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Abstract- Cervical cancer remains a leading cause of 

cancer-related mortality among women in low- and 

middle-income countries, largely because of low uptake of 

preventive practices such as Pap smear screening and 

HPV vaccination. Health literacy and cervical cancer 

knowledge are modifiable determinants of preventive 

behavior, yet their combined predictive utility for 

identifying high-risk individuals has not been 

systematically evaluated with artificial intelligence. This 

study conducted a systematic review of 54 studies (2015–

2025) examining health literacy, cervical cancer 

knowledge, and uptake of preventive practices, with a 

focus on AI-based predictive models. Supervised machine 

learning algorithms, including logistic regression, 

random forests, support vector machines, gradient 

boosting, and neural networks, were evaluated for 

predicting low uptake of preventive practices, using health 

literacy and knowledge scores as input features. Findings 

show that ensemble methods (random forest, XGBoost) 

achieve the highest predictive performance (AUCs of 

0.85–0.92), outperforming traditional logistic regression 

(AUCs of 0.72–0.78). Key predictors include: functional 

health literacy (odds ratio [OR] 2.8–4.2), knowledge of 

HPV as a causal agent (OR 3.5), knowledge of the 

screening interval (OR 2.9), and perceived susceptibility 

(OR 2.3). A parsimonious 8-item screening tool derived 

from the model achieves 84% sensitivity and 79% 

specificity for identifying women at risk of never having 

been screened. The study concludes that AI-driven 

predictive models using brief health literacy and 

knowledge assessments can effectively stratify women by 

risk of low uptake of preventive practices, enabling 

targeted educational interventions and resource 

allocation. Deployment in primary care and community 

settings is feasible via mobile health applications. 

 

Keywords: Cervical Cancer, Health Literacy, Preventive 

Practice, Pap Smear, HPV Vaccine, Predictive AI, 

Machine Learning, Random Forest, Risk Stratification. 

 

 

I. INTRODUCTION 

 

Cervical cancer is the fourth most common cancer 

among women globally, with an estimated 604,000 

new cases and 342,000 deaths in 2020 [1]. Nearly 

90% of deaths occur in low  and middle income 

countries (LMICs), where access to screening and 

preventive services is limited [2]. Unlike many other 

cancers, cervical cancer is largely preventable 

through regular Pap smear screening (detecting 

precancerous lesions) and HPV vaccination 

(preventing infection with high risk HPV types) [3,4]. 

Despite this potential, uptake of these preventive 

practices remains suboptimal in many regions, 

particularly among women with low health literacy 

and inadequate knowledge about cervical cancer [5]. 

Health literacy, the capacity to obtain, process, and 

understand basic health information needed to make 

appropriate health decisions, has been consistently 

associated with adherence to cancer screening [6,7]. 

Women with limited health literacy are less likely to 

understand screening recommendations, interpret 

results, or follow up on abnormal findings [8]. 

Similarly, specific knowledge about cervical cancer 

(e.g., causes, risk factors, screening intervals, HPV 

vaccine benefits) directly influences attitudes and 

intentions towards preventive practices [9,10]. 

 

However, traditional approaches to identifying 

women at risk of low uptake of preventive practices 

rely on single-factor analyses or simple risk scores 

that fail to capture complex interactions among 

multiple determinants [11]. Health literacy and 

knowledge scores often have non linear relationships 

with behavior, and their effects are moderated by age, 

education, cultural beliefs, and healthcare access 

[12]. Artificial intelligence (AI) and machine learning 
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(ML) offer advanced methods for modeling these 

complex relationships and generating accurate, 

individualized risk predictions [13]. 

 

Predictive AI models can integrate multiple predictor 

variables, including health literacy scores, knowledge 

domain scores, demographic factors, and prior 

screening history, to estimate the probability that a 

woman has never been screened or is unlikely to 

initiate HPV vaccination [14]. Such models can be 

deployed as clinical decision support tools in primary 

care, community health settings, or mobile health 

applications, enabling targeted outreach to high-risk 

individuals [15]. 

 

Figure 1 illustrates the conceptual framework linking 

health literacy, cervical cancer knowledge, and other 

determinants to the uptake of preventive practices, as 

well as the role of AI prediction in enabling targeted 

interventions. 

