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Abstract

This paper advances the understanding of the linkages
between trust in government and citizen participation in
Latin America and the Caribbean, using machine learning
techniques and Latinobarémetro 2020 data. Proponents
of the concept of stealth democracy argue that an inverse
relationship exists between political trust and citizen par-
ticipation, while deliberative democracy theorists claim
the opposite. The paper estimates that trust in national
governments or other governmental institutions plays
neither a dominant nor consistent role in driving polit-
ical participation. Instead, interest in politics, personal

circumstances such as experience of crime and discrimi-
nation, and socioeconomic aspects appear to drive citizen
participation much more strongly in the Latin America and
the Caribbean region. This is true across models imposing
simple linear trends (logit and lasso) and others allowing
for nonlinear and complex relations (decision trees). The
results vary across the type of participation—signing a peti-
tion, participation in demonstrations, or involvement in a
community issue—which the paper attributes to increasing
net costs associated with participation.
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1. Introduction

In recent years, the “three Cs”—COVID-19, climate change, and conflict—have
exacerbated long-standing development gaps and further destabilized societies
around the world. During the pandemic, the number of the extremely poor grew from
648 million to 719 million globally (World Bank, 2022). Social unrest is rising,
especially in middle-income countries, interpersonal trust is at its lowest recorded
level globally, and the fallout from COVID-19 has driven the largest increase in
global inequality since the Second World War (Yonzan et al., 2022; ACLED, 2022).
The world is becoming more divided and less equal: one in three people is at risk of
social exclusion due to their economic status, gender or gender identity, race,
religion, ethnicity, nationality, age, sexual orientation, or disability (Cuesta, Lopez-
Noval, and Nifio-Zarazua, 2022).

The process of development is often slow and nonlinear, as well as inherently
complex and challenging. By changing how people live, development affects social
systems in often unpredictable and destabilizing ways. When sustained over time,
however, it can promote cohesive, inclusive, and resilient societies in which all can
participate and thrive. Yet sustainable economic growth is not guaranteed unless
progress is also made on social (and environmental) sustainability.

Barron et al (2023) argue that such social factors are too often overlooked in
analytics, policy dialogue, and the financing of development programs. This partly
reflects the limitations and shortcomings of the available data. But there are also
methodological difficulties inherent in measuring and unpacking complex social
issues, often shaped by long-standing structural factors that interact in intricate ways.
Scholars struggle to provide insights as to the strength, dynamics, heterogeneity and
causality of these interactions. For example, we know relatively little about the
systematic association between social cohesion and resilience, or the extent to which
process legitimacy is stronger in contexts with high levels of social inclusion.
Another important example: despite many existing theories across disciplines,
important questions remain on why people follow social norms, and how new ones
are formed (Gross and Vostroknutov, 2021).

In order to help address this methodological gap, this paper evaluates the analytical
implications presented by social complexities, and the extent to which different
approaches capture such complexities. In particular, we compare how empirical
findings vary depending on the use of a) simple econometric models that impose
linear relationships in their estimation, versus b) more sophisticated models using
machine learning to capture complex non-linearities. Ultimately, we provide insights
on the extent to which the significance and precision of results are sensitive to
different estimation and prediction methodologies.

To do so, this paper investigates the relationship between trust in government
and citizen participationin the world's most unequal region, with very low
levels of trust: Latin America and the Caribbean (LAC): (Rizzo, 2021; Mattes
and Moreno, 2018; Alvaredo and Gasparini, 2015). Low levels of
institutional trust in the region are associated with increasing political
polarization, unextinguished authoritarian embers, the arbitrary extension of
presidential term limits coinciding with corruption-clad short-lived
administrations, electoral contestation, frequent attempts at constitutional
reforms, misinformation and false news (Keefer and Scartascini 2022). We
seek to disentangle how trust in governmental institutions affects people’s
willingness to participate in political processes, as well as to shed more light



on other key factors driving citizen participation. Better understanding of
political trust in LAC and how it affects the quality of democracy—captured
by strong and meaningful citizen participation—is crucial to understanding
how to build more robust democracies with greater political legitimacy
(Caceres, 2019; Khan, 2016; Barron et al, 2023).

This paper defines citizen participation as the extent to which individuals are
engaged with the political process. Participation is a form of citizen
engagement although it does not cover all possible forms of engagement nor
the objectives of that engagement (for example, engagement may simply
involve information sharing or building relationships and citizens may seek
objectives other than political). In fact, citizen participation, recently defined
as a form of social capital (Chetty et al., 2022; Nannicini et al., 2013), is
generally understood as residents’ individual and collective efforts to
influence community conditions (Adler and Goggin, 2005; Theiss-Morse and
Hibbing, 2005). According to Verba and Nie (1987), citizen participation can
be defined as an activity in which citizens try to influence the government to
act in ways that they prefer. These activities are crucial to democracy because
they empower citizens to influence the formulation of public policy, and monitor
its implementation. Citizen participation also allows government officials to
incorporate local expertise into decision-making (Lee and Schachter, 2019;
Siebers, Gradus and Grotens, 2019).

International institutions have increasingly paid attention to citizen
participation, incorporating it to different extents into their operations. The
World Bank (2013) associates citizen participation with voice, participation,
and accountability, and argues that an inclusive society requires institutions,
structures, and processes that enable all groups to participate and hold
governments accountable. The fact that trust embeds legitimacy into the
political system, strengthens democracy, and contributes to increased
economic growth—as shown by Zak and Knack, 2001—may partly explain
this increasing attention. Trust in government is one of the most important
components in the establishment and long-term viability of political systems
(Lee, 2021; Blind, 2007, 2010; Hetherington, 2005) and even affects citizens’
trust in each other (Holum, 2022; Chanley et al., 2000; Levi and Stoker,
2000).

Following related literature (see for instance Rizzo, 2021), the term trust will
be used throughout this paper to refer to political trust, rather than the
related notions of social trust (between citizens), reciprocity, and
interpersonal trust (in personal relationships or commercial transactions). We
define political trust as the degree to which citizens have faith in
governmental institutions to do the right thing (Rothstein and Uslaner, 2005;
Vigoda-Gadot et al., 2010; Van der Meer and Zmerli, 2017). It is worth
noting that we are using an umbrella term (“political’’) that combines
different kinds of governmental, political and state institutions in which
public confidence may and does differ. In the context of this study, political
trust will refer to people’s confidence in institutions and actors such as the
executive, legislature, judiciary, political parties, and the electoral
authorities.?

Tt is worth noting how the term “political trust” differs from the related term “legitimacy”,
which refers to acceptance of government decisions regardless of the degree of trust. See
Barron et al, (2023), for a more detailed discussion.



Two prevailing theories evaluate the link between political trust and citizen
participation, but their perspectives differ greatly. On the one hand, the
stealth democracy theory posits that trust in government is inversely related
to citizen participation. Put another way, citizens only participate when they
feel compelled to prevent corrupt politicians from embezzling the public.
Individuals’ lack of trust in the government may push them to speak out in
order to change the behavior of the authorities or replace them. Conversely,
people who have confidence in the government see no reason to engage, as
they trust those in power to do what is best for society. In sum, trust in
government discourages citizen involvement (Hibbing and Theiss-Morse,
2002; Theiss-Morse and Hibbing, 2005; Lee and Schachter, 2019; Lavezzolo
and Ramiro, 2018; Muhlberger, 2018). Deliberative theorists, on the other
hand, believe that a trustworthy political system encourages citizens to
participate in government processes. If people feel the political system is
rigged or uncaring, they are less inclined to engage with it. Apathy stems
from a lack of trust, while a responsive government prompts citizen
participation (Lee and Schachter, 2019; Béchtiger et al., 2018; Neblo et al.,
2010). Assessing which (if any) of the two theories most applies to Latin
America and the Caribbean is not only an academic exercise but of policy
relevance, given that most countries throughout the region display low levels
of citizen participation.

While a growing body of research links citizen participation and
accountability, few comparable empirical studies have investigated the
relationship between citizen participation and trust. In one recent paper, Lee
and Schachter (2019) investigate the relationship between trust in
government and citizen participation in the United States using data from the
World Values Survey. However, we did not find similar studies across
developing countries in general and the LAC region in particular.?2 Hence, it
is not possible to draw any conclusions about whether the above theories are
borne out in the region from existing literature. At the global level, the main
relationship investigated is between citizens’ trust in government and their
willingness to obey laws and pay taxes. There is evidence, though, that weak
trust in government can (including in developing-economy settings) erode
the social contract and lead to citizens disengaging from the state (that is,
citizens evade taxes, stop participating in elections, disobey laws, take justice
on their own, among others; see Arizti et al. 2010; Kumagai and lorio, 2020).

We contribute to the literature studying the relationship between trust in
government—or political trust—and citizen participation in two ways. First,
we develop a quantitative strategy that relies on the use of machine learning
methods on micro-level data. Second, we focus the analysis across multiple
countries in the Latin America and Caribbean region simultaneously using
comparable data.® To be clear, we seek neither to construct a formal
hypothesis testing nor develop a general theory of political participation.
Rather, our study builds on the work of Lee and Schachter (2019) in

2 One exception is Wagle (2006), who uses a structural equation model to study political
participation and civic engagement in Kathmandu, Nepal.

3 This comparative analysis does not undermine the need for case studies that provide further
insights into specific contexts such as, for example, the sudden and dramatic increase in
political trust in El Salvador or the effects on trust that Constitutional referendums have (as
recently held in Chile), to mention a few examples. Nonetheless, the use of country fixed
effects in our empirical analysis aims at controlling for those idiosyncratic factors in specific
countries.



incorporating a machine learning approach and expanding the analysis to the
LAC region. This fills a geographical gap raised by some authors (see Rizzo,
2021), who also point out the predominance of macro-level, case-based
studies that fail to account for citizens' individual perspectives.

Most importantly, our work provides an innovative approach to analyzing the
relationship between political trust and citizen participation by investigating
nonlinearities and complexities in the way explanatory variables interact and
have an impact on the dependent variable—that is, citizen participation in the
various forms considered in this study. Looking beyond linearity and simple
relationships imposed by traditional econometric models can provide deeper
insights into the complexity of such sociopolitical relationships. More
concretely, basic Logit models—used as baseline for our analysis—need to
be supplemented by decision trees and regularization methods such as Lasso.
These methods are especially useful in predicting whether or not an
individual in the Latin America and Caribbean region will participate
politically based on her trust in government institutions and socioeconomic
characteristics.* Traditional Logit models are unable to detect complex
nonlinear interactions between independent variables.® In order to overcome
this limitation, we advance the use of decision tree models, which are
especially useful for disentangling complex, nonlinear patterns between
explanatory variables that influence the outcome variable. Our key finding is
that trust variables predict political participation in non-linear ways. Trust is
a significant driver of participation for an individual only after certain levels
of education, age, and political interest are combined with experiences of
discrimination and violence.

