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Abstract 

Education plays an important role in improving individuals’ ability especially in the 
current decades. Further, education could be considered a vital need for motivating self-
assurance and contributing in today’s World. Although students’ achievements are 
highly influenced by their past performance, an exploratory analysis has shown that 
there are lots of factors that also have a tight relationship with students’ performance 
such as parents’ education level, study hour, highest degree etc. Technologies like AI 
skills made dramatic progress in many fields especially in educational teaching and 
learning processes. The goal of this project is to detect the closest features that impact 
the students’ performance and figure out relative methods to enhance students’ 
performance. This project collected 3 databases from different sources which contains 
various features. In each dataset, different machine learning algorithms are tested to 
guarantee the credibility of the results. As a direct outcome of this research, more 
accurate tools for student performance prediction can be developed, improving the 
quality of education and enhancing the efficiency of educational resource management. 
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1. Introduction 

Extensive efforts have been made to predict or analyze individual performance. These could be used 
for course or resource gathering, warning for students at risk and so on.  This research attempts to 

find the most impactable factors for performance to help students make self-improvement. Further, 

this could also help educators focus more on those important factors to provide help as much as 

possible. The datasets are made by various students with different backgrounds. The dataset sizes are 

all from 500-1000 because small size data could better apply simple classifiers like K nearest neighbor. 

There is a pre-processing for each dataset before applying machine learning. The research narrows 

the aforementioned gaps by solving the following questions: 

1. What would be the best machine learning model for each dataset predicting the students’ performance? 
2. What are the main key indicators that help in creating the classification model? 
3. According to the accuracy rate of each training result, would the trained algorithm be able to predict a 
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reasonable result if the same features were provided? 

The overall project report will be splitted in 5 sections including introduction. The following section 
will talk more about the used methodology. The third section will demonstrate the analysis results. 

Finally, in the last section, results will be interpreted and discussed and the research will be concluded.   

2. Materials and methods 

2.1 Dataset1 Information 

This part of the study will consider a Portuguese language class data collected during the 2005- 2006 

school year from two public schools of Portugal. The features include student grades, demographic, 

social and school related features and it was collected using school reports and questionnaires.  

2.2 Relevant Work 

A relevant study has been conducted in Cortez et al.[6] and the same dataset was modeled under 

Binary, Five-Level classification and regression tasks. They experimented with filtering and wrapper 

methods for feature selection. This work will exploit some of their experiment setups and explore 

with different approaches. The details will be discussed in the Data Mining Models section below. 

Table 1: The preprocessed student related variables 

Attribute Description (domain) 

sex student’s sex (binary: female or male) 

age student’s age (numeric: from 15 to 22) 

school student’s school (binary: Gabriel Pereira or Mousinho da Silveira) 

address student’s home address type (binary: urban or rural) 

Pstatus parent’s cohabitation status (binary: living together or apart) 

Medu mother’s education (numeric: from 0 to 4) 

Mjob mother’s job (nomina) 

Fedu father’s education (numeric: from 0 to 4) 

Fjob father’s job (nomina) 

guardian student’s guardian (nominal: mother, father or other) 

famsize family size (binary:  <= 3 or > 3) 

famrel quality of family relationships (numeric: from 1 – very bad to 5 – excellent) 

reason reason to choose this school (nominal) 

traveltime 
home to school travel time (numeric) 

 

studytime weekly study time (numeric) 

failures number of past class failures (numeric: n if 1  n < 3, else 4) 

schoolsup educational school support (binary) 

famsup family educational support (binary) 

activities extra-curricular activities (binary) 

paidclass extra paid classes (binary) 

internet Internet access at home (binary) 

nursery attended nursery school (binary) 

higher wants to take higher education (binar) 

romantic with a romantic relationship (binary) 

freetime free time after school (numeric: from 1 – very low to 5 – very high) 

goout going out with friends (numeric: from 1 – very low to 5 – very high) 

