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Abstract 

This study develops a predictive learning analytics model to identify participation risk in 

community education programs before learners become inactive or withdraw. The study is 

designed to collect data from approximately 1,200 learners across 36 community education 

programs over two semesters, including attendance records, assignment submission logs, platform 

login frequency, course interaction data, teacher observation scores, learner feedback surveys, and 

withdrawal records. The dataset is expected to contain around 45,000 attendance entries, 28,000 

assignment records, 160,000 platform activity logs, and 3,600 teacher observation notes. Key 

variables include attendance decline rate, late submission frequency, login interval, feedback 

response time, task completion rate, peer interaction frequency, satisfaction score, and prior 

participation history. The study applies logistic regression, random forest, XGBoost, survival 

analysis, and SHAP-based model interpretation to predict high-risk learners and explain the main 

factors affecting participation continuity. Model performance is evaluated using AUC, F1-score, 

recall, precision, and early-warning lead time. The innovation of this study lies in shifting 

community education management from retrospective dropout analysis to early participation-risk 

prediction, while also introducing interpretable machine learning to help teachers understand why 

learners become disengaged rather than only labeling them as high-risk. 

Keywords: predictive learning analytics; participation risk; community education; early warning; 

XGBoost; SHAP; learner retention; educational intervention 

 

1. Introduction 

Community education provides flexible and accessible learning opportunities for adults, 

older learners, job seekers, and local residents who may not be well served by conventional formal 

education. Unlike students in degree-based programs, community learners often differ 

substantially in educational background, employment status, work schedules, family 

responsibilities, learning goals, and digital skills. These differences can directly influence 

attendance, assignment completion, online participation, interaction with instructors, and course 

retention. Previous studies have shown that continued participation is associated with learner 
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satisfaction, self-confidence, teacher support, social interaction, and the ability to balance study 

with work and family responsibilities [1,2]. At the same time, recent research in public and 

community-oriented education has emphasized the importance of systematically monitoring 

teaching quality and examining whether educational opportunities and outcomes are equitably 

distributed across learner groups [3]. This perspective is particularly relevant to community 

education, where differences in age, employment, prior education, and access to digital resources 

may create unequal risks of disengagement [4,5]. Therefore, identifying learners who are 

beginning to disengage is important not only for improving course completion but also for 

supporting teaching quality and educational equity. 

Learner withdrawal is rarely a sudden event. In many cases, it develops gradually through a 

sequence of observable behavioral changes. Declining attendance, delayed assignment submission, 

longer intervals between platform logins, reduced participation in discussions, slower responses to 

course activities, and decreasing contact with teachers or classmates may all indicate increasing 

disengagement [6,7]. Learning analytics provides a practical approach for detecting these changes 

because it can transform routine educational records into indicators of participation risk [8]. 

Attendance histories, assignment records, learning-management-system logs, response times, 

communication patterns, and interaction data can be analyzed together to identify changes that 

may not be visible from final course outcomes alone. Reviews of dropout prediction research 

suggest that current learning behavior often provides stronger predictive information than fixed 

demographic or background variables because behavioral data capture recent changes in learner 

participation and motivation. This feature is especially important in community education, where 

external circumstances such as changing work hours, transportation difficulties, caregiving 

responsibilities, or temporary financial pressure may quickly influence participation [9,10]. A 

learner who appeared highly engaged at enrollment may therefore become at risk several weeks 

later, making static admission information insufficient for timely intervention. A growing body of 

research has applied statistical and machine-learning methods to predict student withdrawal. 

Logistic regression remains widely used because of its interpretability, while random forest, 

gradient boosting, and neural-network models can capture nonlinear relationships among multiple 

behavioral indicators. Activity-log data have been successfully used to predict dropout in online 

learning environments [11,12], while boosting-based models combined with explanation 

techniques have demonstrated strong performance in identifying students at risk [13,14]. 

Prediction accuracy can also change substantially as additional course data become available, and 

the importance of individual predictors may differ across learner groups and stages of study 

[15,16]. Ensemble and hybrid approaches have further improved predictive performance in 

Moodle-based and higher-education datasets [17,18]. Nevertheless, most existing evidence comes 

from universities, MOOCs, and formal degree programs. Community education remains 

comparatively underrepresented, even though its learners are often more heterogeneous and may 

experience stronger constraints related to employment, transportation, family care, digital access, 



and irregular study schedules. Models developed for conventional university students may 

therefore not transfer directly to community learning environments. A further limitation is that 

conventional classification models usually predict whether withdrawal will occur but provide little 

information about when the risk becomes critical. From an intervention perspective, this 

distinction is important. A model may achieve high overall classification accuracy while 

identifying a learner only shortly before withdrawal, when instructors have little opportunity to 

provide meaningful support. Survival analysis offers an alternative by estimating both the 

probability of withdrawal and the expected timing of the event [19,20]. Incorporating 

time-to-event information can therefore extend dropout prediction from retrospective 

classification to operational early warning. It also makes it possible to evaluate models according 

to early-warning lead time rather than relying only on conventional measures such as accuracy or 

