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Abstract

This study estimates the local labor market impact of two exceptionally strong

earthquakes that wreaked havoc in Mexico in 2017. Exploiting the fact that both

earthquakes occurred almost simultaneously, I compare the response of the rather

sophisticated Central Mexican labor market with its less developed counterpart in

the South. Applying a difference-in-difference approach to each disaster separately,

results suggest that labor markets in the two regions responded differently to the

large-scale shocks. While no significant effect has been found in the case of Central

Mexico, I find a positive employment effect in Mexico’s South. These results hold

true across a battery of robustness checks. A possible explanation for this finding

might be a greater need for additional workers in the reconstruction process in the

South as well as an increased propensity to work among deprived earthquake victims.

Keywords: Earthquakes; Local labor markets; Exogenous shocks; Difference-

in-Difference estimation
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1. Introduction

Every year, an estimated 160 million people worldwide are affected by natural dis-

asters (WHO, 2020). Developing countries shoulder the burden of disaster-related

human losses and damage when measured as a share of GDP (Arouri, Nguyen, and

Youssef, 2015; Strömberg, 2007). The lack of adequate social safety systems, poor

building standards and sluggish reconstruction processes heighten the vulnerability

among communities in these countries (Kirchberger, 2017). As labor is the major

source of income in the world, households might change their labor supply in re-

sponse to the disaster (Acevedo, 2016). Furthermore, large aid inflows fuel consumer

demand. This as well as an increased demand for reconstruction works can have an

impact on the labor market (Park and Wang, 2017).

Understanding these consequences helps to shape adequate policy measures and

allows for a better targeting of those in need. Due to intensified collection efforts

of disaster-related data, there has been a surge in empirical studies analyzing the

labor market consequences of natural disasters in developing countries in recent

years. Microstudies typically confine their analysis to disasters happening in either

rural agricultural-based or in urban labor markets. Heterogeneity of countries and

disaster types preclude comparisons across studies. To the best of my knowledge,

the question to what extent labor market responses of disasters differ and depend on

certain initial labor market characteristics has so far only been tackled theoretically

(Grinberger and Samuels, 2018). The main prediction from this theory is that a

high degree of labor mobility attenuates adverse disaster effects.

This paper aims to fill this empirical void by exploiting a unique natural exper-

iment that took place in Mexico. In September 2017, two devastating earthquakes

struck the country almost simultaneously. The first one, which with a magnitude

of 8.2 on the Richter scale was the strongest tremor measured in the country in

a century, affected large parts of the southern Mexican states Chiapas and Oax-

aca. Two weeks later, another quake of comparable magnitude devastated large

parts of the central region including Mexico City, the State of Mexico, Puebla and

Morelos. The twin earthquakes provide a good testing ground to study the link be-

tween distinct labor market environments and the corresponding disaster response

for several reasons. First, there are striking differences in the two affected labor

markets: Chiapas and Oaxaca count among the most economically marginalized

states in Mexico. Their economy is largely based on agriculture and labor market

institutions are underdeveloped. Central Mexico, in contrast, is characterized by

a high urban density, a high degree of industrialization and includes some of the

richest Mexican municipalities. This heterogeneity allows to compare the disaster

response in different settings. Second, both disasters were of unusual intensity and

followed by swift national and international relief efforts. Thus, both shocks posed

interruptions in the civil and economic lives of affected individuals and their labor

market response should inform about the consequences of large-scale catastrophes.
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The close intertwining of both the direct negative shock and the subsequent pos-

itive shock arising from the aid flows make a clear prediction of the disaster effect

impossible. In the light of the different labor market environments, however, I expect

the labor market response to differ across both settings. To test this hypothesis, I

combine data on earthquake intensity from the US Geological Survey (USGS) with

a detailed panel of individual-level labor market data obtained from the National

Survey of Occupation and Employment (Encuesta Nacional de Ocupación y Empleo

- ENOE). Using two distinct control groups, I analyze the labor market impact for

both earthquakes separately and follow a Difference-in-Difference (DiD) strategy.

Due to the short time frame of the panel, I will only study the short-run effects.

Results indicate that less developed labor markets benefited more from the relief

efforts after the disaster. Although both labor markets managed to recover remark-

ably fast after the disaster, no significant positive effect could be found for the more

developed region in Central Mexico. In contrast, the more rural and agricultural-

based southern labor markets in Oaxaca and Chiapas showed positive employment

effects. A sectoral decomposition reveals that it was mostly previously unemployed

or individuals out of the labor force that began to work after the disaster. The

results for both earthquakes are consistent across several alternative specifications.

Backed by qualitative evidence, I attribute the positive employment effect to the

combination of an increased labor demand in the reconstruction process as well as

the utmost priority of rebuilding livelihoods for earthquake victims. This induced

them to generate additional income and seek employment. Large aid flows to the

South and a relatively high uptake of a temporary employment program in Oaxaca

and Chiapas are in line with this interpretation.

The remainder of this paper is structured as follows. In the next section, I briefly

review the literature on the economic effects of natural disasters. Section 3 provides

background information on the two earthquakes and on the Mexican labor market.

Theoretical insights on possible channels through which disasters affect local labor

markets are given in section 4. In section 5, I present the data and methodology

before turning to the results in section 6. Section 7 is devoted to the shortcomings

of the empirical strategy and includes a battery of robustness checks. Section 8

discusses the results and section 9 concludes.

2. Literature

The economic impacts of natural disasters have been the subject of intense scrutiny.

The macroeconomic literature fails to provide a clear answer on whether natural dis-

asters hamper (e.g. Rasmussen, 2004) or enhance economic growth (e.g. Skidmore

and Toya, 2002).1 Noy (2009) attributes this ambiguity to the heterogeneity of dis-

1See Cavallo and Noy (2010) for a survey on the incipient literature. In a meta analysis including

750 estimates from 25 studies, Klomp and Valckx (2014) find a negative effect of disasters on
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aster types and to different initial socioeconomic conditions of the affected regions.

Studies investigating country-specific consequences find that developed countries

seem to be better shielded from the adverse effects on aggregate economic growth

(Raddatz et al., 2007; Loayza et al., 2012; Panwar and Sen, 2019) and might even

experience positive growth effects in the long run (Lackner, 2018a). Replacements

of the destructed capital stock and upgradations of obsolete technology, akin to

“Schumpeterian destruction” (Skidmore and Toya, 2002), are more likely to take

place in environments with low levels of corruption (Barone and Mocetti, 2014)

and high levels of trade that may trigger foreign knowledge spillovers (Cuaresma,

Hlouskova, and Obersteiner, 2008). Moreover, effective disaster preparedness (Pan-

war and Sen, 2019) and developed financial markets (McDermott, Barry, and Tol,

2014) are found to mitigate negative disaster impacts.

