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Abstract: This study investigates the relationship between health status and lifestyle behaviors in relation to depression,
utilizing data from the 2019 Brazilian National Health Survey (NHS). By applying Formal Concept Analysis
(FCA) through dyadic analysis, we identify associations among health perceptions, health habits, social sup-
port, experiences of violence, and diagnosed conditions to explore depression patterns among Brazilian adults,
including young adults, middle-aged adults, and older adults. The analysis reveals that a perception of good
health is frequently linked to depression from the studied dataset. Gender-specific trends are also apparent,
as females are more frequently diagnosed with depression compared to males, indicating a potential gender
bias. Sleep problems and medicine to sleep were also associated with depression, as well as self-deprecating
thoughts and some traces of violence experiences. Our findings emphasize the intricate interplay between
health perceptions, health behaviors, and gender in understanding depression, highlighting the necessity for
nuanced approaches in mental health assessments and interventions.

1 INTRODUCTION

Depression has emerged as a major public health is-
sue, standing as the second most prevalent mental
health disorder worldwide (Disease et al., 2018).

Data mining tools have been increasingly em-
ployed in the field of health to investigate depression
and mental illnesses (Hassan et al., 2023), (Zhang
et al., 2022), (Biilah et al., 2022). These methods
enable researchers to uncover complex patterns and
correlations within datasets, providing valuable in-
sights into the factors that contribute to mental health
conditions. The application of data mining tools of-
fers significant potential for enhancing early detec-
tion and diagnosis, particularly in cases of depression,
where undiagnosed conditions remain a pressing con-
cern (Williams et al., 2017).

Depression is particularly relevant in Brazil, and
it has been investigated through the current National
Health Survey (NHS) data (Harding et al., 2022)
which is a comprehensive household survey con-
ducted in Brazil, aimed at assessing the health con-
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ditions, lifestyle habits, and access to healthcare ser-
vices among the Brazilian population.

The first edition of the NHS was conducted in
2013, followed by a subsequent survey in 2019.
Both provide information evolving health landscape
of Brazil, offering a robust database for policymak-
ers, healthcare professionals, and researchers. They
reveal significant trends and shifts in public health in-
dicators, reflecting the socio-economic changes and
the impact of health policies over the years.

The 2019 survey aimed to update the data col-
lected in 2013 and explore new health challenges that
emerged during this period. The scope of the survey
was expanded to include additional questions on men-
tal health, use of healthcare services, violence experi-
ences, and preventive health measures, among others.
With data from approximately 108,000 households,
the NHS 2019 offered an updated and more detailed
portrait of health conditions across Brazil.

In this context, this study aims to employ Formal
Concept Analysis (FCA), using the NHS 2019 dataset
to uncover associations between health status, health
habits, social support, experience of violence, and di-
agnoses conditions to examine depression patters in
Brazilian adults (young adults, middle-aged adults,
and older adults).
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2 FORMAL CONTEXT AND
CONCEPT

Formal Concept Analysis (FCA), introduced by
Rudolf Wille in the early 1980s, is a methodology for
data analysis and knowledge representation (Wille,
1982). FCA structures data into a hierarchy of con-
cepts, allowing the exploration of inherent relation-
ships within a dataset. In this way, this method found
applications in numerous fields, including machine
learning, software engineering, and information re-
trieval (Wille, 1982), (Poelmans et al., 2013).

At its core, FCA is based on the notion of a formal
context, which is defined as a triplet (G,M, I), where
G is a set of objects, M is a set of attributes, and I is
a binary relation indicating which objects have which
attributes (Ganter et al., 1997).

From the context, FCA derives formal concepts,
each consisting of an extent (a set of objects) and an
intent (a set of attributes), satisfying certain mathe-
matical properties (Ganter et al., 1997). These con-
cepts form the building blocks for a deeper under-
standing of the data, as they encapsulate meaning-
ful relationships between objects and their attributes.
Formally, a formal concept is defined as a pair (A,B),
where A ⊆ G and B ⊆ M such that A is the set of all
objects that share all attributes in B, and B is the set of
all attributes common to all objects in A. Mathemati-
cally, this can be expressed as Equations 1 e 2:

A = {g ∈ G | ∀m ∈ B,(g,m) ∈ I} (1)

B = {m ∈ M | ∀g ∈ A,(g,m) ∈ I} (2)

The collection of all formal concepts within a
given formal context can be organized into a com-
plete lattice, known as the concept lattice, where each
node in the lattice represents a formal concept, and
edges represent the inclusion relationships between
concepts.

