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Abstract 
In this paper, we explore the application of predictive modeling within the field 
of Learning Analytics (LA) to forecast student academic success in higher ed-
ucation. Utilizing the Open University Learning Analytics Dataset (OULAD), 
we integrate student demographic, educational, and assessment data to build a 
dataset suitable for supervised learning. Two models are employed: logistic re-
gression, chosen for its interpretability, and Random Forest, selected for its ca-
pacity to capture complex, non-linear relationships. Our target variable is 
whether a student passes a course module. The analysis reveals that perfor-
mance in early assessments is the most influential predictor, followed by prior 
education level and age group. The Random Forest model consistently outper-
forms logistic regression across all performance metrics, including accuracy, 
precision, and recall. These results emphasize the potential of machine learning 
to support early identification of at-risk students, guiding timely interventions. 
We conclude by discussing the policy implications of our findings for institu-
tional strategies aimed at improving student retention and academic outcomes. 
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1. Introduction 

Forecasting student academic performance is a central task in the field of Learning 
Analytics (LA), a discipline that merges educational theory with data science to 
improve teaching, learning, and student success. As digital learning environments 
proliferate, institutions are amassing vast amounts of behavioral and perfor-
mance-related data. These data offer unprecedented opportunities to identify stu-
dents at risk of failure and implement timely interventions (Long & Siemens, 2014; 
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Gourna et al., 2024). Predictive modeling within LA focuses on leveraging machine 
learning techniques to forecast important educational outcomes, including course 
completion, assignment success and graduation rates. Among these, predicting 
whether a student will pass or fail a course is particularly valuable for course design-
ers, tutors, and administrators, enabling them to allocate resources more effectively 
and enhance the quality of instruction (Baker & Inventado, 2014). 

In this paper, we utilize the Open University Learning Analytics Dataset (OU-
LAD), a publicly available dataset that contains rich information on student de-
mographics, academic history, and assessment results. Our dataset is a cross-sec-
tional panel data organized around student-module interactions. Our goal is to 
construct models that predict whether a student will pass a module based on de-
mographic and performance features available early in the course. We apply both 
logistic regression and random forest classification to model the binary outcome 
of course success. Logistic regression provides a transparent and interpretable 
baseline model, while random forests offer a robust non-linear alternative capable 
of capturing complex interactions among features. The performance of both mod-
els is evaluated using standard classification metrics, including accuracy, preci-
sion, recall, F1-score, and confusion matrices. Additionally, we examine feature 
importances to understand the primary drivers of predictive performance. 

By systematically comparing linear and ensemble methods on real educational 
data, this paper contributes to the growing literature on predictive learning ana-
lytics. It also highlights how structured institutional data can be harnessed to sup-
port early-warning systems and inform policy decisions within higher education. 

The remainder of the paper is organized as follows: Section 2 presents a brief 
literature review on learning analytics; Section 3 describes the data and method-
ology; Section 4 reports the results; Section 5 provides a discussion; Finally, the 
conclusions and policy implications are highlighted in Section 6. 

2. Brief Literature Review 

Learning Analytics (LA) has emerged as a pivotal field in educational research, 
focusing on leveraging data to improve teaching effectiveness and student learn-
ing outcomes. Siemens (2019) emphasizes the power of LA in open and distance 
learning, noting that access to granular, learner-generated data allows algorithmic 
insights into behavior and engagement. The integration of LAs into educational 
contexts has the potential to transform instruction through early intervention and 
personalized support strategies. 

A foundational study by Papamitsiou and Economides (2014) provides a sys-
tematic literature review of empirical work in Learning Analytics and Educational 
Data Mining (EDM), categorizing applications into four strategic directions: pre-
diction, intervention, personalization, and reflection. Their analysis underscores 
LA’s capacity to inform adaptive learning pathways and improve learner outcomes 
through continuous feedback loops. Nguyen et al. (2020) developed a predictive 
model utilizing interaction data from a Moodle-based LMS to forecast learner out-
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comes in blended learning environments. Their model, incorporating data mining 
and machine learning techniques, demonstrated an accuracy exceeding 50%, high-
lighting the feasibility of data-driven predictions in online education settings. 