Walc weekend alcohol consumption (numeric: from 1 – very low to 5 – very high) 

Dalc workday alcohol consumption (numeric: from 1 – very low to 5 – very high) 

health current health status (numeric: from 1 – very bad to 5 – very good) 

absences number of school absences (numeric: from 0 to 93) 

G1 first period grade (numeric: from 0 to 20) 

G2 second period grade (numeric: from 0 to 20) 

G3 final grade (numeric: from 0 to 20) 

2.3 Descriptive Variable Analysis 

All the features can be categorized into 3 major categories: (1) Candidate Factors (labels are ordinal 

and there is a visible correlation with the target variable), they are potentially the most useful features. 
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(2) Representative Factors (one label  of the variable is very representative), they might have a strong 

impact on prediction, but also could be very noisy since it is imbalanced.(3) Balanced Factors (all 

labels are similarly distributed), they are less informative compared to others. FIgures below show 

examples of each category. 

 

Figure 1. Example of a Candidate Factor, “Studytime”, shows a positive correlation with the G3 

 

Figure 2. Example of a Representative Factor, “failures”, the label “0” is very dominant 

 

Figure 3. Example of a Balanced Factor, “activities”, which might provide little information 

 

A correlation matrix (Figure 4) suggests that the target attribute G3 has a strong correlation with 

attributes G2 and G1, which are the past evaluations. It is more difficult to predict G3 without  past 

evaluations, but such prediction is much more useful since this study hopes to achieve performance 

prediction at the early stage of the class. Thus, this study designed two input configurations:  

(1) Setup A: Drops G1 and G2. The prediction is difficult but results are more useful. 

(2) Setup B: Keeps G1 and G2. These two variables will dominate the prediction and the prediction 

will be more accurate. 
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Figure 4. Correlation Matrix 

2.4 Data Mining Models 

Identified as a Supervised Learning problem, both Classification and Regression are important to 

perform on this data mining task. In classification models, Precision Score will be used for evaluations. 

On the other hand, the Negative Mean Square Error (NMSE) will be used to evaluate regression 

models. Those metrics can be computed using the following equations*: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =   
𝑡𝑝

(𝑡𝑝 +  𝑓𝑝)
 

𝑁𝑀𝑆𝐸(𝑦,  �̂�)  =  
−1

𝑛𝑠𝑎𝑚𝑝𝑙𝑒𝑠
∑

𝑛𝑠𝑎𝑚𝑝𝑙𝑒𝑠−1

𝑖=0
(𝑦𝑖 −  �̂� 𝑖)

2               

*tp stands for True Positives, fp stands for False Positives, and ŷ denotes the predicted value for i-th 

data sample. 

(1) In this study, the dataset will be modeled using two setups: 

(2) Binary Classification: Pass if G3 >= 10, Fail otherwise. 

Regression: Numeric value between 0 and 20 for G3 

The binary configuration of this problem is meaningful because in many cases, the precise score is 

not needed. A pass/ no pass is enough for the school to pay attention to the poor performing students, 

and the models for such tasks are less expensive to train. 

For both classification and regression, several algorithms have been tested. The Nearest Neighbor 

predictor (KNN) is the simplest one and its performance will serve as the baseline. Furthermore, a 

carefully tuned Decision Tree (DT), a forest of highly randomized decision trees (RF)[4] and a 

Ada/Gradient Tree Boosting[1,2] ensemble (Ada/ GTB) are able to achieve the most optimal 

prediction and will be used for evaluations.  

2.5 Data Processing 

One Hot Encoding is performed for all nominal variables, making all the attributes either numeric 

(i.e. from 1 to 4) or binary (zero or one).  

