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Abstract
Background: As reported by the World Health Organization, adolescent pregnancy is a major public health concern
given its impact on the life of mothers and their family members. In this study we investigated possible cause-effect
relations between teenage pregnancy and school dropout, and other attributes that gravitate around them, using the
Bayesian network approach.
Methods: We used a database prepared by the Adolescent House Project and invited experts in the areas of Health,
Education and Social Assistance to answer a survey containing questions aimed at detecting possible causal
relationships. To perform the statistical analysis and the numerical simulations we employed the language and
formalism of Bayesian networks.
Results: The analysis indicated a strong cause-effect relation between teenage pregnancy and school dropout,
bolstered by economic vulnerability. We were able to identify the profile of the female teenager who drops out from
school: white girls older than 15 years who got pregnant at least once, are not working to generate an income, and
who belong to the group where the family income is less than or equal to US$780 per month. Also we detected the
“maternal impact factor", i.e., the effect caused by whether or not the mothers of the teenagers have experienced
teenage pregnancy.
Conclusion: There are many factors that lead teenagers to drop out of school; we confirmed not only the
commonsense notion that pregnancy of the teenager is a major factor but found that a history of teenage pregnancy
on the part of the mother is a major factor. Moreover, Bayesian networks emerged as an interesting mathematical
framework to perform the statistical analysis.
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Background
The big picture

It is well known that teenage pregnancy has varied negative impacts on teenager life, not only on health, but
also, among others, on self esteem and on social and educational experience. Even though such consequences of
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teenage pregnancy are global concerns, some countries
have felt them more intensely [1–5]. For example, Latin
American countries face worrying numbers of teenage
pregnancy; in Brazil, about five hundred thousand teenage
pregnancies were estimated in 2019 by the Brazilian Society of Pediatrics [6]. Thus one should expect several
government programs to be dedicated to this theme in
Brazil.
One of these programs is the Adolescent Health Program of the State of São Paulo. This program supports the
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services provided by the Casa do Adolescente (Adolescent
House) facilities, where a teenager receives help from multiple professionals in cross-functional teams (physicians,
nurses, psychologists, and teachers, among others). The
Adolescent Houses have operated for decades in a daily
routine dedicated to the integral health of teenagers [7].
It is a commonsense observation that one of the many
possible impacts of unplanned teenage pregnancy is
school dropout [8–10]. However, such a complex phenomenon requires a detailed statistical analysis as there
are several social/economic/health interacting variables
whose spurious correlations and false cause-effect relations must be avoided. Moreover, for obvious reasons,
unplanned pregnancies do not allow for randomized controlled experiments, which is why many studies have
pursued observational methods. This can lead to a lack
of distinction between correlations and possible causal
relationships.
The main challenge we face is to build a mathematical
model that combines numerical data with expert opinions
so as to run a causal analysis around attributes associated
with teenage pregnancy and school dropout. To do so,
we resort to the Bayesian network approach, a methodology developed in the field of Artificial Intelligence
with applications ranging from medicine [11] to decisionmaking support systems [12]. In short, we obtained the
dependence and independence relations expressed by a
Bayesian network from expert opinions, and the probabilities in the Bayesian network from data collected by the
Casa do Adolescente. This approach should be useful in
further exploring the factors that affect school dropout
dynamics.
In the following sections we first summarize the necessary background on Bayesian networks and on recent
tools that aim at causal inference with Bayesian networks;
we then describe the data collection and the modeling
procedures. After that, we present our results and offer
some discussion and conclusions.
Structural models and Bayesian networks

The first step in exploring possible causal relationships
within a system of interest is to build a so-called Structural
Causal Model (SCM). Basically, a SCM is a conceptual
model that describes the relationships between the variables present in the system. More formally, the SCM can
be understood as a set of functions related to two sets
of variables: exogenous (U) and endogenous (V). Exogenous variables are external to the model, which means we
choose not to explain then, while endogenous variables
must be dependent on at least one exogenous variable. For
example, the SCM in Expression (1) may describe a model
where X and Z are exogenous variables while Y and W
are endogenous variables related to X and Z by a set of
equations F:
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U = {X, Z},
V = {Y , W },

(1)

