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Abstract 

Social attitudes, attitudes toward financial risk and attitudes toward deferred 

gratification are thought to influence many important economic decisions over the life-

course. In economic theory, these attitudes are key components in diverse models of 

behavior, including collective action, saving and investment decisions and occupational 

choice. The relevance of these attitudes have been confirmed empirically. Yet, the factors 

that influence them are not well understood. This research evaluates how these attitudes 

are affected by large disruptive events, namely, a natural disaster and a civil conflict, 

and also by an individual-specific life event, namely, having children.   

By implementing rigorous empirical strategies drawing on rich longitudinal 

datasets, this research project advances our understanding of how life experiences shape 

these attitudes. Moreover, compelling evidence is provided that the observed changes in 

attitudes are likely to reflect changes in preferences given that they are not driven just by 

changes in financial circumstances. Therefore the findings of this research project also 

contribute to the discussion of whether preferences are really fixed, a usual assumption 

in economics.  

In the first chapter, I study how altruistic and trusting attitudes are affected by 

exposure to the 2004 Indian Ocean tsunami as long as ten years after the disaster 

occurred. Establishing a causal relationship between natural disasters and attitudes 
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presents several challenges as endogenous exposure and sample selection can confound 

the analysis. I take on these challenges by exploiting plausibly exogenous variation in 

exposure to the tsunami and by relying on a longitudinal dataset representative of the 

pre-tsunami population in two districts of Aceh, Indonesia. The sample is drawn from 

the Study of the Tsunami Aftermath and Recovery (STAR), a survey with data collected 

both before and after the disaster and especially designed to identify the impact of the 

tsunami. The altruistic and trusting attitudes of the respondents are measured by their 

behavior in the dictator and trust games. I find that witnessing closely the damage 

caused by the tsunami but without suffering severe economic damage oneself increases 

altruistic and trusting behavior, particularly towards individuals from tsunami affected 

communities. Having suffered severe economic damage has no impact on altruistic 

behavior but may have increased trusting behavior. These effects do not seem to be 

caused by the consequences of the tsunami on people’s financial situation. Instead they 

are consistent with how experiences of loss and solidarity may have shaped social 

attitudes by affecting empathy and perceptions of who is deserving of aid and trust. 

In the second chapter, co-authored with Ryan Brown, Duncan Thomas and 

Andrea Velasquez, we investigate how attitudes toward financial risk are affected by 

elevated levels of insecurity and uncertainty brought on by the Mexican Drug War. To 

conduct our analysis, we pair the Mexican Family Life Survey (MxFLS), a rich 

longitudinal dataset ideally suited for our purposes, with a dataset on homicide rates at 
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the month and municipality-level. The homicide rates capture well the overall crime 

environment created by the drug war. The MxFLS elicits risk attitudes by asking 

respondents to choose between hypothetical gambles with different payoffs. Our 

strategy to identify a causal effect has two key components. First, we implement an 

individual fixed effects strategy which allows us to control for all time-invariant 

heterogeneity. The remaining time variant heterogeneity is unlikely to be correlated 

with changes in the local crime environment given the well-documented political origins 

of the Mexican Drug War. We also show supporting evidence in this regard. The second 

component of our identification strategy is to use an intent-to-treat approach to shield 

our estimates from endogenous migration. Our findings indicate that exposure to 

greater local-area violent crime results in increased risk aversion. This effect is not 

driven by changes in financial circumstances, but may be explained instead by 

heightened fear of victimization. Nonetheless, we find that having greater economic 

resources mitigate the impact. This may be due to individuals with greater economic 

resources being able to avoid crime by affording better transportation or security at 

work. 

The third chapter, co-authored with Duncan Thomas, evaluates whether 

attitudes toward deferred gratification change after having children. For this study we 

also exploit the MxFLS, which elicits attitudes toward deferred gratification (commonly 

known as time discounting) by asking individuals to choose between hypothetical 
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payments at different points in time.   We implement a difference-in-difference estimator 

to control for all time-invariant heterogeneity and show that our results are robust to the 

inclusion of time varying characteristics likely correlated with child birth. We find that 

becoming a mother increases time discounting especially in the first two years after 

childbirth and in particular for those women without a spouse at home. Having 

additional children does not have an effect and the effect for men seems to go in the 

opposite direction. These heterogeneous effects suggest that child rearing may affect 

time discounting due to generated stress or not fully anticipated spending needs. 
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1. How are Altruistic and Trusting Behavior Affected by 
Exposure to a Natural Disaster?  

1.1 Introduction 

Natural disasters are not rare events. In the last decade, there have been around 

4,000 disasters causing considerable economic and human losses documented 

worldwide (Guha-Sapir et al., 2014). Yet, though the immediate costs are 

unquestionable, the longer term consequences are not well understood. An important 

way in which a disaster may lastingly impact well-being is through altering economic 

behavior. First, this may influence the recovery and reconstruction process in the 

aftermath of the disaster. Second, depending on how behavior was affected, the change 

in behavior may result in greater or lower economic well-being over the long-term. 

Understanding the impact of natural disasters on behavior is particularly important for 

developing countries, where the consequences of natural disasters are generally more 

serious (Kahn, 2005). 

I study the impact of the 2004 Indian Ocean tsunami on altruistic and trusting 

behavior as long as ten years after the occurrence of the disaster. Life experiences of 

trauma and loss during the disaster and solidarity in the aftermath may lastingly affect 

these behaviors. Solnit (2009) summarizes evidence that in the wake of a variety of 

disasters people come together to confront the crisis and work altruistically and 

collaboratively. This increased prosocial behavior may extend over time if individuals 



 

 

2 

change their life outlook (Tedeschi and Calhoun, 2004). On the other hand, people 

severely affected by the disaster may decrease their prosocial behavior. They may 

perceive themselves as more disadvantaged than others and thus perceive others as less 

deserving of aid (Fehr and Schmidt, 2006). 

Altruistic, trusting and other types of prosocial behaviors are associated with 

many important economic decisions, including occupational choice, investment 

behavior and collective action (Fehr and Schmidt, 2006). Therefore these behaviors likely 

play a role in the post-disaster recovery and reconstruction process, which notably relies 

on the active participation of the population (Kitzbichler, 2011). Furthermore, prosocial 

behaviors are thought to enhance economic growth and social well-being (Morrone et al, 

2009). These behaviors can lead to better functioning institutions (e.g. Gambetta, 1990) 

and can facilitate economic interactions in the presence of market failures that arise 

when contracts are difficult to enforce (Karlan, 2005). The role of prosocial behavior is 

expected to be more relevant in developing countries where it is more likely that formal 

institutions are missing or weak (Cardenas and Carpenter, 2006).  

Establishing a causal relationship between natural disasters and behavior is 

challenging due to common problems of endogenous exposure and sample selection. To 

identify the causal effect of exposure to a natural disaster on altruistic and trusting 

behavior, I exploit plausibly exogenous variation in exposure to the 2004 Indian Ocean 
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tsunami and make use of a dataset representative of the survivor population in two 

districts of Aceh, Indonesia. 

There are two key characteristics of the 2004 Indian Ocean tsunami that makes 

variation in exposure to the disaster plausibly exogenous to social attitudes. First, it was 

unanticipated. The last tsunami that struk the area occurred over 600 years ago 

(Frankenberg et al, 2001). This meant that individuals were unaware of living in a 

location at risk of suffering a tsunami. Ingwersen (2014) reports that only 1% of 

households in the area that were interviewed some months before the disaster reported 

that their home was at high risk of a hurricane or tsunami. Also, there is evidence that 

people did not recognize the warning sign of the receding ocean and they did not 

receive other warning sign on time as no tsunami warning system was in place at the 

moment (Morin et. at, 2008). Second, the damage caused by the tsunami depended on a 

complex combination of geographical and topographical factors, such as distance to the 

coast, elevation, shape of the coast, slope (Morin et. at, 2008; Ramakrishnan et al., 2005). 

This caused considerable variation in damage in nearby locations, which is plausibly 

exogenous to social attitudes.  

I exploit a longitudinal dataset that allows to convincingly identify the impact of 

the tsunami by virtue of three crucial characteristics: (i) it is representative of the 

survivor population in two districts of Aceh, Indonesia, (ii) it has extensive information 
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of the survivors before the tsunami and (iii) it has detailed measures of exposure to the 

tsunami. The baseline is representative of the pre-tsunami population and was 

conducted between seven to twelve months before the tsunami. This dataset is 

representative of the survivor population because of the extraordinary efforts to 

determine the survival status of the pre-tsunami population (which was done soon after 

the disaster and achieved for 95% of the sample) and to re-interview and elicit social 

attitudes of all eligible survivors, including those who moved (the re-contact rate was 

88%). Interviewing migrants is particularly important in this context as there is evidence 

that post-tsunami mobility is significant and selective on characteristics that may be 

correlated with social attitudes, such as strong ties to the land or community (Gray et al., 

2014). This dataset also has extensive information of the respondents before the tsunami 

and this allows me to control for pre-tsunami characteristics to ease concerns of non-

random exposure to the disaster. In addition, having detailed measures of exposure to 

the tsunami has proven to be crucial to understand the impact of the tsunami on 

prosocial behavior. 

In this study, I measure altruistic and trusting behavior using economically 

incentivized experiments: the dictator game and the trust game respectively. 

Respondents were visited at home to minimize attrition, and the games were 

implemented using innovative touch-screen computers. A key strength of this study is 
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that altruistic and trusting behavior were elicited towards two types of recipients: those 

from communities affected by the tsunami and those from unaffected communities. 

Taking into account different exposure of the recipients is important as there is evidence 

that individuals’ prosocial behavior partly depends on their relative standing compared 

to others (Fehr and Schmidt, 2006). Also, prosocial behavior is potentially shaped by life 

experiences and respondents may have shared different experiences with each of these 

two types of recipients. An additional reason to make this distinction is that those 

affected by the tsunami may have developed a group identity and there is evidence that 

people behave more prosocially towards members of the group (Chen and Li, 2009; 

McLeish and Oxoby, 2011). 

My results show that the type and intensity of exposure to the tsunami are 

crucial to understand the effect of the disaster on prosocial behavior. Exploiting various 

measures of individual exposure and community level exposure, I am able to establish 

that moderate exposure to the tsunami had in general a positive effect on prosocial 

behavior. Furthermore, I find that the effect was greater towards recipients from 

communities affected by the tsunami. In particular, I find this positive effect for 

respondents who were also living in tsunami affected communities but were not 

severely economically affected. This result may reflect patterns of solidarity in the 

aftermath of the disaster if those particularly fortunate of not being strongly affected 
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increased their prosocial behavior, and especially towards those who may have been less 

fortunate. The result may be also be partly explained by a generated sense of group 

identity and increased empathy owing to having witnessed closely the damage caused 

by the tsunami. My results also show that those who suffered severe economic damage 

do not increase their altruistic behavior, but exhibit greater trusting behavior. This result 

may also be explained by post-disaster solidarity as those more severely damaged 

received greater aid and this may have enhanced their trust on others. My results are 

unlikely to be explained by changes in socioeconomic status (SES) as they are robust to 

controlling for measures of SES at different moments in time (before the tsunami, one 

year after and at the time of elicitation of social attitudes). 

By providing evidence that exposure to the disaster had a positive effect on 

altruistic and trusting behavior, this research may help explain why reconstruction in 

the aftermath of the 2004 tsunami was such a great success. That success stands in stark 

contrast to, for instance, the reconstruction effort after the 2010 Haiti earthquake. In 

Aceh, the empowerment of the affected population was crucial. However, as the 

relationship between participation in the recovery and reconstruction process and 

prosocial behavior likely run in both directions, it is not possible to establish a causal 

effect. Nonetheless, understanding what happened with prosocial behavior contributes 

to the evidence that inform the effective design of post-disaster recovery policies.  
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This research contributes mainly to two strands of literature. First, it adds to the 

emerging literature on the impact of natural disasters on prosocial behavior. Crucially, it 

addresses in a more rigorous way the threats to identification common in this type of 

studies. Second, it speaks to the also relatively recent literature on endogeneity of 

preferences. This literature challenges the usual assumption in economic theory that 

preferences are exogenous fixed traits of individuals and explores whether preferences 

may change under certain circumstances. Preferences in economics is a theoretical 

concept that cannot be measured. However, behavior in experimental games is expected 

to capture in some degree underlying preferences and, under certain assumptions, 

changes in behavior can be reasonably interpreted as changes in preferences. Since my 

results do not seem to be merely driven by changes in SES, they offer compelling 

evidence that underlying social preferences of altruism and trust can be shaped by life 

experiences.1 

                                                      

1 In some theoretical models of social preferences, individuals with the same social preferences 

may exhibit different prosocial behavior if they have different levels of income. For instance, this 

occurs in models of inequity aversion, where individuals are not only concerned about the 

absolute amounts of money they and others have, but also about their relative position in the 

income distribution (Fehr and Schmidt, 1999; Bolton and Ockenfels, 2000). This is unlikely to be a 

serious concern for the dictator and trust games since subjects are not playing with their own 

money and the endowment given is too small to affect significantly their income. Yet, it is still 

reassuring to confirm that my results are not driven by changes in SES. In more complex models 

of social preferences, income is not the only factor that can explain different prosocial behavior of 

individuals with arguably equal social preferences. Some other factors considered in the 

literature are social reputation, beliefs, efficiency seeking, information (Benabou and Tirole, 2004; 
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1.2 Relevance of social attitudes 

Contrary to the assumption of standard economic theory that individuals only act 

in their own material self-interest, there is extensive evidence that people are also driven 

by other individuals’ material outcomes. Prosocial behavior, including altruistic and 

trusting behavior, is part of people’s lives. An established method to measure this 

behavior is through economically incentivized experiments in which subjects make 

simple decisions regarding allocation of money between themselves and others. Since 

the self-interested choice is apparent, any deviation from it confirms the existence of 

some form of prosocial behavior. In general, studies that have conducted these 

experiments find that a large percentage of individuals who participate in these 

experiments exhibits prosocial behavior (e.g. Andreoni and Miller, 2002; Eckel and 

Grossman, 1996; Glaeser et al., 2000). 

Studies do not only show that people exhibit prosocial behavior, but they also 

provide evidence that this behavior has an impact on relevant economic decisions. This 

is not at odds with the fact that the standard economic model based on self-interest 

predicts behavior very well in certain competitive markets, as it has been shown that 

competition may completely remove the impact of prosocial behavior (Fehr and 

                                                      

Rabin, 1993; Falk and Fischbacher, 2006; Andreoni and Versterlund, 2001). With the exception of 

information, the other factors are psychological and complicated to separate from a general 

concept of social preferences. Discussion of these issues go beyond the scope of this paper. 
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Schmidt, 1999; Falk and Fischbacher, 2006). However, in several non-competitive 

settings the omission of social attitudes may result in misleading conclusions.  

There is growing evidence in experimental economics that prosocial behavior are 

important to understand economic behavior in a number of settings, such as, collective 

action, economic incentives and demand for redistributive taxes. Models of public good 

games with punishments show that the presence of individuals with prosocial behavior 

can increase cooperation by everybody by making threats to punish free riders credible 

(Fehr and Schmidt, 1999)2. Experiments have confirmed that the possibility to punish 

causes a strong increase in cooperation rates (e.g. Carpenter, Matthews and Ong’ong’a 

(2004), Anderson and Putterman, 2006). These findings suggest that social attitudes 

matter for the development of cooperative institutions.  

Evidence is not restricted to laboratory settings, but there is also evidence that 

prosocial behavior in experimental economic games are related to behavior in the real 

world. Benz and Meier (2008) find that students’ behavior in donation experiments 

using the dictator game correlates with their usual donation behavior two years before 

and two years after the experiments.  Karlan (2005) find that borrowers in a microcredit 

program that behave more trustworthily in the trust game are more likely to repay their 

                                                      

2 A common game used to study cooperative collective action is the public good game.  
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loans one year later. Regarding their relevance for labor outcomes, there is evidence that 

for fishermen who rely on teamwork in a daily basis being more prosocial in 

experiments is correlated with being more productive at work (Carpenter and Seki, 

2011). Also, nurses who are more altruistic in dictator games are more likely to choose a 

rural job three years later (Lagarde and Blaauw, 2014). 

1.3 The 2004 Indian Ocean Tsunami 

In this section, relevant background information on the 2004 Indian Ocean 

Tsunami is provided. I describe the extent of damage the tsunami caused in Indonesia 

and the influx of humanitarian assistance that followed. Also, I discuss the two 

characteristics of the tsunami that supports its treatment as a natural experiment: being 

unanticipated and variation in exposure plausibly exogenous. 

On 26 December 2004, a powerful earthquake, later known as the Sumatra-

Andaman earthquake, occurred in the Indian Ocean (see Figure 1.1). With a moment 

magnitude of 9.3, it is one of the largest earthquakes ever recorded (Bilham, 2005). Its 

epicenter was around 155 km from the west coast of northern Sumatra, Indonesia, at 

30km depth. The earthquake triggered a devastating tsunami that affected several 

countries (Ghobarah et al., 2006). This tsunami is known as the 2004 Indian Ocean 

Tsunami and it is one of the deadliest natural disasters in recorded history; the death toll 

is estimated to be greater than 230,000 people. 
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The hardest hit country by a long way was Indonesia, which according to most 

estimates bore more than 70% of the death total. The most affected Indonesian region 

was Aceh, which is a province located at the northern end of Sumatra, an island in the 

western part of the country. Damage caused by the tsunami was widespread. Banda 

Aceh, the capital of the province, was the major city closest to the epicenter and the most 

severely impacted (Ghobarah et al., 2006). 

 

Figure 1.1: Map of 2004 Indian Ocean tsunami 

There is evidence that the disaster was unanticipated (Jayasuriya and McCawley, 

2010). The tsunami waves struck Aceh only around thirty minutes after the earthquake 

started, affecting communities along 800km of coastline (Frankenberg et. al, 2001; Nistor 

et al., 2007). The vast majority of Acehnese were caught unaware. Even though 

Indonesia is a seismic country, the last major tsunami on the coast of mainland Aceh 
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took place over 600 years ago (Frankenberg et. al, 2001), which meant that the 

population was not prepared on how to react on those circumstances. Acehnese people 

did not interpret the withdrawal of the ocean as a warning flag of an approaching 

tsunami. As clear sign of this, the anecdote most frequently mentioned is the description 

of people gathering fish grounded on the beaches following the retreat of the ocean. The 

official warning came too late, around just five minutes before the tsunami hit Banda 

Aceh city (Morin et. at, 2008). 

Variation in exposure is plausibly exogenous as it depended on a complex 

function of geographical and topographical factors. Although, as common sense would 

suggest, the most severe damage caused by the tsunami occurred in low-lying 

communities closer to the coast (Wang et. al., 2007), it is well documented that damage 

varied significantly at the local level since it depended on a combination of factors. The 

speed and height of the waves were influenced by the coastal topography and the debris 

carried by the water (Ghobarah et al., 2006). The inland reach of the water depended 

significantly on characteristics of the area as well. In locations where the rivers emptied 

into the ocean, the water reached twice as far inland as in other locations (Kohl et al., 

2005). 

The tsunami caused enormous damage. Its estimated economic toll is $7.1 billion 

(Nicol, 2013). It also caused psychological trauma. Frankenberg et. al. (2008) analyze the 
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impact of the tsunami on the mental health of the survivors. Those who were more 

exposed to the disaster showed poorer mental health one year after it happened, 

confirming that the tsunami was certainly a quite traumatic experience. Regarding other 

factors associated with the effect of the tsunami on mental health, it is noteworthy to 

mention that socioeconomic status did not seem to play a role. This evidence is 

consistent with the literature that shows that factors operating during or after the 

trauma are stronger predictors for mental health than pre-trauma factors (Friedman et 

al, 2002).  

There was an unprecedented humanitarian response after the disaster. The 

assistance received by Indonesia from abroad is estimated to exceed the $7 billion. 

Importantly, the post-disaster relief and reconstruction programs involved not only 

public and private sector agencies, but also the affected population (Jayasuriya and 

McCawley 2010). In Aceh, the redevelopment process was conducted through a 

community participatory method, in which communities decide how the projects are 

implemented (Suppasri et al., 2012). This approach mobilizes solidarity among 

community members, increases their sense of belonging and creates social capital 

(Ophiyandri et al., 2013; Shaw, 2015). 
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1.4 How disasters may affect prosocial behavior? 

1.4.1 Potential pathways 

A disaster as devastating as the 2004 Indian Ocean tsunami was a traumatic 

experience that may have an impact on individuals’ social attitudes, even ten years after 

the event. The view that attitudes can be influenced by cultural and environmental 

factors is supported by research throughout the social sciences (Bohnet and Huck, 2004; 

Fehr and Hoff, 2011). Moreover, studies also show that large temporary shocks can have 

a persistent effect on attitudes (Carmil and Breznitz, 1991; Tedeschi and Calhoun, 2004).  

The impact of the tsunami on prosocial behavior may occur through several 

potential pathways. The most direct pathway is financial since social attitudes may 

depend on resources and the disaster and subsequent aftermath altered economic 

circumstances. Another potential pathway is psychological given survivors' exposure to 

experiences of trauma and solidarity.  

According to the financial pathway, the tsunami may affect prosocial behavior 

by altering the wealth distribution, but the direction of the change is unclear. On one 

hand, the tsunami caused widespread economic destruction and many families lost their 

homes and productive assets or had them seriously damaged. On the other hand, after 

the tsunami significant amounts of aid came in and affected families could have 

increased their wealth. Empirical evidence shows that people are more altruistic towards 
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recipients regarded as being more in need (Eckel and Grossman, 1995; Fong and 

Luttmer, 2009). Since social attitudes were elicited towards two strangers, for one of 

which the information that he or she lived in a tsunami-affected community was 

provided, people affected by the tsunami can act more or less prosocially towards them 

depending on their perception of them being in need or in greater need than themselves. 

Regarding the psychological pathway, posttraumatic growth and exposure to 

solidarity experiences are potential ways through which the tsunami may have 

increased people’s prosocial behavior. Posttraumatic growth is a concept well 

documented in the psychological literature and refers to the positive change in life 

outlook experienced by people who suffered highly challenging crises (Tedeschi and 

Calhoun, 2004). The tsunami was certainly a traumatic event as survivors experienced 

fear of dying, were exposed to dead bodies, lost family members and friends, and had 

physical and property damage. Frankenberg et al. (2008) found that these adverse 

experiences had a detrimental effect on mental health as those exposed showed higher 

levels of posttraumatic stress reactivity (PTSR) one year after the disaster. If as a result 

people subsequently experienced posttraumatic growth, this may have a positive effect 

on prosocial behavior. Also, one can think that being exposed to experiences of 

solidarity may have increased prosocial behavior. Having received aid from strangers 

and neighbors in the aftermath of the disaster may have increased trust in others and 
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also altruism as a way to reciprocate that help. Becchetti et al. (2012) find supporting 

evidence in this direction.  