Resonating with the results of the macroeconomic literature, microeconomic stud-

ies focusing on developed countries generally find only modest short-lived negative

effects of hazardous natural events across multiple dimensions and sometimes even

point out welfare gains in the long run (e.g. Gallagher and Hartley, 2017; Deryugina,

Kawano, and Levitt, 2018). The same is true for studies directly focusing on labor

market outcomes. If any, only transitory negative effects on employment and wages

are found (e.g. Groen and Polivka, 2008; Xiao, 2011; Di Pietro and Mora, 2015).2

In developing countries a more mixed picture emerges across both short and long-

term studies: In the short-run, disasters are found to reduce school attendance in

Haiti (Novella and Zanuso, 2018) and exacerbate poverty in Mozambique (Salvucci

and Santos, 2020) while coordinated relief efforts trigger a decline in poverty rates

in China (Park and Wang, 2017). Similarly inconclusive, long-run studies point out

that, on the one side, disasters reduce human capital investments in Nepal (Paudel

and Ryu, 2018), increase child labor in Honduras (Gitter and Barham, 2007) and

heighten the risk of falling into the poverty trap in Honduras, Ethiopia (Carter et al.,

2007) and Nicaragua (Jakobsen, 2012). One the other side, results by Gignoux and

Menéndez (2016) suggest that sound post-disaster interventions increase well-being

in earthquake-stricken communities in Indonesia in the long run.

Likewise, the link between natural disasters and labor market outcomes is context-

specific in the developing world and depends on initial conditions as well as the dis-

aster response (Rodŕıguez-Oreggia, 2013). In an early long-run study, Jayachandran

(2006) exploits heterogeneity in rainfall intensity in Indian rural labor markets. She

finds a higher responsiveness of wages to weather-induced productivity shocks in

districts with underdeveloped financial markets, high incidences of poverty and low

migration opportunities. All three factors make the labor supply inelastic. Studies

analyzing both the short and long-run effects show a slight tendency towards stronger

economic growth. However, these authors also acknowledge the existence of a publication bias:

Negative results tend to be more easily published.
2A notable exception is Coffman and Noy (2012) who find that incomes have yet to recover 18

years after Hurricane Iniki devastated the Hawaiian island Kauai.
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adverse disaster effects in the short-run. Banerjee (2007), for instance, takes into

account seasonal fluctuations when estimating the effect on riverine floods on agri-

cultural wages in Bangladesh. His estimates reveal a positive long-run impact on

wages when flooding affects wet-season crops during growing periods. Severe floods

as well as moderate floods during harvest season, however, lead to wage declines

in the short-run. In line with this, Mueller and Quisumbing (2011) find short-term

wage losses for salaried agricultural workers as a consequence of an extreme flood

disaster in 1998 in Bangladesh. In the long run, wages tend to stabilize and the

effect vanishes.

In contrast to this incipient literature, more recent studies focus on a broad range

of natural events and control for time-variant external factors by resorting to quasi-

experimental methods. Combining a DiD technique with inverse propensity score

weighting, Kirchberger (2017), for instance, studies the short-run effect of a devas-

tating earthquake that struck Indonesia in 2006. Her results show an increase in

wage growth for workers employed in agriculture at baseline. She attributes this

to sectoral reallocations. An expansion of the construction sector at the expense of

agricultural employment raises the marginal product of agricultural labor. In the

Philippines, in contrast, labor markets seem to be more rigid, as no such sectoral

shifts can be observed after typhoons shook certain areas of the country (Franklin

and Labonne, 2019). Implicit contracts prevent layoffs as they allow for a reduc-

tion of wages and hours worked of the employees. In line with Banerjee (2007) and

Mueller and Quisumbing (2011), these negative wage effects are non-persistent.

Despite the prevalence of disasters in the region, few studies have analyzed labor

market outcomes in Latin America. They find that large-scale earthquakes reduce

unemployment in the mid-run in Chile (Karnani, 2015) but lead to a higher rate of

informality in the short-run in Ecuador (Mendoza and Jara, 2020). However, the last

result is not robust to alternative specifications. The study closest to this paper was

carried out by Rodŕıguez-Oreggia (2013) who investigates the labor market impacts

of hurricanes in metropolitan areas in Mexico. By applying a DiD approach to 13

external shocks from 2000 to 2011, he cannot find a clear pattern on working hours,

labor demand and wages. The analysis conducted in this paper differs in three

important aspects. First, Rodŕıguez-Oreggia (2013) analyzes events that took place

over the course of 11 years. Different macroeconomic environments, advances in the

national disaster preparedness and changes in labor market regulations influence

the labor market impact and complicate comparisons. This paper tries to reduce

some of this noise by comparing the labor market response of two disasters that

happened almost simultaneously.3 Second, relying on a different dataset, this paper

is not limited to metropolitan areas but includes rural labor markets. These are

characterized by higher income volatility and consequently might differ in their

3As will be discussed later, the simultaneity of events does not guarantee a similar response to

the disasters. Political and economic considerations might have guided the distribution of scarce

funds.
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response to natural disasters (Rodŕıguez-Oreggia, 2013). Third, my study considers

a different type of disaster as it investigates the short-run impact of earthquakes

rather than hurricanes.

3. Context

3.1. Earthquake Impact and Response

Due to its location at the interaction of five tectonic plates, high levels of seismic

activity are a common characteristic of Mexico (Servicio Sismológico Nacional, 2017;

Pinzón et al., 2018). With a magnitude of 8.2 on the Richter scale, the earthquake

that struck Mexico’s southern coast on September 7, 2017, however, was exceptional

in its intensity (Ramirez-Herrera et al., 2018). The most affected states were Oaxaca

and Chiapas with 98 fatalities as well as damage on 120,000 buildings in 4,400

communities (Zuñiga, 2019).

Less than two weeks later, on September 29, another earthquake reaching a mag-

nitude of 7.1 on the Richter scale caused serious damage in a heavily urbanized area

of the country (Sahakian et al., 2018). Its epicenter was located in the state limit

of Puebla and Morelos, 120 km away from Mexico City. In the most affected states

Mexico City, the State of Mexico, Puebla, Morelos, Guerrero, Hidalgo and Tlaxcala

369 fatalities and a total of 150,000 affected buildings were recorded (Esquivel, Is-

las, and Serdán, 2018). In monetary terms, the damage of the second earthquake -

with an estimated 2 billion US $ - was around six times higher than the destruction

caused by the first earthquake (344 million US $) (Esquivel, Islas, and Serdán, 2018).

Yet, the adverse impact on disaster-stricken communities were said to be greater in

the South where especially poor households lost their dwellings (Romero, 2017).

