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ABSTRACT

Throughout the last years, domestic violence has been a widely discussed topic and an essential
concern when building healthy communities. To fight the prevalence of this problem, its causes must
be addressed. These causes can come from personal indicators, but they can also come from issues in
society at large. It is important to shift the debate from micro-level to macro-level analyses, looking
for structural factors in societies that contribute to the evolution of the number of domestic violence
occurrences as these are the factors that can be addressed by regulatory bodies.

When modeling domestic violence one can envisage two types of possible explanatory variables: risk
factors and protective factors. The first ones, as the term suggests, increase the risk of domestic
violence, causing a high number of occurrences when very prevalent. Protective factors do the
opposite, buffing the risk for domestic violence. The identification of risk factors is very important for
the prevention of violence and to guide policies. However, identifying protective factors is of the
utmost importance as their presence in Societies can be promoted to avert the occurrences.

The present document studies the evolution of domestic violence occurrences in the municipalities of
the Portuguese mainland between 2009 and 2019 resorting to panel data analysis methods. The
constant coefficients and the fixed effects approaches are employed to try and understand the relation
between possible causes and domestic violence occurrences. While explaining a good proportion of
the total variance encapsulated in the dependent variable was revealed to be a hard task, evidence of
the importance of some variables in explaining domestic violence occurrences on a macro-level was
found. These variables were the average number of children born to each woman in fertile age, the
number of divorces per 100 marriages, the percentage of resident population with normal age for
attending high school that is actually attending high school, the number of new marriages per 100
inhabitants, the percentage of men’s monthly gain that women receive on average, the number of
people enrolled in employment and vocational training centers per 100 inhabitants and the number of
doctors per 100 inhabitants according to the Doctors’ Professional Order. Most of these were shown
to be risk factors, increasing the number of domestic violence occurrences.

KEYWORDS

Domestic Violence; Econometrics; Panel Data; Constant Coefficients; Fixed Effects; Risk Assessment;
Explanatory Modelling



INDEX

Lo INEFOQUCTION .ttt sttt et b e bt e s bt e s bt e saee st e et e e nbeesbeesaee e 1
1.1. Thesis Objective and Research QUESLIONS.........ccueiieiciiiiieiiiee e 1
1.2. The Evolution of Domestic Violence in Portugal ..........cccooccveeiiiiiieicciee e, 2

2. Literature REVIEW ..cccoueiiei ettt et e s st e e s e e e s e e e s s amre e e e enneeas 4

3. Theoretical BAaCKZrOUNG ........cooiiiiiiiiiiii ettt e s e sree e e s sabee e e eareeas 9
3.0, PANEI DAt .ecceeeiiieieeeee et st e re e b e sree e na 9
3.2, ECONOMELIIC PrIMEI . ciiiiiiiiiiiiie ettt s e e s 9
3.3. Causal Relationships and Ceteris PAriBUS .............cc.ueeeeeieeeeciieeeeciieeeescreeessieeeesseseee e 13
3.4, ECONOMETLIIC ASSUMPTIONS .cciiiiiiiiiiieieeeeeeiiiiee e e e e e ettt e e e e e s e serre e e e e e e s sssabrreeaeesessssnnnenes 14
3.5, StAtISTICAl TOSTS couutiieiiie ittt ettt ettt et e st e e s be e e sabeesbeessateesabaeenaees 16
R T 1o =T o 1 =T - 1y ol Y SR 18
3.7. Model and Variable Selection ..........coiiiiiiiiiiieeeeeeeee et 19
IS |V oY 1= T oY Y USRS 21
3.9. Models FOr Panel Data .....ccccueeeiiieiiiiniieeiie ettt ettt e s st e s e 22

L/ D = Y 4] (o] - 14 o] o VU 24
4.1. DePendent Variable. ...t e e et e e et e e e e are e e e e anaeas 25
4.2, EXPlanatory Variables .........cooiiiiiicieeeccee ettt 28

LT V{11 o To Yo [o] o -V PSPPI 32
5.0, SErIES Breaks.....ioeiiiieiierieeieeee ettt s e 32
5.2, CONTEIALIONS ..ttt et ae e st e e bt e s bt e s bt e satesabeebeebeenns 32
5.3, IMISSING VAIUES ...ttt e e e ettt e e e ettt e e e s ata e e e seabaeeeesasaeeeensaeeesnnsanaanns 34
5.4, SUMMAIY STAtiSTICS cooueeiiiiiiiiiiiriieee et e e s st e e e e e e s s s sababeaeeessssssnnnnnne 36
T T O 101 [ =T g AN g | Y L RPN 38
o ST - o ] o - o 1 07N 39
5.7. MOdel ESTIMAtioN ..cccueeeiiiiiiieecee et 42

5.7.1. Model 1 (CC — Constant Coefficients) ......ccceeeeecuiiieecciie e e e 43
5.7.2. MOGEI 2 (CC) ettt ettt ettt st st s he et st s et sbe et e sbeeaeens 45
5.7.3. MOGEI 3 (CC) ittt sttt ettt ettt st bt et et s et et e sbeeatesbeeaeens 47
5.7.8. IMOGEI 4 (CC) cerveeeeeeeeeeeeeeeee et ee e e s e e e s e e see e eesaeseeeeeesesasaeeseaseesaseeeeseseeeesaees 48
5.7.5. Model 5 (FE — Fixed EffECtS)......uuiiiiiiiieeeceee ettt e 49
5.7.6. MOTEI B (FE)..cueeierieeiiieeiteieeteete sttt sttt ettt st ettt st sbe e b seeeaeens 50
5.7.7. MOTEI 7 (FE) ettt ettt ettt st st sttt sae et s bt e nesbeeaeens 52
5.7.8. IMOGEI 8 (FE) vevreeeeeeeeeeeeeeeeeeeeeeeeeeeeesseeeeseessseseeessesessesesseseessesesaesesassssesaseeseseeeeseees 53
5.7.9. IMOGEI O (FE) v eeeeeeeeeeeee e eeseseeeeseesesseeesseeeeeeseeseeeeeessesassssaeeseaseseeseseeeeseees 53

6. RESUILS N DISCUSSION «...ciiiiiiiiieeee ettt e e e e et et e e e e e e e ebaa s e e eeeeessbaaseeesesssananns 55



2 0o 1ol 161y o ] K PO

8. Limitations and Recommendations for FULUIe WOIKS .........couvvveiviiiiiiiiieiiiiieeeeeeeeeeeeeeeeeeeeeeeens

L I =11 o] [ oY ={ =1 ] 1Y/

10.Annexes

Vi



LIST OF FIGURES

Figure 1.1 - Domestic Violence Occurrences (on a national level)........ccuevevcieeiiciieeccciee e, 2
Figure 1.2 - Domestic Violence Occurrences by Category (on a national level) .......ccocovvveeeiieeeeiinnenn. 3
Figure 1.3 - Domestic Violence Against Spouse or Analogous Occurrences (on a national level).......... 3
Figure 2.1 - Age of Domestic Violence Victims (2013-2017) .....ceeveeeiieeecieecieecieeesrreeeteeesereeseeeesvee e 8
Figure 3.1 - Probability Density FUNCtion for DVASA ........ooiiiiiiee ettt 10
Figure 3.2 - Conditional Probability Density Function for DVASA (GER=70,16) ........cccccevuvreercrvreeennnen. 11
Figure 3.3 - Graphical Relation Between GER and DVASA ........oooiiiiie ittt esieee e e svee e 11
Figure 3.4 - Choosing Variables and Functional Forms for Models...........cccoeeiiiiiniieiinicieeecieee e, 19
Figure 3.5 - Diagnostic Residual Plots (EXamPIe) .....eeeeecuuieiiciiiee et e 21
Figure 4.1 - Absolute Change in Total and DVASA Occurrences (on a national level) .........cccoeenne.e. 26
Figure 4.2 - Are Marriages and DVASA Occurrences Related?........coccuverveirniiiiieeniee e 30
Figure 5.1 - Average Contemporaneous Pearson Correlation ........ccccevcieeeiiiiieeecciiee e, 33
Figure 5.2 - Histogram for DVASA DistribUtion .........cooocuiiiiiiiiec ettt e 37
Figure 5.3 - Evolution of GER, GER_Men, and GER_Women in Barrancos ........ccccccceeeereveeeersieeeesnneen. 39
Figure 5.4 - Joint Distributions of Explanatory Variables with DVASA .........ccccvcviviiee i, 42
Figure 5.5 - Heteroskedasticity Test for Model 1........cccuviiiiiiiiii et 44
Figure 5.6 - Residuals Against Explanatory Variables (Model 1) .......ccccccoiieieiiiieecciiee e, 45
Figure 5.7 - Heteroskedasticity Test for Model 2.......coocuviiiiiiiiiiiec e 46

vii



LIST OF TABLES

Table 4.1 - Dataset Variable DesCription .........ciociiii ittt e e et e e et e e e e earaaeeeas 25
Table 4.2 - Descriptive Statistics for the Dependent Variable (on a national level) ........cccccvveeennnnenn. 26
Table 4.3 - Missing Values by Domestic Violence Category (Municipalities).......ccccoeeveveercieeeieeescinnnnns 27
Table 4.4 - Missing Values for DVASA in Municipalities and Difference Between National Total and

Y IO a1 Tol oF=] i AV e} - RS 27
Table 5.1 — Overall SUMMAry StatiStiCS ....ciiciiiiieiiiie e et e e et e e e rara e e e e saaaaeeean 36
Table 5.2 - Overall, Between and Within Standard Deviations...........cccceeeeeeecciiiiiee e 38
Table 5.3 - Parameter Estimates for Model 1 .......c..ooiiiiiiiiiieieeee e 43
Table 5.4 - Parameter Estimates for Model 2 .......co.co it 46
Table 5.5 - Parameter Estimates for Model 3 ..ottt 47
Table 5.6 - Parameter Estimates for Model 4 ..........oo ittt 49
Table 5.7 - Parameter Estimates for MOdel 5 ........c..oo ittt 50
Table 5.8 - Parameter Estimates for MOdel 6 .......ccc.coviiiiiiiiiiieece et 51
Table 5.9 - Parameter Estimates for Model 7 .........ueoiiiiiieeeeeeeee et 52
Table 5.10 - Parameter Estimates for Model 8 ........cooiiiiiiiiiieieeeee et 53
Table 5.11 - Parameter Estimates for Model 9 ......c..coiiiiiiiiiiiiee et 54
Table 6.1 - Model COMPATISON ......ueiiieiiieccciiee ettt e et e e ettt e e e e ettr e e e eareeeeeeabaeeesansaeeesassaseesnnsaseesanssneennn 55

viii



AIC

APAV

cC

DGEEC

DGPJ

DVAM

DVASA

FE

GAM

GBV

GER

IPV

KNN

OECD

OMA

RESET

SC

SFI

WHO

YDI

LIST OF ABBREVIATIONS AND ACRONYMS

Akaike Information Criterion

Associagdo Portuguesa de Apoio a Vitima

Constant Coefficients

Diregcdo-Geral de Estatisticas da Educagdo e Ciéncia
Diregcdo-Geral da Politica de Justica

Domestic Violence Against Minors

Domestic Violence Against Spouse or Analogous
Fixed Effects

Generalized Additive Model

Gender Based Violence

Gross Enrolment Rate

Intimate Partner Violence

K Nearest Neighbors

Organization for Economic Co-operation and Development
Observatdrio de Mulheres Assassinadas da UMAR
Regression Specification Error Test

Schwarz Criterion

Synthetic Fertility Index

World Health Organization

Youth Dependency Index



1. INTRODUCTION

Domestic violence is a widely discussed issue. According to Portuguese news agencies, the number of
victims seems to be rising each year. Given this, it certainly is of the utmost importance to identify and
address the causes of this problem. It is also true that the public, in general, is increasingly aware of
the reality of domestic violence and this topic is becoming more relevant in the official media channels.

According to the yearly report! published by OMA — Observatdrio de Mulheres Assassinadas da UMAR
—in 2017 there were 20 murders related to domestic violence in Portugal. Moreover, 28 cases of
domestic violence were considered attempted murders. The report? from the following year states
that the number of domestic violence related murders increased by 8, turning the reported number of
murders related to domestic violence in 2018 into 28. The number of deaths related to domestic
violence in 20193 was even higher than in the previous years, with 31 registered deaths. It is important
to acknowledge that throughout the year of 2019 there were a total of 89 willful murders registered,
as stated by the official statistics provided by Direcdo-Geral da Politica de Justica (DGPJ), making the
previous number regarding murders related to domestic violence much more relevant and
contextualized. The official report* about murder victims in 2019, released by APAV — Associa¢éo
Portuguesa de Apoio a Vitima in June 2020, also stated that, regarding the 44 willful murders that they
followed, 48% of those were perpetrated in a context of domestic violence. These numbers lift the veil
on the sad reality Portugal is facing and clarify the need for addressing this problem.

1.1. THESIS OBJECTIVE AND RESEARCH QUESTIONS

The present dissertation aims to develop a model that allows an understanding of the causes of
domestic violence in Portugal and explains, while quantifying the effect of each explanatory variable,
the number of domestic violence occurrences. Considering the available data and its characteristics,
the application of a panel data regression was selected as a viable solution for achieving the main goal.

During this research, the importance of several possible causes for domestic violence was tested. Since
the objective was to explain the number of occurrences as well as possible, changes to some variables
were considered during the process along with alternative models.

Keeping this in mind, the present dissertation proposes to answer the following questions:

= How did the number of domestic violence occurrences in Portugal evolve between 2009 and
2019?

= How well can panel data regression explain this evolution?

= What are the main causes of domestic violence?

= How does each explanatory variable affect the number of domestic violence occurrences?

! (Brasil, Alves, & Soares, Dados 2017, 2018)

2 (Brasil, Alves, & Soares, Dados 2018, 2019)

3 (Soares, Branco, & Alves, 2020)

4 (APAV - Associac3o Portuguesa de Apoio a Vitima, 2020)



1.2. THE EVOLUTION OF DOMESTIC VIOLENCE IN PORTUGAL

To have a better understanding of the numbers, one can take a look at Figure 1.1. This figure represents
the total number of domestic violence occurrences registered by police authorities in Portugal by year
in the period between 2008 and 2019. From the figure, we can see a rise in the number of occurrences
between 2008 and 2010, followed by a decrease from 2010 to 2012. In the period between 2012 and
2018, the number of occurrences remained relatively stable. However, one can witness a new rise
from 2018 to 2019. The key point of this study is to find the causes for this evolution and explain their
influence on the number of domestic violence occurrences.

Domestic Violence Occurrences as Registered by Police Authorities
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Source: Diregao-Geral da Politica de Justica (DGP])
Figure 1.1 - Domestic Violence Occurrences (on a national level)

In Portugal, under Article 152 of the Criminal Code, an aggression is categorized as domestic violence
if the aggressor, repeatedly or not, inflicts physical or psychological ill-treatment, including physical
punishment, deprivations of freedom and sexual offenses to:

= A spouse or ex-spouse.

= Someone from either the same or any other gender with whom the aggressor keeps or has
kept a relationship analogous to that of spouses, even if without cohabitation.

= A parent of common offspring in the first degree.

= Someone who is particularly helpless, be it because of age, disability, illness, pregnancy, or
economic dependency, with whom the aggressor cohabits.

Considering this, one can identify three categories of domestic violence as defined in the official
statistics provided by DGPJ. The first one, which is called domestic violence against a spouse or
analogous, includes all the topics mentioned above except for the last one. The second one, which is
called domestic violence against minors, includes all aggressions to minors in which the aggressor
cohabits with the victim. Finally, the last category, which is called others, includes the last of the topics
mentioned above except for cases of domestic violence against minors. Figure 1.2 is a breakdown of
Figure 1.1, splitting the total occurrences into these three categories. It becomes clear that most of
the domestic violence occurrences in Portugal fit into the first category — domestic violence against a
spouse or analogous —represented in the figure by the green line. The minimum value for this category
was 20,394 in 2008, whilst the maximum value was 25,129 in 2010. The second most prevalent
category is others, with a maximum value of 4,651 in 2011 and a minimum value of 3,083 in 2008.



Finally, the least represented category is domestic violence against minors, with a maximum value of
680 in 2008 and a minimum value of 430 in 2017.

Domestic Violence Occurrences as Registered by Police Authorities by Category
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Source: Diregao-Geral da Politica de Justica (DGP))
Figure 1.2 - Domestic Violence Occurrences by Category (on a national level)

Figure 1.3 shows the evolution of the first category only, allowing one to take a closer look at the
evolution of the number of domestic violence against a spouse or analogous occurrences and notice
that not only represents the majority of domestic violence occurrences in Portugal, but it also follows
the pattern detected for the total occurrences described in Figure 1.1. This is the main category for
domestic violence occurrences in Portugal and will also be the one used as a dependent variable (the
variable to be explained) during the course of this study. This category will henceforward be referred
to as DVASA.

Domestic Violence Against Spouse or Analogous Occurrences as Registered by Police Authorities
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Figure 1.3 - Domestic Violence Against Spouse or Analogous Occurrences (on a national level)



2. LITERATURE REVIEW

Domestic Violence is not the only term used to describe this problem. Other popular terms include
Intimate Partner Violence (IPV) and Intimate Partner Terrorism. Another common term in literature
used to describe domestic violence perpetrated by men against women is Gender-Based Violence
(GBV).

Domestic violence is a real issue that affects both countries as a whole and individual communities in
multiple ways. A study® from 2018, measuring the global prevalence of IPV against women — which
tend to be the most affected by this type of violence — combines data from 141 studies in 81 countries
to show that, globally, 30% (this percentage was estimated using a 95% confidence interval) of women
aged 15 or over have experienced some form of IPV. This percentage varies regionally. In Western
Europe, where Portugal is located, it is estimated that around 20% of women aged 15 or over have
experienced IPV.

In 2010, WHO (WHO - World Health Organization, 2010) expressed concerns regarding the lack of
studies that provided information on whether observed factors are actual causes of violence. Most of
the existing studies are based on cross-sectional population surveys and are from high-income
countries, which leads to some uncertainty on whether the same factors associated with IPV in these
countries are also associated with it in lower-income countries. Also, the existing studies are mostly
focused on individuals rather than regions or countries, which leads to an identification of risk factors
atindividual or family levels, rather than at society or national levels. Unfortunately, this same problem
was experienced when searching for literature for the present study.

(Amirthalingam, 2005) defines a spectrum of theories intended to explain domestic violence. At one
end of this spectrum are theories that focus on the individual (related to psychological factors). Further
on the spectrum are theories related to family and, finally, on the other end of the spectrum, are
theories that focus on sociological factors that influence domestic violence. The first line of thought
claims that the causes for violence can be internal (personality disorders, predisposition to violence,
among others). Instead, family theories search for the cause of violence within the family unit,
measuring most of the same variables as the individualists but this time in a family context. Finally,
social structural theories of domestic violence shift the debate from micro-level to macro-level
analyses, looking for structural factors in societies. The present study will follow this third line of
thought, as this is the one that allows for public intervention and policy design, carrying the problem
from the private arena to the public spotlight. Another theoretical model presented by WHO allows
for the inclusion of all the factors mentioned above. It is called the ecological model and contemplates
four levels of influence: individual, relationship, community and societal.® Since the present study
focuses on the number of occurrences by Portuguese municipality it is not possible to include other
factors besides societal ones.