F = {W = f (Y , Z), Y = g(X)}.
The Bayesian network (BN) formalism offers a visual
representation for SCMs, one that has been applied to a
variety of fields. In medicine, for example, Bayesian networks have been applied to problems related to medical
diagnoses [11, 13]. A Bayesian network represents a probability distribution over a set of variables [14–16], where
a variable might mean “is pregnant,” “has low income,” or
“has dropped out of school.”
A Bayesian network consists of two components: a
Direct Acyclic Graph (DAG) and a set of conditional probability tables associated with each node present in the
graph. The graph is the qualitative part that represents the
conditional probabilistic dependencies (arcs) between the
variables (nodes), while the Conditional Probability Table
(CPT) indicate the numerical values of those probabilistic dependencies. The DAG and the CPTs must satisfy a
so-called Markov condition: a random variable must be
independent of its non-descendants non-parents given its
parents in the graph. Recall that the parents of a node X
are those nodes such that arcs (or edges) emanate from
them and end at X; the descendants of X are those nodes
that are reached from X by following directed arcs, and the
non-descendants of X are simply those nodes that are not
descendants of X. An acyclic directed graph is depicted in
Fig. 1.
This scheme induces a joint distribution for the n random variables in the graph as conveyed by Expression (2):

P(X1 = x1 , . . . Xn = xn ) =

n


P (Xk = xk | pa(Xk ) = πk ) ,

k=1

(2)
where pa(Xk ) denotes the set of parents of Xk and πk
denotes the projection of {x1 , . . . , xn } onto pa(Xk ). If a
variable Xk has no parents, then we take its corresponding
term to be the unconditional probability P(Xk = xk ).

Fig. 1 An example of a directed acyclic graph, where W, X, Y and Z are
random variables; X and Z are exogenous variables while Y and W are
endogenous variables
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Methods

For instance, given the network in Fig. 1, we have:
P(W = w, X = x, Y = y, Z = z)
= P(X = x)P(Z = z)P(Y = y|X = x)

(3)

P(W = w|Y = y, Z = z).
The do-operator and the average causal effect

To investigate whether a particular circumstance leads to
another, say whether teenage pregnancy leads to school
dropout, one must go beyond statistical correlations.
Cause-effect questions can be addressed by carrying out
interventions in assumed structural equations [17]. For
example, consider the setup illustrated by Fig. 2. The socalled do-operator allows us to consider the effect on Y of
intervening in X by “cutting” the edge from Z to X, thus
obtaining:

P(Y = y|X = x, Z = z)P(Z = z).
P(Y = y|do(X = x)) =
z

(4)
Expression (4) is referred to as an adjustment formula;
it captures the connection between the variable X and
Y for each particular value of Z and then averages over
those values [16]. These calculations can be done using
estimates from observational data; hence the do-operator
offers a mathematical way of calculating the effect of an
intervention from a graph and data-based estimates.
A metric that is associated with such operations is the
Average Causal Effect (ACE):
ACE = P(Y = yi |do(X = xi ))−P(Y = yi |do(X = xj )).

(5)

As an example, consider the graph in Fig. 2. Denoting by
X the binary variable related to teenage pregnancy, by Y
the binary variable related do dropping out the school and
by Z the binary variable related to age, one can analyze
say the extent to which dropping out of school is impacted
by being pregnant or not. To do so, the relevant ACE is
P(Y = 0|do(X = 1)) − P(Y = 0|do(X = 0)).
Bayesian networks offer a powerful formalism that can
express subjectivity in phenomena where causality plays a
central role [18, 19], while providing concrete mathematical models to perform statistical inference [20]. Also they
are explainable and transparent, desiderata that we must
satisfy in our setting.

Fig. 2 Intervention on X and adjustment for Z; X,Y and Z are random
variables

As noted in the previous section, a Bayesian network
consists of two parts: its graph, often referred to as its
“structure”, and its associated probabilities. The former
captures the dependence and independence relations in
the domain; the latter carries assessments and beliefs
about such dependences. We start by describing how we
collected data so as to estimate probability values, then we
describe how we collected expert opinions so as to build
the underlying graph. The analysis presented later, to be
done using the do-operator and the ACE [17], depends
both on the probability values and the graph.
Data management

We used a database prepared by the Projeto Casa do
Adolescente (Adolescent House Project) and available at
https://doi.org/10.5281/zenodo.2633222. Data were collected in nineteen units distributed in eighteen cities in
the State of São Paulo, Brazil, resulting in 343 teenagers
(294 girls and 49 boys) interviewed with twenty nine
questions. We selected eight of those questions that were
aligned with the focus of our work. We take the adolescence as the period from 12 to 18 years of age in
accordance to the criteria adopted by the Brazilian Child
and Adolescent Statute [21].
Attributes