Nonetheless, it is also possible that the tsunami decreased prosocial behavior 

through the psychological pathway. Chong et al. (2011) argue that unequal distribution 

of aid may lead to lower altruism and lower trust. Additionally, being severely affected 

by the tsunami and subsequently receiving considerable aid may lead to a sense of 

entitlement among the victims. This can have a detrimental effect on prosocial behavior. 

1.4.2 Disasters and prosocial behavior: prior evidence 

The empirical literature on this topic is still scarce, but there are some studies 

that have already explored the relationship between prosocial behavior and natural and 

manmade disasters. These studies suggest that exposure to disasters may affect 

prosocial behavior in the aftermath and also in the longer term. However, the findings in 

this literature are mixed. Some studies conclude that exposure to disasters increases 

prosocial behavior and other studies conclude the opposite. Moreover, even when 

focusing on the effects by the severity of exposure, the results are also mixed.  

Castillo and Carter (2011) look at the impact of 1998 Hurricane Mitch on 

prosocial behavior. By using the amount of rain as a measure of the severity of exposure 

to the hurricane, the authors find that intermediate exposure has a positive effect on 

trusting behavior four years after the disruptive event while extreme exposure has a 
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negative effect.  An issue that this study faces is that the predictability of hurricanes 

raises concerns about the endogeneity of exposure. In addition, their results may not be 

generalizable given that only one member of each household was allowed to participate. 

Exploiting the 2010 Chilean Earthquake, Chong et al. (2011) evaluate whether 

social attitudes respond to an arguably unanticipated natural disaster. They find that 

individuals living in heavily affected communities exhibit lower trustworthiness levels 

one year after the disaster than individuals living in unaffected communities. 

Exogeneity of exposure is less of a concern in this study, but the same issue of 

generalizability of results mentioned above applies. Moreover, by design this study is 

unable to evaluate the effects of different degrees of exposure, a potential crucial 

analysis given the findings in Castillo and Carter (2011). 

Becchetti et al. (2012) and Cassar et al. (2011) study the impact of the 2004 Indian 

Ocean tsunami on affected populations in different countries than this paper, Sri Lanka 

and Thailand respectively. Becchetti et al. (2012) find that people who either suffered 

economic damage or had family members who were injured behave less altruistically 

seven years after the disaster. And among them, those arguably more severely affected 

behave more altruistically. In this case, the different degrees of exposure seem to have 

the opposite effects than what was found by Castillo and Carter (2011). According to the 

results of Cassar et al. (2011), four and half years after the disaster individuals living in 
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tsunami affected communities exhibit greater trusting levels and those who suffered 

personal financial damage exhibit greater trustworthiness levels. An important concern 

with both studies is that the samples are highly selected. The sample of Becchetti et al. 

(2012) is composed by borrowers from some microfinance organization of which 93% 

are women, whereas the sample of Cassar et al. (2011) is composed by volunteers of 

which 73% are women.  

There are two additional studies that look at the impact of manmade disasters on 

social behavior. Voors et. al. (2012) studies the impact of conflict on social attitudes in 

Burundi. Burundi suffered a civil war between the two main ethnic groups for several 

years. The authors find that individuals exposed to violence exhibit more altruistic 

attitudes towards their neighbors six years after the end of the civil war. Becchetti et al. 

(2014) that individuals who were victimized during the 2007 post-election violence in 

Kenya behave more trusting two years later. Endogenous exposure is a potential 

concern in these studies as the civil war in Burundi occurred over an extended period of 

time and those victimized in Kenya may be different than those who were not. 

The lack of consensus in the literature may be due to the difficulties in the 

literature in overcoming the several challenges to identify causality.  This paper aims to 

contribute to this literature by addressing in a more rigorous way the common threats to 

identification: endogenous exposure and sample selection. Unlike previous literature, 
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the sample used in this paper is drawn from the pre-disaster population and therefore 

can account for selective migration and also control for pre-tsunami characteristics to 

mitigate concerns of non-random exposure. 

1.5 Data 

The data for this study comes from a subsample of respondents of the Study of 

the Tsunami Aftermath and Recovery (STAR) for whom their levels of altruism and 

trust were elicited using the dictator and trust games. The STAR dataset is a longitudinal 

dataset especially designed to identify the impact of the tsunami. This study benefits 

tremendously from the suitability of this dataset to address identification concerns and 

to carry out a detailed analysis exploiting the richness of information. 

STAR is representative of the pre-tsunami population that lived in the kabupaten 

(districts) along the north and west coasts of Aceh and North Sumatra, Indonesia. The 

baseline dataset is drawn from the Indonesian National Socioeconomic Survey 

(SUSENAS) conducted in February and March 2004, that is, seven to twelve months 

before the tsunami. The first STAR follow-up survey was conducted between May 2005 

and May 2006. The survival status was determined for 95% of the original sample and 

known survivors were interviewed, independently whether they had moved or not. The 

re-contact rate was as high as 94%. Subsequent annual follow-up surveys were 

conducted up to 2009. The sixth wave is currently in the field. 
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The STAR respondents chosen to have their social attitudes elicited were those 

living before the tsunami in a randomly selected group of eighteen communities. The 

randomization was stratified to ensure that the communities included in the sample 

exhibit enough variation in the extent of damage caused by the disaster. The 

communities were located in the districts of Banda Aceh and Aceh Besar, two districts 

characterized by having communities with very different levels of exposure to the 

disaster. 

I classify the eighteen selected communities either as tsunami affected 

communities or as unaffected communities. This classification is based on the measure 

of community damage used in Cas et al. (2014) constructed using a combination of 

satellite imagery, observations of survey supervisors and reports of village leaders. The 

eight communities that suffered heavy or moderate damage according to this measure 

are classified as tsunami affected communities. The remaining ten that suffered light or 

no damage are classified as unaffected communities. 

The analytic sample of this study consists of the 709 respondents of the sample of 

interest that have measured prosocial behavior3. Among them, 309 are from tsunami 

                                                      

3 The target sample of this study consists of 809 STAR baseline respondents between 18 and 70 

years old who were eligible to have their prosocial behavior measured. The attrition rate achieved 

was as low as 12%.  



 

 

21 

affected communities and 400 are from unaffected communities. Table 1.1 provides 

descriptive statistics for this sample. There are apparent differences between 

respondents from these two types of communities. Tsunami affected communities have  

a greater percentage of male respondents. This is not surprising as these communities 

had significant tsunami-related mortality and men were more likely to survive the 

disaster (Frankenberg, 2011). Also, these communities have greater pre-tsunami SES, as 

measured by education and household per capita expenditure at STAR baseline, and are 

more likely to be urban. This stresses the relevance of being able to control for pre-

tsunami characteristics. Moreover, I conduct analyses stratifying by whether the pre-

disaster community was tsunami affected or not4.   

1.5.1 Measures of exposure to the tsunami 

The STAR surveys also collect detailed information on exposure to the tsunami 

experienced by the individual and by his or her family and friends. I classify these 

measures in two groups: measures of economic exposure and measures of physical 

exposure. Measures of economic exposure include damage of assets owned by the 

household and damage to property of family and friends. Measures of physical  

                                                      

4 Controlling for pre-tsunami characteristics and conducting analyses stratifying by the status of 

the pre-tsunami community is also important because attrition is correlated with a few individual 

characteristics (being male, being very highly educated and being from a tsunami affected 

community).  
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Table 1.1: Summary statistics for baseline STAR respondents between 18 and 70 years 

old with elicited social attitudes 

 All communities 
Unaffected 

communities 

Tsunami affected 

communities 

 Basic individual characteristics 

Male (%) 50.6 45.8 57.0 

Age (years) 37.6 37.9 37.2 

Education in baseline (years) 9.0 8.6 9.5 

ln(HH PCE in baseline) 12.9 12.9 13.0 

HH size in baseline 5.4 5.2 5.6 

Urban community of residence in baseline (%) 34.3 8.5 67.6 

 Social attitudes 

Dictator games    

     Dictator game 1 (% sent) 24.3 24.2 24.4 

     Dictator game 2 (% sent) 35.0 32.8 37.8 

     Difference in % sent: Dictator game 2 -1  10.7 8.6 13.3 

Trust games    

     Trust game 1 (% sent) 33.4 31.9 35.2 

     Trust game 2 (% sent) 40.0 36.8 44.1 

     Difference in % sent: Trust game 2 -1  6.6 4.9 9.0 

“Pure” Trust (Trust game – Dictator game)    

      “Pure” Trust 1 (% sent) 9.0 7.7 10.8 

      “Pure” Trust 2 (% sent) 5.0 4.0 6.3 

     Difference in % sent: “Pure” Trust 2 -1  -4.1 -3.8 -4.4 

 Economic exposure to the tsunami 

Damage of assets    

     House / land / HH goods    

          Owned (%) 89.0 85.7 93.2 

          Damaged (%) 25.6 6.6 49.8 

     Transportation/livestock    

          Owned (%) 59.2 45.0 77.2 

          Damaged (%) 16.6 1.8 35.5 

Damage property of family/friends    

     Damage property family (%) 31.6 21.7 44.4 

     Damage property close family (%) 15.4 5.7 27.8 

     Damage property other family (%) 26.1 20.4 33.5 

     Damage property friends (%) 22.6 14.2 33.5 

     Damage property other family/friends (%) 32.7 25.2 42.3 

 Physical exposure to the tsunami 

Physical experience during the tsunami    

     Any physical experience (%) 49.3 24.6 80.8 

     Severe (own physical experience or 
17.8 

3.0 

 
36.7 

     saw fam/friends struggle/disappear) (%) 

     Only saw / heard tsunami (%) 31.7 21.5 44.6 

Lost family/friends    

     Lost family (%) 56.9 47.8 68.5 

     Lost close family (%) 24.2 16.0 34.7 

     Lost other family (%) 50.5 42.8 60.5 

     Lost friends (%) 44.5 31.1 61.7 

     Lost other family/friends (%) 64.3 52.5 79.4 
Notes: Sample size is 709 for all communities, of which 400 individuals are from unaffected communities and 400 from tsunami affected 

communities. We have information on exposure to the tsunami for almost all (approximately 98%), except for the variables of damage of 

property of family and friends, for which we only have individuals information for 80% of the sample. This is because information on the 

other variables is provided in different waves of STAR, but for this variable we only have information on Wave B. 
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exposure include the physical experiences of the individual during the tsunami and 

whether the individual lost family or friends due to the disaster. 

I also look at ownership and damage of assets owned by the household.5 The 

type of assets included in STAR are house, land, livestock, transportation, 

furniture/utensils, gold, and cash/bonds/stocks. I group these assets were based on the 

extent of economic damage they likely represent. Damage to house, land or household 

goods (including furniture/utensils, gold, and cash/bonds/stocks) aims to capture severe 

economic damage6. Damage to transportation and livestock aims to capture moderate 

damage. Table 1.1 shows that, as expected, respondents in tsunami affected 

communities were much more likely to experience damage of assets than respondents in 

unaffected communities (around 50% versus less than 10%, conditional on ownership). 

                                                      

5 In the second and third waves of STAR, all adult members of the household reports whether 

they owned certain asset and, if they did, whether it was damaged by the tsunami. I consider that 

an individual owned an asset if any of the members of his or her household at baseline reported 

owning the asset. Similarly, I consider that an individual had an asset damaged by the tsunami if 

any of those members who owned the asset reported that For assets common to the household, 

such as house or land, an alternative measure of damage could only consider that the asset was 

damaged if at least half of the individuals who own it report that it was damaged. Results are 

robust to using this alternative measure. 
6 Among individuals that had their house damaged, 74% of them also had household goods 

damaged. For a very small fraction of the sample (3%) my measures indicate that they own a 

house and did not have it damaged, but they had household goods damaged. This may be a 

report error. 
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Respondents are also asked whether they had family or friends who suffered 

damage to their property. These measures of economic exposure have the advantage 

that their prevalence in unaffected communities, even though lower than in tsunami 

affected communities, is still considerable. This seems reasonable as respondents from 

unaffected communities are likely to have family or friends living in communities that 

had greater exposure to the disaster. Table 1.1 shows that 22% of respondents from 

unaffected communities had family who experienced damage to property, and 14% had 

friends who did. For respondents from tsunami affected communities these percentages 

slightly more than doubles. 

Regarding physical exposure, the STAR surveys include several questions 

regarding the respondent’s experience during the tsunami. I classify these experiences in 

severe and moderate physical exposure. Severe physical exposure includes being swept 

away in the water, sustaining injuries or seeing family members or friends struggle or 

disappear in the water. Moderate physical exposure includes only seeing or hearing the 

tsunami. Respondents in tsunami affected communities were very likely to have 

experienced some type of physical exposure (81%) and even quite likely to have 

experienced severe physical exposure (37%). In contrast, even though a fair number of 

respondents in unaffected communities experienced some type of physical exposure 

(25%), only a very small fraction (3%) experienced severe physical exposure. The other 
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measures of physical exposure include whether respondents lost family or friends due 

to the disaster7. As with the measures of damage to property of family and friends, these 

measures also have the advantage that their prevalence is significant in unaffected 

communities. 

1.5.2 Measures of prosocial behavior 

Prosocial behavior of respondents was measured using methods adapted from 

the experimental economics literature: the dictator game was used to measure altruism 

and the trust game to measure trust. In these games, respondents were given a certain 

amount of money and were asked to allocate it between them and a stranger. 

Respondents were paid according to one of their choices at the end of the interview. The 

use of real stakes provided monetary incentives for respondents to reveal accurately 

their preferences. In the absence of these incentives, it is likely that respondents would 

have biased their answers to appear as more altruistic and trusting than they are in 

order to project a better image of themselves.  

The protocol followed departed from the typical one of experimental economics 

in two important ways. First, instead of asking them to show at a specific date and 

location as most studies in experimental economics do, respondents were visited at 

                                                      

7 Losing family or friends may also have an economic effect, although the direction of it depends 

on whether the person used to receive or give transfers to the respondent. 
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home. This arguably decreased the extent of sample selection considerably. Second, 

respondents were presented the decision tasks on touch-screen laptops. A software was 

especially developed to this aim and tasks were visually displayed as simple as possible 

to enhance understanding.  

Figure 1.2 illustrates how the dictator game worked on the touch-screen laptop. 

First, the respondent was introduced to the recipient (see Panel A). Basic information 

(name and age) and a picture of the recipient was shown to make the decision less 

abstract8. We made sure that the recipient was a stranger for the respondent9.  

Importantly, the respondent is also told whether the recipient is from a tsunami affected 

community or not. Next, the respondent is shown the endowment he is given (Rp80,000, 

which is around US$ 5.9), and is asked to decide how much, if any, of this endowment to 

keep and how much to give to the recipient (see Panel B). The respondent can do this by 

touching the screen and moving each bill he wants to keep for himself to the left box and 

                                                      

8 One of the more import lessons we got during the pilot of this project was that doing this was 

crucial to make respondents more comfortable with the game. This is in line with the conclusions 

of Eckel et al. (1996). They find that, even though it is advisable to avoid unnecessary context to 

do not contaminate the games, the provision of some context is important to resemble to some 

extent the economic decision making process in real life. They argue that this is particularly true 

when studying prosocial behavior. 
9 Respondents were asked if they knew the recipient. If that was the case, another recipient was 

shown. If the respondent also knew the second recipient, the protocol established that a 

silhouette was shown and the respondent was told that this is a recipient he did not know. This 

was not necessary. 
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each bill he wants to give to the recipient to the right box. Panel C shows a possible 

decision of a respondent. Two of these games were carried out: one with a recipient 

from a community affected by the tsunami and one with a recipient from a community 

not affected by the tsunami. The order of these two games was randomized. 

The measure of altruism I use is the percentage of the endowment that the 

respondent gave to the other person.  Table 1.1 shows that respondents were more  

Panel A: Respondent is introduced to the recipient 

 
 

Panel B: Respondent is asked to make a decision 

 
 

Panel C: One possible decision of the respondent 

 
 

Figure 1.2: Screen shots of dictator game 
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altruistic towards the recipient from the tsunami affected community (to whom on 

average they gave 35% of the endowment) than towards the other recipient (to whom on 

average they gave 24% of the endowment). This difference is greater for respondents 

from tsunami affected communities because they give a greater percentage of their 

endowment (38%) to recipients who are also from tsunami affected communities. 

To elicit trust the traditional trust game was implemented. In this game, 

individuals are again given an endowment and they should decide how much of it, if 

any, to give to another person. But in this case the recipient receives the triple of the 

amount sent by the respondent and can in turn decide how much of that tripled amount 

to give back to the respondent. Again, two of these games were carried out: one for each 

of the recipients shown in the dictator games. When trust games are carried out in 

laboratory settings, respondents play in real time with the recipients. This was not the 

case in this study. Instead, respondents were told that the amount they were going to 

receive back was according to what recipients in these games give back depending on 

the amount received. 

Figure 1.3 shows how the trust game worked on the touch-screen laptop. The 

respondent is first shown the recipient of one of the dictator games he previously played 

(see Panel A). To avoid respondents’ decisions on the trust games to be influenced in 

any way by their decisions in the dictator games, respondents were reminded that since  
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 Panel A: Respondent is introduced to the recipient: 

 
 

Panel B: Respondent is asked to make a decision: 

 
 

Panel C: One possible decision of the respondent 

 
 

                     Panel D: One possible result 

 
 

                                Figure 1.3: Screen shots of trust game 
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only one of these games could be selected for payment the recipients are going to be 

paid, at most, for one of these games. Then the respondent is shown the endowment 

given to him (in this case the endowment was Rp 60,000, which is around US$ 4.4) and is 

asked to decide how to allocate the endowment between him and the recipient (see 

Panel B). Panel C shows a possible decision of the respondent, and it also shows that the 

respondent could see that the money allocated to the recipient was tripled. Panel D 

shows what the respondent is going to receive back from the recipients and it also states 

how much in total the respondent is going to receive in case this game is selected for 

payment. 

The measure of trust I use is the percentage of the endowment that the 

respondent gave to the other person. As with altruism, Table 1.1 shows that respondents 

were more trusting towards the recipient from the tsunami affected community (who 

was sent on average 44% of the endowment) than towards the other recipient (who was 

given on average 35% of the endowment). Respondents from tsunami affected 

communities are more trusting towards both types of recipients, but the difference is 

greater towards recipients who are also from tsunami affected communities. 

The percentage of the endowment given in the trust game may also depend on 

altruism. Under some strict assumptions about the additivity of preferences, one can 

subtract the share given in the dictator game from the share given in the trust game and 
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consider this a measure of “pure” trust (Chaudhry and Saleem, 2001). This is an 

alternative measure of trust I use. The denomination of “pure” trust is only for practical 

purposes as I need to distinguish the two measures of trust I use. This should not be 

interpreted as this measure of trust capturing purely underlying trust as other factors 

may also play a role. For instance, Schechter (2006) argues that levels of risk aversion 

influences these decisions. However, risk aversion is unlikely to affect my results as 

Ingwersen (2014) finds that the tsunami only had short-lived effects on risk aversion10. 

1.6 Empirical Strategy and Results 

The goal is to estimate the impact of exposure to the tsunami on altruism and 

trust. I have measures of exposure at the community and at the individual level. A 

starting point is to estimate the impact of exposure at the community level. The first 

specification I estimate is: 

                                  ' (1)ic c ic icY C X u        

where icY  is the outcome of interest of individual i who resided in community c 

at STAR baseline, that is, before the occurrence of the disaster. cC is the measure of 

                                                      

10 Besides the dictator and trust games, respondents also participated in economically 

incentivized games aimed at measuring risk aversion. Using this measure, I find that the tsunami 

had no effect on risk aversion, which is in line with the results of Ingwersen (2014). I also confirm 

that my results are robust to the inclusion of measures of risk aversion. 
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exposure at the community level, it is an indicator variable for whether the community c 

is classified as a tsunami affected community. icX  are individual characteristics to 

control for non-random exposure, it includes gender, age, and education, household 

PCE and household size at baseline. 

I consider nine outcomes of interest. The first three outcomes are the three 

measures of altruistic behavior:  altruistic behavior towards the recipient from the 

unaffected community, altruistic behavior towards the recipient from the tsunami 

affected community and differential altruistic behavior between these two types of 

recipients. The next three outcomes are the same measures for trusting behavior and the 

final three outcomes are the same measures for “pure” trusting behavior. 

In order to ease the interpretation of the results, I report the predicted values of 

the outcomes of interest for respondents who resided at communities that were not 

affected by the tsunami and for respondents who resided at affected communities (in 

both cases the rest of the variables are set at the mean value). Table 1.2 shows these 

predicted values. 

Differences in behavior between respondents who resided at unaffected 

communities and those who resided at affected communities are not significant 
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Table 1.2: Impact of exposure to the tsunami at the community level on social attitudes 

 

 

  

ALTRUISTIC BEHAVIOR  

(Dictator Game: % sent) 

TRUSTING BEHAVIOR  

(Trust Game: % sent) 

“PURE” TRUSTING BEHAVIOR  

(Trust Game – Dictator Game) 

 

Towards recipient in 

community: 
Difference 

Towards recipient in 

community: 
Difference 

Towards recipient in 

community: 
Difference 

 
Unaffected 

Tsunami-

affected 
[2]-[1] Unaffected 

Tsunami-

affected 
[5]-[4] Unaffected 

Tsunami-

affected 
[8]-[7] 

 

  [1] [2] [3] [4] [5] [6] [7] [8] [9] 

             

A. Resided in unaffected community 24.5 34.7 10.1 32.4 38.0 5.6 7.8 3.3 -4.5 

 (0.9) (1.5) (1.3) (1.2) (1.8) (1.0) (1.2) (0.8) (1.1) 

B. Resided in tsunami-affected comm. 24.0 35.4 11.4 34.6 42.6 8.0 10.6 7.1 -3.5 

 (0.8) (1.7) (2.1) (0.7) (1.1) (0.8) (0.9) (1.2) (1.5) 

Tests of equality (p-values) 0.70 0.77 0.68 0.14 0.07 0.11 0.11 0.03 0.65 

Notes: Sample size is 709. Predicted values are reported.  Predicted values are calculated for Cc = 0 (case A) and Cc = 1 (case B), the rest of the covariates are set to their 

mean value. Standard errors clustered at the community level (in parentheses). Model controls for gender, age, and baseline characteristics (education, ownership of 

assets, HH PCE, HH size and urban-rural status of community of residence).  
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regarding altruistic behavior, but they are significant regarding trusting and “pure” 

trusting behavior. Using both measures of trusting behavior, I find that respondents 

from affected communities are more trusting. I also find that the effect is only significant 

for trusting behavior towards the recipient who is also from an affected community. The 

magnitudes are similar to the unconditional means reported in Table 1.1. 

