The clinical utility of the prediction model was further 
assessed by drawing clinical decision curves. The results 
depicted the dotted line in the upper right quadrant 
relative to the ‘All’ and ‘None’ lines, indicating that the 
HSIL+ nomogram prediction model possesses substan-
tial clinical practical value in predicting the risk of missed 
diagnosis (Fig. 6A, B).

Discussion
Low-grade squamous intraepithelial lesions (LSIL) arise 
as histological changes secondary to HPV infection, with 
approximately 80% of LSIL cases attributed to high-risk 
HPV (HR-HPV) infections [6]. This is supported by our 
study, which reported an HR-HPV infection rate of 88.1%. 
The complexity and transient nature of HPV infections 
make the management of LSIL challenging, often leading 
to missed diagnoses and overtreatment. Overtreatment 
can result in complications such as bleeding and steno-
sis, which may impede subsequent follow-ups [7]. Con-
versely, missed diagnoses increase the risk of progressing 
to cervical cancer [4, 5]. Consequently, clinical follow-up 
observation is the recommended management approach 
for LSIL, provided more severe lesions are excluded. In 
clinical practice, accurately identifying patients at risk 
of missed HSIL+ remains problematic. This challenge 

Table 1 Demographics and clinical characteristics of study population

Parameter Numbers Parameter Numbers

Total Missed diagnosis (%) Total Missed diagnosis (%)

Age(years) Immune disease

< 50 298 38 (12.8%) No 437 67 (15.3%)

≥ 50 207 39 (18.8%) Yes 68 10 (14.7%)

Menopause Smoking

No 327 48 (14.7%) No 464 68 (14.7%)

Yes 178 29 (16.3%) Yes 41 9 (22%)

HPV statues Gravidity

Negative 48 3 (6.3%)  < 3 334 48 (14.4%)

HR-HPV 445 72 (16.2%)  ≥ 3 171 29 (17%)

HPV16/18 139 35 (25.2%) Parity

Multiple HR-HPV 161 33 (20.5%)  < 2 314 46 (14.6%)

Colposcopic impression  ≥ 2 191 31 (16.2%)

Normal 67 3 (4.5%) Hormone use

Low-Grade(G1) 382 42 (11%) No 458 72 (15.7%)

High-Grade(G2) 56 32 (57.1%) Yes 47 5 (10.6%)

TZ types Cytology results

TZ1 223 19 (8.5%) NILM 235 21 (8.9%)

TZ2 154 26 (16.9%) ASC-US 160 19 (11.9%)

TZ3 128 32 (25%) LSIL 71 11 (15.5%)

Lesion range ASC-H 24 17(70.8%)

< 3 245 21 (8.6%) HSIL 15 9 (60%)

≥ 3 260 56 (21.5%)
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has led to the adoption of “risk stratification” as a strat-
egy to standardize the management of LSIL [8]. Litera-
ture suggests that the rate of missed HSIL + diagnoses 
in patients with LSIL diagnosed by colposcopic biopsy 
ranges from 10 to 55% [4, 9]; our study aligns with these 

findings, presenting a missed diagnosis rate of 15.2%. For 
patients whose pathology was upgraded to HSIL after 
LEEP, we referred to the “Chinese Expert Consensus on 
the Management of High-grade Cervical intraepithelial 
Lesions” for management [2]. Factors associated with 

Table 2 Univariate analyses for prediction of missed diagnosis HSIL+ in patients with LSIL diagnosed by colposcopy biopsy in the 
training set

Parameter Numbers OR (95%CI) p-values

Total Missed diagnosis

(%)

Age (years) 0.654 (0.370–1.156) 0.143

 < 50 211 29 (13.7%)

 ≥ 50 143 28 (19.6%)

Menopause 0.883 (0.490–1.592) 0.68

 No 232 36 (15.5%)

 Yes 122 21 (17.2%)

HPV-16/18 infection 2.813 (1.569–5.042) 0

 No 255 30 (11.8%)

 Yes 99 27 (27.3%)

Multiple HR-HPV infection 1.992 (1.118–3.549) 0.018

 No 240 31 (12.9%)

 Yes 114 26 (22.8%)

TZ types 2.368 (1.305–4.296) 0.004

 TZ1/2 265 34 (13.3%)

 TZ3 89 23 (26.1%)