One of the key advantages of FCA is its ability to
handle incomplete and inconsistent data effectively.
Unlike many traditional data analysis methods that
require complete and consistent datasets, FCA can
work with data that has missing or contradictory in-
formation (Ganter et al., 1997). This makes FCA par-
ticularly useful in real-world applications since the
robustness of the formal context and concept lattice
of FCA provides a reliable means of extracting valu-
able insights from imperfect data and interpretable
patterns within data, especially when dealing with
complex datasets where traditional methods may fall
short.

Furthermore, FCA has a strong theoretical foun-
dation that supports its practical applications. The

mathematical rigor behind FCA ensures that the con-
cepts and relationships it identifies are well-defined
and consistent (Ganter et al., 1997).

In the context of FCA, association rules are used
to express implications between formal concepts. Un-
like traditional association rules, which does not re-
quire the formal concept structure, FCA rules explic-
itly does (Agrawal and Srikant, 1994), taking the form
X → Y , where X and Y are formal concepts such that
X ⊆Y . These rules allow us to express that whenever
the objects in concept X possess certain attributes,
they are also likely to possess the attributes in concept
Y . Two key metrics are used to evaluate the quality
of association rules in FCA: support and confidence,
such as:

Support(X → Y ) =
|X ∩Y |
|G|

(3)

where |X ∩Y | represents the number of objects that
belong to both the antecedent and the consequent, and
|G| is the total number of objects in the formal context

Confidence(X → Y ) =
|X ∩Y |
|X |

(4)

where |X | is the number of objects in the antecedent.
A higher confidence value indicates a stronger asso-
ciation between the antecedent and the consequent,

The formal concept lattice enables a more struc-
tured and hierarchical interpretation of association
rules, which can be particularly valuable in applica-
tions where the relationships between attributes are
complex and interdependent, being particularly use-
ful for tasks such as concept learning, ontology con-
struction, and the analysis of formal contexts in social
and biological sciences (Roscoe et al., 2022).

3 RELATED WORKS

Concerning depression condition, Silva et al. (2014)
investigated depression association with adults and
detected a significant association between depression
and health behaviors, particularly with smoking and
physical activity. The associations found using the
PHQ were similar to those observed with a single
question about depressive mood. The study’s results
highlighted the importance of assessing the presence
of depression and the frequency and severity of symp-
toms when implementing actions to promote healthy
behaviors.

Lopes et al. (2022) found a significant increase in
the prevalence of depressive symptoms over the six
years between NHS 2013 and NHS 2019 surveys. The
finding that the group of younger and unemployed
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Figure 1: Organization of the groups of variables in the dataset in different dimensions of health.

men showed the highest variation in the prevalence
of depressive symptoms.

Hintz et al. (2023) investigated associated fac-
tors to depression. The study included 88,531 par-
ticipant records with 10.27% diagnosed with depres-
sion. The study showed the following factors associ-
ated with depression: age, brown and white race/skin
color, female sex, poor, very poor, or regular self-
reported health condition, diagnosis of cardiovascular
disease, work-related musculoskeletal disorder, his-
tory of smoking habit, and macroeconomic region.

4 MATERIALS AND METHODS

4.1 Databases Description

This study utilizes data from the 2019 edition of the
National Health Survey conducted in Brazil, aiming
at assessing the health conditions, lifestyle habits,
and access to healthcare services among the Brazilian
population through a probabilistic sample of house-
holds. The information is provided by a resident who
is deemed capable of representing the entire house-
hold, which is based on a structured questionnaire.
The file questionnaires, dictionaries of the databases,
and other data information can be accessed on the
IBGE website1. The number of attributes and in-
stances of the datasets are described in Table 1.

The dataset contains a wide array of variables that
capture various aspects of the health and well-being
of Brazilians. The database is structured into several
modules where each one focus on different dimen-
sions of health. Figure 1 shows the organization of
these dimensions of health into groups.

1https://www.ibge.gov.br

Table 1: Summary of the variables and instances of the
dataset.