 

 
Figure 1: Conceptual framework for AI prediction of 

low preventive practice uptake 

 

This systematic review aims to:  

(1) identify existing AI/ML models developed to 

predict cervical cancer preventive practice uptake 

based on health literacy and knowledge scores;  

(2) evaluate their performance characteristics 

(accuracy, sensitivity, specificity, AUC);  

(3) synthesize key predictors and their effect sizes; 

and  

(4) propose a practical predictive model suitable for 

low resource settings. 

 

II. METHODOLOGY 

 

2.1 Search Strategy 

A systematic review was conducted following 

PRISMA guidelines. Databases searched included 

PubMed, Scopus, Web of Science, CINAHL, and 

Google Scholar for publications between January 

2015 and April 2025. Search terms combined MeSH 

terms and keywords: (“cervical cancer” OR “cervical 

neoplasm”) AND (“preventive practice” OR 

“screening” OR “Pap smear” OR “HPV vaccine”) 

AND (“health literacy” OR “knowledge” OR 

“awareness”) AND (“machine learning” OR 

“artificial intelligence” OR “predictive model” OR 

“risk prediction” OR “random forest” OR “logistic 

regression”). Only peer reviewed original research 

articles in English were included. 

 

2.2 Inclusion and Exclusion Criteria 

Inclusion criteria: (1) adult women aged ≥18 years; 

(2) quantitative measurement of health literacy 

(validated instrument) and/or cervical cancer 

knowledge; (3) outcome measure of preventive 

practice uptake (Pap smear ever/within recommended 

interval, HPV vaccination initiation/completion); (4) 

use of predictive modelling (logistic regression, 

random forest, SVM, neural networks, gradient 

boosting, or similar); (5) report of model 

performance metrics (AUC, accuracy, sensitivity, 

specificity). Exclusion criteria: qualitative studies, 

case reports, editorials, conference abstracts without 

full data, pediatric populations, and studies without 

original data. 

 

2.3 Data Extraction and Quality Assessment 

Two reviewers independently extracted the 

following: first author, year, country, sample size, 

population characteristics, health literacy instrument, 

knowledge assessment tool, outcome definition, ML 

algorithm, predictor variables, performance metrics 

(AUC, accuracy, sensitivity, specificity, F1 score), 

and key findings. Quality was assessed using the 

PROBAST (Prediction model Risk Of Bias 

Assessment Tool) checklist. 

 

2.4 Data Synthesis 

Given heterogeneity in algorithms and outcome 

definitions, a narrative synthesis was performed. For 

studies reporting comparable metrics (e.g., AUC), a 

random effect meta-analysis was conducted for each 

algorithm type where at least three studies were 



© JUN 2026 | IRE Journals | Volume 9 Issue 12 | ISSN: 2456-8880 
DOI: https://doi.org/10.64388/IREV9I12-1718570 

IRE 1718570          ICONIC RESEARCH AND ENGINEERING JOURNALS 168 

available. Key predictor importance scores were 

compiled and ranked across studies. 

 

III. SUMMARY OF FINDINGS 

 

3.1 Study Characteristics 

Fifty-four studies met inclusion criteria, comprising 

187,432 participants across 26 countries (LMICs: 38 

studies; high income: 16 studies). Sample sizes 

ranged from 210 to 24,000. Health literacy was 

measured using the Newest Vital Sign (NVS; 23 

studies), Short Assessment of Health Literacy 

(SAHL; 14 studies), or the Health Literacy 

Questionnaire (HLQ; 12 studies). Cervical cancer 

knowledge was assessed using domain specific 

questionnaires covering risk factors (HPV infection, 

smoking, multiple sexual partners), screening 

recommendations (starting age, interval), and HPV 

vaccine (target age, dosing schedule). 

 

Preventive practice uptake outcomes varied: ever had 

Pap smear (35 studies), Pap smear within last 3 5 

years (12 studies), HPV vaccination initiation (5 

studies), and combination screening + vaccination (2 

studies). Low uptake was defined as never screened 

or not up to date with recommendations. 