To investigate the causes of domestic violence, one must analyze data regarding its evolution.
Measuring the prevalence of domestic violence occurrences may be a hard task, as it is a sensitive
topic. An article’ by Ellsberg et al., written in 2001, compares three studies on domestic violence in

> (Devries, et al., 2013)
6 Further explanation on this model can be found on (WHO - World Health Organization, 2010)
7 (Ellsberg, Heise, Pefia, Agurto, & Winkvist, 2001)



Nicaragua. Two of them are focused on urban areas of the country (Ledn and Managua) and the
remaining one is a national-wide Demographic and Health Survey that included other themes besides
domestic violence. All of them are interview-based studies. When comparing the results of the studies,
the authors of the article conclude that domestic violence occurrences tend to be underestimated
when the source relies on self-reporting. This underestimation is not random, as it depends on
numerous factors such as the number of individuals present in the room at the time of the interview
or the way the questions are posed. In many other cases, this category of violence suffers from
underreporting, as it usually happens in private spaces and the perpetrator is someone close to the
victim. This makes it hard for the victim to come forward and for others to realize that something
wrong is happening.

Information about domestic violence occurrences is almost always focused on women as the victims.
Consequently, domestic violence against men tends to be concealed, as men are less likely to report
such occurrences because of embarrassment, among other causes (Barber, 2008). This causes the
number of domestic violence occurrences against men to be systematically underreported. The
response by authorities is also at stake when it comes to men reporting domestic violence as the victim.
(Barber, 2008) shows that, on a national-wide UK survey regarding domestic violence against men,
only 3% of men who reported the occurrence to the police were taken seriously, whilst the remaining
were threatened with arrest, ignored, or actually arrested. One can conclude that, due to the nature
of the crime and to prejudices about the way society works, domestic violence occurrences are almost
always underreported.

Healthcare workers are key players in detecting and listening to reports on domestic violence. (Cann,
Withnell, Shakespeare, Doll, & Thomas, 2001) aims to find the healthcare workers (by gender, role and
specialty) that have better responses and knowledge when it comes to domestic violence reporting
and detection. This study includes healthcare workers from primary care, mental health, obstetrics
and gynecology in the county of Oxfordshire, England. A questionnaire was presented to each of the
workers and they were assessed according to a rating system on both knowledge and correct response.
Women, nurses and mental health workers showed better results in dealing with domestic violence. It
is possible that municipalities with more healthcare workers that fit into these categories show higher
domestic violence rates, as occurrences can be reported by these workers. Many victims of abuse seek
medical help, which makes it important for healthcare workers to have experience in handling these
situations.

Domestic violence has been associated with many socioeconomic variables, such as the wealth and
education of both the victim and the aggressor. It has been said that middle-level socioeconomic and
well-educated groups tend to have the lowest prevalence of occurrences, whilst poorer groups tend
to have the highest (Campbell, 2002).

Domestic violence can also be related to gender inequality. As explained in (Aizer, 2010), there are
several theories regarding wage gender inequality and domestic violence against women. The one
supported by this article states that, as the wage gap between genders decreases, women get more
bargaining power and, consequently, domestic violence decreases as well. However, there are other
possible hypotheses. The first one is the “male backlash” hypothesis which states that as the wage gap
decreases, violence increases against women because aggressive men feel as if their traditional gender
role might be threatened. The other hypothesis, the model of exposure reduction, claims that as the



wage gap decreases, the labor force participation of women increases and, consequently, domestic
violence against them declines because women spend less time with violent partners. Either way, it is
unquestionable that this is a variable of interest when it comes to justifying changes in domestic
violence occurrences. One of the key points of this paper is that the relative or potential salary is more
important in justifying violence patterns than the actual one. Taking this into account, it would be
better to use a variable that reflects the potential wage of women vs. men instead of the actual wage
gap. The results of this study, conducted in the state of California, United States, show that the decline
in the wage gap between 1990 and 2003 accounts for nine percent of the decrease in domestic
violence against women during that same period.

(Ellsberg, Heise, Pefia, Agurto, & Winkvist, 2001) mentions that some groups seem to be more at risk
for domestic violence than others. It seems like women with more children are more prone to suffer
assaults. Also, younger women were found to be at higher risk of violence. The more fragile the victims,
the more likely they are to suffer from domestic violence.

Another factor that may be a possible cause of domestic violence is unemployment. A 2015 study? by
Anderberg et al. focuses on the theory that a rise in female unemployment increases the number of
domestic violence occurrences whilst a rise in male unemployment has the opposite effect. Using data
from England and Wales, the authors show that this theory is well-grounded, revealing that a 1%
increase in the male unemployment rate causes a decrease of 3% in domestic violence occurrences. A
corresponding increase in the female unemployment rate has the opposite effect. Keeping this in mind,
unemployment by gender may be a relevant variable to include in the present study.

When it comes to the Portuguese reality, APAV is the strongest association on the subject. According
to an APAV report® published in 2018 that identifies the characteristics of victims of domestic violence
in Portugal between 2013 and 2017, during this period this organization registered a total of 36.528
support processes in cases of domestic violence. In 31,317 of these processes, the victim was female
(representing 85.73% of the total). Following the same line of thought, in 32,134 of the processes, the
author of the crime was male (representing 85.93% of the total). This suggests that it might be useful
to include some measure of the gender structure of the population as an explanatory variable for the
present study. It is also mentioned in the same report that 41% of the victims were between 26 and
55 years old. However, another report'® published by APAV also in 2018 that focuses on cases of
domestic violence with male victims claims that the victim’s age group with higher frequency is the 65
years or above one, representing approximately 28% of the processes included in the report. Figure
2.1 placed at the end of this chapter shows the percentage of processes for each age group (from 18
years to 65+) both in the general report (23,193 processes) and in the male-only report (2,745
processes). One can see that the patterns for each report are different, showing the importance of
including the age structure of the population by gender in the present study.

Another key finding from the general APAV report is related to the family structure of the victims. Once
again, it is shown that children are an important factor when determining the risk for domestic
violence. From the 36,528 processes considered, 41.86% of the victims were in a nuclear family with
children. Finally, it is also mentioned in the report that the marital status of the victim is also a relevant

8 (Anderberg, Rainer, Wadsworth, & Wilson, 2015)
9 (APAV - Associagdo Portuguesa de Apoio a Vitima, 2018)
10 (APAV - Associacdo Portuguesa de Apoio a Vitima, 2018)



factor, as around 34% of the victims were married. This is a relevant percentage when compared to
the 20.8% that were single, 16% whose marital status was unknown, 11.6% who were in a non-marital
relationship, 8.7% who were divorced, 5.6% who were separated and 3.3% who were widowed.
Therefore, including a measure of the number of married people may be relevant.

Still regarding the marital status, (Bowlus & Seitz, 2006) finds that women who are severely abused by
their husbands are significantly more likely to divorce than women who do not face this problem.
However, it is important to notice that women may be more likely to report violence in a past marriage
thanin a present one, causing an upward bias in this probability. This study uses data from all provinces
of Canada, retrieved in 1993. The initial analysis of this data also revealed that women who
experienced abuse by their partners tend to have lower levels of education and come from more
violent backgrounds than women who did not face abuse. The same applies to the partners — husbands
who abuse their wives tend to have lower levels of education. Another finding from this initial analysis
is that women who are not working are more likely to face abuse, which meets the conclusions on
(Anderberg, Rainer, Wadsworth, & Wilson, 2015). According to (WHO - World Health Organization,
2010), divorces may not only be a consequence, but also a cause of domestic violence. People who are
separated or divorced tend to be more vulnerable, increasing their probability of becoming victims in
a future relationship.

This same report by WHO lists some of the causes for domestic and sexual violence included in the
literature they reviewed. Young age appears to be a risk factor for either becoming a victim of intimate
violence or a perpetrator. It is foreseeable that populations with a higher proportion of young adults
have higher rates of domestic violence occurrences. Lower levels of education are also consistently
associated with both sides of the crime (victim and perpetrator). A higher level of education may act
as a protective factor, since people with a higher level of education show lower levels of intimate
partner violence. Another factor associated with both the victim and the perpetrator is poverty. Even
though domestic violence cuts across all socioeconomic groups, people with lower incomes tend to be
more at risk of becoming either a victim or an aggressor. One explanation for this, besides the
hopelessness, stress and frustration caused by this condition, is the fact that shortage of money is a
common cause for marital arguments and makes it harder for people to leave toxic relationships, as
they are more financially dependent on each other. Some characteristics of the neighborhood may
also influence the number of IPV occurrences, such as a lower proportion of women with higher levels
of education, higher unemployment rates, a higher proportion of illiteracy and a lower proportion of
women with high levels of autonomy.

(Ackerson, Kawachi, Barbeau, & Subramanian, 2008) examined the role of women’s education and
proximate educational context on GBV in India. A sample of 83,627 married women aged 15 to 49
years old from the 1998 to 1999 Indian National Family Health Survey was examined. The study
considered that not only does the level of education of the woman herself influence her probability of
becoming a GBV victim, but also does the general level of education of the community surrounding
her. The results of this paper show that women with no education are 4.5 times more likely to report
having suffered from domestic violence at some point in their life than women schooled for more than
12 years. Another relevant conclusion was that the probability for a woman who is living in the middle
and lowest tertiles of female literacy to suffer from domestic violence at some point in her life was
1.18 and 1.10 times greater, respectively, than those of women living in the highest tertile
neighborhoods. This study shows the impact that education has on GBV.
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3. THEORETICAL BACKGROUND

The theoretical background of the present study was mostly written considering (Hill, Griffiths, & Lim,
2012) and (Wooldridge, 2013).

3.1. PANEL DATA

Data can be collected in multiple formats. The most widely discussed ones are cross-sectional data,
pooled cross-sectional data, time series data and panel data.

Cross-sectional data is data collected for multiple units across the same period. Each observation
represents a unit of the relevant population. This is the “common” dataset structure. When we
combine cross-sectional data from different periods we create a pooled cross-sectional dataset. In this
case, each observation represents a unit of the population in a specific period in time. It is not
necessarily true that the same units are studied for the different periods. If we are studying the same
unit across different periods in time, we create a time series. A time series shows the evolution of that
unit through a specified time span. Finally, panel data, also called longitudinal data, is a combination
of cross-section and time series data. Here, we have one time series for each included unit. The
identifier of the unit and the period the data refers to are shown as variables in the dataset. The
present study focuses on panel data, as there is one yearly discrete time series for each Portuguese
municipality. Panel data analysis is a way of studying a subject in multiple sites periodically observed
over a time frame.

Panel data may be considered short or long, balanced or unbalanced and fixed or rotating. A panel
data is considered short when it studies many units for a short time period and it is considered long
when it studies few units for a long time period. In the case of the present study, a short panel is being
examined as it has 11 time periods and 278 units. A balanced panel has a number of observations equal
to the number of units times the number of periods, meaning that all units are observed for all periods.
If this is not the case, we have an unbalanced panel. The present study focuses on a balanced panel as
all 278 municipalities are observed for all 11 years. Finally, if the same units are observed for each
period, the panel data is fixed. If the set of units varies from one period to the next the panel data is
rotating. In the case of this study, the 278 municipalities are fixed.

3.2. ECONOMETRIC PRIMER

Econometry starts with a theory about how some relevant variables are related to others. To express
our ideas regarding these relationships we use functions. For most problems, it is not enough to know
in which direction the variables are related (if they increase together, vary in opposite directions, etc.).
Instead, one needs to know the intensity of that relation, which means how much a change in the value
of one variable will affect the value of the other. To know these parameters of the relationship we
create regressions.

Before generating an econometric model, one must keep in mind that relations among variables are
not exact and, for this reason, no econometric model explains the exact behavior of its object of study.
Instead, it describes the average or systematic behavior. This means that when presenting results from
an econometric model one must always say “it is expected that...”. Since the predictions are not exact,
there is a difference between the actual value and the predicted value. This difference is the random



component of the model and is called the error term. It represents all factors that were not included
in the model and includes the behavior uncertainty. The part that is explained by the model is the
systematic component of the formula and it is decided by the investigator based on what the theory
already existent states about the problem that is being studied.

One can say that the error term represents all things affecting the dependent variable other than the
explanatory variables included in the model. It comprises the effects of relevant variables that were
excluded from the model, measurement errors in both the dependent and explanatory variables, the
effects of using a linear or any other form to generate results that do not follow that form and, finally,
the natural randomness of observations.

To complete a model specification, the researcher must choose which variables to include and how to
include them, keeping in mind the algebraic form of the relations. This form is also called the functional
form and in the most basic scenario, it is assumed to be linear. An econometric model looks like the
formula below where Y is the variable being studied (dependent variable), X; are the variables that are
assumed to affect the behavior of Y (explanatory variables), Bi are the coefficients of the explanatory
variables that indicate how much they affect the dependent variable and, finally, e; is the error term.
Bo is the expected value of Y if all explanatory variables are 0 and is called the constant of the model.

Systematic Component Random Component
Yi = Bo+ Xy + BoXoi + B3X3i t g

As it can be seen in the equation above that represents a multiple regression linear model, the model
relates a dependent variable Y to a set of explanatory variables (X1, X2 and X3) and to a random error
term e. This remains true for other econometric models, changing the set of explanatory variables, the
functional form, etc. The Bs are the parameters that are estimated by the model and they can be
interpreted to explain the relationships among variables. In the example above, one can say that a
change in X; of one unit will represent a change of B; unitsin Y, holding everything else constant. Taking
this into account, one can start to understand that the values calculated using an econometric model
are, in fact, a conditional average. The predicted value of Y is the average of Y if the explanatory
variables assume a set of fixed values. Let us consider the example of the present study: the probability
density function for Domestic Violence Against Spouse or Analogous (DVASA) is illustrated in Figure
3.1 below, with a gray dashed line indicating the average value.

Probability Density Function for DVASA
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DVASA

Figure 3.1 - Probability Density Function for DVASA
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If we have a simple linear regression model, with only one explanatory variable (let us consider
Education as the only explanatory variable), the predicted value for DVASA in a given point would be
the average value of DVASA when Education attains a certain value. Therefore, we can calculate a
conditioned probability density function and find its average to find the predicted value. Figure 3.2
below shows the plot for the probability density function of DVASA conditioned to when the variable
GER (a measure of education — further explanation on Chapter 4.2) is at its most common value. One
can see that the average value of this new distribution shifted slightly to the right when compared to
the general distribution of DVASA. These are the differences that will be reflected in an econometric
model.

Conditional Probability Density Function for DVASA (GER = 70,16)
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Figure 3.2 - Conditional Probability Density Function for DVASA (GER=70.16)

There are numerous types of econometric models. The simplest one takes only one explanatory
variable and is called the simple linear regression model. If we include more than one explanatory
variable, we are creating a multiple regression model. Econometrics also contemplates models for time
series and panel data.

To understand how an econometric model is estimated the best option is to first study the simple
linear regression model. In the previous example we considered DVASA as our dependent variable and
GER as the only explanatory variable. We can plot the relationship between these variables to see how
good of an approach we get. Figure 3.3 below shows a scatter plot of the two variables on the left. On
the right side of the same figure, we added an approximation line to predict DVASA based on GER.
However, adding a line is no guarantee that the expected value of the errors is 0, so the best approach
is to use the Least Squares Estimators.

Graphical Relation Between GER and DVASA
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Figure 3.3 - Graphical Relation Between GER and DVASA

11



To estimate the intercept and the slope of the optimal line that describes the relationship between
the dependent variable and the explanatory variable we want to make use of all observations available.
The least squares principle says that we should add the line in a way so that the sum of squares of the
vertical distances between the observations and the fitted line is minimized. It is important to square
these distances so that positive distances do not cancel negative ones. These vertical distances are the
residuals, hence the desire to minimize them. The sum of squares we wish to minimize is given by:

S(Bo, B1) = Z(J’i = Bo — B X1:)?

The function above is quadratic in terms of Bo and B1 and is shaped like a bowl. To find its minimum
value we need to find the bottom of the bowl, which occurs where the slope of the bowl in the
direction of each axis is 0. This is the same as saying that it occurs where the partial derivatives of S
concerning Bo and B are 0. By calculating these partial derivatives, we obtain:

X (i — Bo — B1x;)*
9B

X, (vi ;Blio ~ Bixi)’ = Zyixli = Bo ZXli —h ZXlZi

We can then replace Bo as given by the first equation in the second one and obtain:

=0 & p,= E(y,)—B,E(X1)

| EGEG) - 2U4

Y = (B0 = BECD) Y 1= Y 5 =0 & f =

These are the formulas for the least-squares estimators in the simple linear regression model and they

E(x)? - 220

can be used regardless of what the dependent or explanatory variables are.

Even though the simple linear regression model is the easiest to understand, most real-life
econometric models take two or more explanatory variables, creating multiple regression models.
Most of the conclusions regarding the simple linear regression model can be adapted for this type of
model, except for some changes in the interpretation of the coefficients and in the degrees of freedom
of the T distributions.

In a multiple regression model, we have several explanatory variables and we want to quantify the
impact of each over the dependent variable, while controlling the effects of the remaining ones. This
is the notion of ceteris paribus (see Chapter 3.3). Let us continue using the same example where DVASA
is the dependent variable and GER is the explanatory variable, except that this time we are adding
unemployment as another explanatory variable. We then obtain the following theoretical model:

DVASA; = By + B1GER; + f,Unemployment; + e;

The Bs in the above model measure the change in the dependent variable DVASA given a change of
one unit in the respective explanatory variable, while holding everything else constant. The expected
impact of an explanatory variable in the dependent variable is given by its partial derivate:

dy
ox
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The objective in a multiple regression model is the same as it was in the simple regression model — to
minimize the sum of squares of the vertical distances between the observations and the fitted line.
The difference is that this time we need to work with matrices to find the least-squares estimators. In
matrix notation, the model is given by:

Y=XF+e

In the previous equation Y is a matrix with only 1 column and n (n being the number of observations)
rows containing the observed values for the dependent variable. X is a matrix with n rows and k+1
columns (where k is the number of explanatory variables). The first column in the X matrix only
contains ones and will be used to calculate Bo. The remaining columns in X contain the observed values
for the explanatory variables and will be used to calculate the respective Bs. The matrix B has k+1 rows
and only one column, containing the values of the least-squares estimators. Finally, the matrix e has n
rows and only one column containing the residuals for each observation.

