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Abstract

Attention-Deficit/Hyperactivity Disorder (ADHD) is a neuro-
developmental disorder characterized by inattention and/or
impulsivity-hyperactivity symptoms. Through Machine Learn-
ing methods and the SHAP approach, this work aims to dis-
cover which features have the most significant impact on the
students’ performance with ADHD in arithmetic, writing and
reading. The SHAP allowed us to deepen the model’s under-
standing and identify the most relevant features for academic
performance. The experiments indicated that the Raven Z I1Q
test score is the factor with the most significant impact on ac-
ademic performance in all disciplines. Then, the mother’s
schooling, being from a private school, and the student’s so-
cial class were the most frequently highlighted features. In all
disciplines, the student having ADHD emerged as an im-
portant feature with a negative impact but less relevance than
the previous features.
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Introduction

Present in the Diagnostic and Statistical Manual of Mental
Disorders (DSM), Attention-Deficit/Hyperactivity Disorder
(ADHD) is defined by harmful levels of inattention, disorgan-
ization and/or hyperactivity and impulsivity, symptoms that
are excessive when compared with other people of the same
age and degree of development. Surveys suggest that ADHD
occurs in most cultures in about 5% of children and 2.5% of
adults, being more frequent in males [1].

The damage caused by ADHD affects the individual’s life in
several ways. In this context, the school has a fundamental
role in human cognitive and socioemotional development.
However, due to their peculiar functioning, students with
ADHD tend to have significant academic problems, such as
learning difficulties, behaviors considered inappropriate to the
school environment, difficulties in relationships with col-
leagues, and considerable educational and social losses. Con-
sequently, schools must adopt appropriate strategies to devel-
op students with ADHD effectively. However, in general, ed-
ucational institutions have found it difficult to deal with stu-
dents with the disorder [2]. Given this, due to the difficulties
inherent to ADHD and schools’ low adequacy to deal with
students with the disorder, it is natural to find a general picture
of students’ low performance.

On the other hand, it is believed that ADHD is not a definitive
factor of low performance. Despite the difficulties imposed by
the disorder, there are individuals with ADHD who do not
have academic deficits [3]. Thus, it is possible that other char-
acteristics enhance or minimize the damage caused by the
disorder.

Given the scenario described, it is necessary to raise the char-
acteristics that interfere with students’ performance with
ADHD. Identifying success cases and understanding what
factors led to this positive outcome can help guide actions that
benefit other students. Studying low-performance cases, un-
derstanding which characteristics influenced this situation can
provide subsidies for parents, educators, and other profession-
als (psychologists, psychiatrists, and neurologists) to direct
their actions for better results for students.

The Pediatrics Department of a Brazilian university surveyed
266 people aged between 6 and 18 years, of which 196 were
diagnosed with ADHD. This survey generated a database with
225 characteristics of these children/adolescents. A database
of students with ADHD is a valuable research source and
needs to be the object of study searching for knowledge about
this scenario with open questions. At this point, data mining
can play an important role, as it often points out relationships
that, at first, even experts are unable to perceive.

The advancement of Machine Learning (ML) methods has
enabled models that typically achieve high predictive capacity.
However, in many scenarios, having a model with high pre-
dictive performance only partially solves the problem since
understanding the behavior drives decision-making and in-
creases the confidence of the person who will execute it [4, 5].
For this reason, in many contexts, as in the case of the present
work, it is essential to provide interpretable models.

SHapley Additive exPlanations (SHAP) is an approach to in-
terpreting predictive models based on cooperative game theo-
ry [6]. SHAP helps explain ML models, allows understanding
the effects of features in individual predictions in a classifica-
tion problem.

Therefore, this work aims to discover, through ML methods
and the SHAP approach, which features have the most signifi-
cant impact on students’ performance with ADHD in arithme-
tic, writing, and reading. We believe that a model with an ade-
quate predictive capacity associated with the interpretability
resources present in SHAP allows us to view the main features
that must be observed and worked on with ADHD students to
increase their academic performance.



656 M. Balbino et al. / Predictions of Academic Performance of Children and Adolescents with ADHD Using the SHAP Approach

For each discipline, predictive models were developed based
on four ML methods: Decision Tree, Neural Networks, Sup-
port Vector Machines (SVM), and Random Forest. The model
based on Random Forest obtained the best performance and,
therefore, interpretability with SHAP was performed only to
it.

Methods

Database description

This research is developed in partnership with the Department
of Pediatrics of a Brazilian university. The institution carries
out support work for children and adolescents with a previous
diagnosis of ADHD. Once the diagnosis is confirmed, patients
are monitored at the hospital linked to the institution. The
medical team responsible for this monitoring surveyed pa-
tients and guardians through manual questionnaires and inter-
views. This survey gave rise to the database object of this
study.

