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ABSTRACT: One important field of study in current educational research is knowledge tracking. Knowledge tracking 

models that exhibit better prediction capabilities than conventional methods have been developed as a result of recent 

developments in deep learning. This paper presents a novel ensemble-based knowledge tracking model to address the 

issues of restricted interpretability and the complexity of lengthy sequence dependencies in current deep knowledge 

tracking frameworks. In order to better identify important characteristics at different temporal points during the 

learning process and improve predictive performance, this model uses the features of exercises in addition to students' 

learning capacities as input layer feature information. 
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I. INTRODUCTION 

 

In order to improve learning outcomes and develop students' skills, personalized learning seeks to tailor the curriculum 

and learning route to each student's unique needs, traits, and learning progress. Many students' lifetime learning data is 

gathered and arranged by an artificial intelligence online learning platform. An important problem in educational data 

mining is how to evaluate and use these data to give users individualized instructional modalities. Conventional 

teaching assessments, which mostly rely on standardized tests or assignments, are unable to quickly give all the 

information required for personalized learning and cannot deliver feedback on students' current learning state. 

Knowledge tracking is a data-driven approach to learning evaluation that uses learners' answer history data to evaluate 

and forecast their level of knowledge mastery. Numerous methods have been developed by researchers to tackle the 

problem of knowledge tracking. Bayesian Knowledge Tracking (BKT) and Deep Knowledge Tracking (DKT) are the 

two most well-known models. When students come across newly unexplored concepts, these models frequently require 

assistance in making accurate predictions and capturing high-level semantic information, even though they successfully 

use the explicit links between exercises and concepts to forecast students' mastery of an idea. An developing learning 

analytics tool with a wide range of potential applications and advancements is deep knowledge tracking. In the future, 

DKT will realize more remarkable breakthroughs and applications and bring more innovations and changes to the 

education area thanks to the ongoing advancement of associated technologies and in-depth study. 

  

Numerous methods have been developed by researchers to tackle the problem of knowledge tracking. Bayesian 

Knowledge Tracking (BKT) and Deep Knowledge Tracking (DKT) are the two most well-known models. When 

students come across newly unexplored concepts, these models frequently require assistance in making accurate 

predictions and capturing high-level semantic information, even though they successfully use the explicit links between 

exercises and concepts to forecast students' mastery of an idea. An developing learning analytics tool with a wide range 

of potential applications and advancements is deep knowledge tracking. In the future, DKT will realize more 

remarkable breakthroughs and applications and bring more innovations and changes to the education area thanks to the 

ongoing advancement of associated technologies and in-depth study. 

 

II. LITERATURE SURVEY 

 

A. Knowledge tracing: Modeling the acquisition of procedural knowledge 

An attempt to simulate students' evolving knowledge states during skill learning is described in this work. In this study, 

students are using the ACT Programming Tutor (APT) to learn how to develop small programs. The ideal student 

model, a production rule cognitive model of programming knowledge, serves as the foundation for APT. With this 
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arrangement, the tutor can work through exercises with the student and offer help when needed. In a procedure known 

as knowledge tracing, the tutor keeps track of the likelihood that the student has mastered each of the ideal model's 

rules while the student works. Based on these probability estimates, the tutor gives the student a personalized series of 

exercises to do until the student has "mastered" every rule. The learning and performance assumptions, cognitive 

model, and programming tutor are explained. A number of research that look at the empirical validity of knowledge 

tracing and have changed the procedure are examined. As of right now, the model predicts test results fairly well. There 

is discussion of more modeling process changes that could raise performance levels. 

 

B. Deep knowledge tracing 

A well-known issue in computer-supported education is knowledge tracing, in which a machine simulates a student's 

knowledge as they engage with coursework. Even while accurately simulating student knowledge would have a 

significant educational influence, there are numerous inherent difficulties with the task. In this work, we investigate the 

usefulness of modeling student learning with Recurrent Neural Networks (RNNs). The RNN family of models can 

capture more sophisticated representations of student knowledge and does not require the explicit encoding of human 

domain knowledge, which is a significant gain over earlier approaches. Prediction performance on a variety of 

knowledge tracing datasets is significantly improved by using neural networks. Additionally, the learnt model enables 

simple interpretation and the discovery of structure in student assignments, and it may be applied to intelligent 

curriculum design.  

 

These findings point to an excellent application challenge for RNNs and a promising new direction for knowledge 

tracing research. 