Lesion range 2.369 (1.285–4.366) 0.005

 < 3 166 17 (10.2%)

 ≥ 3 188 40 (21.3%)

TCT ≥ ASC-H 11.200 (4.762–26.340)  < 0.001

 NO 328 41 (12.5%)

 Yes 26 16 (61.5%)

Colposcopic impression 9.743 (4.765–19.921)  < 0.001

 Normal/G1 314 35 (11.2%)

 G2 40 22 (55%)

Immune disease 0.806 (0.367–1.772) 0.591

 No 306 48 (15.7%)

 Yes 48 9 (18.8%)

Smoking 0.571 (0.232–1.409) 0.219

 No 325 50 (15.4%)

 Yes 29 7 (24.1%)

Gravidity 1.185 (0.657–2.137) 0.573

 < 3 119 21 (17.6%)

 ≥ 3 235 36 (15.3%)

Parity 0.921 (0.516–1.642) 0.78

 < 2 217 34 (15.7%)

 ≥ 2 137 23 (16.8%)

Hormone use 0.556(0.163–1.897) 0.342

No 324 54 (16.7)

Yes 30 10 (10%)
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missed diagnoses in the literature include severe cyto-
logical abnormalities, extensive lesion range, transforma-
tion zone, immunosuppression, and gland involvement 
[10, 11]. Our findings confirm that HPV16/18 infection, 
TCT ≥ ASC-H, TZ3, and colposcopic impression G2 
are independent risk factors for the missed diagnosis of 
HSIL+ . The nomogram model developed based on these 
factors demonstrated high predictive value.

Persistent HR-HPV infection, particularly with HPV16 
and HPV18, is a well-recognized precursor to precancer-
ous lesions and cervical cancer. In our cohort, 88.1% were 
infected with HR-HPV, 27.5% had HPV16/18 infections, 
and 31.9% had multiple HR-HPV infections, highlighting 
the significant role of HR-HPV in the etiology of cervi-
cal precancerous lesions. Studies have repeatedly shown 
that HPV16/18 infections significantly elevate the risk 
of developing HSIL+, with HPV16/18 positive women, 
even those with negative cytology, more likely to develop 

CIN2+ compared to those infected with other HR-HPV 
types [12]. Our analysis found that the rate of missed 
HSIL+ diagnoses was notably higher in women positive 
for HPV16/18 (25.2%) compared to those who were not 
(11.5%). Moreover, HPV16, known for its higher inte-
gration frequency with human genes, poses the great-
est risk among HR-HPVs, making it the most prevalent 
type in HSIL+ cases [13]. A meta-analysis found that 
HPV16 accounts for 34–52% of all high-grade cervical 
lesions [14, 15], and a prospective cohort study indicated 
that women with HPV16 are significantly more likely to 
develop CIN2+ compared to those without HPV16 [16]. 
Given these data, HPV16/18 infections, particularly 
HPV16, emerge as crucial predictive markers for missed 
HSIL+ diagnoses in patients with LSIL, underscoring the 
importance of targeted HPV screening in this group.

Studies such as the Kaiser Permanente Northern Cali-
fornia Medical Care Plan (KPNC) have highlighted the 

Table 3 Multivariate analyses for prediction of missed diagnosis HSIL+ in patients with LSIL diagnosed by colposcopy biopsy in the 
training set

