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Abstract 

This study investigates whether in-uterus earthquake exposure causes long-term labor, human 

capital, and health effects. The health shock is maternal stress, which generates excessive 

concentration levels of cortisol in the fetal environment, negatively impacting the development of 

the fetus. I use multiple earthquakes between the years 1960-1980 in the setting of Colombia. In 

my definition of earthquake exposure, I consider both the intensity and the extent of the shaking. 

Difference-in-difference estimates show mixed results. I find a higher likelihood of being disabled 

when exposed during the first trimester and the favorable effect of more years of schooling when 

exposed during the final trimester. Separating the analysis by gender indicates that the effect on 

disability is centered around males, while results indicating favorable effects are found among 

females. Generally, exposure from high intensity shaking generates larger point estimates. The 

results are sensitive to the exclusion of specific earthquakes. In addition, when including those 

exposed to shaking that were either not felt or weak into the treatment group, some estimates 

indicate a long-term impact from such exposure. Based on these inconsistencies I am not able to 

make any general or causal claims. 
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1 Introduction 

It is widely agreed that the fetal period is a particularly sensitive time in an individual’s 

physiological development. Barker (1990) expanded the idea with the fetal origin hypothesis, 

conceptualizing the notion that early-life disadvantages can cause long-term consequences for an 

individual. Since its early days, the hypothesis has been widely investigated within the fields of 

medicine and economics (Almond & Currie, 2011). Expanding the current literature has the 

potential to establish additional knowledge about the underlying mechanisms, scale, and 

persistence of these early life disadvantages.  

Researchers have investigated different settings and disadvantages experienced during the fetal 

period to develop such knowledge. These disadvantages can be categorized into larger groups, 

capturing different fetal health shocks. Barker (1990) initially put the focus on malnutrition, while 

other studies have used viruses and maternal stress. In the case of the latter, the medical 

literature suggests that the cortisol released during such circumstances transfers from mother to 

fetus through the placenta, causing lower fetal growth and negative effects on the brain 

development (Gitau, et al., 1998; Glover, et al., 2009).  

Within the specific literature investigating the effects of maternal stress, natural disasters have 

frequently been used as exogenous stress-inducing events. These events carry attributes that make 

them desirable to use in the testing of the fetal origin hypothesis. Firstly, their scale ensures a 

large group of people is exposed. Secondly, the duration is often limited to a finite period, making 

it possible to separate exposed from non-exposed. Finally, these events are either partially or fully 

unpredictable in their timing and location, creating a setting that shares attributes with the ideal 

experiment. In the literature specifically using natural disasters to test the hypothesis, hurricanes 

(Sotomayor, 2013; Karbownik & Wray, 2019) and earthquakes (Paudel & Ryu, 2018; Caruso & 

Miller, 2015; Torche, 2011; Guo, et al., 2019) have been used. The evidence established so far 

points to lower earnings, fewer years of schooling, and a higher likelihood of having schizophrenia 

among those exposed in-uterus. Most studies in the current literature use single large events, 

where both casualties, destruction, and maternal stress are elements of the human impact, 

generating difficulties when separating exposed from non-exposed. 
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In this study, I use earthquakes as an exogenous health shock to the fetus, investigating if the 

exposure impacts the individual long-term. This paper aims to accomplish two things. Firstly, 

identify if there are long-term labor, human capital, and health effects from experiencing an 

earthquake in-uterus. Secondly, identify heterogeneous effects based on the timing of the event in 

relation to the pregnancy and characteristics of the earthquake determining the size of the fetal 

health shock. The latter includes the intensity of the shaking, if the earthquake caused 

destruction and if multiple earthquakes coincided with the pregnancy.  

Answers to the posed questions have the potential to establish a greater understanding of the 

fetal period and its importance for an individual’s prospects in life. In addition, natural disasters 

impact millions of people every year (UNISDR; EM-DAT, 2019). It is predicted that the exposure 

will increase as a consequence of global warming, driven by the rise in extreme weather events 

(CRED, EM-DAT, UNISDR, 2018). Results may, therefore, generate a better understanding of 

the actual economic impact from large scale disasters, extending beyond the economic cost in 

direct relation to the exposure.   

I use the setting of Colombia to investigate the research questions. The setting is chosen because 

of three main reasons. First, Colombia has a frequent occurrence of earthquakes, meaning I can 

use multiple events within a limited timeframe. Second, the seismic activity is spread out in most 

parts of Colombia, generating geographical variation in where the earthquakes take place. Finally, 

the population census data used in this study defines the date of birth on a month level and place 

of birth on a municipality level. This makes it possible to identify who was within an earthquake-

hit area during the fetal period with suitable precision.  

I restrict the investigated period to the years 1960-1980. This creates an age interval where long-

term outcomes can be observed for all individuals in the data. I use earthquake data from the 

United States Geological Survey (USGS), utilizing their extensive database on historic natural 

disasters. I restrict earthquakes based on the Modified Mercalli Intensity scale (MMI), which is an 

intensity measure that classifies the human experience of the event. I exclude those earthquakes 

where no shaking was experienced on land. This leaves a total of 54 earthquakes within the 

timeframe investigated. Compared to earthquakes used in previous literature, the events used in 

this study have less destruction related attributes (CRED). This could impact the research setting 

in two independent ways. Firstly, these events may generate lower fetal health shocks because 

events without major destruction do not generate a sizeable level of maternal stress or other long-
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term effects caused by earthquakes carrying such attributes. Secondly, the use of events with less 

destruction may lower the risk of the surrounding cohorts being negatively impacted by the 

events. 

I have selected outcomes that have either been investigated within the field prior or where theory 

emphasizes relevance. I have a total of four outcomes that will be used to test the fetal origin 

hypothesis, divided between the categories labor, human capital, and health. In the category 

labor, I investigate the effect on the labor market participation rate and the unemployment rate. 

While similar1 outcomes have been investigated by using other natural disasters (Karbownik & 

Wray, 2019), none of the previous studies using earthquakes have, therefore possibly generating 

new insights. Next, in the category of human capital, I investigate the effect on years of schooling, 

which has been the main focus of previous studies using earthquakes (Paudel & Ryu, 2018; 

Caruso & Miller, 2015). Finally, in the category health, I investigate the effect on the likelihood of 

being disabled, something that was narrowly investigated by Guo, et al. (2019) looking at 

schizophrenia specifically.  

The empirical approach is a difference-in-difference model, identifying exposed individuals by 

creating “cells” based on place and period of birth. The cell level can be conceptualized as a 

grouping of individuals into separate entities, based on their birth information. The cells which 

have the gestational period and place coincide with the occurrence of an earthquake are defined as 

exposed. To minimize the misclassification of exposure, I define a minimum threshold of light 

shaking within the municipality for a cell to be assigned treatment. Lower intensities are either 

not felt by those exposed or only identified by a limited number of individuals2.  

I use two different control groups. First, those exposed pre- and post-pregnancy in a municipality 

where shaking was felt. Second, those in a cell where no earthquake occurred. I define fixed effects 

to capture trends for individuals who share municipality or year of birth. The baseline model 

classifies treatment the same for everyone. The most extensive model separates treatment into 

trimesters, type of shaking, and if the event carried destruction related attributes. In all 

specifications, I use the share of the population within the municipality who felt the shaking as a 

proxy to capture the extent of the impact. The use of multiple earthquakes in the estimations, 

combined with the proxy for within cell exposure, has to my knowledge not been done in the 

 

1 The paper specifically investigated employment and wage. 
2 Descriptions of each intensity, including “not felt- weak” referred to in the text, are found in Appendix 1.1. 
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literature previously. This approach aims to better capture the earthquake exposure compared to 

only using the maximum intensity within the municipality.  

My results are inconclusive. All significant results are found when dividing the pregnancy into 

trimesters. When using the whole sample, results are mostly centered around years of schooling 

and the rate of disability, but with estimates showing both negative and positive effects from in-

uterus earthquake exposure. The direction of the effect varies both over intensities and over 

periods. When including variables describing if destruction occurred or if the individual was 

exposed to multiple earthquakes in-uterus, no additional effects are found. When the analysis was 

done separately by gender, the favorable effects were centered around females, with increased 

years of schooling and a lower likelihood of being disabled found from exposure during the final 

trimester. For males, there is a 26.7% higher likelihood of being disabled among those exposed 

during the first trimester to high intensity shaking, significant at the 1% level. When excluding 

specific earthquakes, the results are very sensitive to the exclusions and the effect on the 

likelihood of being disabled for males is fully lost when the deadliest event in my sample is 

excluded. When including shaking that is not felt or weak, significant effects are found for 

multiple outcomes and trimesters. The sensitivity in combination with the inconsistencies in 

direction of the effect lowers the overall generalizability and credibility of the results.   

The remainder of the paper is structured as follows: First, the theoretical framework is presented. 

I use the Heckman model to conceptualize the fetal origin hypothesis (Cunha & Heckman, 2007; 

Almond & Currie, 2011). I complement the model with relevant medical literature, to describe 

how the earthquake impacts the fetus long-term. Next, relevant literature is presented. The 

sections begin with the earthquake specific literature, to then expand the perspective by including 

other shocks in the context of the hypothesis to emphasize general empirical strategies and 

threats to identification. Next, the setting and data are presented. The section summarizes the 

data, explains how the earthquake-related variables are constructed, and describes the overall 

analytical level. Next, the methodology is presented, describing the empirical models, underlying 

assumptions, and limitations with the study. Next, the results are presented with associated 

sensitivity tests. Finally, the results are discussed and the thesis is concluded. 
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2 Theoretical framework 

This section provides a theoretical foundation for the study, illustrating the fetal origin hypothesis 

(Barker, 1990). To illustrate how an earthquake impacts the fetus, I combine human capital and 

health formation theory (Cunha & Heckman, 2007; Almond & Currie, 2011) with medical 

literature describing how maternal stress impacts the fetus.  

2.1 The fetal origin hypothesis  

The fetal origin hypothesis describes the fetal period as an especially important time in 

determining an individual’s long-term health. Barker (1990) talks in general terms about how 

unfavorable conditions during the fetal period increases the likelihood of having diseases as an 

adult3. The hypothesis describes the fetal period as a particularly sensitive period, where 

disadvantages can bare long-term consequences for an individual. I will illustrate the hypothesis 

using the Heckman model (Cunha & Heckman, 2007), similar to what was done in a summary of 

the litterateur by Almond and Currie (2011). Equation 1 illustrates the formation of health 

𝐻𝐴𝑑𝑢𝑙𝑡, and Equation 2 shows the formation of human capital 𝐶𝐴𝑑𝑢𝑙𝑡. Both long-term outcomes are 

illustrated by a two-input CES production function. The models are separated to illustrate that 

the input relationship and formation technology may vary between the two. I define an 

individual’s life cycle to consist of three periods: the adult-, child- and fetal period. Both long-

term outcomes are determined by the fetal period investment 𝐼𝐹𝑒𝑡𝑢𝑠 and the child period 

investment 𝐼𝐶ℎ𝑖𝑙𝑑. 

𝐻𝐴𝑑𝑢𝑙𝑡 = 𝐴 [𝛾𝐼𝐹𝑒𝑡𝑢𝑠
Φ + (1 − 𝛾)𝐼𝐶ℎ𝑖𝑙𝑑

Φ ]
1
Φ (1) 

𝐶𝐴𝑑𝑢𝑙𝑡 = 𝐵 [𝜃𝐼𝐹𝑒𝑡𝑢𝑠
ω + (1 − 𝜃)𝐼𝐶ℎ𝑖𝑙𝑑

ω ]
1

ω (2)  

An earthquake coinciding with the fetal period can impact the adult outcomes in two ways. 

Firstly, the event enters the fetal investment 𝐼𝐹𝑒𝑡𝑢𝑠 by generating excessive cortisol levels in the 

fetal environment as a consequence of high maternal stress (Harris & Seckl, 2011; Rakers, et al., 

2017). Other hormones and chemicals also transfer during such events, with cortisol generally 

 

3 The majority of examples discussed in Barker (1990) centers around malnutrition and cardiovascular diseases. 
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being described as the most harmful one, while the other reinforcing the effect (Rakers, et al., 

2017).  

There are multiple channels suggested in the literature, where heightened cortisol concentration 

levels within the placenta may permanently impact the fetus. First, the structure and function of 

the developing brain may change (Miguel, et al., 2018; Kinsella & Monk, 2009). This has been 

linked to the permanent change of the fetal stress response system (HPA-axis) (Moisiadis & 

Matthews, 2014)4. Secondly, exposure early in the pregnancy can change the trajectory of the 

fetal development process, triggering stages otherwise intended for later trimesters. Processes 

related to organ systems have been shown to be especially sensitive to changes associated with 

timing (Kapoor, et al., 2008; Moisiadis & Matthews, 2014). Finally, maternal stress has been 

linked to adverse birth outcomes such as lower birth weight, decreased gestational age, and slower 

physical development. These outcomes may generate effects persisting into adulthood, while also 

negatively impacting the survival rate at birth (Weinstock, 2005).  

The medical literature has established evidence that the size of the health shock is related to the 

timing of the event. During the first part of the pregnancy, the transfer between mother and fetus 

is the largest. This is because the placenta has not developed proper protection against the 

cortisol (Gitau, et al., 1998; Glover, et al., 2009). In the 16th gestational week, a barrier has 

developed which neutralizes the active cortisol to the harmless cortisone (Draper & Stewart, 

2005). Even with the barrier, about 10-20% is still passed through (Gitau, et al., 1998; Glover, et 

al., 2009). Kinsella & Monk (2009) describes this level to be enough when combined with high 

maternal stress to cause long-term effects from its impact on the developing brain.  

In addition to the effects generated by maternal stress, if the earthquake carried destruction 

related attributes, economic consequences may impact the investments 𝐼𝐶ℎ𝑖𝑙𝑑, made during the 

child period. On a societal level, the quality of schooling or health care services may suffer, both 

directly through the destruction of facilities and through its impact on future investments made 

by the government. On a family level, casualties within the family or economic difficulties caused 

by the destruction may limit both the time and money spent on the child.  