2.6 Feature Selection 

As suggested in the descriptive variable analysis, there are a number of Balanced Factors that might 

not provide any information about the final grade, and some of the Representative Factors might 

cause noises rather than showing strong indicators in our prediction.  
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Work of Cortez et al.[6] only explored the wrapper method for feature selection on a few nonlinear 

models. In this study, however, the feature importance with decision trees is exploited to find the 

most influential variables. For each different problem setup, an ExtraTreesClassifier is fitted with the 

processed data. Then, extracting the feature importance calculated with impurity weights at each node 

and sorting them descendingly, a feature ranking is obtained and shown in figures 5 and 6. 

Furthermore, the important features will be kept at a certain threshold and others will be dropped. 

The feature selected by this algorithm is shown in Table 2. 

 

 

Figure 5. Feature importance ranking in Classification (left: setupA, right: setupB) 
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Figure 6. Feature importance ranking in Regression (left: setupA, right: setupB) 

 

Table 2. Attribute Selection using feature importance with Trees 

 

 Setup Influential Attributes 

Classification 

A 

(without G1&G2) 

'failures', 'famrel', 'goout', 'Walc', 'absences', 'school_GP', 

'school_MS', 'higher_yes', 'higher_no' 

B 

(includes G1&G2) 

'failures', 'G1', 'G2', 'school_GP', 'school_MS', 'higher_yes', 

'higher_no' 

 

Regression 

A 
'age', 'Medu', 'Fedu', 'traveltime', 'studytime', 'famrel', 'freetime', 

'goout', 'Walc', 'health', 'absences' 

B 
'age', 'Fedu', 'freetime', 'goout', 'Walc', 'health', 'absences', 'G1', 

'G2' 

 

Among the different sets of selected features, a few sharing variables stand out. Family-related 

features are particularly important to the Regression setup, which shows that Mother/Father’s 

Education could determine the student's performance. Furthermore, the willingness to learn is another 

influential factor. Features like “failures” (number of failed classes), “goout” (go out with friends), 

“absences”, and “higher” (want higher education) are indicative of the effort a student puts into study. 
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Most importantly, there is a high presence of health-related attributes such as “health” and “Walc” 

(weekly alcohol consumption). This shows that health conditions will have a huge impact. 

2.7 Predictive Performance 

The following tables display the cross-validation score under each configuration’s evaluation scheme. 

Our methods provide an improved performance compared to Cortez et al.[6], which is obtained by 

our highly selective feature selection method. 

Table 3 - Binary Classification Result ( Precision Score, from 0 to 1; underline – best model; bold – 

best within the input setup) 

Setup KNN Decision 

Tree 

Random Forest AdaBoost Gradient 

Boosting 

A 

(without G1&G2) 

0.885 ± 0.01 0.897 ± 0.01 0.891 ± 0.01 0.889 ± 0.00 0.892 ± 0.00 

B 

(includes G1&G2) 

0.963  ± 
0.01 

0.953 ± 0.00 0.954 ± 0.00 0.951 ± 0.00 0.956 ± 0.00 

Table 4 - Regression  Result ( Negative MSE value; underline – best model; bold – best within the 

input setup) 

Setup KNN Decision Tree Random Forest AdaBoost Gradient Boosting 

A 

(without G1&G2) 

-9.60 ± 0.72 -10.39 ± 2.52 -9.58 ± 0.09 -10.07 ± 0.16 -9.63 ± 0.14 

B 

(includes G1&G2) 

-2.37  ± 0.14 1.84 ± 0.42 -1.72 ± 0.23 -2.41 ± 0.12 -1.72 ± 0.07 

From the results, for a small dataset and a simplified binary classification problem, simple models  
have the best performance and fastest training speed. Moreover, the performance gap between the 

two input setups is not large, which means it is almost equally likely to discover poor performing 

students even without considering their past evaluations. 

However, when trying to predict the actual score of each student, past evaluations become very 

important. Without considering the past score makes the prediction much more challenging. At the 

same time, more complex models such as the ensemble methods turn out to outperform others.  