In this case, minimizing the sum of squares of the residuals is the same as minimizing the following
(where the T means transposed):

Zn 62 =é"e=(v—XB) (Y —XB) =YY —2Y"XB + f"X"Xp
i=1

To determine the values for the estimators that minimize the sum of squares we need to differenciate
the above expression and equal it to 0, as we did with the simple regression model. We then obtain:

o(YTY —2YTXB + BTXTXB)

Py 0 f=X"X)XTY

3.3. CAUSAL RELATIONSHIPS AND CETERIS PARIBUS

The goal in regression analysis is to find causal relationships between variables, that is, to determine
whether a change in X causes a change in Y. To express our ideas regarding the relationships between
variables we use functions. For example, to express a relationship between domestic violence and
education one can write:

Domestic_Violence = f(Education)

The previous function is a possible notation to say that the domestic violence occurrences in a certain
place are a function of the education level of the people residing in that same place. This is the same
as saying that the places where domestic violence occurs depend on the prevalent educational level in
those places. However, the occurrences may not depend only on education, they may depend on many
other factors as well. Keeping this in mind, to understand the relationship between domestic violence
occurrences and education it isimportant to set aside the impacts of the remaining factors on domestic
violence. The idea of ceteris paribus (c.p.) means to hold all other factors constant and is a key point in
establishing causal relationships. Without holding the remaining variables constant one does not show
that the change observed in y is caused by the change in x. This is also the reason why a simple
correlation study is not enough to analyze causal relationships.

When we are studying the causal effect of x on y, the remaining variables that influence y are called
the control variables. The reason to control for these variables is simple: we believe that x is correlated
with other factors influencing y, which means that not holding these variables constant will make their
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effects reflect on the coefficient for x. Since we feed data to the regression model, it is important to
correctly determine the control variables that need to be held fixed. This is a critical part of regression
analysis but may be hard, as usually not all factors influencing the dependent variable are observable
or accessible. When one does not include an important control variable, its effects are reflected on the
partial effects of other factors, making the latter incorrect.

Stating the difference between explanatory variables and control variables may be hard. Even if some
variables can be considered control variables on all occasions, all explanatory variables are eventually
control variables when it comes to explaining the partial effects of another variable. For panel data,
the variables that determine the difference between observations (in the case of this study:
municipality and year) are always control variables as, even if they can explain part of the variance in
the data, their main goal is to distinguish between observations.

3.4. ECONOMETRIC ASSUMPTIONS

In every econometric study, there are at least two models: the theoretical model and the empirical
one. The theoretical model describes a behavior but is an abstraction of reality. To convert the
theoretical model into an empirical one, some assumptions must be made. These assumptions are very
important because if they are verified our conclusions are warranted. However, if our model does not
meet them, the conclusions may not be true.

The first assumption is that the variance of the dependent variable is a constant for each value of X.
This means that in the case of the example using DVASA as the dependent variable and GER as the
explanatory variable, for each value that GER may take, the average of DVASA may be different, but
the measure of how much it varies around that average must be the same. This leads to a further
assumption that the error term must have a constant variance as well. When this condition is satisfied,
the data is said to be homoskedastic. When this condition is violated, the data is said to be
heteroskedastic.

The second assumption is that the dependent variable is not only random but also statistically
independent. This means that the value for one observation is not dep,endent on the value of another
observation. In the DVASA example this means that the value of DVASA for one municipality is not
dependent on the values for other municipalities on the dataset. Instead of assuming the
independence of the variables, we often assume that the covariance of the variable is 0. Again, in the
DVASA example, this means that if Y; and Y; are the values of DVASA for two different municipalities,

Cov(Y}-, Yl-) = 0.

The third assumption is also related to variance. Since the main goal of an econometric study is to
understand how changes in the explanatory variables affect the dependent variable, it is important
that the explanatory variables are scattered enough. Obviously, if there is no variance in the
explanatory variables it is impossible to justify changes in the dependent variable from changes in the
explanatory variables. Therefore, it is assumed that the explanatory variables take at least two values.

The fourth assumption is related to the error term of the regression. Since the total error of the model
is the sum of the deviations between the actual value of an observation and the predicted value for it
and the objective of a regression is to minimize these deviations, it is assumed that the expected value
of the error ,term is 0. Furthermore, in a simple regression model it is also assumed that the expected
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value of the error term given the explanatory variable is also 0. This is demonstrated in the equation
below. It is important to remember that the expected value of the dependent variable given the
explanatory variable is the predicted value so E(y|x) = By + B X;.

E(elx) = E(ylx) — Bo — f1X1 =0

Finally, sometimes it is also assumed that the error term follows a normal distribution centered around
0. This is an optional assumption, but it is a strong one as the probability distribution of the parameters
estimated in the regressions (Bs) depends on the distribution of the error term which means that this
is an important assumption for statistical analysis of the model. However, if there are enough
observations one can base the conclusions on the central limit theorem that establishes that if the
sample is large enough, the distribution of the sample means will be approximately normally
distributed.

These assumptions exist so that we can determine the quality of the least-squares estimators. These
estimators are supposed to be centered and efficient. An efficient estimator is one with minimal
variance.

When the expected value of an estimator equals the real value of the parameter it is trying to estimate
we say that we are dealing with a centered estimator. This means that the expected values of the
estimators for the Bs must be equal to the Bs. In the simple regression model this would mean that:

E(B)=p and E(B)=Pho

These equations are only true if the expected value of the error is 0, the error is not correlated with
the variables and the data is coming from a random sample.

The variance of an estimator is also key to evaluating its reliability. It measures how much the values
that the estimator may take are spread and, because of it, ends up measuring the precision of the
estimator. Keeping this in mind, the smaller the variance of an estimator, the more precise it will be.
For the simple regression model, when we calculate the variance of the estimators we get:

- 1 ) _ X 3 x;?
Var(B,) = ma and Var(B,) =0 <m)

Notice that 02 stands for the variance of the error term and appears on both expressions. We can see
that the larger the variance of the error term, the larger the variance of both estimators and,
consequently, the more imprecise the estimation. We can also conclude that for the estimator to be
efficient, the variance of the error term must be constant. Furthermore, we can see that the sum of
the squared distances of x to its average is on both expressions on the denominator. This means that
the larger the dispersion of the values in x, the smaller the variance of estimators, thus, the more
precise they are. This means that choosing a sample that is diverse in terms of the values in the
explanatory variables contributes to a higher precision of estimators.

An important theorem regarding the assumptions in an econometric model is the Gauss-Markov
theorem. It states that if the fundamental assumptions are verified, the estimators for the Bs are the
ones with the least variance out of all the centered estimators. This means that they are the BLUE (Best
Linear Unbiased Estimators).
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When one is applying a multiple regression model, a new assumption must be verified. That is that
none of the explanatory variables is a perfect linear combination of another. When this assumption is
not verified, we are facing perfect multicollinearity and the least-squares estimators cannot be
calculated.

3.5. STATISTICAL TESTS

When we estimate the coefficients for a regression, we are making a punctual estimate for the
regression parameters. These estimates represent an inference over the regression model because
after we calculate the values of the parameters for our sample, we intend to make an inference for
the results to be applied to the population.

To make inferences we resort to interval estimation and hypothesis tests. Both these procedures are
strongly based on the assumption that the residuals in the model follow a normal distribution. If this
assumption is not verified, it is necessary to guarantee that the sample is large enough to assure that
the least-squares estimators follow an approximately normal distribution through the central limit
theorem. When resorting to this theorem the tests and intervals can be calculated, but their results
are only approximate.

A hypothesis test allows us to evaluate the possibility that a parameter is equal to some value. In each
hypothesis test, there must be a null hypothesis, an alternative hypothesis, a test statistic, a critical
region, and a conclusion. The null hypothesis is denoted as Ho and most of the time equals the
parameter being tested to a specific value. It is the hypothesis that we intend to accept or reject
according to the statistical evidence. Paired to any null hypothesis there is an alternative one, denoted
as Hi. It is usually the contrary of the null hypothesis and is the one that is accepted if the null
hypothesis is rejected.

To decide whether the null hypothesis is accepted or rejected, we must take into consideration the
value of the test statistic. The distribution of this statistic is known if the null hypothesis is true but is
unknown otherwise.

The critical region or rejection region of a hypothesis test depends on the form of the alternative
hypothesis. It consists of the values that have a truly low probability of occurring if the null hypothesis
is true. The logic behind this is that if the test statistic falls into the rejection region it is very unlikely
that the null hypothesis is true. To define this region we must define a level of significance for the test.
The level of significance of a test is the probability of rejecting the null hypothesis while it is actually
true. This is also called a type | error. The level of significance is commonly designated by a and is
usually either 0.01, 0.05 or 0.1. Another important concept when mentioning the significance of a test
is the p-value. The p-value is the minimal level of significance with which we can reject the null
hypothesis. If the p-value is less than the determined level of significance we reject the null hypothesis.

It is important to always remember while performing a hypothesis test that these tests are not able to
prove that a null hypothesis is true or false. We can only conclude if the data is compatible with that
hypothesis or not.

One of the most important hypothesis tests when it comes to econometric models is about the
individual significance of the estimated parameters. For this, we test the hypothesis of a parameter
being 0, which would mean that there is no significant relationship between the dependent variable
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and the explanatory variable associated with that parameter. The hypothesis for this test (for a

parameter By associated with an explanatory variable) are:

{Ho:ﬂk =0
Hl: ﬁk *#0

In an individual significance test we use a t-statistic and a bilateral test. If the results lead us to reject
the null hypothesis we can conclude that there is statistical evidence that the explanatory variable
associated to the parameter being tested is a good determinant of the dependent variable. When
presenting an econometric we should always indicate the p-value of the estimated parameters. For
this, we commonly use asterisks that can be placed side-by-side with the estimate or below it. One
asterisk means that the p-value was at most 0.1. Two asterisks mean that the p-value was between
0.01 and 0.01. Finally, three asterisks mean that the p-value was inferior to 0.01.

When we are estimating a multiple regression model it is relevant to perform joint hypothesis tests. In
these tests, there are multiple restrictions in the null hypothesis. We use this type of hypothesis to test
whether a group of variables should be included in the model, for example. To draw conclusions about
these hypotheses we use a F-statistic. Let us imagine the following model:

DVASA; = By + B,GER; + B,GER? + B3;Unemployment;

If we want to test the impact of the variable GER over DVASA we must perform a hypothesis test where
the null hypothesis is Bi1=p>=0. To perform this test we must have a restricted model and an
unrestricted model. Intuitively, the unrestricted model is the original model presented above, while
the restricted model is one where the null hypothesis is true, so:

DVASA; = B, + BsUnemployment;

The joint hypothesis test in a F test that is based on the comparison of the residual sum of squares of
both models. It verifies if the difference between residuals is large enough to justify the meaning of
the parameters included in the test. If including the variables corresponding to the parameters being
tested has a small effect on the residual sum of squares then we can conclude that, together, they are
not an important contribution to the explanation of the dependent variable’s variation.

If the null hypothesis for this test is true, the test statistic follows a F distribution with as many degrees
of freedom in the numerator as the number of restrictions being imposed and n-k-1 degrees of
freedom in the denominator (n is the number of observations and k the number of explanatory
variables in the unrestricted model). As the F distribution is always positive the test is unilateral and
the critical region is on the right side of the distribution.

There is a particular case of the joint hypothesis test in which we test all of the variables included in
the model together. Itis called the overall significance test. The logic is the same but the null hypothesis
includes all the parameters and the restricted model becomes a model including only Bo.

As mentioned before, statistical inference relies on the residuals following a normal distribution. Even
if the inference is valid with large samples due to the central limit theorem, it is desirable that this
assumption is verified. For this, we can use the Jarque-Bera test. Itis based on two measures, skewness
and kurtosis. Usually, for a normal distribution, the value for kurtosis is 3 and for skewness is 0. The
Jarque-Bera test compares the values obtained from the distribution of residuals to these values and
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determines if the difference is big enough to reject the null hypothesis that the residuals follow a
normal distribution.

3.6. HETEROSKEDASTICITY

When heteroskedasticity is present in a model it will negatively affect the statistical inference made
around that model as the variance of the residuals is not constant and, thus, their distribution is not
determined. Furthermore, it also means that the estimators for the coefficients are no longer efficient
as their variance is not constant.

Heteroskedasticity can be detected through visual analysis, as seen in Chapter 3.8, Figure 3.5.
However, there are multiple statistical tests for detecting heteroskedasticity. The first one is the
Breusch-Pagan test, which is based on the function of variance. For this test, we create a model where
the dependent variable is the squares of the residuals and the explanatory variables are the same as
the ones in the original model we want to test for heteroskedasticity.

ef =yo+ni¥i+ -+ vk + &

Then, we perform an overall significance test over this new model, which would mean that the null
hypothesis would have all coefficients equal to 0. If we fail to reject the null hypothesis it would mean
that there is no statistical evidence of the residuals being explained by the observed values for the
explanatory variables. If the null hypothesis is rejected it means that the residuals are affected by the
values in the explanatory variables and, thus, the model has a problem of heteroskedasticity.

One problem with the Breusch-Pagan test is that it assumes that the variables affecting the variance
of the residuals are known. However, we might want to test the prevalence of heteroskedasticity
without precise knowledge of the relevant variables affecting it. A possible solution is the White test.

The theory behind the White test is similar to the one behind the Breusch-Pagan test. We estimate a
model where the dependent variable is the squares of the residuals and perform an overall significance
test. However, this time we include not only the explanatory variables of the original model, but also
their squares and, optionally, the interactions between them. So, for a multiple regression model with
two explanatory variables this would be:

ef =vo +V1Xei + Vo Xoi + VaX{ + VaX5 + Vs Xu X + &

Once again, if we reject the null hypothesis of all coefficients being equal to 0, we diagnose the model
with a heteroskedasticity problem. Nevertheless, there is still a problem with this test. Since we are
including a lot of new variables in a model, we are losing a lot of degrees of freedom. We can see that
for the previous example with a model containing only two explanatory variables, the White test model
had 5 explanatory variables. To overcome this problem, we use a simplified version of the White test.

In the simplified White test, we use the prediction for the dependent variable obtained with the
original model. We create a new model where the dependent variable is the squares of the residuals
and the explanatory variables are those predictions and their squares.

eiz =Yo+1i¥i + Vz)A’iz + &
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Once again, we perform an overall significance test and rejecting the null hypothesis means
heteroskedasticity is present in the model.

3.7. MODEL AND VARIABLE SELECTION

One of the first steps in an econometric study is the choice of the model. This includes choosing which
explanatory variables should be included and in which functional form should they be included. The
wrong choice of variables may cause two different types of problems: the omitted variable problem or
the irrelevant variable problem.

Omitting a relevant variable causes bias in the coefficient estimates for the remaining variables if these
variables are correlated to the omitted variable. This happens because the effects of the omitted
variables will be reflected in the coefficients of variables related to it. When the omitted variable has
a positive effect on the dependent variable (a positive coefficient), the coefficients of variables
positively correlated to it will suffer from an upper bias and the coefficients of variables negatively
correlated to it will suffer from a downward bias. For cases in which the omitted variable has a negative
effect on the dependent variable (a negative coefficient), the coefficients of variables positively
correlated to it will suffer from a downward bias, while the coefficients of variables negatively
correlated to it will suffer from an upper bias. If the omitted variable has a correlation coefficient of 0
with all remaining explanatory variables, their coefficients will remain unchanged and the effects of
the omitted variable will be reflected on the error term of the model.

Including too many variables in order to avoid the omission problem is also not a good strategy, as the
inclusion of an irrelevant variable reduces degrees of freedom in the estimation. Consequently, this
causes larger standard errors for the coefficients and may lead to wrong conclusions. Another thing to
keep in mind when it comes to including irrelevant variables is the possibility of spurious regressions.
For example, the number of radishes harvested may explain some of the variability of the number of
domestic violence occurrences, but this would be a completely random association.

One can conclude that it is important to choose an adequate set of explanatory variables to have a
quality model. Unfortunately, this cannot be done by using a mechanical procedure that tells us the
perfect set of variables. Instead, one should rely on the theoretical background already existent on the
subject and on the result of statistical tests. Firstly, the investigator must choose the variables and
respective functional forms using his understanding of the problem. Then a first model must be
estimated and the coefficients and their magnitudes must be analyzed. If the coefficients have
unexpected values, this may be caused by a misspecification. Then, hypotheses tests regarding the
significance of variables on their own or as a set can be used, followed by some measures of selection
such as the Akaike Information Criterion (AIC). Finally, the adequacy of a model can be tested using a
general specification test called RESET. The procedure is always very subjective and is displayed in
Figure 3.4 below.

Figure 3.4 - Choosing Variables and Functional Forms for Models
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The R? or coefficient of determination of a regression is a measure of the proportion of variability in
the dependent variable that is justified by changes in the explanatory variables. Considering that the
variability of the dependent variable has two components (one that is systematic and a random one),
we can decompose it in the part that is explained by the model (explained sum of squares — ESS) and
the part error that relies on the error term (residual sum of squares — RSS). The sum of these two
results in the total sum of squares (TSS), which is equal to the variability of the dependent variable.
Keeping this in mind, the formulas are as below. In these formulas y is the expected value of the
dependent variable, ¥, is the predicted value of the dependent variable for the it observation, n is the total
number of observations and e is the error term.

n n n
TSS= ) i=§F  ESS=) G-y RSS=) (i-f)i=el
= = 1=

Since the objective of the R?is to inform about the proportion of variability in the dependent variable
that is addressed by the model, it is calculated as i—jﬁ or, equivalently,as 1 — 5—;‘; . Since it is desirable

that the model explains as much of the dependent variable’s variability, it is desirable that the R? is as
close to one as possible. However, the R may not always be the best measure to compare models as
it always becomes larger when adding new variables, even if the variables added are completely
irrelevant. Keeping this in mind, the R? can only be used to compare models with the exact same
number of explanatory variables. When the models have a different number of explanatory variables,
the adjusted R? can be used as an alternative. This measure is calculated as following:

RSS
g2—1_ -k
R*=1-"7g5

N=-1)

In the previous equation N represents the total number of observations and k represents the number
of explanatory variables in the model. Using this measure, the value of the coefficient does not
necessarily increase when a new variable is added because of the term N-k in the numerator. This
means that when a new variable is added, the RSS decreases, but so does N-k, which causes the effect
on R? to be dependent on the amount by which the RSS falls. It is important to notice that the adjusted
R? loses the interpretation of the R2. However, we still want to maximize the adjusted R2.

Another way of evaluating models is using information criteria. The two most used ones are the Akaike
Information Criterion (AIC) and the Schwarz Criterion (SC). These criteria work in a similar way, having
a first term that reflects declines in the RSS and a second term that work as a penalty for including too
many variables. They work the opposite way as the R? or the adjusted R? in the sense that the objective
is to minimize them. The criteria can be used when the number of explanatory variables in the model
is different and their formulas are as following:

RSS) 2K

AIC =1 ( + RSS) K *1n (N)
— N )TN

SC=1In (T + N

The Regression Specification Error Test (RESET) is designed to detect omitted variables and incorrect
functional forms. Even when this test detects a misspecification error, it does not identify it. This test
is applied after estimating the model and obtaining the predicted values for the dependent variable.
These values are then used in a square and a cubic form as new explanatory variables for a new model.

Then, a joint significance test is applied to test for the significance of the coefficients of $2 and 3. If
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one concludes that these parameters are statistically significant it means that something is missing in
the model and its specification can be improved.

3.8. MODELLING ISSUES

Sometimes the scale of the data is not the ideal. This can be altered without changing the underlying
relationships between variables. For example, if the number of domestic violence occurrences by
municipality was a really large number, one could decide to transform it by changing the unit of
measure to hundreds of domestic violence occurrences. This would change the coefficients of the
regression and their interpretation but would not change the results of statistical tests and other
measures like the R% The process of changing the units of measure of a variable is called scaling the
data.