We rely on data from the Latinobarémetro 2020 and explore the existence of
a relationship between trust in government and citizen participation in the
LAC region. We also investigate the extent to which additional factors (for
example, socioeconomic, demographic, and attitudinal) might be influencing
citizen participation. A large body of literature has identified socioeconomic
status as the primary factor determining citizen participation. In this
literature, the higher an individual’s socioeconomic level, the greater their
ability to participate (Lee and Schachter, 2019; Dalton, Burklin and
Drummond, 2001; Gastil et al., 2008; Newman, Johnson, and Lown, 2014;
Verba and Nie, 1987).

The Latinobarémetro Survey offers a range of questions that allow us to
address the aforementioned queries on the relationship between trust and
participation, as detailed below in section 3. In particular, we make use of the
following indicators contained in the survey: i) trust in governmental
institutions (national government, police, the judiciary, electoral body,
congress); and ii) citizen participation indicators (signing a petition, taking
part in authorized demonstrations, working on an issue that affects you or

* Regularized regression, such as Lasso, can also serve as a model selection technique. As
Ahrens, Hansen and Schaffer (2020) point out, regularized regressions tend to select the true
model as the sample size increases. In this way, Lasso provides a method for choosing the
model when the sample size is large and there are many potential regressors, facilitating
model interpretation. In this work, the Lasso method is used for regularization rather than
prediction purposes.

5> Logit models can still analyze simple nonlinear relationships by, for example, allowing for
quadratic specifications among independent variables. While those will also be analyzed in
the empirical section of this paper, our primary interest is on complex nonlinear links.



your community). Even though the judiciary, legislature, and electoral
institutions are notionally independent from the government, their influence
on and involvement in politics is especially apparent in many Latin American
and Caribbean countries (OECD, 2018; Domingo, 2010; Kapiszewski and
Taylor, 2008).

The paper is structured as follows. In the next section, we describe the
methodologies used to examine the relationship between political trust and
citizen participation in LAC. In section 3, we describe the data utilized in the
analyses and discuss the current state of and trends in trust in government and
citizen participation in the region. In section 4, we present the results and in
section 5 we discuss how these findings support or reject the stealth and
deliberative democracy theories. Finally, in section 6, we conclude and
reflect on how machine learning methods can be used in other contexts for
similar analyses.

2. Methods

A logistic regression is used as the baseline for evaluating the hypothesis of a
link between political trust and citizen participation in the Latin America and
the Caribbean region and to uncover the magnitude and sign of such
relationship as well as other factors or characteristics influencing participation.
Additionally, machine learning techniques such as Lasso and decision trees
are used to i) overcome rigidities in classical Logit models and to regularize
the model, that is, to reduce the number of relevant explanatory variables and
obtain a simplified model; and ii) capture nonlinearities in the way regressors
interact to influence the outcome variable.

2.1 Logit and Logistic Lasso

In regression analysis, the logistic regression model (Logit model) estimates
the parameters of a model where the dependent variable is a binary variable
which takes the values of 0 or 1. The independent variables can be either
continuous or discrete, having two or more categories, that is, either binary or
ordinal explanatory variables can be used (Hastie, Tibshirani and Friedman, 2009;
James et al., 2013). The logistic regression model calculates the likelihood of an
event occurring, such as participating or not participating in political activities.
The dependent variable is then confined between 0 and 1 because the outcome
is a probability:

pi = P(y = 1|x) = F(xp)

The model to be estimated is obtained by applying a logistic transformation
on the odds—that is, the probability of success divided by the probability of
failure:

p.
In (1 _lp,> = Bo + P1x1 + BaXy + -+ BrXy
L

The beta coefficients in this model are commonly estimated via maximum
likelihood estimation (MLE). The estimates of the parameters are obtained
through maximizing the log-likelihood function:
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The beta coefficients must be interpreted as the predicted change in log odds
as a result of a unit change in x. As a result, raising the predictor by one unit
(or advancing from one level to the next) increases the odds of the outcome
by eP.

In the context of this study, the estimated Logit model is useful in
determining the set of statistically significant independent variables relating
to citizen involvement. Furthermore, given a set of individual attributes, the
probability of citizen engagement can be estimated. In this regard, the Bayes
classifier can be used to predict whether a given individual will participate;
that is, if the estimated probability is greater than 50 percent, we predict that
the individual will participate; if less than 50 percent, we predict that she
will not participate.

Adding a new component to the log-likelihood function gives us the Logistic
Lasso approach. The new term represents the sum of the magnitudes of all
the coefficients in the model. The new term seeks to regularize the model by
penalizing the excess of coefficients:

LB = Sk —log (1 + e¥8)) — 257, (|g])

The parameter lambda is a tuning parameter that controls the size of the
penalty. If left to zero, the estimation becomes a standard Logit regression.
The addition of the extra penalty term effectively disincentivizes the addition
of new regressors. A new regressor may assist in increasing the first term of
the log-likelihood function, but it also increases the penalty term. The gain
of adding a coefficient is compared against the equivalent increase in the
model’s overall variance (given by lambda), which is ultimately a balancing
act.’

Lasso estimations operate selecting variables in such a way that
characteristics that do not drive the regression’s predictive power have their
coefficients reduced, while more predictive variables have larger coefficients
in spite of the penalty. In the margin, Lasso estimations may turn some
coefficients into zero, thus “selecting” some regressors and removing others
(Zou, Hastie and Tibshirani, 2007; Zou, 2006; Tibshirani, 1996).

When the number of regressors p exceeds the number of observations n in
the dataset, the Lasso estimation forces the model to select at most n
regressors (Zou, Hastie and Tibshirani, 2007). Furthermore, when a set of
variables is highly correlated, Lasso techniques tend to pick one of them
arbitrarily, forcing the coefficient of the other variables to zero. These
difficulties are overcome by alternative approaches such as ridge and elastic

& The lambda parameter can be chosen to optimize the overall performance of the model.
There are various approaches that can be followed. The traditional approach is to use cross
validation to select this tuning parameter. However, when the goal of the analysis is model
selection rather than prediction, a rigorous penalization approach is preferable. This is so
because the rigorous penalization approach focuses on controlling over-fitting, which
frequently results in parsimonious models. For details on these approaches, see Ahrens,
Hansen and Schaffer (2020).



net (Zou and Hastie, 2005). However, given the low correlation between
regressors estimated in our sample (see Annex B), such alternative
approaches do not provide superior estimates to Lasso.’

2.2 Decision Trees

Decision tree models (DTM) are a supervised learning method that can be
used to perform classification tasks as well as regression analyses (Breiman,
2001). Decision tree models outperform linear regression in terms of
prediction. This is because, while linearity simplifies model interpretation in
linear regressions, it typically reduces predictive power. Decision trees can
meanwhile easily adapt to nonlinearities in the data (Schonlau and Zou,
2020).

In a tree-based model, the given dataset is recursively divided into two
groups according to a certain criterion until a preset stopping condition is
satisfied. Decision trees operate by dividing the data into distinct groups
based on the data’s characteristics. The decision trees will keep splitting the
data into groups until there is just a limited amount of data that fits into one
label (a classification). The main difference with the previous models (Logit,
Lasso) is that the trees allow the different variables to interact with each other
and condition the outcome variable. For example, suppose we have a
dependent variable y and a set of predictors X1, Xz,..,Xk. The algorithm will
pick a predictor and partition the space on a given point. Afterwards, another
partition will be made and so forth. This procedure will be repeated
recursively until a stop point has been reached. Ultimately, the algorithm
generates a set of relationships between the predictors and the dependent
variable similar to tree branches.

Decision trees have the advantage of being simple to interpret, make no
assumptions about data distribution, and are unaffected by outliers. As such,
we will use decision trees to investigate the presence of nonlinearities in the
characteristics influencing citizen participation. Additionally, we will
compute the variable importance metric, which assesses each variable’s
relevance within the broader citizen participation model.

Given the lack of compelling evidence outside the United States—and the
fact that we have no reason to believe that these relationships must
necessarily follow simple, linear trends—allowing for nonlinearities relaxes
restrictive assumptions made by standard econometric techniques about the
relationship between political trust and citizen engagement.

3. Data

The data used in this study comes from the Latinobarémetro Survey for 2020
(Latinobarémetro Corporation 2021), the latest year available. The

7 Ridge uses the same reasoning as Lasso, but adds a penalty in the form of the sum of the
squared beta coefficients; as a result, it never sends the coefficients to zero but instead shrinks
them (Le Cessie and Van Houwelingen, 1992). Elastic net, in turn, incorporates both types
of penalty, allowing it to benefit from both the Lasso and ridge approaches. In the context of
our study, however, given the low correlation between regressors (see table B1 in Annex B)
and given that the number of observations exceeds the number of regressors, the Lasso
approach is more fitting to our sample than the other techniques.



Latinobarémetro Corporation conducts the annual study to determine
individual perceptions on socioeconomic and political issues in Latin
American countries. Covering 18 countries in Latin America and the
Caribbean, the survey is the largest regional database on citizen attitudes
towards democracy. It obtains representative national samples using a
stratified random sampling process that is weighted to reflect each country’s
population. The latest available survey data was released in October 2021
and comprises 20,204 observations that represent more than 600 million
inhabitants in the region. Unfortunately, it does not include most of the insular
countries in the region, such as Haiti, Trinidad and Tobago, and other small islands
in the Caribbean.

The fieldwork was largely carried out face-to-face between October 26 and
December 15, 2020. The only exception was Argentina, where interviews
were conducted virtually between April 26 and May 16, 2021, because of
local conditions related to the Covid-19 pandemic (Latinobarémetro
Corporation 2021). In ten South American countries along with Mexico,
samples of 1,200 representative cases were taken of citizens aged 18 and over
(16 years in Brazil), and 1,000 cases in the six countries of Central America
and in the Dominican Republic. The 2020 survey comprises a single
guestionnaire containing 81 questions on perceptions and 30 questions on
socioeconomic status.

