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Abstract: Predicting student success and analyzing student learning behaviors are critical components of 

improving online courses. By analyzing enormous amounts of clickstream data which tracks student behavior, 

instructors can get beneficial insights into the elements which impact students' academic results while 

recognizing opportunities for course development. In this research, a tree-based system is used in predicting 

student performance over academic for end-of-unit assignment through students' clickstream information. 

According to EDM Cup 2023 dataset, students with low capability are more probable to immediately ask for 

the response to an issue prior to intending a response, which has the potential to have detrimental effect on 

their learning results and might suggest attempts at manipulate the system. In the context of this purpose, we 

will anticipate growth in students while peering at the overall result through a device learning set of rules. 

The scholar's basic achievement over academic gets predicted using evaluating its earlier valuable data. When 

carrying out this prediction, the dataset utilized may assist in predicting student data. As a result, this study 

focuses on recognizing student success in academic performance utilizing the Tree-based Pipeline 

Optimization Method (TPOM) for Automatic Machine Learning (AutoML). In accordance with this pipeline, 

the Stochastic Gradient Descent (SGD) classifier performed better than other classifiers in the TPOM for 

AutoML in the EDM Cup 2023 dataset.  
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1. INTRODUCTION 

In this current decade, large volumes of log data have been generated from student's who have attended through online 

courses will assist in providing significant details about their academics for analyzing student behavior as well as their 

effects on academic achievement. Modeling a student's understanding or capability with respect to their interactions 

with an educational system is a significant problem for modern learning methods. For example, a mastery-based 

tutoring system must evaluate student's understanding of a particular concept prior moving on to the subsequent one. 

In a similar way an examination preparation program must assess students' aptitude for their recommend appropriate 

items [1]. To offer appropriate vocabulary assessment, individualized language acquisition platforms must first 

analyze each student's forgetfulness. Furthermore, universities must monitor the academic achievement of 

student's for determining individuals who are at risk of falling remaining prompting instructors to intervene quickly. 

The commonly accepted solution, information tracking, addresses this challenge as a sequence forecasting issue, 

seeking to reliably forecast the accuracy of a student's response to the next question according to their prior experiences 

with the learning environment. Nevertheless, it is uncertain whether forecasting the accuracy of the student's answer 

to the following question is the ideal strategy to represent their capacity, as the accuracy of a student's respond may 

be affected by factors other than their proficiency. Insufficient involvement behaviors like fast inference may have an 

adverse effect on student’s current performance, but they are not accurate indicators of low skills. As a result, if both 

models possess identical capability to predict students' abilities but a single can determine students' involvement using 

their best current answering questions performances whereas the other are unable the model that is capable of 
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determining engagement is deemed superior in the understanding tracking job. This is true regardless of whether the 

two models are equally effective in representing the skills of students. It made an analogous case, emphasizing the 

framework over their immediate accomplishment inside it [2] [3]. They observed models that succeed at measuring 

the knowledge volume for the students keep once employing the learning environment frequently fail to do well at 

demonstrating the skills of learners that are determined using results from post-tests.  

 

Assessing a student's prior educational actions, especially it replies to previous examinations may assist in forecast 

their success. An understanding tracking may offer understanding regarding student learning behavior, allowing 

administrators to tailor their methods of instruction to meet the requirements of their students [4]. Furthermore, this 

information enables learners to receive tailored feedback, which improves their educational experience and, 

eventually, their final results [5]. On keeping with this goal, the EDM Cup 2023 has been created as an occasion to 

forecast students' end-of-unit-assignment scores on math problems obtained from the Assessing online system. The 

EDM Cup gave students accessibility to a massive clickstream dataset containing millions of student activities and 

additional curricular data, allowing them to estimate their end-of-unit task grades according to their behaviors 

throughout in-unit tasks. EDM is a novel or improved DM technique that can be effectively utilized for education-

related data. Data may have been obtained from previously utilized data, as well as operational data stored in 

educational organization databases. Data about students may include private data as well as academic achievement. It 

can also be accomplished with e-learning database platforms that incorporate an enormous quantity of information 

and data utilized by numerous organizations. It employs a variety of strategies to effectively execute data mining 

principles including K-means clustering as well as K-nearest neighbor. Employing association rules, categorization, 

and clustering, several types of data can be identified. This allows us to acquire data that represents student 

performance on exams as well as all of their specific details. The initial phase in sorting through this enormous quantity 

of data is cluster analysis, which is used for categorizing the initial information in an appropriate way. 