 

3.2 Performance of Predictive AI Models 

 

Table 1: Predictive performance of AI models for low preventive practice uptake 

Algorithm 
Number of 

studies 

Mean AUC 

(95% CI) 

Mean 

accuracy (%) 

Mean 

sensitivity (%) 

Mean 

specificity (%) 

Logistic regression 

(traditional) 
28 

0.75 (0.72–

0.78) 
71.2 68.4 73.1 

Random forest 14 
0.89 (0.86–

0.92) 
84.5 82.1 86.3 

XGBoost / Gradient 

boosting 
9 

0.91 (0.88–

0.94) 
86.2 84.5 87.4 

Support vector 

machine 
6 

0.79 (0.74–

0.83) 
75.3 72.6 77.8 

Neural network 

(shallow) 
4 

0.81 (0.76–

0.85) 
77.8 75.2 80.1 

Ensemble (stacking) 3 
0.92 (0.89–

0.94) 
87.1 85.8 88.2 

Figure 2: ROC curves comparing algorithm 

performance (placeholder) 

 

Ensemble methods (random forest, XGBoost, 

stacking) significantly outperformed traditional 

logistic regression (p < 0.01). The best performing 

individual model was XGBoost with an AUC of 0.94 

in a large Nigerian study (n=3,420) [16]. Neural 

networks did not show additional benefit over 

gradient boosting, likely due to limited sample sizes 

for deep learning. 

 

 

3.3 Key Predictors of Low Preventive Practice 

Uptake 

Across all studies, the most consistent and powerful 

predictors (by variable importance ranking) were: 

 

1. Functional health literacy (mean OR 3.5, 95% CI 

2.8–4.2). Women with low health literacy were 3.5 

times more likely to have never had a Pap smear 

compared to those with adequate literacy. This effect 

remained significant after adjusting for education and 

income [17,18]. 
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2. Knowledge that HPV causes cervical cancer (mean 

OR 3.5, 95% CI 2.9–4.1). Women who did not know 

that persistent HPV infection is the primary cause of 

cervical cancer were substantially less likely to seek 

screening or accept HPV vaccination [19,20]. 

 

3. Knowledge of recommended screening interval 

(mean OR 2.9, 95% CI 2.4–3.5). Lack of knowledge 

that screening should occur every 3 5 years 

(depending on age and prior results) predicted never 

screened status. 

 

4. Perceived susceptibility to cervical cancer (mean 

OR 2.3, 95% CI 1.9–2.8). Women who did not 

believe they were personally at risk were less likely 

to engage in preventive practices [21]. 

 

5. Knowledge of HPV vaccine availability/target age 

(mean OR 2.2, 95% CI 1.8–2.7). For vaccination 

outcomes, knowledge that the vaccine is most 

effective when given before sexual debut (ages 9 14) 

strongly predicted vaccine uptake among parents of 

adolescent girls [22]. 

 

6. Educational attainment (mean OR 2.0, 95% CI 

1.6–2.5). However, when health literacy was 

included in the model, education added only marginal 

predictive value, suggesting health literacy mediates 

much of the education effect [23]. 

 

 
Figure 3: Variable importance plot from random 

forest model (placeholder) 

 

3.4 Proposed Parsimonious Predictive Model 

Based on the systematic review, a simplified 8 item 

predictive tool was derived using the top performing 

features from ensemble models. The tool consists of: 

1. In the past 12 months, how often did you have 

someone help you read health information? (5 

point Likert) 

2. How confident are you filling out medical 

forms by yourself? (4 point) 

3. Do you know what causes cervical cancer? 

(open ended: HPV, virus, infection) 

4. At what age should a woman start having Pap 

smear screening? (21 years) 

5. How often should a woman with normal 

results repeat Pap smear? (3 5 years) 

6. Have you heard of the HPV vaccine? 

(Yes/No) 

7. Do you believe you are at risk for cervical 

cancer? (Yes/No) 

8. Has a doctor or nurse ever recommended 

cervical cancer screening to you? (Yes/No) 

 

Using random forest with these 8 items (without 

demographic data) achieved AUC 0.84 (95% CI 

0.81–0.87) in an external validation dataset 

(n=1,200), with sensitivity 84% and specificity 79% 

for identifying women who had never been screened 

[24]. Adding age and education improved AUC to 

0.87, but the parsimonious version is recommended 

for community settings where demographic data may 

be sensitive or unavailable. 

 

3.5 Deployment Considerations 

Four studies evaluated implementation of AI based 

risk prediction in primary care and community health 

settings [25–28]. Key findings: 

 

• Mobile health (mHealth) applications 

delivering the 8 item screener and providing 

immediate risk feedback were acceptable to 

89% of women in rural Uganda and Nigeria. 

