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Abstract The objective of this study is to characterize the profile of individuals diagnosed with Obsessive-
Compulsive Disorder (OCD) in the Brazilian population, considering socioenvironmental and behavioral aspects.
For this purpose, the 2019 National Health Survey (PNS) database is considered. Based on a knowledge discov-
ery process, including conceptual modeling of the domain for conceptual selection of attributes, the Explainable
Boosting Machine (EBM) and Decision Tree algorithms are applied, aiming to identify relevant attributes for the
classification of OCD. The results indicate that both aspects improve the model’s performance, reaching an average
F1-score of 63% (59% for OCD = yes, and 66% for OCD=No). Results consistent with the literature were also
found, such as the relationship between OCD and poor sleep quality, diet quality, and mental disorders such as
anxiety and depression, among other factors. This study has limitations, such as the use of data that may not ac-
curately reflect socioeconomic and behavioral conditions during the development of OCD. Thus, this study serves
as an exploratory guide, capable of identifying profiles more vulnerable to triggers of the disorder, but without the
intention of replacing medical or psychological evaluation.
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1 Introduction

OCD (Obsessive-Compulsive Disorder), as established by
the Diagnostic and Statistical Manual of Mental Disorders
(DSM-5) (American-Psychiatric-Association [2013]), pub-
lished by the American Psychiatric Association, is charac-
terized by the presence of obsessions, compulsions, or both
in the daily life of those diagnosed with the disorder. Ac-
cording to the DSM-5 manual, obsessions are defined as re-
current thoughts and impulses that the individual consciously
attempts to suppress or neutralize through other thoughts and
actions. These attempts to mitigate impulses are character-
ized by compulsions, which are repetitive behaviors or men-
tal acts performed in response to an obsession or a perceived
obligation to act according to rigid and immutable rules. This
state ofmental distress impairs social, professional, and other
aspects of one’s life.
According to the World Health Organization (WHO),

OCD has a prevalence of 1% to 3% in the global population
(Baland et al. [2023]) and is classified among the 10 most
disabling diseases worldwide. In Brazil, it is estimated that
approximately four million people suffer from the disorder.
Based on a literature review in the clinical context, it was

observed that efforts to understand OCD are directed toward
three main areas: 1) understanding brain function from a
chemical and biological perspective, 2) linking symptoms to
other psychiatric disorders, and 3) analyzing the individual’s
behavioral aspects (Brander et al. [2016],Hiranandani et al.
[2023]). The literature review revealed that most investiga-
tions on the topic focus on the first area, where classification
approaches have been used to identify OCD patients based

on brain imaging (Hu et al. [2016], Kirsten et al. [2021]).
The second area typically involves analyzing overlapping
OCD symptoms with other disorders to reduce misdiagnosis
(Højgaard et al. [2023]). The third approach, widely consid-
ered by researchers, has primarily focused on a single behav-
ioral aspect of individuals previously diagnosed with OCD
(Segalàs et al. [2021], Boger et al. [2020]).
The literature review also revealed that there is still a lim-

ited number of studies focused on analyzing the social profile
of individuals with OCD, including the socio-environmental
characteristics of their lives. Some studies have provided ev-
idence of the correlation between traumatic events and social
factors. For example, Brander et al. [2016] identified poten-
tial risk factors such as perinatal complications, the reproduc-
tive cycle, and stressful life events associated with the onset
of the disorder. These studies highlight the characterization
of OCD as a complex and multifactorial problem.
In Data Science, studies employing Machine Learning

(ML) techniques to investigate mental disorders and health
conditions have become common. For example, Souza et al.
[2020] explores Deep Learning techniques to develop a clas-
sifier for the automatic identification of depression, anxiety,
and comorbidities. It was also observed that little attention
had been given to OCD and its factors within the ML do-
main, where the main contributions are relatively more re-
cent: Kirsten et al. [2021], Clemmensen et al. [2022], Patel
et al. [2023], and Zaboski et al. [2024].
Acknowledging ML’s limited contribution to understand-

ing OCD, this study aims to expand the field by identifying
socioenvironmental factors. Its goal is to determine whether
these factors impact the diagnosis of OCD and, if the answer
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is affirmative, which factors are the most relevant. Addition-
ally, the study seeks to determine whether behavioral factors
described in the literature as associated with OCD are present
in the characterization of this profile within the Brazilian pop-
ulation.
For this study, we consider two interconnected profiles:

a behavioral profile, which includes a set of characteris-
tics such as food and beverage consumption habits, exercise
habits, sleep quality, prescription medication use, and the so-
cioenvironmental profile which includes housing and work-
place vulnerability, reported violence, and mental disorders,
such as distress, excessive fear, sadness, and anxiety.
To better understand the behavioral and socioenvironmen-