Parameter B S.E Wald P OR 95% C.I

HPV16/18 0.728 0.352 4.277 0.039 2.071 1.039 4.127

TCT ≥ ASC-H 1.422 0.557 6.520 0.011 4.147 1.392 12.355

TZ3 0.676 0.343 3.875 0.049 1.966 1.003 3.853

Colposcopic impression 
G2

1.289 0.504 6.533 0.011 3.627 1.350 9.743

Fig. 1 Nomogram prediction model of missed diagnosis HSIL+ in patients with LSIL diagnosed by colposcopic biopsy. The four independent risk 
factors identified in the multivariate logistic regression analysis—HPV16/18 infection, TCT ≥ ASC-H, TZ3, and colposcopic impression G2—were 
included as final predictors in the model. Then R software was used to construct a nomogram prediction model for the risk of missed diagnosis 
of HSIL+. Result interpretation: each factor took a vertical line, corresponding to the top “Points” score, and then added the four factor scores to get 
the Total Points;Then the total score was taken as a vertical line,and the point corresponding to Risk was the risk of missed diagnosis of HSIL+
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importance of prior cytology screening results in strati-
fying the risk of CIN3+ in women diagnosed with nor-
mal or ≤ CIN1 lesions by colposcopic biopsy [17]. For 
instance, women diagnosed with CIN1 and concurrent 
cytology of LSIL or HPV-positive ASCUS exhibited a 
5-year risk of developing CIN3+ of 3.8%, whereas this 
risk escalated to 15% for those with CIN1 and cytology of 
HSIL [17]. These findings emphasize the significant role 
of cytology screening results in the stratified manage-
ment of LSIL, an approach also endorsed by the Chinese 
expert consensus [1]. In our study, the missed diagnosis 

rates of HSIL+ corresponding to cytology of ASCUS, 
LSIL, ASC-H, and HSIL were 11.9%, 15.5%, 70.8%, and 
60%, respectively. Notably, as cytological abnormali-
ties increased, so did the rates of missed diagnoses. For 
patients with cytological findings of HSIL and ASC-H 
on a background of histologic LSIL, the 1-year risks of 
progressing to CIN3+ were 3.9% and 1.4%, respectively 
[18]. Furthermore, KPNC’s findings suggest that women 
with cytologic ASC-H are at a risk level closer to HSIL 
than to LSIL [17], indicating that management proto-
cols for cytology ASC-H should align more closely with 

Fig. 2 Confusion matrix of the 7 models in training set. The confusion matrix of seven kinds of machine learning models were constructed 
according to the real values of the samples in the training set and the predicted values of the model. A line label of “0” meant that the true result 
of the sample was no missed diagnosis, and a line label of “1” meant that the true result of the sample was missed diagnosis. The column label “0” 
meant that the model predicted no missed diagnosis, and the row label “1” meant that the model predicted missed diagnosis. The upper left corner 
showed the number of cases no missed diagnosis by both the model predicted value and the sample true value, and the right corner showed 
the number of cases with missed diagnosis by both the model predicted value and the sample true value. The darker the color of the cell, the more 
times of correct classification
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Fig. 3 AUC curves of different machine learning prediction models in training set. The ROC curves of different models were drawn using 
the training set. The area under the ROC curve (AUC) was calculated to evaluate the differentiation of different models in the training set. The lines 
in different colors represented different models, and the AUC values and 95% confidence intervals for each model were listed at the bottom right. In 
the figure, the area under the curve corresponding to the yellow line was the largest, and the AUC value was 0.849 (95% CI 0.793–0.906), indicating 
that the Decision Tree model had the best differentiation in the training set

Table 4 Predictive performance of different machine learning models in training set

Model ACC (%) AUC Sensitivity Specificity PPV NPV

Logistic regression 79.1 0.768 0.561 0.835 0.395 0.908

Naïve bayes 88.2 0.741 0.509 0.882 0.453 0.903

SVM 89.0 0.722 0.456 0.973 0.765 0.903

KNN 80.5 0.764 0.544 0.855 0.419 0.907

Decision tree 87.6 0.849 0.596 0.929 0.618 0.923

Random forest 86.4 0.824 0.579 0.919 0.579 0.919

XGBoost 83.9 0.793 0.561 0.892 0.500 0.914

Table 5 Predictive performance of different machine learning models in validation set

Model ACC (%) AUC Sensitivity Specificity PPV NPV

Logistic regression 72.1 0.843 0.600 0.969 0.750 0.941

Naïve bayes 79.5 0.814 0.700 0.809 0.359 0.946

SVM 93.4 0.801 0.600 0.985 0.857 0.942

KNN 92.7 0.861 0.500 0.992 0.909 0.929

Decision tree 94.7 0.936 0.800 0.969 0.800 0.969

Random forest 90.7 0.940 0.800 0.924 0.615 0.968

XGBoost 88.1 0.893 0.800 0.893 0.533 0.967
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Fig. 4 AUC curves of different machine learning prediction models in validation set. The ROC curves of different models were drawn using 
the validation set. The area under the ROC curve (AUC) was calculated to evaluate the differentiation of different models in the validation set. The 
lines in different colors represented different models, and the AUC values and 95% confidence intervals for each model were listed at the bottom 
right. In the figure, the area under the curve corresponding to the yellow dotted line and the blue solid line was the largest, and the AUC value 
was 0.936(95% CI 0.870–1.000) and 0.940(95% CI 0.879–1.000),respectively, indicating that the Decision Tree and Random Forest models had 
the best differentiation in the validation set