Econometric models do not have to assume a linear relationship between the explanatory variables
and the dependent variable. It is not always true that when an explanatory variable increases or
decreases the dependent variable always continues to increase or decrease at the same constant rate.
In order to include non-linear relationships in an econometric model one can transform the
explanatory variables, the dependent variable or both. The most common transformations are powers
of variables (quadratic or cubic, for example) and natural logarithms (In). It is always important to
notice that when applying transformations to any variables the interpretations of the coefficients
affected by the transformation change as the slope of the line that defines the relationship is no longer
constant and varies from point to point. The way the relationship is modelled is called the functional
shape or form of the relationship. When choosing a functional form, the investigator must be aware
of what theory tells about the relationship between variables and choose a shape that is sufficiently
flexible to fit the data. Even if all considerations are taken, the functional form may still not be the
best. One way of diagnosing this problem is by plotting the residuals against the values of an
explanatory variable, for example. This is illustrated in Figure 3.5. If the points are randomly scattered
around the plot and there is no evident pattern or trend it is probable that all model assumptions hold.
This can be seen in Figure 3.5 on the left. If the residuals show increasing or decreasing variance,
heteroskedasticity may be a problem (Figure 3.5 on the middle). If the functional form of the
relationship is defined wrongly, the way the residuals are scattered around the plot may indicate the
right one (Figure 3.5 on the right side).

Diagnostic Residual Plots

Residual Plot Without Red Flags Residual Plot With Heteroskedasticity Residual Plot With Wrong Functional Form
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Figure 3.5 - Diagnostic Residual Plots (Example)
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3.9. MODELS FOR PANEL DATA

The models estimated for panel data are obtained, generally, resorting to hypotheses about three
components:

= The regression coefficients (Bir where i is the index for the individual, t for the period and r for
the variable);

= The explanatory variables and their relation to the error term;

= The stochastic properties of the errors.

One can distinguish between three types of models: the constant coefficients, the fixed effects and the
random effects. The first one, the constant coefficients model, is used when there are neither
significant cross-sectional effects nor significant temporal effects. In this case, one can
undistinguishably use all the data and estimate an ordinary least squares regression. It is very unlikely
that in a panel dataset there are no effects caused by the cross-sectional or temporal components, but
they can be statistically not significant. If we are to consider three explanatory variables, a constant
coefficient model can be written as following:

Yie = Bo+ BiX1ir + B2X2ir + BaXzie + Uyt

In the previous equation one can notice the subscripts i and t. They denote the cross-sectional unit and
the time period, respectively. In the constant coefficients model, as the name suggests, the coefficients
B stay fixed for all units and periods (that is why they do not have subscripts). This type of model is
also called a pooled model. If, besides assuming the common assumptions for the error term we also
assume that it is uncorrelated over time and over the individuals, there is nothing that distinguishes
this model from a multiple regression model.

The problem with the constant coefficients model is that it is unrealistic to assume that the errors for
the same entity are not correlated. We then need to relax the assumption of zero correlation over time
for the same entity. This does not mean that the error covariance is constant for the same entity, it
just means that it can be nonzero. However, the covariance of errors for different individuals is still
assumed to be 0. This leads to a problem of heteroskedasticity, which means that the least squares
estimators are still consistent but their standard errors are wrong, leading to invalid statistical analysis.
One way to overcome this problem is to use cluster-robust standard errors (the clusters are formed by
the observations for each entity).

Fixed effects models allow the existence of individual characteristics of cross-sectional units by
allowing different coefficients for different individuals. Keeping this in mind, a fixed effects model with
three explanatory variables can be written as following:

Vit = Boi + BriX1ie + Baixzic + B3iXzie + Uit

In the previous equation one can notice the subscript i in the B coefficients of the model. This means
that these coefficients can be different for each individual, creating what one can think of as a separate
model for each cross-sectional unit. If using this line of thought, one can understand that this type of
model can cause trouble on short panels, due to the degrees of freedom used when estimating it. If a
panel has only five time periods and one tries to estimate a fixed effects model for each unit, one is
only using five observations to create that model, which does not make sense and can even be
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impossible if the number of coefficients to be estimated surpasses the number of observations for
each unit. One way to avoid this problem is by using an alternative version of the fixed effects model,
in which only the constant in the model differs from unit to unit. This can be written, considering three
explanatory variables, as following:

Vit = Boi + B1X1ic + B2Xzir + B3Xzir + Uit

One can see that in the previous equation only the first B has the subscript i, meaning that all
differences between individuals are assumed to be captured by the intercept in the model. One way
to estimate this simple version of the fixed effects model is by crating a dummy variable for each unit
that serves as an identifier for which individual the observation belongs to. By assuming the value 0 or
1 according to whether the observation refers to the unit or not, the corresponding coefficient will be
ignored for observations that do not belong to the respective unit (by being multiplied by 0). In order
to avoid problems related to multicollinearity, one unit must serve as the base for the others, which
means that one unit does not have a corresponding dummy variable and is then represented by a
constant in the model. The remaining coefficients represent the differences in the constant regarding
the base unit for the remaining individuals. It is important to notice that, in short panels, the
coefficients for the dummy variables are calculated using as many observations as the number of times
periods contemplated for each unit, meaning that probably the central limit theorem does not apply
anymore. Keeping this in mind, inferences on the coefficients for the dummy variables need normally
distributed errors in order to be valid.

Fixed effects models can have different coefficients for the cross-sectional units, for the time periods
or for both. The base idea is always the same —to reflect the fixed effects of each of these components
differently.
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4. DATA EXPLORATION

The dataset is composed by 19 explanatory variables and the dependent variable (DVASA occurrences).
The methods used for calculating, treating, and standardizing all of these variables are explained in the
next pages of this study. The dataset follows a panel data structure, having a column for the spatial

dimension (Municipality) and one for the temporal dimension (Year). A summary of the existing
variables can be found on Table 4.1, below:

Municipality Spatial Dimension of the Dataset.
Year Temporal Dimension of the Dataset.
Number of DVASA Occurrences Registered
DVASA by Police Authorities by 100
Inhabitants.
. Number of Divorces for 100 Marriages in
Divorces

that Civil Year.
Number of People Aged 65 and Over for

Elderly Dependency Every 100 People of Working Age, that
is, Between 15 and 64 Years 0ld.
Percentage of Doctors Enrolled in the
Female_Doctors

Doctor’s Order Who Are Female.
Average Number of Children Born for
Fertility Each Woman in Fertile Age (Between 15

and 49 Years 01d).
Percentage of the Resident Population

GER with Normal Age for Attending High
School that is Actually Attending High
School.
Percentage of the Male Resident
Population with Normal Age for
GER_Men

Attending High School that is Actually
Attending High School.
Percentage of the Female Resident

GER Women PoPulat%on with Normal Age for
- Attending High School that is Actually
Attending High School.
. Number of New Marriages per 100
Marriages .
Inhabitants.

Percentage of the Total Population of
the Municipality that Represents Men
With 65 Years or More.
Percentage of Total Doctors that are
Specialized in Psychiatry according to
the Doctor’s Order.
Percentage of the Total Population of
the Municipality that Represents Women
Between 25 and 54 Years 01d.
Average Gross Amount that the Employees
in the Municipality Receive Every Month
Including basic remuneration and Other
Remuneration Paid by the Employer
(Overtime, Holiday Pay or Premiums).
Number of Pensioners for Each Person
who Cashes for Social Security. A

Men65

Mental Health

Middle_Aged_Women

Monthly_Gain

SS_Pensions
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Pension is an Amount Attributed Each
Month to Someone in the Event of
Disability, Old Age, Occupational

Disease or Death.

Number of Doctors by 100 Inhabitants
According to the Doctor’s Order.
Number of Women Enrolled in Employment
Unemployment_Female and Vocational Training Centers per 100

Inhabitants.

Number of Men Enrolled in Employment
Unemployment_Male and Vocational Training Centers per 100
Inhabitants.

Number of people Enrolled in Employment
Unemployment_Total and Vocational Training Centers per 100
Inhabitants.

Number of Children Under 15 Years 01d
Youth_Dependency for Every 100 People of Working Age,
that is, Between 15 and 64 Years 0ld.
Percentage of Men’s Monthly Gain that
Women Receive on Average.

Total_Doctors

Wage_Gap

Table 4.1 - Dataset Variable Description

4.1. DEPENDENT VARIABLE

Three datasets containing information regarding the dependent variable were retrieved from the
official statistics website by DGPJ on the 4™ of March of 2021. One containing information about the
number of domestic violence occurrences nationwide, one with this data split by districts and a last
one with the data split by municipalities. All of them contained information regarding three categories
(as explained in Chapter 1. Introduction): domestic violence against spouse or analogous (DVASA),
domestic violence against minors (DVAM) and others. Finally, for all three datasets, the data was
collected for the period between 2008 and 2019, due to data availability.

The Portuguese Criminal Code provides for and punishes the crime of domestic violence. Domestic
violence assumes the nature of a public crime, which means that the criminal procedure is not
dependent on a complaint by the victim, just a complaint or knowledge of the crime is enough for the
Public Ministry to promote the process. Thus, in Portugal, the registered number of occurrences of
domestic violence does not depend only on self-report by the victim. However, as it is a crime that
commonly takes place in the privacy of a home, many cases may depend on self-report. The dataset
obtained focuses on data registered by police authorities and, according to (Ellsberg, Heise, Pefia,
Agurto, & Winkvist, 2001), may suffer from underreporting, as it depends on self-report to some
extent.

The data recorded for Portugal as a whole is a discrete time series. For each category there is a set of
12 observations recorded at uniformly spaced time values, in this case, years. This remains true for the
data regarding districts and municipalities, except that, for the first case, there is one time series per
category and per district, and for the second case there is one time series per category and per
municipality.

The evolution of the number of domestic violence occurrences in Portugal can be seen above in Figures
1.1 and 1.2. It becomes clear by the analysis of these figures and of the descriptive statistics on Table
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4.2 that domestic violence against spouse or analogous is the most prominent category out of the
three. One can see that, between 2008 and 2019, the yearly average of domestic violence occurrences
was 27,394. Considering the same period, the yearly average for the DVASA category was 22,977.8, a
value that clearly shows how relevant this category is for the total domestic violence occurrences. The
remaining categories have less significant yearly averages.

1226.32 75.22 435.55 1612.36
20394.00 430.00 3083.00 24157.00
22977.80 537.92 3879.17 27394.90
25129.00 680.00 4651.00 30340.00
23382.80 599.00 4039.00 27877 .00
22851.50 515.50 3800.00 27155.00
22457.50 484.00 3647.75 26683.50

Table 4.2 - Descriptive Statistics for the Dependent Variable (on a national level)

When comparing the evolution of total occurrences in Portugal (Figure 1.1) with the evolution of
occurrences for DVASA (Figure 1.3), one can detect the same patterns. By calculating the difference in
the number of occurrences for subsequent years, it is possible to notice that DVASA occurrences
almost always justify over half of the growth or decrease in the number of total occurrences. This is
only not true for 2014, when the number of DVASA occurrences increased by 35 but the number of
total domestic violence occurrences decreased by 48 due to a decrement in the other categories.
Figure 4.1 shows exactly this.

Absolute Change in Total and DVASA Occurrences

3000
2000
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- Iy ]
—1000

—2000 Absolute Change in Total Occurrences
= Absolute Change in DVASA Occurrences

Number of Occurrences
o

2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019
‘ear

Source: Direcao-Geral da Politica de Justica (DGP])

Figure 4.1 - Absolute Change in Total and DVASA Occurrences (on a national level)

Since the datasets only have 12 years worth of data, it would not be possible to perform a time series
regression for Portugal as a whole, as there would not be enough degrees of freedom to provide
powerful estimates. Keeping this in mind, a panel data regression will be performed with data
regarding the years and municipalities. For this purpose, the dataset containing information about
domestic violence occurrences by municipality must be analyzed.

Portugal is divided into 18 districts and 2 autonomous regions. Each of these is subdivided into
municipalities. Currently, Portugal has 308 municipalities. The municipality data retrieved from the
official statistics website by DGPJ measured the three domestic violence categories for the 308
Portuguese municipalities and for an extra N.E. one, meaning not specified (ndo especificado in
Portuguese). Since it would not be possible to find the explanatory variables values for this special
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case, this extra municipality was eliminated from the dataset. Furthermore, 12 of the 308
municipalities did not have values for all the categories. Corvo, the smallest island in the Autonomous
Region of the Azores, only had data for the DVASA category. The remaining 11 municipalities
(Pampilhosa da Serra, Golegd, Ribeira de Pena, Vila de Rei, Barrancos, Vila Vigosa, Penela, Alcoutim,
Alfandega da Fé, Sdo Roque do Pico e Aguiar da Beira) were missing data for the DVAM category.

The statistical confidentiality principle is stated in Didrio da Republica (the Portuguese official gazette)
in Law n222/2008, the act that legislates on the National Statistical System. This principle, referred to
in article 6 of the mentioned law, aims to safeguard citizens' privacy and secure trust in the Statistical
System. Therefore, in the retrieved datasets, in order to respect the privacy of the people involved,
numbers below 3 are not presented, being symbolized as missing values. Keeping this in mind, the
number of missing values was calculated for each category. As one can see from Table 4.3, there were
a total of 4,356 missing values among the three categories. The majority of these can be found in the
DVAM and Others categories. The missing values for DVASA represent only around 2.3% of the total
missing values in the dependent variable dataset.

DVASA 100
DVAM 2,862
Others 1,394
4,356

Table 4.3 - Missing Values by Domestic Violence Category (Municipalities)

As mentioned before and seen on Figure 4.1, DVASA is the most prominent category in the total
domestic violence occurrences in Portugal. Adding this to the facts that it is also the category with the
least missing values (Table 4.3) and that it is the only category measured for all 308 municipalities, one
can conclude that this is the best dependent variable for the present study.

In order to better understand the missing values and to find the best way to impute them, the
difference between the national values for each year and the sum of the values for each municipality
in each year was calculated (including the values for N.E.). This can be seen on Table 4.4. One can see
that the number of missing values for the municipalities in each year is always very close to the number
of occurrences reported on the national level but unreported on a municipal level. In order to address
this, the missing values were replaced by the value 1 as it was considered better to keep information
about municipalities with low occurrences than to remove them altogether from the study.

21 16 6 7 5 7 9 8 4 6 4 7

27 21 8 7 6 10 7 12 4 10 3 10

Table 4.4 - Missing Values for DVASA in Municipalities and Difference Between National Total and Municipality Total

Itis important to keep in mind that the retrieved data was measured as an absolute value, which means
that it did not consider the differences in the number of inhabitants for each municipality. Keeping the
data as it was would have biased the future model, forcing it into thinking that the higher number of
domestic violence occurrences in municipalities with the most population was caused by factors other
than the number of inhabitants. In order to avoid this problem, the number of DVASA occurrences was
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standardized according to the resident population in each municipality, as shown below. This way, the
dependent variable is now the number of DVASA occurrences per 100 inhabitants.

DVASAabsolute

(Total Population)
100

DVASAstandardized =

The data regarding resident population by municipality used to standardize the dependent variable
was retrieved from the Pordata website on the 23 of April of 2021. The definition of resident
population in this case is the group of people who, regardless of being present or absent in a particular
accommodation at the time of observation, lived in their usual place of residence for a continuous
period of at least 12 months prior to the time of observation, or who arrived at their usual place of
residence during the period corresponding to the 12 months preceding the moment of observation,
with the intention of remaining there for a minimum period of one year.

4.2. EXPLANATORY VARIABLES

When modelling domestic violence one can contemplate two types of variables: risk factors and
protective factors. The first ones, as the name suggests, increase the risk of domestic violence, causing
a high number of occurrences when very present. Protective factors do the opposite, buffing the risk
for domestic violence. The identification of risk factors is very important for the prevention of violence
and to guide policies. Both types of factors can be divided into modifiable (for example education) and
non-modifiable (for example gender and age) factors. The first ones are the most important when it
comes to defining prevention policies, for logical reasons.

According to (Ellsberg, Heise, Pefia, Agurto, & Winkvist, 2001) individuals belonging to families with
more children are more prone to suffer assaults. As a way to include this factor in the present study,
the synthetic fertility index (SFI) was considered as an explanatory variable. This index is the average
number of children born for each woman in fertile age (between 15 and 49 years). In order for the
generation renewal to be assured, the synthetic fertility index must be at 2.1. The data regarding this
variable was retrieved from the Pordata website on the 15™ of April of 2021 and included data from
2009 to 2019.

Another measure for the number of children is the youth dependency index. The data for this variable
was retrieved from the Pordata website on the 6™ of May of 2021. The youth dependency index is the
number of children under 15 years old for every 100 people of working age, that is, between 15 and
64 years old. A value less than 100 means that there are fewer young people than people of working
age. This variable had data for all the municipalities (without missing values) for the period between
2009 and 2019.

Healthcare workers play an important role in uncovering domestic violence occurrences and
supporting the victims. According to (Cann, Withnell, Shakespeare, Doll, & Thomas, 2001), among
healthcare workers, women, nurses and mental health workers tend to respond better to domestic
violence cases. Keeping this in mind, data regarding the total number of doctors and the number of
female doctors for each municipality was retrieved from the Pordata website on the 10" of May of
2021 in order to calculate the percentage of female doctors as below. This data covered the period
between 2009 and 2019 and had missing values for some years in Pampilhosa da Serra, Oleiros and
Lajes das Flores.
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FemaleDoctors psoute * 100

F leD t o, =
EMALeLioctor Sy, TotalDoctorsgpsorute

Following the same logic, the number of mental health workers (using psychiatry specialists as a proxy)

was retrieved from the Pordata website on the 10" of May of 2021. The percentage of mental health

doctors in the total of doctors was calculated as below. Once again, this variable had missing values

for some years in Pampilhosa da Serra, Oleiros and Lajes das Flores.

MentalHealth psomte * 100

MentalHealth,, =
% TotalDoctorspspiyte

Finally, the total number of doctors in each municipality was also used to create a variable that showed
the number of doctors per 100 inhabitants of the municipality. This variable had data for the period
between 2009 and 2019 and had no missing values.

As mentioned in the APAV report regarding male domestic violence victims (APAV - Associacdo
Portuguesa de Apoio a Vitima, 2018), elderly men (65 years or more) tend to be more at risk. This can
be seen on Figure 2.1. Taking this into account, the percentage of elderly men in the total population
was included in the present study as an explanatory variable. The data regarding the absolute number
of men with 65 or more years was retrieved from the Pordata website on the 23™ of April of 2021. This
data was then converted to a percentage of the resident population as following:

Men65absolute *100

M 650 =
ETo % Total Population

Still focusing on the elderly population, but this time without distinguishing between genders, the
elderly dependency index was retrieved from the Pordata website on the 6™ of May of 2021. The
elderly dependency index is the number of people aged 65 and over for every 100 people of working
age, that is, between 15 and 64 years old. A value less than 100 means that there are fewer elderly
people than people of working age. This variable had data for all the municipalities (without missing
values) for the period between 2009 and 2019.