The central government responded quickly to the calamity, issuing an extraordi-

nary emergency declaration for the states of Chiapas and Oaxaca and two weeks

later for the State of Mexico, Puebla and Guerrero (Zuñiga, 2019). The main relief

and reconstruction efforts are financed through the disaster fund Fonden. Around

2,06 billion US$ were authorized by the end of 2018 (Auditoria Superior de la Fed-

eración, 2017). Fonden has been set up to disburse financial support proportionally

to the damage in the affected areas (Janvry, Valle, and Sadoulet, 2016). Besides

this official emergency relief, large-scale assistance from international and private

donors in the form of cash-flows and material reached the country shortly after the

disasters (Esquivel, Islas, and Serdán, 2018; Mexican Government, 2017). In gen-

eral, the national and international response to the earthquakes have been viewed

as quite successful (e.g. Gurŕıa, 2017; UNICEF, 2018). An official auditing report,

however, denounces a lack of transparency in the distribution of funds (Auditoria

Superior de la Federación, 2017).
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3.2. Labor Market and Regional Economic Structures

The earthquakes hit two different economic areas in Mexico. Before providing an

overview of these local economic differences, I will first point out some salient general

features of the Mexican labor market.

Despite a growing labor force, unemployment rates are persistently low in Mexico

(Gong, Soest, and Villagomez, 2004). Due to the absence of safety nets, in the

case of a job loss in the formal sector, workers often engage into informal activities

(OECD, 2017). The informality rate in Mexico is high even by Latin American

standards. Around 58% of the Mexican labor force participants work without so-

cial security or pension coverage (OECD, 2017). A reason for this high level of

informality are labor market rigidities in the formal sector in an environment of low

law enforcement (Levy, 2018): Employers can circumvent high severance payments

and minimum wages by hiring informally (Alcaraz, Chiquiar, and Salcedo, 2015).

Another consequence of the inflexible structure of the formal sector are misalloca-

tions in the labor market. According to Levy (2018), the mismatch of firms and

workers contributes to the low productivity of Mexican workers. Across all types of

employments working hours tend to be long while wages are low (OECD, 2019).

Nevertheless, there are important differences in productivity and income level

within the country. Mexico’s income inequality is among the highest in the world

(Sastré Gutiérrez and Rey, 2013). A highly productive modern economy in the

Center (and North) stands in stark contrast to a low-productivity agricultural-based

economy in the South (Gurŕıa, 2017).4 In 2016, with 5,973 US $, the average yearly
income in Mexico City was almost four times higher than that in Chiapas (1,652 US

$) (OECD, 2019). Contrary to what one might expect based on these income differ-

ences, Chiapas has the lowest migration rates in Mexico. High transport costs, partly

due to two mountain ranges, hamper both the internal and external mobility of its

residents (Levy et al., 2016). Since a peasant uprising in 1994 brought international

attention to the impoverished state, the Mexican government has invested a large

amount of resources in the region (Capraro, Ortiz, and Valencia, 2018). Despite

some improvements in infrastructure and education, the Chiapan economy shows

little complexity and offers scant opportunities for high-skilled workers (Hausmann,

Pietrobelli, Santos, et al., 2018). The regional disparity between Southern and Cen-

tral Mexico is also reflected in local trade patterns. As not only agricultural but

also the productivity in the secondary and tertiary sector is lower in the South than

in the rest of the country, export levels in Chiapas are low (Trachtenberg, 2019).

4The seed of this regional pattern lies in the industrialization of Mexico under Porfirio Diaz

(1876-1911) who focused on the development of the capital region (Rey and Sastré-Gutiérrez,

2010). Throughout the 30 years of an import-substitution-industrialization strategy and protec-

tionism, firms settled close to their clients and regional inequalities persisted (Trachtenberg, 2019).

Although the transformation to a market-led open economy at the end of the 20th century im-

proved the relative economic importance of the northern states due to their proximity to the US,

it changed little on the economic backwardness of the South (Trachtenberg, 2019).
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The central region including Mexico City, the State of Mexico, Puebla and Morelos,

on the other side, is home to large multinational firms (Suárez and Jesús Almonte,

2017) and characterized by a high level of manufacturing production, the pillar of

Mexican exports (Alcaraz, Chiquiar, and Salcedo, 2015).

4. Theoretical Analysis

To obtain a better perspective on the potential impact of the earthquakes on Mexican

labor markets, I will set out a simple framework on the short-run labor market im-

pacts of unexpected temporary disasters.5 I will draw on insights from the literature

on shocks to local labor markets (e.g. Kirchberger, 2017; Grinberger and Samuels,

2018). First, the general effects will be discussed before taking into account the

aforementioned characteristics of the affected Mexican local labor markets.

In the context of a large-scale disaster, local labor markets are generally hit by two

shocks: First, the disaster affects labor markets through the destruction of human

and physical capital. The loss of human lives decreases both the labor supply and

demand which exerts upward and downward pressure on wages, respectively. As

the death toll of the Mexican earthquakes was relatively low, I do not expect a

strong effect arising from this. A stronger effect should result from the depletion of

physical capital. If labor can substitute physical capital, the loss in capital shifts

the labor demand upwards. If they are complements, the opposite effect occurs.

Sectoral effects depend on the type of damage caused. As especially production in

the manufacturing sector is capital-intensive, I expect relatively strong effects in this

sector. However, other sectors such as agriculture might need to adapt as well if,

for instance, the harvest or irrigation systems are destroyed. Therefore, a priori, it

is not clear how the destruction of physical capital affects employment and wages.

Furthermore, the earthquake might lead to uninsured private losses, decreasing the

non-labor income of the population. If leisure is a normal good, then the income

effect consequently induces workers to increase their labor supply.

The opposite effect arises from the second shock: In the aftermath of a large-scale

natural disaster a considerable amount of resources is poured into the affected areas.

If workers directly receive part of this aid, their non-labor income rises, and they

might lower their labor supply. Most of this money, however, is typically earmarked

for the reconstruction of destroyed housing and infrastructure (Kirchberger, 2017).

If the labor needed in the reconstruction process is supplied locally, the demand

for labor rises. This effect differs across sectors. Typically, reconstruction and the

coordination of relief efforts lead to a boom in the construction sector and, perhaps

to a lesser extent, increase labor demand in the service sector. Depending on the

5Effects are different for long-lasting disasters such as floods as well as disasters directly related

to climate change. The latter might affect future expectations about disasters occurrence. Yezer

and Rubin (1987) provide a comprehensive model that shows the effect of this mechanism.
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availability of labor in both sectors, wage premiums might be paid to draw away

workers from other sectors and accommodate these shifts.

The two shocks described so far leave aside the different characteristics of the

local labor market. As discussed above, the strong regulation of the formal labor

market might suggest that the disaster has a stronger effect on the informal sector.

Long-term contracts might prevent immediate adjustments in the formal sector. Ad-

ditionally, firms in the informal sector are likely to be smaller and credit-constrained.

If they cannot replace productive assets, adverse effects in this sector are stronger.

Since informal employment is more prevalent in the South, I would expect stronger

effects arising from the earthquake in this region.

Furthermore, the impact of natural disasters depends heavily on the level of in-

tegration of the local labor markets with the larger economy, the skill composition

of the labor force and their mobility (Weber, 2012). Consider an economy with a

highly mobile labor force and an entirely tradable production sector. Both char-

acteristics have the potential to mitigate potential employment and wage effects.