Trust in government is one of the independent variables of this study. The
survey inquired about respondents’ trust in governmental institutions like the
national government, the judiciary, congress, and the national electoral body.
All these variables are used simultaneously as explanatory variables. We
focus on institutional trust rather than generalized support for the system as
a whole or confidence in specific leaders. We include also interpersonal trust
in the measurement of social trust. The dependent variable in this study is
citizen participation, which can take the form of signing a petition, taking part
in authorized demonstrations, and working to resolve problems facing the
community. Because trust may interact differently with each of these, we will
investigate the relationship between trust and all three types of participation
separately.

The analyses conducted include a set of control variables that previous
research has shown to predict whether a person will participate (Lee and
Schachter, 2019). These variables are further classified as demographic
variables and perception variables. Age, gender, education level, subjective
income level, subjective social class, reception of subsidies, employment
status, ability to save money, house ownership, internet access, and sewerage
access are the variables in the first group. The second set of variables includes
the respondent’s level of interest in politics, perceived freedom of expression
and perceived freedom to join any organization without fear, her experience
of discrimination, having been a victim of a crime, and food insecurity status.
Annex A includes the full description of the variables.

Finally, we explore whether trust is more cyclical than structural. If it is a cyclical
phenomenon, people might tend more naturally to compare their well-being to a
temporal reference point of themselves. Instead, if it is structural, trust should
expectedly not be influenced by the respondent’s mood at the time of the interview.®

8 Analyses of the Arab Spring show that increasing unhappiness sustained for long periods of
time was reflected in perceptions of declining standards of living. Those perceptions were, in
turn, associated with dissatisfaction with the quality of public services, the shortage of formal-



As Latinobarometro does not collect information on the general mood of the
respondent at the time of the interview, we control for the optimistic or pessimistic
trait of the respondent (proxied by her current satisfaction with life; see Annex E).°

For the majority of variables, missing values account for less than 5 percent
of the sample. We test for patterns among those missing values and confirm
that missing observations across variables are, in effect, random and are not
associated with any of the sample’s demographic characteristics. The one
exception is trust in the armed forces, for which around 15 percent of
observations are missing; as a result, we avoid adding that variable in our
regressions.

3.1. Trust in Government and Citizen Participation in
the Latin America and Caribbean Region

Trust in the government is low across the LAC region (Table 1). Less than a
third (27.3 percent) of the population has confidence in the national
government. The few exceptions include El Salvador (72.4 percent), the
Dominican Republic (52.3 percent) and Uruguay (57.4 percent).’® However,
for most countries in the region trust levels are below 40 percent, falling to
as low as 10 percent in some cases (Latinobarémetro Corporation, 2021).
Among the worst performers, by the time the 2020 Latinobarometro data was
collected, Peru had seen three presidents in the previous three years; a US
court had convicted Honduras’ former president of narcotraffic; and a
massive country-wide uprising of the indigenous movement in Ecuador took
place against economic reforms of the then administration. Overall, the LAC
region has some of the lowest levels globally of trust in the national
government, according to the World Bank Social Sustainability Global
Database (Cuesta, Madrigal and Pecorari, 2022). See Figure 1.

Figure 1: Trust in national governments around the world, circa 2020
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sector jobs, and corruption. And those perceptions were related to the presence and intensity
of uprisings. See Devarajan and lanchovichina (2018).

 As demonstrated there, including the life satisfaction variable has no effect on the results, and
the variable does not appear to be significant in any of the three models compared.

19 In Uruguay, high levels of trust in the government have prevailed consistently for almost
two decades. El Salvador, instead, has seen abrupt surges and declines in trust over the same
period, likely responding to the rise and fall of populist governments.
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Sources: Latinobarémetro Corporation (2021); Cuesta, Madrigal and Pecorari (2022)

As illustrated in Figure 2, and in accordance with global trends, trust in
national governments has declined since 2009 for most LAC countries. There
are a few notable exceptions, such as El Salvador, where confidence climbed
by nearly 60 percentage points (from 12.9 to 72.4 percent), and the
Dominican Republic, where trust increased by nearly 25 percentage points
(from 28.2 to 52.3 percent) between 2017 and 2020. While confidence levels
fell in the majority of LAC countries, they rose in a few exceptions and to
different extents. On average, however, the trend for trust in national
governments has been declining since 2009, with levels in 2020 almost half
of those in 2009.

Table 1. Political trust and citizen participation in the Latin
America and Caribbean (LAC) region'!

Trust Citizen participation
Conﬁdex?ce in the Conﬁd'ence in Co‘nﬁdence Signing a Taking Part in Working on a problem
National National in the L. authorized that affects you or your
government congress/parliament | judiciary pedtion demonstrations community
Total LAC 27.3% 20.5% 25.7% 19.9% 14.4% 25.7%
Argentina 23.4% 18.6% 16.7% 47.8% 18.2% 31.2%
Bolivia 25.3% 28.3% 20.3% 10.3% 12.1% 27.9%
Brazil 27.1% 23.9% 37.0% 34.8% 14.2% 24.6%
Chile 17.9% 13.1% 15.9% 25.3% 31.0% 27.9%
Colombia 26.0% 15.2% 24.5% 24.2% 16.7% 31.0%
Costa Rica 14.4% 19.0% 40.5% 22.9% 13.6% 23.5%
Dominican Rep. 52.3% 34.5% 36.9% 12.7% 18.5% 31.4%
Ecuador 10.0% 13.0% 18.1% 11.1% 9.5% 24.3%
El Salvador 72.4% 12.2% 31.2% 14.7% 5.7% 22.7%
Guatemala 22.4% 20.7% 21.6% 9.6% 7.7% 16.9%
Honduras 11.3% 12.7% 17.0% 9.5% 9.5% 23.8%
Mexico 27.9% 23.0% 24.4% 16.4% 9.7% 17.9%
Nicaragua 38.0% 30.4% 33.2% 14.6% 11.7% 16.7%
Panama 23.3% 15.8% 24.1% 13.2% 9.3% 26.4%
Paraguay 13.3% 10.3% 13.3% 21.0% 15.8% 27.5%
Peru 16.6% 7.4% 16.7% 9.5% 10.4% 27.2%
Uruguay 57.4% 54.4% 57.9% 34.9% 22.8% 29.9%
Venezuela 19.4% 19.7% 18.3% 20.0% 18.8% 27.8%

Source: Latinobarémetro Corporation (2021)

When looking at citizen participation variables, the picture becomes more
mixed. Signing a petition is relatively rare in the region, with the regional
average standing at 20 percent (see Table 1 above). One outlier is Argentina,
where nearly half of individuals say they have ever signed a petition. In
Brazil and Uruguay, this percentage likewise approaches 35 percent. Over
the last two decades, the proportion of people who have ever signed a petition
has stayed below 20 percent, having risen only modestly since 2006.

Figure 2. Confidence in government over time in LAC

11 See table Al in Annex A for trust in police and electoral bodies.
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Participation in authorized demonstrations is also relatively uncommon, with
the regional average reaching only 15 percent of the population (see Table 1).
Chile leads in this regard, with almost a third of the population reporting
having taken part in legal demonstrations—Iikely reflecting the mass
demonstrations in 2019 and 2020 over the cost of public transport and
education as well as economic inequality more broadly. Participation in
demonstrations in the region has declined over the past twenty years, coming
in line with the global average of 12 percent (Cuesta, Madrigal and
Pecorari, 2022).

Another form of societal participation is working with others to solve
problems at the community level on a consistent basis. In this sense, only
about a quarter of Latin American and Caribbean citizens appear to be
working on issues that impact them or their community regularly. National
averages are more or less in line with the regional benchmark, with a narrow
intercountry variation. The proportion of persons working to tackle
community problems has remained stable since 2000, at roughly 20-25
percent of the population.

3.2. Respondents’ Demographic and Socioeconomic Status

Around 26 percent of the Latinobarémetro respondents have complete
secondary education, while only 13 percent have completed tertiary
education (see Table A2 in Annex A). In addition, almost 8 percent of
respondents are illiterate. When it comes to respondents’ perceptions of their
own socioeconomic status, the majority of Latin Americans and Caribbeans
identify as middle (33.8 percent) or lower middle class (31.7 percent). Less
than 2 percent of respondents say they are upper class, while 6 percent claim
to be upper middle class.

In terms of employment, roughly one-fifth of respondents are salaried
employees, while about a quarter report being engaged in caring for family
and household responsibilities or not working. Notably, one-third of
respondents report being self-employed, indicating that wvulnerable
employment is highly prevalent in the region.'? See Table A2 in Annex A.

12 Although there is no direct inquiry into informality in the Latinobarémetro survey of 2020,
the self-employment status effectively captures this well-known phenomenon in LAC.
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4. Results

4.1. Logistic Regressions

Annex C presents the full results for Logit (and Lasso) estimation.'® For
brevity, Table 2 below only reports those related to trust and some selected
individual controls.'* Signing a petition is the dependent variable in model 1
of Table 2. Trust in government has a significant and negative effect on
signing a petition: the odds of signing a petition fall by a factor of 0.15 when
trust in government rises by one standard deviation. This indicates that the
odds of signing a petition are roughly 14 percent lower for those who have
trust in the government. Trust in other people or interpersonal trust, instead,
has a significant and positive effect on signing a petition. Interpersonal trust
increases the odds of signing a petition by 15 percent.

As (subjective) income and education levels increase, so does the probability
of signing a petition. Being older, being employed, receiving a subsidy,
having internet access at home, owning the home one lives in, and belonging
to a lower socioeconomic class are all associated with a higher probability of
signing a petition. Unsurprisingly, interest in politics makes someone more
likely to sign a petition. Having been a victim of a crime or having
experienced discrimination at least once both enhance the likelihood of
signing a petition. Conversely, having experienced food insecurity and being
aman are both negatively associated with signing a petition. All these results
are statistically significant.

The dependent variable in model 2 in Table 2 is participating in
demonstrations. Trust in the police has a significant effect on participation.
The log odds of participating in demonstrations decrease by a factor of 0.24
when trust in police increases by one standard deviation. This indicates that
the odds of attending a demonstration are approximately 21 percent lower for
people who trust the police. As with signing a petition, a higher (subjective)
income and education level each increases the odds of participating. Being
older, being employed, belonging to a lower social class, and having an
interest in politics all increase the likelihood of participation. Having felt
discriminated against or having been the victim of a crime similarly prompts
people to join demonstrations. Feeling that the right to speak one’s mind is
guaranteed decreases one’s propensity to take part in demonstrations.
However, feeling free to join any organization without fear boosts the
likelihood of participation in demonstrations (as it does for signing a petition
and getting involved in community work). This suggests that those who
believe the political system is free engage more politically. Freedom of
association is a collective right, whereas freedom of speech is a civil right
connected to the individual. Our findings suggest that political participation
might be more closely associated with perceptions around collective, social
freedoms than individual freedoms.