Fig. 5 Evaluation and validation of nomogram calibration curves (A training set, B validation set). Calibration curve was used to evaluate 
the calibration degree of the nomogram model. A: Calibration curve of training set; B Calibration curve of the validation set.The missed diagnosis 
HSIL+ risk predicted by the model was plotted as the horizontal axis, and the actual missed diagnosis HSIL+ risk was plotted as the vertical axis. The 
prediction performance in the ideal state was represented by the gray diagonal line, which indicated that the prediction results were completely 
consistent with the actual situation. The dotted line showed the actual predictive performance of the model, while the black line showed 
the calibrated predictive performance of the model. The closer the model’s prediction curve (black and dotted lines) was to the diagonal, the model 
was the more accurate
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those for cytology HSIL.In our cohort, the rate of missed 
diagnoses of HSIL+ was significantly higher in patients 
with TCT ≥ high-level lesion (66.7% vs. 10.9%). Moreo-
ver, patients with TCT ≥ ASC-H were found to have a 
4.147-fold increased risk of a missed diagnosis of HSIL+. 
These insights underscore the necessity to enhance the 
stratified management of previous cytological results 
in patients with LSIL to mitigate the potential risk of 
occult HSIL+. Therefore, a more aggressive management 
approach is warranted for patients with cytologic find-
ings of ASC-H/HSIL.

Transformation zones (TZs) are critical anatomical 
sites where precancerous lesions and invasive carcinomas 
typically develop. However, TZ visibility can vary, par-
ticularly in postmenopausal women, where age-related 
changes often retract the TZ into the cervical canal and, 
combined with epithelial atrophy, can complicate biopsy 
collection, thereby increasing the risk of missed diag-
nosis of cervical intraepithelial neoplasia (CIN). Stud-
ies have reported varying accuracy rates for detecting 
CIN2+ across different TZ types: 92.2% for TZ1, 90.5% 
for TZ2, and 76.5% for TZ3 [19]. In cases with low-grade 
colposcopic impressions and TZ3, missed diagnosis rates 
for CIN2 and CIN3 are notably higher (52.6% and 31.6%, 
respectively) compared to TZ1/2 (27.5% and 18.8%) [20]. 
In our study, the rates of missed HSIL+ diagnoses were 
8.5% for TZ1, 16.9% for TZ2, and 25% for TZ3, indicating 

a significant increase in missed diagnoses in patients with 
TZ3. Caution is therefore necessary when interpreting 
nonrepresentative biopsies from women with TZ3, and 
employing endocervical curettage (ECC) may enhance 
HSIL+ detection in these cases [21].

Colposcopy plays a vital role in cervical cancer screen-
ing by localizing lesions in the lower genital tract, guiding 
biopsies, and informing management strategies. It also 
assists in the follow-up after treatment. Historical data 
indicate that the agreement between histopathological 
diagnosis and colposcopic diagnosis ranges from 52 to 
99% [22]. In this study, among 382 patients with a low-
grade colposcopic impression, the concordance between 
cervical biopsy diagnosis and colposcopy was 75.6%, 
while the agreement between postoperative diagnosis 
and colposcopy diagnosis was 89%, aligning with prior 
findings. Given that colposcopy’s effectiveness can be 
influenced by the examiner’s experience and is somewhat 
subjective, approximately 10% of HSIL cases may still be 
overlooked, even when biopsy pathology under colpos-
copy indicates LSIL [9]. For patients referred for colpos-
copy with LSIL, 9.9% were found to have CIN2+ under a 
low-grade colposcopic impression [23]. A meta-analysis 
revealed that the overall risk of CIN2+ for women with 
a low-grade colposcopic impression ranges widely from 
11 to 69%, depending on the screening context [24]. 
Furthermore, 30% of women with grade 2 colposcopy 