AUC. For community education programs, where courses may be relatively short and learner 

participation can change rapidly, the timing of a warning may be as important as the correctness of 

the prediction itself. Interpretability presents another challenge. A numerical risk score does not 

tell instructors why a learner has been classified as high risk or what type of support may be 

appropriate. Two learners with similar predicted probabilities of withdrawal may have very 

different underlying problems. One may have poor attendance because of work conflicts, another 

may submit assignments late, while another may remain active academically but have little social 

contact or low satisfaction with the course. Explainable artificial intelligence methods such as 

SHAP can estimate how individual variables contribute to both overall model behavior and 

learner-level predictions [21,22]. Such information can make predictive models more useful for 

instructors by connecting statistical risk estimates with observable educational behaviors. 

Research using adult-learning and online-learning datasets also suggests that behavioral traces 

should be interpreted together with learner characteristics, course conditions, and contextual 

information rather than treated as isolated digital signals [23,24]. However, existing studies 

frequently rely on a single institution, one course type, or a public benchmark dataset. Small 

samples, unequal class sizes, inconsistent withdrawal definitions, and limited longitudinal 

information further reduce the comparability and practical generalizability of reported findings. 

The present study develops and evaluates an interpretable early-warning framework for 

withdrawal risk in community education. The analysis includes 1,200 learners enrolled in 36 

community education programs over two semesters, providing a heterogeneous sample across 

different courses and learner groups. Rather than relying on a single source of information, the 

study integrates attendance records, assignment completion and submission timing, platform 

activity, learner–teacher and peer interaction, survey responses, and structured teacher 

observations. Logistic regression, random forest, and XGBoost are compared with survival 

analysis to examine both the probability and timing of learner withdrawal. Predictive performance 

is evaluated using AUC, precision, recall, and F1-score, while early-warning lead time is 

introduced to assess whether the models identify risk sufficiently early to support intervention. 



SHAP analysis is further used to identify the factors driving both population-level patterns and 

individual risk predictions. Through this design, the study seeks to determine which behavioral 

and contextual indicators provide the earliest and most reliable signals of disengagement, whether 

machine-learning methods offer meaningful advantages over conventional statistical approaches, 

and how risk patterns vary across learners and courses. The significance of the study lies in 

shifting withdrawal prediction from a purely accuracy-oriented task toward a timely, interpretable, 

and intervention-oriented approach. By combining prediction, time-to-withdrawal analysis, and 

individualized explanation, the proposed framework can help community education providers 

identify emerging participation problems before withdrawal occurs, support instructors in 

selecting more targeted forms of assistance, and provide empirical evidence for improving 

teaching quality and reducing unequal participation outcomes across heterogeneous learner 

groups. 

 

2. Materials and Methods 

2.1 Participants and Study Setting 

The study included about 1,200 learners from 36 community education programs over two 

semesters. The programs were offered by adult learning centers, public libraries, community 

colleges, and local cultural centers in three urban districts. Course areas included digital skills, 

language learning, health education, cultural studies, and job training. Learners were eligible when 

they were at least 18 years old, enrolled in a course lasting eight weeks or longer, and had at least 

two weeks of attendance or platform data. Learners who left before the first course task or had no 

usable activity records were excluded. The dataset contained about 45,000 attendance records, 

28,000 assignment records, 160,000 platform logs, and 3,600 teacher notes. Background data 

included age group, education level, employment status, earlier course participation, digital 

experience, and program type. All personal information was removed before analysis. 

 

2.2 Study Design and Comparison Groups 

The study used a two-stage design. First-semester data were used to train the models, while 

second-semester data were used for time-based testing. During the second semester, 18 programs 

were assigned to either an early-warning group or a standard-monitoring group. Assignment was 

made at the program level to reduce the exchange of warning information between teachers. 

Teachers in the early-warning group received weekly lists of learners whose predicted risk was 

above the set limit. Each report also showed the main reasons for the warning, such as lower 

attendance, longer login gaps, repeated late work, or low satisfaction. Teachers could contact these 

learners, offer study support, or adjust task plans. Teachers in the standard-monitoring group 

followed normal attendance and withdrawal procedures and did not receive model results. Both 

groups used the same course length, learning materials, and attendance rules. This design tested 

both prediction accuracy and the value of early support. 



