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Abstract 

Data Preparation and Initial Analysis 

There are a host of factors that can affect school results of teenagers. By understanding those factors, schools and parents can 
provide adequately timely supports, which may help students improve their school grades, and have continued better 
performances in future. We have obtained data of 1,044 students in two Portugal public secondary schools (“GP” - Gabriel 
Pereira and "MS" - Mousinho da Silveira), from UCI Machine Learning Repository. The original dataset contains 33 input 
variables and 1 nominal target variable identified as “G” which contains the average final grade of students. In Portuguese 
middle school, a student passes a class if he gets 50% or more in the final result. For the purposes of our analysis, we have 
created a binary target out of the average final grades from the original data set. The new target variable is called “Final” and 
describes if the students have pass or failed the class. There are no missing values in the dataset; no multicollinearity was 
observed among input variables, and important input variables for model building were selected using chi-square test. 
In this project, we use JMP 12 Pro to develop models (Regression, Decision Tree, and Neural Network) to predict if students 
pass or fail their classes, based on their personal characteristics, habits, family and demographic characteristics, and school 
performances. Such models will not only help predict students’ results but also provide insights about how each specific 
factor impacts the performance of students.  

In order to have better understanding of the data, we have conducted some initial analysis, using ANOVA tests and 
distribution analysis of students’ average final grade separated by different categorical variables: 

Figure 1. Average final grade “G” by 
school  

Figure 2. Average Final grade “G” by extra 
educational school support 

Figure 3. Contingency analysis of finale grade, 
“Final”, by Higher (whether students want to 

take higher education) 

Figure 4. ANOVA analysis for average final grade 
“G” by number of past failures 

The data has been split into 60% training data and 40% validation data. The final model is chosen based on the validation metrics.  
For predictive modeling, we have built three different models taking “Final” as the target variable. We used the Model 
Comparison platform to compare the performance of the following models: 

Predictive Modeling 

1.  Stepwise Logistic Regression model 
2.  Neural Network with one hidden layer and three activity functions 
3.  Decision tree with settings set for automatic splitting  

Figure 5: Measure fit of statistics from Model Comparison 

The Model Comparison platform provides a report with the measures of fit of each of the three models. We used validation 
RMSE (Root Mean Square Error) and Misclassification Rate to select the best model. 

Result 
After comparing the models built, we found Stepwise Logistic Regression to be the best model given that it has the lowest 
RMSE and the lowest Misclassification Rate among all three models (Figure 5). Using a p-value threshold of 0.05, the 
stepwise process chose 8 significantly important variables (Figure 6).  

Figure 6. Stepwise Variable Selection 

The odds ratio (Figure 7) has indicated some interesting results: 
•  The odds of fail of students in MS School are 2.26 times greater than that of students in GP School. 
•  Those who want to pursuit higher education have greater chance of passing their classes. 
•  Those who had failed in past classes are 3.6 times more likely to fail than those who have never fail a class before. 
•  Those who study less than 5 hours a week are 1.43 times more likely to fail a class than those who study more than 5 hours. 
•  Students who have less free time after school are more likely to fail a class (Those, who have less spare time after school, might be more 

stressful than their peers, which may lead to bad result. However, we need to study more about students’ after-school activities to get a better 
explanation) 

•  Those who had extra educational support, that is extra paid classes from their schools, have higher chance of failing their classes. (Those 
students might come from rich households, do not appreciate the support they have received, and put less effort on studying. But, we still need 
more research to get more specific evidences) 

Figure7: Odds Ratio 

Conclusion 
•  Logistics Regression, Decision Tree, and Neural Network models were built to anticipate students’ performances, based 

on their personal, family, and demographic information. Model comparison algorithm was utilized to compare 3 models, 
and Logistics Regression was selected as the winner. 

•  The predictive model has reasonable accuracy level (nearly 80%). 
•  By considering the projected results, and effects of different variables, schools and families can provide suitable and 

timely support to those who might fail their classes 
•  Our analysis was, however, limited by the small size of available data set. A better result could be achieved by increasing 

the number of observations. 
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