Another way of measuring the level of dependency in a population is to consider the number of Social
Security pensioners. A pension is an amount attributed each month to someone in the event of
disability, old age, occupational disease or death. Data regarding the number of pensioners for each
person who cashes for Social Security was retrieved from the Pordata website on the 11* of May of
2021. This data contemplated the period between 2009 and 2019 and had some missing values for the
municipalities of Alenquer, Lagoa (Azores), Lajes das Flores, Santa Cruz das Flores and Corvo.

It is also mentioned in another APAV report regarding domestic violence victims in general (APAV -
Associacdo Portuguesa de Apoio a Vitima, 2018) that most of the victims tend to be women with ages
comprehended between 26 and 55 years. Keeping this in mind and with the same rationale as for the
elderly men variable, the percentage of the population represented by women in these ages was
included. The data regarding the absolute number of women between 25 and 54 years was retrieved
from the Pordata website on the 27" of April of 2021. The boundaries of the age gap were as close as
possible to the ones mentioned in the APAV report. However, they are not exactly the same as this
data was not available. The percentage of middle-aged women was calculated as following:

MiddleAgedWomen psoite * 100

MiddleAgedWomengy, = Total Population
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The same APAV report mentioned that a high percentage of the victims was married, showing that it
might be relevant to include a measure of marriages as an explanatory variable for the present study.
However, the number of marriages in a given year does not directly affect the number of domestic
violence occurrences in that same year, as the marriage of the victims happens in years before the
occurrence. Nevertheless, data regarding the number of marriages national-wide was retrieved from
the Pordata website on the 28" of April of 2021 to test for correlations with the number of DVASA
occurrences national-wide. When testing for the correlation between absolute values of DVASA
occurrences and absolute values for the number of marriages the result was 0.48 which is neither a
weak nor a high correlation. However, these values should be standardized according to the
population. This standardization was made resulting in DVASA occurrences per 100 inhabitants and
the same for the number of marriages. The correlation was then 0.31. Also, the evolution of both
variables was plotted to check for common patterns (Figure 4.2) which were mostly not found. One
can conclude that it might not be relevant to include this variable in the study. However, it might be
interesting to check how this variable behaves when included in a regression and for that purpose data
regarding the number of marriages by municipality was also retrieved from the Pordata website on
the same date. This data was then standardized to reflect the number of new marriages per 100
inhabitants.

Are Marriages and Domestic Violence Occurrences Related?

DVASA Occurrences
0375 m—Marriages
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Figure 4.2 - Are Marriages and DVASA Occurrences Related?

Divorces are yet another controversial variable to include. However, they might be important as, if this
variable works as expected according to (Bowlus & Seitz, 2006), it can be a good drive for action. That
is, even though divorces are a consequence of domestic violence occurrences, they might be able to
explain some of the expected underreporting in domestic violence occurrences. Also, if an increase in
divorces is connected to an increase in domestic violence occurrences, the responsible entities can
look for a rise in the number of divorces and, in that case, pay closer attention to domestic violence.
(WHO - World Health Organization, 2010) mentions divorces as a cause for domestic violence and not
only a consequence, as separated or divorced people tend to be more vulnerable, thus becoming more
prone to being victims in a following relationship. Data regarding divorces was retrieved from the
Pordata website on the 7" of May of 2021 in the form of divorces per 100 marriages. The data included
the period from 2009 to 2019 and had some missing values, namely there were no values at all for
Odivelas, no data for Castanheira de Péra in 2013, no data for Barrancos in 2019, no data for Porto
Moniz in 2016 and 2018, no data for Corvo in 2013, 2015, 2016, 2018 and 2019. This variable is
calculated the following way:

Divorces in Civil Year

Divorces per 100 Marriages = 100

*
Marriages in Civil Year

Another relevant variable according to (Campbell, 2002) is a measure of income, as the poorest strata
of the population tend to witness more cases of domestic violence. Considering this, the monthly gain
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of employees was included in the study. This refers to the amount that the employee receives every
month. In addition to the basic remuneration, it includes other remuneration paid by the employer,
such as overtime, holiday pay or premiums. It is calculated as a gross amount (before deducting any
discounts). This data was retrieved from the Pordata website on the 26™ of April of 2021, and it
contemplates the period between 2009 and 2018. There was no information for this variable when it
comes to all the 19 municipalities in the Autonomous Region of the Azores for the period between
2010 and 2013, which causes a total of 76 missing values.

Using the same dataset used for the monthly gain of employees, a measure of the wage gap between
men and women was calculated. The data from Pordata, retrieved on the 26" of April of 2021, included
the average monthly gain for all employees in a municipality as well as the average monthly gain for
women only and for men. Once again, this data refers to the period between 2009 and 2018 and has
no values for the municipalities in Azores for the period between 2010 and 2013. The variable here
referred to as wage gap is the percentage of the men’s monthly gain that women receive on average
and was calculated as following:

MonthlyGain,,men * 100
MonthlyGain,, e,

WageGap =

According to (Anderberg, Rainer, Wadsworth, & Wilson, 2015) unemployment also influences
domestic violence occurrences. Since the unemployment rate by gender was only available by regions
and not municipalities, the number of people enrolled in employment and vocational training centers
was used as a proxy. The values were calculated from a simple arithmetic average of the unemployed
registered monthly in the employment and vocational training centers, so they are not always whole
numbers. This data was retrieved from the Pordata website on the 29" of April of 2021 and had values
for the period between 2009 and 2019. To test different possibilities, three variables were created
from this data — female unemployment, male unemployment and total unemployment. All of them
came in absolute values and had to be standardized by the number of inhabitants in the municipality.
This standardization was done in the same way as the standardization of the dependent variable,
resulting in the number of people enrolled in employment and vocational training centers by 100
inhabitants. It is also important to notice that there were no values regarding unemployment for the
Autonomous Regions of the Azores (19 municipalities) and Madeira (11 municipalities), making it a
total of 30 municipalities with no information.

Education may also play an important role in explaining the evolution of domestic violence
occurrences. According to (Bowlus & Seitz, 2006), victims of violence tend to have lower levels of
education and so do the perpetrators. Data regarding the gross enrolment rate (GER) was retrieved
from the DGEEC — Dire¢do-Geral de Estatisticas da Educacdo e Ciéncia — on the 23" of June of 2021.
The data was available for the period between 2003 and 2019 and did not have values for the
municipalities in neither Azores nor Madeira. This indicator is calculated by DGEEC based on DGEEC
enrollment data and INE (/Instituto Nacional de Estatistica) resident population data. It is calculated the
following way:

Students Enrolled in High School

GER =
Resident Population With Normal Age for Attending High School i

100

Regarding the GER, three variables were included: the total GER and GER by gender.
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5. METHODOLOGY

The second step of this study, right after the data collection, was the data treatment and exploration,
followed by modelling. Some of the data treatment was already described in the previous chapters,
but the remaining part will be described in the present chapter. All calculations and plots were made
using Python. The code used in the scope of this study can be found on a GitHub repository®*.

5.1. SERIES BREAKS

A lot of the explanatory variables had breaks caused by changes in the standards for defining and
observing the indicator over time. According to the OECD (Organization for Economic Co-operation
and Development) Glossary of Statistical Terms, “the specific causes of breaks in a statistical time series
include changes in: classifications used, definitions of the variable, coverage, etc.”.

The variables GER, GER_Women and GER_Men did not have series breaks.

Fertility, Youth_Dependency, Female Doctors, Mental Health, Men65, Elderly Dependency,
SS_Pensions, Middle_Aged _Women, Monthly_Gain, Wage_Gap, Unemployment_Total,
Unemployment_Female, Unemployment_Male and Total_Doctors all had four breaks, all in 2013.
Those were in Lisbon, Loures, Santarém and Golega. The breaks in Santarém and Golega are caused by
the fact that the parish of Pombalinho was considered, from 2013 on, a parish belonging to the
municipality of Goleg3, no longer being a part of Santarém. Pombalinho is a small parish, with 7.7km?
and 448 inhabitants, making this break neglectable. It was also a change in the parish configuration
that caused the breaks for Lisbon and Loures. In 2013 a new parish called Parque das Nagdes was
created, which included areas from both the municipalities of Loures and Lisbon. This parish is, from
2013 on, part of the municipality of Lisbon and it has 5.44km? and 21,025 inhabitants. Since only 34.2%
of this area and 23.7% of this population belonged to Loures before the change, the effect of this break
is neglectable.

The variable Marriages also had the four breaks for 2013 described in the last paragraph. However, it
also had a break for each municipality in 2010 due to the fact that as of this year (inclusive), with the
implementation of Law 9/2010 on the 31° of May, civil marriage between persons of the same gender
became allowed. This last break cannot be considered neglectable and, so, data for the year of 2009
had to be removed from the variable in order to cancel the effects of the break.

Once again, the variable Divorces had the four breaks in 2013 related to the redistribution of parishes.
However, it also had a break for all municipalities for the year of 2010 for the same reason the variable
Marriages had a break in 2010 (Law 9/2010). From 2010 on (2010 included), divorces were allowed for
persons of the same gender. Once again, this break cannot be considered neglectable and, so, values
for the year of 2009 had to be removed for the sake of the coherence of the variable.

5.2. CORRELATIONS

It is important to know what the relation between variables within the dataset is. For this purpose, the
correlation matrix was calculated using the Pearson Correlation Coefficient. The Pearson correlation is

1 Text is underlined as it represents a link to https://github.com/anastaubyn/MasterThesis
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used to evaluate the linear relationship between two variables. A relationship is linear when a change
in one variable is associated to a proportional change in another variable. Spearman correlation
evaluates the monotonic relation between rank variables or continuous ones and is usually used to
evaluate the correlation between ordinal variables. In the case of the study, it makes more sense to
use the Pearson Correlation Coefficient to evaluate associations among variables.

Since a panel data structure is being used, it can be considered a hybrid between time series and cross-
sectional data. There is data for cross-section units (municipalities) and for periods (years). We can
then unstack a single random variable into multiple random variables — considering the variable for
the cross-section unit and the variable for the period. This allows us to calculate different types of
correlations — one is a measure of association between cross-section units and the other is a measure
of association between periods. The within cross-section correlations measure the association
between the data in different periods for a given cross-section (in this case municipality) and is called
contemporaneous correlation. To calculate it, one must group the data by period and calculate the
correlation coefficients between cross-sectional units. The graphical views of the contemporaneous
correlation matrixes for each year are presented in Annex I.

Figure 5.1. shows a graphical interpretation of the correlation among variables in the dataset. To build
this correlation matrix, the average values for the correlations in each year were calculated, providing
a summary of the information contained in the 11 yearly matrixes presented on Annex I.

Average Contemporaneous Pearson Correlation

DVASA
Fertiity
Mens

Monily_Gain 04

Wage_Gap

Middle_Aged_ Woman
Unempicymeant_Total
Unempicymeant_Male

Marriages
Sdary_Dependency m -
“fouth_Dependancy 04
Dhvarces
Female_Dociors
Ttal_Doctars 04
Mental_Healin
=5_Pensions o aa fes =
== s
=R_Men a5

GER_Women 04

Menas
Gain

DM
Fertibty

Total_Doctars
Menzal_Healih
25_Pensions

Monnty.
Female_Doclors

g
H

Mddle_fged_Woman

Figure 5.1 - Average Contemporaneous Pearson Correlation
Firstly, it is important to notice that both on the summary matrix plot and on the yearly matrixes plots
only correlations with an absolute value above 0.4 are explicitly written. The first conclusion to take
from the analysis of Figure 5.1. is the fact that there are no major correlations between any of the
explanatory variables and the dependent variable. This can be due to the fact that the Pearson
Correlation Coefficient measures linear relationships, meaning that it is possible that there still is
association between DVASA and the remaining variables on a non-linear level. The second conclusion
to take from the analysis of the heatmap is that there are some really high correlations between
explanatory variables — Middle_Aged Women and Men65, Unemployment_Male and
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Unemployment_Total, Elderly_Dependency and Middle_Aged Women, SS_Pensions and Men65,
SS_Pensions and Middle_Aged _Women, SS_Pensions and Elderly_Dependency and, finally, GER_Men
and GER_Women. All these correlations are almost perfect, with an absolute value of around 0.9. The
are also some perfect average correlations among variables in the dataset — Unemployment_Female
and Unemployment_Total, Elderly_Dependency and Men65, GER_Men and GER and, finally,
GER_Women and GER. Most of these were expected, as they make perfect sense.

5.3. MISSING VALUES

Having many missing values lowers the quality of data. One can choose one of two approaches for
dealing with missing values: either replace them or delete them. The method called listwise deletion
consists of removing an entire observation from the dataset if any of its values are missing. However,
this may weaken the statistical power of tests, as it reduces the number of observations and brings
problems related to unbalanced panel data. Keeping this in mind, missing values were mostly replaced,
as explained in the following paragraphs.

Some of the variables had missing values, but a lot of them were missing the entire year of 2008.
Keeping this in mind, this year was removed from the study, making it a study about the evolution of
DVASA occurrences between 2009 and 2019.

After the removal of the year 2008, the variables Fertility, Youth_Dependency, Middle_Aged _Women,
Men65, Total_Doctors and Elderly_Dependency had no missing values.

The variable Female_Doctors had 22 missing values for the municipalities of Oleiros and Pampilhosa
da Serra for the years between 2009 and 2014; Lajes das Flores for the years between 2009 and 2018.
However, the variable Total_Doctors for all these observations was zero, meaning that these missing
values were due to the calculation of the variable, when trying to make a division by zero. Since
Female_Doctors represents the percentage of total doctors in the municipality who are female, if there
are no doctors in the municipality this percentage is 0. These missing values were then all replaced by
0.

Mental_Health also had 22 missing values. Since this variable is also calculated by dividing by
Total_Doctors, these missing values were in the same observations as the missing values for
Female_Doctors. Once again, Mental_Health is calculated as a percentage of Total_Doctors so, if there
are no doctors in the municipality, this percentage is also zero. These missing values were then all
replaced by the value zero.

The variable Monthly_Gain had 384 missing values. Data for all the 19 municipalities in the
Autonomous Region of the Azores for the period between 2010 and 2013 was missing. Besides that,
there was no data at all for this variable for the year of 2019. The exact same observations had missing
values for the variable Wage_Gap. Also, all three variables regarding education (GER, GER_Men and
GER_Women) were missing all the data for both archipelago’s municipalities. Keeping this in mind, the
Portuguese archipelagos were removed from the study, making it a study about DVASA occurrences in
the continental part of Portugal. When it comes to the missing values for 2019, since the trend will
bias future models, it cannot be used to impute the values for this year. Taking this into account, plus
the fact that there is now absolutely no data for both variables in 2019, data from 2018 was copied to
2019.
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The variable SS_Pensions had 23 missing values. For 2009 in Alenquer, for 2010 in Lagoa (Azores) and
then for the years between 2013 and 2019 for Santa Cruz das Flores, Corvo and Lajes das Flores. As
Lagoa, Santa Cruz das Flores, Corvo and Lajes das Flores are all municipalities from the Autonomous
Region of Azores, these observations were previously removed from the dataset. To impute the
missing value for Alenquer in 2009 without using the trend, a KNN (K Nearest Neighbors) regression
was applied. This method defines a neighbourhood of K observations that are the closest (using a
chosen metric) to the observation being imputed according to the values of the other variables (or a
subset of the other variables). Then, using that same neighborhood, it studies the relationships
between the chosen subset of variables and the variable being imputed to create a regression. Finally,
using the values from the observation being imputed, it fills in the missing value using the formula
created from the neighbor observations. In this case, the subset of variables to use was chosen by
calculating the Pearson correlation coefficient between SS_Pensions and the other explanatory
variables for the observations for 2009. It was found that the correlation for this variable with
Youth_Dependency was around -0.7, with Middle_Aged Women was around -0.9, with Men65 was
around 0.9 and, finally, with Elderly_Depency was around 0.9. These were then the 4 most correlated
variables to SS_Pensions and were the ones used for the imputation. The metric used was the
Euclidean distance. A neighborhood of seven observations was used and these were weighted
according to the distance to the observation to impute.

The three variables related to unemployment (Unemployment_Total, Unemployment_Female and
Unemployment_Male) all had 330 missing values, corresponding to the observations for all the 19
municipalities in Azores and all the 11 municipalities in Madeira for all the 11 years contemplated.
Once again, this problem was solved by removing the Portuguese Autonomous Regions from the study.

Marriages had the break mentioned in Chapter 5.1 for all municipalities in the year of 2010, causing
the removal of all values for 2009. Since using the trend will bias estimators in future models, it cannot
be used to impute the values for this year. Keeping this in mind, plus the fact that there is now
absolutely no data for this variable in 2009, data from 2010 was copied to 2009. The exact same
procedure was applied to the variable Divorces for the exact same reasons.

After correcting the series break Marriages still had 10 missing values, all in Odivelas and for the period
between 2009 and 2018.According to the metadata on this variable, the lack of data is due to the fact
that the Civil Registry Office was not installed. The exact same thing happened in the variable Divorces.
However, this variable had more missing values besides the ones for Odivelas. Data was missing for
Castanheira de Péra in 2013, Porto Moniz in 2016 and 2018 and Barrancos in 2019. The missing values
for Marriages were imputed using the same technique as the one used for imputing SS_Pensions. The
metric used was the Euclidean distance, observations were weighted according to this distance, the
number of neighbors was seven and the variables used for the regression were determined according
to the higher Pearson correlation coefficients — Elderly_Dependency, Middle_Aged _Women, Men_65
and SS_Pensions. Divorces was actually the highest correlated variable, but it would not make sense
to use it as it is missing values for the same observations.

Finally, the missing values for Divorces were also imputed using a KNN regression. The metric used was
the Euclidean distance, observations were weighted according to this distance, the number of
neighbors was seven and the variables used for the regression were determined according to the
higher Pearson correlation coefficients — Monthly_Gain, Fertility, Wage_Gap and SS_Pensions.
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Lastly, the variables related to education also had some missing values. GER was missing data for 145
observations, Ger_Men for 151 observations and GER_Women for 154 observations. Again, the KNN
regression technique was used. The metric used was the Euclidean distance, observations were
weighted according to this distance, the number of neighbors was seven and the variables used for the
regression were determined according to the higher Pearson correlation coefficients. All three
variables regarding education are very similar (they are also very highly correlated), which ended up
meaning that the variables used for imputing all of them were the same —Total_Doctors, Monthly_Gain
and Fertility.

5.4.SUMMARY STATISTICS

As mentioned before the dataset is composed of data obtained for a period between 2009 and 2019
and for a total of 278 Portuguese municipalities (the Portuguese total of 308 except for the 19
municipalities in Azores and the 11 municipalities in Madeira). This makes for a total of 3,058
municipality-year combinations. Table 5.1. below shows the minimum, the median, the maximum, the
mean, and the standard deviation (Std) for each of the variables contained in the dataset considering
these 3,058 combinations. These are also called the overall statistics.