The relationship between the inputs determines if disadvantages can be compensated by 

investments during later stages in an individual’s life. In Equation 1-2, this is determined by the 

 

4 The HPA-axis is the term describing the overall interaction between the brain and the adrenal glands, which produces cortisol. 



 

 

7 

parameters Φ and ω. Kinsella & Monk (2009) describe the fetal period as crucial for proper brain 

development. This would imply parameters closer to −∞ and inputs acting as complements. In 

addition, 𝛾 and 𝜃 determining the efficiency of the formation in each period, with higher values 

indicating higher production efficiency during the fetal period. The parameters 𝐴 and 𝐵 

determines the overall relationship between inputs and the specific output. 

To summarize, the theoretical model gives insights into how the earthquake impacts the fetus. 

Firstly, long-term health is affected by the fetal “programming”, which changes the trajectory of 

the fetal development process. Secondly, the literature suggests permanent effects on the 

developing brain, caused by the high cortisol concentration levels within the fetal environment. 

Timing is mentioned as an important variable because of a missing protective layer around the 

placenta, generating a larger cortisol transfer between mother and fetus if the shock occurs before 

the 16th gestational week. In addition, physical damage and family casualties may impact 

investments made by the government or families during periods following the event. 

The framework can be extended to labor market outcomes as well. When evaluating the long-

term labor outcomes, the earthquake is predicted to enter through the adult health, 𝐻𝐴𝑑𝑢𝑙𝑡, and 

the human capital stock, 𝐶𝐴𝑑𝑢𝑙𝑡. This is illustrated in Equation 3. I define labor outcome 𝑌𝐴𝑑𝑢𝑙𝑡 as 

an individual’s quantity or overall labor productivity. Human capital 𝐶𝐴𝑑𝑢𝑙𝑡 determines the 

individual’s productivity, while adult health 𝐻𝐴𝑑𝑢𝑙𝑡 determines the overall productivity and the 

time a person is able to spend in the labor market (Zweifel, et al., 2009).  

𝑌𝐴𝑑𝑢𝑙𝑡 = 𝛼 + 𝛽1𝐶𝐴𝑑𝑢𝑙𝑡 + 𝛽2𝐻𝐴𝑑𝑢𝑙𝑡 (3) 

The earthquake's impact on the labor outcome 𝑌𝐴𝑑𝑢𝑙𝑡 is determined by the previously discussed 

production functions of 𝐶𝐴𝑑𝑢𝑙𝑡 and 𝐻𝐴𝑑𝑢𝑙𝑡, and the parameters 𝛽1 and 𝛽2. 

3 Literature review 

This section presents relevant literature associated with the fetal origin hypothesis. I focus on the 

literature that uses natural disasters as quasi-experimental settings. I will start by presenting 

studies using earthquakes and continuing with other fetal health shocks to give a broader view of 
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the field. This section finishes with a general discussion on empirical strategies and threats to 

identification commonly found within the field.  

3.1 Earthquakes and other natural disasters 

3.1.1 Short-term outcomes 

Multiple studies evaluate the short-term effects of experiencing an earthquake in-uterus. Torche 

(2011) uses an earthquake in Chile and finds lower birthweight among those in-uterus during the 

event. The study uses a difference-in-difference approach, with earthquake exposure classified by 

the intensity of the shaking and the timing in relation to birth. In this study, a lower threshold of 

light shaking is defined for a county to be assigned treatment. The author argues that the lower 

birth weight found among exposed comes from the higher rates of premature birth, caused by the 

event-induced maternal stress. Palmeiro-Silva et al. (2018) use another earthquake in Chile, 

finding evidence of shorter gestational age, lower physical development, and smaller head 

circumference among those exposed in-uterus. In comparison to Torche, this study uses data from 

a specific hospital in Santiago, which forces the study to only rely on variation over time, 

assigning those born one year prior to the control group. Berthelon, et al. (2018) uses the same 

earthquake and finds decreased cognitive skills and lower attention span among 2-year-old 

children. The study utilizes longitudinal survey data where mothers were explicitly asked about 

their stress level in relation to the earthquake. Their model combines the self-reported maternal 

stress with data on place and period of birth to classify the fetal health shock. The approach still 

carries limitations related to self-reported stress being a very subjective measure of the exposure.  

Heterogeneous effects have been investigated based on the timing of exposure and the severity of 

the event. In one example by Menclova & Stillman (2019), multiple earthquakes are used, which 

occurred in the same region and within an 18-month period in New Zeeland. The study restricts 

the sample to only include mothers who had multiple births within the 10-year timeframe 

investigated, relying on mother FE to capture potentially confounding variables. The paper finds 

lower gestational age among exposed individuals. This effect is larger for those exposed to strong 

shaking, with no additional effects found when including indicators for if destruction occurred and 

the number of earthquakes coinciding with the gestational period.  
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Two papers use a 1994 earthquake in Northridge, California. The earthquake did not cause major 

destruction but generated shaking that was felt in most parts of Los Angeles (Bongkyun, et al., 

2017; Glynn, et al., 2001). The result indicates that maternal stress had a negative impact on the 

gestational age and birth weight. While Glynn, et al. (2001) only established suggestive evidence 

by using interviews with 40 women exposed during their pregnancy, Bongkyun, et al. (2017) uses 

birth certificate data and defines a treated group based on if the mother's residency were in an 

area where the shaking was felt. They restrict the treated group to those living in a “highly 

affected zone”, meaning the shaking reached an intensity of at least strong. In addition, they use a 

proxy of the impact by using the distance between the epicenter and the mother’s city of 

residency. Mothers living in areas where the shaking was less than strong are defined as the 

control group. The paper finds both larger and more precise estimates among those exposed to 

the earthquake during the first two trimesters of the pregnancy. This tendency of larger effects 

during earlier parts of the pregnancy has been established in multiple of the previously discussed 

papers as well (Menclova & Stillman, 2019; Palmeiro-Silva, et al., 2018; Torche, 2011).   

To summarize, evidence show higher rates of birth complications and abnormal physiological 

conditions at birth among those experiencing an earthquake in-uterus. Some of the papers find 

heterogeneous effects based on the shaking intensity and timing in relation to birth, pointing to 

larger effects with stronger shaking and exposure during earlier parts of the pregnancy. The latter 

was also emphasized within the medical literature.  

3.1.2 Long-term outcomes  

Literature investigating the long-term effects of experiencing an earthquake in-uterus is scarce 

and carry limitations related to their empirical approach. Most studies use single large events, 

making it hard to distinguish between who is exposed and who is not. Paudel and Ryu (2018) 

estimates the average effect of experiencing a Nepal earthquake pre-, during- and post-pregnancy. 

They define the impact area based on the intensity of the shaking, using a minimum threshold of 

7 MMI to be assigned treatment. Their empirical approach is a difference-in-difference model, 

controlling for the village- and birth year FE. Areas exposed to lower shaking intensities are 

defined as the control, while areas without shaking are excluded from their estimations. They find 

a negative impact on the educational attainment, including a 13.8% lower likelihood of 

completing middle school and a 10% lower likelihood of completing high school. The approach 

used by Paudel and Ryu (2018) is based on another paper by Caruso and Miller (2015), which 
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uses a large earthquake in Peru. The paper finds 0.49-0.705 fewer years of schooling among 

exposed, with stronger effects found among females. Compared to the paper by Paudel and Ryu 

(2018) who only investigated the average effect from everyone under the age of 2, the paper 

explicitly investigates the effect of in-uterus exposure. This carries some limitations related to the 

data they use, which only contains the age of each individual and no explicit information about 

either year or month of birth6. Their definition of the earthquake exposure is different from what 

other studies have used, treating the MMI scale as a continuous variable. This assumes a 0.1 step 

on the MMI scale equals a constant change of the effect, while still defining 7 MMI as a minimum 

intensity level to be assigned treatment. Comparing exposed pre-, during- and post-pregnancy 

show larger effects among those in-uterus during the earthquake.  

These two studies carry similar threats and weaknesses. In both papers, the earthquakes caused 

large destruction and many casualties. In the Nepal case, the earthquake destroyed 105 099 

buildings, including schools. In the Peru case, over 66 000 people perished from a landslide caused 

by the event. This leads to difficulties when defining the control group. While those experiencing 

the earthquake in-uterus is the only group exposed to the excessive cortisol during the fetal 

period, both in-uterus, pre- and post-pregnancy cells are possibly impacted in the long-run by the 

destruction caused by the event. Both papers define the control group as those who finished 

schooling before the earthquake struck, their main outcome of interest. This relies on the strong 

assumption that nothing else differ between the cohorts except for the earthquake. Paudel and 

Ryu (2018) use, in addition to the control groups just discussed, those who were exposed to 

shaking of less than 7 MMI. This means that individuals exposed to shaking “that was felt by all” 

and where “many were frightened”7 are defined as untreated. For the control group born before 

the event, Paudel and Ryu (2018) use those born 39-24 years prior while Caruso and Miller 

(2015) use those born more than 19-20 years prior. Caruso and Miller use only these two years 

with the argument that a major earthquake impacting cohorts prior could bias the estimates. 

Such problems are generally an issue when trying to isolate a single earthquake within a country 

where such events are frequent.  

In one study, by Guo, et al. (2019), long-term health outcomes are investigated. The study uses a 

major earthquake in China in the year 1976 that caused 240 000 casualties. They exploit the 

 

5 The authors regress the outcome with the MMI scale as a continuous variable. The impact-range is the estimate multiplied by 
the lowest and highest MMI observed in their data. 
6 The authors state they have the date of birth for each individual. This is not available in the census they are referring to. 
7 The description of exposure is based on the intensity levels. The MMI scale is available in Appendix 1.1. 
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variation in shaking and destruction based on a binary scale, dividing the intensity between being 

“felt” and experiencing “destruction”, using those experiencing the earthquake pre- (1 year before) 

or post-pregnancy (1 year after) as the control group. They find a higher risk of developing 

schizophrenia among those who felt the event, but no effects among those who were exposed to 

the destruction. They suggest this could be a consequence of culling.  

Other settings utilized in the quasi-experimental literature is hurricanes. Karbownik & Wray 

(2019) uses multiple hurricanes with heterogeneity in strength and place within the US. They 

investigate the period 1887-1897, with detailed data on residency and date of birth. They combine 

this information with estimations of the hurricane's path to precisely identify who was exposed 

and how close they were to the epicenter of the hurricane. The main results show no impact on 

the likelihood of participating in the labor market, but a lower income among those in-uterus 

during the events. They find only effects among the white population, but no significant results 

for the black population. In their discussion, they suggest such inconsistencies could be a 

consequence of culling. In a final paper investigating long term outcomes, Sotomayor (2013) uses 

two hurricanes during 1928 and 1932 in Puerto Rico to investigate health outcomes. They include 

everyone born between 1920-1940 and define those with gestational periods not coinciding with 

the hurricanes as the control group. The results point towards increased likelihood of having 

diabetes and high cholesterol in adulthood from in-uterus exposure. The data has its limitations, 

where only birth year is observed, making the assignment of exposure less precise and possibly 

generating estimates that are downwards biased from the misclassification of exposed. 

3.2 Other shocks and quasi-experimental settings 

The fetal origin hypothesis has been tested using other fetal health shocks than maternal stress. 

Almond (2006) uses the 1918 pandemic in the US to evaluate long-term effects from in-uterus 

exposure. In the specific setting, women in childbearing age were especially susceptible, generating 

a large group of exposed individuals. They use those born within 4 years on either side of the 

famine as the non-treated control group. They test multiple specifications, some using maternal- 

and infant mortality rates as proxies for the spread of the virus. The paper finds 0.12-0.18 fewer 

years of schooling among exposed in their baseline model, with higher effects among men. The 

paper also finds small but precise estimates related to disability8 and lower wages among those 

 

8 The paper investigates the outcomes “Disability limits/prevent work” and “Years of disability”. 
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exposed in-uterus. The same epidemic and a similar approach are used by Lin & Liu (2014) in the 

setting of Taiwan. The papers find 0.35 fewer years of schooling, indicating larger effects than its 

predecessor. A similar effect on years of schooling is established when using an instrumental 

variable approach in a paper by Barreca (2010), instrumenting the spread of malaria in the US by 

the variation around the ideal temperature for mosquitos.  

Nutritional shocks, which were at the forefront of the hypothesis establishment, have in the 

proceeding literature frequently been investigated by using famines. These studies have generated 

some of the strongest evidence supporting the hypothesis. Almond, et al. (2010) uses the Chinese 

famine, which took place between the years 1959-1961, following several badly implemented 

economic policies. Exposure is weighted by the maternal mortality rates of the period, an 

approach that was also used in the literature looking at the 1918 pandemic (Almond, 2006; Lin & 

Liu, 2014). Such proxies utilize the geographical heterogeneity in the exposure for identification. 

In addition, variation over time is used to define the control group, consisting of those born before 

and those not yet conceived at the time of the famine. The paper finds a 13% higher rate of 

disability among females exposed in-uterus. In addition, there is a 3-6% higher likelihood of not 

working, with the strongest effect found among men. Scholte et al. (2015) uses the Dutch Hunger 

Winter in the Netherlands and finds a significant 3% lower likelihood of employment for those 

experiencing the famine during the first trimester. In health outcomes, the paper finds increased 

rates of hospitalization among those close to retirement. Similar to other studies with 

geographical variation and data covering both pre- and post-pregnancy exposure, multiple control 

groups are utilized. Other studies have used famines, finding additional evidence of lower 

educational attainment and labor participation rates (Jürges, 2013; Neelsena & Stratmann, 2011). 

