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Abstract— Predicting the academic performance of students 

has been an important research topic in the Educational field. The 

main aim of a higher education institution is to provide quality 

education for students. One way to accomplish a higher level of 

quality of education is by predicting student’s academic 

performance and there by taking earlyre- medial actions to 

improve the same. This paper presents a system which utilizes 

machine learning techniques to classify and predict the academic 

performance of the students at the right time before the drop out 

occurs. The system first accepts the performance parameters of 

the basic level courses which the student had already passed as 

these parameters also influence the further study. To pre- dict the 

performance of the current program, the system continuously 

accepts the academic performance parame- ters after each 

academic evaluation process. The system employs machine 

learning techniques to study the aca- demic performance of the 

students after each evaluation process. The system also learns the 

basic rules followed by the University for assessing the students. 

Based on the present performance of the students, the system 

classifies the students  into different levels and identify the 

students at high risk. Earlier prediction can help the students to 

adopt suitable measures in advance to improve the per for- man 

ce. The systems can also identify the factor saffecting the 

performance of the same students which helps them to take 

remedial measures in advance. 

  

Keywords: machine learning, academic performance, deep 

learning, classification-regression methods, keras, tensorflow 

 

I. INTRODUCTION 

 

Many studies have been conducted in the e-learning field 

to analyze the academic performance of students and the 

early prediction of drop out in the academic courses. This 

would help the students take appropriate remedial steps 

before drop out occurs. In paper[1] the authors S. Kotsiants. 

C Pierrakeas and P Pintelas investigated the academic 

performance of the distance learning program for predicting 

dropout students. Machine earning techniques like Decision 

trees, Neural Networks, and Naıve Bayes algorithm are used. 

After the training and testing process, the performance is 

compared. Finally, it was concluded the Naıve Bayes 

algorithm found to be very efficient in the prediction of 

dropouts as it predicts with 83 percent accuracy. In the 

prediction process proposed by Lykourentzou, Giannoukos, 

Nikolopoulos and Loumosinpaper[2], the machine learning 
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techniques; Support Vector Machines and feed forward 

neural networks had been used. For the training and testing 

purposes, both timeand time-invariant data were used. In the 

classification ofstu- dents based on performance using data 

mining technique is adopted.Continuous evaluation of 

student’s performance of each subject can be done. This 

helpsthe Lecturerto take more attention to the student 

shavingpoor performance. A study using Machine 

learning[3] about the academic performance by Moseley and 

Mead forpre- dicting the dropouts of nursing students. In this 

case, a decision tree in which the Chi-square automated 

interac- tion detection was used. The dataset used in testing 

and validating phases are time-invariant ( e.g. age, gender) 

and time-varying (e.g. grades, attendance). The system 

identifiedthestudentsatriskandthepredictionefficiency is 70 

percent. The drawback of this method is that the prediction 

efficiency is only at a medium level and the method is not 

determining the academic performance but the system only 

finding out the dropoutstudents. 

 

II. DEEP REGRESS OR MODEL 

 

2.1 Problem Definition 

 

In educational system some students even with a good 

academic background can also become weak due to many 

reasons; hardness in the subjects of study, poor teaching, and 

presentation method adopted in the educational in- situation, 

environmental conditions, lack of interest, poor health 

conditions, peer influence, etc. But if the educational 

institution has a system to consistently monitor the academic 

performance of the students and adopts proper remedial 

measures in time for the students with poor performances can 

be improved. But in a manual system, it is very difficult to 

consistently watch the academic activities of each student 

especially when the number of students is large. Also with the 

manual system, it is practically very difficult to predict 

accurately the dropout students based on the available data; 

the acquired performance valuation parameters up to the 

current stage. The machine learn- ing algorithms including 

deep learning can be employed for classifying the students 

based on the academic per for- mance and predict the 

dropouts more accurately. 

 

  Cross Subject Prediction Moreover  it  is  difficult for a 

human to trace the relation between  subjects infirst semester 

to subjects in second,third or 

any other semester,as the 

subjects are not same but 
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different sub- jects of the same branch. There by making 

itdiffi cult to analyse a student for his performance in up- 

coming semester based on his performance in previous 

semesters.There are various models like GritNet[4]for which 

the input is time-variant data of the same subject that output 

is predicted for, Our model take in data of marks from some 

subjects in the previous semester and then predict for entirely 

different subjects.This is done by learning the student’s 

knowledge level from different sources and this is one of the 

points that stand out for our model. 

 

  Objective The main objective of this study is to de- velop a 

deep learning model to early predict more accu- rately the 

dropout of students in the 5th semester for an engineering 

degree course at the University. The input data are the 

performance parameters of the students of each subject in 

each semester up to the fourth semester. 

 

  Model The Deep Regressor model tries to predict the grade 

point for all the subjects in the output semester 

whichisacontinuously valuedoutputrangingfrom0to10. The 

corresponding grade points are converted to grades based on 

the grade criteria of the university using which we can predict 

whether a student will drop out ornot. 

 

2.2 BaselineModel 

 

  In order to access how much value is brought by our model, 

we are comparing our model against the most ef- fective 

decision tree based regression algorithms avail- able. 