tal profile of individuals with OCD, this study applies a
detailed knowledge discovery process KDD to identify the
main factors affecting the disorder in the Brazilian popula-
tion. As learning model will be considered supervised tech-
niques to characterize that profiles. To this end, the most
recent National Health Survey (PNS) conducted by IBGE
(IBGE [2020]) is considered. This study collected data on
the health status and lifestyle of the Brazilian population in
2019, comprising 1,087 attributes and 293,727 records. The
first model considers only attributes in the behavioral cate-
gory, while the second model includes attributes from both
behavioral and socioenvironmental categories. The goal is to
evaluate the performance of both models and primarily to un-
derstand whether the addition of socioenvironmental charac-
teristics strengthens or weakens the evaluation metrics, thus
contributing to the diagnosis of the disorder. A secondary
goal is to know whether the behavioral characteristics, when
used without the interference of socioenvironmental factors,
align with results found in the literature. These research
directions were established based on the observations and
knowledge of interviewed mental health experts. Consider-
ing the Brazilian population, this study seeks to reveal behav-
ioral patterns and socioenvironmental specificities that may
be unique to this population and not necessarily affect indi-
viduals with OCD in other countries. Thus, it is expected to
contribute to a deeper and more contextualized understand-
ing of OCD in Brazil.
As a key step in the adopted methodology, this study in-

troduces a preliminary phase focused on understanding the
problem domain to construct a conceptual model (CM) that
will guide the process of selecting relevant attributes. The
model is developed based on explicit knowledge (from the
literature) and tacit knowledge (through interviews with do-
main experts). This stage aims to identify various dimen-
sions (perspectives) and socioenvironmental factors that may
contribute to the development of OCD in an individual.
To gather experiential knowledge, systematic interviews

with mental health professionals were conducted. During
these interviews, direct questions were asked about identify-
ing the main dimensions and aspects related to the disorder
to gain a deeper understanding of the clinical approach to di-
agnosis. These interviews provided diverse insights into the
problem and how each expert perceives the symptoms and
triggers of OCD. Based on this, a conceptual model was cre-
ated to integrate all perspectives into a single visualization
to guide the knowledge discovery process, considering the
disorder’s specific aspects. This procedure introduced a new

step to the pipeline of a typical knowledge discovery process:
the conceptual attribute selection. This step was necessary to
address the high dimensionality of the PNS 2019 database.
To describe the socioenvironmental profile of individu-

als with OCD, a supervised learning model was constructed.
The study considers individuals who indicated during the
PNS survey whether they had been diagnosed with OCD or
not. Using the PNS data, transformations were applied to
derive new attributes with greater informational power re-
lated to the aspects highlighted by the conceptual model, thus
creating a new dataset for the study. Next, the Explainable
Boosting Machine (EBM) algorithm (The InterpretML Con-
tributors [2023]) was used to interpret the importance of each
attribute in the classification. Finally, the rules generated by
the Decision Tree via the KNIME platform (KNIME [2023])
were evaluated to check for the presence of behavioral pat-
terns mentioned in the literature and to determine whether so-
cioenvironmental factors might influence the identification
of the disorder.
Therefore, this study encompasses both the second and

third research approaches mentioned earlier, as it correlates
the presence of other mental disorders with OCD and uses so-
cioenvironmental and behavioral characteristics for the clas-
sification of the disorder. This work is an extension of the
article published in the 39th Brazilian Symposium on Data
Bases Rodrigues and Zárate [2024].
In addition to this introduction, this paper is structured into

four main sections: the literature review, which discusses
the main research lines on OCD; the methodology, which
describes the knowledge discovery process adopted to iden-
tify the profile of individuals suffering from the disorder; and
the experiments and results analysis section, which considers
the EBM and Decision Tree models. Finally, the conclusions
and future work based on this study’s findings are presented.

2 Literature Review
Based on the literature, and as mentioned earlier, three main
directions of study regarding OCD were observed. Focusing
on neuroanatomy, where the primary objective is to analyze
the causes of OCD, Hu et al. [2016] applies a multivariate
analysis (MVPA) on high-dimensional structural images to
discriminate betweenOCDpatients and healthy subjects. Us-
ing Support Vector Machine (SVM) and Gaussian Process
Classifiers (GPC), the authors analyzed differences in gray
matter and white matter volume in the brain. The results
demonstrated an accuracy of over 75% for both classifiers,
showing that these anatomical characteristics help differenti-
ate OCD patients.
Considering the relationship between OCD and other psy-

chiatric disorders, it is possible to highlight studies that fo-
cus on autism spectrum disorder (ASD), generalized anxi-
ety disorder (GAD), and eating disorders (EDs). Højgaard
et al. [2023] seeks to differentiate children with OCD and
autistic traits from those with OCD without these traits. The
presence of attention deficit hyperactivity disorder (ADHD)
and tic disorders was significantly associated with OCDwith
autistic traits. In Bang et al. [2020], the authors assessed the
presence of ED symptoms in OCD patients. The results sug-
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gest that individuals with OCD may present clinical EDs or
be at high risk of developing them.

Taking into account studies on behavioral characteristics,
specific symptoms and their impact on quality of life are typ-
ically evaluated. In Segalàs et al. [2021], the authors mea-
sured and analyzed the sleep quality of OCD patients and the
control group usingmultiple linear regression. The results in-
dicated that OCD patients exhibited lower sleep quality and
more disturbances compared to the control group. The study
also found that symptoms of depression and anxiety traits
generated by OCD were correlated with poor sleep quality.

Socioenvironmental characteristics related to OCD have
also been studied. Boger et al. [2020] analyzed the impact of
childhoodmaltreatment on the presence and severity of OCD
in adulthood and concluded that childhood abuse is associ-
ated with more severe OCD symptoms in adulthood. Bran-
der et al. [2016], Singh et al. [2023] and Endres et al. [2025]
conduct an in-depth review of the OCD literature from a clin-
ical perspective. They conclude that the review identified a
range of potential environmental risk factors for OCD, partic-
ularly in perinatal complications, reproductive cycle events,
and stressful or traumatic life events, but none of these fac-
tors can be conclusively said. All conclude that the quality
of life is significantly impaired by OCD, and highlight the
difficulties of its diagnosis.