2.8 Dataset information 

This dataset is collected from three colleges of Assam,India.The data consists of socio-

economic,demographic as well as academic information of three hundred students with twenty-four 

attributes.The description of dataset is shown as below: 

2.9 Background 

For previous study,four classification methods, the J48, PART, Random Forest and Bayes Network 

Classifiers were used. The data mining tool used was WEKA,which is used to select the high 

influential attributes. The internal assessment attribute in the continuous evaluation process makes 

the highest impact in the final semester results of the students in this dataset. The results showed that 

random forest outperforms the other classifiers based on accuracy and classifier errors. Apriori 

algorithm is used to find the association rule mining among all the attributes. 
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Table 5. The description of dataset is shown as below 

 

2.10 Methods 

As for this dataset, all the datas are in the form of character strings . Therefore, data processing is 

necessary. We first adopt One Hot encoding, but then we found that Label Encoding may be a better 

choice, which makes all the data numeric.  

The following analysis may be simpler with the processed data. The methods  this work use are as 

follows:  

(1)logistic regression algorithm  

The training speed of logistic regression algorithms is fast. When classifying, the amount of 

calculation is only related to the number of features.In addition, it is easy to understand, and has good 

interpretability of the model. 

(2)KNN algorithm  

KNN is a kind of classifier which has good performance on small datasets. 

(3) Decision tree algorithm 

There are many advantages of decision tree based classification. It is inexpensive to construct and 

extremely fast at classifying unknown records.What’s more, it is easy to interpret for small-sized 

trees.Furthermore,the accuracy is comparable to other classification techniques for many simple data 

sets. 

(4)random forest algorithm  

Its basic unit is decision tree, while it has higher accuracy than decision tree.It is unexcelled in 
accuracy among current algorithms and it gives estimates of what variables are important in the 

classification. 

(5)SVM 

Support vector machines is a two-category model that maps the feature vector of an instance to some 

points in the space. The purpose of SVM is to draw a line to distinguish these"best" Two types of 
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points, even if there are new points in the future, this line can also make a good classification. SVM 

is suitable for small and medium data samples, nonlinear, high-dimensional classification problems. 

(6) Adaboost algorithm 

AdaBoost has high accuracy. Compared with the bagging algorithm and Random Forest algorithm, 

AdaBoost fully considers the weight of each classifier. 

Among all these algorithms, we picked ESP as our label. 

2.11 Experiments and Results from Dataset 2 

All the data is  in the form of character strings as shown in figure 2.1. This work can not process the 

string data directly.Thus,it is necessary for it  to do some data processing before it uses algorithms 

on the dataset. This work  adopted One Hot encoding first, while the result is not as ideal as it was 

used on dataset1. Then it can be found that Label Encoding may be a better choice, which makes all 
the data numeric,so that this program can convert the level of students’ performance to several 

continuous numbers.After processing, there are 21 features and 130 students’ information, same as 

the original data.The result is shown in table 6 

Table 6. Features and information after processing 

 

This work can conclude that the accuracy rates of all the algorithms are in the range of 36% to 64%. 

This is not what it expected.One of the reasons for the uneven result is the dataset is too small to make 

a good performance of these algorithms.What’s more, it just adopts the ESP to be the label,because 

it is the only label this work can analyze among the data.So this will cause lack of precision.Among 

all the algorithms which are adopted on this dataset,  it  will choose three algorithms of them which 

have higher accuracy rates to elucidate the result,which are shown as follows: 

Logistic algorithm: In the logistic algorithm,it loops for 30 times and the accuracy is about 64 

percent,which has one of the highest accuracy rates among all the algorithms.Its result is shown in 

figure 7. 
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Figure 7. Its result is shown in 

Random forest classifier: this classifier used bootstrap sampling method on the training dataset to 

construct many unpruned classification trees.When the depth is about 4, we can get the  accuracy 

rate,which can reach 64%. This is the highest accuracy rate among all the algorithms we use.After 

that, it decreases fast to 54% at the depth of 5.The accuracy rate changes from depth of 4 to depth of 

12 and then reaches to 64% and becomes stable. Its performance is shown in figure 8. 