To study more carefully the impact of the tsunami on prosocial behavior, it is 

important to take into account that within affected communities individuals had 

different levels of exposure to the tsunami. This is relevant for two main reasons. First, it 

has been shown that the severity of exposure to a natural disaster can matter (Castillo 

and Carter, 2011). Second, there is evidence of community-level effects of the 2004 

tsunami above and beyond individual experiences of loss (Frankenberg et al., 2012; 

Nobles et al., 2015). Thus, it is interesting to investigate the impact of exposure at the 

community level on those who did not suffer or suffered less personal damage.  

The second specification I estimate includes community and individual measures 

of exposure. The first individual measure of exposure I use is a measure of severe 

economic damage: tsunami-induced damage to house, land or household goods. As it 

was shown in Table 1.1, this occurs almost exclusively for respondents residing in 

tsunami affected communities and therefore I will not be able to distinguish the effect of 

personal damage for respondents within unaffected communities. Thus my strategy 
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involves comparing respondents from unaffected communities with respondents from 

affected communities that suffered severe economic damage and respondents from 

those communities who did not. The specification is as follows: 

1 2 3 ' (2)ic c ic c ic c ic ic icY C D C ND C NO X u            

 where icY , cC and icX  are defined as before. icD  is an indicator variable for 

whether the respondent had his house, land or household goods damaged by the 

tsunami; icND is an indicator variable for whether the respondent owned any of those 

assets but did not have them damaged by the tsunami; and icNO is an indicator variable 

for whether the respondent did not own any of those assets. Using this specification, I 

predict the values of the outcomes of interest for three groups of respondents: those who 

resided at unaffected communities, those who resided at affected communities and 

suffered severe economic damage and those who resided at affected communities and 

did not suffer severe economic damage (the other variables are set at their mean value). 

Table 1.3 shows these predicted values. 

Distinguishing within affected communities between those who suffered severe 

economic damage and those who did not is crucial to have a better understanding of the 

impact of exposure to the tsunami on prosocial behavior. Respondents who resided in 

affected communities and suffered severe economic damage exhibit similar altruistic 



 

 

36 

 

Table 1.3: Impact of exposure to the tsunami at the community and individual levels on social attitudes 

 

  

  

ALTRUISTIC BEHAVIOR  

(Dictator Game: % sent) 

TRUSTING BEHAVIOR  

(Trust Game: % sent) 

“PURE” TRUSTING BEHAVIOR  

(Trust Game – Dictator Game) 

 

Towards recipient in 

community: 
Difference 

Towards recipient in 

community: 
Difference 

Towards recipient in 

community: 
Difference 

 
Unaffected 

Tsunami-

affected 
[2]-[1] Unaffected 

Tsunami-

affected 
[5]-[4] Unaffected 

Tsunami-

affected 
[8]-[7] 

 

  [1] [2] [3] [4] [5] [6] [7] [8] [9] 

             

A. Resided in unaffected community 24.1 33.6 9.5 32.0 36.7 4.7 7.8 3.1 -4.7 

 (1.1) (1.4) (1.2) (1.2) (1.5) (0.8) (1.4) (0.8) (1.2) 

B. Resided in tsunami-affected community          

     Damage to house/land/HH goods:          

     B1. Yes 22.3 32.3 10.0 33.2 39.5 6.3 10.9 7.3 -3.6 

 (0.6) (1.7) (1.8) (0.8) (1.3) (0.9) (0.6) (1.3) (1.4) 

 27.8 42.5 14.8 37.7 50.5 12.8 10.0 8.0 -2.0 

     B2. No (2.0) (2.1) (2.9) (1.2) (2.3) (1.5) (1.9) (1.8) (2.8) 

Tests of equality (p-values)          

A vs. B1 0.12 0.59 0.86 0.30 0.15 0.24 0.05 0.02 0.62 

A vs. B2 0.20 0.01 0.18 0.01 0.00 0.00 0.43 0.04 0.45 

B1 vs. B2 0.02 0.00 0.01 0.02 0.00 0.00 0.62 0.78 0.55 

Notes: Sample size is 709. Predicted values are reported.  Predicted values are calculated for Cc = 0 (case A); Cc = 1, Dic = 1, NDic = 0 , NOic = 0  (case B1) ; Cc = 1, Dic = 0, NDic 

= 1 , NOic = 0  (case B2), the rest of the covariates are set to their mean value. Standard errors clustered at the community level (in parentheses). Model controls for gender, 

age, and baseline characteristics (education, ownership of assets, HH PCE, HH size and urban-rural status of community of residence).  
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behavior than those respondents who resided in unaffected communities. However, 

respondents who resided in tsunami affected communities but were not severely 

economically affected behave more altruistically. Relative to respondents who resided in 

unaffected communities, they behave more altruistically towards the recipient from a 

tsunami affected community. Moreover, relative to respondents who resided in affected 

communities and suffered severe economic damage, they behave more altruistically 

towards both types of recipients, but particularly towards the recipient from a tsunami 

affected community. These results suggest that for those who resided in affected 

communities but were not severely economically affected, witnessing closely the 

damage caused by the tsunami may have increased empathy or the feeling of moral 

obligation, especially towards people from affected communities. 

Regarding trusting behavior, results differ depending on the measure of trust 

used. Using the first measure, I find similar results than those found for altruistic 

behavior. There are no significant differences in trusting behavior between respondents 

who resided in affected communities and suffered severe economic damage and 

respondents who resided in unaffected communities. Also, relative to these two groups 

of respondents, respondents who resided in tsunami affected communities but were not 

severely economically affected exhibit greater trusting behavior, particularly towards 

recipients from affected communities.  
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Looking at the second measure of trust though a different pattern emerge. In this 

case, there are no significant differences among both types of respondents from affected 

communities. Both exhibit greater “pure” trust towards the recipient who is also from an 

affected community. This result may be explained by a generated sense of group 

identity among individuals from affected communities. There is evidence that people 

behave more prosocially towards ingroup members, even when group identity is only 

induced (Chen and Li, 2009; McLeish and Oxoby, 2011). In the case of the tsunami, it is 

likely though that the explanation goes beyond plain group identity and it is also based 

on experiences during the aftermath of the disaster. Respondents residing in affected 

communities witnessed and participated to a greater extent in the massive recovery and 

reconstruction interventions that were undertaken after the tsunami11. This exposure to 

collaborative work may have enhanced trust towards others who were also involved in 

that effort.  

A further result is that, relative to respondents from unaffected communities, 

respondents from tsunami affected communities who were severely economically 

                                                      

11 41% of respondents from tsunami affected communities participated in tsunami-related clean-

up or reconstruction interventions, whereas only 5% of respondents from unaffected 

communities did. Among respondents from tsunami affected communities, 45% of those who 

suffered severe economic damage participated in these interventions and 30% of those who did 

not suffered severe economic damage did. In both cases, the difference with those from 

unaffected communities is considerable and statistically significant. 



 

 

39 

damaged exhibit greater “pure” trust also towards the recipient from an unaffected 

community. This result may be explained by the fact that individuals who suffered 

greater economic damage received more aid. As the aid sources were diverse this may 

have increased general trust12. 

I can explore further the effects of different types of exposure to the tsunami by 

exploiting the other measures of individual exposure available in the dataset. Besides 

damage to house, land or household goods, there is also information on damage to 

medium value assets such as livestock and transportation. Moreover, there is 

information not only on whether individuals suffered damage themselves, but also on 

whether their family or friends did. Additionally, information on physical exposure is 

also available. However, as shown in Table 1.1, there is not enough variation for all these 

measures of exposure for respondents from unaffected communities. Having a model 

that includes all relevant comparisons for respondents from both types of communities 

would be too convoluted. Therefore I estimate separate models by the status of the pre-

disaster community of residence and use appropriate measures of individual exposure 

in each case. The specification used is: 

                                                      

12 Respondents from tsunami affected communities those who suffered severe economic damage 

were significantly more likely to receive aid from government, non-government (NGOs) and 

religious organizations (88% versus 53% for respondents from tsunami affected communities those 

who did not suffer severe economic damage, and versus 35% for respondents from unaffected 

communities). 
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' (3)ic ic ic icY I X u       

where icY  and icX  are defined as before. icI  is a vector of individual measures of 

exposure. Results for each type of community are shown in Tables 1.4 and 1.5 

respectively. Given that these models include many measures of exposure, for the aim of 

simplicity I present in this case the coefficients   instead of the predicted values.  

Results in Table 1.4 show that even when controlling for a number of other measures of 

individual exposure, respondents in affected communities who suffered damage to 

house, land or household goods behave less prosocially than respondents in the same 

communities that did not suffer that severe economic damage. Remarkably, the 

magnitude of the effects are very similar to the ones reported in Table 1.3. Regarding the  

other measures of individual exposure, it is striking that having close family who 

suffered damage to property have comparable effects to having suffered own damage. 

This suggests that results are not mainly driven by changes in socioeconomic status 

(SES). In contrast, I find no effects on prosocial behavior of having experienced only 

moderate economic damage or having other family or friends who experienced damage 

to property. There are a few significant effects of having been physically exposed to the 

tsunami that follow an unclear pattern. 
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         Table 1.4: Impact of exposure to the tsunami at the individual level on social attitudes in tsunami-affected communities 

 

  

  

ALTRUISTIC BEHAVIOR  

(Dictator Game: % sent) 

TRUSTING BEHAVIOR  

(Trust Game: % sent) 

“PURE” TRUSTING BEHAVIOR  

(Trust Game – Dictator Game) 

 

Towards recipient in 

community: 
Difference 

Towards recipient in 

community: 
Difference 

Towards recipient in 

community: 
Difference 

 
Unaffected 

Tsunami-

affected 
[2]-[1] Unaffected 

Tsunami-

affected 
[5]-[4] Unaffected 

Tsunami-

affected 
[8]-[7] 

 

  [1] [2] [3] [4] [5] [6] [7] [8] [9] 

             

Damage to house/land/HH goods -5.73* -7.66*** -1.93 -4.37* -10.46*** -6.09*** 1.36 -2.80 -4.16 

 (3.25) (2.93) (3.09) (2.42) (2.81) (2.12) (2.96) (3.52) (4.06) 

Damage to livestock/transportation 1.02 -0.71 -1.74 3.99 6.88 2.89 2.97 7.59** 4.62* 

 (2.92) (5.08) (3.23) (2.45) (5.01) (4.10) (2.22) (3.38) (2.79) 

Damage to property of close family -4.00* -6.18** -2.19 -5.40*** -8.83*** -3.43*** -1.41 -2.65 -1.24 

 (2.14) (3.03) (3.64) (1.78) (2.57) (1.21) (2.19) (3.35) (4.05) 

Damage to property of others 5.56** 2.44 -3.12 6.80* 4.48* -2.32 1.25 2.05 0.80 

 (2.76) (2.56) (2.98) (3.66) (2.62) (2.93) (3.74) (2.88) (2.01) 

Severe physical exposure -0.02 -3.26 -3.24 4.18 -4.33 -8.51** 4.20** -1.06 -5.26** 

 (2.52) (2.25) (2.95) (2.83) (5.45) (3.85) (2.12) (3.46) (2.47) 

Lost close family -0.87 1.35 2.21 -4.36* 0.93 5.28*** -3.49 -0.42 3.07 

 (2.53) (5.17) (4.29) (2.57) (3.64) (1.81) (2.31) (2.94) (3.25) 

Lost other family/friends 27.8 42.5 14.8 37.7 50.5 12.8 10.0 8.0 -2.0 

 (2.0) (2.1) (2.9) (1.2) (2.3) (1.5) (1.9) (1.8) (2.8) 

Notes: Sample size is 309.  Standard errors clustered at the community level (in parentheses). Model controls for gender, age, education, HH PCE and HH size at baseline 

and ownership of assets. 
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Table 1.5: Impact of exposure to the tsunami at the individual level on social attitudes in unaffected communities 

 

  

ALTRUISTIC BEHAVIOR  

(Dictator Game: % sent) 

TRUSTING BEHAVIOR  

(Trust Game: % sent) 

“PURE” TRUSTING BEHAVIOR  

(Trust Game – Dictator Game) 

 

Towards recipient in 

community: 
Difference 

Towards recipient in 

community: 
Difference 

Towards recipient in 

community: 
Difference 

 
Unaffected 

Tsunami-

affected 
[2]-[1] Unaffected 

Tsunami-

affected 
[5]-[4] Unaffected 

Tsunami-

affected 
[8]-[7] 

 

  [1] [2] [3] [4] [5] [6] [7] [8] [9] 

             

Damage to property of family -1.51 0.94 2.45 -0.66 -1.42 -0.76 0.85 -2.36 -3.20 

 (2.75) (3.77) (3.18) (3.12) (3.13) (2.20) (3.27) (3.36) (2.70) 

Damage to property of friends 6.45*** 2.11 -4.34 8.71*** 10.15** 1.44 2.25 8.03** 5.78** 

 (1.70) (4.20) (3.88) (3.04) (4.22) (2.73) (3.39) (3.56) (2.27) 

Any physical exposure -0.84 1.12 1.96 3.00* 1.94 -1.06 3.84*** 0.83 -3.02 

 (2.08) (3.00) (1.75) (1.65) (3.00) (2.23) (1.27) (3.63) (3.43) 

Lost family -2.19 -0.77 1.41 -2.97 -1.98 0.99 -0.78 -1.20 -0.42 

 (2.50) (2.53) (2.02) (2.03) (2.87) (1.64) (1.09) (1.88) (1.55) 

Lost friends -2.85 -1.14 1.71 -1.86 -0.80 1.06 0.99 0.34 -0.64 

 (2.35) (4.33) (2.72) (3.63) (3.32) (1.60) (2.15) (4.04) (3.47) 

Notes: Sample size is 400.  Standard errors clustered at the community level (in parentheses). Model controls for gender, age, education, HH PCE and HH size at baseline 

and ownership of assets. 



 

 

43 

For respondents from unaffected communities (see Table 1.5), I find that having 

friends who experienced damage to property significantly increased prosocial behavior. 

An interpretation of this result that is coherent with previous results is that respondents 

from unaffected communities who had friends that suffered tsunami-induced damage to 

property may have increased empathy or the feeling of moral obligation in a similar way 

than was done by living in tsunami affected communities without experiencing own 

severe economic damage. 

In an effort to further control for non-random exposure to the tsunami, I estimate 

the last two regressions including pre-disaster community fixed effects. Results are 

shown in Appendix Tables 1.1 and 1.2. Results are very similar to the ones without pre-

disaster community fixed effects. 

These results suggest that the tsunami may have affected prosocial behavior 

through changes in SES. The effect the tsunami had on SES is unclear as the disaster 

caused severe damage, but it was also followed by large amounts of aid. Therefore it is 

plausible that SES decreased for individuals severely exposed to the tsunami and 

increased for individual who were only moderately exposed and, if higher 

socioeconomic status lead to greater prosocial behavior, this could explain the previous 

results.  
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1.6.1 Mechanisms 

In an effort to shed light on whether changes in SES explain my results, I test 

whether results are robust to the inclusion of measures of SES as controls. To 

approximate respondents’ SES, I use the SES ladder question. In this question, 

developed by MacArthur Network to measure subjective relative SES, respondents are 

asked to place themselves in a six step ladder, where on the bottom (the first step) stand 

the poorest people and on the highest step (the sixth step) stand the richest people. This 

measure has been found to be correlated with usual objective measures of SES, such as 

expenditures, wealth and income, and to provide complementary information (Genoni, 

2011).  For my purposes, the ladder measure is very useful as it sidesteps important 

complexities that would arise from using more standard measures. For instance, using 

household PCE to measure SES changes would require to deal with price variation 

across time and space (which was substantial following the disaster), with changes in 

household size and household composition, and with the fact that additional 

expenditures were needed to replace what was damaged by the disaster without that 

meaning a higher SES.  

I test the robustness of my previous results to the inclusion as controls of two 

measures of changes in the SES ladder (relative to the pre-tsunami SES ladder): the 

short-term change after the tsunami (one year after) and the current change (ten years 
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after). All results are robust to the inclusion of these controls. This suggests that changes 

in SES are not driving the impact of the tsunami on prosocial behavior. 

1.6.2 Heterogeneous effects 

Even though changes in SES do not seem to be driving the results, SES can still play a 

role as the extent of response to exposure to the tsunami may depend on how the 

respondent is currently doing. If respondent is doing well currently, the positive effects 

of exposure to the disaster on prosocial behavior may be enhanced and negative effects 

mitigated. Therefore I explore heterogeneous effects of exposure to the tsunami by 

changes in the SES ladder. I use two categories: being worse than before the tsunami and 

being the same or better than before the tsunami. I estimate a model that follows 

specification 2, but including interactions between the measures of exposure to the 

tsunami and the categories of the changes in the SES ladder. I report the corresponding 

predicted values in Table 1.6.  

Only among respondents from tsunami affected communities, those who report 

being in the same or in a better situation than before the tsunami behave in general more 

prosocially than those who report being in a worse situation. The fact that this is not the 

case for respondents from unaffected communities suggests that the explanation for the 

result is not mainly financial. Furthermore, in general I find that for those who report 

being in the same or in a better situation than before the tsunami the positive effect of 



 

 

46 

 

Table 1.6: Heterogeneous effects of exposure to the tsunami by changes in SES 

  

ALTRUISTIC BEHAVIOR  

(Dictator Game: % sent) 

TRUSTING BEHAVIOR  

(Trust Game: % sent) 

“PURE” TRUSTING BEHAVIOR  

(Trust Game – Dictator Game) 

 

Towards recipient in 

community: 
Difference 

Towards recipient in 

community: 
Difference 

Towards recipient in 

community: 
Difference 

 Unaffected 
Tsunami-

affected 
[2]-[1] Unaffected 

Tsunami-

affected 
[5]-[4] Unaffected 

Tsunami-

affected 
[8]-[7] 

 

  [1] [2] [3] [4] [5] [6] [7] [8] [9] 

A. Resided in unaffected community           

     Well-being: worse 24.1 33.9 9.8 30.5 37.8 7.3 6.4 3.9 -2.6 

 (3.0) (3.0) (1.9) (3.0) (2.5) (1.8) (1.3) (1.3) (1.9) 

     Well-being: same or better 23.7 33.2 9.5 32.4 35.6 3.1 8.7 2.4 -6.4 

 (1.0) (1.2) (1.3) (1.1) (1.2) (1.2) (1.8) (1.3) (1.2) 

     Test of equality (p-value) 0.92 0.84 0.85 0.55 0.28 0.11 0.17 0.44 0.06 

B1.  Resided in affected community + damage  house/land/HH goods         

       Well-being: worse 18.3 26.2 7.9 28.5 32.9 4.5 10.2 6.8 -3.4 

 (1.8) (2.8) (2.1) (2.2) (2.6) (1.6) (2.2) (1.8) (3.0) 

       Well-being: same or better 25.0 36.1 11.0 36.2 43.9 7.7 11.2 7.8 -3.3 

 (0.6) (2.5) (2.3) (1.2) (1.1) (1.5) (1.2) (1.8) (1.6) 

       Test of equality (p-value) 0.01 0.02 0.25 0.02 0.00 0.23 0.76 0.69 0.98 

B2.  Resided in affected community + no damage house/land/HH goods         

       Well-being: worse 30.2 35.2 5.0 38.8 41.3 2.5 8.6 6.1 -2.5 

 (2.3) (3.2) (3.7) (2.8) (2.2) (2.5) (2.2) (3.1) (4.6) 

       Well-being: same or better 26.7 44.8 18.1 37.3 53.9 16.6 10.6 9.2 -1.5 

 (2.0) (1.9) (3.0) (1.8) (2.6) (2.2) (2.7) (2.2) (3.7) 

       Test of equality (p-value) 0.03 0.00 0.00 0.71 0.00 0.00 0.54 0.38 0.86 

Test of equality (p-value)            

Among those who report being worse           

A vs. B1 0.08 0.07 0.56 0.55 0.16 0.24 0.18 0.22 0.82 

A vs. B2 0.16 0.77 0.29 0.08 0.34 0.13 0.48 0.52 1.00 

B1 vs. B2 0.00 0.03 0.36 0.00 0.03 0.89 0.23 0.86 0.84 

Among those who report being the same or better          

A vs. B1 0.31 0.37 0.64 0.02 0.00 0.04 0.25 0.03 0.20 

A vs. B2 0.27 0.00 0.05 0.02 0.00 0.00 0.59 0.02 0.27 

B1 vs. B2 0.41 0.00 0.00 0.60 0.00 0.00 0.85 0.66 0.61 

Note: Sample size is 709. Predicted values are reported. Standard errors clustered at the community level (in parentheses). Models controls for gender, age and baseline characteristics. 
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1.7 Conclusion 

The 2004 Indian Ocean Tsunami caused immense damage and deaths. It was 

followed by worldwide humanitarian response that allowed to undertake a massive 

reconstruction and recovery effort, which was highly successful. Individuals exposed to 

this natural disaster had experiences of loss and solidarity that may have influenced their 

social attitudes. I find that, as long as ten years after the disaster, being exposed to the 

tsunami affected altruistic and trusting behavior. 

Analysis by type and intensity of exposure is crucial to understand how the 

tsunami affected prosocial behavior. I find that those moderately exposed individuals 

increased their altruistic and trusting behavior, particularly towards individuals from 

tsunami affected communities. In contrast, there was no effect on altruistic behavior for 

those who suffered severe economic damage. However, they may have increased their 

trusting behavior. My results are unlikely to be driven by the consequences of the tsunami 

on people’s financial situation as they are robust to the inclusion of a number of controls 

measuring SES at different points in time. Results are similar if instead of the ladder 

question I use the years of education as the measure of SES. 
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2. Impact of Violent Crime on Risk Aversion: Evidence 
from the Mexican Drug War  

2.1 Introduction 

Many important decisions in life involve some amount of uncertainty. Hence, 

attitudes people have towards risk influence their choices and ultimately their well-

being. A growing interest in the empirical literature on this topic has led to the 

development and improvement of methods to elicit and measure these attitudes. The 

most established method is to ask individuals to choose between a set of gambles with 

different payoffs, in which options that offer a higher expected return also involve 

greater risk. Using these measures, researchers have confirmed the importance of risk 

attitudes empirically. The willingness to take risks has been associated with many 

relevant decisions people make under uncertainty: insurance acquisition, precautionary 

saving decisions, investment behavior, patterns of occupational choice and mobility 

(Barsky et al., 1997; Bellemare and Shearer, 2010; Charles and Hurst, 2003; Kan, 2003; 

Kimball et al., 2008; Lusardi, 1998).  

