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TLBoost: Student achievement prediction model
with increased interpretability
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ABSTRACT

This study proposes the TLBoost model to predict student achievement. The TLBoost model effectively handles both catego-
rical and continuous data while providing interpretability of prediction results through a tree-based deep learning approach.
By ensembling TabNet and LightGBM models, TLBoost combines the strengths of each algorithm to enhance performance and
improve model stability and generalization capabilities. TLBoost uses features extracted by TabNet as inputs for LightGBM,
thereby improving the final predictive performance of LightGBM. The results show that the TLBoost model outperforms exist-
ing models in predicting math and language achievement. To increase interpretability, two main methods were employed.
First, the attention mechanism of TabNet was utilized to visually highlight important features in the data. Second, feature im-
portance analysis of the LightGBM model was conducted to visually represent the impact of each feature on the model’s
predictions. Through this approach, educators can understand the key factors influencing student performance and provide
tailored learning support, thus bridging the gap between technological advancements and practical application in educational
settings, and enhancing the effectiveness of educational policies.

Keywords: Prediction of Student Achievement, Categorical Data, Ensemble Model, Feature Analysis, Interpretability, Practical
Application
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y(LightGBM,train) = le'ghtGBM(X;‘rain TLBoaSt)

y(LigthBM,test) = fLiglitGBM(‘X;‘eszLBoz)st) (11)
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Table 1. Environmental & Personal data desciption

Variable Desciption
school student’s school (binary: 'GP’ - Gabriel
Pereira or 'MS’ - Mousinho da Silveira)
student’s sex (binary: 'F’ - female or ‘M’ -
sex
male)

H27A Ads -
age student’s age (numeric: from 15 to 22)
address student’s home address type (binary: U’ -

urban or 'R’ - rural)

family size (binary: 'LE3’ - less or equal to 3

famsize or 'GT3’ - greater than 3)
parent’s cohabitation status (binary: T -
Pstatus living together or "A’ - apart)
mother’s education (numeric: 0 - none, 1 -
Medu primary education (4th grade), 2 - 5th to 9th
grade, 3 - secondary education or 4 - higher
education)
father’s education (numeric: 0 - none, 1 -
Fedu primary education (4th grade), 2 - 5th to 9th
grade, 3 - secondary education or 4 - higher
education)
mother’s job (nominal: ‘teacher’, 'health’ care
Mjob related, civil ‘services’ (e.g. administrative or
police), "at_home’ or ’other’)
father’s job (nominal: 'teacher’, health’ care
Fjob related, civil ‘services’ (e.g. administrative or
police), "at_home’ or ’other’)
reason to choose this school (nominal: close
reason to 'home’, school 'reputation’, 'course’
preference or ’other’)
) student’s guardian (nominal: ‘mother’, ‘father’
guardian ; ,
or ’other’)
home to school travel time (numeric: 1 - <15
traveltime | min., 2 - 15 to 30 min., 3 - 30 min. to 1 hour,
or 4 - >1 hour)
weekly study time (numeric: 1 - <2 hours, 2 -
studytime 2 to 5 hours, 3 - 5 to 10 hours, or 4 - >10
hours)
failures number of past class failures (numeric: n if
1<=n<3, else 4)
schoolsup extra educational support (binary: yes or no)
famsup family educational support (binary: yes or no)
paid extra paid classes within the course subject
(Math or Portuguese) (binary: yes or no)
activities extra-curricular activities (binary: yes or no)
nursery attended nursery school (binary: yes or no)
higher wants to take higher ed;lcation (binary: yes or
no
internet Internet access at home (binary: yes or no)
romantic with a romantic relatio;qship (binary: yes or
no
famrel quality of family relationships (numeric: from
1 - very bad to 5 - excellent)
. free time after school (numeric: from 1 - very
freetime low to 5 - very high)
going out with friends (numeric: from 1 - very
goout low to 5 - very high)
Dalc workday alcohol consumption (numeric: from
1 - very low to 5 - very high)
Walc weekend 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 0O
to 93)
Gl 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, output
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Table 2. Data Description

Dataset Math Language
Student 395 649
School (GP) 349 423
School (MS) 46 226
Features (Numerical) 5 5
Features (categorical) 28 28
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