Fig. 6 Evaluation and validation of clinical decision curve of nomogram (A training set, B validation set). The clinical decision curve was constructed 
to evaluate the clinical practicability of the prediction model. A Clinical decision curve of training set; B Clinical decision curve of the validation set. 
In the DCA curve, the horizontal coordinate represented the threshold probability and the vertical coordinate represented the net benefit rate. The 
None line represented that none of the samples were patients with missed HSIL+ and that the clinical net benefit rate was 0 without treatment. The 
ALL line represented the net benefit rate when all samples were missed patients. The dotted line represented the net benefit rate of patients in this 
column chart model, and the dotted in the upper right, indicating that the model had good clinical utility
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findings have HSIL/CIN3, irrespective of screening test 
results [20]. In our study, 11% of women with a low-grade 
colposcopic impression and 57.1% with a high-grade 
impression were diagnosed with HSIL+. These findings 
underscore the importance of standardized, safe, and 
accurate colposcopy, with quality control being essential 
to maximize colposcopy’s value in preventing and treat-
ing cervical cancer.

Machine learning is an important branch of artificial 
intelligence. In medicine, machine learning technol-
ogy is changing the way we diagnose, treat, and manage 
disease. Machine learning can help us extract valuable 
information from massive medical data, and build pre-
dictive models based on the processing data to improve 
the diagnosis accuracy of diseases, predict the develop-
ment trend of diseases and optimize treatment plans. 
Machine learning has brought tremendous insight and 
predictive power to the medical industry and is increas-
ingly being used in the medical field. For example, Our 
center has done some research on machine learning 
and HSIL. Zeng constructed a logistic regression model 
based on risk factors to predict the risk coefficient of 
residual lesions after cervical conization in patients with 
HSIL,The AUC calculated by logistic regression model 
was 0.78 [25]. This model is being further validated and is 
expected to be used in clinical practice. Zhang conducted 
a retrospective analysis of 3343 patients who underwent 
CKC for HSIL, and then applied seven machine learn-
ing methods to construct a positive margin risk pre-
diction model, logistic regression model has the best 
predictive performance,with an accuracy of 74.7%, sen-
sitivity of 76.7%, specifcity of 74.4%, and AUC of 0.826 
[26]. Machine learning can often build some better pre-
diction models with improved accuracy and sensitivity 
due to its diversity and uniqueness of methods and rela-
tively advanced algorithms.

Through univariate and multivariate analyses of col-
lected data, we identified independent risk factors for the 
missed diagnosis of HSIL+. Utilizing these factors, we 
constructed predictive models for HSIL+ using machine 
learning methods. Machine learning, with its diverse 
methodologies and advanced algorithms, often surpasses 
traditional logistic regression models in accuracy and 
sensitivity. Our comparative analysis across the training 
and validation set revealed that the Decision Tree model 
demonstrated the most effective predictive performance.

The predictive models we developed offer two signifi-
cant advantages: simplicity of operation and cost-effec-
tiveness. The model can be programmed and stored on 
a computer. Clinicians simply input the patient’s data 
for specific indicators, and the program automatically 
calculates the risk of missed diagnosis of HSIL+. This 
aids in the early identification of patients at high risk 

of missed diagnosis of HSIL+. Additionally, the indica-
tors required by our model are straightforward, derived 
from routine medical inquiries and examinations, elim-
inating the need for costly tests, invasive procedures, or 
any invasion of patient privacy.For patients identified 
as high-risk through preoperative examinations, cli-
nicians should diligently assess the risk of HSIL+ and 
consider selective diagnostic coning if necessary. More-
over, such patients should be closely monitored post-
surgery to minimize the chances of residual disease and 
recurrence.

However, our study is not without limitations. Firstly, 
the sample size is relatively small, characterizing this as 
a small-sample study. Secondly, instead of using a pro-
spective cohort design and following up with patients 
predicted to be at high risk, we conducted a retrospective 
study, which may introduce selection bias. Additionally, 
the training and validation set data were sourced from 
the same hospital, which could limit the applicability of 
our model in other settings with different surgical tech-
niques and protocols.

In conclusion, our study identifies several independent 
risk factors for the missed diagnosis of HSIL+ in patients 
with LSIL diagnosed by colposcopic biopsy, including 
HPV16/18 infection, TCT ≥ ASC-H, TZ3, and colpo-
scopic impression G2. The clinical prediction model 
developed in this study demonstrates robust consist-
ency and practical value, offering significant guidance 
for clinicians in reducing the risks of missed diagnosis of 
HSIL+ and the overtreatment of LSIL.
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