As the labor supply is elastic, a decrease in labor demand in the aftermath of an

earthquake will lead to out-migration which results in a weaker potential wage drop.

In an alternative scenario, new employment opportunities during the reconstruction

phase might induce workers from non-affected areas to commute or previous out-

migrants to come back to the affected area. In a similar vein, a high share of exports

in the production structure mitigates the earthquake impact as only input prices but

not the demand for products is affected (Grinberger and Samuels, 2018). Contrary

to this, damages in infrastructure might lead to supply disruptions that particu-

larly hurt the tradable sectors. As in Mexico the main productive infrastructure

was spared by the earthquake, I expect the first effect to dominate. In the light

of the higher mobility of workers in Central Mexico and the rather export-oriented

production structure, ceteris paribus, again, one would expect stronger earthquake

impacts in the South. However, differences in the extent and type of damage and

the earthquake response might alter this prediction.

To summarize, the labor market effects of a natural disasters are complex and

depend on the extent of destruction, the disaster response and local labor mar-

ket characteristics. Thus, the earthquake impact in Mexico remains an empirical

question that will be the subject of the next sections.

5. Methodology

5.1. Data

In order to estimate the effect of the two earthquakes on local labor markets in South-

ern and Central Mexico, I combine three sources of data. First, this study draws

on rich individual-level worker data provided by the National Survey of Occupation

and Employment (ENOE) (INEGI, 2017-2018). ENOE is a rotating panel survey
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conducted by the Mexican National Institute of Statistics and Geography (INEGI).

It is representative at the federal level and covers both urban and rural areas. De-

mographic as well as detailed job-related information such as hourly wages from the

main occupation, hours worked and employment status are collected on a quarterly

basis for all members older than 12 years old of approximately 120,000 households.

Every quarter, twenty percent of the sample is replaced. For the individual-level

data analysis, I will consider a time frame of six consecutive quarters starting with

the first quarter (Q1) in 2017 and ending with Q2 2018. I restrict the sample to

individuals between the age of 15 and 65 that have been interviewed at least once

before and after the twin earthquakes. Individuals that neither live in Southern nor

in Central Mexico are dropped from the analysis.6 This leaves me with a final panel

of 372,692 individuals.

Although ENOE is INEGI’s primary source of labor market characteristics since

2005 (Bouchot, 2018) and has provided the basis of many published empirical stud-

ies, three important concerns arise. First, there is a major incidence of non-responses

in the monthly and hourly wage data. For more than a third of the economically

active population, wage data is missing.7 By extracting information from other

income-related variables, I am able to impute values for half of these non-responses.

However, as the wage variable including the imputations adds considerable noise

to the results, imputations were not used in the final analysis (see Appendix A

for further details on the wage imputations). I further convert all wage data into

real wages using Mexican Consumer Price Index (CPI) data from the Organization

for Economic Cooperation and Development (OECD) and by taking 2015 as the

base year. The second concern arising from the ENOE data is that given Mexico’s

development status and low growth rates, the unemployment rate of 3.6% in my

sample appears to be artificially low at first sight. Low unemployment rates are a

long-lasting feature of Mexican labor force data and have sparked the interest of

researchers for many years (e.g. Fleck and Sorrentino, 1994). Most studies find only

minor caveats in the methodology applied by INEGI and attribute them to the pe-

culiarities of the Mexican labor market (Heath, 2014). Considering these findings,

the relatively low unemployment figure should not challenge the reliability of the

data. The third concern is that ENOE data appears to be generally suffering from

high attrition rates (Cano-Urbina, 2016). Indeed, this is also the case in the sam-

ple used in this study where only 60% of the respondents have been interviewed in

6For reasons I will elaborate on later, I define Southern Mexico in a narrow sense and only

include the states Chiapas, Oaxaca and Guerrero. Concerning Central Mexico, individuals from the

following states are included in the analysis: Colima, Mexico City, Guanajuato, Hidalgo, Jalisco,

the State of Mexico, Michoacan, Morelos, Puebla, Queretaro, Tabasco, Tlaxcala and Veracruz.
7The question as to why there are so many non-response units in the wage data in the ENOE

remains unresolved and appears particularly puzzling in the light of similar surveys such as the

the National Survey of Household Income and Expenditure (ENIGH) with less missing values

(Campos-Vazquez and Lustig, 2017). Because of its lower frequency, the latter survey is not suited

for my analysis.
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all five consecutive rounds. A bias could arise if individuals affected by the earth-

quakes systematically dropped out or were rather inclined to stay in the survey.

To check for these mechanisms, I create a dummy indicating whether an individual

left the survey after the earthquake and carry out a logistic regression. Controlling

for sociodemographic characteristics and municipality level heterogeneity, I cannot

find significant differences in drop-out rates between the affected and non-affected

population.

The second data source used is ShakeMaps, a seismological real-time product by

the US Geological Survey (USGS). This scientific agency of the US Department of

Interior provides detailed geocoded data on major earthquakes on a global scale since

1960 and constantly updates its methodology (Worden, 2016). Despite the plethora

of studies concerned with the societal impacts of earthquakes, no standard measure

of earthquake exposure has emerged in the literature. Following the recommenda-

tion of Lackner (2018b), I utilize Peak Ground Acceleration (PGA) to capture the

earthquake impacts. PGA is a continuous measure of the maximum ground motion

physical bodies are exposed to in the course of an earthquake (Novella and Zanuso,

2018). Since it is the surface shaking at a given location that causes damage, I

prefer this measure to the Richter scale which only captures the total magnitude of

an earthquake. As opposed to measures relying on reported damage, PGA is fully

exogenous (Mendoza and Jara, 2020).8

To link the earthquake data with labor market information, I use geocoded data

for all 2.448 Mexican municipalities from the World Bank (WB, 2017). With the

software QGIS, I spatially overlap the PGA data with the municipalitiy coordinates.

As the labor force data does not yield information on the precise location of the re-

spondents, I follow Mendoza and Jara (2020) and assign each individual the average

PGA value of its respective municipality. Figure 1 shows the values obtained for

the 2017 Central Earthquake for each municipality (see Appendix B for the Chiapas

earthquake).

8Multi-parameter concepts are superior to this measure but barely applied outside of the field of

earthquake engineering. For the aim of most social science applications, the informational content

of PGA is considered satisfactory (Lackner, 2018b).
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Figure 1: PGA Distribution of the 2017 Central Earthquake

Notes: Author’s elaboration. The source of the PGA data is the US Geological Survey (USGS,

2020c).

Values of 0.1 or more indicate strong ground shaking typically associated with

damage on physical buildings (Worden, 2016). In line with damage reports, highest

PGA values are recorded in the State of Mexico, Puebla and Morelos.

Table 1 presents selected summary statistics (mean and standard deviation) for

the whole sample (see Appendix C for summary statistics separated by earthquake).