Given that these attitudes have an influence on vital economic decisions, it is 

important for researchers and policy makers to know whether risk attitudes change 

depending on the individual’s circumstances. Various viewpoints throughout the social 

sciences have suggested that attitudes are determined by a multitude of factors (cultural, 
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environmental, personal) and that large temporary shocks may be able to alter them 

permanently (Carmil and Breznitz, 1991; Tedeschi and Calhoun, 2004).  

In line with this view, a literature has emerged that examines whether risk 

attitudes are responsive to major changes in the environment, including earthquakes, 

floods, tsunamis, financial crisis, and outbreaks of violent conflict (Callen et. al., 2014; 

Cameron and Shah, 2013; Cassar et. al., 2011; Guiso et. at., 2013; Hanaoka et al., 2015; 

Malmendier and Nagel, 2011; Voors et. al., 2012). Establishing a causal relationship, 

though, presents several challenges. Since differential exposure can be correlated with 

pre-existing characteristics of the locality and risk attitudes may play a role in 

geographic sorting, it is likely that a non-causal association exists between exposure and 

willingness to take risks. Another threat to identifying a causal relationship is generated 

by potential behavioral responses to the change in the environment. One likely response 

to a significant localized shock is migration. If migration is selective and the analytical 

sample is based on the population distribution after the change has occurred, then 

exposure may be correlated with individual characteristics, including risk aversion. This 

study takes on these challenges to identification in an effort to contribute to the 

understanding of how flexible risk attitudes are to changes in the local environment.  

Specifically, we investigate the impact of the recent and unprecedented rise in violent 

crime in Mexico on attitudes towards risk.  
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It is well-documented that the outbreak of violence in Mexico had political 

origins. One of the main causes was a fundamental change in the strategy of the Mexican 

government towards combating drug trafficking organizations. The subsequent rise in 

crime occurred rapidly, and diffused widely throughout the country, affecting many 

regions that had previously had no exposure to the war on drugs, creating geographic 

heterogeneity that was uncorrelated with previous trends in any local characteristics 

(Brown, 2014; Velasquez, 2014). There are several potential mechanisms through which 

this unanticipated violence outbreak may have an impact on risk attitudes. First, given 

the magnitude of the outbreak, the increasing brutality of the crimes, and the heightened 

visibility of the violence due to press coverage and the active promotion by drug cartels 

through narco-messages, Mexicans living near the violence are expected to be 

psychologically exposed1. Psychological exposure may affect the perception people have 

of the riskiness of the environment and the way they behave when faced with other 

risks. Second, given the evidence that risk aversion is negatively associated with income 

and wealth (Barsky et. al., 1997; Guiso and Paiella, 2008), another potential link between 

crime and risk preferences is through the negative effect that the Mexican drug war has 

                                                      

1 The term “drug cartel” refers to organized crime organizations involved in drug-trafficking. It 

does not imply any collusion to set prices. We use indistinctively the terms “drug cartel”, OCG 

and traffickers’ organizations. 
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had on the economic outcomes of the affected population (Dell, 2011; Robles et. al., 2013, 

Velásquez, 2014).  

To explore this research question, we rely on the Mexican Family Life Survey 

(MxFLS), an extremely rich longitudinal dataset. This dataset is ideally suited for our 

purposes and allows us to rigorously address the serious threats to identification 

common in this type of study. The MxFLS is representative of the Mexican population 

living in Mexico in 2002, when the baseline survey was conducted. In the two follow-ups 

of the survey, respondents’ attitudes towards risk were elicited using the most 

established method to ask individuals to choose between gambles with different 

payoffs2. Key for our study, the follow-ups span periods before and after the rise in 

violence. The strict follow-up policy adopted by the MxFLS is also crucial, as all baseline 

respondents were sought for re-interview in both follow-ups, independent of whether 

they had migrated within Mexico or to the United States.  

                                                      

2 Even though the literature generally considers these empirical measures of risk aversion as 

capturing underlying risk preferences, we would like to be cautious about this interpretation. In 

economic theory, risk preferences are summarized by measures derived from utility-based 

models of behavior under uncertainty. These models require making assumptions on a number 

of issues (such as the form of the utility function, whether the amounts of the gambles are 

integrated with personal wealth, whether savings are allowed and whether background risk is 

accounted for (Arrow, 1970; Pratt, 1964; Gollier, 2000)). We remain skeptical regarding these 

assumptions and to avoid confusion, we do not interpret our empirical measures of risk aversion 

as capturing underlying preferences, but rather more generally as capturing attitudes towards 

risk. 
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By pairing the MxFLS with the municipality and month level homicide data 

collected by the National Institute of Statistics and Geography (INEGI, its Spanish 

acronym), we are able to compare attitudes towards risk of the same individual both 

before and after the outbreak of violence. This is a major contribution to the literature as 

it allows us to implement an individual fixed effect strategy and control for all time-

invariant heterogeneity that may be correlated with exposure to violence and risk 

attitudes. Another contribution of this study is that we provide evidence that migration 

was a behavioral response to violent crime in Mexico and our empirical approach is 

designed to remove contamination from this systematic migration. 

Our results show that higher levels of violence increase risk aversion. In 

particular, a rise of 1 homicide per 10,000 people at the municipality level, which is the 

average change between 2005 and 2009 across Mexican municipalities, significantly 

increased the likelihood of being risk averse in MxFLS3 by 1.5 percentage points. 

Further, exploiting the richness of the MxFLS, we find that violence had a greater effect 

on the risk aversion of self-employed women. This is consistent with the evidence that 

the economic outcomes of self-employed individuals were the most sensitive to local 

conflict exposure (Velásquez, 2014).  We also find suggestive evidence that the risk 

attitudes of individuals with lower emotional well-being were particularly vulnerable to 

the rise of violent crime. 
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2.2 Background 

Since 2008, Mexico has suffered a staggering rise in crime. Figure 2.1 shows the 

trend in the monthly homicide rate from the mid-nineties until 2011 (red solid line). The 

modest declining trend up to 2007 is followed by a dramatic increase, with the homicide 

rate almost tripling between 2007 and 2011(from .9 homicides per 10,000 habitants in 

2007 to 2.4 in 2011). Due to its geographic location, Mexico has long played a major role 

in the flow of drugs between Latin America and the United States and, as is evident 

from the figure, most of the increasing trend is explained by drug-related violence 

(green dashed line). While the drug trade has been active in Mexico for many years, it is 

believed that one of the main contributors to the recent outbreak of violence is a change 

in the military approach to drug trafficking organizations introduced by Felipe 

Calderón’s government. 

 

 

 

Notes: Data on all reported homicides are collected by the National Institute of Statistics and Geography (INEGI, its 

Spanish acronym).Data on drug-reported homicides are collected by the National Public Security System (SNSP, its 

Spanish acronym). 

Figure 2.1: Monthly Homicide Rate per 10,000 inhabitants 
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In contrast to previous tactics, Calderón’s strategy was intensely focused on 

direct confrontations with Organized Crime Groups (OCGs) drawing heavily on the use 

of the armed forces (Castillo et. al., 2013; Molzán et al., 2012). The strategy had as its 

main goal to kill or capture the main leaders of the drug cartels. No more than ten days 

after taking office in December 2006, Calderón sent thousands of federal troops to the 

state of Michoacán to battle drug traffickers (Ríos, 2012). Calderón’s approach bore early 

success as cartel leaders were jailed, killed, or on the run and, even one year after the 

military strategy was already in place, violence remained stable. It was not until 2008 

that the first considerable increase in crime occurred as a result of an untended 

consequence of the new war on drugs. As Calderón’s troops successfully displaced the 

leaders of the OCGs, the cartels, having lost their leadership, began to fracture and fight 

amongst themselves for control of the local drug trade. Overall, the number 

of cartels operating in Mexico grew from six in 2006 to sixteen by 2011. Once the 

outbreak happened, violence not only escalated, but also spread across the country, 

reaching areas that previously had no strategic value for drug-trafficking and were thus 

unaffected by the cartels (Guerrero and Gutiérrez, 2011).   

The spread of violence suffered in Mexico is shown in the maps contained in 

Figure 2.2. These maps show the municipality homicide rates per 10,000 inhabitants for 

2002, 2005, 2007 and 2009. The first two maps provide a view of the conflict environment 
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before Calderón took office. It is apparent that violence was highly concentrated along a 

few main drug trade routes. As mentioned, throughout 2007, the first year Calderón’s 

strategy was implemented, violence was stable. By 2009, however, the violence 

environment had noticeably been altered, with homicide rates increasing significantly 

and violence spreading across Mexico. 

 

2002 2005 

  
2007 2009 

 
 

 

Figure 2.2: Municipality Homicide Rates per 10,000 inhabitants 
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More than just the magnitude of the violence, the nature of crime in Mexico has also 

changed. Given the increased competition between OCGs, these organizations sought to 

build a reputation by committing and actively advertising increasingly brutal crimes 

(Beittel, 2013; Guerrero and Gutiérrez, 2011; Molzán et. al., 2012). Also, they sought to 

diversify their financial sources and turned to crimes that directly affected the civil 

population, such as extortions, kidnappings and car thefts. Even executions became more 

frequently targeted at civilians, particularly at authorities, reporters, and those not paying 

transit or extortion fees. In consequence, drug-related violence became embedded in 

society and triggered fear among the population (Díaz-Cayeros et. al., 2011). 

2.3 Violent crime and risk aversion: Pathways and prior evidence 

There are several channels through which we may expect the high-crime 

environment created by the Mexican drug war to affect people’s levels of risk aversion. 

First, given the magnitude of the outbreak of violence and the increasing brutality of 

crimes, together with the heightened media coverage, psychological exposure is expected. 

People more exposed to crime might perceive the environment as riskier and might 

behave in a more risk averse way to other choices with which they are confronted in order 

to reduce their overall exposure to risk. On the other hand, psychological evidence of 

diminishing sensitivity suggest that people living in high risk environments act in a less 
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risk averse way as they are not as concerned about risks that seem small relative to their 

general setting (Quiggin, 2003).  

Another potential pathway is financial. Studies on the impact of the Mexican drug 

war have found that individuals with greater exposure to violence have suffered poorer 

economic outcomes (Dell, 2011; Robles et. al., 2013, Velásquez, 2014). Relying on different 

identification strategies, these studies find that the surge in crime has had a detrimental 

effect on the labor market participation and income of the Mexican population. The 

negative impact has been particularly strong for self-employed individuals who have also 

seen their per capita household expenditure diminished. Economic literature suggests 

that risk aversion is negatively associated with income and wealth (Barsky et. al., 1997; 

Guiso and Paiella, 2008) and thus through this channel we would expect that exposure to 

violence would increase levels of risk aversion. 

The empirical literature on the causal effect of violent conflict on attitudes towards 

risk is still scarce. Voors et. al. (2012) is one of the few exceptions. The authors study the 

impact of a civil war in Burundi on social, risk, and intertemporal choices. From 1993 to 

2005 Burundi suffered a civil war between the two main ethnic groups. The authors find 

that individuals exposed to violence exhibit greater risk-seeking behavior six years after 

the end of the civil war.  
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Another study on this topic is Callen et. al.’s work, which explores the impact on 

risk attitudes of the violence that ravaged Afghanistan for nearly thirty years. The violence 

escalated in the country after the bloody seizure of power by the People’s Democratic 

Party of Afghanistan. Unlike Voors et. al. the authors do not find a direct impact of 

exposure to violence on risk attitudes. However, they do report that when they randomly 

asked some individuals to recall an experience that caused them fear or anxiety in the past 

year these recalls influenced attitudes towards risk only among those who were exposed 

to violence. Interestingly, the authors find that risk tolerance under uncertainty increases 

but that certainty is preferred when available.  

A common limitation to both studies is that they need to rely on information 

collected after the change in the conflict environment. Thus they can only exploit 

geographical variation in the levels of violence and are unable to examine behavioral 

responses (e.g. migration) to the conflict. If the geographical variation in violence is 

endogenous to omitted factors that are correlated with risk aversion or the behavioral 

responses are systematically related to both violence exposure and risk attitudes, the 

results would be biased. This misidentification might be generated if, for example, 

individuals with higher levels of risk aversion are more likely to move away from areas 

suffering an increase in crime. Our study aims to contribute to this literature by directly 
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addressing these concerns through the use of a unique dataset collected on a population 

exposed to a plausibly exogenous change in the violence environment.  

2.4 Data 

2.4.1 Mexican Family Life Survey (MxFLS) 

Data for this research are drawn from two sources that contain information ideally 

suited for our purposes. First, we utilize the Mexican Family Life Survey (MxFLS), an 

extremely rich longitudinal survey, representative of the Mexican population in 2002 at 

the national, urban, rural and regional level. Second, the National Institute of Statistics 

and Geography (INEGI, its Spanish acronym) provides information on all reported 

homicides at the municipality and month level. We use this dataset to construct our 

measure of violent crime. Crucial for this study, both datasets cover periods before and 

after the sudden outbreak of violence. By combining them we will be able to compare the 

outcomes of the same individual under different levels of violence, which will allow us to 

control for all unobserved time-invariant heterogeneity that might be correlated with 

exposure to violence and risk attitudes.  

The MxFLS collects information on a wide range of socioeconomic and 

demographic indicators on individuals across three rounds. The baseline survey 

(MxFLS1) was conducted in 2002 and collected information on a sample of approximately 

8,440 households and 35,600 individuals in 150 communities and 16 states throughout the 
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country. A key feature is that the first follow-up (MxFLS2) was conducted in 2005 and 

2006, when violence was relatively stable, and the second follow-up (MxFLS3) was largely 

conducted in 2009 and 20103, during the dramatic escalation of violence. In both follow-

ups respondents’ attitudes towards risk were elicited using a set of hypothetical questions 

on choices between gambles. 

Another key feature of the MxFLS is its follow-up policy, according to which all 

baseline respondents and their children born after 2002 are sought for reinterview, 

including those who migrated within Mexico or emigrated to the United States. The 

MxFLS has had an outstanding success in achieving low levels of attrition: around 89% 

and 87% of the panel respondents were recontacted in MxFLS2 and MxFLS3 respectively. 

Nonetheless, the relevant issue is whether our sample of interest is selected due to attrition 

in a way that is correlated with the change in the conflict environment. We perform this 

analysis in section V and find no evidence that this potential issue is biasing our results.  

The fact that the MxFLS followed migrants is crucial for the examination of 

whether systematic migration is a behavioral response to violence. In section V, we find 

evidence of endogenous migration of individuals with characteristics that are likely 

correlated with risk attitudes. If migrants had not been followed, we would have 

                                                      

3 Only 6% of the sample of panel respondents interviewed in Mexico was interviewed after 2010. 
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systematically lost these individuals, and we would have been left with a selected sample. 

Given this result, as will be discussed in section V, we choose an empirical specification 

that shields our estimates from the bias of endogenous migration.  

2.4.2 Risk aversion measures 

An established survey method to measure attitudes towards risk is to ask 

respondents to choose between gambles with different payoffs, in which options that offer 

a higher expected payoff also involve greater risk. Starting in its second wave, the MxFLS 

introduced a set of hypothetical questions of this sort. We rely on these questions to 

construct our measures of risk aversion. 

In Appendix Figure 2.1, we present the set of hypothetical questions and the 

progression they followed in MxFLS2. The first decision a respondent faced was between 

an alternative of receiving a sure amount of $1,000 and an alternative of receiving either 

$500 or $2,000 with equal probability (in Mexico, the symbol $ stands for pesos4). The idea 

behind this choice set is that a more risk averse individual would prefer the sure amount 

even though the gamble has higher expected payoff. Depending on the choice of the 

respondent, he or she next faced an alternative decision. If the sure amount of $1,000 was 

preferred, they will next have to decide between the sure amount of $1,000 and now a 

                                                      

4 At the time of MxFLS2, $ 1,000 was around US$ 90 and represented approximately 80% of the 

minimum monthly wage. 
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more attractive gamble of receiving either $800 or $2,000 with equal probability. In 

contrast, if the gamble offering either $500 or $2,000 was preferred, the subsequent choice 

they face was between that same gamble and now a gamble offering either $300 or $3,000. 

A few more questions in this pattern followed, and given all of their choices, individuals 

can be ranked according to their level of risk aversion. This ranking, shown at the bottom 

of the figure, has seven possible categories. 

MxFLS3 contains the same type of questions, but the amounts and the progression 

changed with the aim of making the process simpler and increasing understanding. 

Appendix Figure 2.2 shows the choices included in MxFLS3. One of the innovations 

introduced in MxFLS3 was to include a first question aimed at evaluating whether the 

respondents understood the choices they faced. This question asked the respondents to 

choose between a gamble of receiving either $2,500 or $5,000 with equal probability and a 

dominated sure amount of $2,500. If the respondent preferred the latter, then the question 

was explained again. If he or she still preferred the later then this may indicate that the 

respondent is extremely risk averse, or gamble averse, as he or she preferred not to select 

the gamble even though it was costly decision. However, an alternative interpretation of 

this behavior is that it indicates a lack of understanding of the question. In order to push 

this further, a last question was asked in which both alternatives in the gamble were 
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strictly greater than the sure amount. Even in this case, there are respondents who 

preferred the sure amount.  

In Appendix Tables 2.1 and 2.2 we describe the “gamble averse” individuals. In 

Appendix Table 2.1 we can see that their choices on the hypothetical questions in MxFLS2 

are distributed similarly to those of other respondents. In Appendix Table 2.2, the goal is 

to evaluate whether “gamble averse” individuals are similar to “most risk averse” 

individuals by looking at how they compare to the rest of the respondents in a set of 

characteristics. To do this we have four groups that we compare to the rest of the 

respondents: the most extreme type of “gamble averse”, that is, those who prefer the sure 

amount even when the gamble offers strictly greater amounts in any case (column 1), all 

“gamble averse” individuals (column 2), “gamble averse” and “most risk averse” 

individuals (column 3) and “most risk averse” individuals excluding “gamble averse” 

from the sample (column 4). Results suggest that these four groups are different from the 

rest of the sample in similar ways. Nevertheless, it seems that the “gamble averse” are not 

exactly like the “most risk averse” individuals, as they have higher levels of education 

and are more likely to have a job. Given these findings, we take a skeptical approach to 

the classification of the “gamble averse”. In section VII, we show that our results are 

robust to different classifications of this group.  
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If the respondent is not “gamble averse”, then the next question he or she faced 

was between a gamble of receiving either $2,000 or $5,000 and a sure amount of $2,500. If 

the sure amount was chosen, then no more questions were asked. If the gamble was 

selected, the respondent then had to choose between the same sure amount and a less 

attractive gamble. If the sure amount was chosen, then no more questions were asked. 

This procedure continued for a couple more questions. The risk aversion index according 

to the choices is shown at the bottom of Appendix Figure 2.2. 

As these measures are expected to be a noisy signal of the actual risk aversion of 

individuals (Kimball et al., 2009), separating small changes in risk aversion from 

measurement error will prove to be difficult. Our approach to deal with this challenge is 

to focus on changes at the extremes of the distribution by classifying individuals as “most 

risk averse” or not. Since the exact questions changed between waves, caution should be 

exercised when interpreting the results, as a change in categories between waves does not 

necessarily mean that the respondent’s absolute level of risk aversion changed. 

Interpretation of the transitions is relative to what happened in the population in general. 

For example, individuals changing from “not most risk averse” in MxFLS2 to “most risk 

averse” in MxFLS3 does not mean they necessarily became more risk averse, but rather 

that their level of risk aversion is on a more positive (or less negative) trend relative to 

those categorized as “not most risk averse” in both waves. 
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There are several different ways to classify respondents as most risk averse or not, 

we next describe our preferred classification. The classification we use is based on the 

difference between the sure amount and the expected value of the gamble that was 

declined in favor of the sure amount. This information provides us with a lower bound of 

the respondents’ risk premium, which is the difference between the certainty equivalent 

and the expected value of the gamble. In MxFLS2 we classify as “most risk averse” those 

with a risk aversion index equal to 5, 6 or 7. Individuals in this group have a risk premium 

greater than $400. In turn, in MxFLS3 we classify as most risk averse those with a risk 

aversion index equal to 5 (gamble averse individuals are included in this category as well 

in the main results of the paper). Individuals in this category have a risk premium greater 

than $1,000. Due to the fact that properly defining these classifications is not 

straightforward, in section VII we confirm the robustness of our results to different 

classifications of “most risk averse”.  

Our analytical sample includes those individuals interviewed at baseline who 

were 15 years old or older at the time of that interview and answered the hypothetical 

questions aimed at measuring risk aversion in both MxFLS2 and MxFLS35. Table 2.1 

                                                      

5 We require that individuals were interviewed in baseline and were at least 15 years old at the 

time of that interview because in our empirical strategy we will control for individuals 

characteristics in previous waves, and some of those characteristics are only measured for those 

who are at least 15 years old. 
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shows the distribution of the risk aversion indexes in both waves for our analytical 

sample. According to our preferred classification, 17% of our sample is most risk averse 

in MxFLS2 and 44% in MxFLS3. For this classification, Table 2.2 shows the distribution of 

being most risk averse in MxFLS3 given the category of the individual in MxFLS2. 

Changing categories between MxFLS2 and MxFLS3 is very frequent. This can be partly 

attributed to noise and partly to other factors and risk attitudes that have changed over 

the four years period between measurements. Our goal is to establish whether the 

extraordinary change in the conflict environment constitutes part of the explanation. 