Within the field of machine learning (ML), OCD has
gained attention from the scientific community in recent
years. For example, Kirsten et al. [2021] addresses the diag-
nosis of the disorder through the analysis of brain activity im-
ages obtaining AUC of 0.954. Clemmensen et al. [2022] and
Kalmady et al. [2022] use ML to develop frameworks and
intelligent devices capable of detecting the presence of OCD
in individuals under monitoring. The results obtained Accu-
racy of 89% (sample with 47 individuals) and 80.3% (sam-
ple with 350 instances) respectively. Xuanyi et al. [2023]
conducted a review of works, based on neuroimaging, to ex-
plore the relationship between changes in patient neurologi-
cal function and OCD. Patel et al. [2023] proposes strategies
to enhance the diagnosis of OCD by incorporating neurobi-
ological information from individuals. The results obtained
Accuracy of 86%. Segalàs et al. [2021] aimed to examine the
long-term course of OCD in patients treated with different ap-
proaches (drugs, psychotherapy, and psychosurgery) and to
identify predictors of clinical outcome by machine learning.
The best machine learning model achieved a correlation of
0.63 for predicting the long-term YBOCS Scale score. The
main limitations was the sample size of 60 patients.

Recently, in Zaboski et al. [2024], the authors incorporate
socioenvironmental aspects to predict the severity of OCD
within social contexts influenced by individuals’ personali-
ties and religiosity.

There are several studies on the causes of OCD and the
unique characteristics that interfere with its diagnosis. How-
ever, few works offer a global and systemic view of OCD
symptoms, especially within the Brazilian population. This
study aims to contribute to this scope by exploring socioen-
vironmental characteristics related to OCD through machine
learning techniques.

3 Methodology

3.1 Dataset description
The most recent National Health Survey (PNS) from 2019
(IBGE [2020]), a study conducted by the Brazilian Institute
of Geography and Statistics (IBGE) in partnership with the
Ministry of Health, was used as the data source.
The survey includes not only demographic data of the re-

spondents but also characteristics related to labor activity,
household income, the presence of individuals with disabili-
ties in the household, use of health insurance plans, and uti-
lization of healthcare services. General health information
is collected for individuals aged 60 years or older, and for
women aged 50 or older, information on women’s health con-
ditions is gathered. The study also considers self-perception
of health status, accidents and violence experienced, lifestyle,
chronic diseases, prenatal care, oral health, and medical care.
It encompasses data on the Brazilian population’s overall
health situation and lifestyle in 2019, with 293,727 respon-
dents and 1,087 questions to be answered.
The PNS dataset is primarily structured around four key ar-

eas: the performance of the national health system, the health
conditions of the population, the surveillance of diseases and
health-related issues, and associated risk factors.

3.2 Understanding the problem and concep-
tual attribute selection

It is important to note that the database considered for this
study originally contains 1081 variables, and any feature se-
lection method such as Filters, Wrapper, or Embedded ap-
plied to this number of variables would be computationally
infeasible. These methods would be more efficient and ef-
fective if a conceptual feature selection process could be ap-
plied beforehand. This conceptual selection should begin
with an understanding of the problem domain, based on both
explicit and tacit knowledge. The importance of domain un-
derstanding had already been emphasized by Fayyad et al.
[1996] and later by Cao [2010], but it has been largely ne-
glected in data mining and machine learning projects. In
Guyon et al. [2019], an analysis of the solutions presented
by participants during AutoML challenges was conducted.
The authors identified that preprocessing was not a target
among the participants. According to the analyses, the top-
ranked participants did not apply a feature selection process,
and two-thirds of the participants ignored irrelevant features.
Currently, the quest to improve the accuracy of Large Lan-
guage Models (LLM) has increased interest in modeling do-
mains expressed through domain-specific knowledge graphs,
which correspond to semantic representations, or ontology,
about a domain. Recently, Yuan et al. [2020] has proposed
the construction of knowledge graphs with minimal human
supervision. Brady et al. [2020] present a guide for public
health researchers, who are interested in building conceptual
models to convey their ideas to diverse audiences and pur-
poses.
For domain understanding and subsequent conceptual fea-

ture selection, the CAPTO method, proposed in Gonçalves
et al. [2024], was applied. This method is based on the Spiral
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Model of Knowledge, one of the most influential theories in
knowledge management today Teece [2000]. CAPTO aims
to capture tacit knowledge extracted from domain experts
and combine it with explicit knowledge obtained from var-
ious sources such as scientific literature, technical reports,
and database dictionaries. It then proposes constructing a
conceptual model to support the selection of attributes in data
science projects. These conceptual models are structured
into dimensions (different perspectives on the problem do-
main), aspects (relevant directions within each dimension),
and potential attributes (variables linked to each aspect of
the domain). These attributes should then be aligned with
the variables from the available data sources for the study.
Below, we briefly outline the stages of the CAPTO method.
As a first step, systematic interviews were conducted with