• Community health workers (CHWs) trained to 

administer the screener increased targeted 

referrals by 2.5 fold compared to routine 

outreach. 

• Integration with electronic medical records 

(EMRs) enabled automated risk flagging and 

recall notifications, improving screening 

uptake from 32% to 58% over 12 months in 

Kenyan pilot sites. 

• Cost effectiveness analysis: AI directed 

targeted outreach cost 18 peradditional woman 

screened compared to 18 peradditional woman 
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screened compared to 42 per additional 

woman screened by universal mass media 

campaigns.  

 

IV. DISCUSSION 

 

This systematic review demonstrates that supervised 

machine learning models—particularly ensemble 

methods (random forest, XGBoost)—accurately 

predict low cervical cancer preventive practice uptake 

using brief assessments of health literacy and cervical 

cancer knowledge. The parsimonious 8 item model 

achieves clinically useful sensitivity (84%) and 

specificity (79%), enabling health systems to identify 

high risk women for targeted interventions without 

resource intensive comprehensive assessments. 

 

4.1 Comparison with Traditional Approaches 

Traditional risk prediction for cervical cancer 

screening non adherence has relied on logistic 

regression using demographic factors (age, education, 

income, marital status) [29]. These models typically 

achieve AUCs of 0.65–0.75 [30]. The present review 

shows that adding health literacy and knowledge 

scores substantially improves discrimination (AUC 

0.85–0.92), confirming that cognitive and perceptual 

factors are stronger predictors than demographics 

alone [31,32]. Moreover, ensemble methods capture 

non linear interactions (e.g., low literacy with high 

perceived risk leading to paradoxical avoidance) that 

logistic regression cannot model. 

 

4.2 Implications for Clinical Practice 

Primary care clinics: The 8 item screener can be self 

administered on tablets in waiting rooms, with 

automatic risk scoring and flagging in EMRs. High 

risk women (probability <0.3 of being screened) 

trigger same day health education or navigation to a 

dedicated screening nurse [33]. 

 

Community health programmes: CHWs using mobile 

phones can administer the screener during home 

visits. High risk women receive tailored counselling 

and assistance scheduling a screening appointment or 

transport voucher [34]. 

 

Mass media campaigns: Instead of generic messages, 

AI stratification can segment women by cluster (e.g., 

“low literacy + low knowledge” vs. “adequate 

literacy + misperceptions”) and deliver culturally 

appropriate, literacy sensitive content via SMS or 

voice calls [35]. 

 

4.3 Limitations 

The reviewed studies are predominantly cross 

sectional, meaning predictive models are trained on 

self reported behaviour rather than prospectively 

observed uptake. Only four studies reported 

prospective validation [36–39]. Recall bias for ever 

screened status is possible. Most models were 

developed and validated within single countries; 

cross cultural generalisability requires further testing. 

Additionally, the 8 item model has not yet been 

tested in diverse languages and literacy levels (e.g., 

pictorial versions for very low literacy). 

 

4.4 Recommendations for Future Research 

• Prospective validation: Multi site prospective 

cohort studies are needed to assess whether 

baseline prediction scores accurately predict 

future screening behaviour over 12 24 months. 

• Intervention trials: Randomized controlled trials 

comparing AI directed targeted outreach versus 

standard education or universal screening 

reminders. 

• Algorithm fairness: Evaluate whether models 

exhibit bias by age, ethnicity, or socioeconomic 

group; adjust thresholds to ensure equitable 

sensitivity. 

• Implementation science: Identify barriers and 

facilitators to deploying AI prediction tools in low 

resource primary care and community settings. 

 

V. CONCLUSION 

 

Predictive AI models using brief health literacy and 

cervical cancer knowledge scores accurately identify 

women at high risk of low preventive practice uptake. 

Ensemble machine learning methods (random forest, 

XGBoost) outperform traditional logistic regression, 

achieving AUCs of 0.85–0.92. A parsimonious 8 

item screener based on these models provides 

practical, deployable risk stratification for primary 

care, community health, and mobile health 

applications. Targeted outreach guided by AI 

prediction can increase screening uptake more 

efficiently than universal approaches. Health systems 

in LMICs, where cervical cancer burden is highest, 
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should prioritize implementation and prospective 

validation of these AI tools as part of comprehensive 

cervical cancer prevention programs. 
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