XGBoostRegressor[6] This is an ensemble learn- ing 

method and it is a popular implementation of gradient 

boosting. One of the features which makes XGBoostst and 

out is the option to penalize complex model sthroughboth L1 

and L2 regulariation. This preventso verfitting. 

 

 
 

 
Figure 1: Architecture for student cross subject academic 

prediction as described in section 2.3 

 

Figure 2: Input data representation for neural network 

 

2.3 Architecture 

 

2.3.1 InputRepresentation 

 

The data is first cleaned of any absentees and all the grades 

are converted into grade points as per university norms.This 

is then divided by 10 to rescale it to [0,1]  range. This kind of 

representation helps the neural net- work converge 

quickly.The input data shape is (number of students,number 

of subjects).Each represented a par- ticular student and 

columns their grade points. 

 

2.3.2 Model Architecture 

 

The core learning part occurs in the hidden layer(givenin 

fig. 1).This layer learns the importance of individual sub- 

jects to output subjects and how they are related grade- wise 

this embeds the input marks in to much dense representation 

 

 
Figure 3: Trainable parameters on different layers 

 

which is then used by the output layer con- taining 9 neurons 

as we have 9 different subjects for the semester we are trying 

to predict.This architecture pro- duces the grade points a 

particular student might get for the semester the network has 

been trained for.The op- timizer we used is Adam with a 

learning rate = 0.001 and activation function is tanh. This 

combination proved to be the best out of multiple 

combinations we tried us- ingrelu,sigmoid and tanh.We also 

found that Nestroven- abled Adam-Nadam is also a good 

optimizer but we chose Adam as we got better results on test 

set. Mean Squared Error was proved to be the best loss 

function for this use case. 

 
Here, Yi is the true value,YˆI is the predictions of model 

and n being the number of samples used for evaluation. 

The complete architecture is illustrated in figure 1 
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III. DATA AND TRAINING 

 

3.1 Kerala Technical University (KTU) Data 

 

  We collected our data from the PRS College of Engi- 

neering affiliated to Kerala Technical University.Wetook 

scores of previous 5 semesters and the student’s perfor- 

mance in plus two which was preprocessed and cleaned of 

any abnormalities before feeding to network. Wemade sure 

the data didn’t cont        ain any absentees or null values and a 

particular student was present throughout all the semesters in 

the same order as he/she appeared in the previous semesters 

and all semesters were concatenated into one numpyarray, 

which was fed into the networkfor training. Similary the 

subjects of last semester wasar- ranged in order and scaled 

down and fed aslabels. The whole dataset was divided into 90 

percent and 10 

The whole dataset was divided into 90 percent and 10 percent 

for training and testing setres pectively. This made sure both 

training data and testing data came from the same 

distribution. 

 

3.2 Training 

 

Both baseline and our model was trained using the same 

training data and was validated on 50 percent of test data. 

Basel in emodel was trained with default parameter 

sasdescribed in it’sresearch paper and our model was trained 

for 3000 epochs with a batch size of 64 and data was shuffled 

after each epoch. The weight soft he model which showed 

lowest root mean squared error on validation test was saved. 

 

IV. PREDICTION PERFORMANCE 

 

a. Evaluation Measure 

 

To demonstrate the actual power ofthismodelwefocused 

on the closeness of grade point prediction to actual grade 

point that student got.The dataset happened to be imbal- 

anced, considering the grade classification of students.In our 

case accuracy is not a accurate metric as some subjects are 

dominated by one particular grade. 

We used Root Mean Squared Error (RMSE) on both scaled 

and non scaled output of the models to evaluate   it. The 

Scaled RMSE showed how much the actual grade point can 

vary from the predictedvary. Lower the RMSE, Better the 

model is. 

 

4.2 Results 

 

Table 1: Result Comparisons 

 

 

  As we have proved in the above table the baseline model 

had prediction error in the range of 2 grade points which leads 

to inaccurate predictions but our simple yet powerful model 

was able to bring down the error range to 1.This reduction is 

error range by one unit have major advantages when 

converting back to grades where our model was able to 

predict with maximum error offset of only 1grade. 

 

V. CONCLUSION 

 

In this paper, we have successfully applied deep learning 

to the challenging cross subject student performance pre- 

diction problem which so far has not been exploited.Wealso 

demonstrated the higher capacity of Deep Regres- sor model 

over gradient boosting algorithms like XG- Boost. Also 

instead of directly using existing classification methods we 

have done classification viaregression model to predict the 

grades of student. This method proved to be much more 

efficient and accurate. 

Four novel properties of our model is(1) it doesn’t need 

any complex preprocessing stepo the rthandividing by 10 

(2)it can operate to get predictions even when the dataset is 

small and imbalanced.(3) it doesn’t capture trends due to 

imbalance like baseline models (4) The cross subject 

prediction capability with minimum error range which is not 

shown by any other algorithm. 

As future work, incorporating more data from different 

colleges will again further bring down the scaled error range 

from 1 to much lower values and improve the deep 

regressor’s impressive performance. 
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