Although I use a continuous treatment indicator for my empirical analysis, for il-

lustrative purposes, I divided my sample into treated and non-treated units. The

latter includes all individuals living in Central and Southern Mexico whose munic-

ipalities experienced a PGA lower than 0.06 during the earthquake. To compare

both groups, I regressed treatment status on different outcomes and reported the

coefficients and significance level in the last column.

The average respondent is around 37 years old; slightly more than half of the

sample are female. The larger proportion of people living in an area classified as

rural in the treatment group can be attributed to the Chiapas earthquake which

majorly hit rural municipalities. Average education levels between both groups dif-

fer moderately: A 1% higher proportion of people have attained at least a secondary

degree in the treatment group. Levels of informality and unemployment are both

slightly higher in the control group while overall employment is higher in the treat-
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ment group. Regarding the sectoral composition of the employed respondents, which

make up 55% of the sample, services make up the largest share (around two thirds).

Approximately one fifth of the employed respondents work in manufacturing. The

share of agriculture and construction is low in both groups with less than ten per-

cent working in these industries. Comparing both groups, I find a higher share of

people working in agriculture and a lower proportion working in manufacturing in

the control group. Yet, hourly wages are on average lower in the treatment group

(28 Mexican pesos per hour). This finding is likely to be driven by the Chiapas

earthquake which affected some of the most deprived parts of the country. In both

groups, the above mentioned feature of long working hours becomes apparent. Em-

ployed individuals work on average 43 in the control and 44 hours per week in the

treatment group.

Table 1: Pre-Earthquake Summary Statistics for Control and Treatment

Group

Control Treatment

Variable N Mean Std. Dev. N Mean Std. Dev. Diff.

Age 45897 36.66 14.08 16653 36.78 14.18 0.116

Female 45897 0.53 0.50 16653 0.53 0.50 0.000

Living in a rural area 45897 0.17 0.38 16653 0.13 0.33 -0.047**

Primary Education 45897 0.18 0.39 16653 0.18 0.38 -0.006

Secondary Education 45897 0.36 0.48 16653 0.37 0.48 0.011*

Tertiary Education 45897 0.36 0.48 16653 0.37 0.48 0.005

Informal Employment 45897 0.56 0.50 16653 0.55 0.50 -0.010*

Unemployed 28892 0.04 0.19 10431 0.03 0.17 -0.008***

Employed 27756 0.55 0.50 10108 0.61 0.49 0.056***

Agriculture 25493 0.08 0.27 9087 0.06 0.24 -0.018**

Construction 25493 0.09 0.28 9087 0.08 0.28 -0.005

Manufacturing 25493 0.17 0.37 9087 0.20 0.40 0.032***

Services 25493 0.66 0.47 9087 0.65 0.48 -0.004

Hourly Wage 22218 32.14 35.74 7290 27.65 29.52 -4.487***

Hours Worked per Week 25493 43.30 16.35 9087 44.37 16.35 1.066***

Notes: The table presents averages for the whole sample in Q2 2017. The proportion of unemployed

and informal workers are calculated from the economically active population. The last six rows show

summary statistics only for employed respondents. Wages are given in Mexican Pesos. In the period

of analysis, the average exchange rate was 1 MXN=0.054 US Dollar. The Diff. column presents the

coefficients of a simple regression of treatment status on the variable with clustered standard errors at

municipality level. Stars indicate whether this difference is significant.

* p < 0.10, ** p < 0.05, *** p < 0.01.

5.2. Empirical Specification

In this section, I will outline the strategy followed to test for a causal relationship

between the earthquakes and different labor market outcomes. I begin by discussing

whether the earthquakes can plausibly be considered as exogenous shocks.

The precise timing and location of earthquakes cannot be predicted. Rather than

foreseeing the event, scientists can only estimate the probability that an earthquake

will occur in a certain region in a specific time period (USGS, 2020a). This probabil-

ity is not uniform across Mexico. Figure 2 displays the distribution of earthquakes
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with a magnitude of at least 4.5 on the Richter scale in Mexico during the last

twenty years before the events. A visual inspection confirms that while earthquakes

are ubiquitous across Southern Mexico, Central and Northern Mexico are less seis-

mically active regions (Singh, Astiz, and Havskov, 1981).

Figure 2: Earthquake Distribution Across Southern and Central Mexico 1997 - 2017.

Notes: The figure shows earthquakes occurring in Mexico from September 1997 until September

2017 with a magnitude higher or equal to 4.5 on the Richter scale. Data is taken from the US

Geological Survey (USGS, 2020c).

Despite this broad regional pattern in tectonic activity, within these regions self-

sorting into less earthquake-prone areas is not feasible. Furthermore, given the

exceptional intensity of the earthquakes, it is reasonable to assume that the shocks

were unexpected. Thus, the earthquakes can be viewed as exogenous shocks and

their occurrence can be considered a natural experiment.

In contrast to randomized control trials, the control and treatment group in natu-

ral experiments are not explicitly chosen and might differ systematically (Wooldridge,

2016). To identify the causal effect of the earthquakes, I will therefore resort to

quasi-experimental techniques and follow a DiD approach. This method aims at

measuring the difference in average outcomes between control and treatment group

after the treatment extracting the difference that existed between the two groups

before the treatment: the average treatment effect (e.g. Angrist and Pischke, 2008;
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Lechner, 2010). The differencing allows to control for time-invariant heterogeneity

between both groups as well as for common external factors that vary over time.

To outline this strategy, I start with a discussion of the following regression model

specification:

yimt = α0 + βDmPt + γDm + δPt + ϵimt, (1)

where yimt is the outcome of interest of individual i in municipality m in period

t. I will analyze the earthquake impact for each of the following three outcomes of

interest: employment status, log of real hourly wages and log of hours worked. An

individual is defined as being employed when working a positive amount of hours

and earning a salary. When investigating the impact of log of real hourly wages

and log of hours worked, I will only include individuals that were employed before

the earthquake in the regression. By doing so, I do not confound changes in wages

and hours worked with effects arising from employment shifts.9 Pt is the post-

earthquake dummy variable, Dm indicates whether a municipality was affected by

the earthquake or not, α0 is a constant, β, γ, δ are parameters and ϵimt is a zero-

mean disturbance term. β is the DiD indicator and the coefficient of interest. As the

earthquake hits municipalities with different intensities, I depart from the standard

dichotomous specification by using PGA, a continuous treatment indicator. Thus, β

can be interpreted as the effect on the respective labor market outcome that results

from an increase in earthquake intensity in a particular municipality.

The key assumption of this approach is that in the absence of the earthquake,

individuals in treated and control municipalities would have experienced similar

trends. In the light of the socioeconomic heterogeneity of Mexico, including all

non-affected regions in Mexico would violate this assumption. Given their different

socioeconomic structure, as already mentioned above, I exclude municipalities in

Northern Mexico and in the Yucatan Peninsula from the analysis. This refinement

leaves me with very few municipalities with a reported surface shaking of zero. To

find a control group that is expected to follow a common trend among a large enough

pool of candidates, I assign individuals living in municipalities with a PGA value

lower than 0.06 to the control group by setting Dm to zero for these individuals.