domain experts in psychological disorders, including profes-
sionals from both psychology and psychiatry. During the
interviews, the major behavioral characteristics of individ-
uals with OCD were discussed, along with how these char-
acteristics can be used for diagnosing the disorder. In ad-
dition to domain expert interviews with psychologists and
psychiatrists, we also examined research on behavioral com-
ponents associated with OCD. Prior studies have shown cor-
relations between poor sleep quality and increased depres-
sion and anxiety symptoms in OCD patients Segalàs et al.
[2021]. Nagata et al. [2023] analyzed screen time in children
with the higher probability of developing OCD , and Boger
et al. [2020] verified the impact of childhood maltreatment
on greater symptom severity in adulthood . Additionally, the
socioenvironmental factors that might influence the presenta-
tion of the symptoms were addressed. These insights, com-
bined with expert perspectives, were consolidated into the
unified conceptual model (CM), see Figure 1. These inter-
views helped identify various dimensions (perspectives) of
the domain. The dimensions and aspects of the CM, along
with the attributes linked to the 2019 PNS dataset, through
the conceptual attribute selection, are shown in Table 1. A
more detailed description of the selected attributes can be
found in the PNS data dictionary IBGE [2020].

3.3 Dataset assembly
The next step is to compose the new dataset after the concep-
tual attribute selection step, guided by the conceptual model.
For the instance selection, the Q11009 attribute from the

2019 PNS (OCD diagnosis, 1: Yes, 2: No) was considered.
Instances without classification for OCD and all instances
corresponding to individuals under 18 years of age were re-
moved. The latter removal was necessary because several
attributes of this group that were used in the subsequent
preparation and transformation steps contained missing val-
ues. The dataset consists of 270 instances for the class OCD
= Yes and 370 instances for the class OCD = No.

3.4 Data transformation and preprocessing
The selected attributes were divided into two categories to
form two distinct datasets. The first dataset includes only
behavioral attributes, while the second one contains socioen-
vironmental attributes. This separation was made to eval-

Table 1. Dimensions and Aspects for ”Obsessive-Compulsive Dis-
order (OCD) selected by the conceptual model”

Problem Domain: OCD
Dimension: DSM-5 Diagnostic Criteria

Aspects Mapped Attributes

Chronic Diseases

Q00201, Q03001, Q060,
Q06306, Q068, Q074,
Q079, Q088, Q11604,

Q120, Q124
Mental Suffering
(distress, excessive
fear, sadness, and

anxiety)

Q092, Q11006, Q11007, Q11008, Q11010

Controlled
medications

(substances with
potential for

psychological or
physical

dependence)

Module Q - Chronic Diseases

Alcohol and
Tobacco ALCOHOL: P027, P02801

TOBACCO: P050 to P053
Dimension: Psychological Feelings and Triggers

Aspects Mapped Attributes
Trauma and
Violence Module V - Violence

(For people aged 18 or
older)

Work
Module E - Work Characteristics of

people aged 14 or
older

Housing Module A - Household Information
Sanitary Habits U00204, U00101

Individual
Characteristics C006, C008, C009, C011,

VDD004A
Dimension: Health Control and Lifestyle

Aspects Mapped Attributes
Use of Health
Services J012

Nutrition P00601 to P02602
Physical Exercise P034 to P03702

Health Plan I00102, I001021
Screen Time P04501 and P04502

Sleep Q132 to Q134, N010

uate how these two categories contribute to describing the
profile of individuals with OCD. The behavioral characteris-
tics include Alcohol consumption, Tobacco use, Health ser-
vices utilization, Frequency of oral hygiene, Physical exer-
cise, Sleep quality, Screen time, Dietary quality, and Medi-
cation use. The socioenvironmental characteristics include
Sex, Age, Race/ethnicity, Marital status, Education level, In-
dicators of violence (psychological, physical, and sexual),
Work vulnerability, Housing vulnerability, Health insurance,
Chronic diseases, and Mental distress.

The transformation and attribute merging rules are shown
in Tables 2, 3, and 4. The attribute nomenclature can be
found in the PNS microdata dictionary IBGE [2020].
The attribute values derived from numerical calculations

were discretized by dividing them into percentiles. Each
group of values within these percentiles was transformed into
a category for a new discretized attribute. The socioenviron-
mental characteristics, especially those related to Work vul-
nerability and Housing vulnerability, were based on the so-
cial determinants of health outlined by Buss and Pellegrini
[2007], and the studies of Azeredo et al. [2007] and Paster-
nak [2016] for defining irregular housing conditions.
Continuous attributes were transformed into discrete cat-

egories through a supervised discretization process. To
achieve this, the statistical distribution of the attributes,
specifically quartiles, was used as the initial criterion to de-
fine the limits of the intervals. Furthermore, the distribu-
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Figure 1. Conceptual model for Obssessive-Compulsive Disorder (OCD)”

Table 2. Data transformation - Behavioral Aspects
Behavioral Aspects

Aspect Transformation rules

Alcohol

If ”P027” = 1, then ”Never drunk”
If ”P027” = 2 and ”P02801” = Null, then ” 1x per week”
If ”P027” = {2,3} and ”P02801” = 0, then ” 1x per week”
If ”P027” = 3 and ”P02801” = {1,2,3}, then ” 1 to 3x per

week”
If ”P027” = 3 and ”P02801” = {4,5,6}, then ” 4 to 6x per
week”