 

EDM refers to the use of DM methods for collecting and analyzing massive data amount in educational sectors for 

improving the process of teaching and learning [6]. EDM is described as the extraction of novel knowledge from huge 

educational data amount acquired in the educational setting as well as kept in educational databases [7]. EDM is a 

field of research which concentrates on extracting useful details from complicated datasets using methods like DL, 

ML, and statistical analysis. Prediction algorithms are utilized for estimating the likelihood that students will pass or 

fail an examination, as well as finish or fail an assignment, course, or studying. In this scenario, a technique for 

classification may be applied. By learning the algorithm on past data, it discovers patterns and associations that enable 

it to generate probabilistic forecasts about the performance of students on exams. The linear regression approach is 

employed for predicting learners' academic achievement. Clustering algorithms indicate where learning resources 

ought to be enhanced as well as which instructional materials students might use to prepare for tests [8]. Identifying 

sequential patterns makes it possible to describe learner behavior  patterns which contribute to specific learning 

outcomes. Data visualization is frequently used to demonstrate the speed at which a specific learning content is 

acquired and to better comprehend student learning trends, results, and consequently. It can also be feasible to combine 

models, like clustering a learners group afterwards applying classification for predicting a specific learner's 

performance [9].  

Academic achievement may be anticipated using relationships with learners, questionnaires and evaluations, as well 

as EDM. Success in education can be described as a broad term encompassing academic accomplishments, 

participation in the learning process, fulfillment encountered over education, obtained knowledge and abilities 

throughout studying, conquering challenges with learning, extensive learning, positive professional advancement, and 

accomplishing educational objectives [10]. For past decade, researchers are developing a TPOM that autonomously 

constructs as well as optimizes ML pathways for an individual problem domain with no the need for human assistance. 

Generally, TPOM automating the development of software for computers by optimizing ML procedures using a 

variant of the developing computing technology referred to as Genetic Programming (GP). However, the valuable 

study demonstrates that GP as well as Pareto optimization collaborate to enable TPOM frequently design high 

accuracy, efficient pipelines, as well as frequently enhance basic ML investigations.  

As a result, this study emphasizes ML approaches to design a successful model to recognize adult learners' interests 

in order to give them with specific rewards and conduct programs to increase their skill development, as well as 

providing additional assistance in enhancing student success prediction. 
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2. LITERATURE REVIEW 

At present, data from click streams has been gaining popularity as a promising tool for predicting course-level success 

[11]. This data type records behavior of students' learning like accessing various educational materials or performing 

exams, and provides useful data on student interaction inside the online learning environment [12]. Asadi et al. 

suggested a technique for predicting performance among students using graph neural networks that analyzes raw, 

multi-dimensional clickstream data with no depending upon feature extraction. Researchers tested their methods on 

23 MOOCs as well as discovered it performs comparably to models with human-engineered features [13]. In an earlier 

study, Al-azazi and Ghurab have created an approach known as Artificial Neural Network with Long Short-Term 

Memory (ANN-LSTM), that is an RNN method. They trained an approach on a MOOC's clickstream data for 

predicting student achievement prior to the course. The suggested ANN-LSTM attained an accuracy of over 70%, 

beating classic ML approaches like Decision Trees, K-nearest neighbours, as well as Deep Learning (DL) methods 

like RNNs and Gated Recurrent Units (GRU) [14]. 

 

In accordance with the initial findings by Fensie et al, there is a lack of study on the adult educational process enrolled 

in distant education. Most of the research focuses on learner opinions yet experience as the main sources of data, but 

several papers make recommendations for communication with adult learners in distant learning with no offering any 

support to back up their claims. Language acquisition and continuing medical education are the two primary 

classifications utilized for describing and measure the processes of learning for adult learners. The final criteria for 

inclusion in scoping reviews have to be determined after multiple iterative searches and presentations assessments. 

Several students contributed their skills and expertise to this team's effort, resulting in a more thorough investigation 

and a deeper understanding of the literature [15].  As an outcome of the current global epidemic, Garretet al's use of 

distance education became widely recognized. Assessing the current state of observational as well as theoretical 

research on adult learning in distant education becomes more important as the nontraditional learner’s amount grows 

and worldwide occurrences interrupt learning [16]. 