Another influential paper by Almond & Mazumder (2011) uses Ramadan as an exogenous 

nutritional shock during the fetal period, conducting separate analyses for the US, Uganda, and 

Iraq, where the latter two use census data. In their model, they separate the pregnancy into 9 

independent periods, estimating separate effects based on the timing of Ramadan. The results 

using the census data are mixed, with most estimates showing significant and larger effects during 

the first month of the pregnancy. Among the results for Uganda, there is a 22% higher likelihood 

of being disabled when exposed 9 months before births, a 0.04% lower rate of employment when 

exposed 5 months before birth, and 0.12 more years of schooling when exposed 8 months before 

birth. The latter indicates better performance among those in-uterus during Ramadan. Other 
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point estimates for the mentioned outcomes were insignificant. In the Iraq case, effects were 

overall smaller. 

3.3 General threats to identification 

Within the field, there are some general weaknesses and threats to identification independently of 

shock and setting. Firstly, the gestational period is inferred from birth data. In most cases, 

month-, year of birth, or age is used. In cases where only age or birthyear is available, depending 

on how the treatment period appears and persist, there is a higher difficulty in separating treated 

and untreated. A second threat applies independently of the scale of the variable, which is that 

the gestational age is not observed. Most of the papers assume 9 months of gestation. When 

separating into trimesters, the issue becomes centered around the first part of the pregnancy. This 

also generates issues in the definition of who is exposed, potentially creating attenuation bias from 

the misclassification.   

Another threat is the presence of culling, which can be described as the out selection of the 

weakest. In the papers using widespread pandemics (Almond, 2006; Lin & Liu, 2014) and famines 

(Almond, et al., 2010; Scholte, et al., 2015) there were high rates of infant mortality. In the 

papers using earthquakes (Paudel & Ryu, 2018; Caruso & Miller, 2015; Guo, et al., 2019), there 

were overall large death counts, creating a potential selection of who is observed in the final data 

used in the studies. Guo, et al., (2019) even suggest in their paper that the lack of established 

effects among those who were hit the hardest by the earthquake was due to this mechanism. 

Another potential source of culling is that the fetal health shock may impact the life-expectancy 

of an individual, making those most harmed by the event less likely to be observed in the data. 

The overall impact from both types of culling would be an underestimation of the actual effect, 

creating a lower-bound estimate.  

The first type of culling could potentially be offset by using less deadly events. A problem then is 

that death rates are related to the scale and extent of the shock, meaning the decision becomes a 

trade-off between the lower likelihood of culling and the size of the fetal health shock. 

Independently of this, the second type of culling is still a potential threat.  
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4 Setting and data 

This section starts with a short description of Colombia around the timeframe investigated. This 

is included to illustrate the overall context of the research setting and to motivate the choice of 

period. Following is a description of the population microdata and the earthquake data used in 

the study.  

4.1 Colombia between 1950-1980 

Colombia is situated in South America, with a population of 12-26 million between the years 

1950-1980 (United Nations Statistics Division, 2020). Colombia has suffered from violence and 

conflicts in much of its modern history. In the years 1948-1958, a period called “La Violencia” 

took place, a civil war between groups fighting to gain political power over the country. It was a 

period of increased homicide rates, killing, and overall criminality (Sánchez, et al., 2005). It is 

estimated that a total of 200 000 people died from the conflict (Bailey, 1967). During one of the 

most intense periods between 1948-1953, the conflict reached most of the country, except for some 

areas in the northwest. During the late 1950s, the violence was limited to central parts of 

Colombia, including the departments Caldas, Valle, and Antioquia (Bailey, 1967).   

After the end of “La Violencia” in 1958, different guerilla groups established throughout the 

country, with the political instability continuing, but with an overall lower level of violence 

(LeGrande, 2003; Sánchez, et al., 2005). The drug industry grew, with a more prominent role 

established during the 1980s when Colombia became a major exporter of cocaine (Garcìa & 

Jayasuriya, 1997).  

The setting poses some challenges in the context of identifying the effect of in-uterus earthquake 

exposure. Mainly, including periods with other large-scale events that may be a source of 

maternal stress, or other disadvantages similar to that of earthquakes could bias the estimations. 

The bias is downwards if other cohorts experienced the violence or upward if the violence is 

correlated with the occurrence of earthquakes. If everyone is exposed the same, the issue may 

persist if the additional effect from the earthquake can’t be separated from the violence caused by 

the conflict. To prevent such issues, I define a minimum birth year of 1960, excluding the most 

intense years of instability coinciding with the period “La Violencia”.  
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4.2 Population microdata 

I use Colombian census data from the year 2005 (IPUMS, 2019) to evaluate the long-term 

outcomes from fetal earthquake exposure. This is the latest iteration and only census conducted 

within Colombia that specifies the date of birth on a month level. This makes it possible to 

identify who was exposed to each earthquake with adequate precision. The census data covers 

10% of the Colombian population, generating information on 4 006 168 individuals. Colombia 

consists of 32 departments, with 1 022 municipalities covering its 1 138 910 km2 of land (CIA, 

2020). The data has full coverage over Colombia’s geographical departments, while the census 

aggregates the municipalities into 533 larger geographical groups. I use the information on 

municipality, month and year of birth to define cells. This generates a constructed panel based on 

municipality, month, and year of birth. This “cell-level” is used to assign earthquake exposure 

based on if the gestational period of the cell coexists with an earthquake. To put it differently, I 

am not observing specific stress levels or other individual-level impacts caused by the earthquake. 

Instead, birth information is used to infer fetal exposure.  

When defining the gestational information, I follow a similar approach as the papers discussed in 

section 3. I assume that the mother’s municipality of residency while pregnant was the same as 

the municipality of birth and that the gestational period was 9 months for all pregnancies. These 

assumptions will be further discussed in section 5. In addition, for each individual, I divide the 

pregnancy into trimesters and define a start month for each of the periods. 

  

Fig. 1: The figure displays the distribution of the average number  

of observations per cell among the municipalities. The bars use a  

width of 10 observations.  

Fig. 2: The figure displays the distribution of the number of periods 

covered within the municipalities. The bars use a width of 5 periods. 

The maximum number of periods is 252. 
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In a first step, I restrict the data to individuals where I can observe long-term outcomes. I use 

those born no later than 1980, generating a minimum age of 24 in my data. This leaves a total of 

981 541 individuals born between 1960-1980. Ideally, one would use registry data covering all 

births in Colombia, with outcome variables measured at specific ages, something not available for 

this thesis. The data used in the analysis carry some limitations. Fig. 1-2 shows some information 

about the cell level previously discussed, summarized by each of the 533 groups of municipalities. 

Fig. 1 shows the distribution of the average number of individuals within each cell, meaning how 

many individuals within each municipality that share a specific birth month. The figure shows 

that this ranges between 1-224 for the municipalities, with most having an average of less than 

ten. Fig. 2 shows how many cells each municipality has, meaning how many unique birth months 

are covered by individuals born within a municipality. Overall, most municipalities have coverage 

over all periods, reaching 252 cells in total. While the few observations per cell may generate low 

power in the estimations, an earthquake hit municipality has a minimum of 9 exposed cells, 

assuming full coverage. In addition, one earthquake can impact multiple municipalities, therefore 

generating an overall large number of exposed cells. In addition to the information showed in the 

figures, Appendix 2 summarizes the data categorized into the geographical departments of 

Colombia, with additional information on the number of municipalities and the total number of 

individuals per department.  

Table 1: Outcome variables   

Outcome Definition Number of individuals with 

missing information or NIU 

(not in universe) 

 

Labor 

o Labor force 

participation 

o Unemployment 

 

Human capital 

o Years of schooling 

 

Health 

o Disabled 

 

 

o Binary indicator taking the value one if an individual is either 

employed or unemployed. 

o Binary indicator taking the value one if an individual is unemployed. 

 

 

o The number of completed years of schooling. 

 

 

o Binary indicator taking the value one if the individual is disabled. A 

person is classified as disabled if he/she has mobility-, vision-, 

hearing-, speech- or cognitive limitations.  

 

 

 

13,316 

 

13,316 

 

 

12,293 

 

 

592 
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The variables used to evaluate the long-term effects are listed in Table 1 by category. All 

outcomes in the list are binary variables except for years of schooling. There is a total of 17 084 

individuals who are excluded from the estimations because of missing information on the 

outcomes evaluated. The majority of these are distributed among the outcomes related to labor 

and human capital. One concern would be if the missing information is correlated with the 

occurrence of an earthquake. That could signal that individuals exposed where less willing or able 

to answer the questions in the census. In a test, I regress the occurrence of missing values on 

experiencing an earthquake during gestation. The results are displayed in Appendix 3, with no 

indication of such issues. In addition to the outcome variables, I have information on the gender 

of each individual.  

4.3 Earthquake data 

The earthquake data is retrieved from the 

United States Geological Survey (USGS, 

2020). The data consists of bounding 

coordinates for each earthquake, describing 

how the shaking disperses. These are 

estimations based on actual event data in 

combination with local geographical 

conditions, impacting how far the shaking 

reaches (Worden, et al., 2020). A summary 

of the data generating process can be found 

in Appendix 1.2. In the selection of 

earthquakes, I restrict the events to those 

that can be felt by the population living in the affected area. I use the MMI scale to classify and 

restrict the events used in the estimations. The MMI scale categorizes the earthquakes based on 

their impact on the Earth’s surface, describing the human experience of the event. The scale 

ranges from 0-10 with each category corresponding to a shake-level and attributes related to 

destruction (USGS, 1).  The shaking lies between “not felt” at the lowest level, to “extreme” at the 

upper. I exclude the events which have an MMI of less than one, which are events with shaking 

that does not reach the earth’s surface. This leaves a total of 54 events within the timeframe. Fig. 

 

Fig. 3: Distribution of earthquakes over time between 1960 and 1980, with 

indicators for max and min MMI level. 
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3 plots the distribution of events with additional indicators showing the maximum and minimum 

intensities for each year. Most events are centered around the period 1970-1980. In the year 1976, 

there are nine earthquakes in total, making it the year with the highest number of events. In the 

year 1967, the highest intensity is recorded, with an MMI of 8.5. This level is associated with 

“severe” shaking and “moderate/heavy” damage. The earthquake was centered around the 

department of Caquetá.   

When defining which cells are exposed, the intensity level must be considered. All shaking is not 

associated with either maternal stress or destruction. For example, an MMI of 3 is described to 

have shaking closer to the sensation of a truck driving by, with a limited share of those in range 

who identify the shaking as an earthquake. At an intensity of 4 MMI, the shaking is felt and 

identified by more individuals, with a sensation similar to a “heavy truck striking building” 

(USGS, 1). I use this level as a lower threshold for being assigned treatment, something 

implemented to limit the misclassification of exposure. The same threshold was used by Torche 

(2011). In my case, this translates to the exclusion of 20 events not fulfilling this intensity level. 

In the papers investigating long-term effects from earthquake exposure, there have been both 

lower (Guo, et al., 2019) and higher (Paudel & Ryu, 2018; Caruso & Miller, 2015) intensity 

thresholds. The choice of light shaking will be evaluated in a sensitivity test. 

Fig. 4 plots the earthquakes on a map of Colombia in 5-year intervals, with the range of each 

event shown with corresponding intensity levels. The earthquakes that take place within the 

timeframe of the study are distributed all over Colombia. While specific events are non-

predictable, some areas may experience earthquakes more frequently. This is because areas 

situated close to tectonic plates experience more frequently the movement of rock formations 

under the Earth’s surface, which can cause large energy release, generating earthquakes (Michigan 

Tech, 2007). Looking at Fig. 4, there is a higher occurrence of earthquakes in departments located 

in west Colombia, following the coastline. This would generate issues if the frequency of 

earthquakes impacts how the population experiences the event. One such difference could be if 

the frequency of earthquakes within an area impacts the level of maternal stress experienced 

during the event. Maybe individuals living in these areas need higher intensities to be affected 

because smaller earthquakes are something the population has gotten used to. This would imply 

heterogeneity in the size of the impact. Another possibility is that earthquake-prone areas have a 

population with characteristics that differ from other departments. It is important to remember 
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that even though specific areas may have a higher likelihood of an event occurring, specific events 

timing or location are not predictable. To summarize, the frequency of earthquakes within a 

municipality can potentially impact the size of the effect and the average characteristic of the 

population. This is not a threat to the identification. The information displayed in Fig. 4 is 

complemented by Appendix 4, which describes the earthquake exposure, aggregated to the 

geographical department, separated into 5-year intervals.  

In a first step, I identify which municipalities are exposed to the shaking of specific earthquakes 

with an intensity greater than light. This is done by combining the earthquake data with 

geographical boundary data of Colombia (GADM, 2018), including country, department, and 

municipality borders. All this information is displayed in Fig. 4. While this gives us information if 

a specific intensity level reached a specific municipality, the actual population exposure may vary 

widely. For example, two municipalities may have had a maximum shaking intensity of 

“moderate” but experienced different extents of the shaking. Put differently, there could be a 

difference in the area where the shaking is felt, depending on both the distance from the 

epicenter, size of the municipality, and earth/soil type impacting how far the shaking reaches9. 

There is therefore a need to extract more information and define not only the intensity but also 

the extent of the shaking. One approach could be to compare the size of the area where the 

shaking was felt with the total area of the municipality. The issue here is that this will assign 

each area within the municipality with equal weight, even though the population may be centered 

around specific parts of the geographical entity. To be able to infer actual population exposure, I 

include population density projection for the investigated period (CIAT, 2001). This is added to 

generate a better proxy for the extent of the human experience within the cell. These projections 

are in 10-year intervals, and I assume a constant rate of population change between the available 

years. The projections are based on population data from the census, combined with data on 

infrastructure (railroads, roads, and rivers) to generate the gridded map layer describing the 

density of the population within each municipality (CIAT, 2005). The projections are shown in 

Appendix 5. Based on this added information, I calculate the population share that was exposed 

to the shaking within each municipality. This is done both when defining the pregnancy as one 

single period and when using trimesters. This will be used as a proxy of exposure within each cell. 