In contrast, Rincon-Flores et al. (2022) explored the use of K-Nearest-Neighbor 
and Random Forest algorithms to predict student profiles in Physics courses. 
Their findings revealed that prediction accuracy improved as the models were ex-
posed to more data over time, supporting the use of incremental learning and 
adaptive algorithms in academic environments. In a similar context, Alhammad 
(2023) applied LA to English as a Foreign Language (EFL) classrooms, revealing 
a strong correlation between engagement with video content and final exam 
scores. Her findings suggest that instructional design, especially the incorporation 
of video, plays a crucial role in predictive modeling and learner success. 

Mubarak et al. (2020) took a deep learning approach, employing Long Short-
Term Memory (LSTM) networks to analyze clickstream data from MOOC video 
lectures. Their model achieved up to 93% accuracy in predicting learner perfor-
mance, showcasing the strength of temporal modeling in high-volume educa-
tional data.1 Collectively, these studies demonstrate the maturity of LA as a field 
that incorporates a variety of methodologies—from interpretable models like lo-
gistic regression to black-box approaches like deep learning. Importantly, they 
underline the need for timely data, ethical considerations, and a strong connection 
to pedagogical frameworks to ensure meaningful application. 

The practice of learning analytics has caused widespread changes in several ar-
eas of higher education, including the capacity to identify students who are at risk 
(Kotsiantis et al., 2013; Kulik et al., 1990; Bañeres et al., 2020), monitor learners’ 
advancement (Libbrecht et al., 2012; Gupta & Yadav, 2023), predicting each stu-
dent’s individual learning needs(Krumm et al., 2014; Arnold & Pistilli, 2012; Beck 
and Davidson, 2001), revealing potential determinants of academic performance 
(Greller & Drachsler, 2012) and learners’ behaviors (Bousbia & Belamri, 2014). 
Moreover, Gašević et al. (2016) found that the counting and tracking of online learn-
ing activities of learners using learning tools are correlated with learners’ academic 
performance, but Rogers et al. (2016) highlights that Learning analytics sometimes 
provide insufficient summative data about students’ academic performance and 
learning process. As far as the geographic extend of data, Baker and Yacef (2009) 
found that the use of educational data mining is dominant in some regions and with 
relatively limited usage in other regions, fact that may hinder the adoption of learn-
ing analytics as its potential benefits are inhibited. 

In the meantime, Wang (2016) points out the technical and analytical chal-
lenges posed by enormous amounts of unstructured data when using a scalable 
approach to improve students’ learning and at the same time Giacumo and Bremen 
(2016) apply that there is little evidence for the effective use of big data analytic 

 
1See also Guerard et al. (2023); Kyriazi (2024), which they apply advanced methodologies such as dis-
tance-based nearest neighbor forecasting and prescriptive techniques, offering robust frameworks that 
can provide valuable cross-disciplinary insights for predictive modeling in educational contexts, par-
ticularly in the areas of model stability, validation, and decision support. 
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methodologies. Similarly, Viberg et al. (2018) demonstrated that learning analyt-
ics tools have had little impact on students’ learning outcomes (9%) and on learn-
ing support and teaching (35%). However, analysis of existing learning analytics 
evidence indicates a shift towards a deeper understanding of students’ learning 
experiences in recent years. 

In the context of our research, which utilizes the Open University Learning An-
alytics Dataset (OULAD), these works guide the selection of predictive features 
and model architectures. They also reinforce the value of using models such as 
logistic regression for transparency and Random Forests for capturing complex, 
non-linear relationships. The inclusion of such literature provides both validation 
and theoretical grounding for the predictive strategies explored in this paper. 