0.01 0.18 0.75 0.19 0.08
0.00 64.30 700.00 70.46 40.11
14.20 37.45 97.9 39.31 13.03
0.00 50.00 100.00 47.15 15.87
0.34 1.19 2.32 1.20 0.25
0.50 100.00 434.90 110.55 54.78
0.90 94.60 429.20 106.59 54.95
1.80 105.80 623.10 115.97 58.05
0.00 0.30 2.54 0.32 0.14
4.20 9.92 20.81 10.13 2.59
0.00 0.00 33.33 0.88 2.31
12.61 20.21 24.96 20.12 2.14
616.60 867.50 2331.20 899.52 166.04
0.30 0.90 2.10 0.93 0.34
0.00 0.16 3.45 0.23 0.27
0.61 2.45 7.68 2.58 1.01
0.49 2.06 5.92 2.16 0.85
1.18 4.55 12.23 4.74 1.79
8.70 20.20 29.90 20.21 3.18
29.02 83.43 107.64 83.19 7.87

Table 5.1 — Overall Summary Statistics

Regarding the dependent variable, DVASA, we can conclude from the values on Table 5.1. that,
considering all years and all municipalities, there are on average around 0.19 DVASA occurrences per
100 inhabitants. This value is very close to the median, which is 0.18. Both these indicators describe
the center of the data, but extreme values (outliers) influence the mean more than the median. Close
values for the median and the mean, when combined with not so high values for the standard
deviation, lower the possibilities of outliers being present in the data. One can also see that the
minimum value for this variable is 0 and the maximum is 0.75, meaning that the best municipality-year
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combination (Pinhel — 2012) actually has 0 DVASA occurrences while the worst municipality-year
(Mesdo Frio — 2011) combination has 0.75 DVASA occurrences per 100 inhabitants. To further
understand the distribution of the dependent variable, Figure 5.2. below shows the histogram for
DVASA. From this figure, one can see that the distribution is skewed to the right, which might indicate
the presence of upper outliers.

DVASA Distribution

a4
DVASA

Figure 5.2 - Histogram for DVASA Distribution

Some of the values in Table 5.1. for the remaining variables indicate the presence of extreme values.
For example, GER_Women has a median of 105.80 and a mean of 115.97 indicating that the data is
probably skewed to the right. This can also be supported by the fact that the maximum value is very
high (623.10) when compared to the central values and that the standard deviation (58.05) also
suggests a large spread in the data. To evaluate the distributions of the explanatory variables visually,
a grid of histograms is presented in Annex Il.

Since the present study is dealing with panel data, two other types of statistics can be calculated to
measure the dispersion of the data that is caused by differences between municipalities or within
municipalities. When it comes to the first case, the between standard deviation is measured as the
standard deviation of the municipality’s average values. This measures the dispersion in the data that
is caused by differences among municipalities. If the average values for the municipalities are very
different from each other, the standard deviation will be higher, showing that there are significant
differences among municipalities. In the second case, the within standard deviation is measured as the
average of each municipality standard deviation. It measures the variation of data within each
municipality, that is caused by differences caused by the years. The values for these alternative
standard deviations are shown in Table 5.2. below.

0.08 0.06 0.05
40.11 23.50 24.45
13.03 12.86 2.05
15.87 13.69 6.08
0.25 0.19 0.15
54.78 48.01 22.51
54.95 48.82 21.25
58.05 48.22 26.88
0.14 0.11 0.07
2.59 2.55 0.48
2.31 1.88 0.45
2.14 2.09 0.43

37



166.04 158.09 47.38
0.34 0.34 0.07
0.27 0.26 0.04
1.01 0.83 0.56
0.85 0.61 0.59
1.79 1.39 1.12
3.18 2.86 1.29
7.87 7.08 3.04

Table 5.2 - Overall, Between and Within Standard Deviations

Table 5.2. shows us that, generally, most of the variance is caused by differences between
municipalities as it is true that, for almost all variables, the between standard deviation is larger than
the within standard deviation. These results confirm an anticipated problem — the variables used do
not have very dynamic evolutions from one year to another and are mostly static, which will make it
difficult to justify differences in DVASA occurrences within municipalities.

5.5. OUTLIER ANALYSIS

Outliers are extreme values that can be very prejudicial when building some models as they can distort
statistical analyses and violate their assumptions. Extreme values increase variability within the
dataset and decrease statistical power, meaning that removing them from the data can cause results
to be more statistically significant. However, these values can bring a lot of information to the table
and can even be some of the most relevant values in a dataset. Deciding whether to remove an outlier
or not from a dataset can be mostly decided based on the causes for the presence of that value. There
are three main causes for the existence of outliers in data: errors, sampling problems or natural
variation.

In the first scenario, if an outlier is caused by an error, the most correct thing to do is to remove it or
correct it. Errors can be spotted as impossible values for a variable, but they can also go unnoticed. In
the present dataset, from the analysis of the histograms in Annex Il there seem to be no outliers that
are impossible values, but there is something suspicious. The distribution of GER_Women in much
more skewed than the distributions of GER and GER_Men, suggesting a weird upper outlier. The value
for GER_Women in Barrancos for 2010 is 623.1, which would mean that there were 6.231 times more
female students enrolled in high school than those of expected age to attend it. This value by itself
would not be impossible or suspicious at all, but when confronted with the value for GER_Men in the
same municipality for the same year (4.3) both values become very odd. To further analyze these
strange values, the evolution for all three GER variables in Barrancos is plotted on Figure 5.3 below. It
becomes clear by the analysis of the plot that the value of GER_Women for 2010 is extreme and most
likely an error. Thus, it was removed from the dataset and replaced with the value from the total GER
in that same observation. No further suspicious values were detected.

38



Evolution of GER, GER_Men and GER_Women in Barrancos
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Figure 5.3 - Evolution of GER, GER_Men and GER_Women in Barrancos

The second scenario, sampling problems, is not applied to the present study, as it is studying a
population rather than a sample. Outliers caused by sampling mistakes might occur when data is
collected about an individual who does not belong to the target of the study. In this case, the outlier
is also considered an error and should be removed from the dataset.

Finally, the last scenario is natural variation. These are the outliers that might be important for the
study. Data distributions are centered around some point and spread from that point. This means that
extreme values might occur but have a lower probability of happening. Even though these data points
are unusual, they represent a natural part of the distribution and might add value to the dataset. For
example, extreme values in one explanatory variable might justify extreme values in the dependent
variable. For this reason, outliers apparently caused by natural variation were not removed from the
dataset.

Besides the usual summary statistics, histograms and boxplots are common ways of exploring the
presence of outliers. The histograms for both the dependent variable and the explanatory ones were
presented in Figure 5.2. and Annex Il before. However, for a better understanding of the distributions
of all variables, a grid of boxplots is presented in Annex Ill. A boxplot is a summary of the data
distribution where the sides of the central rectangle represent the first and third quartiles, the line in
the middle of the rectangle represents the median and the “whiskers” represent a measure of 1.5
times the inter-quartile range. Theoretically, all data points that fall outside the “whiskers” of the plot
are considered outliers.

One can see by the analysis of the boxplots that most of the supposed outliers fall very close to the
distribution, as they are not far away from the end of the “whisker”. However, some variables have
more extreme values: Divorces, GER_Women, Marriages, Mental_Health and Monthly_Gain. These
extreme values may be important in justifying the variance in DVASA.

5.6. STATIONARITY

When dealing with time series data (panel data has multiple time series encapsulated inside of it) one
can find time-dependent structures such as trend or seasonality. When these structures are present a
time series is considered to be non-stationary, as the summary statistics do not remain fixed for all
time periods. This causes variations in data that are caused by natural evolution of the numbers but
that the model may try to capture anyway, adding bias to the results. Time series that are free of time-
dependent structures are considered stationary. If the time series is stationary, the covariance
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between two values of the series depends only on the amount of time separating those values and the
summary statistics are fixed independently of the time period. This means that a stationary time series
verifies the following conditions:
(a) Elyd=w
(b) Var(y:) = 0%
(c) Cov(ys, Yuss) = vs.

Since the present study is dealing with annual data, seasonality is off the table, as it is mostly found on
monthly data, for example. However, trend may still be a problem. The two most common ways to
detect the presence of time-dependent structures are visualizing plots of the variables of interest or
using a Dickey-Fuller test. Changes in the variables over periods of time are important for visualizing
whether a time series is stationary or not. If we have a variable y that is measured over some time
periods t (y:), the difference (Ay:) given by y: — yt.1 is the change in the value of variable y from period
t-1 to period t and is called the first difference.

The plots in Annex IV show the average (yearly mean values considering all municipalities) time series
for all explanatory variables plus the dependent one side by side with the time series of the changes
for the same variables. Since the mean and variance of a stationary time series are constant, its
changes or first differences must fluctuate around a constant value, which does not seem to be the
case for the plotted variables. However, as this is a result based on average evolution and changes it
may not be the most reliable one. Keeping this in mind, it is necessary to resort to a more valid method,
the Dickey-Fuller test.

The Dickey-Fuller test is based on the first order autoregressive model in which there are no external
explanatory variables and the dependent variable is used as an explanatory variable for itself. This
means that the dependent variable is related to past values of itself which means that each value of
the variable contains part of the last period’s value plus an error term. If the coefficient of the last
period’s value is less than one it means that the variable is stationary. This can be demonstrated as
follows:

Ye=Bo+ pYe-1t U S Ve — Y1 = Bot (0= Dyeq + ue

One can see from the equation above that when p is less than one, the effects of y:.; on y: will decrease
over time to the point in which a prediction for a period far from t will be unrelated to the value of y:.
However, if p is equal or more than one, the effects of y..1 on the values of y for any period will never
be annulated, which means that there are time-dependent structures and that the values of y rely
heavily on the values of y for past periods. Keeping this in mind, the hypotheses for a Dickey-Fuller test
are as following:

Hy:p=1lvs. Hi:p<1

It is important to note that the null hypothesis is that of the series not being stationary, meaning that
if we fail to reject it, we are assuming non-stationarity. This causes a slight difference in the test statistic
as non-stationary series have different properties altering the distribution of the usual t-statistic. To
recognize this fact the statistic is called t (tau) and its values are compared to specifically generated
critical values.

A problem may arise when performing a simple Dickey-Fuller test as the error term may be
autocorrelated. To avoid this, we should add as many lagged differences as needed. This number of
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differences is determined by examining the autocorrelation function (ACF) of the residuals. This variant
of the Dickey-Fuller test is called the Augmented Dickey-Fuller test and its equation is as following:

m
Ve— Yee1= Po+ (0 —Dyeg + Zﬁs(yt—s — Ve—s—1) T U

s=1

The dataset that is the object of this study contains 5,560 time series (278 municipalities times 20
variables). The Augmented Dickey-Fuller test was applied to all of these series and it was possible to
conclude that for 1,238 of them the null hypothesis was rejected with a significance level of 5%. If the
significance level were to be pushed to 10%, the number of stationary series would be 1,502. Using
either significance level it becomes clear that most of the series in the dataset are non-stationary. One
way to avoid the problems caused by this condition is by removing the trend from the series. However,
fixed effect models contemplate the possibility that the intercept may change over different time
periods which can also be a solution. Finally, it is also possible to use differences as the variables.
Nevertheless, since there is a much higher prevalence of the cross-sectional component in the present
dataset than of the time series one this is not a severe problem. The present study is also working with
short time series, making the power of Dickey-Fuller tests dubious, as it becomes hard to reject the
null hypothesis even if it is false. One of the main problems of non-stationary series is that there is a
danger of obtaining apparently significant results from unrelated data, which is called a spurious
regression. However, the higher prevalence of the cross-sectional component avoids this problem.
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5.7. MODEL ESTIMATION

Before estimating any models, it is important to understand how the explanatory variables and the
dependent variable are related in terms of the functional form to be used. This can be analyzed visually
with the aid of scatter plots. Keeping this in mind, a set of scatter plots showing the joint distribution
of each explanatory variable with DVASA was plotted, as shown in Figure 5.4 below.

Explanatory Variables vs. DVASA
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Figure 5.4 - Joint Distributions of Explanatory Variables with DVASA

From the analysis of the plots above, one can conclude that it might help to include some of the
variables in different functional forms. Some explanatory variables, such as the ones related to
unemployment and the ones related to education, exhibit a slowly increasing pattern, in a curvilinear
form. This means that for higher values of the explanatory variable, the values of the dependent
variable increase slowly. This type of relationship can be summed up through a log-log model (with the
respective parameter being greater than one) or through a log-linear model (with the respective
parameter being greater than 0). Either way, it might be beneficial to turn the dependent variable into
a logarithmic form.
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5.7.1. Model 1 (CC — Constant Coefficients)

To estimate the first model a constant coefficients approach was used. All 19 explanatory variables
were used for this model in a simple linear form. From now on this model will be called Model 1. The
theoretical model is as follows:

DVASA; = By + B Fertility;, + f,Men65;, + fzMonthly_Gain;, + B,Wage_Gap;;
+ fsMiddle_Aged_Women;; + BgUnemployment_Total;, + f;Unemployment_Male;,
+ BgUnemployment_Female;; + PoMarriages; + [ioElderly_Dependency;;
+ fi1Youth_Dependency;; + f;,Female_Doctors; + [3Total_Doctors;;
+ BiaMental_Health; + [15SS_Pensions;; + f16GER;; + B17,GER_Men;
+ B1gGER_Women;; + ByoDivorces; + u;;

Model 1 was estimated using cluster-robust standard errors that allow for a relaxation of the
assumption regarding the covariance of the error term. This means that the error for observations of
the same municipality may be correlated but the covariance of error terms for different municipalities
must be 0. The R-squared for this model was 0.1342 meaning that 13.42% of the variability in DVASA
is represented by the set of explanatory variables chosen for this model. The result of the overall
significance test for Model 1 was very positive, with a p-value of 0. Table 5.3 sums up the parameter

estimates and their significance for this model.

0.4115 0.1620 2.5409 0.0111
0.0282 0.0105 2.6893 0.0072
-0.0103 0.0065 -1.5837 0.1134
0.0000413 0.000027 1.5278 0.1267
-0.0003 0.0004 -0.6158 0.5381
-0.0088 0.0044 -1.9877 0.0469
4.5520 2.2377 2.0342 0.0420
-4.5526 2.2369 -2.0352 0.0419
-4.5356 2.2386 -2.0261 0.0428
0.0368 0.0186 1.9731 0.0486
0.0010 0.0012 0.8918 0.3726
-0.0031 0.0013 -2.3648 0.0181
-0.0000685 0.0002 -0.3551 0.7226
0.0393 0.0178 2.2053 0.0275
-0.0006 0.0011 -0.6031 0.5465
-0.0460 0.0225 -2.0474 0.0407
-0.0008 0.0005 -1.7929 0.0731
0.0006 0.0003 2.0282 0.0426
0.0004 0.0002 1.5352 0.1248
0.0002 0.0000647 2.6329 0.0085

Table 5.3 - Parameter Estimates for Model 1

The last two columns of Table 5.3 show the results of the individual significance test for each

parameter. P-values that exceed the significance level of 5% are highlighted in red. In this test, if the

null hypothesis is rejected, one can say that there is statistical evidence that the parameter is not O,
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which means that the corresponding variable has an actual impact on the dependent variable.
Considering a level of significance of 5%, one can see from Table 5.3 that there is no statistical evidence
of some of the parameters being relevant to the model. It is the case of the parameters corresponding
to GER_Women, GER, Mental Health, Female Doctors, Elderly_Dependency, Wage_ Gap,
Monthly_Gain and Men65. If one were to consider a significance level of 10%, only GER would be
removed from the previous list. In future models this conclusion will be considered.

In order to test for heteroskedasticity in Model 1, a graphical approach was used first, plotting the
residuals against the predicted values. If any pattern is detected in the plot (increasing or decreasing
variance), there is heteroskedasticity in the model. The plot is shown in Figure 5.5.
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Figure 5.5 - Heteroskedasticity Test for Model 1

According to Figure 5.5, there does not seem to be any evidence of heteroskedasticity in the model.
However, to guarantee this result, a formal test must be made. The Breusch-Pagan test is meant to
detect heteroskedasticity. It takes the squares of the residuals created by the model and makes a
regression on it with the same dependent variables as the original model. Then, an overall significance
test is performed to see if all the coefficients can be 0. The results for this test show a really low p-
value (1.27825047691774e-16), indicating that there is statistical evidence that at least one of the
coefficients is not equal to 0, which means that there is heteroskedasticity in the model. Consequently,
the estimators are not efficient. However, since cluster-robust standard errors were used, the results
of statistical tests can be evaluated. No other tests on heteroskedasticity were performed for Model 1
due to the extremely low p-value for the Breusch-Pagan test.

In order to test for autocorrelation among residuals, the Durbin-Watson test was applied. The Durbin-
Watson statistic is calculated using the residual sum of squares and the sum of squares of differences
between consecutive residuals. It takes a value between 0 and 4 where the middle value (2) indicates
no autocorrelation. Values between 0 and 2 indicate positive autocorrelation and values between 2
and 4 indicate negative autocorrelation. The statistic for Model 1 was 1.8941, which indicates a small
level of positive autocorrelation.

Considering the results of the two tests, it might be a better option to use a fixed-effects or a random-
effects model. Nevertheless, the plots of the residuals versus the explanatory variables for which the
individual significance test showed statistical evidence of importance were plotted to check for wrong
functional forms. These plots can be seen on Figure 5.6.
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Residuals vs. Explanatory Variables - Model 1
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Figure 5.6 - Residuals Against Explanatory Variables (Model 1)

After analyzing the plots in Figure 5.6 there does not seem to be any evidence for the existence of a
better functional form for any of the variables.

To allow better future model comparison, the adjusted R-squared was calculated for Model 1, using
the following formula where N is the total number of observations and k is the total number of
explanatory variables:

(1-RH(N-1)

R*=1
N-k-1

Using the formula above, the adjusted R-squared for Model 1 is 0.1288.

5.7.2. Model 2 (CC)

Taking into account the results from Model 1, and still using a constant coefficients approach, a new
model was estimated keeping all variables in a simple linear form and removing variables that do not
seem to be relevant. This model will from now on be referred to as Model 2.

Model 2 was also estimated using cluster-robust standard errors. Its R-squared was 0.1205, lower than
Model 1. This is expected since 8 variables were removed. The p-value for the overall significance test
was still 0, meaning that there is really strong statistical evidence of the importance of the set of
explanatory variables used in justifying the values for DVASA. Table 5.4 sums up the parameter
estimates and their significancy for this model.

From Table 5.4 below, one can see that, considering a level of significance of 5%, the null hypothesis
for the individual significance test cannot be rejected for some parameters. These are the ones
corresponding to Middle_Aged_Women, Marriages, Youth_Dependency and GER_Men. However, if a
level of significance of 10% was to be considered, the only parameters for which the null hypothesis
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could not be rejected would be the ones corresponding to Middle_Aged_Women and Marriages.
These values are highlighted in red on the previous table.