 

9 For a more detailed description of how the shaking intensity is defined, see Appendix 1.1. 
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In addition, I count the number of earthquakes occurring during each gestational period, 

generating information about the frequency of the exposure.
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1960-1965 1965-1970 

  

1970-1975 1975-1980 

  
 

Fig. 4: Earthquake impact area divided into separate intensity levels. The earthquakes are divided into 5-year intervals and plotted on a map over 

Colombia with geographical boundaries for the departments (black color) and the aggregated municipality levels used in the census (grey). The maps 

display earthquakes fulfilling the intensity threshold light. 
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Fig. 5: The figure displays the number of individuals experiencing an 

earthquake in-uterus, grouped by year and type of shaking. 

Fig. 6: The figure displays the distribution of earthquakes based 

on the population share exposed within the municipality. 

 

Fig. 5-6 shows some key information about the defined treatment group. In total, 95 075 

individuals have their gestational period and place coinciding with an earthquake reaching a 

shaking intensity greater than light. Before continuing I will define larger categories of exposure 

based on the five intensity levels observed in my data. This is done for two main reasons. First, 

categorizing the exposure separately for each MMI level may generate lower power in the 

estimations, especially regarding the highest intensities which are less frequent. Secondly, while 

the intensity levels capture different characteristics related to destruction and shaking, many of 

them are alike, capturing a similar overall human experience. I define a low intensity group, 

including those experiencing a maximum shaking of either light or moderate. These events are 

categorized by shaking that causes none to low destruction and where most people feel the event, 

especially indoors10. Next, I define a high intensity group, including those experiencing a 

maximum shaking of either strong, very strong, or severe. These events are categorized by 

shaking that is felt by everyone, many are frightened, and the risk of damage is considerably 

higher11. In a sensitivity test, I will include indicators for each of the intensity levels. 

 

10 Based on the MMI scale, shown in Appendix 1.1. 
11 Based on the MMI scale, shown in Appendix 1.1. 
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Starting with Fig. 5, most treated are found in the low intensity group. The highest number of 

treated individuals are found during the year 1980, with 17 919 individuals fulfilling defined 

requirements. For the high-intensity group, the year containing the strongest earthquake in 1967 

also generates the largest number of treated, with 6 267 exposed in total. Fig. 6 displays the 

distribution of the proxy among the cells. Overall, there is a u-shaped distribution with most cells 

having shaking that is felt by the whole population.  

While the MMI scale categorizes the exposure based on damage and shaking, these are general 

descriptions and not event-specific. I, therefore, use data from the International Disaster Database 

(CRED) (EM-DAT), which collects information on disasters around the world that fulfill one of 

the following criteria: 10 people died, 100 people were affected, state of emergency and call for 

international assistance. The data has information on the number of casualties, affected, the 

amount worth of damage, and insurance losses. Each event also contains the location and time of 

the event. This data carries some limitations, especially related to the availability of specific 

figures describing the impact of the earthquake. Many entries only have one indicator available, 

while others are coded as zero. CRED state themselves that values coded as zero are not 

necessarily equal to no effect on the specific indicator, more often it means the information is 

missing (CRED, 2009). In total there are six entries within the time frame investigated. To link 

this with the other earthquake data, I use the included information on the location and time of 

the disaster. The location description varies in how detailed and precise it is. For example, an 

earthquake occurring in 1979 has the location description “Manizales-Armenia area”, which is the 

names of two municipalities within Colombia. In other cases, entire departments are defined. In 

these cases where the definition is wider, I merge this information for all municipalities where 

shaking is observed within the department. In two of the entries, information about the location 

was missing, making it impossible to identify where destruction occurred. These are excluded. 

Because of these limitations, I will use this information in the estimations to classify if the 

earthquake exposure carried any destruction related attributes; casualties, injured, or destruction.   

Investigating the supplementary data reveals a relatively low level of associated casualties, 

injured, or destruction in my sample of earthquakes. Within the period investigated, the highest 

number of casualties caused by an event was 579 people. The maximum amount worth of damage 

caused by an event was 20 000 000 USD12 (CRED). Both these events occurred during the year 

 

12 The dollar value is from the year the earthquake occurred. 
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1979 in November and December. Paudel & Ryu (2018) used an earthquake that killed 66 000 

people, Guo, et al. (2019) used an earthquake that killed 240 000 people and Caruso & Miller 

(2015) used an earthquake that caused 105 099 buildings to collapse. Using events with less 

destruction related attributes limits the problem of surrounding cohorts also being affected long-

term from the economic and destruction related consequences of the events. I conclude that my 

setting does not pose the same type of issues in defining a control group compared to the previous 

studies using earthquakes.  

5 Empirical approach 

This section describes the empirical approach, starting with the baseline model using the broadest 

definition of exposure. Next, I expand the definition of exposure based on earthquake 

characteristics and timing in relation to the pregnancy. Finally, the underlying assumptions 

needed for causal interpretation and threats to identification are discussed.  

5.1 Empirical models 

To estimate the causal effect of in-uterus earthquake exposure, the empirical approach needs to 

tackle some issues related to the data. The main empirical problem is that we cannot observe the 

outcome for those who were exposed in-uterus in a scenario where the earthquake did not take 

place. To manage this problem, I will use a difference-in-difference approach. My strategy relies 

on FE based on period and place of birth, following the methodology used in similar studies, 

including the paper by Almond & Mazumder (2011) and Karbownik & Wray (2019). 

To solve the fundamental issue, I assign the counterfactual to those experiencing the earthquake 

pre- or post-pregnancy in an affected municipality or in-uterus in a non-affected municipality. In 

short, I use one control that coexists whit the exposed in geography and another in time. The 

baseline model is a first insight into what the long-term effects are from being exposed to an 

earthquake in-uterus. I use the model: 

𝑌𝑖𝑡𝑚𝑗 = 𝛼 + 𝛽1𝐸𝑄𝑡𝑚𝑗 + 𝑀𝑖𝑡𝑚𝑗 + 𝜆𝑗 + 𝜃𝑡 + 𝜔𝑚 + 𝜍𝑑𝑡 + 𝜖𝑖𝑡𝑚𝑗 (4) 
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where 𝐸𝑄𝑡𝑚𝑗 is the previously discussed proxy describing the extent of the earthquake in 

department 𝑑, municipality 𝑗, month 𝑚 and year 𝑡. The variables 𝜆𝑗, 𝜃𝑡 and 𝜔𝑚 are the 

municipality-, year- and month of birth FE respectively. The year FE will capture differences 

associated with either age or upbringing, affecting the individual’s long-term outcome. Birth 

month is included to capture potential differences related to the season of birth. The department-

by-year FE controls for year specific trends within the department. I also control for gender with 

the dummy 𝑀𝑖𝑡𝑚𝑗, taking the value one if the individual is male. The variable 𝑌𝑖𝑡𝑚𝑗 represents the 

different outcomes discussed previously in section 4.1. In all models I cluster the standard errors 

on a municipality of birth level, to account for correlation between errors. 

𝑌𝑖𝑡𝑚𝑑𝑗 = 𝛼 + 𝛽1𝑋𝑖𝑡𝑚𝑑𝑗 + ∑ 𝛾𝑖𝐸𝑄𝑡𝑚𝑑𝑗𝑇𝑙

3

𝑙=1

+ 𝑀𝑖𝑡𝑚𝑑𝑗 + 𝜆𝑗 + 𝜎𝑡 + 𝜔𝑚 + 𝜍𝑑𝑡 + 𝜖𝑖𝑡𝑚𝑑𝑗 (5) 

In a first step, I separate exposure by gestational period, something that has been done in similar 

studies (Almond & Mazumder, 2011; Karbownik & Wray, 2019; Almond, 2006). I define three 

separate periods within a pregnancy shown in Equation 5. The indicator 𝑇𝑙 is equal to one if an 

earthquake coexists with trimester 𝑙 for individual 𝑖.  

In addition to separating the exposure based on the timing, the definition of the shaking can be 

expanded. The baseline definition has the advantage of being easy to interpret but carries the 

limitation of not giving any further insights into the possible mechanisms and heterogeneous 

effects. I use the defined categories of earthquake intensities previously discussed in section 4, 

with low intensity shaking, 𝐿𝑡𝑚𝑗, and high intensity shaking, 𝑆𝑡𝑚𝑗. I use the models: 

𝑌𝑖𝑡𝑚𝑑𝑗 = 𝛼 + 𝛽1𝐸𝑄𝑡𝑚𝑑𝑗𝐿𝑡𝑚𝑑𝑗 + 𝛽2𝐸𝑄𝑡𝑚𝑑𝑗𝑆𝑡𝑚𝑑𝑗 + 𝑀𝑖𝑡𝑚𝑑𝑗 +

𝜆𝑗 + 𝜃𝑡 + 𝜔𝑚 + 𝜍𝑑𝑡 + 𝜖𝑖𝑡𝑚𝑑𝑗
(6) 

𝑌𝑖𝑡𝑚𝑑𝑗 = 𝛼 + ∑[𝛾1𝑙𝐸𝑄𝑡𝑚𝑑𝑗𝐿𝑡𝑚𝑑𝑗𝑇𝑙 + 𝛾2𝑙𝐸𝑄𝑡𝑚𝑑𝑗𝑆𝑡𝑚𝑑𝑗𝑇𝑙]

3

𝑙=1

+ 𝑀𝑖𝑡𝑚𝑑𝑗 +

𝜆𝑗 + 𝜎𝑡 + 𝜔𝑚 + 𝜍𝑑𝑡 + 𝜖𝑖𝑡𝑚𝑑𝑗

(7) 

where the former uses one single period definition and the latter builds on the previous extension, 

using the timing of the event to separate exposure.  



 

 

26 

In a final specification, I include additional information about the earthquake exposure. The 

variable 𝐷𝑡𝑚𝑗
𝑙  takes the value one if the earthquake caused casualties, injured, or destruction 

within the cell. The variable 𝑁𝑡𝑚𝑗
𝑙  takes the value one if the individual’s gestational period and 

place coincide with the occurrence of multiple earthquakes. The specification is an extension of 

Equation 7, adding additional information to identify what characteristics of the event cause long-

term effects. I use the models: 

𝑌𝑖𝑡𝑚𝑑𝑗 = 𝛼 + ∑[𝛾1𝑙𝐸𝑄𝑡𝑚𝑑𝑗𝐿𝑡𝑚𝑑𝑗𝑇𝑙 + 𝛾2𝑙𝐸𝑄𝑡𝑚𝑑𝑗𝑆𝑡𝑚𝑑𝑗𝑇𝑙] + 𝜌1𝐷𝑡𝑚𝑑𝑗 + 𝜌2𝑁𝑡𝑚𝑑𝑗

3

𝑙=1

+ 𝑀𝑖𝑡𝑚𝑑𝑗 +

𝜆𝑗 + 𝜎𝑡 + 𝜔𝑚 + 𝜍𝑑𝑡 + 𝜖𝑖𝑡𝑚𝑗

(8) 

The empirical approach relies on some key assumptions. Firstly, the occurrence of an earthquake 

needs to be random in relation to where and when it happens. As been discussed prior, specific 

events are random in these regards, while specific areas may be more likely than others to have 

an earthquake due to their geographical location. If the frequency impacts who habits within 

these municipalities, such effects will be captured by the municipality FE. Secondly, those 

exposed to the earthquake pre- and post-pregnancy should not be affected long-term. The use of 

department-by-year effects is one way to control for this. It will only capture the general effects 

for events having a major impact on the department level. Still, these types of events are where 

the threat is the most believable, corresponding to a higher risk of destruction. 

Next, the parallel trend assumption needs to be fulfilled. This requires the municipality FE to be 

constant over time. Put differently, individuals born within a specific municipality in Colombia 

have an average level of a given health, educational, or labor outcome that is constant over all 

birth periods. Secondly, the period FEs must be constant over municipalities. This means that, 

for a specific birth year, there may be changes to the overall average level of an indicator among 

those born in a specific municipality, but this change must be the same for all municipalities. To 

illustrate, let’s say I compare two groups born in the same area but during different periods, 

where only one is exposed to an earthquake. Comparing these two groups will generate the effect 

of the earthquake plus the difference between the two birth periods. These period-specific effects 

will potentially bias the estimates, primarily through characteristics related to the period of birth 

and differences in age when the data is observed. By including individuals from other areas during 

the same periods, given that our parallel trend assumption hold, we can difference out the potentially 

cofounding birth period FE.  
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5.2 Limitations and potential threats 

There are some limitations related to the use of earthquakes as an exogenous shock. First of all, 

earthquakes in the defined MMI range are felt during a timeframe of between ten to thirty 

seconds, with no exact figure available for specific earthquakes (The University of Utah, 2020). 

This creates exposure that is limited in duration. Alternative mechanisms can be conceptualized 

in addition to the shaking, which may extend the stress generated by the event. One potential 

channel is the risk of aftershocks within the following weeks and even months of an earthquake 

(USGS, 3). The knowledge of the heightened risk may create stress during a period extending the 

short duration of the event itself. This would generate a longer period of heightened maternal 

stress. 

Even though the model explicitly controls for department-by-year FE, there are still scenarios 

where the model will not be able to control for the earthquake's impact on the untreated group. 

Firstly, the model will not be able to control for specific effects from experiencing the earthquake 

post-birth. A possible source of such effects could be post-traumatic stress if the event is 

experienced as a child. What the setting reassures is that those exposed to the earthquake post-

birth did not experience the excessive cortisol concentration from the earthquake.  

Another threat is the presence of culling, which is a general selection problem within the field. 

This means that those experiencing the earthquake in-uterus may experience higher death rates 

prior to the census. This could steam from the lower health state caused by the shock decreasing 

the life expectancy of an individual or higher death rates associated with birth. Both situations 

would mean that these individuals are not observed in the final data. The culling may either 

offset potential effects from in-uterus earthquake exposure partially or fully. The consequence of 

such selection would also be a downwards bias estimate. Because I do not have information on 

these individuals, I am not able to evaluate this further.  

Finally, my identifying strategy relies on that mothers did not move during their gestational 

period. A problem arises if the occurrence of an earthquake causes mothers to move, possibly 

generating a selected group of individuals within the final data. The composition of the group 

generated by such selection could bias the estimated effect. The most likely direction of the bias 

would be upwards, where those left under a scenario with high selective migration would be those 

with the lowest socioeconomic status. A generally high movement of mothers during gestation 

would also pose an issue, making the assignment of the municipality during the fetal period less 
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credible. Such issues would lead to attenuation bias because earthquake exposure would contain 

measurement errors.  