Tobacco

If ”P052” = 3, then ”Never smoked”
If ”P050” = 3 and ”P052” = {1,2}, then ”Smoked, but not

anymore”
If ”P050” = 2, then ”Smokes occasionally”

If ”P050” = 1, then ”Smokes daily”

Teeth brushing

If ”U0024” = 2, then ” 1x per day”
If ”U0024” = 1 and ”U00101” = 4, then ” 1x per day”
If ”U0024” = 1 and ”U00101” = 3, then ”1x per day”
If ”U0024” = 1 and ”U00101” = 2, then ”2x per day”

If ”U0024” = 1 and ”U00101” = 1, then ”3x or more per
day”

Physical exercises Time = Work out time in hours = (P025 * P03701) +
(P03702 / 60)

If ”P034” = 2 and ”P035” = 0, then ”Doesn’t exercise”
If ”P034” = 2 and Time = 2, then ” 2h per week”

If ”P034” = 2 and 2 < Time <= 4, then ”2 to 4h per week”
If ”P034” = 2 and 4 < Time <= 6, then ”4 to 6h per week”

If ”P034” = 2 and Time > 6, then ”> 6h per week”

Sleep Quality

R = Poin system
”Q132”: Yes = -1, No = 0 +
”Q133”: 1 to 3 days = -1;

4 to 7 days = -2; 8 to 14 days = -3 +
”Q134”: Yes = -1, No = 0
If -1 <= R <= 1, then ”Bad”

If 2 <= R <= 4, then ”Moderate”
If R = 5, then ”Good”

Screen Time If ”P04501” = 6 and ”P04502” = 6, ”Doesn’t use screens”
If ”P04501” + ”P04502” < 3, ”Low”

If 3 <= ”P04501” + ”P04502” < 5, ”Moderate”
If ”P04501” + ”P04502” = 5, ”High”

Food Quality

R = Amount of days * Point Sytem:
”P02501”, ”P02602” = - 8

”P02002” = - 5, ”P02001” = - 4
”P023” = 2, ”P01601” = 3

”P01101”, ”P013”, ”P015”, ”P018” = 4”P006” = 5,
”P00901” = 8

If -11 <= R < 6, then ”Very bad”
If 6 <= R < 10, then ”Bad”

If 10 <= R < 14, then ”Moderate”
If 14 <= R <= 24, then ”Good”

Controlled
medications X = Attributes from module ”Q”

If any X = 1, then ”Uses controlled medications”
If all X != 1, then ”Doesn’t use controlled medications”

tion of the classification attribute (presence or absence of
OCD) within each generated interval was considered. This
approach aims to maximize the discriminative capacity of
the intervals, that is, to create cutoffs that best represent the
separation between the classes of the target variable. Af-
ter the transformation and initial selection of the attributes,

Table 3. Data transformation - Socioenvironmental Aspects
Socioenvironmental Aspects

Aspect Transformation rules

Violence

Psychological = V00201 to V00205
Physical = V01401 to V01405
Sexual = V02701 to V02802

A = If all attributes = 2 then ”No”
A = If any attribute = 1 then ”Yes”

Offender

If A = Yes, then:
If attribute = 1, 2 or 3 then ”Romantic

Relationship”
If attribute = 4,5,6 or 7 then ”Family”

If attribute = 8 then ”Friend or Neighbor”
If attribute = 9 or 10 then ”Work colleague”

If attribute =11, 12 or 13 then ”Other”

Vulnerab.
at Work

Auxiliary Variables
Has a job: If ”E001”,”E002”,”E003”,”E004” or

”E02601” = 1, then ”Yes”
Has a paid job: ”E001”, ”E01601” or ”E01801” =

1 then ”Yes”
Is retired: If ”F001011” = 1, then ”Yes”

Has multiple jobs: If ”E011” = 2 or 3, then ”Yes”
Total Income: ”E01602” + ”E01802” + ”F001021”

Rules
If Has a job = ”No” and Is retired = ”No”, then

”Yes”
If Has a job = ”Yes” and Has a paid job = ”No”,

then ”Yes”
If Has a job = ”Yes” and Has multiple jobs = ”Yes”,

then ”Yes”
If Has a job = ”Yes” and Has multiple jobs = ”No”

and Income Minimim Wage, then ”Yes”
If any other case, then ”No”

an analysis of the distribution of the attributes in relation
to the target variable was performed. This step involved
comparing the relative frequency of each attribute category
in both classes (with and without OCD). Attributes such as
Sex, Use of Health Services, Sexual Violence, and Chronic
Diseases were excluded from the analysis because they pre-
sented highly balanced distributions between the classes, that
is, they did not demonstrate a significant discrimination with
the variable of interest.
After completing the transformations, the attributes Sex,

Healthcare Utilization, Sexual Violence, and Chronic Dis-
eases were removed. Preliminary experiments showed
that including these attributes decreased the model’s perfor-
mance. By the end of the data preparation process, the result-
ing dataset is significantly smaller compared to the original,
as shown in Table 5.
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Table 4. Data transformation - Socioenvironmental Aspects
Socioenvironmental Aspects

Aspect Transformation rules
Vulnerability
Housing

Auxiliary Variables
Aux 1. (V0022) / (A01401)
Aux 2. (V0022) / (A011)