 

2.3 Measures and Quality Control 

Participation risk was defined as course withdrawal, four missed sessions in a row, or no 

recorded activity for 21 days. The main variables were attendance decline, late submission rate, 

login interval, task completion rate, response time, peer interaction, satisfaction score, teacher 

observation score, and earlier participation history. Attendance records were checked against class 

registers and digital sign-in data. Assignment records were matched with course deadlines. 

Platform logs were grouped by day to avoid counting repeated page refreshes as separate activities. 

Teachers completed a five-point observation form every four weeks. The form measured effort, 

communication, task progress, and class participation. Survey items were tested with 80 learners 

before the main study. Cronbach’s alpha values above 0.70 were accepted. A second researcher 

reviewed 10% of the teacher notes. Cohen’s kappa values above 0.75 showed acceptable 

agreement. Data from different systems were linked through coded learner IDs and checked for 

date and course errors. 

 

2.4 Data Processing and Model Development 

Continuous variables were checked for extreme values and then standardized. Missing values 

below 5% were estimated through multiple imputation. Variables with more than 30% missing 

data were removed. Logistic regression, random forest, and XGBoost were used to classify 

learners at high risk. Class weights were applied when withdrawal cases were much fewer than 

active cases. The logistic regression model was written as: 

P(Yi=1)=
1

1+ exp [ −(β0+β1X1i+⋯+βpXpi)]
 

where Yi=1 indicates high participation risk and Xpi represents learner, course, and activity 

variables. Time to inactivity or withdrawal was tested with the Cox model: 

hi(t)=h0(t) exp ( β1X1i+⋯+βpXpi) 

where hi(t) is the withdrawal risk for learner i at time t, and h0(t) is the baseline risk. 

Model settings were selected through five-fold cross-validation using first-semester data. 

Second-semester data were kept separate for final testing. 

 

2.5 Model Testing and Research Ethics 

Model performance was measured with AUC, precision, recall, F1-score, calibration error, 

and early-warning lead time. Lead time was defined as the number of days between the first valid 

warning and confirmed inactivity or withdrawal. Model results were also compared across age 

groups, program types, and earlier participation levels. This step was used to check for large 

differences in prediction quality. SHAP values were used to show the main reasons for each 

prediction and to test whether the model depended too much on one variable. The effect of the 

warning system was tested by comparing withdrawal rates, attendance recovery, and task 



completion between the two groups. Mixed-effects models were used because learners were 

grouped within programs. Statistical significance was set at p<0.05. All learners were informed 

that their course activity data would be used for research. Participation was voluntary. Model 

results were used only to provide support and were not used for grading, course removal, or access 

decisions. All files were stored on an encrypted server and could be accessed only by the research 

team. 

 

3. Results and Discussion 

3.1 Model Performance in Participation Risk Prediction 

After data screening, 1,176 learners were included in the final analysis, and 154 met the 

participation-risk criteria. XGBoost gave the best results on the second-semester test set. It 

reached an AUC of 0.90, a precision of 0.76, a recall of 0.84, and an F1-score of 0.80. Random 

forest reached an AUC of 0.86 and an F1-score of 0.74, while logistic regression reached an AUC 

of 0.78 and an F1-score of 0.64. XGBoost performed better than random forest (p=0.031) and 

logistic regression (p<0.001). The calibrated XGBoost model had a Brier score of 0.104 and a 

calibration slope of 0.96. These values showed close agreement between predicted and observed 

risk. At a recall of 0.80, the false-warning rate was 0.18 (Fig. 1). The results show that 

participation risk was linked to combined changes in attendance, task completion, login gaps, and 

learner feedback [25,26]. Logistic regression showed the general direction of these links but did 

not capture their combined effects as well as the tree-based models. Naseer et al (2025) reported 

an AUC of 0.774 for CatBoost using entry-level student data. Huang et al. (2026) reported 

AUC-PR values of up to 0.895 across 19 schools. The present results were close to those of Huang 

et al., although the learner groups, risk definitions, and test methods were different. Naseer et al. 

(2025) reported 96% accuracy after class balancing. However, accuracy alone may give a 

misleading result when high-risk cases are much fewer than active cases. Therefore, this study 

also used recall, F1-score, calibration, and later-semester testing. 



 

Fig. 1. Performance of three models for identifying learners at risk of withdrawal. 

 

3.2 Main Risk Factors and Warning Time 

SHAP analysis showed that attendance decline was the strongest predictor. It was followed 

by login interval, task completion rate, late submission rate, satisfaction score, and teacher 

observation score. Activity variables accounted for 71.4% of the total absolute SHAP value. 