Number of attributes Number of instances

1,082 279,382

4.2 Methodology

This section outlines the methodological approach ap-
plied to the database to investigate the relationships
between various health-related variables and the diag-
nosis of depression. The methodology was designed
to ensure suitable data for subsequent formal concept
analysis. Thus, the data is prepared to address dyadic
analysis to extract association rules to be analysed and
discussed. Figure 2 shows the method employed in
this work.

Figure 2: Adopted formal concept analysis method.
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4.2.1 Studied Context Definition

In this study, we are investigating adults aged 18 to 59
years who were the same age as when they had been
first diagnosed with depression. For instance, an adult
who is currently 25 years old and was first diagnosed
with depression at the age of 25 fits within the context
of this study. Thus, following this reasoning, a person
who is 25 years old and had been first diagnosed at the
age of 20 does not fit the context of this study. This
approach ensures that the respondent’s age is as close
as possible (according with the available data) to the
time of their first depression diagnosis. In this way,
the studied context delimited the dataset as show in
Table 2:

Table 2: Summary of the studied context data.

Depression diagnosis TotalPresence Absence

331 51,726 52,057

4.2.2 Feature Selection

Variables associated with health habits, previous
chronic disease diagnostics, social support, perspec-
tive of physical and mental health, violence, anthro-
pometry information, and demographic characteris-
tics such as age, race, and gender were selected by
the authors in order to investigate the depression dis-
ease. This approach involved systematically evaluat-
ing and selecting features based on their significance
and contribution to the study objectives. Addition-
ally, due to the dimensionality problem in FCA dis-
cussed in Section 2, the FCA method used (see Sec-
tion 4.2.4), and the processing time required, using
all the variables in the studied database becomes pro-
hibitive, specially when one-hot encoding codifica-
tion is employed. Thus, a smaller subset of attributes
needed to be defined for the analyses.

Table 3: Summary of the feature selection.

Number of attributes Number of selected attributes

1,082 46

4.2.3 Data Cleaning and Balancing

Data cleaning process was applied, handling miss-
ing values, correcting inconsistencies, and removing
some instances. In general, the instances with miss-
ing values regardless to the selected attributes were
removed, except for some data instances that were
possible to correct their values.

An imbalance scenario is reflected in the dataset
in the studied context: presence of diagnosed de-
pressive disorder (minority) and absence of a diag-
nosed depressive disorder (majority). To address
this issue, random undersampling technique was ap-
plied to the majority class at a 1.5 ratio (60% ma-
jority; 40% minority). This approach respects the
real-world imbalance observed in the dataset while
maintaining a mild to moderate level of imbalance,
a well-known and recommended criterion in the lit-
erature for contexts of this nature. The balancing
process was performed using the imbalanced-learn
(Lemaı̂tre et al., 2017) library in Python. This library
is widely recognized for its effectiveness in handling
imbalanced datasets through various resampling tech-
niques. Table 4 shows the result of the employed un-
dersampling in the dataset.

Table 4: Summary of data balancing.

Minority (No.)
(from→to)

Majority (No.)
(from→to)

Total

331→331 51,726→496 827

4.2.4 Codification and Dyadic Analysis

The description of the feature engineering and cod-
ification used to prepare the data for FCA is tabu-
larly available at Codification Description Repository.
The FCA was performed using the Lattice Miner
tool(Champin et al., 2004), a specialized software
for formal concept analysis. This tool is intended to
generate rules for further analysis and discussion.

5 RESULTS AND DISCUSSION

5.1 General Rules Analysis

Table 5 shows the rules extracted based on defined
threshold for support and confidence, and size of an-
tecedent of the rules. Note that, the smaller the an-
tecedent size, the more generalizable the rule knowl-
edge becomes, and its interpretation is less complex,
for instance, the rule R1 is simpler to interpret than
the rule R19.

The perception of good health appears to have a
certain relationship with the status of depression. The
presence of a perceived good health status suggests
that the person does not have depression (see R6,
R18, R19). Additionally, the absence of depression
diagnose implies in perceived good heath state with
79.59% of confidence (see R2).
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Table 5: General dyadic rules from NHS 2019.