The database contains 266 people (instances) aged between 6
and 18 years. Among them, 196 people are diagnosed with
ADHD and 70 have a negative diagnosis for the disorder. The
database consists of 225 attributes, including personal, gesta-
tional, medical, socioeconomic, parental care, education, fami-
ly data, and the scores related to the individuals’ arithmetic,
writing, and reading tests. Figure 1 presents an overview of
the database with the types of attributes and their quantities.
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School Performance Basis (225)

School Data (3) — Mother's Data (6)
General Health n . Father's Data (6)
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Figure 1 — Attributes description, organized by category

Prediction models development

To improve the quality of the data, we pre-process the data-
base. In summary, the following were accomplished:

1. Transformation of scores obtained in the School Per-
formance Test, which is subdivided into writing,
arithmetic, and reading, in the higher and lower clas-
ses. The School Performance Test Manual [7] was used
to compare students’ scores with the average grade of
the same state where the test was applied.

2. Exclusion of duplicate attributes (e.g., age in months
and age in years) or irrelevant (e.g., name and phone
number) to predict school performance.

3. Binarization of non-ordinal nominal attributes, such as
the father’s marital status and disorders that the student
had. That is, each attribute was coded as the presence
or absence of the feature.

4. For the missing data, the mode and the median were
used as statistical measures to fill in the data.

5. Manual random separation of 15% of the instances of
each class to perform the testing step.

6. Balancing the remaining 85% of the data using the
SpreadSubsample algorithm present in the WEKA tool.

Table 1 shows the number of instances reserved for
training and testing in each discipline.

7. The dimensionality reduction of the arithmetic, writing,
and reading bases was performed using a genetic algo-
rithm (GA) to improve the models’ performance. We
chose Non-Dominated Sorting Genetic Algorithm II
(NSGA-II) to find the best subset of features maximiz-
ing your fitness, in this case, the F-measure. The K-
Nearest Neighbors (KNN) classifier was used to meas-
ure the F-measure. The GA was implemented in the
Python language, using the DEAP library.

Table 1 — Number of instances for training, validation, and

testing
Discipline Training/Validation Test
Higher  Lower
Arithmetic 118 11 29
Writing 100 09 31
Reading 78 08 27

Prediction models development

In the quest to obtain the best predictive capacity in each dis-
cipline, models based on four ML methods were developed:
Decision Tree, Neural Networks, SVM, and Random Forest.
The models were implemented in Python using the Scikit-
learn library. The proposal is to develop the interpretability of
only the models with the best performance in each discipline.

The Precision, Recall, and F-measure metrics were used to
assess the quality of the models. All classifiers were built and
validated using the k-fold cross-validation process, with k =
10.

Results

We generated models with different ML methods to under-
stand students’ profiles with ADHD, to identify the most rele-
vant features in success and low academic performance. Fig-
ure 2 presents the results of the test phase of the prediction
models. In general, the model based on Random Forest ob-
tained the best results. Occasionally, the other models present-
ed similar or superior results for precision or recall in a given
class/discipline. Therefore, we decided to perform the model
interpretation with Random Forest for all scenarios.

For the interpretability of tree-based models, SHAP offers the
Tree Explainer [6], the algorithm used in the explanation
models described below. Figure 3 shows the generated plots.
The features mentioned in the description of the experiments
are listed in Table 2, as well as the numerical transformation
of their values.

Model experiments for Arithmetic

Regarding arithmetic, the model with Random Forest obtained
a F-measure of 87% for the lower class and 72% for the higher
class, considering that it has a good predictive capacity for
performance in that discipline.

Exploring the resources in SHAP, we can see in Figure 3a an
overview of the effects of the main features in predicting per-
formance in arithmetic for the lower class. This plot orders the
features by their importance. It uses the SHAP values to show
the distribution of impacts that each attribute has on the mod-
el’s output. Each point present on the line for a given feature
represents an instance, and therefore a student that has been
impacted by that feature. The color represents the value of the
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feature in the instance (high red, low blue). Considering the
central axis of the graph, if an instance is on the right-hand
side of a feature line (positive SHAP values), such a feature
brings the instance closer to the lower class. Likewise, if the
instance is on the left (negative SHAP value), the same feature
moves it away from the lower class. It is important to note that
the farther from the central axis of the graph, the more signifi-
cant the impact of that feature for a given instance. The attrib-
utes at the bottom of the graph have few points and these are
very close to the central axis, which denotes that this attribute

has a minor effect on the model.
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Figure 2 — Models performance evaluation

Table 2 — Features highlighted in the explanation models

Feature Domain

Mother_schooling/
Father_schooling

1 to 4 years(0), 5 to 8 years(1),
Incomplete HS(2), Complete HS(3),
Incomplete graduation(4), or
Complete graduation(5)