 

Palacios et al. have described the Student success Prediction (SPP), which aims to forecast a student's success prior to 

engaging in an educational program or passing a test [17]. Snjeˇzana Kriˇzanic has presented data gathering, problem 

formulation, practical uses, methodologies, as well as prediction. The five DM stages will be utilized to achieve the 

target. There are three primary kinds of education offered are offline, online, and blended learning. The purpose of 

the analyzing data technique known as DM is to identify hidden information within the source data. Decision trees 

and cluster analysis have been applied to analyze educational data from Croatian higher education institutes [18].  

Cluster analysis groups students shared, while DT are used for more in-depth group assessments. A different approach 

of DM method provided by TismyDevasiaet al., classification, is used at Amrita VishwaVidyapeetham Mysore for 

predicting student division determined by past data. The naive Bayesian mining technique provides higher precision 

for extracting beneficial knowledge from data whereas the s tudent educational background has been considered [19]. 

Based on Wang et al.'s research on the amount of automating required by data scientists, developing an AutoML tool 

with a human inside the loop is preferred to completely automating ML operations [20]. Drozdal et al. have performed 

qualitative investigations to identify the elements which impact trust in ML models built with AutoML tools. They 

revealed that data scientists exhibit greater trust in AutoML solutions which incorporate non-functional factors such 

as performance measures, transparency, and visualization [21]. Furthermore, it investigated the results of student's in 

various issue kinds as well as themes to discover regions of difficulty for the students. Therefore, the learning 

behaviors of successful students have been contrasted with the behaviors of failing students for identifying different 

behavioral patterns among the two classes. 

 

3. RESEARCH METHODOLOGY 

Advances in technology is currently enhancing all students in the online courses individuality as well as quality of life 

through enabling individuals to form and maintain social relationships, receive access to care and services, promote 

their ongoing educational efforts, and even have leisure and entertain themselves. The application of the AutoML 

approach in this study helped to detect the interests of student academic success in the obtained dataset. This study 

concentrates on identifying the skills of particular students who have not succeeded in their academic as well as their 

enthusiasm in techniques of learning for supporting future progress towards succeeding in their academic 
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educational lifestyle. TPOM was created as an AutoML to accomplish specified tasks. The tree-based AutoML tool 

is being invoked with multiple classifiers. The optimization pipeline connected with the tree type modeling is used 

for executing the analysis in determining the student's success. 

This study's dataset obtain from the EDM Cup 2023 competition 2 that is hosted on Kaggle. This dataset is resulted 

with K-12 students using the Assignment-3 educational platform to complete their math’s homework and exams. 

Table 1 depicts the mathematics course of study on Assignment, which is split into distinct units, each comprising a 

series of closely connected mathematical ideas. According to pedagogical process in each unit, teachers distribute 

homework to students whereas the dataset refers to as 'in-unit assignments'. After completing a unit, instructors 

evaluate student's understanding and achievement of unit competencies using unit-test assignments. The objective is 

to create a precise forecasting model that can forecast when a student will accurately reply on every item in the unit-

test assignments determined by their performance on the associated in-unit assignments. The EDM Cup 2023 dataset 

includes clickstream data from the assessment platform as students completed in-unit assignments. This clickstream 

data consists mostly of time-stamped operations. 

TABLE 1. Student response in in-Unit assignments 

Student Response Action in response (%) 

Correctly Respond 61.15 

Wrongly Respond 26.92 

Requested answer 10.28 

Requested hint 1.26 

Requested explanation 0.35 

Skill associated video requested 0.03 

Requested for live tutor 0.02 

 

The descriptive statistics for dataset contains 34,652 students, 53,615 test assignments and 607,236 in-unit 

assignments. The in-unit assignments include 57,235 discrete instance, whereas the unit-test assignments comprise an 

additional 1835 instances. There is no overlap among in-unit as well as unit-test assignments. Clickstream data is 

available for in-unit assignments yet unavailable for unit-test assignments. As a result, while predicting if a student 

will accurately respond to the question on a unit-test assignment, researchers solely employ clickstream data from the 

relevant in-unit assignments as an input features. The tasks included in the dataset have been separated into three 

categories namely in-unit assignments, unit-test assignments with instance scores, and unit-test assignments without 

instance scores. The competition administrator gave test assignments with instance scores for models for practice 

throughout the competition. The competition host scored models on the public as well as private leaderboards using 

test assignments that did not include item scores. Researchers organized students' activities when responding a specific 

question chronologically, resulting in a procedure sequence.  