0.2479 0.0734 3.3766 0.0007
0.0307 0.0108 2.8491 0.0044
-0.0042 0.0028 -1.5342 0.1251
4.8803 2.2706 2.1493 0.0317
-4.8805 2.2698 -2.1502 0.0316
-4.8643 2.2716 -2.1414 0.0323
0.0306 0.0194 1.5812 0.1139
-0.0021 0.0011 -1.8705 0.0615
0.0451 0.0170 2.6548 0.0080
-0.0536 0.0184 -2.9112 0.0036
0.0001 0.000058 1.7544 0.0795
0.0002 0.000067 2.6164 0.0089

Table 5.4 - Parameter Estimates for Model 2

In a similar way to what was done for Model 1, a graphical approach was used to test Model 2 for
heteroskedasticity. The plot is shown in Figure 5.7 and, once again, no pattern of increasing or
decreasing variance was detected.
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Figure 5.7 - Heteroskedasticity Test for Model 2

To have a more formal result regarding the presence of heteroskedasticity in Model 2, a Breusch-Pagan
test was applied. The results for this test for this test show a really low p-value for the F-test
(1.6751524272085239¢e-16), indicating that there is statistical evidence that at least one of the
coefficients is not equal to 0, which means that there is heteroskedasticity present in the model.
Consequently, the estimators are not efficient. However, since cluster-robust standard errors were
used, the results of statistical tests can be evaluated. No other tests on heteroskedasticity were
performed for Model 2 due to the extremely low p-value for the Breusch-Pagan test.

Similarly to what happened regarding Model 1, to test for autocorrelation among residuals the Durbin-
Watson test was applied. The statistic of this test for Model 2 was 1.9072, which indicates a very small
level of positive autocorrelation. Since this is a close enough value to 2, one can assume that there is
no significant autocorrelation.
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The value of the adjusted R-squared for Model 2 is 0.1173, lower than the value for Model 1.

5.7.3. Model 3 (CC)

According to the conclusions taken from Figure 5.4, some transformations were applied to the
variables, namely converting DVASA into a natural logarithmic form. A model with all variables used
for Model 1 was estimated, but this time the variables were included as log-linear relationships. This
model will from now on be addressed to as Model 3. Once again, Model 3 used a constant coefficients
approach with cluster-robust standard errors.

The R-squared for Model 3 was 0.1396. This means that 13.96% of the variability in In(DVASA) is
represented by this model. We can also get information on the between and within R-squared, which,
similarly to the within and between standard deviations, represent the part of the differences between
municipalities that is explained by the model and the part of the differences within municipalities that
is explained by the model. For Model 3 the between R-squared was 0.2711 and the within R-squared
was 0.0320. From these numbers, one can easily understand that a much larger part of the variance
being addressed by the model is justified by differences between municipalities.

The result of the overall significance test for Model 3 was very positive, with a p-value of 0. However,
according to the T-tests for individual significance, considering a significance level of 5%, there was no
statistical evidence of the relevance of many variables, including the constant. The results for Model 3
can be seen on Table 5.5 below, where the p-values greater than the intended significance level (5%)
are highlighted in light red.

-0.2051 0.9792 -0.2094 0.8341
0.1422 0.0682 2.0849 0.0372
-0.0653 0.0441 -1.4818 0.1385
0.0002 0.0002 1.5164 0.1295
-0.0020 0.0028 -0.7318 0.4643
-0.0539 0.0275 -1.9602 0.0501
42.762 18.404 2.3235 0.0202
-42.749 18.398 -2.3236 0.0202
-42.685 18.410 -2.3185 0.0205
0.1801 0.1138 1.5828 0.1136
0.0055 0.0080 0.6889 0.4909
-0.0191 0.0080 -2.3778 0.0175
0.0006 0.0013 0.4505 0.6524
0.1949 0.0875 2.2265 0.0261
-0.0028 0.0068 -0.4125 0.6800
-0.3451 0.1494 -2.3097 0.0210
-0.0037 0.0027 -1.3367 0.1814
0.0029 0.0015 1.8992 0.0576
0.0013 0.0015 0.8358 0.4033
0.0010 0.0004 2.4794 0.0132

Table 5.5 - Parameter Estimates for Model 3

47



The variables that were not statistically significant were analyzed one by one, in order to check if there
were possible improvements to the functional form by converting the variables in a natural logarithmic
form as well, creating log-log relationships. This was done by analyzing the plots in Figure 5.4. Men65
is included in Model 3 as a log-linear relationship in which the correspondent parameter is smaller than
0. However, it seems to resemble more the shape of a log-log relationship with the correspondent
parameter being equal to -1 or below it. Thus, Men65 will be included in the next model as a log-log
relationship. Monthly_Gain can also benefit from a log-log relationship with the corresponding
parameter being smaller than 0. Wage_Gap does not exhibit any clear pattern and has too high of a p-
value, meaning that it will be excluded from the next model. Middle_Aged_Women was included in
Model 3 as a log-linear relationship with the corresponding coefficient lower than 0. However, it seems
to be best described as a log-log relationship with the correspondent coefficient greater than 0. It will
then be included in the next model as a log-log relationship. Marriages does not exhibit a clear pattern
and will be excluded from the next model. Elderly_Dependency also seems to benefit from a log-log
relationship and will be included in this way in the next model. Both Female_Doctors and
Mental_Health do not exhibit clear patterns and have very high p-values, being excluded from the next
model. GER and GER_Men will also be included as log-log relationships in the next model.

The adjusted R-squared for Model 3 was 0.1342.

5.7.4. Model 4 (CC)

Model 4 was, once again, estimated using a constant coefficients approach with cluster-robust
standard errors. The variables used were described in the final paragraph of Chapter 5.7.3. This model
presented a R-squared of 0.1395, with a within R-squared of 0.0336 and a between R-squared of
0.2687. Once again, differences between municipalities are much better explained than differences
within municipalities. The p-value of the overall significance F-test was 0. The parameter estimates are
summed up in Table 5.6 below. The dependent variable for this model is the natural logarithm of
DVASA.

-2.2822 2.0980 -1.0878 0.2768
0.1445 0.0675 2.1413 0.0323
-0.6080 0.4721 -1.2878 0.1979
0.3882 0.1351 2.8737 0.0041
-0.6790 0.5012 -1.3547 0.1756
42.802 18.588 2.3026 0.0214
-42.794 18.581 -2.3031 0.0213
-42.718 18.596 -2.2972 0.0217
0.3086 0.3816 0.80088 0.4187
-0.00168 0.0081 -2.0704 0.0385
0.1848 0.0805 2.2963 0.0217
-0.3240 0.1416 -2.2876 0.0222
0.0064 0.0659 0.0974 0.9224
0.0792 0.0538 1.4707 0.1415
-0.0003 0.0004 -0.775 0.4384
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0.0006 0.0004 1.6525

Table 5.6 - Parameter Estimates for Model 4

0.0985

One can see that for most of the transformed variables there is no statistical evidence of their
significance to the model. This can be due to the lower variance inside municipalities, as the variables
are not able to explain differences between observations for different years inside the same
municipality. P-values that do not allow for the rejection of the null hypothesis according to a 10%
significance level are highlighted in red. The adjusted R-squared for Model 4 was 0.1353.

The Breusch-Pagan test was applied to the residuals of this model, resulting in a p-value of
1.4599286323148384e-36, which indicates clear presence of heteroskedasticity. Since the classical
assumptions do not apply in all four models estimated with a constant coefficients approach, applying
Fixed or Random Effects models to this dataset seems to be a better option.

5.7.5. Model 5 (FE — Fixed Effects)

Since the models previously built had higher values for the between R-squared than for the within R-
squared, one can conclude that differences between municipalities are being explained more
efficiently than differences within municipalities (between different years). Keeping this in mind, a
fixed-effects model with different constants for each year was built. This consisted of estimating a
model while including dummies for each year with the purpose of indicating whether an observation
refers to that year. The year 2009 did not have a correspondent dummy to avoid multicollinearity
issues. Thus, the regular constant of the model represents the constant for 2009 and the coefficients
of the remaining dummies represent the differences between constants for respective years and the
constant for 2009. All 19 explanatory variables were included in a simple linear form. The model can
be hypothesized as follows:

DVASA;; = ay + @;D2010; + a,D2011; + a3D2012; + @,D2013; + asD2014; + acD2015; + a,D2016;
+ agD2017; + a9D2018; + a;,D2019; + S, Fertility; + B,Men65; + --- + B,9Divorces;
+ Uu;

The estimated model showed an overall R-squared of 0.1664 with a within R-squared of 0.0462 and a
between R-squared of 0.2957. The p-value for the overall significance F-test was 0, showing once again
the importance of the variables taken into consideration for explaining changes in DVASA. The adjusted
R-squared for this model was 0.1584. The parameter estimates for this model, from now on called
Model 5, can be seen on Table 5.7 below. All values for the p-value of the individual significance test
which, considering a significance level of 10%, fail to reject the null hypothesis are highlighted in red.

0.2658 0.1663 1.5977 0.1102
0.0201 0.0105 1.9219 0.0547
-0.0073 0.0062 -1.1846 0.2363
-0.0000009 0.000026 -0.0345 0.9725
-0.0011 0.0005 -2.3469 0.0190
-0.0043 0.0047 -0.9248 0.3551
3.8365 2.2843 1.6795 0.0932
-3.8273 2.2832 -1.6763 0.0938
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-3.8227 2.2852 -1.6728 0.0945
0.0382 0.0183 2.0895 0.0367
0.0007 0.0011 0.6916 0.4892
0.0008 0.0016 0.4869 0.6264
-0.0002 0.0002 -0.7914 0.4288
0.0377 0.0805 2.2963 0.0217
-0.0004 0.0010 -0.3960 0.6922
-0.0083 0.0244 -0.3418 0.7325
-0.0009 0.0005 -1.9691 0.0490
0.0006 0.0003 2.0253 0.0429
0.0005 0.0002 2.1303 0.0332
0.0002 0.00006 2.7776 0.0055
0.0185 0.0045 4.1338 0.0000
0.0105 0.0060 1.7370 0.0825
-0.0008 0.0075 -0.1040 0.9172
0.0049 0.0077 0.6354 0.5252
0.0161 0.0078 2.0486 0.0406
0.0212 0.0081 2.6101 0.0091
0.0269 0.0088 3.0475 0.0023
0.0377 0.0095 3.9588 0.0001
0.0507 0.0105 4.8258 0.0000
0.0711 0.0119 5.9929 0.0000
Table 5.7 - Parameter Estimates for Model 5

One can see from the analysis of Table 5.7 above that there are some very high p-values for the
individual significance T-test on some variables, namely Monthly_Gain and D2012. This means that the
effects of these variables are probably not relevant for the model, and they should be removed. The
fact that the p-value for the individual significance test on the coefficient of D2012 is so high means
that there is probably no significant difference between the constant for 2009 and the constant for
2012.

The Breusch-Pagan test was applied to the residuals of Model 5, resulting in a p-value of
3.818051373052344e-16, which indicates clear presence of heteroskedasticity. Since the parameters
were calculated using cluster-robust standard errors, the statistical inference is valid. However, the
estimators are not efficient.

To test for autocorrelation among residuals the Durbin-Watson test was applied. The statistic of this
test for Model 5 was 1.9245, which indicates a very small level of positive autocorrelation. Since this is
a close enough value to 2, one can assume that there is no significant autocorrelation.

5.7.6. Model 6 (FE)

Since so many of the variables used for Model 5 did not show statistical evidence of having a real
impact on DVASA occurrences, some of them were removed and a new model (Model 6) was estimated
following the same logic followed for Model 5. However, this time, the dummy for 2012 was not
included. The other explanatory variables removed were Monthly_Gain, SS_Pensions, Mental_Health
and Youth_Dependency. The R-squared value for Model 6 was 0.1657, which is surprisingly not a huge
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drop from the R-squared of Model 5 considering that it has 5 variables less. The value for the within R-
squared was 0.0463 and for the between R-squared was 0.2941. The parameter estimates for this
model can be seen on Table 5.8 below. All values for the p-value of the individual significance test
which, considering a significance level of 10%, fail to reject the null hypothesis are highlighted in red.

0.2769 0.1344 2.0600 0.0395
0.0260 0.0110 2.3724 0.0177
-0.0079 0.0057 -1.4005 0.1615
-0.0011 0.0003 -3.1171 0.0018
-0.0042 0.0044 -0.9645 0.3349
3.6990 2.2755 1.6256 0.1041
-3.6901 2.2744 -1.6224 0.1048
-3.6857 2.2762 -1.6192 0.1055
0.0397 0.0181 2.1941 0.0283
0.0006 0.0010 0.6071 0.5438
-0.0001 0.0002 -0.7346 0.4627
0.0373 0.0147 2.5363 0.0113
-0.0009 0.0005 -1.9093 0.0563
0.0005 0.0003 1.9730 0.0486
0.0004 0.0002 2.0532 0.0401
0.0002 0.00007 2.6535 0.008
0.0188 0.0037 5.1622 0.0000
0.0106 0.0039 2.6932 0.0071
0.0054 0.0047 1.1585 0.2468
0.0164 0.0051 3.1901 0.0014
0.0208 0.0051 4.0788 0.0000
0.0261 0.0056 4.6801 0.0000
0.0369 0.0058 6.3273 0.0000
0.0495 0.0064 7.7633 0.0000
0.0703 0.0074 9.4873 0.0000
Table 5.8 - Parameter Estimates for Model 6

By analyzing Table 5.8, one can see that the differences in the constant by year are mostly very
relevant. Almost all coefficients for the yearly dummies show very low p-values for their individual
significance test, except for the one corresponding to 2013, which does not show statistical evidence
of being relevant for the model. Some explanatory variables still show very high associated p-values
for individual significance tests, such as Elderly_Dependency, Female_Doctors and
Middle_Aged_Women, and should probably be removed from the model.

The Breusch-Pagan test was applied to the residuals of Model 6, resulting in a p-value of
6.853637246359593e-16, which indicates clear presence of heteroskedasticity. Since the parameters
were calculated using cluster-robust standard errors, the statistical inference is valid. However, the
estimators are not efficient.
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To test for autocorrelation among residuals the Durbin-Watson test was applied. The statistic of this
test for Model 6 was 1.9259, which indicates a very small level of positive autocorrelation. Since this is
a close enough value to 2, one can assume that there is no significant autocorrelation.

5.7.7. Model 7 (FE)

Taking into account the results obtained for Model 6, a new model was estimated using a fixed effects
approach. To estimate Model 7, variables that were not showing evidence of relevance were removed
—Men65, Middle_Aged_Women, Elderly_Dependency, Female_Doctors and D2013. The R-squared for
Model 7 was 0.1607, with a between R-squared of 0.2918 and a within R-squared of 0.0389. The overall
significance F-test for this model showed a p-value of closely 0. The parameter estimates for this model
can be seen on Table 5.9 below. All variables showed statistical evidence of having coefficients
different than 0, considering a 10% significance level.

0.1192 0.0301 3.9591 0.0001
0.0311 0.0105 2.9527 0.0032
-0.0011 0.0003 -3.3348 0.0009
3.9272 2.2769 1.7248 0.0847
-3.9180 2.2759 -1.7215 0.0853
-3.9120 2.2776 -1.7176 0.0860
0.0412 0.0182 2.2622 0.0238
0.0367 0.0140 2.6225 0.0088
-0.0008 0.0005 -1.7297 0.0838
0.0005 0.0003 1.8274 0.0677
0.0004 0.0002 1.8488 0.0646
0.0002 0.00007 2.6260 0.0087
0.0176 0.0038 4.5983 0.0000
0.0094 0.0040 2.3738 0.0177
0.0134 0.0044 3.0525 0.0023
0.0175 0.0044 4.0281 0.0001
0.0224 0.0048 4.7141 0.0000
0.0340 0.0052 6.4950 0.0000
0.0470 0.0060 7.8414 0.0000
0.0685 0.0069 9.8940 0.0000
Table 5.9 - Parameter Estimates for Model 7

The Breusch-Pagan test was applied to the residuals of Model 7, resulting in a p-value of
3.910166886806135e-06, which indicates clear presence of heteroskedasticity. Since the parameters
were calculated using cluster-robust standard errors, the statistical inference is valid. However, the
estimators are not efficient.

To test for autocorrelation among residuals the Durbin-Watson test was applied. The statistic of this
test for Model 7 was 1.9443, which indicates a very small level of positive autocorrelation. Since this is
a close enough value to 2, one can assume that there is no significant autocorrelation.
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Even if having all variables being significant, the interpretation of this model is not straightforward due
to the fact that variables regarding unemployment by gender and total unemployment are included in
the same model. The same is true for the variables regarding education. Keeping this in mind, the
variables Unemployment_Total and GER will be removed from the next model.

5.7.8. Model 8 (FE)

Model 8 was estimated to improve interpretability of results. It is very similar to Model 7 but does not
include Unemployment_Total and GER. The parameter estimates for this model can be seen on Table
5.10 below. All values for the p-value of the individual significance test which, considering a significance
level of 10%, fail to reject the null hypothesis are highlighted in red.

0.1176 0.0302 3.8948 0.0001
0.0312 0.0106 2.9439 0.0033
-0.0011 0.0003 -3.2289 0.0013
0.0093 0.0069 1.3568 0.1749
0.0150 0.0071 2.1051 0.0354
0.0406 0.0182 2.2274 0.0260
0.0364 0.0139 2.6099 0.0091
0.0001 0.0001 1.0528 0.2925
0.000008 0.00009 0.0875 0.9303
0.0002 0.00007 2.5984 0.0094
0.0174 0.0038 4.5830 0.0000
0.0097 0.0040 2.4577 0.0140
0.0134 0.0044 3.0497 0.0023
0.0173 0.0044 3.9516 0.0001
0.0218 0.0048 4.5517 0.0000
0.0338 0.0053 6.3528 0.0000
0.0467 90,0060 7.7715 0.0000
0.0686 0.0069 9.8865 0.0000

Table 5.10 - Parameter Estimates for Model 8

It becomes clear from the analysis of Table 5.10 that the variables related to unemployment by gender
and education by gender lose significance if the total variables are removed. Considering this, an
alternative model was then estimated including the total variables for unemployment and education
and excluding the ones by gender.

5.7.9. Model 9 (FE)

The parameter estimates for Model 9 can be seen on Table 5.11 below. The R-squared for Model 9
was 0.1566, with a between R-squared of 0.2877 and a within R-squared of 0.0349. The overall
significance F-test for this model showed a p-value of 0. All variables showed statistical evidence of
having coefficients different than 0, considering a 5% significance level. This will be the final model for
this study.
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Standard

Parameter Error T-stat P-value

Constant 0.1188 0.0302 3.9396 0.0001
Fertility 0.0303 0.0109 2.7727 0.0056
Wage_Gap -0.0011 0.0003 -3.2945 0.0010
Unemployment_Total 0.0125 0.0020 6.2752 0.0000
Marriages 0.0414 0.0185 2.2429 0.0250
Total_Doctors 0.0364 0.0138 2.6325 0.0085
GER 0.0001 0.00006 1.9742 0.0485
Divorces 0.0002 0.00007 2.5852 0.0098
D20160 0.0180 0.0036 4.9379 0.0000
D2011 0.0106 0.0042 2.5163 0.0119
D2014 0.0133 0.0043 3.0797 0.0021
D2015 0.0175 0.0043 4.0435 0.0001
D2016 0.0222 0.0047 4.7126 0.0000
D2017 0.0345 0.0055 6.3351 0.0000
D2018 0.0477 0.0063 7.5241 0.0000
D2019 0.0697 0.0072 9.7471 0.0000

Table 5.11 - Parameter Estimates for Model 9

The Breusch-Pagan test was applied to the residuals of Model 9, resulting in a p-value of 0.00196,
which indicates clear presence of heteroskedasticity. Since the parameters were calculated using
cluster-robust standard errors, the statistical inference is valid. However, the estimators are not
efficient.