13 Fixed effects at the country level were included in order to capture country-specific
idiosyncratic effects that might be affecting political participation. Paraguay was randomly
chosen as the base category. These can be observed in table C1 in Annex C. Brazil, Mexico
and Guatemala are the countries with statistically significant country fixed effects for all three
categories of political participation analyzed. In other countries, significant country-fixed
effects are only observed when estimating signing a petition or both in signing a petition and
attending demonstrations.

14 For the purpose of the estimation, we employed the Logit command in Stata 16.
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When it comes to working on community issues, reported in model 3, Table
2, trust in the judiciary has a significant effect on this type of participation.
Concretely, having trust in the country’s courts increases the odds of
participating by 14 percent. This may be the case because the consequences
of involvement in community affairs might, in some cases, derive in some
level of judicial involvement—be it informal remedial or formal indictment.
This type of exposure might not apply to signing petitions or participating in
demonstrations. In addition, trust in elections increases the odds of working
for a community problem by almost 11 percent. Arguably, if a person
believes that a majority decision is legitimately accepted—as it is the case in
credible elections—she might be more inclined to believe that outcomes of
collective action undertaken to solve community problems will be
legitimately accepted. Put differently, more participation might be expected
in a context where people consider that their actions are legitimatized, as is
the case with trusted (courts and) elections. Middle or old age, better
education, being employed, receiving a subsidy, and owning a home all raise
the likelihood of working on a community problem. As in the previous
models, having an interest in politics, having felt discriminated against, and
having been a victim of a crime all increase the likelihood of participating in
community affairs. Notably, believing in freedom of speech and having
experienced food insecurity both boost the likelihood. Contrary to the
previous models, however, belonging to a lower social class marginally
decreases the likelihood of working to resolve community problems, which
might capture higher opportunity costs of participation among lower income
levels. Banerjee and Duflo (2011) have compellingly demonstrated the
argument of the poor’s higher opportunity costs in terms of investing in
education and agricultural technology or deciding on fertility. Moreover,
being a man increases the odds of working for community problems by
almost 22 percent. These findings may reflect traditionally gendered social
norms: both surrounding participation, as well as the need for time and
financial resources for engaging in time-consuming activities like resolving
community problems. Hence, being a woman and belonging to a low social
class both limit the possibility of participation in community affairs.
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Trust in government

Trust in police

Trust in parliament

Trust in courts
Trust in elections
Trust in people
Age

Sex

Education level
Income level
Social class
Receives subsidy
Employed

Saves money
Owns a house
Has internet

Has sewage

Interested in politics

Free to join any organization

Free to speak

Has felt discriminated against
Has been victim of a crime

Has experienced food insecurity

4.2. Lasso Regressions

(1)

Sign petition

-0.152*
(0.0633)
0.0394
(0.0523)
0.0884
(0.0644)
0.0708
(0.0609)
0.0957
(0.0567)
0.143*
(0.0647)
0.0104***
(0.00149)
0.160**
(0.0464)
0.137**
(0.0158)
0.0607***
(0.0105)
0.110°**
(0.0264)
0.157**
(0.0506)
0.239°**
(0.0512)
0.0195
(0.0722)
0.145%*
(0.0515)
0.133*
(0.0544)
0.115*
(0.0558)
0.680***
(0.0481)
0.181%**
(0.0496)
-0.0109
(0.0494)
0.468***
(0.0524)
0.303***
(0.0470)
0.257***
(0.0562)

Table 2. Logistic regressions

Source: Authors’ own elaboration

Lasso estimation considerably shrinks the pool of covariates in all three
models of political participation. The number of independent variables in
model 1 (signing a petition) declines from 23 to 15, thus decreasing the

2) (3)
Attend demonstration Work on community problem
-0.0879 0.0155
(0.0708) (0.0560)
-0.238% -0.0811
(0.0593) (0.0466)
0.120 0.0739
(0.0714) (0.0574)
0.0541 0.132*
(0.0684) (0.0541)
0.0846 0.104*
(0.0629) (0.0503)
0.136 0.0818
(0.0705) (0.0578)
0.00507** 0.00867***
(0.00165) (0.00133)
-0.0584 0.198*=
(0.0510) (0.0412)
0.0935%** 0.0742%+
(0.0175) (0.0139)
0.0606*** 0.0133
(0.0116) (0.00968)
0.0903** -0.0485*
(0.0289) (0.0220)
0.0635 0.116%*
(0.0554) (0.0446)
0.236%* 0.268**
(0.0570) (0.0453)
0.0988 0.0597
(0.0801) (0.0660)
0.0525 0.159%
(0.0562) (0.0451)
0.114 0.0222
(0.0601) (0.0476)
0.0855 -0.130%*
(0.0620) (0.0475)
0.855%* 0.811%%
(0.0527) (0.0429)
0.226*** 0.137**
(0.0551) (0.0438)
-0.271% 0.101*
(0.0548) (0.0435)
0.544** 0.513**
(0.0561) (0.0468)
0.335%* 0.299***
(0.0513) (0.0420)
-0.105 0.103*
(0.0600) (0.0467)
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model’s complexity.'® The number of variables in models 2 (participation in
demonstrations) and 3 (working on a community problem) is reduced from
23 to 14. By and large, the pool of covariates that remains with Lasso
estimation reassuringly coincides with covariates found significant in the
preceding Logit analysis—save for the notorious dropping of trust in national
governments. The resulting models are presented in Table 3, below.®

The following variables remained in the Lasso estimation across all three
models of citizen participation: among demographic variables, age,
education, income and employment status; among perception variables,
having felt discriminated against, having been a victim of a crime, having an
interest in politics and feeling free to join any organization without fear.’

Differences between Logit and Lasso estimations are more salient for trust
variables. While trust in national government played a role in previous Logit
estimates in model 1 (signing a petition), Lasso estimates do not select in
such a variable. Lasso compares a covariate’s contribution to the predictive
capacity of the model with the marginal increase in the model’s total variance
that the covariate produces (see section 2). Given that trust in government
has the highest levels of variability when compared to other trust variables,
Lasso estimations are more likely to exclude this variable from the model
than other types of trust. Also, Lasso estimations select trust in parliament,
trust in courts and trust in electoral bodies. However, as was the case in the
Logit analysis, such variables are not significant in post-Lasso Logit
estimations (see Table 3). Lasso estimations in model 2 are consistent with
Logit results, picking trust in police as a significant driver of participation in
demonstrations. Similarly, in model 3, Lasso estimations align with Logit in
selecting trust in courts and trust in electoral bodies as significant drivers.

15 The rigorous approach was employed in order to select the optimal lambda parameter. See
Ahrens, Hansen and Schaffer (2020) for details on the rigorous approach.

16 For estimation purposes, we used the function rlassoLogit from the LASSOPACK
package in Stata 16. Table 3 shows the post-Lasso results obtained by running Logit
regressions with the covariates selected by Lasso. Mullainathan and Spiess. (2017) warn that
machine learning algorithms produce regression coefficients estimates that are rarely
consistent. While the estimated coefficients produced by Lasso cannot be directly interpreted
as one does with OLS or Logit regressions, the post-Lasso approach adopted here allows to
compare post-Lasso logit results with Logit results. As Hastie, Tibshirani and Wainwright
(2016) show, when Lasso correctly recovers the true support S of the real parameters, 8*, such
parameters can be estimated by performing an ordinary least-squares regression restricted to
this subset. Note, in addition, that this result extends to logistic regressions. For similar results
see also Belloni, Chernozhukov and Hansen (2014) and Sosa-Escudero, Anauati and Brau
(2022).

71f participation in community affairs affects the experience of discrimination or
being a victim of a crime, an endogeneity problem may arise. However, because those
variables refer to the previous 12 months, they are unaffected by current participation,
avoiding the problem of endogeneity.

16



Table 3. Post-Lasso regression results
(1) 2 (3)

Sign petition Attend demonstration Work on community problem

Trust in police -(0.283%**
(0.0563)
Trust in parliament 0.0386 0.110
(0.0610) (0.0652)
Trust in courts 0.0423 0.131**
(0.0581) (0.0484)
Trust in elections 0.0956 0.0541 0.116*
(0.0549) (0.0580) (0.0466)
Trust in people 0.133* 0.133
(0.0639) (0.0686)
Interested in politics 0.648%** 0.814*** 0.818***
(0.0473) (0.0512) (0.0410)
Free to join any organization 0.184*** 0.155** 0.137**
(0.0467) (0.0511) (0.0420)
Free to speak 0.102*
(0.0416)
Has felt discriminated against 0.474*** 0.584*** 0.502***
(0.0515) (0.0544) (0.0448)
Has been victim of a crime 0.312%** 0.334+** (0.295+**
(0.0463) (0.0499) (0.0403)
Has experienced food insecurity -0.249***
(0.0552)
Age 0.0104**= 0.00551*** 0.00854***
(0.00144) (0.00157) (0.00126)
Sex 0.211***
(0.0396)
Education level 0.144*** 0.0954*** 0.0783***
(0.0155) (0.0169) (0.0129)
Income level 0.0670*** 0.0592*** 0.0126
(0.0100) (0.0106) (0.00864)
Social class 0.110%**
(0.0256)
Receives subsidy 0.100*
(0.0429)
Employed 0.179*** 0.206** 0.275%**
(0.0487) (0.0538) (0.0435)
Owns a house 0.152%**
(0.0431)
Has internet 0.156** 0.102
(0.0528) (0.0582)
Has sewage 0.0882
(0.0603)
_cons -3.550%+* -3.109*** -2.702%+*
(0.168) (0.142) (0.122)
N 14676 15232 15523

Standard errors in parentheses
* p< 005, ** p < 0.01, *** p < 0.001

Source: Authors’ own elaboration

4.3. Decision Trees

We first compute the variable importance score (see figures D1-D3 in Annex
D), which identifies the characteristics that are most salient in determining
citizen participation.'® Age, education, having felt discriminated against,
having been the victim of a crime and having an interest in politics emerged
as the most significant variables in predicting citizen engagement in the Latin
America and Caribbean region across all three models. By and large, these
results are consistent with Logit and Lasso estimations. There are, however,

18 For the purpose of the estimation, we employed the Scikit-Learn 1.1.1 library in
Python 3.10.5, and used the function DecisionTreeClassifier.
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differences. For example, in Logit and Lasso estimations, being employed
was an important factor in determining engagement in its three forms.
However, in the case of the decision tree analysis, being employed only has
an impact in model 2, and a limited one. Employment status loses
significance when it interacts with other individual characteristics such as
education and income levels. These variables are now likely capturing most
of the effect that was previously attributed to employment.