Overall, all these threats are less likely to cause issues because the data contains less destructive 

events than other studies within the field. Most will generate a lower bound estimate, while few 

have the potential to inflate the actual effect. In the assumption related to the municipality of 

birth, the exclusion of the period “La Violencia” is further justified to limit the overall level of 

migration within the timeframe.  

6 Results 

This section presents the results divided into three parts. In the first, regression results for the 

baseline model are presented. Next, heterogeneous effects are explored by expanding the definition 

of the earthquake's impact and conducting separate analyses by gender. In addition, the parallel 

trend assumption is tested by estimating the effect of experiencing an earthquake pre- and post-

pregnancy. In the final part, sensitivity tests are conducted, divided into two parts. First, I 

exclude departments and specific earthquakes, testing if specific areas or events drive results. 

Finally, I redefine the exposure by limiting assignment with the proxy and include the intensity 

level associated with shaking that is not felt or weak in the estimation.   

6.1 Baseline model  

Table 2: Regression results defining the pregnancy as one period and separate trimesters 

  (1) (2) (3) (4) (5) (6) (7) (8) 
Intensity/variable Trimester Labor force 

participation 
Unemployed Years of 

schooling 
Disabled  Labor force 

participation 
Unemployed Years of 

schooling 
Disabled  

Average  0.5837 0.0284 7.298 0.0527 0.5837 0.0284 7.298 0.0527 
 
 

 (0.4929) (0.1663) (4.703) (0.2261) (0.4929) (0.1663) (4.703) (0.2261) 

Any intensity Any 0.00235 -0.000143 0.00836 0.00113     
  (0.00245) (0.000831) (0.0236) (0.00115)     
          
Any intensity  1     0.00206 -0.00184 0.00787 0.00421** 
      (0.00349) (0.00130) (0.0351) (0.00176) 
          
Any intensity  2     0.000859 0.00115 -0.0228 -0.000441 
      (0.00354) (0.00120) (0.0326) (0.00177) 
          
Any intensity  3     0.00411 0.000562 0.0524* 0.000253 
      (0.00326) (0.00159) (0.0313) (0.00162) 
Municipality FE  Yes Yes Yes Yes Yes Yes Yes Yes 
Year FE  Yes Yes Yes Yes Yes Yes Yes Yes 
Month FE  Yes Yes Yes Yes Yes Yes Yes Yes 
Department-by-year FE  Yes Yes Yes Yes Yes Yes Yes Yes 
Obs.  968225 968225 969248 980949 968225 968225 969248 980949 

NOTE. -  The table shows estimates for each of the labor, human capital, and health-related outcomes using Equation 4-5. The standard errors, 
which are shown in the parentheses, are clustered on a municipality of birth level. In all estimations, I control for gender in addition to the 
indicated FE. All FE refer to birth level data. 
* p < 0.1, ** p < 0.05, *** p < 0.01 
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In a first step, I define the earthquake exposure broad. I estimate Equation 4-5, which defines all 

shaking the same. The results are displayed in Table 2. The table uses two columns to define each 

variable. The first state the name of the variable or intensity level and the second which trimester 

the specific estimate is referring to. Starting with columns 1-4, showing the results when defining 

the pregnancy as one single period, none of the estimates fulfill the 10% significance level. 

Investigating each of the point estimates, the likelihood of being disabled increases, while the 

other outcomes indicate favorable effects from exposure. The size of the effect, comparing the 

point estimates to the averages of the sample, ranges between 0.1-2.1%. Turning to columns 5-8, I 

now separate the pregnancy into trimesters. There is no significant effect on the unemployment 

rate or the labor force participation rate. On years of schooling, point estimates vary between the 

trimesters, with exposure during the third showing 0.05 more years of schooling, significant at the 

lowest level. The size is small, indicating a 0.6% increase compared to the average. Investigating 

column 8, there is an 8% higher likelihood of being disabled from exposure during the first 

trimester, with significance on the 5% level. Exposure during other periods show much smaller 

point estimates and insignificant results compared to the former. 

6.2 Heterogeneous effects 

6.2.1 Intensity of the shaking 

Table 3: Regression results defining the pregnancy as one period, separating by intensity group 

  (1) (2) (3) (4) 
Intensity/variable Trimester Labor force participation Unemployed Years of schooling Disabled  
Average  0.5837 0.0284 7.298 0.0527 
  (0.4929) (0.1663) (4.703) (0.2261) 
Low intensity  Any 0.00166 0.0000977 0.0203 0.00164 
  (0.00248) (0.000878) (0.0254) (0.00124) 
      
High intensity  Any 0.00632 -0.00153 -0.0604 -0.00175 
  (0.00556) (0.00223) (0.0439) (0.00223) 
      
Municipality FE  Yes Yes Yes Yes 
Year FE  Yes Yes Yes Yes 
Month FE  Yes Yes Yes Yes 
Department-by-year FE  Yes Yes Yes Yes 
Obs.  968225 968225 969248 981477 

NOTE. -  The table shows estimates for each of the labor, human capital, and health-related outcomes using Equation 6. The standard errors, 
which are shown in the parentheses, are clustered on a municipality of birth level. In all estimations, I control for gender in addition to the 
indicated FE. All FE refer to birth level data. 
* p < 0.1, ** p < 0.05, *** p < 0.01 
 

The next step in the analysis is to separate the exposure based on the intensity of the shaking, 

using Equation 6. I use the previously discussed categories “low intensity” and “high intensity” to 

classify the exposure. Table 3 shows the results when defining the pregnancy using a single 

period. None of the estimates are significant. The sign of the point estimates seems to vary based 

on which intensity is experienced. The low-intensity estimates show an effect of less than 0.3% on 



 

 

30 

labor and human capital-related outcomes. Investigating the estimates for the high-intensity 

group, the point estimates are larger but still insignificant and inconsistent.  

Next, I estimate Equation 7, which in addition to the intensity separates the pregnancy into 

trimesters. I will illustrate these results by using Fig. 7. The figure displays point estimates with 

corresponding confidence interval when I explicitly define pre- (-18 to -12), during- (-9 to -1), and 

post-pregnancy (0 to 6) exposure. The figure shows the estimates using both Equation 5 (one 

period) and Equation 7 (trimesters). Investigating those in-uterus during the earthquake, 

corresponding to estimates within the dashed lines, there is no clear trend overall. The formal 

estimations when not explicitly defining pre- and post-pregnancy exposure is displayed in Table 

A4 of Appendix 6.1. Investigating specific point estimates for outcomes relate to labor, there is a 

significantly higher likelihood of participating in the labor market among exposed to high 

intensity shaking during the third trimester. This is on the lower significance level. Investigating 

the effect on years of schooling, there is a decrease of 0.12 years from high intensity shaking 

during the second trimester. Contradictory, there is a significant increase of 0.078 years from 

exposure during the first trimester from low intensity shaking. For the rate of disability, the effect 

during the first trimester found in Table 2 persists and centers around the low intensity shaking. 

Contradictory to previous point estimates, there is a decrease in the rate of disability among 

those exposed to high intensity shaking during the third trimester. This effect is twice the size of 

the previously discussed, showing a 13.4% lower likelihood of being disabled. Both estimates fulfill 

the 5% significance level.  
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Fig. 7: Regression plot with pre-, during, and post-pregnancy exposure. The plot shows point estimates with corresponding 95% confidence 

intervals. Standard errors are clustered on a municipality of birth level. In all estimations I control for: municipality FE, department-by-year FE, 

birthyear FE, birth month FE, and gender. All FE refer to birth level data. The estimate showing the single definition of exposure and the one 

separating exposure by intensity group are estimated separately. 

  

Investigating the results for those not conceived at the time of the earthquake in Fig. 7, all point 

estimates are close to zero and insignificant. Investigating those born before the earthquake struck 

the results are similar, with point estimates being close to zero and insignificant. There is a 

significantly lower likelihood of participating in the labor market from high intensity shaking and 

a higher rate of disability from low intensity shaking, and the pooled intensity definition when 

exposed 0-2 months after birth.  

The presence of significant results among those born before the earthquake is not ideal. The effect 

seems to be mostly centered around those born 0-2 months prior, indicating that there is some 

other mechanism potentially impacting this group. The implication of this will be talked about in 

the discussion.  
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Years of schooling 
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6.2.2 Destruction and frequency 

Next, I estimate Equation 8, attempting to capture the frequency of exposure and see if the 

presence of destruction related characteristics has any additional effects compared to just 

experiencing the shaking in-uterus. There are some possible limitations when expanding the 

definition of exposure in this way. Because higher MMI levels imply a higher risk of both 

destruction and aftershocks, including the additional indicators may generate multicollinearity, 

something that will reduce the power in the estimations.  

The results are displayed in Table 4. There is no effect found for the additional variables. All 

other point estimates are almost identical to those found in Appendix 6.1, corresponding to Fig. 

7. Based on these results, I will continue the rest of the analysis using the Equation 4-7. 

Table 4: Regression results using separate trimesters, separating by intensity group, and specifying destruction 
and number of events 

  (1) (2) (3) (4) 
Intensity/variable Trimester Labor force participation Unemployed Years of schooling Disabled 
Average  0.5837 0.0284 7.298 0.0527 
  (0.4929) (0.1663) (4.703) (0.2261) 
Low intensity  1 0.00370 -0.00165 -0.000528 0.00424** 
  (0.00394) (0.00140) (0.0396) (0.00194) 
      
High intensity 1 0.000788 -0.00255 0.0502 0.00467 
  (0.00857) (0.00274) (0.0720) (0.00389) 
      
Low intensity  2 0.00180 0.00156 0.00141 -0.000355 
  (0.00378) (0.00134) (0.0370) (0.00179) 
      
High intensity  2 0.00282 -0.000477 -0.110* 0.000138 
  (0.00747) (0.00307) (0.0641) (0.00444) 
      
Low intensity  3 0.00256 0.000569 0.0780** 0.00224 
  (0.00341) (0.00133) (0.0356) (0.00186) 
      
High intensity  3 0.0163** 0.000593 -0.0366 -0.00651** 
  (0.00803) (0.00610) (0.0695) (0.00292) 
      
Casualties, injured, or destruction Any -0.0184 -0.00505 -0.0836 -0.0000899 
  (0.0114) (0.00644) (0.103) (0.00478) 
      
Multiple earthquakes Any -0.00486 0.000660 -0.0283 -0.00307 
  (0.00512) (0.00241) (0.0523) (0.00255) 
Municipality FE  Yes Yes Yes Yes 
Year FE  Yes Yes Yes Yes 
Month FE  Yes Yes Yes Yes 
Department-by-year FE  Yes Yes Yes Yes 
Obs.  968225 968225 969248 981477 

NOTE. -  The table shows estimates for each of the labor, human capital, and health-related outcomes using Equation 8. The standard errors, 
which are shown in the parentheses, are clustered on a municipality of birth level. In all estimations, I control for gender in addition to the 
indicated FE. All FE refer to birth level data. 
* p < 0.1, ** p < 0.05, *** p < 0.01 
 

6.2.3 Separate analyses by gender 

Next, I estimate Equation 4-7 separately by gender, with all formal estimations found in 

Appendix 6.2. The results when defining the pregnancy as one single period, separating exposure 

by intensity groups is displayed in Table A5 for females and Table A7 for males. Looking at the 

averages between females and males, there are especially clear differences in labor outcomes 
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between the groups, where 36% of females participate in the labor market compared to 81% of 

males. There are also lower rates of disability among females, with 4.8% compare to 5.9% for 

males.  

Investigating the effect among females, there is a 10% lower likelihood of being disabled if exposed 

to high intensity shaking. In addition, there is a small increase in years of schooling of 0.05 years. 

Both these are on the lower significance level. When investigating the effect on males, all 

estimates are insignificant. Investigating the size of the effect for males, point estimates indicate 

an impact ranging between 0.1-3.14%, which indicates an overall small impact independently of 

the significance.  

Next, I test the specification which divides the pregnancy into trimesters, both with and without 

separate intensity groups. The formal estimations are found in Table A6 for females and A8 for 

males, while Fig. 8 plots the point estimates with corresponding confidence intervals, including 

those exposed pre- and post-pregnancy. For females, the effect on years of schooling and disability 

is centered around the third trimester. There is an increase of 0.124 years of schooling from 

experiencing low intensity shaking and 15.7% lower likelihood of being disabled from experiencing 

high intensity shaking.  

For males, there is a large increase in the likelihood of being disabled from high intensity shaking 

during the first trimester. The estimate shows a 26.7% higher likelihood of being disabled at the 

highest significance level. Similar results have been found throughout the analysis in the pooled 

regression, but using only males shows a much larger and more significant estimate. All other 

estimates for the likelihood of being disabled are smaller and insignificant.  

Investigating those exposed in other periods, the two separate analyses show a similar picture, 

with estimates that are close to zero and insignificant. For females, there is a significantly higher 

likelihood of being unemployed when exposed 0-2 months and 6-9 months after birth. This is not 

found among males. For both males and females there is a jump in the likelihood of being 

disabled 0-2 months after birth, similar to what was found in the estimates using the whole 

sample.  
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A: Female B: Male 

  

Fig. 8: Regression plot with pre-, during, and post-pregnancy exposure. The plot shows point estimates with corresponding 95% confidence intervals. Standard errors are clustered on a municipality of birth level. The estimate showing the single 

definition of exposure and the one separating exposure by the intensities are estimated separately. Panel A shows estimates for females and panel B shows estimates for males. 
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6.3 Sensitivity tests 

6.3.1 Excluding departments and earthquakes 

I will now test how sensitive the results are. This is done in two ways. First, I exclude each of the 

10 biggest departments. Next, I exclude all individuals exposed to a specific earthquake. Both 

tests are implemented to see if results are driven by specific groups of the population or specific 

earthquakes. If that would be the case, then the results established cannot be generalized. 