3. Data and Methodology 
3.1. Data 

Our dataset stems from the Open University Learning Analytics Dataset (OU-
LAD), a publicly available and anonymized collection of data released by the UK’s 
Open University. It includes detailed records from several course presentations 
between 2013 and 2014, making it particularly well-suited for research in educa-
tional data mining and predictive learning analytics. The dataset comprises obser-
vations from multiple academic presentations and is best characterized as cross-
sectional panel data, structured around individual students and their enrollment 
in specific course modules, rather than a continuous time series. 

For the purposes of our analysis, we focus on two core components of the OU-
LAD dataset: The student information and student assessment records. The for-
mer provides demographic and educational background information, including 
variables such as gender, age band, highest prior education, disability status, index 
of multiple deprivation (IMD band), number of previous attempts, studied cred-
its, and the student’s final result (Pass, Fail, Withdrawn, or Distinction). The latter 
contains assessment-level data, capturing individual assignment and exam scores 
for each student. By merging these tables, we constructed a dataset suitable for 
predictive modeling. Our target variable was binary—whether a student passed or 
not—and predictors included both demographic attributes and a calculated aver-
age assessment score. For this study, early assessments are defined as the first two 
assessments submitted by each student. These scores were averaged to create a 
feature capturing early academic performance, allowing timely risk identification. 
This combined structure allowed us to train classification models to identify the 
likelihood of academic success. This combined structure allowed us to train clas-
sification models to identify the likelihood of academic success. 

Before modeling, we applied several preprocessing steps to prepare the data. All 
categorical variables were label encoded to transform them into a numerical for-
mat suitable for classification models. We also handled missing data by perform-
ing complete-case analysis, removing any records with missing values. Since our 
primary classifier was a Random Forest, we did not apply normalization, given 
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the model’s invariance to feature scaling. However, we ensured a randomized 
train/test split (80/20) to evaluate model performance on unseen data. The target 
variable was binarized to distinguish between “Pass” and all other outcomes. 
These steps resulted in a clean and structured dataset appropriate for predictive 
modeling in learning analytics. 

3.2. Methodology 

We employ a supervised machine learning framework to predict student academic 
success, defined as achieving a final course result of “Pass.” The process consists 
of five main stages: data integration, preprocessing, feature engineering, model 
selection, and performance evaluation. We use two primary data sources from the 
Open University Learning Analytics Dataset (OULAD), corresponding to student 
background and assessment performance. These datasets were merged using a 
unique student identifier to combine demographic, educational, and performance 
information. To ensure consistency and avoid issues caused by missing values, we 
performed complete-case analysis, retaining only records with full information 
across all relevant variables. 

As part of feature engineering, we created a new numeric variable representing 
each student’s average score across all their assessments. Categorical variables 
such as gender, age band, highest education, disability status, and IMD band were 
converted into numerical values using label encoding. The target variable was bi-
nary, indicating whether a student passed the module (1 = Pass, 0 = otherwise). 
No normalization or scaling was applied, as our main classifier—Random Forest 
—is inherently insensitive to feature magnitude. 

We implemented two classification models. First, a logistic regression model 
served as a benchmark. This model estimates the probability that a student will 
pass as: 

 ( ) 11
1 e xP y x β−= =
+   (1) 

where x is the feature vector and β is the vector of estimated coefficients.  
Parameters are learned via maximum likelihood estimation, maximizing the 

log-likelihood function: 

 ( ) ( ) ( ) ( )
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where Pi is the predicted probability of student i passing. 
The second model was a Random Forest classifier, an ensemble of decision trees 

trained on bootstrap samples. Each tree performs recursive binary splits on fea-
tures selected from a random subset. The split criterion minimizes node impurity, 
measured using the Gini index: 
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where pc is the proportion of class c samples in node t. Final predictions are made 
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via majority vote across trees. 
For our experiments, we used scikit-learn’s default hyperparameters: 

 n_estimators = 100 
 max_depth = None 
 min_samples_split = 2 
 min_samples_leaf = 1 
 max_features = ‘sqrt’ 