Learner background and prior participation accounted for 18.7%, while course features accounted 

for 9.9%. Learners whose attendance fell by more than 20% over three weeks had 2.83 times 

higher odds of later inactivity. A login gap longer than ten days increased the odds by 1.92 times, 

while a task completion rate below 60% increased the odds by 2.17 times. The Cox model gave 

similar results. Attendance decline (HR=2.36, p<0.001), low task completion (HR=2.11, p<0.001), 

and long login gaps (HR=1.88, p=0.004) increased withdrawal risk. Higher satisfaction reduced 

the risk (HR=0.72, p=0.009). The median warning lead time was 23 days, with an interquartile 

range of 15–35 days (Fig. 2). This period gave teachers enough time to contact learners before 

final withdrawal. Zhang and Wu (2025) also found that platform activity was important and that 

its value changed during the semester. The present study found that attendance decline was more 

useful than total attendance [27,28]. This means that recent changes may be more useful than 

overall activity. Swiderski et al. (2026) used Cox regression to study withdrawal time and found 

different survival patterns across learner groups. The present study adds weekly activity data and 

model explanations to this approach. 



 

Fig. 2. Key risk factors and participation survival across learner groups. 

 

3.3 Performance Across Programs and Learner Groups 

Model performance was stable across most learner groups but changed with course length 

and data volume. XGBoost reached AUC values from 0.86 to 0.92 across digital skills, language, 

health, cultural, and vocational programs. The AUC was lower in eight-week courses (0.84) than 

in courses lasting 12 weeks or longer (0.91). Short courses produced fewer activity records and 

gave the model less time to detect clear changes. The AUC ranged from 0.88 to 0.90 across age 

groups, and the largest difference in recall was 0.05. These results show that age had little effect 

on model performance. However, false warnings were more common among employed learners 

with irregular attendance. Many of these learners missed classes but still completed tasks on time. 

Adding task completion and teacher observation data reduced false warnings in this group by 

14.6%. Teacher observations increased the overall AUC from 0.88 to 0.90 and raised recall by 

four percentage points. These records were most useful in face-to-face cultural and health courses, 

where online activity was limited. Mahmud et al. (2026) also combined several data types and 

found that model explanations were needed for early action. Zhang and Wu (2025) showed that 

platform records should be combined with academic and background data because the value of 

each variable changes over time. The present study adds teacher observations and learner 

satisfaction, which are useful in mixed-format community courses [29,30]. 



 

3.4 Effects of the Early Warning System 

The second-semester trial included 299 learners in the early-warning group and 293 in the 

standard-monitoring group. Withdrawal or long-term inactivity occurred in 10.4% of the 

early-warning group and 16.7% of the standard-monitoring group. After adjustment for program 

type, age, employment, and prior participation, early warnings were linked to a lower withdrawal 

risk ((OR=0.57, 95% CI=0.35–0.91, p=0.019). Attendance returned to its earlier level in 45.1% of 

warned learners who received teacher contact. The rate was 27.6% among similar learners under 

standard monitoring (p<0.001). Task completion also increased by 9.8 percentage points during 

the next four weeks. The strongest effect was found when teachers contacted learners within seven 

days of the first warning. Later contact had a smaller effect. However, 31.2% of warned learners 

did not reply to the first contact, and some remained inactive after further support. The warning 

system should therefore guide teacher action rather than replace direct contact. Zhang and Wu 

(2025) showed that SHAP can explain both overall and individual predictions, but detailed SHAP 

plots may be difficult for teachers to read. In this study, each warning listed only the three main 

risk factors. Mahmud et al. (2026) also noted that prediction results are more useful when staff can 

understand the reasons behind them. The findings show that simple explanations and fast teacher 

contact can improve the value of early-warning systems. The study covered only two semesters 

and three urban districts. Program-level assignment may also have left some differences between 

the groups. Future studies should test the model in rural areas, over longer periods, and across 

other data systems. 

 

4. Conclusion 

The study found that participation risk in community education could be detected before 

learners became inactive or withdrew. XGBoost showed the best performance, with an AUC of 

0.90 and an F1-score of 0.80. The main warning signs were lower attendance, longer login gaps, 

low task completion, repeated late work, and low satisfaction. The median warning time was 23 

days, which gave teachers enough time to offer support. The withdrawal rate was 10.4% in the 

early-warning group and 16.7% in the standard-monitoring group. Learners who received early 

contact also showed better attendance recovery and higher task completion. The main contribution 

of this study is the combined use of activity records, teacher notes, survival analysis, and SHAP 

explanation. This method identifies learners at risk and shows the main reasons for each warning. 

The findings may help adult learning centers, public libraries, community colleges, and local 

education programs provide earlier and more focused support. However, the study covered only 

two semesters and three urban districts. Differences in course length and program-level 

assignment may also have affected the results. Future studies should test the model over longer 

periods, in rural settings, and across different course types and learning platforms. 
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