Destructive natural disasters often affect large territories and in some cases even

a whole country. Thus, choosing the control group among regions that were not

entirely ”immune” to the disaster is common in the natural disasters literature and

often the only possibility of establishing a counterfactual (Baez and Santos, 2008).

In contrast to other studies, I do not base my cut-off threshold on the distribution

of my data but use a value that is generally associated with very light or no damage

(USGS, 2020b). Thus, no significant bias should arise from this specification.

Further, individual fixed effects (FE) are added to control for time-invariant char-

acteristics that may influence the respective labor market outcome. This specifica-

tion is preferred to a random effect (RE) model as the latter crucially relies on the

9Following Kirchberger (2017), I set 126 hours worked as the upper limit for the hours worked

per week assuming that individuals cannot work more than a 18 hours 7 days a week.
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assumption that the time-invariant unobservables are not correlated with any of the

explanatory variables (Wooldridge, 2016). Thinking of the unobservables as ability

or individual preferences, it is likely that these are correlated with covariates such

as education typically included in RE labor market regressions. Conducting the

Hausman test gives further support to this reasoning. 10 The resulting specification

is the following:

yimt = αi + λt + βDmPt + ϵimt, (2)

where αi and λt denote individual and time fixed effects respectively. The coefficient

of interest is β which captures the effect of an increase in earthquake intensity on the

labor market outcome in the affected areas. Due to the clustered survey design of the

ENOE, I follow the recommendation of Deaton (2019) and cluster standard errors

at the level of the primary sampling unit (psu). To allow for spatial autocorrelation

within nearby municipalities, in a different specification, I adjusted standard errors

as suggested by Conley (1999).11

Similar to Deryugina, Kawano, and Levitt (2018), I next explore whether the

effect of the earthquake dissipates over time. Equation 3 includes dynamic treatment

effects:

yimt =
6∑︂

θ=1

βθ × 1[t = θ]×Dm + αi + λt + ϵimt, (3)

The coefficient of interests are the estimates for βθ which capture any systematic

difference between affected and non-affected individuals. If an adequate control

group has been identified, the coefficients β1 and β2 should be insignificant as the

earthquake has not yet taken place in this time frame. β4, β5 and β6 capture the

effect of the earthquake in Q4 2017, Q1 2018 and Q2 2018, respectively. To avoid

multicollinearity, Q3 2018 - the period in which both earthquakes took place - is

omitted from the regression.

Lastly, I test for sector-specific heterogeneous effects by interacting sector-specific

dummy variables with the DiD coefficients. To obtain concise estimates with suf-

ficient observations, I use a single post-treatment indicator. This results in the

following triple difference strategy:

yimt = βDm + γPt + δSi + ζSiDm + ηSiPt + ιDmPt + κSiDmPt +αi + λt + ϵimt, (4)

10I still estimated all regressions with REs. In these specifications, I added person-specific

covariates that are found to influence labor market outcomes in the literature: Gender, age, age

squared, level of education, sector of employment, marital status, number of children, employment

sector, whether the respondent is the household head and whether he resides in a rural area.

Since most results are qualitatively similar, I decided to present only the results from the FE

specifications.
11I used the Stata command reg2hdfespatial as in Hsiang (2010) and Fetzer (2014) and applied

various distance cut-offs (20, 50 and 100 km). The computational intensity of this method only

allowed me to obtain results for some rather parsimonious specifications. As results do not change

significantly when using the Conley-standard errors, they are not reported here.
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where Si denotes the pre-disaster sector of employment. Note that including

individual-level fixed effects impedes to estimate β, δ and ζ. ι + κ is the net

marginal effect of an increase in earthquake intensity for individuals working in a

particular employment sector at baseline.

6. Results

6.1. Aggregate Effect

I start by estimating the aggregated effect of both earthquakes on employment,

log of wages and log of hours worked for the full sample following equation 2. As

outlined above, I only investigate the short-term impact of the earthquakes until Q2

2018. Results displayed in Table 2 indicate that only wages appear to be negatively

affected by the earthquakes (Column 3). However, this effect vanishes once state-

specific time trends are being included (Column 4). The insignificant results might

be driven by the economic differences between the two affected areas. Aggregating

the effect might conceal potential contrary effects in both regions. To check whether

this is the case, I next explore the labor market impact of each earthquake separately.

This allows for the use of two distinct control groups that more closely resemble the

labor markets of the respective treatment group.

Table 2: Aggregate Earthquake Impact on Employment, Log of Wages and Log of

Hours Worked

Employment Log of Wages Log of Hours

(1) (2) (3) (4) (5) (6)

Treat*Post -0.004 0.045 -0.082* 0.129 0.031 -0.020

[0.016] [0.039] [0.047] [0.099] [0.028] [0.068]

State-specific
No Yes No Yes No Yes

time trends

N 372692 372692 94495 94495 168993 168993

R2 0.001 0.003 0.001 0.003 0.001 0.002

Standard errors (clustered by psu) in brackets. Each regression includes individual and quarterly fixed effects.

* p < 0.10, ** p < 0.05, *** p < 0.01

6.2. Effect of the Chiapas Earthquake

I begin by investigating the impact of the Chiapas earthquake which affected mu-

nicipalities in Oaxaca and Chiapas. The control group for this earthquake consists

of non-affected municipalities in Chiapas, Oaxaca and Guerrero. These three states

share the most salient features of their labor markets such as relatively low wage

levels, a high share of agricultural employment and a large informal sector. To

gain further support for the parallel trends assumption, I borrow from Deryug-

ina, Kawano, and Levitt (2018) and test for systematic differences in labor market
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outcomes in both the pre- and post-earthquake period as outlined in equation 3.

Assuming that labor markets evolve similarly over time, I expect the DiD indicator

to be insignificant in the pre-earthquake period. The key advantage of this strategy

over a mere visual inspection of pre-treatment trends is that it overcomes the vague-

ness in the latter method concerning the minimum degree of parallelism that needs

to be obtained. Furthermore, the more formal test allows for the use of a continuous

treatment indicator and the inclusion of fixed effects. Table 3 presents the results

I obtained from this specification (Panel A). To obtain more precise estimates, I

additionally follow equation 2 and estimate the earthquake impact on each labor

market outcome for one single post-period (Panel B).