The attributes (variables or nodes in the Bayesian network) selected for this work are:
• Age : The age of the person in years.
• Ethnic Group (EG) : This attribute is the respondent’s
own declaration about which ethnicity he/she
identifies with. We distinguish white or non-white.
• Teenage Pregnancy (TP) : This attribute is the
number of pregnancies, including abortions,
experienced by the respondent.
• Maternal Impact Factor (MF) : This attribute
indicates whether the respondent’s mother has
experienced teenage pregnancy.
• School Enrollment Status (SS) : This attribute
indicates whether or not the respondent was enrolled
in school at the time the survey was run.
• Economic Status (ES) : This attribute captures the
monthly income of the respondent’s family, as
declared by the respondent. At the time of this study
(2019), the Brazilian minimal wage per month was,
approximately, US$260.
• Labor Status (LS) : This attribute indicates whether or
not the respondent had a job at the time the survey
was done.
We also invited experts from Health, Education and
Social Assistance to answer a survey containing questions
aimed at mapping the perception of these experts about
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had at least one pregnancy (including abortion)
and another group with those who did not.
– For the “Maternal Impact Factor” (MF)
attribute, we produced a group where the
mother of the respondent experienced at least
one teenage pregnancy (including abortions)
and another group where the mother did not
experience teenage pregnancy.
– For the attribute “School Enrollment Status”
(SS), the respondents were separated into a
group with the girls with regular school
enrollment and another group with girls that
dropped out the school.
– Finally, for the attribute “Labor Status” we
divided the respondents into a group where
the teenagers were in the job market and
another group where they were not.

the possible causal relationships between the selected
attributes. From the invited group, thirteen of them
responded to the invitation (three Medical Doctors, three
Nurses, four Psychologists, two Teachers and one Pedagogue). The questions of the survey are available at http://
doi.org/10.5281/zenodo.3358177 and the resulting data
set is available at http://doi.org/10.5281/zenodo.3358169.
The use of information and the collection protocols
for these databases was authorized by the official institutions involved and approved by the Ethics Committee
of São Paulo University Medical School (CEP-FMUSP)
in full compliance with Resolutions No.466 (12/12/2012)
and No.510 (07/04/2016) of the National Health Council
(CONEP).
Data processing

In order to perform the analysis we processed the data as
follows:
• Missing Data Protocol: for all attributes, in a case of
missing data we used the corresponding median as
substitute.
• Data Exclusion Policy: considering the small
percentage of male respondents (14.3%) compared to
female respondents, we decided to focus the analysis
only on the female group. Another reason for this
decision is that teenage pregnancies have generally
more impact on girls than on the boys. By doing so
the total number of respondents dropped to 294.
• Balancing: With respect to the attribute “number of
pregnancies experienced by the respondent
(including abortions)”, we randomly selected the girls
from the complete group so as to build two groups
with the same number of participants (one group
with girls who had experienced at least one
pregnancy or abortion and another one who had
not). Two groups were produced with 130 girls each.
• Binarization: All attribute values were converted to
binary form to better suit the subsequent Bayesian
analysis.
– For the attribute “Age” we chose 15 years of age
(the median of the period) as the dividing line.
– For the “Ethnic Group” (EG) attribute, “White”
and “Non-white” groups were produced (in
accordance with the self declaration given by
the respondents themselves).
– For the “Economic Status” (ES) attribute, the
dividing value was US$780, which corresponds
to, approximately, three times the value of the
Brazilian Minimum Wage at the time the study
was run (2019). This particular value was the
median of the data informed for this attribute.
– For the “Pregnancy in Adolescence” (TP)
attribute, we created a group with girls who

The resulting list of binary attributes and their corresponding abbreviations are shown in Table 1.