The use of tree-based models enables the visualization of nonlinearities in
the data, that is, interactions between independent variables that influence
the outcomes of the dependent variable. In order to optimize decision tree
performance, the trees produced have been pruned with a maximum depth of
four nodes. Pruning the tree is not only necessary to improve our
understanding of the outcome (allowing for a large number of nodes would
make interpreting the results extremely difficult). It also increases the
accuracy of the decision tree algorithm, enhancing the model’s predictive
capacity. Too many or too few nodes both result in lower predictive capacity.
The ideal depth of a tree is one that allows the model to remain tractable
while achieving an acceptable level of accuracy.*®

The decision tree for model 3, working on a community problem, is
presented in figure 5 below. The algorithm predicts that a Latin American
and Caribbean citizen will work on a community problem when she/he has
an interest in politics, has ever felt discriminated against, is older than 28.5
years and believes that her freedom to join any organization is guaranteed.
Additionally, for those who are interested in politics but have not
experienced discrimination, the tree predicts engagement if they have some
form of tertiary education and are older than 28.5 years. It is important to
note that the model contains nonlinearities: the age or education levels only
matter in determining citizen engagement if the individual has an interest in
politics or has experienced discrimination. As previously stated, education
levels appear to capture the impact of employment on participating in
community affairs.

In model 2 (participation in demonstrations), having an interest in politics
and having felt discriminated against also appear to be the key individual
characteristics driving citizen participation (see figure 4). In particular, the
algorithm predicts that an individual who is interested in politics, has at least
completed their secondary education, has an income greater than the average
and has experienced discrimination will participate in demonstrations. As
before, nonlinearities arise: education and income levels only matter if the
individual expresses an interest in politics (see figure 4 below). Also in model
1, having an interest in politics is the key variable driving participation in the
form of signing a petition (see figure 3). The algorithm predicts that an
individual in the LAC region will sign a petition if she/he is interested in
politics, has an income level above the 35™ percentile, is older than 28.5 years
and has internet access.

% In our models, we chose a depth node of four, which arguably results in a tractable tree
with good accuracy. The implementation of hyper parameter optimization using the function
GridSearchCV in Python 3.9, which passes all combinations of hyperparameters one by one
into the model and checks its accuracy, further confirmed a depth of 4 as the optimal depth
for models 1 and 3; and a depth of 2 for model 2. However, given a marginal variation in
accuracy, we used depth 4 also for model 2.
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Figure 3. Decision tree: Signing a petition

True False

interet < 0.5
gini = 0.499
les = 1345

gini =05

gini = 0.454 gini = 0.47 gini = 0.48 gini = 0.444
samples = 644 samples = 409 samples = 307 samples = 227 samples = 1118
value = [415.22, 222.59] value = [249.51, 150.68| value = [176.54, 117.18] | value = [147.94, 73.56] | value = [513.43, 542.08]
dlass = 0 class = 0 class = 0 dass = 0 class = 1

Source: Author’s elaboration using the function DecisionTreeClassifier in the Scikit-Learn 1.1.1 library in Python 3.10.5
Note: The color palette of the nodes indicates the class to which the majority of the samples at each node belong (blue captures class 1 while orange captures class 0). The Gini score computes the likelihood
of a randomly selected feature being incorrectly classified. Samples refer to the number of observations that are classified in each node. Value tells how many observations at the given node fall into each

category or class, in our case, we have two classes: work to resolve a community problem or not.
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Figure 4. Decision tree: Participation in demonstrations

True False

gini = 0.443
samples = 334
value = [220.35, 109.03
class = 0

Source: Author’s elaboration using the function DecisionTreeClassifier in the Scikit-Learn 1.1.1 library in Python 3.10.5

income < 4.5
gini = 0.45

samples = 1566
value = [971.52, 505.41
class = 0

discriminated < 0.5
gini = 0477

samples = 894
value = [498.57, 32174
class = 0

gini = 0.5
samples = 227
value =I[IDD.3, 10433

gini = 0.448 gini = 0.457

samples = 301 samples = 667
value = [191.58, 97.98] | value = [398.27, 21741,
class = 0 class = 0 dass=1

Note: The color palette of the nodes indicates the class to which the majority of the samples at each node belong (blue captures class 1 while orange captures class 0). The Gini score computes the likelihood
of a randomly selected feature being incorrectly classified. Samples refer to the number of observations that are classified in each node. Value tells how many observations at the given node fall into each

category or class, in our case, we have two classes: work to resolve a community problem or not.
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Figure 5. Decision tree: Working on a community problem
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value = [2819.12, 854.99) value = [1196.01, 412.72| | value = [327.42, 167.27 value = [1610.99, 883.12] | value = [348.9, 349.51 value = [260.65, 216.96
class = 0 class = 0 class = 0 class = 0 class = 1 dass = 0

gini = 0.494

gini = 0.461

gini = 0.253
iples = 286!
iz
55 =

samples = 5
alue = [2437.94, 425.0.
class = 0

gini = 0.483 gini = 0.498 gini = 0.498

class = 0 class = 0 class = 0 class =0 class = 0 class = 0 class =

gini = 0411

gini = 0.332 gini = 0.331 gini = 0.414 gini = 0.48 gini = 0.363 gini = 0.42 gini = 0.487 gini = 0.434 gini = 0.479
samples = 1103 samples = 2598 samples = 1070 samples = 154 samples = 1439 samples = 337 samples = 166 samples = 1381 samples = 1149 samples = 180 samples = 576 samples = 451 samples = 39
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a

Source: Author’s elaboration using the function DecisionTreeClassifier in the Scikit-Learn 1.1.1 library in Python 3.10.5
Note: The color palette of the nodes indicates the class to which the majority of the samples at each node belong (blue captures class 1 while orange captures class 0). The Gini score computes the likelihood

of a randomly selected feature being incorrectly classified. Samples refer to the number of observations that are classified in each node. Value tells how many observations at the given node fall into each
category or class, in our case, we have two classes: has worked on a community problem in the past year or not.
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5. Discussion

Both the standard and machine learning estimates reported above
substantiate a common finding: there is no straightforward or simple
relationship between political trust and citizen participation in Latin America
and the Caribbean. Results are neither linear nor uniform but rather
dependent on the type of citizen participation and trust across governmental
institutions. In other words, some types of institutional trust matter more than
others in driving the participation of citizens in certain activities. This finding
has a strong implication when it comes to evaluating the stealth and
deliberative democracy theories: it is not possible to conclude in favor of
either of them in a systematic way. In other words, neither theory is
dominant.

Table 4 below maps the results of evaluating both hypotheses, based on the
sign and statistical significance of the estimated coefficient between trust in
a governmental institution and a specific form of political participation. The
Logit model, imposing linear relations across both dimensions, concludes
that the stealth democracy theory can be accepted only for trust in national
governments when signing a petition and trust in police when participating
in demonstrations. By contrast, the deliberative democracy theory holds for
involvement in community affairs and trust in courts and trust in the electoral
body.

None of these results change when controlling for respondents’ life
satisfaction. The variable is not statistically significant in the Logit
estimation and it is not selected in the Lasso nor decision trees—see Annex
E).ZO

Table 4: Stealth and deliberative democracy assessment results in Latin
America and Caribbean region (selected government institutions)

Logit Lasso Tree
Trust in national
government
Petition Stealth Neither Neither
Demonstration Neither Neither Neither
Community problem Neither Neither Neither
Trust in police
Petition Neither Neither Neither
Demonstration Stealth Stealth Neither
Community problem Neither Neither Neither
Trustin
congress/parliament
Petition Neither Neither Neither
Demonstration Neither Neither Neither
Community problem Neither Neither Neither

Trust in judiciary

20 Introducing quadratic specifications to trust variables does not change these
findings. In fact, some of the previously statistically significant trust variables in linear
form stop being so in quadratic forms. Lasso does not select any additional quadratic
specification of trust and neither do decision trees. Quadratic specification results are
available to the reader upon request.



Petition Neither Neither Neither
Demonstration Neither Neither Neither
Community problem Deliberative Deliberative Neither
Trust in electoral body

Petition Neither Neither Neither
Demonstration Neither Neither Neither
Community problem Deliberative Deliberative Neither

Results are less conclusive for these two theories when considering machine
learning estimations. For Lasso models, trust in national governments
becomes selected out of the model and trust in other governmental
institutions are found to be statistically significant drivers of certain types of
citizen participation. Thus, deliberative democracy models are passed for
trust in courts and involvement in community affairs; and trust in electoral
authorities and working towards solving community problems. At the same
time, support for the stealth democracy theory is found with regard to trust
in police and participating in demonstrations. Decision tree results conclude
that neither of the two theories can explain how the link between trust and
participation works. This suggests that political trust by itself exerts limited
influence on citizen participation. When it does have an effect on
participation, it is only after a complex nonlinear combination with other
factors. In other words, political trust can be a driver of political participation
only when certain other drivers are combined in some specific ways.

While our estimates largely reject simple, linear associations between
political trust and citizen participation, explaining what governs the intricate
relationships between them is necessarily complex and tentative. We contend
that costs constitute a possible mechanism influencing the nonlinearities and
complexity of political trust and participation. Costs are broadly understood
as individual effort, opportunity costs, financial costs, and the possible
consequences of participation—such as violent repression, incarceration,
stigmatization and so forth—associated with the decision to participate.
Signing a petition is a less costly form of participation compared with
attending demonstrations or engaging in community problems. Therefore,
trust in the national government may only have an effect when it comes to
less costly forms of engagement. However, participating in more costly
activities, such as demonstrations or community activism, requires additional
and comprehensive levels of trust—including in the police and/or courts.
This is so because police and courts may be involved in granting permission
for a demonstration, ensuring its peaceful occurrence, or deciding on the
legal merits of proposed solutions to local problems that are often long-term
and entrenched.