Social class Poor(0), Vulnerable(1), Middle class(2)

or High class(3)

Raven Z -3.58..2.41

ADHD (if the

patient lgas ADHD) Yes(1) or No(0)

School Year Early childhood education(0), First
year(1), Second year(2), Third year(3),
Fourth year(4), Fifth year(5), Sixth
year(6),Seventh year(7),Eighth year(8),
Ninth year(9) or High school(10)

Height 1,06...1,72

Mother age 22..67

School type Public school (0) or Private school(1)

Sex Male(0) or Female(1)

Thus, it is possible to perceive that the Raven_Z is the feature
of a more significant influence in predicting the student’s per-
formance in arithmetic. The clear separation on the line of this
feature from the red dots on the left of the central axis and the
blue dots on the right shows that low values in the Raven Z

test tend to lower arithmetic performance. Raven Z is a wide-
ly used intelligence (IQ score).

Also, analyzing the attributes with the most relevant impact,
the positive and notable influence of highly schooled mothers,
high-class families, and studying in a private school is note-
worthy. Finally, the graph confirms that the student having
ADHD is a complicating factor for school performance in
arithmetic, although it is preceded in importance by other fea-
tures.

To deepen the behavior of a given feature, SHAP has the
graph shown in Figure 3b. In this case, it was decided to ex-
plore the effect of the Raven_Z test score for the lower class in
arithmetic since this proved to be the most relevant attribute to
predict performance in the discipline. It can be seen that nega-
tive scores contribute to the instance belonging to the lower
class (positive SHAP values).

The same plot optionally allows relating another attribute. In
this case, we chose to observe the distribution of Raven Z
scores to the ADHD attribute, in which the red dots refer to
students with the disorder and the blue dots refer to students
without the disorder. It is noticed that in the highest scores of
Raven_Z the presence of students with or without ADHD. On
the other hand, in the lowest scores, there is a predominance
of students with the disorder.

Figure 3c allows us to visualize the features that led to the
prediction of a particular student as lower performance in
arithmetic. The features that drive the prediction for the cho-
sen class (lower) are shown in red, those that distance the pre-
diction for this same class are in blue. It is noted that the low
level of schooling of parents and the fact that they are from a
public school brings students closer to the lower class. On the
other hand, having a good score on the Raven_Z test distance
him from the lower class.

Model experiments for Writing

For writing, the model reached the F-measure of 92% for the
lower class and 67% for the higher class, representing a mean-
ingful result for the lower class but a predictive capacity with
limitations for the class higher.

The impacts of the main features related to writing perfor-
mance can be seen in Figure 3d. Again, Raven_Z appears as
the most relevant feature, in which low score values contribute
to lower performance prediction. As in arithmetic, attributes
such as type of school, mother’s education, social class, and
having ADHD appear with prominence and similar behavior
for writing, although in different orders of importance. The
sex attribute emerges with significant importance. According
to the graph’s explanation, being male approaches the predic-
tion of lower performance and the female sex contributed to
the instances being predicted as being of the higher class.

Figure 3e shows the plot of the mother’s schooling for writing.
It is possible to note that mothers with lower schooling levels
contribute significantly to student performance prediction as
lower. The behavior of this feature in arithmetic is similar.
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Figure 3 — Interpretability plots

Model experiments for Reading

The model’s behavior for reading obtained 86% for the lower
class and 67% for the higher class, showing a more significant
predictive capacity for the lower class.

Figure 3f shows that the Raven Z test score was once again
the most relevant feature for the model with similar behavior
as the other disciplines since high test scores indicate better
performance in reading.

The school year is the second most important feature for read-
ing. Through Figure 3g, it is possible to interpret that the stu-
dent improves his reading performance over the years.

It is reasonable to assume that the student’s height attribute
among the most relevant is possibly related to the school year.
Naturally, over the years, the tendency is to have higher height
values.

Finally, we observe the relevance of the feature mother’s age,
which being the child of older mothers contributes to the stu-
dent’s performance.

Discussion

Some aspects common to the three disciplines can be ob-
served. Regardless of the discipline, the model has a greater
predictive capacity for lower performance. Although the ideal
would be to have high rates for both classes, the model be-
haved very well for the lower class is considered satisfactory.
Understanding students’ profiles with low performance to

direct reflections and actions to this group were the factors
that motivated the creation of the database by the specialists.

The interpretability resources pointed to the Raven Z test
score as the most important feature in predicting academic
performance in all scenarios. Low scores on the Raven_Z con-
tribute a lot to the prediction for the lower class.

The influence of features related to the student’s mother, such
as education or age, appears in all disciplines. The model con-
siders a positive impact on mothers with complete or incom-
plete graduation. The other lower levels of schooling almost
always harm performance. In arithmetic, the father’s school-
ing showed relevance but with less importance than the moth-
er’s.