Results
Statistical description

A summarized statistical description of attributes in the
dataset is depicted in Table 2. One can note that most
teenagers are older than 15 years, suffering from economic vulnerability and without a regular job (actually
this profile matches the general profile observed in the
Adolescent House Project).
Eliciting the structure of the Bayesian network

To complete the Bayesian network used in this study,
we combined the data described previously with expert
opinions about dependences amongst variables. Experts
were asked, through the survey we mentioned before, to

Table 1 Attributes and their encoded binary values
Attribute

Abbreviation

0

1

1 - Age

Age

<15 years

≥15 years

2 - Ethnic
Group

EG

White

Non-White

3 - Teenage
Pregnancy

TP

No

Yes

4 - Mother
Impact
Factor

MF

No

Yes

5 - Economic
Status

ES

< US$780/month

≥ US$780/month

6 - School
Enrollment
Status

SS

No

Yes

7 - Labor
Status

LS

No

Yes
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Table 2 Descriptive statistics

Table 3 Correlations Factors

Attribute

Percentage distribution

Age

0
1

30%
70%

Age

Ethnic Group (EG)

0
1

48%
52%

TP

Teenage Pregnancy (TP)

0
1

50%
50%

ES

Maternal Impact Factor(MF)

0
1

43%
57%

LS

Economic Status (ES)

0
1

76%
24%

School Enrollment Status (SS)

0
1

34%
66%

Labor Status (LS)

0
1

84%
16%

The 50/50-distribution of teenage pregnancy is the result of balancing the data set

indicate when an edge could be drawn from a particular variable to another one, interpreting this as a causal
connection from the first to the second variable; the consensus result is depicted in Fig. 3.
The Pearson’s correlation factors, shown in Table 3,
were directly computed from observed correlations in our
dataset. It is important to pay attention to their signs as we
are interested in understanding the connections amongst
variables. For instance, the correlation between TP and SS
is negative, meaning that teenage pregnancy makes it less
likely to be in school.
Simulations and calculations with the Bayesian network
were run using the software GeNie Modeler (https://www.
bayesfusion.com/genie/).

Age

EG

TP

MF

ES

SS

LS

1

SC

0.29

SC

SC

-0.17

0.25

-0.01

SC

-0.15

0.02

0.01

1

0.07

-0.22

-0.5

-0.04

SC

SC

SC

1

0.18

0.17

EG

1

MF

1

SS

1

-0.08
1

SC stands for spurious correlation and abbreviations are explained in Table 1

Estimating the average causal effects

Computations were run using the Bayesian network
shown in Fig. 3. The results are described in Table 4. Calculations were done using Expressions (4) and (5). For
instance, consider the ACE produced by the difference
between states 1 and 0 of the teenage pregnancy attribute
(TP):
ACE = P(SS = 0|do(TP = 1)) − P(SS = 0|do(TP = 0)).
(6)
This expression assumes a surgical cut on the graph, simulating an intervention in teenage pregnancy; that is, it
assumes a constant state for pregnancy and evaluates the
effect on school dropout.
We employed Expression (4) to compute adjustments
grouping the data according to the following criteria: age,
economic status (ES) and ethnic group (EG). Table 4
shows the most relevant results. Adjusting for age we
get ACE=0.44 which clearly indicates that being pregnant
does not favor being enrolled in school. One can infer
that teenage pregnancy leads to school dropout. By grouping the total population according to Economic Status
(ES), we obtain ACE=0.47, again giving a strong indication
that the occurrence of teenage pregnancy leads to school
dropout. Finally, adjusting with respect to Ethnic Group
(EG) and calculating the ACE we obtain 0.48, again suggesting that teenage pregnancy leads to school dropout.
Table 4 ACE values of interventions
Structure

Fig. 3 The structure of the Bayesian network. Abbreviations are
explained in Table 1

Graph

Adjusted for

ACE

(a)

Age

0.44

(b)

ES

0.47

(c)

EG

0.48

Abbreviations are explained in Table 1
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Hence, results indicate teenage pregnancy as a clear cause
for school dropout in all scenarios in Table 4.
With regard to the effect of family history in teenage
pregnancy (captured by the Maternal Impact Factor), calculations yielded a 58% probability of teenage pregnacy
given teenage pregnancy of the mother, a high probability for the propagation of teenage pregnancy from mother
to daughter. This result indicates that teenage pregnancy
is a phenomenon that continues from generation to generation (in accordance with the informal opinions usually
voiced by experts), suggesting that preventive actions and
campaigns should be aimed not only at non-pregnant adolescents, but should also help mothers better plan their
interactions with daughters.