Threshold
Rule # Rule Description

Support
(%)

Confidence
(%)Antecedent

size
minimum

support (%)
minimum

confidence (%)

1 15 75
R1 IF {Q132 } THEN {Q092 Y} 15.96 84.61
R2 IF {Q092 N} THEN { N00101 } 47.64 79.59
R3 IF {C006 M} THEN { Q092 N} 30.35 75.37

2 15 80

R4 IF {C009 W, Q092 N} THEN {N00101 } 18.74 90.11
R5 IF {C008 A, Q092 N} THEN {N00101 } 20.19 86.97
R6 IF {C006 M, N00101 } THEN {Q092 N} 25.03 86.97
R7 IF {P02801 P029, Q092 N} THEN {N00101 } 24.30 86.63
R8 IF {P035 F, Q092 N} THEN {N00101 } 22.85 86.30
R9 IF {C006 M, Q092 N} THEN {N00101 } 25.03 82.47
R10 IF {P02002 P02501, Q092 N} THEN {N00101 } 36.39 81.57
R11 IF {P02801 P029, Q092 N} THEN {P02002 P02501} 22.85 81.46
R12 IF {C008 A, Q092 N} THEN {P02002 P02501} 18.86 81.25
R13 IF {P027 N, Q092 Y} THEN {C006 F} 19.34 81.21
R14 IF {A02201 N, Q092 N} THEN {N00101 } 18.25 80.74
R15 IF {P034 N, Q092 Y} THEN {C006 F} 18.98 80.51
R16 IF {C006 M, Q092 N} THEN {P02002 P02501} 24.30 80.07

2

3 10 90
R17 IF {C009 W, P02801 P029, Q092 N} THEN {N00101 } 11.24 95.87
R18 IF {C006 M, C009 NW, N00101 } THEN {Q092 N} 15.47 93.43

R19
IF {C006 M, M01601 to M01901 N00101 }
THEN {Q092 N}

11.0 91.0

However, the individuals’ perceived good health
status may not be coherent with what is meant by
good health status, as unhealthy habits such as fre-
quently consuming sweets and soft drinks (R10) and
frequent alcohol consumption (R7) imply in per-
ceived good health status.

Frequent physical activity is associated with per-
ceived good health status (see R8) as it was expected
since physical activities contribute to psychical and
physiologic good health (Penedo and Dahn, 2005)
(Schuch et al., 2016). Due to this, an analyze of the
influences on the perception of good health will be
presented in a separate analysis.

When examining gender differences, it is ob-
served that males are more commonly linked with the
absence of a depression diagnosis (see R3), specially
when they also have perceived of good health status
(see R6, R19) and are non-white people (see R18).

Furthermore, the rules R13 and R15 suggest that
people with diagnose of depression are associated
with females. A separate section will be presented
analysing gender and other demographic variables.
Finally, the rule R1 shows that people who take
medicine to sleep are associated with depression with
84.61% of confidence.

5.2 Insightful Identified Dyadic Rules

In this section, we discuss some meaningful extracted
rules during the analysis, highlighting some aspects
reveled, such as the associations with demographics,
health conditions, and experiences of violence that
were not uncovered in the general rules analysis. Ta-
ble 6 presents these rules that will be discussed in the
following sections.

5.2.1 Demographic Analysis

Table 6 shows gender, age groups, and race for
analysing demographic aspects associated with de-
pression. The evidence discussed that males are
linked with the absence of depression is supported
with 75.37% of confidence (see AR1) and 30.35% of
support with a direct influence, specially males with
perceived good health status (see AR2) and are non-
white with 93.43% and 15.47% (AR4) compared with
white ones with 78.21% and 9.55%, in the metrics
of confidence and support, respectively. No relevant
rules supported that age groups and race imply alone
in the absence of depression diagnose, as well as gen-
der, age groups, and race by their own do not imply
either in the presence of depression status.
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Table 6: Dyadic rules from NHS 2019: associations with demographics, health conditions, and experiences of violence.