Appendix 7 shows the sensitivity tests when defining the pregnancy as one period and Appendix 8 

when using trimesters. For each of the period definitions, the tests are done when using the whole 

sample and when doing the analysis separately by gender.  

Excluding specific departments generate a small effect, independently of which definition of 

pregnancy and which sample definition is used. For some exclusions, estimates significance level 

change. Excluding Valle Del Cauca generates such an impact on the estimates for the outcome’s 

unemployment and disability, using the whole sample and the subsample females. There is a 

change in inference when excluding Nariño, generating a lower likelihood of participating in the 

labor market among exposed to high intensity shaking during the first trimester for males. The 

same exclusion generates a lower likelihood of being unemployed among exposed to high intensity 

shaking during the first trimester for females and the pooled sample.  

When excluding individuals that were exposed to specific earthquakes, there are distinct 

fluctuations for the estimates corresponding to the high intensity shaking. The fluctuation is 

centered around three earthquakes. These are the earthquakes occurring in July of 1962, February 

of 1967 (highest intensity), and December of 1979 (largest death count). These are three out of 

the four earthquakes within the supplementary data (CRED), meaning they either caused 

destruction, casualties, or injured. In addition, these are the events generating the largest number 

of exposed within the high intensity group (see Fig.5). Starting with the results when defining the 

pregnancy as one period, the biggest jump among the point estimates is found when excluding the 

earthquake occurring in February of 1967. When using both the whole sample and the subsample 

females, the exclusion generates a significantly higher likelihood of participating in the labor 

market and a significantly lower likelihood of unemployment. For males, the estimate for years of 

education becomes significant at the 10% level, indicating fewer years of schooling. Continuing 

with the results when dividing the pregnancy into trimesters. Among the most noticeable changes 
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when using the whole sample is found when excluding the strongest event in February of 1967, 

generating a higher likelihood of being disabled from exposure during the first trimester. This is 

mainly driven by a large jump in the separate estimate for males, while the estimate for females 

only becomes less negative. This effect has generally been the most consistent and strong 

throughout the analysis. Investigating the same outcome and trimester, but instead excluding the 

event in December of 1979, which caused the largest death count within my earthquake sample, 

the significance is lost when using both the whole sample and the subsample of males. 

Investigating the other outcomes and trimesters shows the same pattern, with large fluctuation 

when excluding the three largest earthquakes in both significance and size.  

6.3.2 Redefining exposure 

In all of the estimations so far, I have used the share of the population within the municipality 

who felt the shaking as a proxy to capture the extent of the within cell exposure. Instead of using 

this information as a proxy, I now use this to restrict who is classified as exposed. At the lowest 

threshold, I define cells as treated if the within municipality shaking is at least 10%. At the 

highest, I only define treatment for the cells where 100% of the population within the 

municipality felt the shaking. I vary this in 10% intervals. Even though I am using this 

information as a proxy in the main estimations, therefore considering possible differences in the 

extent of the impact, the cells with low overall exposure may still take away power in the 

estimates. On the other hand, not including cells where the earthquake was felt but to a limited 

degree, may generate attenuation bias.  

Appendix 9 shows the sensitivity tests when defining the pregnancy as one period and Appendix 

10 when using trimesters. For each of the period definitions, the tests are done when using the 

whole sample and when separating the sample by gender. There is some fluctuation in point 

estimates for the low-intensity estimates, but close to none for the stronger. A simple explanation 

for this is that because the high-intensity group is closer to the epicenter, they naturally have a 

higher share of within municipality exposure. Independently, the impact of redefining exposure 

has no impact on the overall inference.  

In a final test, I drop the intensity categories and use separate indicators for each intensity level. 

In addition, I include those exposed to the previously excluded intensity level “not felt-weak”, 

which is characterized by low shaking and few people within the exposed area who identify the 

event. Using this more extensive definition has its limitations. Because high-intensity events are 
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less frequent, some intensity-levels have few individuals observed over the period. Table 5 displays 

the number of individuals exposed to each of the intensity levels. The number of exposed 

individuals have a negative correlation with the intensity level because stronger events are less 

frequent. The intensity severe has the fewest observations, with a total of 680 individuals. This is 

generated from the single event reaching that intensity in the year 1967.  

Table 5: Number of observations per intensity level 

 

Table 6 shows the results using the whole sample and when separating the sample by gender. I 

use the specification defining the pregnancy into trimesters, where the main results have been 

found throughout the paper. Starting with the results using the whole sample, there is a large 

effect on the rate of disability from experiencing severe shaking during the first trimester. The 

point estimates indicate a 78.7% higher likelihood, which is very high. This is on the lower 

significance level. All point estimates are positive and growing in intensity, except for the added 

intensity “not felt-weak” which shows a negative effect of 0.6%. The strong shaking also generates 

an 83% higher likelihood of being unemployed from exposure during the first trimester. The 

estimates also show inconsistencies. There is a significant increase in the likelihood of 

participating in the labor market from moderate shaking and an increase in years of schooling 

from strong shaking, all from experiencing an earthquake during the first trimester. There is also 

a significant increase in the rate of unemployment for “not felt-weak” shaking. There are few 

significant point estimates from exposure during the second trimester with only a higher 

likelihood of labor force participation from the lowest intensity. Exposure during the final 

trimester shows many favorable outcomes for the exposed group, including a lower likelihood of 

being disabled and more years of schooling. There is also a 5.8% lower likelihood of participating 

in the labor market from the exposure of the strongest earthquake. 

Shaking intensities Number of individuals exposed 

o Not felt/weak 

o Light 

o Moderate  

o Strong 

o Very strong 

o Severe 

108 438 

62 553 

15 987 

11 481 

4 374  

680 



 

 

38 

For females, there is no significant effect from exposure during the first trimester, while point 

estimates are similar to what was found in the pooled specification. Exposure during the second 

trimester, indicate a higher likelihood of being disabled from a very strong earthquake. Similarly, 

to what was found in the pooled specification, there are some pointe estimates showing favorable 

outcomes, such as years of schooling and decreased likelihood of disability from exposure during 

the final trimester. There is also a lower rate of unemployment while generating a lower likelihood 

of participation in the labor market from the strongest shaking. For males, there is a 27.9% 

significantly higher rate of disability from experiencing strong shaking during the first trimester, 

while the higher intensities show positive point estimates without significance. There is a decrease 

of 0.7 years of schooling from experiencing the highest intensity shaking, while the lowest shows a 

1.1% lower likelihood of participating in the labor market from exposure during the second 

trimester. When exposed during the final trimester, there are three significant effects from the 

lowest intensity, showing a higher likelihood of unemployment (8.6%), disability (8.5%), and 

lower years of schooling (0.08). In addition, being exposed to moderate shaking shows a 16.9% 

higher rate of unemployment. 

The results are inconsistent. This includes finding significant estimates for those exposed to 

shaking that is barely felt within the municipality and direction of the effects changing with the 

trimester and intensity. For the rate of disability, the point estimate is very high. One should 

remember that those experiencing severe shaking only contain individuals exposed to the 

earthquake in February of 1967. For males, the higher likelihood of being disabled from exposure 

during the first trimester found throughout the analysis is only significant for the strong shaking 

intensity, while higher intensities show smaller and insignificant estimates.  
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Table 6: Regression results using separate trimesters and separating by intensity level. Results for full sample, females and males  

NOTE. -  The table shows estimates for each of the labor, human capital, and health-related outcomes using Equation 8, but with one variable for each intensity level, and including the lowest shaking intensity "not felt-weak". The standard errors, 
which are shown in the parentheses, are clustered on a municipality of birth level. In all estimations, I control for gender in addition to the indicated FE. All FE refer to birth level data. 
* p < 0.1, ** p < 0.05, *** p < 0.01

  All Female Male 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 
Intensity/variable Trimester Labor force participation Unemployed Years of schooling Disabled Labor force participation Unemployed Years of schooling Disabled Labor force participation Unemployed Years of schooling Disabled 
Average  0.5837 0.0284 7.298 0.0527 0.3672 0.0175 7.558 0.0478 0.8139 0.0400 7.023 0.0592 
  (0.4929) (0.1663) (4.703) (0.2261) (0.482) (0.1312) (4.727) (0.2133) (0.389) (0.196) (4.66) (0.236) 
              

Not felt – weak 1 -0.00159 0.00207* 0.0181 -0.000323 -0.000671 0.00109 -0.0283 0.000000961 -0.00224 0.00305 0.0606 -0.000486 

  (0.00306) (0.00116) (0.0320) (0.00147) (0.00475) (0.00146) (0.0423) (0.00195) (0.00407) (0.00196) (0.0442) (0.00237) 
              
Light 1 0.000813 -0.00227 0.0295 0.00171 0.00630 -0.00174 0.0814 0.00255 -0.00466 -0.00297 -0.0290 0.000457 
  (0.00424) (0.00162) (0.0483) (0.00220) (0.00624) (0.00166) (0.0648) (0.00283) (0.00530) (0.00257) (0.0641) (0.00319) 
              
Moderate 1 0.0144* 0.000904 0.0534 0.00293 0.0146 0.000543 0.137 0.00677 0.0129 0.00114 -0.0542 -0.00153 
  (0.00874) (0.00298) (0.0670) (0.00434) (0.0129) (0.00321) (0.104) (0.00621) (0.00976) (0.00532) (0.106) (0.00622) 
              
Strong 1 0.00469 -0.00285 0.170* 0.00472 0.0261 0.00145 0.141 -0.00599 -0.0191 -0.00788 0.204 0.0165** 
  (0.0105) (0.00350) (0.0930) (0.00473) (0.0166) (0.00350) (0.128) (0.00638) (0.0150) (0.00634) (0.129) (0.00705) 
              
Very strong 1 -0.0161 -0.00316 -0.111 0.00221 -0.000257 -0.00370 -0.0524 0.00223 -0.0338 -0.00279 -0.175 0.00232 
  (0.0266) (0.00716) (0.166) (0.00939) (0.0326) (0.00720) (0.207) (0.0138) (0.0276) (0.0107) (0.290) (0.0150) 
              
Severe 1 0.0489 0.0237** 0.217 0.0415* 0.0130 0.0254 0.277 0.0586 0.0845 0.0211 0.182 0.0236 
  (0.0339) (0.00984) (0.359) (0.0233) (0.0472) (0.0222) (0.612) (0.0366) (0.0525) (0.0211) (0.464) (0.0255) 

              

Not felt – weak 2 -0.00630** 0.000887 -0.0269 0.000723 -0.00283 0.000203 0.00814 -0.000767 -0.00961** 0.00149 -0.0737 0.00222 

  (0.00311) (0.00133) (0.0349) (0.00156) (0.00492) (0.00132) (0.0468) (0.00180) (0.00400) (0.00217) (0.0458) (0.00242) 
              
Light 2 -0.000697 0.000731 0.000132 -0.000328 -0.00522 -0.000811 0.0248 0.000931 0.00538 0.00243 -0.0267 -0.00155 
  (0.00358) (0.00122) (0.0372) (0.00171) (0.00545) (0.00142) (0.0505) (0.00226) (0.00460) (0.00233) (0.0529) (0.00266) 
              
Moderate 2 -0.00545 0.00259 -0.0235 -0.00588 -0.0119 0.00241 -0.122 -0.00513 0.00179 0.00274 0.0717 -0.00669 
  (0.00695) (0.00274) (0.0752) (0.00374) (0.0107) (0.00311) (0.0971) (0.00449) (0.00853) (0.00448) (0.109) (0.00554) 
              
Strong 2 0.00533 -0.00000660 -0.109 -0.00493 0.0133 -0.00497 -0.133 -0.00653 -0.00460 0.00557 -0.0940 -0.00356 
  (0.00822) (0.00341) (0.0706) (0.00424) (0.0124) (0.00316) (0.105) (0.00518) (0.0103) (0.00624) (0.0989) (0.00641) 
              
Very strong 2 -0.0120 0.00329 -0.148 0.0107 -0.00239 0.00355 -0.175 0.0227*** -0.0243 0.00312 -0.135 -0.00250 
  (0.0128) (0.00582) (0.129) (0.00958) (0.0190) (0.00839) (0.174) (0.00875) (0.0178) (0.00687) (0.161) (0.0157) 
              
Severe 2 0.0234 -0.00325 -0.398 0.00398 0.0153 0.000358 -0.0457 -0.00839 0.0211 -0.00758 -0.712** 0.0142 
  (0.0338) (0.0101) (0.311) (0.0187) (0.0512) (0.0126) (0.477) (0.0242) (0.0450) (0.0177) (0.278) (0.0207) 

              

Not felt – weak 3 0.0000548 0.00104 -0.0283 0.00228 0.00506 -0.00131 0.0143 -0.000242 -0.00498 0.00346* -0.0777* 0.00504** 

  (0.00297) (0.00114) (0.0305) (0.00147) (0.00409) (0.00132) (0.0412) (0.00199) (0.00450) (0.00188) (0.0418) (0.00212) 
              
Light 3 0.00181 0.000114 0.0649* 0.000468 0.00287 0.000695 0.119** -0.00104 0.00125 -0.000496 0.00141 0.00214 
  (0.00340) (0.00132) (0.0360) (0.00174) (0.00509) (0.00153) (0.0478) (0.00218) (0.00453) (0.00202) (0.0484) (0.00247) 
              
Moderate 3 0.000549 0.00359 0.0357 0.00273 0.00627 0.000639 0.109 0.00499 -0.00639 0.00679* -0.0524 0.000208 
  (0.00636) (0.00282) (0.0747) (0.00340) (0.00906) (0.00313) (0.113) (0.00488) (0.00829) (0.00403) (0.0898) (0.00543) 
              
Strong 3 0.0122 0.00291 -0.0231 -0.00667** 0.0114 0.00112 -0.0281 -0.00507 0.0125 0.00488 -0.0141 -0.00818 
  (0.00844) (0.00791) (0.0727) (0.00331) (0.0127) (0.00788) (0.0901) (0.00483) (0.00926) (0.00884) (0.110) (0.00535) 
              
Very strong 3 0.0284 -0.00223 -0.111 -0.00592 0.0402 -0.00500 0.0316 -0.00521 0.00691 0.000921 -0.270 -0.00697 
  (0.0203) (0.00558) (0.148) (0.00503) (0.0299) (0.00507) (0.187) (0.00758) (0.0162) (0.00849) (0.200) (0.00727) 
              
Severe 3 -0.0336** -0.0112 -0.0346 -0.0260*** -0.0558** -0.0134*** -0.597 -0.0332** 0.0100 -0.00708 0.620 -0.0170 
  (0.0135) (0.0100) (0.283) (0.00695) (0.0226) (0.00499) (0.393) (0.0142) (0.0231) (0.0192) (0.697) (0.0169) 
Obs.  968225 968225 969248 980949 498845 498845 499307 504043 469377 469377 469939 476904 
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7 Discussion 

The study aimed to identify the long-term labor, human capital, and health effects of 

experiencing an earthquake in-uterus. In addition, potentially identify heterogeneous effects based 

on timing, earthquake characteristics, and frequency of the exposure. I find mixed evidence. All 

significant results are found when dividing the pregnancy into trimesters. When using the whole 

sample, results are mostly centered around years of schooling and the rate of disability, but with 

point estimates showing both negative and positive effects. When including variables describing if 

destruction occurred or if the individual was exposed to multiple earthquakes in-uterus, no 

additional effects are found. When the analysis was done separately by gender, the favorable 

effects was centered around females, with more years of schooling and a lower likelihood of 

disability found from exposure during the final trimester. For males, a large increase in the 

likelihood of being disabled is found among those exposed during the first trimester to high 

intensity shaking. When excluding specific earthquakes, the results are very sensitive to the 

exclusions. When including shaking that is not felt or weak, significant effects are found. This 

lowers the overall generalizability and credibility of the results. The empirical approach used may 

have difficulties identifying and isolating effects from in-uterus earthquake exposure for multiple 

reasons.  