Discussion
Overall, the analysis of causal effects using the structure
and probabilities in our Bayesian network agrees with several studies carried out in different locations around the
world and with different methodologies [1, 10, 22–24].
Several of them have found a deleterious effect of teenage
pregnancy on school dropout; we saw that in Brazil the
same conclusion is warranted.
However, there are other factors that can also lead to
school dropouts, such as early presence in the labor market motivated by the need to collaborate with family
income. With our model it is reasonable to ask, as we did,
what is the effect of family history on teenage pregnancy.
As another example of query that might be posed, one
might ask, among the groups (Age, ES, EG), which one is
the group with the highest probability of dropping out of
school due to teenage pregnancy?
Answers to such questions are not easy to obtain using
simple statistics, particularly the last one where a large
number of variables are involved. The Bayesian network
approach offers useful machinery to address such questions. As an example, suppose we wish to find a profile for
the “typical” teenager that drops out of school We can look
for the most likely profile of the teenager who drops out of
school, considering all the attributes we have. Assuming as
evidence SS = No, the Maximum a Posteriori Probability
(MAP) is attained by the following scenario: Age=≥15yrs,
EG=White, ES=<US$780, LS=No, MF=Yes, TP=Yes. That
is, we obtain probabilistic evidence rooted in data and
expert opinions to the extent that this typical subject is a
white girl over the age of 15 years with a family income
below US$780 per month, who is not currently working
to generate income, and where both the mother and the
teenager herself have experienced a teenage pregnancy.
Unplanned pregnancy negatively affects both maternal
physical and psychological health, even increasing the
demand for abortions in clandestine clinics and the consequently increasing the mortality rate of mothers due
to unsafe abortions, especially in developing countries
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[25, 26]. In addition, teenage pregnancy is usually associated with lack of information and access to programs and
services dedicated to teenager sexual and reproductive
health, which further amplifies socioeconomic vulnerabilities and even loss of social identity [27–30]. Thus, public
health and education policies aimed at both adolescent
mothers and their children are essential not only to provide support and to mitigate negative consequences after
the occurrence of an unplanned pregnancy, but also to act
in reducing the socioeconomic vulnerabilities and social
isolation in which adolescents may live [31]. Public decision making regarding prevention policies related to drop
out must then take into account socioeconomic vulnerability, family history related to teenage pregnancy, labor
status.
Furthermore, a Bayesian network lets one simulate interventions, for instance examining counterfactual
questions — something we did not pursue in this paper
[17]. Counterfactual reasoning would address questions
such as: What would happen to the school enrollment status of a girl who is already pregnant if she did not have this
experience of teenage pregnancy?

Conclusion
Teenage pregnancy and school dropout are, unfortunately,
problems faced by a huge portion of the world population. Hence it is not a surprise that these problems
have received intense scrutiny in the scientific literature.
Themes related to teenage pregnancy are usually analyzed
under the perspective of health, while school dropout
is discussed within education. However, these topics are
strongly interconnected, particularly in scenarios where
inequalities and social vulnerabilities are present.
In this study, we connected health and education by
building a model capturing both dependence and independence relations, and associated probabilities. The
resulting Bayesian network lets us consider hypothetical
scenarios, a task that is essential for the design of public
policies. Among several other insights, our results indicate
a strong cause-effect relation between teenage pregnancy
and school dropout, bolstered by economic vulnerability, in the settings where we collected our data. We also
found that the most likely profile of a teenager dropping
out of school is a white girl over the age of 15 years with
a family income below US$780 per month, who is not
currently working to generate income, and where both
the mother and the teenager herself have experienced
a teenage pregnancy. Results indicate that girls whose
mothers experienced pregnancy at teenage age are more
likely to repeat this phenomenon, thus suggesting that
teenage pregnancy is a phenomenon that continues from
generation to generation.
This study, of course, has its limitations; for example,
related to the small data setting and the specificities of the
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environment in which the data were collected. However,
the aim of this work was not to obtain a precise numerical description but to present an alternative approach to
perform statistical analysis and investigate possible causeeffect relations in the context of teenage pregnancy. As
far as we know, the machinery of Bayesian-network-based
causal analysis has not been applied to the discussion of
school dropout. Our efforts should be helpful as a road
map to inspire further investigations, in particular extending the model with more attributes, and debating whether
the structure of the Bayesian network we found from
experts really represents the phenomena of interest.
Abbreviations
The abbreviations used in this work are listed below and can also be found
throughout the main body of the text.
ACE: Average causal effect; BN: Bayesian network; DAG: Direct acyclic graph;
CPT: Conditional probability table; EG: Ethnic group; ES: Economic status; LS:
Labor status; MAP Maximum a posteriori probability; MF: Maternal impact
factor; SCM: Structural causal model; SS: School enrollment status; TP: Teenage
pregnancy
Acknowledgements
We acknowledge the encouragement and diligence of all professionals of the
Casa do Adolescente project and the São Paulo State Health Program. We also
acknowledge the invaluable encouragement, support and contributions from
Dr. Gerd Kortemeyer.
Authors’ contributions
All authors contributed to the conception and design of the study. AT and WS
collaborated with the access to the data and ethical committee
documentation. EC and FC carried out the statistical calculations and drafted
the manuscript. All authors read, reviewed and approved the final manuscript.
Funding
This study is an initiative of the Casa do Adolescent project in academic
collaboration with researchers in the Center for Data Science of the Computer
Engineering department at the Escola Politécnica of the Universidade de São
Paulo. The second author was partially funded by the Conselho Nacional de
Desenvolvimento Cientifico e Tecnologico (CNPq), grant 312180/2018- 7, and
acknowledges suppport by FAPESP grant 2019/07665-4 for the Center for
Artificial Intelligence (C4AI).
Availability of data and materials
All the data sets used in this work can be found at [https://doi.org/10.5281/
zenodo.2633222], [http://doi.org/10.5281/zenodo.3358177] and [http://doi.
org/10.5281/zenodo.3358169] all referenced in the main body of the text as
well.