 

Figure 8.the performance of Random forest classifier 

2.12 Introduction of dataset 3 

This dataset expresses people from different backgrounds such as gender, degree etc. The dataset 

contains a total of 8 columns. The original dataset is provided as following: 
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Table 7. The dataset contains a total of 8 columns. The original dataset is provided as following 

Gender Race/ 

Ethnicity 

Parent 

Level of 

education 

lunch Test 

Preparation 

Course 

Math Score Reading 

Score 

Writing 

Score 

F Group B Bachelor's 

degree 

Standard None 72 72 74 

F Group C Some 

college 

Standard Completed 69 90 88 

F Group B Master’s 

degree 
Standard None 90 95 93 

M Group A Associate’s 

degree 

free/reduced None 47 57 44 

M Group C Some 

college 

Standard None 76 78 75 

The main outcome of this research proved the powerful function of support vector machine 
algorithms in predicting actual value.  Classification algorithms such as the decision tree, KNN and 

logistic regression could also work well in small size dataset. However, since the dataset lacks 

features(only 8 total), the prediction is not very ideal, which is around 55% - 60% accuracy rate. 

2.13 Data processing 

From dataset three, our group first defined a label about students’ performance. We summed up math, 

reading and writing scores for a total score and then divided by 300 to get an average score for each 

student. To better fit a classification algorithm, we still classify all of these scores as letter grades. 

This classification is made by over 90 points as A, 80-90 as B, 70-80 as C and D if it is less than 70. 

Further, since the features are mixed by strings. We decided to use binary classification for all of the 

features to make them as 0 or 1 and delete the original features. After we finish data processing , the 

dataset will be as following: 

Table 8. The dataset will be as following 

Master's 

Degree 

Education_some_ 

college 
Education_some_high_school 

Race_ 

group 

A 

Race_ 

group 

B 

Race_ 

group 

C 

Race_ 

group 

D 

Race_ 

group 

E 

Lunch_ 

free/ 

reduced 

Prepare_ 

completed 
Score Grade 

0 0 0 0 1 0 0 0 0 0 72.6 C 

0 1 0 0 0 1 0 0 0 1 82.3 B 

1 0 0 0 1 0 0 0 0 0 92.6 A 

0 0 0 1 0 0 0 0 1 0 49.3 D 

0 1 0 0 0 1 0 0 0 0 76.3 C 

The table does not display all features due to the size limitation. The feature number changed from 8 

to 14 including the 2 labels. In this case, we made all of the attributes the same weight for machine 

learning applications. Further, we picked 75% from the dataset as train data and 25% as test data. 

To define the goodness of each algorithm, I used accuracy rates for all of them.  
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Accuracy rate  = # of Correct predictions/ Total number of the dataset 

2.14 Algorithms application 

1. KNN algorithm 

K nearest neighbor is a relatively simple classifier which has a great performance on small size 

datasets. As KNN is a classification type mode, we picked Grade (letter grade) as our label.  

2. Logistic Regression 

Logistic regression is always regarded as one of the most accurate classification algorithms. We also 

applied logistic regression. This algorithm ends up with a 54% accurate rate. 

3. Decision Tree  

Decision tree is another common and powerful classification algorithm. Since the lack of features, 

the decision tree might be not as good as if there are enough features. Our group controlled the max 

depth of the tree from 1-5 as parameters to provide various results. 

4. Support Vector Machine 

Support vector machine is the only algorithm that predicts the actual value we applied on this dataset. 

In this case, we used the average score as the predicting label instead of the letter grade. The result  

of SVM is similar to other algorithms. Kernel SVM provides an accuracy rate 51.6%, linear SVM 

provides an accuracy rate 51.2%. Polynomial SVM gives the best result among these three algorithms 

which is 54.8%. 