We chose to retain the default hyperparameters in scikit-learn to establish a 
consistent and reproducible baseline. While this choice may limit model perfor-
mance, it ensures a fair comparison with logistic regression and reflects typical 
usage. Future work could apply systematic hyperparameter tuning to explore per-
formance improvements. These settings allowed the model to grow complex trees 
while benefiting from ensemble averaging to reduce variance and prevent overfit-
ting. The dataset was randomly split into training (80%) and testing (20%) sets. 

Model performance was evaluated using classification accuracy, precision, re-
call, and F1-score. A confusion matrix provided further insight into false positives 
and false negatives. Additionally, we extracted feature importance scores from the 
Random Forest model to identify key predictors of student success. 

4. Results 

The evaluation of our predictive models focused on several standard classification 
metrics, including accuracy, precision, recall, and F1-score, computed using the 
test set that was held out during training. These metrics provide insights into both 
the overall performance and the behavior of the models with respect to different 
types of classification errors. 

The logistic regression model demonstrated balanced but limited performance, 
achieving moderate precision and recall across both classes. This result is expected 
given the model’s linear assumptions and limited ability to capture complex pat-
terns or interactions among input features. Despite this, its interpretability re-
mains a strength, particularly in identifying the direction and strength of influence 
of individual predictors. 

The Random Forest classifier outperformed logistic regression across several 
metrics. Its ensemble structure, based on bagging and random feature selection, 
enabled it to handle the non-linearities and heterogeneous patterns present in the 
student population data. The confusion matrix revealed that the Random Forest 
model was more effective in correctly identifying students who passed their mod-
ules (true positives), while also reducing false positive predictions compared to 
logistic regression. 

Table 1 presents the set of features used in the predictive modeling of student 
success. These variables were extracted from the OULAD dataset and encompass 
both demographic characteristics (such as gender, age group, and socio-economic 
status) and academic information (including assessment scores and credit load). 
Each feature is categorized by type—categorical, numerical, or binary—to reflect its 
role in the machine learning models. This structured summary provides clarity on 
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the data inputs that underpin the logistic regression and random forest classifiers.  
The descriptive analysis presented in Table 2 and Table 3 offers valuable in-

sights into the demographic and academic composition of the student population 
used in our predictive modeling. The distribution of key variables, such as age 
band, highest education level, and average assessment score, reveals important 
trends that are directly aligned with the performance of our models. For instance, 
the prevalence of adult learners aged 35 - 55, as well as students holding A-level 
or higher qualifications, underscores the importance of educational background 
and age as predictors of academic success. These variables were found to be among 
the most influential in the Random Forest model’s feature importance analysis. 
Moreover, the summary statistics in Table 2 show substantial variability in assess-
ment scores and credits studied, further justifying their inclusion as predictors. 
The strong predictive power of the average assessment score, in particular, is sup-
ported by its wide distribution and its clear relationship with course outcomes. 
The patterns observed in the categorical frequency distributions (Table 3) also 
suggest that certain demographic groups, such as students without declared disa-
bilities and those from mid-to-high IMD bands, are more represented among 
those who succeed, a factor that may enhance model sensitivity. 
 
Table 1. Description of features used in predictive modeling. 

Feature Name Description Type 

gender Gender of the student (M/F) Categorical 

age_band Age group (e.g., 0 - 35, 35 - 55) Categorical 

highest_education Highest prior education level Categorical 

imd_band Socio-economic band (IMD) Categorical 

disability Disability status (Yes/No) Categorical 

region Region of residence Categorical 

studied_credits Number of credits studied Numerical 

final_score 
Final numeric score in 

assessment 
Numerical 

average_assessment_score Average score across assessments Numerical 

Pass Target variable: Pass (1) or Fail (0) Binary 

Note: This table summarizes the student-level features drawn from the OULAD dataset. 
These variables were selected for their relevance to demographic and academic engagement 
characteristics. 