First, when doing the sensitivity tests, it became clear that specific events had a substantial 

impact on the estimates, especially for those associated with the high intensity shaking. The most 

convincing result for males was fully gone when excluding the deadliest event in December of 

1979, while inflated when excluding the most intense in February of 1967. While my data 

generally contains less destructive events than those used in similar research settings (Caruso & 

Miller, 2015; Paudel & Ryu, 2018; Guo, et al., 2019), the effect seems to be centered around those 

carrying similar attributes. It is hard to know if the effect found for the specific earthquake is 

caused by specific characteristics that were missing during other events or if other health 

disadvantages coincided with the earthquake, generating a biased estimate. While I explicitly 

tried to control for destruction and frequency, no significant effect was found with the inclusion of 

these.  

Second, the long-term impact of the fetal health shock may exhibit an element of latency 

(Almond & Currie, 2011). This would generate problems in the context of my paper if the long-
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term implications from the health shocks caused by the earthquakes was not fully realized by the 

age of 24-45. Other studies have used similar age intervals like the one used in this study 

(Karbownik & Wray, 2019; Guo, et al., 2019), generating mixed evidence. Others, including some 

of the most influential, have used older age groups (Almond, 2006; Scholte, et al., 2015; Almond, 

et al., 2010; Lin & Liu, 2014). If latency would be the issue, one would expect earthquakes early 

in my sample to generate effects, while later events would show close to no impact. Instead, what 

the sensitivity test showed was that those experiencing one of the latest events in my data drove 

the main result of the increased likelihood of being disabled from exposure, making this a less 

likely cause of the inconstancies.  

Finally, the test of the parallel trend assumption, displayed in Fig. 7-8 indicated potential effects 

among those exposed 0-2 months after birth independent of sample definition. This indicates the 

earthquake may impact those born before the event. Potentially, the control group is affected by 

the earthquakes in other ways than those in-uterus, generating a biased estimate.  

As a closing remark, researchers are encouraged to further test the fetal origin hypothesis using 

earthquakes, expanding the limited number of studies currently available to generate a greater 

understanding of its implications, extending beyond the physical damage in direct connection to 

the event. To expand the current knowledge, I encourage the implementation of alternative 

approaches to try to isolate the different mechanisms of the earthquakes, such as maternal stress, 

something my approach as not able to do convincingly.  

8 Conclusion 

The study finds inconclusive results. The most persisting results indicate a higher likelihood of 

being disabled among those exposed during the first trimester, with stronger effects found among 

males. Other estimates show variation in direction and size over intensities and trimesters. 

Testing the sensitivity of the results shows that the most persisting effects are driven by specific 

events and that shaking which should not be causing long-term effects generate significant results. 

This limits both the generalizability and credibility of the results. Therefore, I am not able to 

make any general or causal claims based on the results.
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10 Appendix 

10.1 MMI scale 

10.1.1 MMI scale with descriptions 

 

Fig. A1: MMI scale, describing characteristics associated with each intensity level (USGS, 1) 

 

10.1.2 ShakeMap intensity projections  

I use earthquake boundary files to assign treatment to municipalities where shaking was felt. 

These files contain coordinates for each intensity level on a 0.5 sequential scale, with values 

ranging between 1-10. The underlying data generating process is a combination of observed data, 

algorithms, and prediction models. The estimation process used in creating the data can be 

summarized into some steps (Worden, et al., 2020):  

 
Fig. A2: Intensity scale, used by ShakeMap 

* Scale based on Worden et al 2012, version 8 from USGS (Intensity Image Download, Colombia) 
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The USGS uses available data from events combined with a software called ShakeMap to 

estimate how the shaking distributes over an area. The available data may vary depending on 

time and place. For historical events, such as those used in this study, the information used is 

mostly limited to measures of magnitude from seismographs. Magnitude is a measure of the 

overall strength of an event, where each event is classified by one overall measure of strength. It 

is independent of the actual human experience, in contrast to the intensity, which depends on 

many factors, therefore more complex to determine. The observed data is then put into the 

software, where it uses ground-motion prediction equations (GMPEs) combined with local 

geographical data, such as soil type and topography, to estimate the peak acceleration, which is a 

measure describing the ground motion (USGS, 2). The map in Fig. A3 shows a visualization of 

such geographical data, with a parameter called Vs30 (shear-wave velocity 30 m). It describes the 

time it takes for the shaking of a depth of 30 meters to reach the surface. This means areas with a 

higher Vs30 value will experience more shaking than those with a lower, given that the 

earthquake has the same magnitude. The next step is to convert the ground motion predictions to 

the intensity measure, generating the MMI estimations. The scale shows each MMI level and the 

corresponding peak acceleration value (PEAK ACC.). 

 
Fig. A3: Map showing the Vs30 projections over Colombia. 
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10.2 Summary statistics: Population  

Table A1: Summary statistics: Cell level statistics for each department 

Department Mean 
number  
of obs. per 
cell 

Number of  
periods (max 
252) 

Number of 
municipalities 

Max 
number 
of obs. per 
cell 

Min number of obs. per 
cell 

Total number of 
obs. 

Amazonas 6 251 1 18 1 1412 
Antioquia 7 244 72 150 1 127603 
Arauca 4 208 4 27 1 3069 

Atlántico 10 245 15 133 1 36621 

Bogotá 224 252 1 382 130 56553 

Bolívar 8 247 23 100 1 44817 

Boyacá 7 251 36 36 1 59089 

Caldas 7 247 18 36 1 31404 

Caquetá 4 226 9 45 1 8459 

Casanare 7 248 5 24 1 8142 
Cauca 7 248 26 52 1 48039 
Cesar 7 246 15 61 1 25037 

Chocó 5 234 11 64 1 13444 

Cundinamarca 6 246 47 41 1 68144 

Córdoba 8 251 19 53 1 39145 

Guainía 3 226 1 15 1 705 

Guaviare 2 164 1 9 1 379 
Huila 7 251 17 35 1 30904 
La Guajira 12 247 8 138 1 23216 
Magdalena 8 251 14 44 1 28888 
Meta 5 227 11 26 1 12100 

Nariño 6 248 32 76 1 48967 

Norte de Santan
der 

7 245 19 64 1 32149 

Putumayo 3 210 7 31 1 5221 

Quindío 7 249 7 37 1 13131 

Risaralda 11 243 9 90 1 24795 

San Andrés 5 249 1 12 1 1240 

Santander 7 249 31 72 1 56167 
Sucre 7 251 14 27 1 23829 
Tolima 7 250 28 36 1 45849 
Valle del Cauca 9 248 28 106 1 62280 

Vaupés 2 163 2 26 1 743 

 

 

10.3 Missing information and earthquake exposure 

Table A2: Results from regressing exposure on missing information for each outcome  

  (1) (2) (3) (4) 
Intensity/variable Trimester Missing information: 

Labor force participation 
Missing 

information: 
Unemployed 

Missing 
information: 

Years of schooling 

Missing 
information: 

Disabled  
Average  0.5837 0.0284 7.298 0.0527 
 
 

 (0.4929) (0.1663) (4.703) (0.2261) 

Any intensity Any -0.000787 -0.000787 0.000274 -0.000267 
  (0.000732) (0.000732) (0.000491) (0.000236) 

 Municipality FE  Yes Yes Yes Yes 
 Year FE  Yes Yes Yes Yes 
 Month FE  Yes Yes Yes Yes 
 Department-by-year FE  Yes Yes Yes Yes 
Obs.  981541 981541 981541 981541 

NOTE. -  Table shows estimates for the likelihood of having missing information for each of the labor, human capital, and health-related 
outcomes using Equation 4. The standard errors, which are shown in the parentheses, are clustered on a municipality of birth level. In all 
estimations, I control for gender in addition to the indicated FE. All FE refer to birth level data. 
* p < 0.1, ** p < 0.05, *** p < 0.01 
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10.4 Summary statistics: Earthquakes 

Table A3: Summary statistics: Earthquake statistics for each department 

 1960-1965 1965-1970 1970-1975 1975-1980 

Department Max 
MMI 

Max pop. 
share 
exposed 

Mean pop. 
share  
exposed 

Max 
number of 
events  
during a 
month 

Event 
classified 
as a 
disaster 

Number of 
cells 

Max MMI Max pop. 
share 
exposed 

Mean pop. 
share 
exposed 

Max 
number of 
events  
during a 
month 

Event 
classified 
as a 
disaster 

Number of 
cells 

Max MMI Max pop. 
share 
exposed 

Mean pop. 
share 
exposed 

Max 
number of 
events  
during a 
month 

Event 
classified 
as a 
disaster 

Number of 
cells 

Max MMI Max pop. 
share 
exposed 

Mean pop. 
share 
exposed 

Max 
number of 
events  
during a 
month 

Event 
classified 
as a 
disaster 

Number of 
cells 

Antioquia 6.5 100 50.93 1 0 42 4.5 14.99 14.99 1 0 1 7 100 39.93 4 0 59 7 100 28.93 3 0 42 
Arauca - - - - - - 4.5 89.36 44.74 1 0 2 4.5 19.78 19.78 1 0 1 - - - - - - 

Bolívar 6.5 100 49.14 1 0 6 4.5 25.65 25.65 1 0 1 - - - - - - - - - - - - 

Boyacá 6 83.24 35.41 1 0 6 4.5 100 69.17 1 0 18 4.5 0.76 0.76 1 0 1 - - - - - - 

Caldas 6.5 100 91.63 1 0 17 5 100 87.21 1 0 15 - - - - - - 5.5 100 82.67 1 1 23 

Caquetá - - - - - - 8.5 100 99.94 1 0 9 - - - - - - 4.5 100 72.99 1 0 9 

Casanare 6 30.83 23.74 1 0 2 4.5 45 45 1 0 1 - - - - - - - - - - - - 
Cauca - - - - - - 6.5 100 89.12 1 0 25 - - - - - - 7.5 100 65.51 2 1 29 
Cesar - - - - - - 4.5 35.69 35.69 1 0 1 - - - - - - - - - - - - 

Chocó 7 100 74.46 1 0 12 4.5 98.16 55.29 1 0 2 8 100 59.72 4 1 22 6.5 100 52.58 4 0 31 

Córdoba 6.5 100 52.31 1 0 5 - - - - - - 5.5 100 53.06 2 0 21 7 100 53.8 1 0 5 

Cundinamarca - - - - - - 7 100 99.81 1 0 48 - - - - - - 4.5 15.72 8.14 1 0 2 

Guainía - - - - - - - - - - - - 5 2.61 2.61 1 0 1 - - - - - - 

Guaviare - - - - - - 6 53.88 47.6 1 0 2 7 90.74 73.34 1 0 2 5.5 7.96 7.96 1 0 1 
Huila - - - - - - 8.5 100 100 1 1 17 - - - - - - 5 100 97.68 1 0 17 
Meta - - - - - - 8 100 98.77 1 0 11 6.5 50.3 34.29 1 0 2 6 100 68.28 1 0 6 

Nariño - - - - - - 4.5 60.48 31.87 1 0 2 - - - - - - 8 100 42.46 2 1 41 

Norte de 
Santander 

- - - - - - 4.5 100 62.76 1 0 8 5.5 19.34 19.34 1 0 1 - - - - - - 

Putumayo - - - - - - 4.5 95.26 43.82 1 0 4 - - - - - - 5 100 89.03 1 0 7 

Quindío 5.5 100 100 1 0 7 5.5 100 100 1 0 7 - - - - - - 5.5 100 100 1 1 14 

Risaralda 7 100 100 1 0 9 5 100 79.15 1 0 8 - - - - - - 6 100 95.83 1 0 18 
Santander - - - - - - 5 100 89.84 1 0 28 - - - - - - - - - - - - 
Sucre 6 100 57.97 1 0 4 - - - - - - 4.5 100 60.68 1 0 5 - - - - - - 
Tolima 5 100 40.58 1 0 9 7.5 100 100 1 0 28 - - - - - - 5 100 79.87 1 0 36 
Valle del 
Cauca 

6.5 100 90.4 1 0 22 6.5 100 99.98 1 0 28 5.5 100 80.05 1 0 24 7.5 100 64.5 2 1 56 

Vaupés - - - - - - - - - - - - 5 28.36 28.36 1 0 1 - - - - - - 
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10.5 Population projections  

 

 

1960 1970 1980  

    
Fig. A4: Projections over the distribution of the population within municipalities in Colombia. 