Declarations
Ethics approval and consent to participate
The use of information contained in the databases used in this work was
authorized by the official institutions involved and approved by the Ethics
Committee of São Paulo University Medical School (CEP-FMUSP - Protocol
110/19 - 04/18/2019) in full compliance with Resolutions No.466 (12/12/2012)
and No.510 (07/04/2016) of the Brazilian National Health Council (CONEP).
Consent for publication
Not applicable.
Competing interests
The authors declare that they have no competing interests.
Received: 14 July 2021 Accepted: 28 September 2021

Page 7 of 8

References
1. Grant H. Pregnancy-related school dropout and prior school performance
in Kwazulu-Natal, South Africa. Stud Fam Plan l. 2008;39(4):369–82.
https://doi.org/10.1111/j.1728-4465.2008.00181.x.
2. DESA-UN. World Population Monitoring-Adolescents and Youth. New
York: United Nations; 2012.
3. Rosenberg M, Pettifor A, William, Thirumurthy MH, Emch M, Afolabi S,
Kahn K, Collinson M, Tollman S. Relationship between school dropout
and teen pregnancy among rural South African young women. Int J
Epidemiol. 2015;44:928–36.
4. Panova K, Berchtold S. Factors associated with unwanted pregnancy
among adolescents in Russia. J Pediatr Adolesc Gynecol. 2016;29(5):
501–5. https://doi.org/10.1016/j.jpag.2016.04.004.
5. Chandra-Mouli V, Camacho AV, Pierre-AndréMichaud. WHO Guidelines
on Preventing Early Pregnancy and Poor Reproductive Outcomes Among
Adolescents in Developing Countries. J Adolesc Health. 2013;5:517–22.
6. Brazilian Society of Pediatrics. Mais de 500 mil meninas e adolescentes
engravidam todos os anos no Brasil. 2019. https://www.sbp.com.br/
imprensa/detalhe/nid/mais-de-500-mil-meninas-e-adolescentesengravidam-todos-os-anos-no-brasil/. Accessed 18 May 2021.
7. Jesus NF. Adolescência e Saúde IV - Construindo Saberes, Unindo Forças,
Consolidando Direitos, 4th edn. São Paulo: Instituto de Saúde-SP; 2018,
pp. 5–11.
8. Dias A, Teixeira M. Gravidez na adolescência: um olhar sobre um
fenômeno complexo. Paideia. 2010;20:123–31.
9. Sousa CR. Fatores preditores da evasão escolar entre adolescentes com
experiência de gravidez. Caderno de Saúde Coletiva. 2018;26:160–9.
10. Almeida C AL. Adolescent pregnancy and completion of basic education:
A study of young people in three state capital cities in Brazil. Cadernos de
Saúde Pública. 2011;27:2386–400.
11. Lauritzen SL, Spiegelhalter DJ. Local computations with probabilities on
graphical structures and their application to expert systems. J R Stat Soc.
1988;50:157–94. https://doi.org/10.1111/j.2517-6161.1988.tb01721.x.
12. Watthayu W, Peng Y. A Bayesian network based framework for
multi-criteria decision making. In: Proceedings of the 17th International
Conference on Multiple Criteria Decision Analysis. Whistler, British
Columbia CA; 2004.
13. Arora P, Boyne D, Slater JJ, Gupta A, Brenner DR, Druzdzel MJ. Bayesian
networks for risk prediction using real-world data: A tool for precision