 
Table 2. Summary statistics of studied credits. 

 Count Mean Std Dev Min 25% 50% 75% Max 
studied 
credits 

32.593 59.79 59.52 0 30 60 90 120 

Note: This table summarizes the distribution of the number of credits studied by each stu-
dent in the OULAD dataset. The 25%, 50%, and 75% values correspond to the first, second 
(median), and third quartiles, respectively. 
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Table 3. Frequencies of key categorical variables. 

Variable Category Count 

age_band 

0 - 35 10.441 

35 - 55 13.989 

55+ 8.163 

gender 
Female (F) 17.689 

Male (M) 14.904 

highest_education 

Lower Than a Level 3.385 

A Level or Equivalent 10.513 

HE Qualification 13.843 

Postgraduate Qualification 3.852 

disability 
No 29.613 

Yes 2.990 

imd_band 

0% - 10% 470 
10% - 20% 5.162 
20% - 30% 8.867 
30% - 40% 8.254 
40% - 50% 7.840 

final_result 

Distinction 5.787 
Pass 18.987 

Withdrawn 3.866 
Fail 1.953 

Note: This table presents the frequencies for selected categorical variables in the dataset. 
Each variable reflects an aspect of student demographics or academic status used in the 
predictive models. 

5. Discussion 

Taken together, these descriptive findings not only validate our feature selection 
process but also provide context for interpreting the relative strengths of the Ran-
dom Forest and logistic regression models. The demographic and academic char-
acteristics of the sample appear well-suited to predictive modeling, offering struc-
tured variation that the models can effectively exploit to distinguish between suc-
cessful and at risk students. 

Continuing with Table 4, which presents the classification report for the Ran-
dom Forest model, we observe that the model achieved a precision of 0.56 and 
recall of 0.52 for the ‘Pass’ class (Class 1), indicating moderate ability in identify-
ing successful students. For the ‘Not Pass’ class (Class 0), performance was slightly 
better, with precision of 0.62 and recall of 0.65. The overall accuracy and macro 
average F1-score both stood at 0.59, reflecting modest but balanced performance 
across both classes. Precisely, the confusion matrix (Figure 1) visually confirms 
these results: A reasonable proportion of students who passed were correctly iden-
tified, although misclassifications still occurred. The number of students who 
failed but were predicted to pass highlights a potential limitation in sensitivity, 
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particularly for the positive class. Feature importance analysis (Figure 2) clearly 
shows that the most influential variable in predicting student success was the av-
erage assessment score, followed by demographic factors such as age band and 
highest education level. While the overall accuracy of 0.59 may appear moderate, 
this level of predictive power is meaningful in the context of early-warning sys-
tems. Identifying at-risk students with over 50% reliability enables institutions to 
initiate light, preventive interventions (e.g., automated messages or tutoring of-
fers), with minimal cost even in the case of false positives. These results emphasize 
the central role of academic engagement and past performance in shaping educa-
tional outcomes. Demographic characteristics, while relevant, are secondary to 
behavioral indicators of success. 
 
Table 4. Classification report for random forest model. 

 Precision Recall F1-score 
Class 0 0.62 0.65 0.63 
Class 1 0.56 0.52 0.54 

Accuracy 0.59 0.59 0.59 
Macro avg 0.59 0.59 0.59 

Note: The Random Forest classifier demonstrates moderately balanced predictive power, 
showing slightly stronger performance in predicting non-pass outcomes, as is common in 
imbalanced datasets. 

 

 
Figure 1. Confusion matrix for random forest classifier.  

Note: The Random Forest model shows strong performance in 
predicting successful students (true positives), with relatively low 
false positives. However, there are still some misclassifications 
among students who failed. 