The notion of costs related to political participation is not new. As an
extensive body of literature for the Latin America and the Caribbean region
and beyond demonstrates, more demanding forms of political participation
typically pursue more ambitious goals (Franklin, 2009; Klein and Regan
2018; Klein, Cuesta, Chagalj, 2022). According to this literature,
governments make decisions based on a cost-benefit analysis. Desired
outcomes, such as economic and social stability, legal reforms, and so on,
are weighed against the likely costs involved, in the form of political
concessions, economic disruptions, and repression and violence. The same is
true for citizens: high levels of trust are required to ensure participation in
activities with potentially costly consequences. Such activities may include
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attending a protest or getting involved in community activism. In effect, as
our results show, trust in the police, the parliament and the courts do seem to
influence more demanding forms of citizen engagement. For example,
working to solve community issues may have long, costly legal implications,
making it a more demanding form of engagement that requires a stronger
level of trust.

As is to be expected, this mechanism cannot explain all the complexity of
our results. This is for several reasons. Costs vary across agents and across
time. The cost of violent repression may be judged to be less costly by a
dictator than by a democratic administration. Likewise, different individuals
and communities may value the same intervention very differently based on
personal circumstances (for example, being completely uninterested in
politics) or the history of the community (for example, based on its exposure
to crime). Costs cannot be considered in isolation but also against some
projected benefits (with reasonable probabilities of occurrence) from the
decision to participate. And the valuation of such benefits may vary
considerably based on age, gender and labor circumstances. In other words,
it might be the net and not gross cost of participation that requires different
standards of trust.

Moreover, our results show that individual characteristics and circumstances
matter in explaining the extent of citizen participation in Latin America and
the Caribbean. And, contrary to governmental trust, age, gender, education,
political interest, interpersonal trust, experiences of discrimination and
victimization, and perception of freedom all drive citizen participation in a
consistent and homogenous way. These results are in line with higher
income, age, and education levels linked with more political engagement in
the United States. All of this evidence underlines that socioeconomic position
remains salient in determining participation, regardless of the type of citizen
engagement, levels of interpersonal trust and whether stealth or deliberative
democracy theories are accepted. We contend that the stronger the
socioeconomic position of the person, the better placed she is to confront the
associated (net) costs of participation. Unsurprisingly, a self-reported lower
social class—an indication of low socioeconomic status—makes an
individual less likely to participate in more costly civic and political
activities, namely working on community issues. Interestingly, being a
woman increases the chances of signing a petition whereas being a man
increases the probability of working on community issues, again suggesting
that the increasing opportunity costs facing women makes them less likely to
participate in the costliest activities.

One important limitation of this study is that we do not investigate the effect
of political trust on voting, which it is arguably the most fundamental and
relevant form of political participation. It is also the form of participation, at
least typically, that has an individual low net cost: it is low effort, low
opportunity costs or financial investment, and unlikely to yield political
consequences (to the extent that voting is secret). Unfortunately, lack of data
in the survey used prevents us from including this form of political
participation.?* Based on our findings, we would expect voting to follow a

21 The reason for this is that Latinobarémetro does not ask if the respondent voted in
the most recent national or local elections. The only related question is whether
respondents believe voting is important for the development of the nation and which
party they would vote for. However, this is not applicable for our study because we
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similar pattern to signing a petition given its associated costs. If this
prediction is true, voting would be negatively influenced by the level of trust
in the incumbent national government and positively driven by trust in
electoral authorities. The extent to which those influences remain important
from election to election will likely depend on changes in the individual
characteristics and political identities of the electorate.

Our results also confirm that analytical tools positing simple associations
between trust and participation may produce misleadingly strong and
conclusive associations than truly exist in the Latin America and the
Caribbean region. In short, while the Logit analyses shed some light on the
trust and socioeconomic variables that are significant in determining citizen
engagement, the construction of decision trees allows us to unpack complex
nonlinearities among those variables and their effect on participation. For
example, socioeconomic characteristics such as income, age, or education
levels are only relevant if certain conditions are met (e.g., having an interest
in politics or having experienced discrimination). Individual characteristics
such as internet access, on the other hand, will only play a role after a certain
age. From both approaches we conclude that, while governmental trust
variables are important, they are not the key drivers of participation. Rather,
as decision tree estimation makes clear, having an interest in politics and
having felt discriminated against seem to be the ultimate factors driving
participation in all three models, together with age, income and education
levels. Political trust, on the other hand, only plays a subordinate role on its
own. The weak correlations between trust and individual, socioeconomic and
perception variables confirm that political trust is not markedly influenced
by individual characteristics or circumstances (see table B1 in annex B).

6. Concluding Remarks

We began the paper by asking whether there is a link between trust in
government and citizen engagement in Latin America and the Caribbean and,
if so, in which direction the link operates. The quantitative analyses
conducted throughout this work demonstrate the existence of a link, but one
that is neither simple nor linear, and whose mechanism is far from
straightforward. For example, we have found that trust in the national
government decreases participation when it comes to signing a petition. But
the same trust does not appear to have any significant effect on the other two
types of engagement studied: participating in demonstrations and community
activism. This could be partially related to the former requiring less effort
and commitment, i.e., bearing a lower financial, economic, and political cost
than the latter. As such, we argue that trust in governmental institutions will
only play a role in determining citizen participation when the expected net
costs of participation are sufficiently low or the goals pursued justify costly
levels of engagement. A similar pattern emerges when trust in other
governmental institutions is taken into account, such as trust in the police,
which significantly influences participation in demonstrations but not the
other two types of participation; or trust in the judiciary, which only
influences citizen engagement in the form of working to solve community
problems. By way of explanation, citizens likely weigh the risk of facing
police repression when attending a demonstration, or are discouraged from

are evaluating actual rather than intended participation or engagement in an
unspecified future.
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getting involved in community activism if they perceive the courts to be
corrupt.

Our evidence shows that trust in various government institutions affects
political participation somewhat, but neither the magnitude nor the direction
of the effect is consistent among the three types of participation that were
examined in this study. Simply put, neither the stealth nor deliberative
democracy theories appear to be fitting explanations behind political
participation in Latin America and the Caribbean. However, machine
learning approaches are shown to be more precise than overly simplistic
theories in unpacking the intricate and complex relationships connecting
political trust and citizen engagement, a finding that likely holds not only in
Latin America and the Caribbean. Trust is a driver of participation for an
individual only after certain levels of education, age, and political interest are
combined with experiences of discrimination and violence.

These findings have several policy implications. Our results neither directly
support nor reject the notion that transformational changes such as curbing
corruption, boosting government transparency, strengthening the social
contract, or delivering long overdue reforms would be effective in increasing
citizen participation in politics. In any case, such changes do not come about
on their own. For example, disseminating more information is arguably not
enough to effectively increase accountability in a context of low trust (Keefer
and Scartascini, 2022). Our findings, instead, suggest a need to focus
discussion on whether relatively modest changes can nudge citizens towards
participation and trust in the political process. Making political institutions
more familiar and closer to citizens, reducing the bureaucratic costs of
participation, and promoting grassroots organizations all might boost
political participation, particularly if aligned with other drivers. These
objectives can be realized by facilitating scrutiny and debate over the
political process in the media, cultivating an early interest in politics in
schools, holding open days across public institutions, ensuring the right to
protest safely, lowering the number of signatures required on petitions to
elevate issues to authorities, and providing technical support to neighborhood
associations, to mention a few. Lesson from Banerjee and Duflo’s (2011)
small radical thinking to fight global poverty might also be relevant in the
context of citizen participation.

The analyses conducted here can be replicated elsewhere by developing
machine learning methods able to “learn” from datasets covering other
regional or national settings. Future research on the linkages between
political trust and citizen engagement in the Latin America and the Caribbean
region and in other regions should also consider other emerging forms of
political engagement like e-participation—that is, online political activity
such as, for example, participating in online surveys, using government
digital transparency, or adding political banners to profile pictures on
Facebook, among others—in addition to voting. It should also more precisely
unpack data on different forms of trust, for example in national versus local
governments, or across different branches of the police, armed forces, and
judiciary. More detailed information is also needed to capture the types of
community problems citizens engage or the type of causes that participation
in demonstrations are sought to reverse, which are not currently asked in
Latinobarémetro. Future efforts would also benefit from additional
investments in quantifying the costs involved in different types of political
participation. Flexible models allowing for nonlinearities capturing systems
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complexity are also needed. All these recommendations, which are
reasonably within reach, are needed before more conclusive findings can be
drawn as to the relationship between specific forms of citizen participation
and specific categories of political trust.
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Annex A: Variables employed from the
Latinobarometro 2020

Demographic variables

o Age: Age of the respondent

o Sex: Gender of the respondent (1=male; 0=female)

o Education level: Education level achieved (1=Illiterate, 2=Incomplete
basic education, 3=Complete basic education, 4=Incomplete secondary
education, 5=Complete secondary education, 6=Incomplete tertiary
education, 7=Complete tertiary education)

o Income level: Subjective income group for household (1-10 from lowest
to highest)

o Social class: Subjective social class from highest to lowest (1=upper class,
2=upper middle class, 3=middle class, 4=low middle class and 5=lower
class)

o Receives subsidy: Beneficiary of a subsidy from the state (yes=1,
no=0)

o Employed: Has a job (if self-employed, salaried work or temporarily
out of work, employed takes value of 1; otherwise, 0)

o Owns a house: Owns the house s/he lives in (yes=1; otherwise, 0)

o Has internet: Has internet connection at home (yes=1, no=0)

o Has sewerage: Has sewerage system (yes=1, no=0)

Perception Variables
o Interested in politics: Has an interest in politics (Very interested, Fairly
interested) as reported from the question:
How interested are you in politics? Very interested, Fairly interested, A
little interested, Not at all interested)

o Free to join any organization: Individual believes freedom of political
participation is guaranteed (fully or somewhat) as reported from the
guestion:

To what extent do you think the following freedoms, rights, are guaranteed

in (country)? Freedom of political participation (Fully guaranteed,

Somewhat guaranteed, Not guaranteed, Not at all guaranteed)

o Free to speak: Individual believes freedom of speech is guaranteed (fully
or somewhat) as reported from the question:

To what extent do you think the following freedoms, rights, are guaranteed

in (country)? Freedom of speech always and everywhere (Fully guaranteed,

Somewhat guaranteed, Not guaranteed, Not at all guaranteed)

o Has felt discriminated against: Feels part of a discriminated group (yes) as
reported from the question:

Would you describe yourself as part of a discriminated group in (country)or
not?

o Has been victim of a crime: Was victim of a crime in the last 12 months,
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as reported from the question:
Have you (1) or a relative (2) been assaulted, attacked, or the victim of a
crime in the las 12 months? (you)
o Has experienced food insecurity: Has gone without enough food to eat in
the last 12 months, as reported from the question:
In the last 12 months, how often have you or your family gone without food?
(Sometimes, often)