Table 2.1: Distribution of risk aversion indexes 

MxFLS2 MxFLS3 

1 33.0% 1 22.9% 

2 4.9% 2 4.7% 

3 8.3% 3 11.1% 

4 36.3% 4 17.2% 

5 7.3% 5 30.9% 

6 1.8% Gamble averse 5.8% 

7 8.4% Gamble averse-pay  7.4 % 

Observations 11,348 Total 11,348 

 

Table 2.2: Most risk averse in MxFLS3 given category in MxFLS2 

 

 

 

Most risk averse 

in MxFLS3 

Most risk averse in MxFLS2 
Total 

No Yes 

No 5,266 1,073 6,339 

 56% 54% 56% 

Yes 4,095 914 5,009 

 44% 46% 44% 

Total 9,361 1,987 11,348 
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In order to conduct our analysis, we pair the MxFLS survey with the month and 

municipality-level homicide dataset collected by INEGI. This dataset contains the official 

reports of all intentional homicides. The homicide rate is used to capture the overall crime 

environment created by the drug war. As we have previously seen, total homicides follow 

the same trend as drug-related homicides. Moreover, a relationship has been established 

between homicide rates and other types of crimes committed by traffickers’ organizations 

(Guerrero and Gutiérrez, 2011; Molzán et. al., 2012). Exploiting the richness of the MxFLS, 

we can provide further evidence that homicide rates seem to be a useful measure of the 

general crime environment. At the time of the MxFLS3 interview, people living in 

municipalities that experienced greater changes in homicide rates between 2005 and 2009 

were more likely to report feeling less safe than 5 years ago and more scared of being 

attacked (see Appendix Table 2.3 of the Appendix, columns 1-3))6. 

Nonetheless, concerns regarding potential measurement error in the INEGI 

homicide dataset might remain. With respect to random measurement error, there are 

good reasons to think that homicides are less prone to this problem in comparison to other 

indicators of violence such as physical injury or property loss. Homicides are more 

reliably reported given that they measure an extreme endpoint of individual violence and 

                                                      

6 The same conclusion is reached if we use contemporaneous measures of homicide rates at the 

time of the MxFLS3 interview instead of changes between 2005 and 2009. 



 

 

68 

are homogeneously defined across regional boundaries (Shrader, 2001). The presence of 

systematic measurement error is also a potential concern, but this does not seem to be an 

issue in this case as the INEGI dataset closely correlates with other datasets that rely on 

alternative sources (Molzán et. al., 2012). 

We next explore the relationship between individuals’ risk aversion and the level 

of violence to which they are exposed. The exposure to violence an individual is assigned 

is the homicide rate in his/her municipality of residence over the 12 months prior to the 

MxFLS interview. The analysis is conducted on MxFLS2 and MxFLS3 separately, 

mimicking an approach where only cross-sectional data is available. The results, 

presented in Table 2.3, show that less risk averse individuals were living in municipalities 

with higher violence during MxFLS2, but there is no significant association between risk 

aversion and levels of violence for MxFLS3. Once municipality fixed effects are added, 

there is no significant association for either wave. The main concern with this analysis is 

that the estimates might be capturing not only the effect of violence but also the 

heterogeneity of people exposed to different levels of crime. Our identification strategy 

addresses this issue by exploiting the panel nature of our survey to compare the risk 

aversion levels of the same individuals before and after the change in the conflict 

environment. Another major concern with the analysis is that the estimates may be biased 

due to endogenous migration. This is a concern that we are also able to address. 
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Table 2.3: Correlation between risk aversion and violent crime 

 

2.5 Identification strategy 

2.5.1 Selective attrition 

Despite MxFLS’ successfully low levels of attrition, it is important to evaluate 

whether selection in our analytical sample is correlated with changes in the levels of 

violence. The concern is that if there is selective attrition related to potential violence 

exposure our sample would no longer be representative. Our analytical sample includes 

those individuals who were interviewed in baseline and who answered the hypothetical 

questions aimed at measuring risk aversion in both MxFLS2 and MxFLS3. To test for 

potential selection bias from attrition we estimate the following linear probability model 

for all individuals aged 15 or older at baseline who were interviewed in MxFLS2: 

                       0 1 2 ( ) (1)ij j ij ij j ijA Hom X X Hom            

  MxFLS2 MxFLS3 

 Most risk averse = 100 Most risk averse = 100 

  [1] [2] [3] [1] [2] [3] 

Homicide rate -2.07** -2.19*** -0.36 0.29 0.37 -0.16 

 (0.82) (0.77) (1.11) (0.33) (0.33) (0.56) 

Mean dep. 

variable 
17.51 17.51 17.51 44.13 44.13 44.14 

Observations 11,348 11,348 11,348 11,348 11,348 11,348 

Time FE - YES YES - YES YES 

Municipality FE - - YES - - YES 

 Notes: Standard errors clustered at the municipality level. *** p<0.01, ** p<0.05, * p<0.1. In all 

models we further control for time-varying covariates from the previous MxFLS wave. 
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where is a binary variable equal to 1 if individual i, living in municipality j at 

the time of the MxFLS2 interview, did not answered the risk aversion questions in MxFLS2 

or MxFLS3, is the change in the homicide rate between 2005 and 2009 in 

municipality j, and  are individual and household characteristics measured in MxFLS2 

and include: age, age squared, years of education, marital status, employment status, 

earnings, household characteristics and rural residence. When unning this regression 

excluding the interacted terms, , provides evidence on whether overall attrition is 

related to the change in violence. More importantly to the representativeness of our 

results, we evaluate whether conflict related attrition was systematically different for 

individuals with certain characteristics. Evidence on this is provided by the set of 

coefficients represented by   in equation 1. Results are reported in Panel A of Table 2.4. 

We do not find evidence that attrition is on average correlated with the change in violence 

(column 1), and the complete model including interaction terms (column 2) shows that 

the only interaction with gender is statistically significant, indicating that men are more 

likely to attrite when violence increases. This finding suggests that any correlation 

between gender and risk attitudes would bias our results. Hence, we will probe the 

robustness of our main results when the sample is stratified by gender. In columns 3 to 6 

of Table 2.4, we show that attrition is not correlated with violence in these subsamples. 

ijA

jHom

ijX

1
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Table 2.4: Attrition and Migration 

 Panel A. Attrition = 100 Panel B. Migration = 100 

 All Women Men All Women Men 

  [1] [2] [3] [4] [5] [6] [1] [2] [3] [4] [5] [6] 

∆ Hom. rate 09 - 05 0.21 0.07 0.05 -1.42 0.40 1.19 0.08 -0.76 0.14 -0.12 -0.06 -0.74 

 (0.22) (2.13) (0.23) (2.48) (0.33) (3.13) (0.19) (1.53) (0.22) (1.91) (0.20) (1.80) 

∆ Hom. rate 09 - 05 

interacted with: 
             

Female  -0.78**       0.31     

  (0.34)       (0.32)     

Age  0.09  0.09  0.04  -0.03  -0.06  0.03 

  (0.06)  (0.08)  (0.10)  (0.04)  (0.06)  (0.08) 

Age squared  -0.00*  -0.00  -0.00  0.00  0.00  -0.00 

  (0.00)  (0.00)  (0.00)  (0.00)  (0.00)  (0.00) 

Married  -0.46  -0.58  -0.18  -0.50*  -0.63  -0.25 

  (0.34)  (0.53)  (0.46)  (0.28)  (0.38)  (0.39) 

Years of education  0.05  0.06  0.07  0.04  0.05  0.03 

  (0.05)  (0.06)  (0.07)  (0.04)  (0.04)  (0.05) 

Has a job  -0.43  -0.09  -0.43  -0.19  0.44  
-

1.15*** 

  (0.57)  (0.86)  (0.98)  (0.33)  (0.63)  (0.40) 

4√Earnings  -0.04  -0.10  -0.01  0.07*  -0.03  0.12** 

  (0.06)  (0.10)  (0.08)  (0.04)  (0.10)  (0.05) 

HH size  0.05  0.04  0.06  0.01  0.00  0.01 

  (0.05)  (0.06)  (0.11)  (0.03)  (0.03)  (0.07) 

4√HH PCE  -0.13  -0.08  -0.17  0.08  0.13  -0.02 

  (0.11)  (0.14)  (0.18)  (0.12)  (0.13)  (0.18) 

Rural locality  0.28  -0.03  0.57  1.32**  1.60***  0.99* 

  (0.50)  (0.47)  (0.70)  (0.52)  (0.54)  (0.54) 

Mean of dep. vble. 32.03 32.03 24.11 24.11 41.43 41.43 8.38 8.38 8.72 8.72 7.83 7.83 

Observations 17,258 17,258 9,372 9,372 7,886 7,886 11,123 11,123 6,859 6,859 4,264 4,264 

Notes: Standard errors clustered at the municipality level. *** p<0.01, ** p<0.05, * p<0.1.  All characteristics interacted are measured at 

the time of MxFLS2. Includes the same characteristics are further controls. 
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A first order concern when trying to establish causality between violent crime and 

attitudes is endogenous migration. Systematic migration can occur as a behavioral 

response to crime and failing to account for it can lead to biased results. For instance, if 

individuals that exhibit greater risk aversion are more likely to move away from 

municipalities with high levels of violence and migration is ignored, the impact of crime 

on risk aversion would be downward biased. To examine whether migration responded 

to the change in the conflict environment we estimate a regression with the same empirical 

specification as the model for sample selection in equation (1), but using a measure of 

migration as the dependent variable. Our measure of migration is a binary variable equal 

to 1 if the respondent was interviewed in a different municipality in MxFLS2 and MxFLS3 

or if he or she reported a long-term migration (at least one year) outside the municipality 

of residence in MxFLS2. Panel B of Table 2.4 presents the results for our analytical sample. 

We find evidence of selective migration. Respondents living in rural areas are more likely 

to migrate when violence increases. This result holds when we restrict the sample to 

women, but disappears when we restrict the sample to men. Nonetheless, unemployed 

men and higher income men are more likely to migrate when crime rises. If the follow-up 

policy of the MxFLS had excluded migrants, sample selection would likely bias our 

estimates. This analysis highlights the importance of accounting for endogenous 

migration and as such we deal with this issue directly in our identification strategy. 
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Another potential concern is whether the geographic heterogeneity in conflict is 

correlated with other aspects of the municipalities. If violence patterns actually reflect 

underlying trends in other municipality characteristics, we would not be able to 

distinguish the impact of violence from the impact of those other trends on people’s levels 

of risk aversion. This is an unlikely scenario given the suddenness and political origins of 

the outbreak of violence. Nonetheless, we formally explore this concern by looking at 

whether violence heterogeneity is correlated with previous trends in municipality 

characteristics. The set of municipal trends used is quite rich as it includes demographics, 

socioeconomic characteristics, educational attainment and infrastructure, employment 

status and earnings of men and women, migration expectations, having relatives in the 

United States and variables related to crime in the municipality. Some of these trends are 

constructed using IPUMS samples of the 2000 and 2005 Mexican census and some are 

constructed using the MxFLS1 and MxFLS2 waves7. Table 2.5 presents the results for the 

municipal homicide rate in 2009 (column 1) and for the change in this rate between 2005 

and 2009 (column 2). The findings from this analysis strongly suggest that previous 

municipal trends do not predict future violence8.  

  

                                                      

7 Since we use MxFLS1 information we need to restrict the sample to the MxFLS1 municipalities. 
8 Only a few of the extensive set of covariates is statistically significant (at the 10% level). This is 

less than what would be expected by chance and they are jointly not significant. 
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Table 2.5: Correlation between homicide rates and previous municipal trends 

 Municipal Homicide Rate (per 10,000) 

 
Level in 2009 

Change From 

2005 to 2009 

Municipality characteristics: [1] [2] 

   

CENSUS: Change in Share of Households Between 2000-

2005 with: 
  

Televisions -6.73 -5.33 

 (6.13) (7.76) 

Piped Water -1.59 4.53 

 (5.01) (5.59) 

Sewage System 1.52 -4.62 

 (3.74) (4.44) 

Electricity 1.60 7.97 

 (9.81) (11.05) 

CENSUS: Change in Share of 21-65 Year Olds Between 

2000-2005 with: 
  

Less Than Primary Education -0.15 -18.64* 

 (8.27) (9.97) 

At Least High School Diploma -11.19 -29.55* 

 (13.40) (15.20) 

Speak Indigenous Language -3.47 -10.25 

 (6.91) (6.76) 

Illiterate -13.38 -22.81 

 (27.76) (31.62) 

CENSUS: Change Between 2000-2005 in Share of:   

Less Than 18 Year Olds 7.83 -3.16 

 (18.72) (22.58) 

18 to 65 Year Olds 3.79 -10.17 

 (27.07) (29.57) 

CENSUS: Change Between 2000-2005 in:   

Average Educational Attainment 1.12 1.02 

 (1.46) (1.61) 

MxFLS: Change in Share of Older than 18 Year Olds 

Between MxFLS1-MxFLS2: 
  

Married -4.43 -6.36 

 (6.12) (6.77) 

Employed Females -0.88 1.31 

 (4.40) (4.64) 

Employed Males 0.27 1.46 

 (4.69) (4.63) 

Self-Employed Females -2.42 -5.18 

 (4.66) (4.73) 
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Self-Employed Males 2.89 4.20 

 (3.76) (3.98) 

Rural 1.63 2.07* 

 (1.02) (1.10) 

Have Relative in the U.S. -2.96* -2.73 

 (1.64) (1.68) 

Have Thoughts of Future Migration -2.15 -0.12 

 (3.34) (3.55) 

Feel scared of being attacked during the day -1.15 0.41 

 (6.39) (6.95) 

Feel scared of being attacked during the night -4.70 -6.23 

 (6.44) (6.69) 

MxFLS: Change Between MxFLS1-MxFLS2 in:   

Average Household Size 0.03 -0.10 

 (0.68) (0.69) 

Log Hourly Earning of Females Older than 18 

(Pesos) 0.29 -0.01 

 (0.46) (0.48) 

Log Hourly Earning of Males Older than 18 (Pesos) 0.78 0.35 

 (0.71) (0.70) 

Log Household Per Capita Expenditure (Pesos) 0.86 1.16 

 (1.05) (1.22) 

MxFLS: Change in Share of Localities Between MxFLS1-

MxFLS2 with: 
  

Increased Domestic Violence -0.05 -0.13 

 (0.44) (0.44) 

Presence of Vandalism 0.50 0.35 

 (0.38) (0.43) 

Presence of Police 0.19 0.13 

 (0.40) (0.43) 

MxFLS: Change Between MxFLS1-MxFLS2 in 

Localities: 
  

Number of Primary Schools 0.00 0.00 

 (0.00) (0.00) 

Number of Junior Highs -0.01 0.00 

 (0.01) (0.01) 

Number of High Schools 0.01 0.00 

 (0.01) (0.01) 

Rate of Poor Households 0.00 -0.01 

 (0.01) (0.01) 

   

Mean of dependent variable 1.89 0.97 

Observations 135 135 

F test: Jointly 0; Prob>F 0.20 0.23 

   

Notes: Robust standard errors. *** p<0.01, ** p<0.05, * p<0.1.    
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Moreover, evidence supporting the idea that the change in the conflict 

environment was unanticipated and unrelated to prior trends in crime/insecurity can be 

provided using the MxFLS data on self-reported feelings of safety. Estimating models at 

the individual level, we find no correlation between feeling less safe or more scared of 

being attacked in MxFLS2 and subsequent changes in homicide rates between 2005 and 

2009 (see Appendix Table 2.3, columns 4-6). This suggests that municipalities that would 

subsequently be exposed to larger increases in violence were not already on a 

downward trend in safety and insecurity. 

One additional potential concern is that the Great Recession, which started 

between the MxFLS2 and MxFLS3 waves, is a confounder for crime exposure. If crime 

trends varied with economic downturn at the municipality level, then we would not be 

able to separately identify the effect of crime. The analysis in Table 2.5 suggests that this 

is unlikely as previous municipal trends related to economic activity (such as 

employment status and earnings) proved to be unrelated to future violence. In addition, 

other studies that have looked at this issue specifically confirm that the geographic 

heterogeneity of crime in Mexico does not correspond to the differential regional 

magnitude of the Great Recession (Ajzenman et al., 2014; Velásquez, 2014). 
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2.5.2 Empirical specification 

The identification strategy we will use to estimate the impact of violent crime on 

attitudes towards risk will address the concerns discussed in the previous section. First, 

in order to shield our estimates from the bias of endogenous migration, we follow an 

intent-to-treat approach. To do this an individual is assigned a conflict exposure level 

based on their municipality of residence in MxFLS2, before the rise in crime, rather than 

based on his/her current municipality of residence. Thus, the intensity of violence 

exposure assigned to a respondent is independent of any migration decisions made as a 

response to crime. 

It is important to mention that while violence has risen consistently over time, 

there is a great deal of variation in the changes in homicide rates across municipalities. 

Between 2005 and 2009, on average there was a 0.8 per 10,000 increase in the 

municipality homicide rates, but some areas suffered a 13 per 10,000 increase while 

others had a 14 per 10,000 decline. We exploit both temporal and spatial variation to 

identify the effect of exposure to violent crime on people’s levels of risk aversion. 

Even though we found no evidence that violence responded to previous trends 

in municipality characteristics, in an attempt to limit the possibility that time-varying 

characteristics related to violence exposure bias our results, we add as controls time-

varying characteristics (marital status, number of children, years of education, 
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employment status, employment category, earnings and household characteristics), 

measured during previous waves and thus unaffected by current levels of crime. We 

further include year and month of interview fixed effects to control for temporal and 

seasonal unobserved heterogeneity. 

To further avoid potential omitted variable bias, we exploit the panel nature of 

our survey and compare risk attitudes of the same individuals before and after the 

change in the conflict environment by implementing an individual fixed-effects strategy. 

This approach allows us to control for all unobserved time-invariant heterogeneity. If 

municipalities that experienced relatively larger increases in crime contained a greater 

proportion of individuals with certain characteristics, as long as those characteristics are 

fixed over time, they will be accounted for in our model. This will also help us to control 

for more subtle sources of potential bias. For instance, under the possible scenario that 

more risk averse individuals are harder to convince to be interviewed and thus are 

interviewed at a later date in a plausibly higher crime environment, a non-causal link 

between higher crime and greater risk aversion would be captured if individual fixed-

effects were not included. 

The empirical strategy can be summarized in the following regression 

framework: 

                            1 2 (2)ijt jt it i t ijtY Hom X          
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where is a binary variable equal to 1 if individual i, living in municipality j at 

the time of the MxFLS2 interview and interviewed at time t, is in the most risk averse 

category, is the homicide rate in municipality j over the 12 months prior to the 

MxFLS interview, are the previously mentioned time-varying characteristics 

measured during the previous wave,  captures individual fixed effects and  

captures time of interview fixed effects, including a wave fixed effect and year and 

month of interview fixed effects. 

2.6 Results 

2.6.1 General results 

Our empirical strategy addresses common and serious threats to the 

identification of the impact of local violence on attitudes towards risk. Results are shown 

in Table 2.6. The estimates build up to equation 2 in column (4). In column (1), without 

controlling for time and municipality fixed effects, we find no effect of violence on risk 

aversion. Results are similar once we add time fixed effects in column (2). In sharp 

contrast, a precisely estimated positive effect is found once municipality fixed effects are 

included in column (3). The main gain of this specification is that it allows us to compare 

similar individuals, similar in that they live in the same municipality, under low and 

high levels of violence. In column (4), our preferred specification, we go further and use 

individual fixed effects to compare the same individual under different levels of crime. 

ijtY

jtHom

itX

i t
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This is our main result and it indicates that violence increased people’s risk aversion. A 

rise of 1 homicide per 10,000 people, which is similar to the average change between 

2005 and 2009 across municipalities, increased the likelihood of being in the most risk 

averse category in MxFLS3 by 1.49 percentage points. 

Table 2.6: Impact of violent crime on risk aversion 

  Pooling MxFLS2 and MxFLS3 

 Most risk averse = 100 

  [1] [2] [3] [4] 

Homicide rate -0.03 0.03 1.25*** 1.49*** 

 (0.28) (0.29) (0.40) (0.47) 

Mean dep. variable 30.82 30.82 30.82 30.82 

Observations 22,696 22,696 22,696 22,696 

Number of individuals 11,348 11,348 11,348 11,348 

Time FE - YES YES YES 

Municipality FE - - YES - 

Individual FE - - - YES 

Notes: Standard errors clustered at the municipality level. *** p<0.01, ** p<0.05, * p<0.1.  In all 

models we further control for time-varying covariates from the previous MxFLS wave. 

 

2.6.2 Heterogeneous results 

As previously described, the change in the conflict environment was not 

homogeneous across Mexico. It is well-documented that the Mexican drug war is a more 

urban phenomenon. Most of the cartels profits are generated by drug-trafficking 

activities rather than by drug production; thus drug cartels are mainly interested in 

controlling urban warehouses and highway transportation routes (Castillo et. al., 2013; 

Llorente et. al., 2014). Accordingly, crime growth was greater in more urban 
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municipalities (Velásquez, 2014). It is thus possible that the type and severity of the 

crimes also differ between rural and urban areas. For example, it could be the case that, 

even at the same homicide rate level, more extortions or kidnappings take place in urban 

areas, or the homicides in urban areas may be more violent. To evaluate whether the 

results vary between these areas, we stratify the sample by the urban/rural status of the 

municipality of residence in MxFLS2. 

Another useful stratification is by gender. Men and women may have different 

levels of expected exposure to crime. For example, as the labor participation of men is 

much greater than that of women they may be more exposed to extortions, kidnappings 

and business thefts. In addition, the psychological reaction to a rise of violence might 

differ between men and women. Panel A of Table 2.7 shows our results for each of these 

stratifications. Consistent with urban areas being more severely exposed to crime, we 

find that results are more precisely estimated for those areas. Differences are not 

statistically significant though. We also find that results for men and women are very 

similar. 