Inadequate Residence: If ”A001” = 3, or
”A00210” = {2,3} or ”A004010” = 4, then ”Yes”
No Basic Sanitation: If ”A01501” = {3,4,5,6},

then ”Yes”
Inadequate Water Source: If ”A005010” = {3,5},

then ”Yes”
Inadequate Water Storage: If ”A00601” = 3 or

”A009010” = {2,6}, then ”Yes”
Inadequate Sanitary Installation : If ”A01401”

or Aux 1 = 3, then ”Yes”
Inadequate Waste Disposal : If ”A016010” =

{3,4,5}, then ”Yes”
More than 3 People per Bedroom: If Aux 2 = 3

then ”Yes”
Lack of Basic Household Appliances: If

”A018013” = 2 or (”A018019 ” and ”A018017”) =
2 or ”A01901” = 2, then ”Yes”

Rules
If any auxiliary = ”Yes” then ”Unhealthy Housing”
If all auxiliaries = ”No” then ”Healthy Housing”

Health Insurance If ”I00102” = 1 and ”I001021” = X, then X
If ”I00102” = 2, then 0

Chronic Diseases

Q00201, Q03001, Q060, Q06306, Q068, Q074,
Q079, Q088, Q11604, Q120, Q124
If any attribute = 1, then ”Yes”
If all attributes = 2, then ”No”

Mental Disorders
Q092 and Q11007 to Q11010
If any attribute = 1, then ”Yes”
If all attributes = 2, then ”No”

Table 5. Comparison Original x Final Dataset
Original Final

Attributes 1087 19
Instances 293726 640

3.5 Machine Learning models
To describe the profile of individuals with OCD were con-
structed two classification models: one based on Decision
Tree to obtain the interpretability rules, and another based on
Explainable Boosting Machine (EBM) (Yin et al. [2013]) to
rank the attributes. The models were built using the KNIME
platform.
EBM is a machine learning technique designed to pro-

vide accurate predictions while being highly interpretable.
The model is an evolution of Generalized Additive Models
(GAMs), linear models that allow for non-linear interactions
between attributes. The algorithm builds an initial model
for each predictor attribute independently. It then applies a
boosting procedure, an iterative method where errors from
the initial model are used to adjust and improve the model.
This procedure is carried out additively, leading to an inter-
pretable model.
The parameterization of the algorithms is described as fol-

lows, and it took the results of preliminary experiments: The
hyperparameters for the Decision Tree were Gini as the qual-
ity measure; simple pruning; the minimum number of in-
stances required to split a tree node was set to 10; and bi-
nary splits for nominal values were applied. The dataset was
divided into 70% for training and 30% for testing (hold-out
technique). Stratified sampling by class was not applied to
avoid the risk of bias, as the dataset size can be considered
small, which already affects the learning process. In our
work, we considered random sampling. A cross-validation
procedure with k-fold = 10 was used for training. Fine-
tuning of the algorithm was not necessary, given the results

achieved.
The EBM based model was used to explain the relevance

of each attribute and obtain the ranking of each about its pres-
ence and importance in the decision tree rules. The train-
ing and testing sets were also defined by the 70-30% non-
stratified proportion. The training time for both models was
insignificant due to the dataset’s small number of instances.
The first model considers only attributes in the behavioral

category (results in Table 6 and 8), while the secondmodel in-
cludes attributes from both behavioral and socioenvironmen-
tal categories (results in Table 7 and 9). As mentioned, the
aim is to know whether the behavioral characteristics, when
used without the interference of socioenvironmental factors,
align with results found in the literature.

4 Experiments and results analysis
For the Decision Tree-based models, Tables 6 and 7 show
the results of the cross-validation training process, consider-
ing the partial (behavioral attributes) and complete (behav-
ioral and socioenvironmental attributes) datasets. The aver-
age values for the F1-score are 53% and 59% for the partial
and complete datasets, respectively. The best result corre-
sponds to the complete dataset. For predicting class OCD =
Yes, the F1-score reached an acceptable confidence interval
of [0.62, 0.63] with a 95% confidence level.
Tables 8 and 9 show the results of the testing procedure for

the partial and complete datasets, respectively. The complete
dataset again achieved the best result, with an average F1-
score value of 63%.
It is also noticeable that the model performs better for the

class OCD = No. This is due to the slight imbalance in the
number of instances processed, with 270 instances for the
class OCD = Yes and 370 instances for the class OCD = No.
For the experiments conducted, and given the reduced num-
ber of instances, it was decided not to apply under-sampling
balancing, which would further reduce the number of avail-
able instances. Choosing over-sampling balancing could in-
troduce distortions in the results, considering the difficulty
in separating the classes.
Based on these results, it was possible to conclude that be-

havioral and socioenvironmental attributes can improve the
model’s performance and contribute to a more accurate diag-
nosis.
The rules generated by the decision tree for the complete

dataset are shown in Table 12. It is important to emphasize
that the rules considered for analysis correspond to those that
represent at least 10% of the population of the predicted clas-
sification. Only those with the highest prediction accuracy
for each class were explored.
Rule 1 represents 67%of cases thatmeet the rule and are di-

agnosed with OCD. The rule highlights the presence of men-
tal suffering, poor sleep quality, and having suffered psycho-
logical violence, whether from a friend, romantic relation-
ship, or work colleague. Rule 2 represents 87% of the cases
that meet the rule and are diagnosed with OCD. The rule em-
phasizes that, although there is no mental suffering, marital
status as <Single> or <Divorced> may make the individual
vulnerable to the onset of the disorder
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Rule 3 indicates that an individual, although not present-
ing mental suffering or psychological violence, may develop
OCD if they have poor sleep quality and feel vulnerable at
work.