Table 3: Chiapas Earthquake Impact on Employment, Log of Wages and Log of

Hours Worked

Employment Log of Wages Log of Hours

(1) (2) (3) (4) (5) (6)

Panel A

Treat*Q1−2017 0.281** 0.352*** -0.503 -0.533 0.230 0.217

[0.124] [0.128] [0.333] [0.341] [0.197] [0.203]

Treat*Q2−2017 0.097 0.118 -0.482 -0.620 0.276 0.344

[0.120] [0.122] [0.382] [0.392] [0.258] [0.266]

Treat*Q4−2017 0.176* 0.224** 0.177 0.061 0.065 0.072

[0.099] [0.101] [0.249] [0.257] [0.166] [0.168]

Treat*Q1−2018 0.314*** 0.344*** -0.049 -0.224 0.229 0.342*

[0.100] [0.107] [0.301] [0.323] [0.197] [0.204]

Treat*Q2−2018 0.407*** 0.442*** -0.378 -0.461* 0.501** 0.610**

[0.122] [0.127] [0.255] [0.266] [0.251] [0.262]

Panel B

Treat*Post 0.176*** 0.189*** 0.213 0.126 0.070 0.106

[0.067] [0.070] [0.163] [0.171] [0.120] [0.120]

State-specific
No Yes No Yes No Yes

time trends

Observations 62064 62064 18157 18157 27402 27402

R2 0.001 0.001 0.003 0.004 0.002 0.003

Standard errors (clustered by psu) in brackets. Each regression includes individual and quarterly fixed effects.

Q3−2017 is omitted. * p < 0.10, ** p < 0.05, *** p < 0.01

From the upper part of the table which explores the pre-earthquake period a

mixed picture emerges. As expected, most coefficients do not show any significant

effect. However, I do find that people in the earthquake affected areas experienced

relatively higher employment gains in Q1 2017 (as compared to the omitted quarter

Q3 2017). The fact that the positive employment effect is non-persistent suggests

that it was rather some temporary shock on the treatment area than a structural

difference in both labor markets. Additionally, as the earthquake is exogenous, by

definition, this shock cannot affect selection into treatment. Thus, I do not expect

a strong bias arising from this. To gain further support for this interpretation,

I address the question as to whether results are sensitive to the selection of the
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treatment group in the robustness checks.

The lower part of the table shows the actual earthquake impact. Here, I do find a

persistent positive effect on the probability of being employed (Column 1 & 2 Panel

A). The effect is robust across different specifications and increasing over time.The

positive employment effect in Q1 2018 is similar in magnitude to the positive effect

in Q1 2017 and could also be due to a different seasonal behavior between both

groups. However, the positive impact in Q2 2018 was not present the year before

giving support to the notion that the earthquake caused the effect. An explanation

for the expanding employment over time could be the beneficial impact of the relief

efforts and reconstruction boom that need some time to fully materialize in treated

municipalities. As Column 2 controls for time-variant heterogeneity at the state

level, this specification is preferred. Three quarters after the earthquake (in Q2

2018), a 0.1 unit increase in PGA in a municipality, increases the probability that a

resident is employed by 0.0442. According to the USGS, a 0.1 unit increase in PGA

is associated with a rise from no to light damage. In other terms, if PGA increases

by one standard deviation, the probability of being employed in Q2 2018 increases by

0.026.12 Thus, the earthquake caused a small but economically meaningful positive

employment effect. The effect is also significant at the 1% level when aggregating

the post-earthquake period (Column 1 & 2 Panel B). Column 5 and 6 which explore

the relationship between the earthquake and the log of hourly wages are in line

with this pattern. After one quarter, the earthquake is associated with a 3.4%

rise in hours worked when PGA increases by 0.1. This effect is increasing over

time. In Q2 2018, a 0.1 rise in PGA in a municipality leads to a 6.1% rise in

hours worked per week. These findings suggest that in the aftermath of the Chiapas

earthquake local labor markets in affected municipalities experienced a small labor

market boost. This positive upturn was absorbed along both the extensive (increase

in employment) and intensive margin (longer hours). The latter effect, however, is

less robust and disappears completely when I aggregate the data into a single post-

treatment period. The coefficients on wages, on the contrary, do not appear to be

significant. An exception is Q2 2018 where I find a negative wage effect which is

significant at the 10% level. This effect is not very robust as it disappears when

state-specific time trends are excluded.

To explore in detail the mechanisms behind this employment upturn, I next check

whether there are differences in the impact among individuals working in different

sectors at baseline. Table 4 presents the results obtained from regressions based on

equation 4. The estimations suggest that the higher probability of being employed

in affected municipalities is driven by individuals that have not been working at

baseline (Column 1-2 ”None”). These include both unemployed persons and people

out of the labor force. As compared to agricultural workers, which is the omitted

category, an increase in one standard deviation in the earthquake intensity of a

municipality results in a 0.024 increase in the probability of being employed after

120.06 ∗ 0.442 = 0.026.
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the disaster.13 Regarding wages, I only find a negative effect for workers in the

category ”Other” (Column 3-4). In the absence of further information on these

workers, any interpretation of this effect would be speculative. Furthermore, the

rather small sample size of this group calls for caution when making inferences

regarding the effect. Lastly, in none of the sectors did employees increase their

working hours significantly. This gives further support to the interpretation above

and suggests that the positive effect noted in the quarterly regressions was only of

temporary nature.

Table 4: Chiapas Earthquake Impact on Employment, Log of Wages and Log of

Hours Worked by Industry

Employment Log of Wages Log of Hours

(1) (2) (3) (4) (5) (6)

Treat*Post -0.070 -0.062 0.348 0.275 0.002 0.036

[0.112] [0.116] [0.304] [0.309] [0.223] [0.222]

Treat*Post*None 0.418** 0.403**

[0.176] [0.176]

Treat*Post*Construction 0.168 0.167 0.636 0.619 -0.015 -0.014

[0.237] [0.239] [0.691] [0.694] [0.338] [0.339]

Treat*Post*Manufacturing -0.314 -0.323 -0.111 -0.112 0.272 0.265

[0.198] [0.197] [0.440] [0.440] [0.320] [0.319]

Treat*Post*Services -0.233 -0.231 -0.423 -0.447 0.077 0.082

[0.164] [0.165] [0.343] [0.343] [0.260] [0.261]

Treat*Post*Other 0.247 0.221 -1.908** -1.852** 0.615 0.583

[0.767] [0.759] [0.817] [0.814] [0.600] [0.594]

State-specific
No Yes No Yes No Yes

time trends

Observations 60988 60988 18157 18157 27402 27402

R2 0.031 0.032 0.003 0.003 0.001 0.002

Standard errors (clustered by psu) in brackets. Each regression includes individual and quarterly fixed effects.