Exploiting the richness of the MxFLS dataset further, we examine whether crime 

exposure had heterogeneous effects on risk aversion based on an individual’s  
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Table 2.7: Stratifications and heterogeneous effects 

 Women Men 

 Urban Rural Urban Rural 

  [1] [2] [3] [4] 

Panel A. Main results: Stratifications 

Homicide rate 1.46*** 1.08 1.54** 1.23 

 (0.48) (0.87) (0.71) (0.92) 

Panel B. Heterogeneous effects: Economic Resources 

Household PCE     

Homicide rate * Bottom 50% PCE 2.08*** 1.12 0.91 0.92 

 (0.73) (1.21) (0.74) (1.29) 

Homicide rate * Upper 50% PCE 1.01 1.67 2.55*** 2.31** 

 (0.65) (1.05) (0.85) (1.09) 

Education     

Homicide rate * Education: less than 9 years 0.96 0.83 1.35* 1.44 

 (0.71) (1.11) (0.73) (0.91) 

Homicide rate * Education: at least 9 years 1.92*** 2.10* 1.74** 1.74 

 (0.70) (1.13) (0.85) (1.66) 

Panel C. Heterogeneous effects: Employment status 

Labor market participation     

Homicide rate * Does not have a job 1.78*** 1.18 2.60 0.26 

 (0.54) (0.96) (1.70) (1.86) 

Homicide rate * Has a job 1.08 2.08 1.24* 1.46 

 (0.71) (1.93) (0.72) (1.07) 

Self-employment     

Homicide rate * Is not self-employed 1.35*** 1.11 1.87** 1.85* 

 (0.44) (0.95) (0.95) (1.12) 

Homicide rate * Self-employed 2.22 9.05*** 1.45* -0.24 

 (2.53) (3.10) (0.82) (1.37) 

Panel D. Heterogeneous effects: Emotional well-being 

Homicide rate * Emotional well-being: lower 1.68** 1.59 2.01** 1.79 

 (0.66) (1.08) (0.84) (1.23) 

Homicide rate * Emotional well-being: best 1.01* 0.44 1.08 0.74 

 (0.53) (1.26) (0.82) (1.04) 

Mean dep. variable 29.58 33.09 29.21 31.90 

Observations 7,794 5,924 5,006 3,972 

Number of individuals 3,897 2,962 2,503 1,986 

Notes: Standard errors clustered at the municipality level. *** p<0.01, ** p<0.05, * p<0.1. In all models we control for 

time-varying covariates from the previous MxFLS wave, time and individual fixed effects. In models of 

heterogeneous effects, coviarates and time fixed effects are interacted with the binary variables capturing the 

heterogeneity. 
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characteristics9. To do this we modify our main specification in equation (2) by 

interacting every covariate with binary variables which capture a particular individual’s 

characteristic. The first factor we explore is economic resources. One might think that 

having greater resources can help individuals avoid crime by allowing them to afford 

better transportation or security at work. Using household per capita expenditure and 

years of education as measures of resources, we do not find evidence that this insulates 

them from the effects of crime on attitudes towards risk. Results reported in Panel B 

show that there is no statistical significant difference in the impact of violence according 

to the level of resources. Nonetheless, we find that, in general, estimates are more 

precise for those with higher household per capita expenditure and for those with more 

years of education10. One potential explanation for this result is that wealthier and more 

educated individuals understand the hypothetical questions aimed at eliciting attitudes 

towards risk better and thus their measures of risk aversion are less noisy.  

We also explore whether individuals were more affected depending on their 

employment status. Consistent with anecdotal evidence on business owners being 

particularly affected by violent crime, Velásquez (2014) finds that exposure to violence 

                                                      

9 These characteristics are measured at the time of MxFLS2 so that they are not affected by the 

change in violence.  
10 The exception is urban women, for whom estimates are more precise for those at the bottom 

50th percentile of household per capita expenditure. 
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reduced labor participation of self-employed women. Accordingly, we find, in Panel C, 

that violence had a greater effect on risk aversion for self-employed rural women. This is 

the only difference that is statistical significant. 

Finally, we examined whether an individual’s emotional well-being made them 

more or less vulnerable to crime’s impact on risk attitudes. In order to do this we use a 

set of questions included in the MxFLS aimed at measuring depression. A widely used 

measure of mental well-being is the one based on the Short Form 36 (SF-36) Health 

Survey (Adams and Boscarino, 2005; Cornaglia et. al., 2013; Guite et. al., 2009). We 

construct a proxy of this measure using the questions asked in MxFLS that are closest to 

the ones used in the SF-36 index and adapting the same scoring system. Then we classify 

respondents in two groups: the ones who got the highest possible score and those that 

did not. The results of our model interacted with these variables are shown in Panel D. 

Differences are not statistically significant, but we find suggestive evidence that those 

with lower emotional well-being were more strongly affected by crime. 

2.7 Robustness checks 

In this section we report the outcomes of two important robustness checks. In 

our main results we include the “gamble averse” individuals in the “most risk averse” 

category. In this section we explore whether our results are robust to two alternative 

ways of treating the “gamble averse”: assuming they are not in the “most risk averse” 
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category and excluding them from the sample. Results, shown in Panel A of Appendix 

Table 2.4, confirm that our estimate of the impact of violence on risk aversion is robust to 

these two alternative approaches. 

The second robustness analysis is a test of using five alternative classifications of 

the “most risk averse” category in both MxFLS2 and MxFLS3. Results are reported in 

Panel B of Appendix Table 2.4.11 The robustness of our estimate to these alternative 

classifications is also confirmed. 

2.8 Conclusion 

There is a growing interest in understanding whether an individual’s attitudes 

towards risk respond to major changes in their environment. To answer this question 

rigorously a number of serious challenges need to be overcome. Our study on the impact 

of the Mexican drug war on risk attitudes contributes to the literature by addressing 

important threats to identification. Making use of a unique dataset, we implement an 

identification strategy that accounts for endogenous migration and controls for all time-

invariant heterogeneity that may be correlated with exposure to violence and risk 

attitudes. We also provide evidence that we are capturing the impact of violence and not 

                                                      

11 In each specification the “gamble averse” individuals are included in the “most risk averse” 

category. 
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some other unobserved municipal trend and that our estimates are not biased due to 

selective attrition. 

We find that exposure to violence increases risk aversion. The effect is largest for 

self-employed rural women. This is consistent with the evidence that the economic 

outcomes of self-employed individuals in Mexico were more adversely impacted by the 

surge in crime (Velásquez, 2014).  We also find suggestive evidence that the risk 

attitudes of individuals with lower emotional well-being are more responsive to conflict 

exposure. 

Our results extend the current understanding of the reach violent conflict has on 

the wellbeing of the exposed. Increased risk aversion has been shown to be negatively 

associated with engaging in riskier but more profitable endeavors related to investment 

decisions, occupational choice and migration (Barsky et al, 1997; Bellemare and Shearer, 

2010; Charles and Hurst, 2003; Kan, 2003; Kimball et al., 2008). This suggests that risk 

aversion can be detrimental to wealth accumulation and thus violent conflict has 

another pathway through which it can impact the long-term economic wellbeing of the 

exposed.  
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3. Does having children affect time discounting? 

3.1 Introduction 

Many important economic decisions, such as investing in education and health 

care, selecting a job and saving for retirement, require individuals to trade off costs and 

benefits at different points in time.  These intertemporal decisions are influenced by how 

much individuals discount the future, that is, by how they relatively value their future 

wellbeing compared to their current wellbeing.  Recent research evaluate whether time 

discounting is correlated with some individual-specific life events such as changes in 

income, unemployment and health status (Chuang and Schechter, 2015; Dean and 

Sautmann, 2014; Harrison et al., 2006; Krupka and Stephens, 2013; Meier and Sprenger, 

2015). Yet, little is known about how time discounting changes after having children. 

Having children changes spending needs now and in the future, increases effective 

longevity, and increases stress levels in parents. As such, there are many reasons to 

suspect that having children may affect time discounting. 

We study how individuals’ time discounting change after becoming parents or 

after having additional children using a difference-in-differences estimator and rich 

longitudinal data from the Mexican Family Life Survey (MxFLS). The MxFLS includes a 

set of hypothetical questions aimed at eliciting individuals’ discount rates. Respondents 

are asked to choose between an immediate payment and a higher payment at some time 
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in the future. Choosing the later payment will reveal greater relative value of the future 

and therefore a lower discount rate. These questions are included in the latter two waves 

of the survey. Ideally for our purposes the interval between these two waves comprise 

several years and consequently there is a significant proportion of respondents who 

have children in that interval. This provides us with enough power to carry out our 

analysis. 

The difference-in-difference estimation strategy allows us to control for time-

invariant unobserved individual characteristics which affect both time discounting and 

fertility.  Intuitively, this method compares changes in measured discounting across 

MxFLS waves for individuals who become parents (or have additional children) to 

changes in measure discounting across MxFLS waves for individuals who remain 

childless (or do not have additional children).   

The crucial identifying assumption for this estimator is parallel trends 

assumption: individuals who become parents (or have additional children) between 

MxFLS waves must experience the same average changes in discounting as individuals 

who remain childless (or do not have additional children) in a hypothetical scenario in 

which these individuals do not have children.  One reason to be suspicious of the 

parallel trends assumption is that other life events often occur around the same time 

childbirth—changes in discounting could be driven by these correlated life events rather 
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than child birth. In an attempt to address this concern, we show that our results are 

robust to controlling for changes in marital status, school attendance, and employment 

status. 

To the best of our knowledge, Bauer and Chytilová (2009) is the only other study 

that also examines whether having children affects time discounting. Having to rely on 

cross section data, however, they are not able to control for the unobserved 

heterogeneity that may be driving both fertility decisions and how much individuals 

discount the future. Being able to control for the time-invariant part of this unobserved 

heterogeneity is an important advantage of our study. 

There are several reasons to suspect having children affects time discounting.  

First, not fully anticipated childbirths make individuals more patient if they regard 

fertility as increasing effective longevity thereby increasing their incentive to save for the 

future (Córdoba and Ripoll, 2011).  Furthermore, not fully anticipated childbirths may 

make individuals more patient if they increase the incentive to save for future 

educational expenses.  Conversely, the cost and stress of caring for young children may 

drive parents to value present consumption relatively more thereby decreasing their 

patience.  Additionally, childbirth may decrease patience if parents view children as a 

substitute for saving for retirement (Cigno, 1995; Rosati, 1996; Wigger, 1999).  As such, 

theory does not provide a clear prediction as to whether childbirth increases or 
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decreases patience.  This inconclusiveness indicates the need for empirical work which 

measures the effects of child bearing on time discounting. 

Our results show that the effects of having children on time discounting vary by 

parents’ gender and marital status. We find that women who became mothers increase 

their time discounting and that this effect is more precisely estimated if they became 

mothers in the last two years. This suggests that the positive effect of motherhood on 

impatience is short-lived. Moreover, we find that this effect is concentrated in women 

without a spouse or whose spouse was not at home. In general, there is no strong 

evidence of an effect on time discounting of having additional children for women who 

were already mothers. The effect for men is usually negative, but only statistically 

significant in a few cases. However, there are cases in which the difference in the effects 

between women and men is statistical significant. 

The heterogeneity in our results allow us to think about the potential 

mechanisms in play. The fact that the positive effect of motherhood on impatience is 

stronger for women without a spouse at home and that it seems to be relatively short 

lived suggests that the effect may be due to motherhood being a stressful event and also 

generating a spending shock. Women without a spouse at home may be more likely to 

find child rearing stressful and are less likely to have anticipated this event and thus to 

have saved accordingly. The effect seeming to fade out after a couple of years may then 
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be explained by women taking some time to adjust to their new situation. Given data 

limitations, we are not able to estimate the effect of parenthood for men without a 

spouse at home. However, the difference in the effects on time discounting between men 

and women, usually negative for men and usually positive for women may be due to 

the traditional different roles of men and women in raising children. Men may be less 

likely to be stressed by this task. Also, the increase in patience is statistically significant 

for better educated men. These men are less likely to face credit constraints and also 

more likely to save to invest in the education of their children. 

This paper contributes to the empirical literature that looks at the stability of time 

discounting and whether life events affect it. There are few studies that use panel data to 

explore this question and they typically focus on the effects of financial shocks. We 

exploit panel data to evaluate the effect of an individual-specific life event that does not 

necessarily involve a financial shock. As time preferences in economics is a theoretical 

concept that cannot be measured we prefer to be cautions and do not claim that we find 

that having children affects time preferences, but that it affects time discounting as 

revealed by people’s intertemporal choices. Nevertheless, one of the potential 

mechanisms that explains our results is consistent with fertility affecting time 

preferences. Therefore our results also contributes to the discussion whether preferences 

are fixed, as it is usually assumed in economics. 
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Given our different results for men and women, we also contribute to the 

literature that is concerned with gender differences in economic behavior (Croson and 

Gneezy, 2009). Since we find that the effect of having children increases impatience for 

women and may decrease it for men, our results cannot be used to explain the finding 

that women are more patient than men (Rubacalva et al., 2009). Nonetheless, our results 

indicate that the economic behavior of men and women may react differently to the 

same event and thus adds to the literature on gender differences in economic behavior. 

Our results stand in contrast to those of Gorlitz and Tamm (2015), according to which 

the effect of parenthood on risk aversion is similar for men and women. 

This research also speaks to the literature interested on how time discounting 

affects behavior in the real world. For instance, measures of individuals’ discount rate 

have been associated with savings and investment behavior and education attainment 

(Dohmen et al., 2011; Castillo, 2011; Eckel et al., 2005). Having children is likely to be 

correlated with those and other economic behaviors. Therefore our finding that having 

children affects time discounting suggests that caution is advisable when estimating the 

effect of time discounting on economic behavior in order to avoid biased estimates. 
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3.2 Background 

3.2.1 Changes in time discounting 

It is important to distinguish time discounting from time preferences. We can 

measure how much people discount the future by observing the intertemporal choices 

they make. However, time preferences is a theoretical economic construct that cannot be 

measured. The intertemporal choices people make will typically depend not only on 

their underlying time preferences, but also on the environment. For instance, in 

theoretical models, individuals with the same time preferences may exhibit different 

intertemporal behavior if they own different levels of wealth (Becker and Mulligan, 

1997; Dean and Sautmann, 2014). Therefore the empirical literature that aims to evaluate 

whether time preferences are stable using measured discount rates should be careful in 

providing convincing evidence that relevant environmental factors are being controlled. 

Changes in observed intertemporal behavior may reflect changes in time 

preferences. Even though traditionally in economics preferences are assumed to be 

exogenous fixed traits of individuals, this assumption has started to be challenged in the 

past years. Becker and Mulligan (1997) present a model of endogenous determination of 

time preferences. The basic idea is that people can put forth effort to increase their 

valuation of the future. Their model implies that any increase in future utility that does 

not increase the marginal utility of current consumption raises the incentives for people 
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to invest in valuing the future. Therefore, for example, an increase in life expectancy or 

in expectations about having better health or greater wealth in the future will change 

time preferences as it will raise people’s valuation of the future.  

There is a growing empirical literature that aims to estimate whether events 

affect time preferences. In particular, a literature has emerged that looks at the effects of 

disruptive events such as civil conflicts or natural disasters. The results in these studies 

are largely divergent, as some studies find that exposure to the extreme event increases 

the discount rate (Cassar et al., 2011; Sawada and Kuroishi, 2015; Voors et al., 2012), 

decreases the discount rate (Callen, 2011; Chantarat et al., 2015) or has no consistent 

effect (Ingwersen, 2014; Willinger et al., 2013). This lack of consistency may be due to the 

challenges to identify a causal relationship due to common problems of endogenous 

exposure and sample selection. Ingwersen (2014) addresses these challenges quite 

rigorously and finds no effect on time discounting of exposure to the 2004 Indian Ocean 

tsunami, even though the event was such a traumatic experience that may have affected 

people’s life expectations. 

There is also theoretical and empirical literature focused on how changes in 

observed intertemporal behavior may be due to changes in circumstances rather than to 

changes in time preferences. Measured discount rates reflect time preference parameters 

only in the extreme case of complete credit constraints. Dean and Sautmann (2014) 
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develop a model in which individuals can borrow or save to some degree and they may 

also face financial shocks. They show that in this case intertemporal choices can change 

given a financial shock even when time preferences remained constant. Specifically, 

positive income or saving shocks will decrease the discount rate and negative spending 

shocks will increase it. Using a panel data set the authors provide empirical evidence of 

their theoretical predictions. Also in line with those predictions, Harrison et al. (2006) 

and Krupka and Stephens (2013) find that individuals’ measured discount rate decrease 

with a negative financial shock. Moreover, Krupka and Stephens (2013) find individuals’ 

measured discount rate also respond to the inflation rate in the economy. Nonetheless, 

Meier and Sprenger (2010) find no correlation between financial shocks and measured 

discount rates. 

3.2.2 Having children and time discounting: potential pathways 

Having children could affect time discounting by changing time preferences. 

One potential pathway is that individuals may regard fertility as a form of longevity 

(Córdoba and Ripoll, 2011) and thus given the predictions of the Becker and Mulligan 

(1997) model, people having children would become more patient. Bauer and Chytilová 

(2009) find suggestive evidence in this regard as they find that women with children 

younger than 18 years old exhibit a lower discount rate than women without children. 

The authors argue that it is unlikely that their results are driven by reverse causality. 
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They reckon that if parents were altruistic as in Becker and Tomes (1976), more patient 

parents would prefer to have fewer children in order to be able to invest more in them. 

This will make their estimates biased downwards. And if parents were selfish and 

consider children a form of investment for their old age, patient parents would prefer to 

have more children. They discard this possibility as they find that the measured 

discount rate has a weaker correlation with total number of children than with number 

of young children. However, it is unclear why investing more in fewer children is not a 

reasonable form of investment for parents’ old age. 

In addition to increasing effective longevity, having children may also increase 

parents’ incentive to save for the future. Depending on the context, children typically 

require the largest financial investments between the ages of thirteen and twenty-two 

when education expenses are most burdensome. As such, parents with children younger 

than thirteen have a greater incentive to save than non-parents.  This greater incentive to 

save may affect the time discounting behavior of parents.  Importantly, this mechanism 

only applies to parents for whom child-bearing was not fully anticipated. If child-

bearing is fully anticipated, the anticipated time horizon of education costs will not 

change when the child is born.  Furthermore, if the incentive to invest in education 

differs by the gender of the child than this mechanisms predicts heterogeneous effects 

on time discounting by whether the child is a boy or a girl.  In some settings, parents 
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invest substantially more in the education of boys implying that birthing a boy may 

result in greater differences in time discounting (Rose, 2000; Deolalikar and Rose, 1998). 

The previous two mechanisms all suggest child bearing increases the patience of 

parents; however, there are alternative mechanisms which suggest the opposite.  The 

inconclusiveness of theory indicates the need for empirical work which measures the 

effects of child bearing on time discounting.  One reason why child rearing may increase 

patience is if parents view children as a substitute for saving for retirement (Cigno, 1995; 

Rosati, 1996; Wigger, 1999).  In many settings, it is common for children to support 

elderly parents; as such, the arrival of a child reduces parents’ incentive to save for 

retirement which may result in greater time discounting.  As with the education 

investment mechanism, this mechanism only applies to parents for whom child-bearing 

was not fully anticipated. If child-rearing is fully anticipated, the savings value of 

children is fully anticipated before the child is born. Furthermore, the importance of this 

mechanism is also likely to vary with the child’s gender. For instance, if male children 

offer greater expected elderly care then the birth of a male child has a greater effect on 

time discounting. 

Another mechanism which may reduce the patience of parents is the immediate 

cost of child care expenses.  With complete credit markets and fully anticipated child-

bearing, parents should smooth consumption such that child birth does not affect 
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discounting behavior.  However, with incomplete credit markets parents may not be 

able to save for child care costs and thus may need to temporarily decrease their own 

consumption. This increases the relative value of present consumption which decreases 

patience in discounting behavior (Dean and Sautmann, 2014).  Moreover, parents will 

not save for child care costs for births which are unanticipated; as such, unanticipated 

births will lead to decreases in own consumption and decreases in patience.  

In addition to the cost of child care, there are psychic effects of child rearing 

which may also decrease patience.  Providing child care may significantly increase stress 

levels in parents. Increases in stress levels decrease self-regulatory resources which may 

decrease willingness to postpone current consumption in favor of future rewards (Berns 

et al., 2007; Vohs and Faber, 2007).  In this way, stress from child rearing may introduce 

temporary present bias in discounting behaviors.  This mechanism is likely to be 

strongest for first-time parents when their children are still very young.  As such, this 

mechanism predicts smaller effects for subsequent children and suggests that effects will 

dissipate as children age. 

To summarize, there are many reasons to suspect that having children will 

change time discounting behavior.  First, increases in effective longevity and expected 

costs of education may explain why having children increases patience.  In both cases, 

these mechanisms can only explain effects of not fully anticipated child births—if 
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parents anticipate having a child their effective longevity and expected costs of 

education will not change when the child is born—however, the cost of education 

mechanism predicts that the increases in patience will be larger for children who are 

expected to receive larger educational investments.  In certain settings, this implies that 

boys will yield larger changes than girls.  This difference provides a potentially useful 

method for distinguishing the mechanisms underlying positive effects of child-bearing 

on patience. 

Second, the savings value of children and the cost and stress of child care may 

explain why having children decreases patience.  The savings value of children only 

influences discounting for births which are not fully anticipated; the cost of child care 

will influence discounting for all births only when credit markets are incomplete; and 

the stress of child care will influence discounting in all cases.  If identification of credit 

constraints and anticipated and unanticipated births is possible, this difference provides 

a potentially useful method for distinguishing the mechanisms underlying negative 

effects of child-bearing on patience. Furthermore, the savings value mechanism suggests 

that the effects will be larger for boys who provide more care for elderly parents and the 

stress mechanism suggests that the effects will be largest for first time parents with very 

young children.  This heterogeneity provides additional power for distinguishing the 

mechanisms underlying negative effects of child-bearing on patience. 
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3.3 Data 

3.3.1 Mexican Family Life Survey (MxFLS) 

The data for this analysis is drawn from the Mexican Family Life Survey 

(MxFLS), a longitudinal survey representative of the Mexican population in 2002 when 

the baseline (MxFLS1) was conducted. The first follow-up of this survey (MxFLS2) was 

conducted in 2005-06 and the second one in 2009-13 (MxFLS3). This survey collects 

extensive socioeconomic and demographic information on households and individuals 

across the three waves. Crucial for this study, MxFLS2 and MxFLS3 elicit respondents’ 

discount rates. The MxFLS uses hypothetical questions and follows standard elicitation 

methods, in which respondents are asked to choose between monetary amounts in two 

different time periods (Frederick et al., 2012). Given that the interval between MxFLS2 

and MxFLS3 comprises several years, a significant proportion of individuals had 

children between the two waves. This will allow us to compare the discount rates of the 

same individual having different number of children. 

For our analysis, we need to focus on respondents who had their discount rates 

elicited in both MxFLS follow-ups. For respondents who were between 15 and 40 years 

old in MxFLS2, Table 3.1 shows the distribution of the number of children they had 

between MxFLS2 and MxFLS3 by gender and by the number of children they already 

had in MxFLS2. If the respondent was expecting a child, that child is also counted. We 
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will focus on respondents who were childless in MxFLS2, those who had one child and 

those who had two children1. Among women who were childless in MxFLS2, 26% had 

one child between MxFLS2 and MxFLS3 and 10% had two children. The distribution for 

men is different. Whereas a similar percentage had two children (8%), only 16% had one 

child. This is a sign of caution regarding the degree of sample selection for men2. Among 

women who already had one child in MxFLS2, 44% had one additional child between 

MxFLS2 and MxFLS3 and 10% had two children. The situation is similar for men. And 

among women who already had two children, still 26% of them had one additional child 

later and 4% had two. Again, the situation is similar for men. This table shows that we 

have enough variation in fertility to conduct our analysis. 