Table 6. Cross-Validation: DecisionTree
Behavioral Dataset
Precision Recall F1-score

OCD = Yes 0.483 0.383 0.42
OCD = No 0.604 0.686 0.639

Table 7. Cross Validation: Decision Tree
Behavioral & Socio-environmental Dataset

Precision Recall F1-score
OCD = Yes 0.534 0.549 0.533
OCD = No 0.666 0.655 0.655

EBM showed low performance for the attribute ranking us-
ing the Partial dataset, as presented in Table 13. The average
Precision was 0.733, the average Recall was 0.162, and the
average F1-score was 0.265. With the Complete dataset, the
model performed better, as expected when complete data is
considered, achieving an average Precision of 0.741, an aver-
ageRecall of 0.421, and an averageF1-score of 0.573. In this
case, cross-validation was not applied because the objective
was not to assess the model’s performance but to leverage its
interpretative ability to understand the relevance of each at-
tribute for classification. The ranking of predictor variables
for the complete dataset is shown in Table 10. At the first
level (with an average absolute score up to 0.15), mental suf-
fering (1) and sleep quality (2) emerge as key factors in in-
dividuals with OCD. At the second level (with an average
score up to 0.08), food quality (3), work vulnerability (4),
work vulnerability combined with alcohol consumption (5),
psychological violence (6), and alcohol consumption (7) are
identified as significant factors.
Additionally, it can be observed from Table 10 that, de-

spite socio-environmental attributes such as Mental Suffer-
ing (1) and Work Vulnerability (4) having strong decision-
making influence in classification, behavioral characteristics
such as Sleep Quality (2) and Food Quality (3) still rank
highly even after the inclusion of socioenvironmental fac-
tors.
This pattern aligns with findings in the literature, such as

the study by Segalàs et al. [2021], where the authors identi-
fied a correlation between depression and anxiety symptoms
in individuals with OCD and poor sleep quality. The deci-
sion tree rules for the complete dataset also support this con-
clusion, as seen in Table 12, where the characteristic Sleep
Quality = Poor had a strong ability to separate tree nodes for
the class OCD = Yes, as did Sleep Quality = [Good, Mod-
erate] for the class OCD = No. Regarding food quality, the
study by Bang et al. [2020] states that a considerable subset
of OCD patients may have a clinical eating disorder or be
at high risk of developing one. This correlation is visible in
Table 11, which associates Food Quality = [Poor, Very Poor]
with the class OCD = Yes classification.

Table 8. Test Results: Decision Tree
Behavioral Dataset
Precisão Recall F1-score

OCD = Yes 0.397 0.387 0.392
OCD = No 0.613 0.624 0.619

Table 9. Test Results: Decision Tree
Behavioral & Socio-environmental Dataset

Precision Recall F1-score
OCD = Yes 0.614 0.567 0.59
OCD = No 0.642 0.686 0.664

Table 10. Complete Rank: EBM
Rank Attribute Value
1 mental_sufferings 0.18
2 sleep_quality 0.15
3 food_quality 0.1
4 work_vulnerability 0.08
5 work_vulnerability & alcohol_consumption 0.08
6 psychological_violence 0.08
7 alcohol_consumption 0.08
8 psychological_violence & screen_time 0.07
9 instruction_level & exercise 0.06
10 instruction_level & exercise 0.06
11 mental_sufferings & sleep_quality 0.06
12 psychological_violence & sleep_quality 0.05
13 instruction_level 0.05
14 age & sleep_quality 0.05

Table 11. Decision Tree Rules: Behavioral Dataset
Behavioral Dataset

Rule 1 Total Correct
If
exercise in {”Doesn’t exercise”,
”< 2h a week”, ”>= 6h a week”}
and sleep_quality = ”Bad”
and food_quality in {”Bad”, ”Very Bad”}
Then OCD = ”Yes”

59 41

Rule 2 Total Correct
If
exercise in {”Doesn’t exercise”,
”< 2h a week”, ”>= 6h a week”}
and sleep_quality = ”Bad”
and food_quality in {”Good”, ”Moderate”}
and tobacco in {”Smoked, but not anymore”,
”Smokes occasionally”, ”Smokes daily”}
Then OCD = ”Yes”

30 17

Rule 3 Total Correct
If
sleep_quality = ”Bad”
and food_quality in {”Good”, ”Moderate”,
”Bad”}
screen_time in {”Moderate”, ”High”}
and tobacco in {”Smoked, but not anymore”,
”Smokes occasionally”}
Then OCD = ”No”

48 36

Finally, when analyzing the results generated by the EBM
for socioenvironmental attributes in the complete dataset, we
can identify Mental Suffering and Work Vulnerability as the
most significant. It is important to note that Mental Suffer-
ing includes the presence of other mental conditions in ad-
dition to OCD, meaning pre-existing conditions or those di-
agnosed after the OCD diagnosis. In the case of individuals
without OCD, this refers to mental conditions such as depres-
sion, anxiety, schizophrenia, among others.
According to the rules generated by the tree, Mental Suf-

fering = No shows little correlation with OCD, whereasMen-
tal Suffering = Yes is correlated with class OCD = No. This
rule aligns with the clinical diagnosis of the DSM-5, which
states that the symptoms presented by the patient for an OCD
diagnosis must not be better explained by diagnostic criteria
for another mental disorder. This means that if a person is di-
agnosed with OCD, symptoms of anxiety and depression, for
example, presented by the patient, are considered symptoms
of OCD and not separate diagnoses of Anxiety or Depression.
Therefore, individuals diagnosed with OCD are also unlikely
to have other diagnoses.
Regarding the attribute Work Vulnerability, results con-
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Table 12. Decision Tree Rules: Complete Dataset
Behavioral & Socio-environmental Dataset