Trust variables

o Trust in government: Has a lot or some trust in the national government

o Trust in police: Has a lot or some trust in the police

o Trust in parliament: Has a lot or some trust in parliament/congress

o Trust in courts: Has a lot or some trust in the judicial branch

o Trust in elections: Has a lot or some trust in the national electoral

institution

As reported from the question:
Please look at this card and tell me how much trust you have in each of the following
groups/institutions. Would you say you have a lot (1), some (2), a little (3) or no trust
in(4)?

o Trust in people: Interpersonal trust (believes one can trust most people)
As reported from the question:
Generally speaking, would you say that you can trust most people, or that you
can never be too careful in dealing with others? (One can trust most people)

Dependent variables (citizen participation)

o Sign petition: Sign a petition (have ever done)

o Attend demonstration: Take part in authorized demonstrations (have ever

done)

As reported from the question:
Now | want you to look at this card. | am going to read out a variety of political
activities that people can undertake and | would like you to tell me, if you have
ever done any of them (1), if you would ever do any of them (2), or if you would
never do any of them (3).

o Work on a community problem: Work for a problem that affects you or
your community (frequently)
As reported from the question:
How frequently do you do each of the following things? Very frequently,
frequently, almost never or never?
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Table Al. Trust in governmental institutions and citizen participation in LAC

Trust Citizen participation
Conﬁde.nce in the Conﬁc.ience in Copﬁdence Copﬁdence Cor}ﬁdence in the ?::tr:p;szo(;ﬂ Signing a Take pz'trt in Work on a problem that
national national in the in the national electoral iy authorized affects you or your
government congress/ patliament judiciary police institution tr;zt();ce)st petition demonstrations communitgf
Total LAC 27.3% 20.5% 25.7% 36.1% 32.3% 12.8% 19.9% 14.4% 25.7%
Argentina 23.4% 18.6% 16.7% 38.8% 16.1% 16.2% 47.8% 18.2% 31.2%
Bolivia 25.3% 28.3% 20.3% 26.7% 28.1% 12.9% 10.3% 12.1% 27.9%
Brazil 27.1% 23.9% 37.0% 48.3% 37.3% 4.7% 34.8% 14.2% 24.6%
Chile 17.9% 13.1% 15.9% 32.7% 45.6% 17.1% 25.3% 31.0% 27.9%
Colombia 26.0% 15.2% 24.5% 37.1% 55.1% 13.4% 24.2% 16.7% 31.0%
Costa Rica 14.4% 19.0% 40.5% 50.3% 45.7% 10.0% 22.9% 13.6% 23.5%
Dominican Rep. 52.3% 34.5% 36.9% 31.7% 32.6% 15.1% 12.7% 18.5% 31.4%
Ecuador 10.0% 13.0% 18.1% 33.8% 16.0% 9.7% 11.1% 9.5% 24.3%
El Salvador 72.4% 12.2% 31.2% 58.4% 28.0% 14.0% 14.7% 5.7% 22.7%
Guatemala 22.4% 20.7% 21.6% 28.3% 18.4% 16.3% 9.6% 7.7% 16.9%
Honduras 11.3% 12.7% 17.0% 27.1% 13.5% 15.8% 9.5% 9.5% 23.8%
Mexico 27.9% 23.0% 24.4% 22.0% 36.0% 18.4% 16.4% 9.7% 17.9%
Nicaragua 38.0% 30.4% 33.2% 31.7% 31.2% 9.1% 14.6% 11.7% 16.7%
Panama 23.3% 15.8% 24.1% 48.2% 40.0% 12.6% 13.2% 9.3% 26.4%
Paraguay 13.3% 10.3% 13.3% 27.2% 13.4% 9.2% 21.0% 15.8% 27.5%
Peru 16.6% 7.4% 16.7% 31.2% 32.3% 10.8% 9.5% 10.4% 27.2%
Uruguay 57.4% 54.4% 57.9% 66.0% 66.9% 21.1% 34.9% 22.8% 29.9%
Venezuela, RB 19.4% 19.7% 18.3% 13.7% 21.8% 5.2% 20.0% 18.8% 27.8%

Source: Latinobarémetro, 2020



Table A2. Socioeconomic characteristics

Age groups Education level
Incomplete | Complete | Incomplete | Complete . .
15-25 26-40 41-60 61+ Tlliterate basiPF basl,)i? secongary seconiary infzfrtllggte CI:;ETQ;
education education | education | education
LAC 22.7% 32.9% 29.4% 15.0% 7.6% 11.7% 19.5% 12.4% 26.3% 9.0% 13.3%
Argentina 18.6% 32.0% 30.2% 19.2% 2.1% 9.0% 28.8% 11.9% 24.2% 2.6% 21.4%
Bolivia 25.8% 35.8% 26.7% 11.7% 7.5% 16.2% 11.3% 13.3% 28.3% 10.5% 12.8%
Brazil 20.1% 29.7% 32.1% 18.2% 4.6% 27.2% 9.8% 9.6% 16.2% 19.9% 12.7%
Chile 14.5% 29.9% 35.6% 20.0% 1.7% 9.3% 13.0% 9.6% 37.5% 9.5% 19.3%
Colombia 19.0% 31.9% 31.5% 17.7% 6.1% 9.0% 20.4% 9.5% 30.9% 4.1% 19.6%
Costa Rica 22.3% 33.1% 30.9% 13.7% 4.0% 7.3% 32.7% 16.1% 16.9% 10.2% 12.8%
Dominican Rep. | 23.6% 34.7% 28.8% 12.9% 14.0% 16.6% 19.4% 12.3% 17.7% 12.8% 7.2%
Ecuador 23.6% 34.3% 29.2% 12.9% 1.6% 3.4% 16.1% 14.7% 28.8% 14.6% 20.8%
El Salvador 23.4% 31.2% 28.7% 16.7% 14.0% 29.4% 18.6% 5.2% 19.9% 5.1% 7.8%
Guatemala 29.0% 34.0% 26.0% 11.0% 22.0% 13.7% 24.3% 12.8% 19.2% 4.1% 3.9%
Honduras 28.7% 35.1% 23.6% 12.5% 18.9% 11.8% 40.4% 8.1% 15.6% 3.2% 2.0%
Mexico 20.6% 33.1% 31.5% 14.8% 6.2% 8.2% 18.3% 2.9% 44.2% 7.3% 12.9%
Nicaragua 36.1% 33.1% 21.9% 9.0% 23.5% 14.7% 22.8% 13.5% 16.7% 4.5% 4.2%
Panama 20.0% 33.9% 31.3% 14.8% 6.0% 6.8% 22.2% 10.5% 32.5% 7.4% 14.6%
Paraguay 26.9% 33.9% 27.3% 11.8% 2.1% 13.6% 18.8% 13.7% 41.8% 6.0% 41%
Peru 23.8% 35.3% 27.9% 13.0% 8.3% 8.7% 15.1% 6.7% 27.6% 13.7% 20.1%
Uruguay 15.9% 27.6% 32.1% 24.4% 1.3% 5.3% 17.6% 34.3% 10.1% 16.8% 14.6%
Venezuela, RB 20.4% 34.3% 31.8% 13.5% 1.8% 3.9% 9.5% 18.0% 37.7% 7.0% 22.0%

Source: Latinobarémetro, 2020




Table A2. Socioeconomic characteristics (continued

Subjective social class Current employment situation
. Salaried
Upper Upper Middle Low Lower Self- eiillalrcfrge employee Temporarily work /]i)ezn::nsible
clljapss middle class middle class employed | in 5 state i.n a out é)f work Retired/pensioner for shopging and Student
class class company private housework
company
LAC 1.9% 6.0% 33.8% 31.7% 26.6% 32.2% 6.9% 13.4% 10.0% 6.3% 26.9% 4.3%
Atrgentina 0.1% 2.8% 29.0% 43.6% 24.6% 24.7% 10.3% 15.6% 13.4% 16.0% 13.8% 6.2%
Bolivia 0.7% 6.5% 46.6% 30.5% 15.7% 56.5% 5.6% 8.1% 6.4% 1.3% 16.7% 5.4%
Brazil 1.4% 2.9% 28.3% 37.1% 30.3% 37.2% 6.6% 13.0% 9.4% 14.5% 14.5% 4.7%
Chile 0.0% 2.5% 39.8% 30.9% 26.8% 21.4% 9.4% 29.7% 11.8% 9.9% 11.0% 6.9%
Colombia 3.0% 8.5% 30.4% 33.8% 24.3% 29.3% 6.1% 10.0% 13.9% 4.6% 30.1% 6.0%
Costa Rica 2.0% 8.3% 42.5% 30.6% 16.6% 21.1% 7.4% 18.8% 13.4% 8.1% 27.3% 3.9%
Dominican Rep. 3.5% 9.7% 29.5% 29.0% 28.4% 26.1% 6.4% 16.4% 11.7% 2.1% 35.8% 1.5%
Ecuador 1.5% 6.4% 41.2% 27.5% 23.5% 36.9% 6.0% 9.1% 10.8% 3.2% 26.9% 7.2%
El Salvador 3.5% 8.4% 26.9% 30.1% 31.1% 25.5% 5.2% 15.5% 12.7% 2.5% 35.2% 3.4%
Guatemala 2.0% 7.6% 37.2% 24.6% 28.6% 32.1% 3.3% 10.6% 10.9% 1.7% 40.3% 1.1%
Honduras 5.0% 11.3% 26.9% 25.9% 30.9% 23.3% 3.7% 13.6% 7.3% 0.9% 50.3% 1.0%
Mexico 0.9% 4.5% 34.5% 33.6% 26.6% 28.8% 7.9% 13.7% 6.3% 3.8% 32.8% 6.8%
Nicaragua 5.2% 7.7% 22.2% 26.3% 38.6% 34.5% 4.1% 9.9% 14.7% 3.6% 32.5% 0.7%
Panama 3.6% 6.6% 29.3% 33.2% 27.3% 22.4% 6.3% 12.3% 12.4% 5.2% 38.7% 2.7%
Paraguay 0.6% 2.6% 39.6% 29.8% 27.5% 48.6% 5.6% 9.9% 2.5% 2.8% 26.5% 4.1%
Peru 2.0% 6.3% 34.1% 29.2% 28.4% 41.8% 5.5% 6.3% 9.2% 2.2% 29.0% 6.1%
Uruguay 0.6% 4.8% 42.8% 36.6% 15.2% 21.3% 9.5% 21.1% 10.4% 20.2% 13.3% 4.3%
Venezuela, RB 1.1% 3.8% 23.4% 34.1% 37.6% 42.3% 12.8% 8.5% 5.5% 7.0% 21.4% 2.5%