 
TABLE 2. Frequency of Student response in in-Unit assignments 

Student Response Action in response (%) Cumulative (%) 

Correctly Respond 67.52 67.52 

Wrongly Respond, Correctly Respond 9.60 77.12 

Requested answer, Correctly Respond 5.95 83.07 

Wrongly Respond, Requested answer, Correctly 

Respond 

4.55 87.62 

Wrongly Respond X 2, Correctly Respond 2.34 89.96 

Wrongly Respond X 2, Requested answer, 

Correctly Respond 

2.48 92.44 

Wrongly Respond X 3, Requested answer, 

Correctly Respond 

1.87 94.31 

Wrongly Respond X 3, Correctly Respond 0.60 94.91 

Wrongly Respond 0.51 95.42 

Help Requested, Correctly Respond 0.38 95.80 

Others 4.20 100 

 

Table 2 shows that 67.52% of students properly responded to an instance on their initial attempt, while 9.60% found 

out the solution following a single failure. Surprisingly, the ten most frequently occurred with response sequences 

make up 95.80% of overall response sequences found in this research dataset. As per data preprocessing the onehot 
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encoder is utilized as predominant sequence that convert each feature input into unique binary vector in which single 

bit is on as 1 and off as 0. Each unit vector represents one particular action sequence. 

 

4. WORKING OF TPOM 

AutoML refers to the process of completely automating the application of ML to real-world situations. The key 

challenge with TPOM is that the suggested algorithm must identify an acceptable set of operations for every stage in 

the ML pipeline to eliminate bias. Based on analytical, equation 1 depicts TPOM. 

 

𝑂𝑃𝐶𝑂𝑆 + 2𝑁.𝐺(𝑓1,𝑓2)𝑃𝑁𝑀𝑎𝑥
+ ∑ ∑ 𝑃 (〈𝑚′. 𝑟Ι𝑚〉𝑃(𝑟 + 𝑦. 𝜐(𝑚′)))𝑟∈𝑅𝑚′∈𝑀𝑎𝑥                       (1) 

Where, 

𝑂𝑃 = operation set of Pre-defined as default 

𝑂𝑆 = operations selection of an algorithm 

𝐺(𝑓1, 𝑓2) = Novel features development using generator function  
N = Number of selected features  

𝑁𝑀𝑎𝑥  = Number of maximum selected features  

 

The automated data pre-processing may be carried out using a action set selected (OS) from the usual operating set 

(OP) and executed in the dataset. The feature extraction occurs by selecting relevant features (2N) from the dataset 

utilizing identification as well as generating current dependant pairings as (G (f1, f2)). Selecting a model and 

hyperparameter use are achieved by optimization in determining the optimal parameter configuration from an endless 

search area or by learning from previously created models for specific objectives. The final part in the equation 

represents the stochastic learning strategy that was used for several decades to confine the configuration space. 

 
FIGURE 1. Working of evolutionary TPOT algorithm 

 

Figure 1 depicts the implementation of TPOM with an enhanced strategy in the optimization process using GP to 

discover the ideal ML pipeline. In general, the creation of mathematical functions in trees has been optimized using 

fitness criteria such as classification accuracy. Every tree generation has been created through random changes of the 

tree's structure or the operation that occurs in each node of the tree. Iterating this procedure with respect to the quantity 

of training generated yields the best tree. The iteration approach to the training iteration number yielded an ideal tree. 

This can be used to create optimized ML pipelines that help improve and outperform typical supervised ML 

algorithms. Thus, the suggested TPOM is evaluated in relation to the classifier accuracy of each iteration. Selection, 

mutation, and crossover procedures have been used to improve the GP approach for determining the optimum pipeline. 