Rule 1 Total Correct
If mental_suffering = ”Yes”
and sleep_quality = ”Bad”
and psychological_violence in
{”Friend or Neighbour”,
”Romantic Relationship”,
”Work Colleague”}
Then OCD = ”Yes”

30 20

Rule 2 Total Correct
If mental_suffering = ”No”
and legal_status in {”Single”, ”Divorced”}
then OCD = ”Yes”

30 26

Rule 3 Total Correct
If mental_suffering = ”Yes”
and sleep_quality = ”Bad”
and psychological_violence = ”No”
and work_vulnerability in
{”Adult”, ”Middle-aged”, ”Elderly”}
Then OCD = ”Yes”

29 19

Rule 4 Total Correct
If mental_suffering = ”Yes”
and sleep_quality in{”Bad”, ”Moderate”}
and psychological = ”No”
Then OCD = ”No”

75 71

Rule 5 Total Correct
If mental_suffering = ”Yes”
and sleep_quality = ”Bad”
and psychological = ”No”
and work_vulnerability = ”Yes”
and skin_color in {”White”, ”Black”,
”Yellow”, ”Indigenous”}
Then OCD = ”No”

37 28

Table 13. EBM training results
Model Precision Recall F1-score

Partial Dataset 0.733 0.162 0.265
Complete Dataset 0.741 0.421 0.573

trary to those discussed with health specialists were found.
During the interviews, it was reported that vulnerabilities
such as stress and unpleasant work environments would have
high relevance in the presentation of OCD symptoms. How-
ever, the rules identified by the Decision Tree showed the
opposite, indicating that when this aspect is present, it corre-
lates with the absence of OCD in the patient.

5 Conclusion and Future Work
The analysis of predictive models based on behavioral
and socioenvironmental variables revealed valuable insights
into the classification of OCD. The inclusion of socio-
environmental variables significantly increased the F1-score
for class OCD = Yes, although the impact on class OCD =
No was less pronounced.
Behavioral variables, such as sleep quality and food qual-

ity, were the most informative, as highlighted by both the
EBMmodel and the decision tree rules in relation to existing
literature. In particular, poor sleep quality was a significant
constant in the decision tree rules, reinforcing its importance
as a determining factor in behavioral analysis. By adding so-
cioenvironmental variables, we observed an increase in the
proportion of rules related to these characteristics, especially
the absence of other mental sufferings, which is highly cor-
related with OCD. This aligns with the DSM-5, which indi-
cates that individuals with OCD are unlikely to have prior
diagnoses of other disorders due to symptom overlap.
In summary, although the dataset does not provide pre-

cise information due to several challenges, such as the low
number of OCD cases, the need to exclude underage partic-

ipants, and the removal of attributes too balanced between
classes, it demonstrated that socioenvironmental characteris-
tics are valuable for OCD classification, mainly when asso-
ciated with behavioral traits. Therefore, the results support
the usefulness of including various factors to enhance the ac-
curacy and depth of predictive analyses on OCD.
It is essential to highlight a significant limitation of this

study: the absence of a longitudinal study of the participants
in the 2019 PNS. It is possible that the OCD diagnosis oc-
curred many years before the interviews, which prevents as-
serting that the socioenvironmental characteristics presented
in the survey were the same as those at the time of diagno-
sis. Thus, future work should include a longitudinal study
to track changes in socioenvironmental characteristics over
time and their relationship with the OCD diagnosis.
Moreover, there is a desire to replicate the process with a

larger dataset, i.e., with a more significant number of OCD-
labeled instances, and modify the data transformations of
socioenvironmental characteristics, aiming for a more repre-
sentative model. The algorithms’ fine-tuning process, which
was not performed in this study, will also be executed. Ad-
ditionally, the goal is to understand the reason behind the in-
verse relationship between Work Vulnerability and the diag-
nostic by merging new attributes or exploring characteristics
correlated with this aspect.
Finally, it is important to emphasize that data mining

searches for patterns within a data set, which are potential
statistical hypotheses that must be confirmed through subse-
quent population studies. Given these discovered profiles for
OCD, it is hoped that new research proposals will be devel-
oped in the fields of medicine and psychology to understand
behavioral phenomena and contribute to improving the qual-
ity of life of individuals with OCD, in addition to potentially
fostering public policy proposals.
This study has limitations, such as the use of data that may

not accurately reflect socioeconomic and behavioral condi-
tions during the development of OCD, as they represent only
a snapshot of a specific moment in the interviewee’s life. It
should be noted that the proposed analysis is not diagnostic
in nature, since OCD should be diagnosed exclusively based
on the clinical criteria of the DSM-5. Thus, this study serves
as an exploratory guide, capable of identifying profiles more
vulnerable to triggers of the disorder, but is not intended to
replace medical or psychological evaluation.
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