medicine. Value Health. 2019;22(4):439–45. https://doi.org/10.1016/j.jval.
2019.01.006.
14. Darwiche A. Bayesian networks. Commun ACM. 2010;53:80–90.
15. Pearl J. Causal diagrams for empirical research. Biometrika. 1995;82:
669–710.
16. Pearl J, Glymour M, P.Jewell N. Causal Inference in Statistics. Chichester:
Wiley; 2016, pp. 53–59.
17. Pearl J. The do-calculus revisited. In: UAI. Corvallis, OR - US; 2012. p. 4–11.
18. Darwiche A. Modeling and Reasoning with Bayesian Networks. New York:
Cambridge; 2009, pp. 53–72.
19. Pearl J, Mackenzie D. The Book of Why, 3rd edn. New York: Basic Books;
2018, pp. 23–51.
20. Charniak E. Bayesian networks without tears. AI Mag. 1991;12(4):50.
https://doi.org/10.1609/aimag.v12i4.918.
21. Brasil. Lei 8069, de 13 de julho de 1990. Estatuto da Criança e do
Adolescente. 1990. https://www.planalto.gov.br/ccivil_03/Leis/L8069.
htm. Accessed 15 June 2021.
22. Gyan C. The effects of teenage pregnancy on the educational attainment
of girls at Chorkor, a suburb of Accra. J Educ Soc Res. 2013;3(3):53.
23. Silveira R, Santos A. Gravidez na adolescência e evasão escolar: revisão
integrativa da literatura. Revista de Enfermagem e Atençs̃o à Saúde.
2013;2(1):89–98.
24. Salinas V, Jorquera-Samter V. Gender differences in high-school dropout:
Vulnerability and adolescent fertility in Chile. Cadernos de Saúde Pública.
2021. https://doi.org/10.1016/j.alcr.2021.100403.
25. Sedgh JG, Singh BS, Bankole A, Popichalk A, Ganatra B, Rossier C,
Gerdts C, Tunçalp O, Johnson B, Johnston H, Alkema L. Abortion
incidence between 1990 and 2014: global, regional, and subregional
levels and trends. Lancet. 2016;388(10041):258–67. https://doi.org/10.
1016/S0140-6736(16)30380-4.
26. Singh S, Darroch J. Adolescent pregnancy and childbearing: levels and
trends in developed countries. Fam Plan Perspect. 2000;32(1):14–23.

Cruz et al. BMC Public Health

(2021) 21:1850

27. Gipson J, Koenig M, Hindin M. The effects of unintended pregnancy on
infant, child, and parental health: a review of the literature. Stud Fam
Plann. 2008;39(1):18–38. https://doi.org/10.1111/j.1728-4465.2008.00148.
x.
28. Paranjothy S, Broughton H, Adappa R, Fone D. Teenage pregnancy: who
suffers? Arch Dis Child. 2009;94(3):239–45. https://doi.org/10.1136/adc.
2007.115915.
29. Jiménez-Peña A, Pantaleón-García J, Hernández-Escobar C,
Cisneros-Rivera F, Ramos-Reyes A, Ivette Alba-Marquez I, Ruiz-Carranza
C. Abusive behavior silently increases low self-esteem and depression in
teenage pregnancy patients: A Mexican cohort. J Pediatr Adolesc
Gynecol. 2019;32(2):193. https://doi.org/10.1016/j.jpag.2019.02.002.
30. Muller M. Decision-Making Process Around Teenage Motherhood, 1st
edn. Wiesbaden: Springer; 2019, pp. 179–208.
31. WHO. HRP Annual Report. 2018. http://www.who.int/reproductivehealth/
publications/reports/hrp-annual-report-2017/en/. Accessed 14 Aug 2021.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Page 8 of 8