To test for autocorrelation among residuals the Durbin-Watson test was applied. The statistic of this
test for Model 9 was 1.9416, which indicates a very small level of positive autocorrelation. Since this is
a close enough value to 2, one can assume that there is no significant autocorrelation.
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6. RESULTS AND DISCUSSION

Nine models were created in the scope of this study. Four of them used the constant coefficients
approach and the remaining five used the fixed effects approach. The objective was to build a model
that is substantiated by statistical evidence. For this purpose, results of overall significance tests and
individual significance tests must by analyzed.

The R? or coefficient of determination of a regression is a measure of the proportion of variability in
the dependent variable that is justified by changes in the explanatory variables. However, the R may
not always be the best measure to compare models as it always becomes larger when adding new
variables, even if the variables added are completely irrelevant. Keeping this in mind, the R can only
be used to compare models with the exact same number of explanatory variables. When the models
have a different number of explanatory variables, the adjusted R? can be used as an alternative.

Table 6.1 below shows a summary of the measures calculated for the models created to facilitate
comparison between them. In this table, one can see the dependent variable used for each model, the
number of explanatory variables included in each model, the values for the overall R-squared, between
R-squared, within R-squared and adjusted R-squared for each model, the number of the variables
included as explanatory variables that had a p-value lower than 0.1 and were, therefore, considered
relevant based on a 10% significance level, the p-value for the overall significance F-test, the p-value
for the Breusch-Pagan test and the value for the Durbin-Watson statistic.

DVASA | DVASA | Ln(DVASA) | Ln(DVASA) | DVASA | DVASA | DVASA | DVASA | DVASA
19 11 19 15 29 24 19 17 15
3,058 3,058 3,058 3,058 3,058 | 3,058 | 3,058 | 3,058 | 3,058
0.1342 | 0.1205 9.1396 ©.1395 | 0.1664 | 0.1657 | 0.1607 | ©.1577 | 0.1566
9.2592 | ©.2460 09.2711 ©.2687 | ©.2957 | ©.2941 | 0.2918 | ©.2882 | 0.2877
0.0181 | ©.0040 0.0320 0.0336 | 0.0462 | 0.0463 | 0.0389 | 0.0365 | 0.0349
0.1288 | 0.1173 9.1342 ©.1353 | ©.1584 | ©.1591 | ©.1556 | ©.1530 | 0.1524
10 9 10 9 19 16 19 14 15
0 0 0 0 0 0 0 0 0

) ) ) ) =0 =0 =0 ) 0.00196
1.8941 | 1.9072 1.9151 1.9068 | 1.9245 | 1.9259 | 1.9443 | 1.9396 | 1.9416

Table 6.1 - Model Comparison

Model 1, the first one created, included all retrieved possible explanatory variables in a simple linear
form. It showed promising results concerning the value for the between R-squared. However, almost
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half of the variables could not be considered relevant and the value for the within R-squared was
extremely low, exposing from the start the problem of low variance of the data within municipalities.
To try and achieve a more statistically relevant model, Model 2 was created, removing eight of the
non-relevant variables exposed in Model 1 while keeping all relationships in a simple linear form. The
remaining two non-relevant variables from Model 1 were kept in Model 2 to see if their behavior
changed when included in a more restricted set of explanatory variables. However, their corresponding
individual significance tests continued to show them non-relevant. As the value for the R-squared was
very low, Model 3 was created using different functional forms (log-linear) to check for improvements
in explainability. This model showed promising results but many variables had high p-values for their
individual significance test, causing the model to be not very reliable. A further attempt with the
natural logarithm of DVASA as the dependent variable was made in Model 4, but this time including
some of the variables in a log-log form and removing the ones that did not show apparent patterns
when plotted against DVASA. Once again, this model showed promising results but many variables had
high p-values for their individual significance tests. As all the previous models were showing clear
evidence of heteroskedasticity, a change in the model approach was considered, resulting in Model 5,
estimated using fixed effects for the time component. In this model, differences between constants
for different years were included using dummy variables for all years except 2009, to avoid
multicollinearity. From Model 5 to Model 9, different combinations of variables were tried in order to
optimize interpretability and reliance of the model.

All of the estimated models ended up showing evidence of the presence of heteroskedasticity. This
means that the estimators are not efficient and that, if cluster-robust standard errors had not been
used in all estimations, statistical inference would not be valid.

As already mentioned, valid statistical evidence is the main criteria when it comes to choosing the final
model. Thus, all variables of that model must be significant and the model itself must pass the overall
significance test. The only two models that meet these criteria are Model 7 and Model 9. Since the
number of variables of these two models is different, the R-squared must not be used as a comparison
measure. Instead, the comparison measure to be used is the adjusted R-squared. However, even if
Model 7 shows a higher value for this measure, Model 9 has better interpretability, making it a serious
contestant for final model. A choice was made to value interpretability in this case as the difference
between R-squared values is not much significant. That being said, Model 9 was chosen as the final
model.
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7. CONCLUSIONS

As stated in the Introduction, the present dissertation proposed to answer the following questions:

= How did the number of domestic violence occurrences in Portugal evolve between 2009 and
2019?

= How well can panel data regression explain this evolution?

= What are the main causes of domestic violence?

= How does each explanatory variable affect the number of domestic violence occurrences?

In order to achieve the proposed goal, several models were estimated using the number of domestic
violence occurrences against spouse or analogous or variations of this as the dependent variable. First
of all, it is possible to conclude that explaining the evolution of domestic violence occurrences is a
difficult process as variables on the individual level cannot be included to explain occurrences in a
municipality. Due to this, the models estimated ended up justifying approximately 15 or 16% of the
total variance in the dependent variable. The model selected as final can be written as following:

DVASA; = 0.1188 + 0.0180D2010; + 0.0106D2011; + 0.0133D2014; + 0.0175D2015; + 0.0222D2016;
+0.0345D2017; + 0.0477D2018; + 0.0697D2019; + 0.0303Fertility;
+ 0.0002Divorces; + 0.0001GER; + 0.0414Marriages; — 0.0011Wage_Gap;
+ 0.0125Unemployment_Total; + 0.0364Total_Doctors; + e;

This means that in 2009, 2012 and 2013, if all the other variables are set to 0 and holding everything
else constant, on average, the number of DVASA occurrences registered by police authorities per 100
inhabitants was 0.1188. In 2010, it is estimated that municipalities had, on average and holding all
other factors constant an extra 0,018 DVASA occurrences registered by police authorities when
compared to 2009, 2012 and 2013. According to the same rationale, for 2011, 2014, 2015, 2016, 2017,
2018 and 2019, it is expected that municipalities, holding all other factors constant, have an extra
0.0106, 0.0133, 0.0175, 0.0222, 0.0345, 0.0477 and 0.0697, respectively, DVASA occurrences
registered by police authorities for 100 inhabitants when compared to 2009, 2012 and 2013.

Fertility represents the average number of children born to each woman in fertile age. The coefficient
for this variable is 0.0303, which means that, holding all other factors constant, it is expected that an
increase of one child per woman in fertile age causes an increase of 0.0303 DVASA occurrences per
100 inhabitants in that same municipality. This corroborates the idea stated in (Ellsberg, Heise, Pefia,
Agurto, & Winkvist, 2001) that claims that women with more children are more likely to become
victims of domestic violence.

The variable Divorces represents the number of divorces per 100 marriages. Similarly to Fertility, this
variable has also proven to be a risk factor. As the number of divorces increases, the number of DVASA
occurrences is also expected to increase, which can be seen in the positive coefficient associated to
this variable in the model. One can say that, if the number of divorces by 100 marriages increases by
10, holding all other factors constant, it is expected that the number of DVASA occurrences per 100
inhabitants increases by 0.002. This corroborates the theory stated in (WHO - World Health
Organization, 2010), affirming that divorces cannot only be a consequence of domestic violence, but
also a cause. People who are separated or divorced tend to be more vulnerable, increasing their
probability of becoming victims of domestic violence.
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GER represents the percentage of resident population with normal age for attending high school that
is actually attending high school. The coefficient for this variable being positive was an astonishing find.
It goes against all preconceived ideas and all ideas exposed in the literature review. It shows that as
the percentage represented in GER increases, it is expected that so does the number of DVASA
occurrences per 100 inhabitants. This variable was retrieved due to lack of data regarding the
education level of the population by municipality, so it might be interesting to try the same regression
using a more appropriate variable, if made available.

The variable Marriages represents the number of new marriages per 100 inhabitants and has a positive
coefficient associated, which makes it a risk factor. This was expected as most of domestic violence
victims are married. However, this was a controversial variable as it should be added in a way that
reflects past marriages. Nevertheless, municipalities with more marriages may also be more
conservative, which adds a new hypothesis on the table. From the model one can see that it is expected
that for each new marriage by 100 inhabitants, the number of DVASA occurrences by 100 inhabitants
increases by 0.0414, holding all other factors constant.

Wage_Gap represents the percentage of men’s monthly pay that women receive on average. The
coefficient for this variable is negative, which meets the theory of exposure reduction, explained in
(Aizer, 2010) which states that, as the wage gap decreases, the labor force participation of women
increases and, consequently, domestic violence against them declines because women spend less time
with violent partners. According to the model built, for each percentual point that women salary gains
when faced with men monthly gain, it is expected that the number of DVASA occurrences by 100
inhabitants decreases by 0.0011, holding all other factors constant.

Unemployment_Total represents the number of people enrolled in employment and vocational
training centers per 100 inhabitants. As expected, the coefficient for this variable is positive, making
unemployment a risk factor. According to the model, it is expected that for each 10 additional persons
enrolled in employment and vocational training centers, the number of DVASA occurrences per 100
inhabitants increases by 0.0125.

Finally, Total_Doctors was added to the dataset to try and fight underreporting, as doctors are the
professionals who deal directly with the consequences of domestic violence and can report
occurrences to the authorities. This variable represents the number of doctors per 100 inhabitants
according to the Doctors’ Professional Order. It has a positive associated coefficient, as expected.
According to the model built, it is expected that each new doctor per 100 inhabitants leads to an
increase of reported DVASA occurrences by 100 inhabitants of 0.0364, holding all other factors
constant.
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8. LIMITATIONS AND RECOMMENDATIONS FOR FUTURE WORKS

Explaining a good proportion of the total variance encapsulated in the dependent variable was
revealed to be a hard task. When choosing to study domestic violence occurrences using a social
structural theory, it is almost inevitable that explanatory variables are most of the times very static. A
lot of macro-level variables tend to evolve very slowly, causing a problem of low variance in short time
series. This is what happened with data gathered for each municipality and this is the reason why, for
every model created, much higher values were presented for the between R-squared than for the
within R-squared. Nevertheless, the main goal of a model like the ones built in the present document
is to allow authorities to act on the problem and, for that matter, differences on a spatial level are
more important than on a temporal level. Nevertheless, it is my opinion that studies focused on the
individual-level should be done to find more prominent causes of domestic violence.

Furthermore, it is impossible to know for sure whether the variance in the dependent variable reflects
reality. As mentioned before, domestic violence is a crime that commonly takes place in the privacy of
a home and, for that reason, many cases may depend on self-report. This means that according to
(Ellsberg, Heise, Pefia, Agurto, & Winkvist, 2001), the number of occurrences registered may suffer
from underreporting. Explanatory variables also have their own issues. Due to unavailability of data,
some explanatory variables are not exactly those originally thought for the theoretical model. It is the
case of all variables related to unemployment, variables related to education, among others. The
variables that ended up being used are as close as possible to the original idea, but they might have
led to a not so ideal set of independent variables in the final model.

Finally, the only two panel data analysis approaches used were the constant coefficients and the fixed
effects. There was an attempt to apply a random effects approach, but it did not show very promising
results and, considering the scope of this work, was not pursued. However, | believe that it may be
possible to build interesting models on this subject using random effects. Another option would be to
try different slopes for different years by creating interactions between the dummy variables already
created and other explanatory variables.
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10. ANNEXES

Annex |. Contemporaneous Correlation Matrixes

Contemporaneous Pearson Correlation for 2009

ovasa
Fertitty

weron

oy gan
“ige_Gan
tae_agea women
nempicyment_Total
Lhempicymant Male
Unempicyment_Female
Marriages
maeny_Depenaenzy
Youm Depencency
rvarces
Female_Doclors

a3l poztor.

mereal_Heann

=5_Pensions

=R_wen

@ER_Women

Arriages
Dvarces

e
Fertilty
e
Aersmly_Gain
wage Gan

:_Aged_Women
Fernale_Doclors
Teal_Doctors.
Mereal_Feann
=5_Pension:
ER_ten
R _Women

Wnemplogment_Total
Unempicymant_Male
nemployment_Female
Eeny_Depentency
“Foutn_Dependancy

e,

Contemporaneous Pearson Correlation for 2011

weron

ey gan

“ige_Gan
e agea women
Unempicyment Total
hemplcyment_Male
Unempicymant_Femaie
srmages
Bdarly_Decendency
Youtn_Dependency
rvarces
Female_Doctors
Tral_Doctors.

Rertal_Healin

=5_Pensions
=n

=R_wen

0]
e [o]es]
b

Marnages
Drvarces
Btal_Coctors
Mental_Healin
=5_Pensions
ER_ten
@R women

Female_Doctors

Sderty_Dependency
Youmn_Deperdancy

Contemporaneous Pearson Correlation for 2013

ovsA

Fertilty

e

Menmly_Gak

wage_Gap

Abdle_Aged Women 0.0

nempicyment Total
nemploymant Male
hemplosment_Female
arriages
Stierty_Diependency
Vouin_Beperdency
rvarces

Female_Doctors

Tetal_Doctars.
Mereal_Heann

=5_Pensions

s o7

=A

=R_pan

==R_women

Marriages
=

ounsa
Fertity
ensa
ey Gain
‘Wage_Gan
ereal_bsan
=5_Pensicns
=n_me

i s
"
1

o
Female_Daciors
Teal_Doctars.

aame_agea_women
nempicymant_Total
Ederty_Dependency

Unempicymant_Mae
nempicyment_Femaie
“Vouth_Dependency

s
onmty_Gain
wage_Gap
Mdle_Aged_Wamen
nempicymant Toal
hemploment_Male.
Unemplogment_Female:
Narriages

ety Dependenzy
Voumn Dependancy
Chvarces.
Fernale_Doclers
“Peal_poctars
r—
5_Pensicns

=n

= _en

=R _women

ovasa
Feriry

[

Menmly_Gain
‘aage_Gap
Madie_Age_Wamen
hemplcyment_Total
Unempicymant_uaie
Unempicyment Female
arriages
Saeny_oepeniency
oun_Depenaency
rvarces
Female_Dociors
tal_poctars
werzal_eann
=5_Pensions

=R

ER_Men

=R _Wwomen

enon
Mernty_Gain
wage_can
Mddle_Aged Women
Unampicymant Total
nemcicyment_Male
nempicyment_Female.
narriages
Edary_Dependency
“outh_Dependency
hvorces
Female_Dacicrs
tal_Doctars

Mensal Heatth

25 Pensions

@n

R Men

GER_Women

Contemporaneous Pearson Correlation for 2010

Contemporaneous Pearson Correlation for 2012

onAsA

Contemporaneous Pearson Caorrelation for 2014

1 3 1

Marriages

Feriity
e

Moomly_Gain

wage_Gap

e
Female_Daclors
Tt _Doctars.

Baddle_Aged_Women
Unemployment_Total
nempiyment_uaie
Ederty_Dependency
outh_Deperdncy

Unempicyment_Female.

Marriages

Feriity
e

Menmly_Gan

Wage_Gan

Aadtle_Age Women
nempicymant Total
Unempiogment_ale

Unemplopment_Female.

oo 1o ]

Sdery_Dependency
outh_Dencrdancy
Envarces
Female_Daclars
Bta_Doctors

erdal_Health

Rertal_Healin

=5 _Pensions

&5 _Pensions

=5 Pensions

= HB

=R _Men

b
i

= HH

ER_man

=R _ien

@ER_women

@ER_Women

ER_women

I
I-|

4

I I
-



ovasa
Fertney

enen

Moomty_Gain
ige_Gan
Midle_Aged_Wamen
Unemployment_Toal
Unempiogment_Male
\rempicymant_Femaie
surmages
Stety_Dependency
“Youtn_Dependency
onarces
Female_Dacters
Ttal_Doctors

Al aain
85_Pensions

R Men

@ER_omen

Fertity
[

Mennly_Galn
wage_Gan
Mddle_Aged Women
nempzymant_Total
Unemplcyment_Male
nemplcyment_Female
Mrrioges
Bdarty_Dependency
outh_Dependancy
ovarces
Female_Doctors
Bal_Dostors
Nertal_Healih
=5_Fensions
ER_en

@ER_women

Contemporaneous Pearson Correlation for 2015

I

Contemporaneous Pearson Correlation for 2017

Female_Dacices
Ttal_Doctars
el ean
25_Pension:

ER_wen
=R _viomen

Contemporaneous Pearson Correlation for 2016

LrEn
Fertiny

Merss

rnly_Galn
nge_Gap
Manle_Agea_women
Unempicymant ot
nempicyment_Male
Unempioyment_Female.
Mariages
Edary_Dependenzy
“Fauth Deperdancy
Evorces
Female_Doctors
tal_Coctors
Mereal_Hsatin

=5 _Pensicns

=
@ER_Men

GER_Women

Contemporaneous Pearson Correlation for 2018

age_Gap
Lnempicyment_Total

]
:

Mddle_Aged_Women

Contemporaneous Pearson Correlation for 2019

anos
Aoty Gam
‘oge_Gan
sale_Agea women
unempicymant Totai
nempicpment_Male
Unempioyment_Female.
Marriages
Edary_Dependency
“Youtn_Deperdency
norces
Female_Daclers
Ttal_Doctors.
Aensal_bealth

85 Pensions

=

=R men

GER_Women

ovasa
Fertity
Menos
Mermly_Gain
age_Gap

Mddle_aged_Women

Unemplsment_Total

Unempioyment_ale

Unempicyment_Female

rriages

|

Ederty_Dependency

outh_Deperdancy

ovarces

Femala_Daclors

Baal_Doctars

frep—

=6 Prnaions
=R _per

== women

4

Wnemployment_Male

Unempicymant_Femai

Wemployment_Female

aurmages

Ederty_Dependency

o

Edely_Dependency

outh_Deperdancy

“Fautn_Dependency

Dharces

Crvarces.

Female_Dociors

Female_Dactors

Toeal_Doztars.

Merkal_Healih

=5_Pensions

= HH

@R _Men

@R _iomen

63



730

1100

1250

g 88 s g8z

o

=0

1100

§ 8 &8 28 8

g

Annex Il — Histograms for Explanatory Variables
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Annex lll - Boxplots for Dependent and Explanatory Variables

Boxplots for Dependent and Explanatory Variables
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Annex IV — Evolution and First Differences for All Variables

Evolution and Changes of Variables
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