Source: Latinobarémetro, 2020
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Annex B: Correlation analysis

Table B1. Correlation analysis

Variables 1 (2 3 4) (5) (6) (7) (8 ) (10) 11 (12
(1) Trust in government 1.00
(2) Trust in police 0.34* 1.00
(3) Trust in parliament 0.44* 0.28* 1.00
(4) Trust in courts 0.44* 0.35% 0.42% 1.00
(5) Trust in elections 0.37* 0.31* 0.37* 0.45* 1.00
(6) Trust in people 0.09* 0.07* 0.08* 0.07* 0.07* 1.00
(7) Interested in politics 0.17* 0.12% 0.15* 0.15* 0.18* 0.09* 1.00
(8) Free to join any organization 0.20* 0.17* 0.16* 0.17* 0.20* 0.06* 0.21* 1.00
(9) Free to speak 0.21* 0.18* 0.16* 0.19* 0.21* 0.06* 0.13* 0.37* 1.00
(10) Has felt discriminated against -0.07* -0.07* -0.04* -0.06* -0.04* -0.02* 0.04* -0.05% -0.09* 1.00
(11) Has been victim of a crime -0.04* -0.03* -0.02* -0.01* -0.02* -0.01 0.08* 0.00 -0.02* 0.11* 1.00
(12) Has expetienced food insecurity 0.00 -0.06* 0.00 -0.02* -0.04* -0.03* -0.03* -0.07* -0.06* 0.06*  0.04¢  1.00

w5k 50,01, ** p<0.05, * p<0.1

Source: Authors’ own elaboration
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Annex C: Full results for logistic regression models

Table C1. Logistic regression results

Trust in government,
Trust in police
Trust in parliament
Trust in courts
Trust in elections
Trust in people
Age

Sex

Education level
Income level

Social class
Receives subsidy

Employed

Saves money

Owns a house

Has internet

Has sewage

Interested in politics

Free to join any organization
Free to speak

Has felt discriminated against
Has been vietim of a erime
Has experienced food insecurity
Argentina

Bolivia

Brazil

(1)

Sign petition

-0.152*
(0.0633)
0.0394
(0.0523)
0.0884
(0.0644)
0.0708
(0.0600)
0.0057
(0.0567)
0.143°
(0.0647)
0.0104*+*
(0.00149)
-0.160%*
(0.0464)
0.137**
(0.0158)
0.0697**
(0.0105)
0.110%*
(0.0264)
0.157*
(0.0506)
0.239*+*
(0.0512)

0.0195
(0.0722)
0.145**
(0.0515)
0.133
(0.0544)
0.115°
(0.0558)
0.680%*~
(0.0481)
0.181%
(0.0496)
-0.0109
(0.0494)
0.468***
(0.0524)
0.303***
(0.0470)
0.257%+
(0.0562)
0.796**
(0.128)
-1.130%*
(0.143)
0.257*
(0.116)

(2)

Attend demonstration

-0.0879
(0.0708)
-0.238==
(0.0503)
0.120
(0.0714)
0.0541
(0.0684)
0.0846
(0.0629)
0.136
(0.0705)
0.00507**
(0.00165)
-0.0584
(0.0510)
0.0935%**
(0.0175)
0.0606%**
(0.0116)
0.0903**
(0.0289)
0.0635
(0.0554)
0.236***
(0.0570)

0.0988
(0.0801)
0.0525
(0.0562)
0.114
(0.0601)
0.0855
(0.0620)
0.855%+*
(0.0527)
0.226%**
(0.0551)
_0.271%**
(0.0548)
0.544+**
(0.0561)
0.335%**
(0.0513)
-0.105
(0.0609)
-0.430"
(0.148)
-0.704***
(0.145)
-0.566%**
(0.137)

(3)

Work on community problem

0.0155
(0.0560)
-0.0811
(0.0466)

0.0739
(0.0574)
0.132°
(0.0541)
0.104*
(0.0503)
0.0818
(0.0578)
0.00867***
(0.00133)
0.108***
(0.0412)
0.0742***
(0.0139)
0.0133
(0.00068)
-0.0485*
(0.0220)
0.116*
(0.0446)
0.268*+*
(0.0453)

0.0597
(0.0660)
0.150%**
(0.0451)
0.0222
(0.0476)
-0.130**
(0.0475)
0.811%*
(0.0429)
0.137**
(0.0438)
0.101*
(0.0435)
0.513%**
(0.0468)
0.209***
(0.0420)
0.103*
(0.0467)
-0.231
(0.126)
-0.154
(0.112)
-0.302**
(0.113)
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Chile

Colombia

Costa Rica
Dominican Republic
Ecuador

El Salvador
Guatemala
Honduras

Mexico

Nicaragua

Panama

Paraguay
Peru
Uruguay
Venezuela
Constant

Observations

Standard errors in parentheses
*p< 005" p< 001, p<0.001

-0.189
(0.126)
-0.0193
(0.123)
~0.0518
(0.127)
-0.600%**
(0.142)
-0.901+**
(0.137)
-0.543++
(0.145)
-0.704++*
(0.168)
-0.538**
(0.154)
-0.425*
(0.130)
-0.131
(0.145)
-0.623+*
(0.139)

0
(-)
1.227%
(0.145)
0.223
(0.121)
-0.281*
(0.125)
-3.686**
(0.180)
14283

0.522%**
(0.131)
-0.133
(0.137)
-0.278
(0.146)
0.0246
(0.140)

-0.860**
(0.152)

11750
(0.101)

-0.764**
(0.186)
-0.363"
(0.161)

L0.751%*
(0.152)
-0.231
(0.150)

0.614**
(0.158)

0
()
~0.846%**
(0.148)
0.113
(0.134)
-0.0683
(0.134)
-3.400***
(0.197)
14400

Source: Authors’ own elaboration

-0.122
(0.119)
0.197
(0.113)
-0.185
(0.119)
0.0652
(0.116)
-0.196
(0.114)
-0.172
(0.124)
-0.345*
(0.138)
0.0714
(0.123)
-0.504**
(0.122)
-0.406**
(0.135)
-0.106
(0.117)

0
()
-0.141
(0.112)
-0.219
(0.115)
-0.0298
(0.113)
_2.472%%*
(0.155)
14366
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Annex D: Variable importance in decision tree models

Figure D1. Decision Tree: variable importance in model 1
Signing a petition: important variables
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Source: Author’s elaboration using the function DecisionTreeClassifier in the Scikit-Learn
1.1.1 library in Python 3.10.5

Figure D2. Decision Tree: variable importance in model 2

Participation in demonstrations: important variables
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1.1.1 library in Python 3.10.5

Figure D3. Decision Tree: variable importance in model 3

Work for a community problem: important variables
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1.1.1 library in Python 3.10.
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Annex E: Estimates after including life satisfaction

The life satisfaction variable is constructed assigning the value 1 if the respondent
reported to be very or quite satisfied with his/her life, and 0 if the respondent reported
to not be very or at all satisfied with his/her life. As shown in Table E1, the addition
of the life satisfaction variable to the models had no effect on the outcomes. The life
satisfaction variable is statistically significant in none of the three models analyzed.
In turn, the addition of the life satisfaction variable has no effect on the model selection
done by Lasso, and this variable is not selected in any of the three models examined.
Furthermore, adding this variable to the decision trees had no effect on the

composition or paths of the trees in any of the three models studied.

Table E1. Logistic regressions including life satisfaction indicator

Trust in government
Trust in police
Trust in parliament
Trust in courts
Trust in elections
Trust in people
Age

Sex

Education level
Income level

Social class
Receives subsidy
Employed

Saves mo ney

(1)

Sign petition

-0.154*
(0.0634)
0.0381
(0.0525)
0.0901
(0.0646)
0.0746
(0.0610)
0.0959
(0.0569)
0.141*
(0.0649)
0.0102***
(0.00150)
0.156""*
(0.0465)
0.134***
(0.0159)
0.0699***
(0.0106)
0.112***
(0.0265)
0.149**
(0.0508)
0.233***
(0.0514)
0.0231
(0.0723)

(2)

Attend demonstration

-0.0002
(0.0709)
0.231%**
(0.0595)
0.126
(0.0715)
0.0541
(0.0685)
0.0845
(0.0630)
0.143*
(0.0706)
0.00478%*
(0.00166)
-0.0639
(0.0511)
0.0028***
(0.0175)
0.0615%**
(0.0116)
0.0856**
(0.0290)
0.0565
(0.0555)
0.231***
(0.0571)
0.104
(0.0802)

(3)

0.0106
(0.0561)
-0.0809
(0.0468)

0.0781
(0.0576)
0.128*
(0.0542)
0.102*
(0.0505)
0.0817
(0.0580)
0.00873%*
(0.00134)
0.194%**
(0.0414)
0.0737%*
(0.0140)
0.0138
(0.00971)
-0.0488"
(0.0222)
0.120"*
(0.0447)
0.273%**
(0.0454)
0.0581
(0.0661)

Work on community problem
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Owns a house

Has internet

Has sewage

Interested in politics

Free to join any organization
Free to speak

Has felt discriminated against
Has been victim of a crime
Has experienced food insecurity
Satisfied with life

_coms

N
Standard errors in parentheses
* p<0.05, % p< 001, *** p<0.001

0.146"*
(0.0517)
0.147%*
(0.0546)

0.115*
(0.0560)

0.685"**
(0.0482)
0.177°**
(0.0497)

-0.00724
(0.0496)
0.472°**
(0.0527)
0.2997**
(0.0472)

-0.249*"
(0.0565)
-0.0136
(0.0557)

-3.665+**
(0.186)

14211

0.0543
(0.0564)
0.119*
(0.0603)
0.0816
(0.0621)
0.856"**
(0.0528)
0.226%**
(0.0552)
-0.266***
(0.0550)
0.544%**
(0.0564)
0.3297**
(0.0514)
-0.102
(0.0612)
-0.0990
(0.0598)
-3.202+%*
(0.203)
14326

0.159%**
(0.0452)
0.0184
(0.0477)
-0.134**
(0.0477)
0.808%**
(0.0431)
0.139**
(0.0439)
0.0972*
(0.0436)
0.521%**
(0.0470)
0.2947%
(0.0421)
0.0951*
(0.0469)
0.0321
(0.0489)
-2.490%**
(0.161)
14292
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