Population density 



 

 

6 

10.6 Regression estimations 

 

 

 

 

 

 

 

10.6.1 Separating by trimester and intensity 

Table A4: Regression results using separate trimesters and separating by intensity group 

  (1) (2) (3) (4) 
Intensity/variable Trimester Labor force participation Unemployed Years of schooling Disabled  
Average  0.5837 0.0284 7.298 0.0527 
  (0.4929) (0.1663) (4.703) (0.2261) 
Low intensity  1 0.00307 -0.00166 -0.00388 0.00400** 
  (0.00386) (0.00140) (0.0388) (0.00197) 
      
High intensity 1 -0.00134 -0.00286 0.0397 0.00423 
  (0.00843) (0.00266) (0.0699) (0.00377) 
      
Low intensity  2 0.00103 0.00153 -0.00269 -0.000638 
  (0.00370) (0.00131) (0.0366) (0.00179) 
      
High intensity  2 0.000727 -0.000752 -0.121* -0.000334 
  (0.00719) (0.00299) (0.0640) (0.00438) 
      
Low intensity  3 0.00176 0.000541 0.0738** 0.00194 
  (0.00340) (0.00128) (0.0351) (0.00179) 
      
High intensity  3 0.0140* 0.000292 -0.0482 -0.00707** 
  (0.00769) (0.00584) (0.0680) (0.00277) 
Municipality FE  Yes Yes Yes Yes 
Year FE  Yes Yes Yes Yes 
Month FE  Yes Yes Yes Yes 
Department-by-year FE  Yes Yes Yes Yes 
Obs.  968225 968225 969248 981477 

NOTE. -  The table shows estimates for each of the labor, human capital, and health-related outcomes using Equation 7. The standard errors, which are 
shown in the parentheses, are clustered on a municipality of birth level. In all estimations, I control for gender in addition to the indicated FE. All FE refer 
to birth level data. 
* p < 0.1, ** p < 0.05, *** p < 0.01 
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10.6.2 Estimations by gender 

Table A5: Regression results defining the pregnancy as one period and separating by intensity group, females 

  (1) (2) (3) (4) 
Intensity/variable Trimester Labor force participation Unemployed Years of schooling Disabled  
Average  0.3672 0.0175 7.558 0.0478 
  (0.482) (0.1312) (4.727) (0.2133) 
Low intensity Any 0.00275 -0.000222 0.0569* 0.00153 
  (0.00373) (0.000963) (0.0334) (0.00159) 
      
High intensity Any 0.0127 -0.00340 -0.0598 -0.00502* 
  (0.00883) (0.00235) (0.0560) (0.00296) 
      
Municipality FE  Yes Yes Yes Yes 
Year FE  Yes Yes Yes Yes 
Month FE  Yes Yes Yes Yes 
Department-by-year FE  Yes Yes Yes Yes 
Obs.  498846 498846 499307 504043 

NOTE. -  The table shows estimates for each of the labor, human capital, and health-related outcomes using Equation 6 on the subsample females. The 
standard errors, which are shown in the parentheses, are clustered on a municipality of birth level. In all estimations, I control for gender in addition to the 
indicated FE. All FE refer to birth level data. 
* p < 0.1, ** p < 0.05, *** p < 0.01 

 

Table A6: Regression results using separate trimesters and separating by intensity group, females 

  (1) (2) (3) (4) 
Intensity/variable Trimester Labor force participation Unemployed Years of schooling Disabled  
Average  0.3672 0.0175 7.558 0.0478 
  (0.482) (0.1312) (4.727) (0.2133) 
Low intensity 1 0.00539 -0.00129 0.0521 0.00407 
  (0.00561) (0.00146) (0.0521) (0.00249) 
      
High intensity 1 0.0126 -0.00209 0.0571 -0.00665 
  (0.0131) (0.00279) (0.0959) (0.00504) 
      
Low intensity 2 -0.00106 0.000164 -0.00348 0.000171 
  (0.00562) (0.00140) (0.0514) (0.00232) 
      
High intensity 2 0.00628 -0.00394 -0.124 -0.00130 
  (0.0112) (0.00338) (0.0923) (0.00499) 
      
Low intensity 3 0.00426 0.000301 0.124** 0.000981 
  (0.00503) (0.00139) (0.0490) (0.00225) 
      
High intensity 3 0.0153 -0.00185 -0.0378 -0.00754* 
  (0.0113) (0.00582) (0.0814) (0.00400) 
Municipality FE  Yes Yes Yes Yes 
Year FE  Yes Yes Yes Yes 
Month FE  Yes Yes Yes Yes 
Department-by-year FE  Yes Yes Yes Yes 
Obs.  498846 498846 499307 504043 

NOTE. -  The table shows estimates for each of the labor, human capital, and health-related outcomes using Equation 7 on the subsample females. The 
standard errors, which are shown in the parentheses, are clustered on a municipality of birth level. In all estimations, I control for gender in addition to the 
indicated FE. All FE refer to birth level data. 
* p < 0.1, ** p < 0.05, *** p < 0.01 
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Table A7: Regression results defining the pregnancy as one period and separating by intensity group, males 

  (1) (2) (3) (4) 
Intensity/variable Trimester Labor force 

participation 
Unemployed Years of 

schooling 
Disabled  

Average  0.8139 0.0400 7.023 0.0592 
  (0.389) (0.196) (4.66) (0.236) 
Low intensity Any 0.000821 0.000378 -0.0229 0.00170 
  (0.00301) (0.00136) (0.0339) (0.00184) 
      
High intensity Any -0.000964 0.000472 -0.0600 0.00186 
  (0.00637) (0.00338) (0.0633) (0.00338) 
      
Municipality FE  Yes Yes Yes Yes 
Year FE  Yes Yes Yes Yes 
Month FE  Yes Yes Yes Yes 
Department-by-year FE  Yes Yes Yes Yes 
Obs.  469379 469379 469941 476906 

NOTE. -  The table shows estimates for each of the labor, human capital, and health-related outcomes using Equation 6 on the subsample males. The 
standard errors, which are shown in the parentheses, are clustered on a municipality of birth level. In all estimations, I control for gender in addition to the 
indicated FE. All FE refer to birth level data. 
* p < 0.1, ** p < 0.05, *** p < 0.01 
 
Table A8: Regression results using separate trimesters and separating by intensity group, males 

  (1) (2) (3) (4) 
Intensity/variable Trimester Labor force 

participation 
Unemployed Years of 

schooling 
Disabled  

Average  0.8139 0.0400 7.023 0.0592 
  (0.389) (0.196) (4.66) (0.236) 
Low intensity 1 0.000346 -0.00224 -0.0689 0.00361 
  (0.00478) (0.00232) (0.0539) (0.00290) 
      
High intensity 1 -0.0170 -0.00423 0.0347 0.0158*** 
  (0.0115) (0.00456) (0.103) (0.00573) 
      
Low intensity 2 0.00435 0.00297 -0.00269 -0.00143 
  (0.00444) (0.00232) (0.0536) (0.00269) 
      
High intensity 2 -0.00613 0.00289 -0.126 0.000564 
  (0.00854) (0.00501) (0.0862) (0.00594) 
      
Low intensity 3 -0.000466 0.000822 0.0142 0.00301 
  (0.00443) (0.00198) (0.0454) (0.00261) 
      
High intensity 3 0.0108 0.00271 -0.0573 -0.00649 
  (0.00822) (0.00672) (0.108) (0.00455) 
Municipality FE  Yes Yes Yes Yes 
Year FE  Yes Yes Yes Yes 
Month FE  Yes Yes Yes Yes 
Department-by-year FE  Yes Yes Yes Yes 
Obs.  469379 469379 469941 476906 

NOTE. -  The table shows estimates for each of the labor, human capital, and health-related outcomes using Equation 7 on the subsample males. The 
standard errors, which are shown in the parentheses, are clustered on a municipality of birth level. In all estimations, I control for gender in addition to the 
indicated FE. All FE refer to birth level data. 
* p < 0.1, ** p < 0.05, *** p < 0.01 
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10.7  Sensitivity tests: One period definition 

10.7.1 All 

A: Excluding those born within each of the  
10 biggest departments 

B: Excluding those exposed to a  
specific earthquake 

  
Fig A5: The plot shows point estimates with corresponding 95% confidence intervals using Equation 5. Standard errors clustered on a municipality of birth level. In all estimations I control for: municipality FE, department-by-year FE, birthyear FE, 
birth month FE, and gender. All FE refer to birth level data. Panel A shows estimates when separately excluding each of the 10 biggest departments in my data. Panel B shows estimates when excluding groups of exposed, corresponding to a specific 
earthquake. 
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10.7.2 Female 

A: Excluding those born within each of the  
10 biggest departments 

B: Excluding those exposed to a  
specific earthquake 

  
Fig A6: The plot shows point estimates for the subsample females with corresponding 95% confidence intervals using Equation 5. Standard errors clustered on a municipality of birth level. In all estimations I control for: municipality FE, department-
by-year FE, birthyear FE, birth month FE, and gender. All FE refer to birth level data. Panel A shows estimates when separately excluding each of the 10 biggest departments in my data. Panel B shows estimates when excluding groups of exposed, 
corresponding to a specific earthquake. 
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10.7.3 Male 

A: Excluding those born within each of the  
10 biggest departments 

B: Excluding those exposed to a  
specific earthquake 

  

Fig A7: The plot shows point estimates for the subsample males with corresponding 95% confidence intervals using Equation 5. Standard errors clustered on a municipality of birth level. In all estimations I control for: municipality FE, department-
by-year FE, birthyear FE, birth month FE, and gender. All FE refer to birth level data. Panel A shows estimates when separately excluding each of the 10 biggest departments in my data. Panel B shows estimates when excluding groups of exposed, 
corresponding to a specific earthquake. 
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10.8 Sensitivity tests: Trimesters 
10.8.1 All 

First trimester Second trimester Third trimester 
A: Excluding those born within each of the  

10 biggest departments 

   

B: Excluding those exposed to a  
specific earthquake 

   

 
Fig A8: The plot shows point estimates with corresponding 95% confidence intervals using Equation 7. Standard errors clustered on a municipality of birth level. In all estimations I control for: municipality FE, department-by-year FE, birthyear FE, birth month FE, 
and gender. All FE refer to birth level data. Panel A shows estimates when separately excluding each of the 10 biggest departments in my data. Panel B shows estimates when excluding groups of exposed, corresponding to a specific earthquake. 
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10.8.2 Female 

First trimester Second trimester Third trimester 
A: Excluding those born within each of the  

10 biggest departments 

   

B: Excluding those exposed to a  
specific earthquake 

   

Fig A9: The plot shows point estimates for the subsample females with corresponding 95% confidence intervals using Equation 7. Standard errors clustered on a municipality of birth level. In all estimations I control for: municipality FE, department-by-year FE, 
birthyear FE, birth month FE, and gender. All FE refer to birth level data. Panel A shows estimates when separately excluding each of the 10 biggest departments in my data. Panel B shows estimates when excluding groups of exposed, corresponding to a specific 
earthquake. 
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10.8.3 Male 

First trimester Second trimester Third trimester 
A: Excluding those born within each of the  

10 biggest departments 

   

B: Excluding those exposed to a  
specific earthquake 

   

Fig A10: The plot shows point estimates for the subsample males with corresponding 95% confidence intervals using Equation 7. Standard errors clustered on a municipality of birth level. In all estimations I control for: municipality FE, department-by-year FE, 
birthyear FE, birth month FE, and gender. All FE refer to birth level data. Panel A shows estimates when separately excluding each of the 10 biggest departments in my data. Panel B shows estimates when excluding groups of exposed, corresponding to a specific 
earthquake. 
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10.9 Redefining exposure: One period definition 

All Female Male 

   
Fig. A11: Defining treatment for those fulfilling a minimum threshold of the within municipality population share exposure. Treatment is represented by a dummy, taking the value one if requirements are fulfilled. I vary the threshold in 10% intervals, with the most 
restrictive being the one only assigning exposure if 100% of the population is exposed to the shaking. Each plot shows point estimates with corresponding 95% confidence intervals. Standard errors clustered on a municipality of birth level. In all estimations I control 
for: municipality FE, department-by-year FE, birthyear FE, and birth month FE. All FE refer to birth level data. In the graph showing estimates for “All” I also control for gender. 

10.10 Redefining exposure: Trimesters 

10.10.1 All 

First trimester Second trimester Third trimester 

   
Fig. A12: Defining treatment for those fulfilling a minimum threshold of the within municipality population share exposure. Treatment is represented by a dummy, taking the value one if requirements are fulfilled. I vary the threshold in 10% intervals, with the most 
restrictive being the one only assigning exposure if 100% of the population is exposed to the shaking. Each plot shows point estimates with corresponding 95% confidence intervals. Standard errors clustered on a municipality of birth level. In all estimations I control 
for: municipality FE, department-by-year FE, birthyear FE, birth month FE, and gender. All FE refer to birth level data. 
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10.10.2 Separate by gender 

First trimester Second trimester Third trimester 
A: Female 

   
B: Male 

   
Fig. A13: Defining treatment for those fulfilling a minimum threshold of the within municipality population share exposure. Treatment is represented by a dummy, taking the value one if requirements are fulfilled. I vary the threshold in 10% intervals, with the most 
restrictive being the one only assigning exposure if 100% of the population is exposed to the shaking. Each plot shows point estimates with corresponding 95% confidence intervals. Standard errors clustered on a municipality of birth level. In all estimations I control 
for: municipality FE, department-by-year FE, birthyear FE, and birth month FE. All FE refer to birth level data. Panel A shows estimates using the subsmaple females and panel B shows estimates using males. 
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