 

C. EKT: Exercise-aware knowledge tracing for Student performance prediction 

Predicting student performance (e.g., scores) on future exercises is one of the essential tasks for providing proactive 

services (e.g., personalized exercise recommendation) to students in computer-supported intelligent education, where it 

is necessary to track the change in each student's knowledge acquisition during her exercising activities. Unfortunately, 

the problem of extracting rich information from the materials (e.g., knowledge concepts, exercise content) of exercises 

to achieve both more accurate prediction of student performance and more comprehensible analysis of knowledge 

acquisition remains underexplored. To the best of our knowledge, existing approaches can only exploit students' 

exercise records. In order to achieve this, we provide a comprehensive analysis of student performance prediction in 

this work. To immediately accomplish performance prediction's main objective. In EERNN, we only create a 

bidirectional LSTM to learn the encoding of each exercise from its content by summarizing each student's state into an 

integrated vector and tracking it with a recurrent neural network.  

 

III. PROPOSED SYSTEM 

 

The overview of our proposed system is shown in the below figure. 

 

 
 

Fig. 1: System Overview 
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Implementation Modules 

Data Collection 

 Gather information about student learning activities from academic databases or openly accessible educational 

datasets. 

 Kaggle.com provided the dataset. 

 

Data Preprocessing 

 Use mean, median, or mode imputation methods to deal with missing values. 

 Get rid of records that are inconsistent and duplicate. 

 Label encoding or one-hot encoding can be used to encode categorical variables. 

 To guarantee a consistent scale, normalize or standardize numerical properties. 

 

Feature Selection and Engineering 

 Pick pertinent elements of learning activities that have a big impact on students' performance. 

 Develop new features like performance trends or average study consistency. 

 

Train and Test Model 

 In this module, the service provider divided the dataset of learning activities into train and test data at a ratio of 

70% and 30%, respectively.  Thirty percent of the data is regarded as test data, which is used to test the 

models, and seventy percent is regarded as train data, which is used to train the model. 

 

Prediction and Risk Identification 

 Forecast the categories of student performance (e.g., High, Medium, Low). 

 Early detection of students who are academically at danger. 

 

Graphical Analysis 

 Show the system's accuracy and predicted ratio graphs in this module. The graph analysis takes into account a 

number of parameters. Plot charts such as bar charts and others at this phase.  

 

Implementation Algorithms 

Support Vector Machine  

 Support-vector machines (SVMs, also called support-vector networks) are supervised learning models in machine 

learning that analyze data for classification and regression using related learning techniques.  An SVM training 

method builds a model that assigns fresh samples to either category, making it a non-probabilistic binary linear 

classifier.  

 

Logistic Regression 

• Under the heading of supervised learning, logistic regression is one of the most used machine learning algorithms.  

The categorical dependent variable is predicted using a specific set of independent factors. 

• Logistic regression predicts the output of a categorical dependent variable.  Consequently, the outcome must be a 

discrete or category value.  It is possible to use yes or no, 0 or 1, true or false, etc., however probabilistic values 

between 0 and 1 are given instead of the exact values of 0 and 1. 

 

XGBoost  

• XGBoost is a distributed gradient boosting library that has been developed for effective and scalable machine 

learning model training.  

• It is an ensemble learning technique that generates a stronger prediction by combining the predictions of 

several weak models.  

• XGBoost, which stands for "Extreme Gradient Boosting," is one of the most well-liked and extensively 

applied machine learning algorithms because of its capacity to manage sizable datasets and attain cutting-edge 

results in a variety of machine learning tasks, including regression and classification. 
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IV. RESULTS 

 

 
 

Fig. 2: Home Page 

 

 
 

Fig. 3:Service Provider Login 

 

 
 

Fig. 4: Model Accuracy 

 

 
 

Fig. 5: Model Accuracy Results 
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Fig. 6: User Login 

 

 
 

Fig. 6: Predict Score 

 

V. CONCLUSION 

 

Researchers are investigating a variety of EL methods in order to create a trustworthy model that can accurately 

forecast students' academic performance. Additional hybrid EL methods for feature selection, like as voting and 

stacking, are also being investigated for potential implementation with CAE. The results of this study show that 

algorithms that use hybridized EL and the correlation attribute evaluator produce better classification results. This is in 

contrast to algorithms that do not utilize feature selection or EL. Accuracy in classification or prediction can be greatly 

increased by using ensemble learning in combination with feature selection. More precisely, the method's conceptual 

framework is divided into four different layers, each of which addresses a different problem. Following their analysis 

and application of that, the writers have reached the following conclusion: Stacking and voting are two instances of 

heterogeneous ensemble techniques that routinely perform better than conventional classification algorithms. 

Furthermore, methods for feature selection, like the correlation attribute evaluator, are employed to obtain the most 

accurate prediction result. 
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