Rule # Rule description Support (%) Confidence (%)

Demographic aspects: gender, age groups, and race

AR1 IF {C006 M} THEN {Q092 N} 30.35 75.37

AR2 IF {C006 M, N00101 } THEN {Q092 N} 25.03 86.97
AR3 IF {C006 M, C008 OA} THEN {Q092 N} 14.99 78.98

AR4 IF {C006 M, C009 NW, N00101 } THEN {Q092 N} 15.47 93.43
AR5 IF {C006 M, C008 OA, N00101 } THEN {Q092 N} 11.60 88.07
AR6 IF {C006 M, C008 A, N00101 } THEN {Q092 N} 10.88 87.37
AR7 IF {C006 M, C008 YA, N00101 } THEN {Q092 N} 2.53 80.76
AR8 IF {C006 M, C009 W, N00101 } THEN {Q092 N} 9.55 78.21

Perception of health status

BR1 IF {N00101 } THEN {Q092 N} 47.64 73.50
BR2 IF {N00101 N} THEN {Q092 Y} 22.97 65.29

BR3 IF {C008 YA, N00101 N} THEN {Q092 Y} 3.50 80.55
BR4 IF {C009 W, N00101 N} THEN {Q092 Y} 8.10 79.76
BR5 IF {C008 A, N00101 N} THEN {Q092 Y} 8.46 73.68
BR6 IF {C006 F, N00101 N} THEN {Q092 Y} 16.80 70.91

BR7 IF {C008 YA, C009 W, N00101 N} THEN {Q092 Y} 1.57 92.85
BR8 IF {C006 F, C009 W, N00101 N} THEN {Q092 Y} 5.92 84.48
BR9 IF {C006 F, C008 YA, N00101 N} THEN {Q092 Y} 2.53 84.00

BR10 IF {C006 F, C008 A, N00101 N} THEN {Q092 Y} 5.68 79.66

Sleep problems, eating disorders, or diagnosed conditions

CR1 IF {Q132 } THEN {Q092 Y} 15.96 84.61
CR2 IF {Q11006 } THEN {Q092 Y} 11.72 79.50
CR3 IF {N014 } THEN {Q092 Y} 6.65 77.46
CR4 IF {N010 } THEN {Q092 Y} 7.73 72.72

CR5 IF {C009 W, Q079 } THEN {Q092 Y} 1.45 92.30
CR6 IF {C008 A, Q132 } THEN {Q092 Y} 6.28 91.22
CR7 IF {C009 NW, Q11006 } THEN {Q092 Y} 6.28 85.24
CR8 IF {C006 F, Q132 } THEN {Q092 Y} 12.93 86.99
CR9 IF {C008 A, N014 } THEN {Q092 Y} 2.66 81.48

CR10 IF {C006 F, N010 } THEN {Q092 Y} 6.04 80.64
CR11 IF {C006 F, N014 } THEN {Q092 Y} 4.83 80.00
CR12 IF {C009 W, N010 } THEN {Q092 Y} 2.41 80.00
CR13 IF {C008 A, N010 } THEN {Q092 Y} 2.9 79.99
CR14 IF {C008 OA, Q079 } THEN {Q092 Y} 3.26 75.00
CR15 IF {C009 NW, Q074 } THEN {Q092 Y} 2.05 70.83
CR16 IF {C006 F, Q074 } THEN {Q092 Y} 2.53 69.99

Self-deprecating thoughts

DR1 IF {N018 } THEN {Q092 Y} 2.41 83.33
DR2 IF {N017 } THEN {Q092 Y} 6.4 79.10
DR3 IF {N016 } THEN {Q092 Y} 7.49 77.49

DR4 IF {C008 YA, N016 } THEN {Q092 Y} 1.08 89.99
DR5 IF {C006 F, N018 } THEN {Q092 Y} 1.93 84.21
DR6 IF {C009 NW, N018 } THEN {Q092 Y} 1.93 84.21
DR7 IF {C008 A, N018 } THEN {Q092 Y} 1.2 83.33
DR8 IF {C008 OA, N018 } THEN {Q092 Y} 1.2 83.33
DR9 IF {C008 OA, N017 } THEN {Q092 Y} 3.5 82.85

DR10 IF {C009 W, N017 } THEN {Q092 Y} 2.17 81.81

Violence

ER1 IF {V02701 V02702} THEN {Q092 Y} 1.57 72.22

ER2 IF {C008 YA, V01401 to V01403} THEN {Q092 Y} 1.2 83.33
ER3 IF {C009 NW, V02701 V02702} THEN {Q092 Y} 1.2 83.33
ER4 IF {C008 OA, V00203 } THEN {Q092 Y} 1.2 76.92
ER5 IF {C008 YA, V02801 V02802} THEN {Q092 Y} 1.93 76.19
ER6 IF {C008 YA, V00201 } THEN {Q092 Y} 2.66 75.86
ER7 IF {C006 M, V01401 to V01403} THEN {Q092 Y} 1.45 74.99
ER8 IF {C006 F, V00203 } THEN {Q092 Y} 2.05 70.83
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5.2.2 Analysis of the Perception of Health Status

Table 6 shows that perceived good health status is as-
sociated with absence of depression with 73.50% of
confidence (see BR1) while the absence of perceived
good health status is associated with presence of de-
pression (see BR2) with 65.29% even though this last
confidence is not as strong as the first.