2.15 Result and Analysis from Dataset 3 

To conclude from dataset 3, all of the accuracy rates in different algorithms are around 51% to 55%. 

This is because this dataset lacks a lot of features. Further,  the way we analyze students’ 

performance might lose some accuracy because we just consider the grade as the performance, which 

is not very precise but this is the only label we are able to analyze among this data. However, even if 

there are not enough features, a 55% accuracy rate could also signify that these attributes are actually 

closely related to the students’ performance. The result of our algorithm will be shown as following: 

 

 

Figure 9. The result of our algorithm will be shown as following 

In the KNN algorithm, we used the K value from 1 to 30. From the KNN algorithm, it could be 
concluded that the accuracy rate reaches highest when the number of k is 13. KNN algorithm provides 

a terrible accuracy rate when k is less than 5. However, the accuracy rate maintains over 50% if k 

value is greater than 5. As a classifier, KNN is simple and it is powerful when the dataset is small. K 

value’s selection really impacts the result of this algorithm.  

Logistic regression’s accuracy rate is 54% as mentioned before. 
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Our group designed tree depth from 1 to 5 in the decision tree algorithm because the feature size is 

small. Selecting a high number of depth might cause overfitting. The result is shown as the following 

showing the result plot. 

 

Figure 10. The result is shown as the following showing the result plot. 

This result matches our guess that the high depth will cause overfitting. It clearly shows that when 

the depth reaches 2, the decision tree algorithm gives the best accuracy rate. After that, there is an 

obvious decreasing tendency. Decision tree provides the highest accuracy rate which is 56.5% when 

depth is 2. In this case, we could conclude that the decision tree works perfectly when the dataset is 
small. However, as mentioned, the decision tree requires enough features to split. Our group believes 

that if this data contains enough features, the decision tree will give a really great accuracy rate. 

It is also proved that SVM as a prediction algorithm is very powerful even if there are not enough 

features. Polynomial SVM (54.8%) almost gets the same accuracy rate as the best performance of the 

decision tree algorithm.  

Our group got the rank of features among this data by the best performance algorithm, decision tree. 

This shows how important each feature impacts students’ performance.  

 

 

Figure 11. This shows how important each feature impacts students’ performance. 

In this table, 12 is lunch free/reduced, 13 is prepare_completed, 0 is gender. All of the other features 

share almost the same weight. Lunch free/reduced signifies the nutritional level or the body condition. 

Therefore, it is very important to have a healthy body, this is over everything to have a better 
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performance. Further, since this data is about the test grade, test preparation is essential to get a good 

grade. Students should pay more attention to the professor’s test preparation. The third important 

thing is gender. From our group’s perspective, there should not be a bias on students’ performance 

about gender. However, boys do have benefits on understanding stuff and girls always do better on 
observation and language. This means that gender might give different advantage areas but it should 

not impact the performance if we consider more factors instead of test grade only. 

3. Conclusion 

To conclude, our group used machine learning algorithms to predict students’ performance among 

three datasets. Both results of Dataset 1 and Dataset 2 show that body condition is an essential factor 

for performance. This work suggested that schools should pay more attention to students’ health 

situations. It’s better to help those students with financial difficulty such as providing free lunch. 

From the students' version, students are supposed to focus more on tests’ preparation. The result of 
Dataset 1 also suggests that the willingness of students going to pursue a higher education plays a 

significant role. Therefore, schools should put effort into understanding the future plan of their 

students. Advocating post-secondary education could be an effective way to improve the overall 

performance of students. 

Among the algorithms used in this work, when processing small datasets, random forest algorithms 
and logistic regression can have higher accuracy rates. The Gradient Tree Boosting method also 

shows outstanding results for predicting actual test scores, with and without considering the past 

performance of students. This was the best regression model for fitting both configurations of Dataset 

1. 

After extensive efforts from both students and educators, the education level should surely reach 

another level. 
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