We conduct separate analysis to study the effects of becoming parent and of 

having additional children. The analytical sample for the first case includes those  

  

                                                      

1 This comprises 77% of the sample. We exclude respondents who already had three or more 

children in MxFLS2 because they are less likely to keep having children between MxFLS2 and 

MxFLS3 and because there is likely to be more measurement error in this sample. We are also 

excluding those respondents who had multiple births or who had children who died (around 2% 

of the sample). 
2 The degree of sample selection is greater for men as they are more likely to attrite given their 

typically higher opportunity cost of time.  
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Table 3.1: Distribution of number of children between MxFLS2 and MxFL3 

 

individuals aged 15 to 34 and childless in MxFLS2 (Sample 1)3.  For the second case, we 

use two samples: those individuals aged 15 to 40 and with one child in MxFLS2 (Sample 

2) and those with two children in MxFLS2 (Sample 3). Table 3.2 presents summary 

statistics of sociodemographic characteristics for these samples. Moreover, we are also 

interested in knowing whether some of these characteristics changed between MxFLS2 

and MxFLS3 and whether these changes are correlated with having children. In Table 

3.3 we focus on changes in having spouse at home, attending school and working. We 

show this for the sample who was childless in MxFLS2, stratified by the number of 

children respondents had between MxFLS2 and MxFLS3 (none or one). By comparing 

these two groups, we show that those who became parents are more likely to also 

                                                      

3 We further restrict the age range in this sample because too few respondents older than 34 are 

childless in MxFLS2 (less than 10%). 

  Women Men 

Number of children 

between MxFLS2 

and MxFLS3 

Number of children             

in MxFLS2 

Number of children          

in MxFLS2 

None One Two None One Two 

None 64% 46% 71% 76% 41% 70% 

One 26% 44% 26% 16% 46% 26% 

Two or more 10% 10% 4% 8% 13% 4% 

Observations 1,951 959 993 1,560 399 439 
Note: The sample is composed of respondents between 15 and 40 years old in MxFLS2, with 

elicited discount rates in MxFLS2 and MxFLS3.  
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experience other changes. There is a high correlation between becoming parents and 

changing to have a spouse at home. Only 5% of women and 6% of men who remained 

childless changed to have a spouse at home, whereas 45% of women and 76% of men 

who had one child did. There is little correlation with changes in attendance to school, 

but that is not the case with employment status for women. Women who had one child 

are less likely to start working and more likely to stop working than their counterparts 

who remained childless. As these changes may also affect time discounting, it is 

important to test the robustness of our results to controlling for them4. 

 

Table 3.2: Means of sociodemographic characteristics of analytical samples 

  Women Men 

  Sample 1 Sample 2 Sample 3 Sample 1 Sample 2 Sample 3 

Age 20.2 24.6 29.7 20.4 26.8 31.7 

Years of education 9.9 9.2 8.5 9.5 8.7 9.1 

Has spouse at home 8% 68% 82% 8% 93% 97% 

Attends school 40% 4% 1% 37% 3% 2% 

Works 32% 30% 30% 57% 94% 97% 

Observations 1,860 959 993 1,472 399 439 

Notes: The sample is composed of respondents with elicited discount rates in MxFLS2 and MxFLS3. Sample 1 

includes respondents aged 15 to 34 and childless in MxFLS2.  Sample 2 includes respondents aged 15 to 40 and with 

one child in MxFLS2. Sample 3 includes respondents aged 15 to 40 and with two children in MxFLS2. 

 

 

                                                      

4 We do not show these changes for the other analytical samples as either respondents do not 

experience changes in these variables or there is limited correlation between these changes and 

having children. 
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Table 3.3: Other changes between MxFLS2 and MxFLS3 

  Women Men 

  Children between 

MxFLS2 and MxFLS3 

Children between 

MxFLS2 and MxFLS3  

  None One None One 

Has spouse at home     

     In neither wave 90% 44% 90% 10% 

     Only in MxFLS3 5% 45% 6% 76% 

     In both waves 4% 10% 3% 14% 

     Only in MxFLS2 1% 1% 1% 0% 

     

Attends school     

     In neither wave 50% 65% 54% 76% 

     Only in MxFLS3 4% 2% 3% 1% 

     In both waves 20% 4% 17% 3% 

     Only in MxFLS2 26% 30% 26% 20% 

     

Works     

     In neither wave 41% 51% 20% 2% 

     Only in MxFLS3 28% 17% 29% 27% 

     In both waves 22% 17% 45% 69% 

     Only in MxFLS2 9% 16% 6% 3% 

     

Observations 1,164 499 1,110 237 

Note: The sample is composed of respondents aged 15 and 34 and childless in MxFLS2. 

 

3.3.2 Time discounting measures 

To elicit time discounting, the MxFLS relies on a set of hypothetical questions 

about choices between a payment today and a larger payment in a month. In Appendix 

Figure 3.1, we present the set of questions used in MxFLS2. The first question is aimed at 

assessing whether the respondent understands this type of questions. In this first 
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question, the respondent is asked to choose between $1,000 today and the same amount 

in a month (in Mexico, the sign used for the Mexican peso is $)5. As the latter option 

provides no apparent advantage, a preference for this option may indicate lack of 

understanding. People who chose this option were asked the reason for their choice and 

most of them plainly said that it was for saving purposes. Therefore we consider them as 

having a very high valuation for the future, that is, as being very patient. The second 

decision the respondent faced is between $ 1,000 today and $ 1,100 in a month. The idea 

behind this choice set is that a more patient individual will be willing to wait to get the 

higher amount whereas a more impatient individual will not. The question the 

respondent is asked next depends on her choice. If the respondent chose the higher 

amount of $ 1,100 in a month, then no more questions are asked and she would be in the 

most patient category. If she chose the lower amount of $ 1,000 today, next she will have 

to choose between $ 1,000 today again and now a slightly more attractive amount of $ 

1,200 in a month. A few more questions following this pattern are asked and given all 

their choices individuals can be ranked according to their patience levels. This ranking is 

shown at the bottom of the figure. 

                                                      

5 When the MxFLS2 was conducted, $1,000 was around US$90 and was approximately 80% of the 

minimum monthly wage. 
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In MxFLS3, a similar set of questions is included. The amounts were changed 

slightly, partly to account for inflation and partly to aim to achieve greater heterogeneity 

in the responses. Also, the sequence was modified in order to decrease the number of 

questions asked on average. Appendix Figure 3.2 shows this set of questions. The 

patience index that can be constructed according to the respondents’ choices is shown at 

the bottom. Table 3.4 shows the distribution of the impatience indexes in both waves for 

each of our analytical samples. It shows that there is a fair amount of variation in the 

responses. These measures are expected to be a noisy signal of the actual discount rate of 

the respondents. Therefore, instead of attempting to use each small change in measured 

patience, we only use changes at the extremes of the distribution. To do this we classify 

individuals as “most impatient” or not. We consider the respondent as being “most 

impatient” if she chose the present amount every time (category 5 in the impatience 

indexes of both waves). This is our preferred classification because is based in the most 

extreme category in one of the tails of the distribution and we have a good percentage of 

respondents in this category. Nonetheless, we confirm that our results are robust to an 

alternative classification that also has a good percentage of respondents in each 

category6.  

                                                      

6 In this alternative classification, we still consider respondents as “most impatient” in MxFLS2 if 

they are in the category 5 of the impatience index, but for MxFLS3 we consider respondents as 
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Table 3.4: Distribution of impatience indexes 

Panel A: Women             

 Sample 1 Sample 2 Sample 3 

Impatience index MxFLS2 MxFLS3 MxFLS2 MxFLS3 MxFLS2 MxFLS3 

0 13% 18% 9% 11% 6% 9% 

1 14% 13% 13% 11% 13% 11% 

2 9% 11% 10% 10% 9% 10% 

3 12% 15% 12% 17% 14% 17% 

4 10% 5% 12% 9% 13% 6% 

5 42% 39% 44% 43% 44% 46% 

Observations 1,860 1,860 959 959 993 993 

 

Panel B: Men             

 Sample 1 Sample 2 Sample 3 

Impatience index MxFLS2 MxFLS3 MxFLS2 MxFLS3 MxFLS2 MxFLS3 

0 11% 14% 11% 11% 5% 10% 

1 14% 10% 11% 7% 9% 14% 

2 9% 9% 9% 10% 9% 11% 

3 13% 16% 10% 23% 16% 13% 

4 13% 8% 13% 8% 13% 6% 

5 41% 43% 46% 42% 47% 46% 

Observations 1,472 1,472 399 399 439 439 
Notes: The sample is composed of respondents with elicited discount rates in MxFLS2 and MxFLS3. Sample 1 

includes respondents aged 15 to 34 and childless in MxFLS2.  Sample 2 includes respondents aged 15 to 40 and 

with one child in MxFLS2. Sample 3 includes respondents aged 15 to 40 and with two children in MxFLS2. 

 

                                                      

“most impatient” if they are either in category 4 or 5. By doing this, in both cases respondents 

classified as “most impatient” preferred to receive $1,000 today over $2,000 in a month. However, 

in MxFLS3 we would be including as “most impatient” those that preferred to receive $3,000 in a 

month over $1,000 today and we do not know whether those classified as “most impatient” in 

MxFLS2 would prefer that.   
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For our preferred classification, Table 3.5 shows the distribution of respondents 

for each sample according to their classification as “most impatient” in MxFLS2 and 

MxFLS3. Almost half of respondents are classified in a different category in each wave. 

This lack of stability may partly be attributed to noise, but it also may be due to 

individuals experiencing life events that cause their discount rate to change. The goal of 

this paper is to estimate whether having children is part of the explanation. 

Table 3.5: Distribution of “most impatient” individuals in MxFLS2 and MxFLS3 

  Women Men 

  Sample 1 Sample 2 Sample 3 Sample 1 Sample 2 Sample 3 

In "most impatient" category:       

     In neither wave 37% 33% 31% 35% 32% 28% 

     Only in MxFLS3 22% 23% 25% 24% 21% 25% 

     In both waves 17% 20% 21% 19% 21% 22% 

     Only in MxFLS2 25% 24% 23% 22% 26% 26% 

Observations 1,860 959 993 1,472 399 439 

Notes: The sample is composed of respondents with elicited discount rates in MxFLS2 and MxFLS3. Sample 1 

includes respondents aged 15 to 34 and childless in MxFLS2.  Sample 2 includes respondents aged 15 to 40 and with 

one child in MxFLS2. Sample 3 includes respondents aged 15 to 40 and with two children in MxFLS2. 

 

We can use each wave of MxFLS separately to show how being in the “most 

impatient” category relates to being a mother. We restrict the sample to those women 34 

year old or younger, who either have no children or have one child that is at most 11 

years old. The analysis is restricted to women in order to have greater homogeneity in 

terms of co-residency with the child as women are very likely to be living with their 

young children. We compare the impatience levels of mothers to the impatience levels of 
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women without children, allowing the estimates to be different by the age of the child 

and controlling for sociodemographic characteristics. Panel A in Appendix Figure 3.3. 

shows the estimates for MxFLS2 and panel B for MxFLS3. The estimates for MxFLS3 

shows a positive association between impatience and having a child when the child is 

young. The association is statistically significant when the child is younger than 2 years 

old and when he or she is 4 – 5 years old. However, there is no clear relationship using 

MxFLS2. In these estimations we are not able to control for unobserved time invariant 

heterogeneity that may be driving both impatience levels and the likelihood of being a 

mother. In our empirical strategy we do that by implementing a differences in 

differences approach exploiting the panel nature of the MxFLS. 

3.4 Empirical strategy and results 

3.4.1 Effect of becoming a parent 

The aim of the regression analysis is to show how having children changes 

individuals’ time discounting. A starting point is to estimate how motherhood changes 

time discounting. Therefore we first restricting to the sample of women who were 

childless in MxFLS2. The difference-in-difference specification we estimate is: 

                        0 1 2 (1)
it it it i t itY OC TMC            

where 
it

Y is a binary variable equal to 1 if woman i interviewed in wave t is in the 

impatient category; itOC  is a binary variable equal to 1 if the woman has one child (or is 
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pregnant of her first child), itTMC  is a binary variable equal to 1 if the woman has two 

or more children (or is pregnant of her second child), i  captures individual fixed effects 

and t includes a wave fixed effect. We are interested in the estimation of the parameter 

1  which captures how becoming a mother changes time discounting. We control for 

itTMC  to be able to distinguish the effect of becoming a mother from the effect of having 

more children.7 Including individual fixed effects allow us to control for all unobserved 

time-invariant heterogeneity that may be correlated with motherhood and time 

discounting. By including a wave fixed effect we also control for a linear trend in time 

discounting between the two waves. 

The first column in Table 3.6 shows the result of this specification. It shows that 

becoming a mother has a positive effect on impatience. Those women who became 

mothers are 7.4 percentage points more likely to be in the more impatient category than 

those who remained childless. However, the effect is significant only at the 10% 

confidence level. In the second column we evaluate the effect of becoming a mother in 

the past two years. In this case we find that the positive effect is significant at the 1% 

confidence level. This gain in precision suggests that the effect of motherhood on time 

                                                      

7 Results are very similar if instead we carry out the analysis excluding those women who had 

more than one child between MxFLS2 and MxFLS3.  
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discounting is relatively short-lived. This result is consistent with the findings of Gorlitz 

and Tamm (2015) that the effect of parenthood on risk aversion is stronger in the first 

years after the childbirth and disappears when the child becomes older.  

One of the potential mechanisms described earlier that may explain why 

becoming a mother can increase time discounting is the one that poses that children are 

seen as a substitute for saving for retirement. This effect can depend on the child’s 

gender if the expectation of the quality of elderly care varies by the child’s gender. To 

evaluate this we distinguish the effect of having a female child to the one of having a 

male child. In column 3 of Table 3.6 we do this by including all first childbirths and in 

column 4 we focus on those that occurred in the past two years. We do not find evidence 

that the effect of motherhood is different by the gender of the child8. 

Another potential explanation is given by the argument that children can 

generate a spending shock if credit markets are incomplete and parents were not able to 

save. One would expect that in this case the effect is stronger for women who are 

potentially more credit constrained. To explore this possibility we estimate whether the 

                                                      

8 As seen in Table 3, women becoming mothers are also more likely to have experienced other life 

events such as having spouse at home, finishing their education or getting a job relative to 

women who remained childless. Therefore a potential concern with equation (1) is that our 

parameter of interest would be capturing the effect of these other life changes on time 

discounting and not the effect of motherhood. To alleviate this concern, in Appendix Table 3.1 we 

show that the positive effect of motherhood on time discounting is quite robust to the inclusion of 

these time-varying characteristics. 



 

 

112 

Table 3.6: Change in time discounting after becoming a mother 

    Most impatient = 100 

  [1] [2] [3] [4] 

Expecting or had first child born alive 7.39*    

 (3.94)    

Expecting or had first child born alive less than 2 years ago  11.15***   

  (3.72)   

Had first child born alive female   6.20  

   (4.75)  

Had first child born alive male   8.47*  

   (4.57)  

Had first child born alive less than 2 years ago female    7.41 

    (5.19) 

Had first child born alive less than 2 years ago male    14.20*** 

    (5.00) 

Mean of dependent variable 40.11 40.10 40.12 40.12 

Observations 3,720 3,718 3,714 3,714 

Number of individuals 1,860 1,859 1,857 1,857 

Notes: The sample is composed of women aged 15 to 34 and childless in MxFLS2. Standard errors clustered at the 

municipality level. *** p<0.01, ** p<0.05, * p<0.1.  All models further control for a wave fixed effect and for having 

two or more children. 

 

effect of motherhood was stronger for women of lower socioeconomic status. We use 

household per capita expenditure and years of education as measures of socioeconomic 

status9. The results are shown in the first four columns of Table 3.7.  We find no evidence 

of heterogeneous effects using either of these measures. 

                                                      

9 We use household per capita expenditure from MxFLS2, so that it is not affected by changes in 

household composition due to motherhood, and years of education from MxFLS3 so that it is more 

likely to reflect completed education.  
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Table 3.7: Change in time discounting after becoming a mother, heterogeneous effects 

 

Given that a positive effect of motherhood on impatience is more likely to occur 

if the childbirth was not fully anticipated, we also estimate heterogeneous effects by the 

presence of a spouse at home in MxFLS3. The assumption is that it is more probable that 

the pregnancy was planned by women who have a spouse at home in MxFLS3 than by 

those who do not. The last two columns of Table 3.7 shows these results. In line with this 

argument, we find that the effect is larger and more precisely estimated for women 

without a spouse at home in MxFLS3. This result may also be explained by the 

mechanism that maintains that the potential stress children generate in mothers may 

make them more impulsive and thus prefer the more immediate reward. Women 

without a spouse or whose spouse is not at home may be more likely to experience 

stress from child rearing. 

  Most impatient = 100 

 By HH PCE in MxFLS2 By education in MxFLS3 By presence of spouse 

 
Bottom 

50% 

Upper 

50% 

At most 

Junior High 

School 

More than 

Junior High 

School 

Spouse at 

home 

Without 

spouse / 

spouse not 

at home 

 

 

   [1] [2] [3] [4] [5] [6] 

Expecting or had first child born 

alive less than 2 years ago 
12.02** 12.84** 10.65* 10.86** 2.63 20.96*** 

 
(4.83) 

 

(5.62) 

 

(5.51) 

 

(5.08) 

 

(6.62) 

 

(6.28) 

 

Mean of dependent variable 40.91 39.31 41.20 39.51 40.72 39.87 

Observations 1,838 1,834 1,488 2,174 1,034 2,684 

Number of individuals 919 917 744 1,087 517 1,342 

Notes:  The sample is composed of women aged 15 to 34 and childless in MxFLS2. Standard errors clustered at the municipality level.  

*** p<0.01, ** p<0.05, * p<0.1.  All models further control for a wave fixed effect and for having two or more children. 
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The fact that the effect of motherhood seems to fade out can also be reasonably 

explained given these results. Since the impact is heavily concentrated among those for 

whom the pregnancy was more likely to be unanticipated, the effect may fade out as the 

new mothers adjust to their current spending needs or as they learn how to manage the 

most stressful parts of child rearing.  

Given the different roles of men and women in parenthood and the empirical 

evidence of gender differences in time discounting, it would be interesting to evaluate 

whether the effect of parenthood on time discounting vary by gender. However, 

unfortunately data limitations prevent us from identifying the effect of parenthood for 

men as we did for women. This is apparent from Table 3.3 that shows that in our 

analytical sample 76% of the men who became fathers also changed to have spouse at 

home between MxFLS2 and MxFLS3. This makes difficult to distinguish the effect of 

parenthood from the effect of marriage for men. 

  Nonetheless, we can still estimate the effect of parenthood on the subsample of 

men with a spouse in MxFLS3 and do the same for women to make both samples more 

comparable. Results for these samples are shown in the first column in Table 3.8, in 

Panel A for women and in Panel B for men. We find that the effect of parenthood is 

negative for men and is positive for women. However, none of the effects nor the 

difference between them is statistical significant. The subsequent columns of Table 3.8 
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show the results for the samples stratified by the two indicators of socioeconomic status 

we are using: household PCE and years of education. In almost all subsamples 

parenthood has a positive effect on time discounting for women and a negative one for 

men. For better educated men the negative effect is statistically significant. We cannot 

test which of the potential mechanisms through which parenthood can decrease time 

discounting is operating here. However, it is interesting to note that the mechanisms 

through which parenthood increases time discounting are likely to be less relevant for 

this group. Given the traditional different roles of men and women, men may be less 

likely to be stressed due to the task of raising children. This may be especially true for 

better educated men who are also less likely to face credit constraints 10. 

                                                      

10 In an effort to further investigate whether parenthood affects time discounting differently for 

men and women, we carried out an analysis on couples in MxFLS3 to make the samples of men 

and women more comparable. As most new parents were not married in MxFLS2 we cannot 

carry out this analysis using individual fixed effects. Instead we use only MxFLS3 information 

and estimate a couples fixed effects model. We do not find evidence that parenthood affects time 

discounting differently for the wife than for the husband. 
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Table 3.8: Changes in time discounting after parenthood 

 

 

 

 

 

 

 

 

 

 

3.4.2 Effect of having additional children 

For this analysis we restrict the sample to those who already had either one child 

or two children in MxFLS2. We estimate the following specification for those who had one 

child in MxFLS2: 

0 1 2 (2)
it it it i t itY TC ThMC            

  Most impatient = 100 

 

All 

By HH PCE in MxFLS2 By education in MxFLS3 

 

Bottom 

50% 

Upper 

50% 

At most 

Junior High 

School 

More than 

Junior High 

School 

 

 

 

  [1] [2] [3] [4] [5] 

Panel A: Women 
  

    

Expecting or had first child born 

alive less than 2 years ago 
2.63 1.57 5.43 7.85 -4.34 

 
(6.62) 

 

(8.69) 

 

(10.00) 

 

(10.05) 

 

(8.65) 

 

Mean of dependent variable 41 39 42 40 42 

Observations 1,034 512 512 524 470 

Number of individuals 517 256 256 262 235 
 

Panel B: Men 
 

     

Expecting or had first child born 

alive less than 2 years ago 
-10.62 -6.69 -15.48 0.54 -28.72*** 

 
(6.72) 

 

(7.82) 

 

(10.67) 

 

(9.45) 

 

(9.91) 

 

Mean of dependent variable 44 47 41 44 45 

Observations 848 422 422 518 310 

Number of individuals 424 211 211 259 155 
Notes: The sample is composed of respondents aged 15 to 34 and childless in MxFLS2, with spouse at home in MxFLS3. Standard 

errors clustered at the municipality level. *** p<0.01, ** p<0.05, * p<0.1.  All models further control for a wave fixed effect and 

for having two or more children. 
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where 
it

Y is a binary variable equal to 1 if the individual i interviewed in wave t is 

in the impatient category; itTC  is a binary variable equal to 1 if the individual has two 

children (or is expecting her second child), itThMC  is a binary variable equal to 1 if the 

individual has three or more children, i  captures individual fixed effects and t includes 

a wave fixed effect. The specification we estimate for those who had two children in 

MxFLS2 is analogous, but instead of itTC we use a binary for having three children and 

instead of itThMC  we use a binary for having four or more children. Additionally, we 

estimate a model for a sample including both those who had one child and those who had 

two children in MxFLS2 using the number of children as covariate. 