The explanation model presents attributes such as social class
and school type as important for predicting performance. Such
features added to the mother’s schooling build a framework
where the best economic conditions and school and family
support are essential in individuals’ academic lives, especially
in students with ADHD. They need the support of various
natures for their development process. On the other hand, it is
important to reflect on individuals who do not have such fa-
vorable attributes and still have to live with complications
resulting from the disorder.

The behavior of the attribute school year caused questioning,
as it presented a somewhat divergent behavior in the disci-
plines since, for reading, the advancement of school years
positively affects performance, and for arithmetic and writing,
the initial years contribute to higher performance. It is neces-
sary to deepen the understanding of this attribute’s behavior,
considering the need to maintain a critical view of both the
original and explanation models.
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Interestingly, attributes related to comorbidities commonly
related to ADHD and medication use did not appear among
the relevant features in the studied scenarios.

Conclusions

This research sought to recognize individuals with ADHD
profile in an academic environment by identifying the features
of the most significant impact on student performance in the
arithmetic, writing, and reading disciplines. Some ML meth-
ods were tested and the Random Forest proved to be the most
suitable for the scenario in question.

For reflections and actions to be performed, it is necessary to
understand the model’s decisions, especially understanding
how the attributes influenced the prediction process. Thus, the
use of the SHAP approach for interpretability proved to be
helpful. Its resources allowed to deepen the model’s under-
standing and identify the relevant features for academic per-
formance.

The experiments indicated that the student’s IQ, represented in
the database studied by the Raven Z IQ test, is the factor with
the most significant impact on academic performance in all
disciplines. Then, the mother’s schooling, being from a private
school, and the student’s social class were frequently high-
lighted attributes. This result indicates that the school and
family support around the student positively influences their
academic performance. In all disciplines, the student having
ADHD emerged as an important attribute with a negative im-
pact, but in general, less relevant than the previous features.

Finally, bringing together the explanations from the interpret-
ability resources used, it is possible to assess that ADHD is
indeed a complicating factor for academic performance, but
other attributes can minimize or enhance its impact. In the ML
field, it was possible to realize that the interpretability features
allow exploring the models substantially more profitable.

Acknowledgements

The authors thank the National Council for Scientific and
Technological Development of Brazil (CNPq - Conselho
Nacional de Desenvolvimento Cientifico e Tecnologico), the
Coordination for the Improvement of Higher Education Per-
sonnel - Brasil (CAPES) - Finance Code 001, the Foundation
for Research Support of Minas Gerais State (FAPEMIG),
Federal Center for Technological Education of Minas Gerais
(CEFET-MG), and Federal University of Minas Gerais
(UFMGQG). The work was developed at the Pontifical Catholic
University of Minas Gerais, PUC Minas in the Applied Com-
putational Intelligence laboratory — LICAP.

References

[1]  APA American Psychiatric Association and others,
DSM-5: Manual diagndstico e estatistico de transtornos
mentais, Artmed Editora, 2014.

[2]  E. B Rangel Junior and H. Loos, Escola e desenvolvi-
mento psicossocial segundo percepcdes de jovens com
TDAH, Paidéia, Universidade de Sao Paulo, 21 (2011),
pp. 373-382.

[3] T. W. Frazier, E. A. Youngstrom, J. J. Glutting and M.
W. Watkins, ADHD and achievement: Meta-analysis
of the child, adolescent, and adult literatures and a con-
comitant study with college students, Journal of learn-

ing disabilities, Sage Publications Sage CA: Los Ange-
les, CA, 40 (2007), pp. 49-65.

[4] A. Karim, M. Avinash, M. H. Newton and A. Sattar,
Machine Learning Interpretability: A Science rather
than a tool, arXiv preprint arXiv:1807.06722, 2018.

[5] M. Du, N. Liu and X. Hu, Techniques for interpretable
machine learning, Communications of the ACM, ACM
New York, NY, USA, 63 (2019), pp. 68-77.

[6] Lundberg, Scott M and Lee, Su-In, A unified approach
to interpreting model predictions, Advances in neural
information processing systems, 2017, pp. 4765-4774.

[7] L. M. Stein, TDE: teste de desempenho escolar: manu-
al para aplicac@o e interpretacdo, Sao Paulo: Casa do
Psicdlogo, 1994, pp. 1-17.

Address for correspondence

Marcelo Balbino: marcelobalbino@gmail.com
Caroline Jandre: caroline.jandre@sga.pucminas.br
Débora de Miranda: debora.m.miranda@gmail.com
Cristiane Nobre: nobre@pucminas.br


mailto:marcelobalbino@gmail.com
mailto:caroline.jandre@sga.pucminas.br
mailto:debora.m.miranda@gmail.com
mailto:nobre@pucminas.br