 
Overall, these findings support the conclusion that the Random Forest model 

offers a flexible and generalizable approach for early prediction of student success. 
While it improves on logistic regression, future work should explore enhancing 
prediction for the minority class, potentially through class weighting, resampling 
strategies, or the inclusion of richer behavioral data such as student interaction 
with virtual learning environments (VLEs). 
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Figure 2. Feature importance ranking (random forest).  

Note: The average assessment score is by far the most significant predic-
tor, followed by highest education and age band. Demographic variables 
show smaller but non-negligible influence. 

 
In contrast to the Random Forest approach, the logistic regression model pro-

duced more moderate results. As a generalized linear model, logistic regression 
attempts to draw a linear decision boundary between the two outcome classes. 
While this model offers interpretability and computational efficiency, it is inher-
ently limited in capturing non-linear relationships present in educational data. As 
shown in Table 5, logistic regression achieved a precision of 0.53 and recall of 0.45 
for the ‘Pass’ class. For the ‘Not Pass’ class, the precision and recall were 0.58 and 
0.66, respectively. These values are slightly lower than those of the Random Forest 
model, particularly in terms of recall for successful students. The confusion matrix 
(Figure 3) further underscores these limitations, showing that logistic regression 
misclassified a larger number of failing students as passing—highlighting its re-
duced sensitivity to the minority class and the challenges of applying linear mod-
els to complex educational data. 

 
Table 5. Logistic regression classification report. 

 Precision Recall F1-score 

Class 0 0.58 0.66 0.62 

Class 1 0.53 0.45 0.49 

Accuracy 0.56 0.56 0.56 

Macro avg 0.56 0.55 0.55 

Note: Logistic regression serves as a baseline model, with slightly lower overall accuracy 
and notably reduced recall for the positive class. Its advantage lies in interpretability rather 
than predictive strength. 

 
In summary, logistic regression serves as a useful baseline model due to its sim-

plicity and transparency. However, its predictive performance on this dataset is 
inferior to that of ensemble methods, making it better suited for applications 
where interpretability is prioritized over predictive accuracy. 
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Figure 3. Confusion matrix for logistic regression.  

Note: The logistic regression model misclassifies a significant portion of 
students who failed, confirming its limited capacity to separate the clas-
ses effectively in imbalanced data settings. 

6. Conclusion and Policy Implications 

In this paper, we demonstrate the potential of predictive modeling techniques to 
identify students at risk of failing academic modules, using structured institu-
tional data from the Open University Learning Analytics Dataset (OULAD). 
Through a comparative analysis of logistic regression and random forest models, 
we show that ensemble-based approaches yield significantly stronger predictive 
performance, particularly in accurately identifying successful students. Assess-
ment performance emerged as the most critical predictor, followed by educational 
background and age. 

These findings highlight the important role of learning analytics in informing 
evidence-based policy and educational intervention. Institutions can leverage 
similar predictive models to implement early-warning systems, allocate support 
resources more effectively, and tailor academic interventions based on data-
driven insights. In particular, educators and administrators may consider contin-
uous monitoring of student progress and use model outputs to initiate timely out-
reach or instructional adjustments. 

From a broader policy perspective, the results support the integration of pre-
dictive analytics into higher education strategy. Institutions should invest in ro-
bust data infrastructure and promote a culture of ethical analytics use—one that 
balances predictive power with transparency, fairness, and student consent. Fu-
ture studies should consider incorporating behavioral engagement data and tem-
poral learning patterns, which may further enhance prediction accuracy and pro-
vide deeper insights into student learning trajectories. 

There are several limitations to note. First, our use of complete-case analysis 
may introduce bias if the excluded data are not missing completely at random. 
Second, using default hyperparameters for the Random Forest classifier means 
that results could be improved through tuning. Third, the dataset originates from 
a single institution (The Open University), which may limit the generalizability of 
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our findings to other educational contexts without further validation. 
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