Table 3.9 shows the results of these models. In general, we do not find statistically 

significant results. Results are also not significant if births are restricted to those in the 

past two years. The lack of significant effects found for women having additional children 

compared to the significant effects we found for women becoming mothers may be 

explained by the fact that women having higher parity births are more likely to live with 

their spouses (as shown in Table 3.2) and thus more likely that their births were planned. 

Also, raising subsequent children may be less stressful after already having had the 

experience of raising a child.  
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Table 3.9: Change in time discounting after having additional children 

 

It is also interesting to note that consistent with our previous findings, having 

children usually increases time discounting for women and decreases it for men. The 

difference in the effects between women and men is statistically significant in the samples 

of those who already had two children in MxFLS2. In order to rule out that this difference 

is due to sample selection, in Table 3.10 we show results on more comparable samples of 

men and women: those who were spouses in MxFLS2 and MxFLS3 and have the same 

children. We find again that the difference in the effects between women and men is 

statistically significant for those who already had two children in MxFLS2. This result 

speaks to the literature concerned with gender differences in economic behavior. 

  Most impatient = 100 

 Had 1 child Had 2 children Had 1 or 2 children 

 in MxFLS-2 in MxFLS-2 in MxFLS-2 

 Women Men Women Men Women Men 

 [1] [2] [3] [4] [5] [6] 

Has 2 children 0.87 -5.15     

 (4.33) (7.52)     

Has 3 children   4.16 -13.88*   

   (4.90) (7.60)   

Number of children     0.87 -3.72 

     (2.42) (2.77) 

Mean of dependent variable 43.22 44.11 45.17 46.92 44.21 45.58 

Observations 1,918 798 1,986 878 3,904 1,676 

Number of individuals 959 399 993 439 1,952 838 
Notes: The sample is composed of respondents aged 15 to 40 who already had children in MxFLS2, with spouse 

at home in MxFLS3. Standard errors clustered at the municipality level. *** p<0.01, ** p<0.05, * p<0.1.  All 

models further control for a wave fixed effect and for having more children. 
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Table 3.10: Change in time discounting after having additional children,  

samples of spouses 

 

3.5 Conclusion 

This paper studies whether time discounting of women and men change after 

becoming parents or after having additional children. Exploiting a longitudinal dataset, 

we implement a difference-in-difference estimation strategy in order to control for all time 

invariant heterogeneity that may affect time discounting and fertility. The crucial 

identifying assumption of our estimation strategy is that in the absence of childbirths 

individuals who had children would had experienced the same average changes in time 

discounting as individuals who did not have children. Then our results would be biased 

if individuals having children also experienced other life events that affected their 

  Most impatient = 100 

 Had 1 child Had 2 children Had 1 or 2 children 

 in MxFLS-2 in MxFLS-2 in MxFLS-2 

 Women Men Women Men Women Men 

 [1] [2] [3] [4] [5] [6] 

Has 2 children 14.58* 8.16     

 (8.29) (8.93)     

Has 3 children   4.57 -12.81   

   (8.69) (8.42)   

Number of children     6.30 1.80 

     (4.40) (3.78) 

Mean of dependent variable 42.49 42.66 45.16 46.99 44.00 45.11 

Observations 586 586 764 764 1,350 1,350 

Number of individuals 293 293 382 382 675 675 
Notes: The sample is composed of respondents aged 15 to 40 who already had children in MxFLS2, spouses in 

MxFLS2 and MxFLS3. Standard errors clustered at the municipality level. *** p<0.01, ** p<0.05, * p<0.1.  All 

models further control for a wave fixed effect and for having more children. 
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discount rates. In order to alleviate this concern we showed that our results are robust to 

the inclusion of time-varying characteristics. 

We find heterogeneous effects of having children on time discounting that may 

speak to the potential mechanisms. Our results show that motherhood decreases patience 

particularly for women without a spouse at home and while the child is still very young. 

These results suggest that child rearing for the first time may decrease patience due to the 

stress and not fully anticipated spending needs it can generate. This effect seems to fade 

out, presumably as mothers adjust to their new situation. In contrast, we find evidence 

that having children may increase patience for men, particularly for better educated men. 

Men may be less likely to experience high levels of stress related to child rearing given 

their traditional different role in this task.  Furthermore, better educated men should be 

less likely to face credit constraints which prevent them from smoothing the costs of child 

care.  

In sum, our findings show that parenthood changes time discounting, potentially 

through affecting time preferences, and that the effects are different for women and men. 

This study speaks to the literature concerned with the stability of preferences and whether 

certain events can affect them. It also contributes to the evidence on gender differences in 

economic behavior. Finally our results also suggest use of caution when trying to predict 

behavior using measured discount rates due to potential endogeneity bias.      
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       Appendix: Chapter 1   

 

Appendix Table 1.1: Impact of exposure to the tsunami at the individual level on social attittudes in tsunami-affected 

communities, including community fixed effects 

  

  

ALTRUISTIC BEHAVIOR  

(Dictator Game: % sent) 

TRUSTING BEHAVIOR  

(Trust Game: % sent) 

“PURE” TRUSTING BEHAVIOR  

(Trust Game – Dictator Game) 

 

Towards recipient in 

community: 
Difference 

Towards recipient in 

community: 
Difference 

Towards recipient in 

community: 
Difference 

 
Unaffected 

Tsunami-

affected 
[2]-[1] Unaffected 

Tsunami-

affected 
[5]-[4] Unaffected 

Tsunami-

affected 
[8]-[7] 

 

  [1] [2] [3] [4] [5] [6] [7] [8] [9] 

             

Damage to house/land/HH goods -7.53** -10.44*** -2.91 -5.79** -13.57*** -7.78*** 1.74 -3.13 -4.87 

 (3.23) (3.32) (3.89) (2.77) (2.66) (1.73) (2.41) (3.89) (3.85) 

Damage to livestock/transportation 2.15 0.96 -1.19 5.65** 8.64 2.99 3.50* 7.69** 4.19 

 (3.54) (5.86) (3.74) (2.87) (5.74) (4.27) (1.88) (3.34) (3.27) 

Damage to property of close family -5.08** -7.69** -2.61 -6.79*** -11.09*** -4.29*** -1.71 -3.40 -1.68 

 (2.24) (3.24) (3.49) (2.09) (2.70) (1.51) (2.70) (3.37) (3.69) 

Damage to property of others 5.54* 3.63 -1.92 7.81** 5.82* -2.00 2.27 2.19 -0.08 

 (3.00) (2.93) (3.12) (3.88) (3.05) (3.21) (3.60) (3.00) (1.57) 

Severe physical exposure 0.09 -3.52 -3.61 4.66 -4.21 -8.87** 4.58* -0.69 -5.26* 

 (2.86) (2.78) (3.01) (3.34) (6.38) (4.10) (2.62) (3.78) (2.78) 

Lost close family -0.56 -0.10 0.47 -4.53 0.58 5.10*** -3.97 0.67 4.64 

 (3.56) (5.25) (4.10) (3.45) (4.41) (1.90) (2.71) (3.00) (3.25) 

Lost other family/friends -1.33 -1.90 -0.57 -6.28 -8.26** -1.98 -4.96 -6.37 -1.41 

 (4.89) (4.32) (5.44) (5.59) (4.00) (2.07) (3.11) (4.23) (4.25) 

Notes: Sample size is 309.  Standard errors clustered at the community level (in parentheses). Model controls for gender, age, education, HH PCE and HH size at baseline 

and ownership of assets. 
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Appendix Table 1.2: Impact of exposure to the tsunami at the individual level on social attitudes in unaffected 

communities, including community fixed effects 

  

ALTRUISTIC BEHAVIOR  

(Dictator Game: % sent) 

TRUSTING BEHAVIOR  

(Trust Game: % sent) 

“PURE” TRUSTING BEHAVIOR  

(Trust Game – Dictator Game) 

 

Towards recipient in 

community: 
Difference 

Towards recipient in 

community: 
Difference 

Towards recipient in 

community: 
Difference 

 
Unaffected 

Tsunami-

affected 
[2]-[1] Unaffected 

Tsunami-

affected 
[5]-[4] Unaffected 

Tsunami-

affected 
[8]-[7] 

 

  [1] [2] [3] [4] [5] [6] [7] [8] [9] 

             

Damage to property of family -1.94 0.76 2.70 -0.66 -1.65 -0.99 1.29 -2.40 -3.69 

 (2.65) (3.75) (3.30) (3.31) (3.34) (2.39) (3.35) (3.33) (2.67) 

Damage to property of friends 7.05*** 2.72 -4.32 9.62*** 11.82*** 2.21 2.57 9.10** 6.53*** 

 (2.12) (4.25) (4.07) (3.12) (4.26) (3.09) (3.50) (3.64) (2.32) 

Any physical exposure -0.07 1.44 1.51 3.54 2.98 -0.56 3.61** 1.54 -2.07 

 (2.71) (3.80) (1.97) (2.36) (3.34) (2.62) (1.82) (3.81) (3.84) 

Lost family -2.24 -1.26 0.97 -3.21 -2.71 0.50 -0.97 -1.44 -0.47 

 (2.57) (2.42) (2.11) (2.26) (2.67) (1.39) (1.05) (1.87) (1.51) 

Lost friends -3.06 -1.50 1.57 -1.51 -0.87 0.64 1.56 0.63 -0.93 

 (2.35) (4.37) (2.75) (3.82) (3.36) (1.57) (2.31) (4.01) (3.58) 

Notes: Sample size is 400.  Standard errors clustered at the community level (in parentheses). Model controls for gender, age, education, HH PCE and HH size at baseline 

and ownership of assets. 
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       Appendix: Chapter 2 

 

 

 

 

 

 

 

 

 

 

 

 

Appendix Figure 2.1: Series of Binary Choices over Hypothetical Gambles in MxFLS2 

 

     $ 500 / $ 2,000 or $ 1,000       

              

              

              

              

   $ 300 / $ 3,000 or $ 500 / $ 2,000         

              

              

              

       $ 800 / $ 2,000 or $ 1,000     

              

 $ -100 / $ 7,000 or $ 100 / $ 4,000           

              

              

         $ 800 / $ 4,000 or $ 1,000   

              

              

              

              

           $ 800 / $ 8,000 or $ 1,000 

              

EXIT              

Risk aversion 

ranking: 
1  2    3         4  5  6  7 

Notes:    In Mexico, the symbol $ stands for Mexican pesos. In this figure $ is also used to represent pesos. The risk aversion index goes from 1 to 7 and is increasing in risk aversion. Thee risk index 

categories 3 and 4 share the same exit option but corresponds to different choices:  The risk index category 3 corresponds to the following choices: $500 / $2,000 in the first and second choices and 

$800 / $2,000 in the third choice. The risk index category 4 corresponds to the following choices: $1,000 in the first choice and $800 / $2,000 in the second choice. It is worth mentioning that it is 

expected that those who chose $500 / $2,000 over $1,000 in the first choice would choose $800 / $2,000 over $1,000 if faced with the decision. We impose that for the very small percentage for whom 

this does not happen. 
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          $ 2,500 / $ 5,000 or $ 2,500   

               

            Explain again   

               

          $ 2,500 / $ 5,000 or $ 2,500   

               

               

               

            $ 2,500 / $ 5,000 or $ 2,000 

       $ 2,000 / $ 5,000 or $ 2,500      

               

               

               

     $ 1,500 / $ 5,000 or $ 2,500        

               

               

               

   $ 1,000 / $ 5,000 or $ 2,500          

               

               

               

 $ 500 / $ 5,000 or $ 2,500            

               

               

               

EXIT               

Risk 

aversion 

ranking: 

1  2  3  4  5   6 

 

7 

Notes:    In Mexico, the symbol $ stands for Mexican pesos. In this figure $ is also used to represent pesos. The risk aversion index goes from 1 to 5 and is increasing in risk aversion. We call “gamble averse” those in category 

6 and “gamble averse – pay” those in category 7. 

 

Appendix Figure 2.2: Series of Binary Choices over Hypothetical Gambles in MxFLS3 
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Appendix Table 2.1: Risk aversion index in MxFLS2 given risk aversion index in 

MxFLS3 

 

Risk 

index in 

MxFLS2 

Risk index in MxFLS3 

Total 1 

 

2 

 

3 

 

4 

 

5 

 

6               

(Gamble 

averse) 

7                            

(Gamble 

averse-pay) 

1 820 170 432 676 1,180 207 258 3,743 

 32% 32% 34% 35% 34% 31% 31% 33% 

2 136 25 67 86 163 37 43 557 

 5% 5% 5% 4% 5% 6% 5% 5% 

3 243 38 102 181 268 55 58 945 

 9% 7% 8% 9% 8% 8% 7% 8% 

4 938 203 456 693 1,261 250 315 4,116 

 36% 38% 36% 35% 36% 38% 37% 36% 

5 212 45 82 135 244 46 64 828 

 8% 8% 7% 7% 7% 7% 8% 7% 

6 51 12 28 29 60 9 18 207 

 2% 2% 2% 1% 2% 1% 2% 2% 

7 194 38 92 155 328 59 86 952 

 7% 7% 7% 8% 9% 9% 10% 8% 

Total 2,594 531 1,259 1,955 3,504 663 842 11,348 
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Appendix Table 2.2: “Gamble averse” and “Most risk averse” in MxFLS3 

  

Gamble 

averse-

pay = 100 

Gamble 

averse = 100 

Gamble 

averse or 

most risk 

averse = 100 

Most risk 

averse = 100 

(excluding  

gamble averse) 

  [1] [2] [3] [4] 

Female -0.96 -0.66 1.17 1.87 

 (0.60) (0.79) (1.30) (1.32) 

Age 0.02 -0.10 -0.34 -0.36 

 (0.12) (0.15) (0.23) (0.24) 

Age squared 0.00 0.00 0.01** 0.01* 

 (0.00) (0.00) (0.00) (0.00) 

Married -0.85 -0.94 -1.20 -0.73 

 (0.62) (0.75) (0.97) (1.06) 

Number of children 0.08 -0.02 -0.12 -0.12 

 (0.18) (0.20) (0.30) (0.33) 

Education: 0 years 1.92 1.82 4.81** 4.56** 

 (1.27) (1.55) (2.13) (2.19) 

Education: 1-5 years 0.90 0.55 1.16 0.93 

 (0.90) (1.21) (1.60) (1.59) 

Education: 7-9 years -0.33 -2.18** -0.16 1.45 

 (0.80) (1.11) (1.76) (1.88) 

Education: 10-12 years -2.02** -4.63*** -6.81*** -4.10* 

 (0.88) (1.20) (2.21) (2.25) 

Education: 13+ years -3.13*** -6.06*** -3.97* 0.17 

 (0.83) (1.13) (2.11) (2.24) 

Has a job -2.26** -0.80 -2.32 -2.09 

 (1.02) (1.24) (2.09) (2.14) 

Is self-employed 2.21*** 1.08 3.21** 2.97* 

 (0.85) (1.15) (1.57) (1.70) 

Earnings (quartic root) 0.13 0.10 0.05 -0.01 

 (0.12) (0.16) (0.26) (0.26) 

HH size 0.17 -0.03 -0.42 -0.48 

 (0.20) (0.26) (0.38) (0.38) 

Number of other 

children 
-0.10 0.16 0.96 1.03* 

 (0.26) (0.37) (0.59) (0.59) 

HH PCE (quartic root) -0.34 -0.73** -1.94*** -1.72*** 

 (0.27) (0.33) (0.63) (0.61) 

Reside in rural locality -1.52* -0.59 2.06 2.80 

  (0.90) (1.10) (1.76) (1.86) 

Mean of dep. Variable 7.42 13.26 44.14 35.60 

Observations 11,348 11,348 11,348 9,843 

Notes:  Standard errors clustered at the municipality level. *** p<0.01, ** p<0.05, * 

p<0.1. All covariates are measured at the time of MxFLS2. 
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Appendix Table 2.3: Self-reported feelings of safety from crime and homicide rates 

 At time of MxFLS3 At time of MxFLS2 

 

Feel less 

safe than 

5 years 

ago = 100 

Feel scared 

of being 

attacked 

during the              

day = 100 

Feel scared 

of being 

attacked 

during the              

night = 100 

Feel less 

safe than 

5 years 

ago = 100 

Feel scared 

of being 

attacked 

during the              

day = 100 

Feel scared 

of being 

attacked 

during the              

night = 100 

 [1] [2] [3] [4] [5] [6] 

Homicide rate change  

from 2005 to 2009 
1.15*** 0.70* 1.05*** -0.12 -0.40 -0.29 

 (0.25) (0.38) (0.26) (0.40) (0.62) (0.41) 

Mean of dep. variable 19.27 37.18 22.11 15.00 33.05 19.81 

Observations 11,288 11,288 11,288 11,330 11,330 11,330 

Notes: Standard errors clustered at the municipality level. *** p<0.01, ** p<0.05, * p<0.1.  

In all models we further control for gender and time-varying covariates from the previous MxFLS wave. There 

are slightly fewer observations than in our analytical sample because of missing information on self-reported 

feelings of safety. 
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Appendix Table 2.4: Robustness checks 

 

Panel A. Most risk averse = 100                                                              

Alternative treatments to "gamble averse" 

 

Gamble averse 

classified as most risk 

averse = 100 

Gamble averse 

classified as most risk 

averse = 0 

Gamble averse 

excluded 

 [1] [2] [3] 

Homicide rate 1.49*** 1.66*** 1.75*** 

  (0.47) (0.45) (0.48) 

Mean of dep. variable 30.82 24.19 26.46 

Observations 22,696 22,696 19,686 

Number of individuals 11,348 11,348 9,843 

 

Panel B. Most risk averse = 100                                                       

Alternative classifications of "most risk averse" 

 Classification [1] Classification [2] Classification [3] 

Homicide rate 1.49*** 1.63*** 1.03** 

  (0.47) (0.53) (0.43) 

Mean of dep. variable 30.82 39.44 27.18 

Observations 22,696 22,696 22,696 

Number of individuals 11,348 11,348 11,348 

 Classification [4] Classification [5] Classification [6] 

Homicide rate 0.96** 1.63** 1.77** 

  (0.40) (0.77) (0.83) 

Mean of dep. variable 26.26 48.96 57.57 

Observations 22,696 22,696 22,696 

Number of individuals 11,348 11,348 11,348 

Notes: Standard errors clustered at the municipality level. *** p<0.01, ** p<0.05, * p<0.1.We further control for time-

varying covariates from the previous MxFLS wave, interview fixed effects and individual fixed effects. 

           Classification [1]: "Most risk averse" in 05: risk index ≥ 5 (risk premium ≥ $400) 

                                          "Most risk averse" in 09: risk index ≥ 5 (risk premium ≥ $1,000) 

           Classification [2]: "Most risk averse" in 05: risk index ≥ 5 (risk premium ≥ $400) 

                                          "Most risk averse" in 09: risk index ≥ 4 (risk premium ≥ $750) 

           Classification [3]: "Most risk averse" in 05: risk index ≥ 6 (risk premium ≥ $1,400) 

                                          "Most risk averse" in 09: risk index ≥ 5 (risk premium ≥ $1,000) 

           Classification [4]: "Most risk averse" in 05: risk index = 7 (risk premium ≥ $3,400) 

                                          "Most risk averse" in 09: risk index ≥ 5 (risk premium ≥ $1,000) 

           Classification [5]: "Most risk averse" in 05: risk index ≥ 4 (risk premium ≥ $250) 

                                          "Most risk averse" in 09: risk index ≥ 5 (risk premium ≥ $1,000) 

           Classification [6]: "Most risk averse" in 05: risk index ≥ 4 (risk premium ≥ $250) 

                                          "Most risk averse" in 09: risk index ≥ 4 (risk premium ≥ $750) 
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       Appendix: Chapter 3   

        

            

 $1,000 in a month or $1,000 today         

            

            

            

            

   $1,100 in a month or $1,000 today       

            

            

            

     $1,200 in a month or $1,000 today     

            

            

            

       $1,500 in a month or $1,000 today   

            

            

            

         $2,000 in a month or $1,000 today 

            

            

EXIT            

            

Impatience 

index: 
0  1  2  3  4  5 

Notes: In Mexico, the symbol $ stands for Mexican pesos. In this figure $ is also used to represent pesos. The impatience index goes from 0 to 5 and is increasing in impatience. In our preferred 

classification, we denominate “most impatient” those in category 5. 

Appendix Figure 3.1: Series of Binary Choices over Hypothetical Payments in MxFLS2 
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 $1,000 in a month or $1,000 today         

            

            

            

            

            

     $1,500 in a month or $1,000 today     

            

            

            

            

   $1,200 in a month or $1,000 today    $3,000 in a month or $1,000 today 

            

            

            

            

       $2,000 in a month or $1,000 today   

            

            

            

EXIT            

            

Impatience 

index: 
0  1  2  3  4  5 

Notes: In Mexico, the symbol $ stands for Mexican pesos. In this figure $ is also used to represent pesos. The impatience index goes from 0 to 5 and is increasing in impatience. In our preferred 

classification, we denominate “most impatient” those in category 5. 

 

Appendix Figure 3.2: Series of Binary Choices over Hypothetical Payments in MxFLS3 
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Age of child 

 

Age of child 

Notes:  Coefficients estimated using OLS regressions controlling for age, marital status, years of education 

and employment status. Standard errors clustered at the municipality level. 

 

Appendix Figure 3.3: Coefficients of binary variables indicating the age of the child in cross 

section regressions for “most impatient = 100” 

  

-30
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Appendix Table 3.1: Change in time discounting after becoming a mother, 

controlling for other changes 

    Most impatient = 100 

  [1] [2] [3] [4] 

Expecting or had first child born alive 5.37    

 (4.85)    

Expecting or had first child born alive less than 2 years ago  9.14**   

  (4.06)   

Had first child born alive female   4.12  

   (5.70)  

Had first child born alive male   6.45  

   (5.23)  

Had first child born alive less than 2 years ago female    5.71 

    (5.67) 

Had first child born alive less than 2 years ago male    12.18** 

    (4.99) 

Mean of dependent variable 40.11 40.10 40.12 40.12 

Number of observations 3,720 3,718 3,714 3,714 

Number of individuals 1,860 1,859 1,857 1,857 
Notes: Standard errors clustered at the municipality level. *** p<0.01, ** p<0.05, * p<0.1. All models further control 

for a wave fixed effect, for having more children, for having spouse at home, attendance to school and employment 

status. 
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