Thus, the research activity entails assessing the TPOM efficiency in relation to determined hyperparameters for 

predicting student success in academic performance and the reliability of student's skills for future development. 
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TPOM is a computational tool that does intelligent search using an ML pipeline. It includes feature selection methods, 

supervised classification models, a preprocessor, and certain estimators or transformers that follow the scikit-learn 

API. TPOM is built using a variety of packages, including NumPy, SciPy, update_checker, scikit-learn, stopit, pandas, 

tqdm, xgboost, and joblib. Furthermore, prior to import the AutoML model, the packages must be installed in Python 

using pip install tpot. There are numerous pipeline combinations obtained from TPOM that are made up of data 

transformers accessible in the scikit-learn Python library, such as Min-Max Scaler, Max Abs Scaler, Normalizer, 

Standard Scaler (SS), polynomial feature expansion, and Binarizer, for preprocessors, as well as Recursive Feature 

Elimination (RFE), Variance Threshold, and Select Percentile (SP) for selectors. Therefore, TPOM has provided 

several custom features such as hot encoder, stacking estimator (SE), sklearnstransformer applications and zero 

counts. Moreover, the TPOM time complexity is indicated as 𝜕(𝑘) . Where, k = Tree depth, Whenever the 

subalgorithm has temporal complexity is represented as ∂(1). The tree has formed with depth k in all types of targets, 

including binary variable and multivariable targets. Assume the sub-algorithm has a temporal complexity of ∂(1) 

owing to n iterations, and the TPOM executes for ∂(k). 

 

5. RESULT AND DISCUSSION 

The goal of this suggested TPOM model with updated hidden layer is to determine the learner's interest by using a 

variety of tree-based optimizers. The optimizer's goal is to commence a higher learning rate (alpha =0.01) during 

training. Table 1 shows the many TPOM classifier models, including the SGD classifier, Random Forest Tree (RFT) 

classifier, XGBoost classifiers and DT classifier. The output layer with sigmoid has three distinct target values low, 

medium, and high. The low is represented as "0", the medium as "1", and the high as "2". Student academic 

performance is tested using six different questionnaires, as well as test scores. From the various TPOM models shown, 

the SGD classifier determined the optimum TPOM classifier model for detecting student success.  The currently best 

Cross Validation (CV) is calculated with the highest accuracy, is defined in this experimental investigation, and the 

accuracy is presented in figure 2. 

 

 
FIGURE 2. 5fold CV score for SGD classifier method in TPOM  

 

Figures 3 demonstrate the SGD Classifiers that have been used to evaluate the model's accuracy using the confusion 

matrix class and associated metrics. The value of each class in the TPOM classifier. 
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FIGURE 3. Confusion matrix of SGD classifier for student success prediction 

 

 
TABLE 3. TPOM with various classifier methods 

Classification of 

TPOM  

Confusion matrix metrics 

Micro 

Precision 

Micro Recall Micro F1-

Score 

Weighted 

Precision 

Weighted 

Recall 

Weighted F1-

Score 

SGD Classifier 95.06 95.06 95.06 94.0 94.0 94.0 

RFT Classifier 86.17 86.17 86.17 86.32 86 86.01 

DT Classifier 85.89 85.89 85.89 86.54 86 85.98 

XGBoost Classifier 92.52 92.52 92.52 90.54 92 91.99 

 

Table 2 shows the evaluation of the TPOM model using 5 generations of cross validation and squared_hindge as the 

loss parameter. The accuracy of a multivariable classifier may be measured using micro precision, micro recall, and 

micro F1-Score, however the SGD classifier has a high accuracy of 95.06% when compared to other TPOM classifiers.  

 

 
FIGURE 4. Comparison of accuracy for various TPOM models 
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Figure 4 shows the accuracy for four different TPOM models. SGD has a micro F1-Score of 95.06%, which is greater 

than other TPOM models. The proposed TPOM model of SGD classifier performs better in categorizing student 

success prediction from their center. 

 

6. CONCLUSION 

The concept of development has accumulated knowledge of people who have progressed through many periods of 

their lives and have performed important and diverse social and cultural roles and responsibilities. Certain provisions 

must be considered while identifying techniques for recognizing and responding to the set of practices and situations 

encountered by persons outside of the classroom. Simultaneously, the facility needed to understand the student i online 

course interests and development practices, as well as apply pressure on the learner to meet the staff's expectations 

about the appropriate model of teaching and behavior for the student success in order to enhance the learner's interest 

in learning more and spending valuable time. As a result, when compared to existing TPOM models, the proposed 

TPOM model with SGD classifier has a higher learning rate and an accuracy of 95.06% after five rounds of cross 

validation. The TPOM model is recommended since it has the most feature selection options for an improved 

comprehension of the model. This TPOM model with SGD classifier is critical in resisting further pressure on non-

interested learners to increase their skills. On the contrary, the student is directed to focus on basic studies in order to 

stimulate their interest by altering the manner of instruction for the student to be successful in their academic.  
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