Some demographic characteristics help to en-
hance this analysis. For instance, females (see BR6),
white people (see BR4), adults (see BR5), and young
adults (see BR3) without perceived good heath sta-
tus are associated with presence of depression with a
higher confidence.

5.2.3 Analysis of Sleep Problems, Eating
Disorders, or Diagnosed Conditions

Table 6 shows that not only people that take medicine
to sleep are associated with depression (see CR1), as
discussed in previous analysis, but also people with
sleep problems with 72.72% of confidence (see CR4),
notably females (see CR8 and CR10) or adults (see
CR6 and CR13), for both cases.

Concerning eating disorders, there is an associ-
ation with depression, with a confidence level of
77.76% (see CR3), which also females (see CR11)
and adults (see CR9) are more commonly associated
with this condition.

In relation to diagnosed conditions, people with
other mental illness diagnoses indicate to be associ-
ated with depression (see CR2), with 79.5% of con-
fidence, particularly higher, with 85.24% of confi-
dence level, in non-white people (see CR7). Addi-
tionally, asthma or asthmatic bronchitis condition was
found to be slightly associated with depression in fe-
male (see CR16) or non-white people (CR15), as well
as arthritis or rheumatism, however, the association
is for white people (see CR5) or older adults (see
CR14), with 92.3% and 75% of confidence, respec-
tively.

5.2.4 Analysis of Self-Deprecating Thoughts

Individuals who experience self-deprecating thoughts
demonstrated to be related with presence of depres-
sion in the analysis, showed in Table 6: frequently
feeling depressed, down, or without hope is asso-
ciated with 83.33% of confidence (see DR1); fre-
quently feeling bad about yourself, considering your-
self a failure, or feeling that you disappointed your
family, with 79.10% of confidence (see DR2); having
thoughts about hurting yourself in some way or think-
ing it would be better to be dead, with 77.49% in the
same metric (see DR3).

5.2.5 Analysis of experiences of Violence

Experience of violence is related with depression in
Brazilians (Harding et al., 2022). In this rules analy-
sis, showed in Table 6, this relation is also evidenced.
People who have ever experienced sexual abuse is
associated with presence of depression with 72.22%
of confidence (see ER1), specially non-white ones,
with 83.33% in the same metric (see ER3). Addi-
tionally, recent sexual abuse is associated with depres-
sion in young adults with 76.19% of confidence (see
ER5). Finally, there is exists a moderate relation be-
tween physical violence and depression in males, with
74.99% of confidence (see ER7), or in young adults,
with 83.33% in the same metric (see ER2).

6 FINAL CONSIDERATIONS

In this study, we investigated depression in Brazillian
population by applying Formal Concept Analysis in
the NHS dataset. Several aspects were studied and
some hidden knowledge was evidenced as the contri-
bution of this work, emphasizing the potential of FCA
for broader application in health contexts for iden-
tifying associations between different health factors.
Thus, it is expected that numerous health domains
stand to benefit from this methodology.

Due to the study’s defined context, as discussed
in 4.2.1, the dataset experienced a significant reduc-
tion in the number of instances, particularly within the
minority class. This reflects an inherent characteris-
tic of the dataset, as the NHS is not designed for any
specific diagnosis condition. Also, ideally, for our in-
vestigation, the respondents would complete the ques-
tionnaire at the time of their diagnosis. In this study,
we have made concerted efforts to approximate this
timing as closely as possible, given the constraints of
the database design, which ultimately reduces the data
to be utilized.

For future research, we emphasize the impor-
tance of exploring instance selection and balancing
approaches that more effectively represent the data for
descriptive purposes. Finally, we recommend investi-
gating and comparing the current findings with previ-
ous or subsequent editions of the NHS for comparison
purposes.
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