The omitted sector is agriculture. * p < 0.10, ** p < 0.05, *** p < 0.01

6.3. Effect of the Central Earthquake

Having established a small positive effect of the Chiapas earthquake on the proba-

bility of being employed, I will now explore whether a similar pattern arose in the

aftermath of the Central earthquake. Here the control group consists of non-affected

municipalities in states located in central and central eastern Mexico.14 With the

exception of Queretaro and Michoacan, all of the included states were affected by

the earthquake. They not only form part of the same geographical region but have

also certain economic characteristics in common: Except for the Federal District,

130.06 ∗ 0.403 = 0.024.
14These include the Federal District, Hidalgo, Mexico State, Michoacan, Morelos, Puebla,

Querétaro, Tlaxacala and Veracruz.
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all are situated in the middle of the country-wide income distribution. Additionally,

they are clustered around the capital and, in contrast to the South, are subject to

a stronger international trade exposure (Trachtenberg, 2019). In the light of these

similarities, I assume that the treatment and the control group would have followed

similar trends in their labor market outcomes in the absence of the disaster. To gain

support for this assumption, I follow the same method as for the Chiapas earthquake

and estimate the model presented in equation 3. Table 5 presents results for the

earthquake impact both in the pre- and post-earthquake period (Panel A).

Table 5: Central Earthquake Impact on Employment, Log of Wages and Log of

Hours Worked

Employment Log of Wages Log of Hours

(1) (2) (3) (4) (5) (6)

Panel A

Treat*Q1−2017 0.006 0.202*** 0.092 0.119 -0.010 0.037

[0.029] [0.066] [0.087] [0.226] [0.055] [0.146]

Treat*Q2−2017 -0.043* 0.033 -0.037 -0.186 0.009 -0.052

[0.024] [0.056] [0.080] [0.192] [0.046] [0.104]

Treat*Q4−2017 -0.031 0.008 -0.069 0.075 0.035 -0.033

[0.023] [0.051] [0.073] [0.149] [0.044] [0.118]

Treat*Q1−2018 -0.037 0.093 0.017 0.123 0.031 -0.108

[0.030] [0.068] [0.086] [0.175] [0.048] [0.105]

Treat*Q2−2018 0.005 -0.019 -0.203* 0.134 -0.004 -0.176

[0.038] [0.083] [0.117] [0.214] [0.071] [0.153]

Panel B

Treat*Post -0.009 -0.019 -0.064 0.126 0.029 -0.064

[0.018] [0.045] [0.054] [0.122] [0.032] [0.082]

State-specific
No Yes No Yes No Yes

time trends

Observations 244138 244138 56128 56128 109752 109752

R2 0.001 0.001 0.002 0.003 0.001 0.002

Standard errors (clustered by psu) in brackets. Each regression includes individual and quarter fixed effects.

Q3−2017 is omitted. * p < 0.10, ** p < 0.05, *** p < 0.01

In Panel B, I follow equation 2 and estimate the effect for an aggregated post-

earthquake period. Again, as some of the employment coefficients are already sig-

nificant in the pre-earthquake period (Column 1 and 2), I cannot fully reject the

hypothesis that labor markets in the treatment and control group followed distinct

trajectories in the advent of the earthquake. Nevertheless, in both pre-earthquake

quarters the significant coefficient is sensitive to the inclusion of state-specific time

trends and only appears in one of the two specifications, respectively. Furthermore,

the direction of the sign of the coefficient is not consistent. This supports the notion

that these effects reflect temporary local shocks rather than persistent differences in

labor market trends.

With regard to the post-treatment period (depicted in the lower part of Panel

A), I only find a negative effect on wages in Q2 2018 (Column 3). This effect is
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not robust to the inclusion of state-specific time trends (Column 4) and vanishes

when considering only one post-earthquake period (Panel B). Overall, labor markets

in Central Mexico appear to be robust to the external shock. Neither wages and

employment nor hours worked experienced any shift in the aftermath. This also

holds true when allowing for sector-specific heterogeneity in the effect (see Annex

C).

The different labor market response to the twin earthquakes in both regions is

broadly in line with the findings from previous research. The inconclusiveness of

results across studies examining the link between disasters and labor markets high-

lights one important point: Natural disasters are highly context-dependent. Similar

to what I find, Rodriguez-Oreggia et al. (2013) confirm that even within the same

country, local labor market can react in different ways when hit by external shocks.

Nevertheless, on a country level, a coarse pattern - rather insignificant or positive

impacts in developed and rather negative effects in less developed areas - can be ob-

served in the literature. Since my findings are at odds with this, further explanation

of the results is required.

7. Robustness Checks

Before examining more carefully the drivers of the regional responses to the earth-

quakes, this section explores whether results are robust to alternative specifications

and approaches potential pitfalls from the preceding analysis. The first three sub-

sections explain the methodology of the robustness checks and the fourth one is

devoted to the results.

7.1. Choice of a Suitable Control Group

One difficulty in the evaluation of earthquake impacts is the geographic concentra-

tion of affected individuals. This might make individuals in the treatment group

systematically different from the control group. Although I only find sporadic dif-

ferences between both groups in the pre-treatment period, I address this issue by

establishing a new counterfactual.

Building on Abadie and Gardeazabal (2003), Abadie, Diamond, and Hainmueller

(2010) propose to create a data-driven counterfactual by following the so-called

synthetic control method (SCM). The systematic selection of the counterfactual

reduces discretion in the choice of the control group and enhances transparency

(Abadie, Diamond, and Hainmueller, 2015). The method first requires aggregating

the data to obtain one single treated unit. Next, a set of control units among a donor

pool is chosen and synthesized by assigning weights to the selected control units.

Weights are given in such a way that the sythetic control group (SCG) follows the

preintervention outcomes and covariates of the treated unit as closely as possible.

Coffman and Noy (2012) are the only ones that employ the SCM in the natural

21



disaster context. In order to estimate the economic impact of a lethal hurricane on

an Hawaiian island, they construct a SCG consisting of several unaffected Hawaiian

islands . My case is different from theirs as affected regions were not confined to one

state but crossed several political borders. Thus, I first construct an ”earthquake

state” for each earthquake respectively and then create a counterfactual state out of

the remaining unaffected parts of states as well as the completely untouched states.

Criteria for the matches are the labor market outcomes (employment, log of hourly

wages and log of hours worked) as well as the sectoral composition of the labor

market and the average education levels. For both earthquakes, the method fails

to provide a suitable counterfactual that is closely aligned to preintervention labor

market trends. Figure 3 exemplary plots the evolution of the proportion of employed

individuals in the ”Chiapas Earthquake State” and the synthetic control state.

Figure 3: Trends in the Probability of Being Employed: Earthquake affected area

versus synthetic control group for the Chiapas earthquake.

Although, in line with the previous results, this specification suggests a positive

increase in employment after the earthquake in the affected area, in the light of the

poor fit of the pre-earthquake employment trends, this result remains tentative. The

cause for this shortcoming is likely to arise from the uniqueness of the treatment

group. The fact that the earthquake struck one of the most deprived areas in the

country dramatically limits the pool of suitable states that share similar charac-

teristics and that can be used for the construction of the SCG. Acknowledging the

weaknesses of this method, there have been recent proposals to allow for several

treated units by combining the SCM with fixed effect models (e.g. Arkhangelsky

et al., 2019; Xu, 2017). However, to this day, these methods only yield unbiased
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results if a sufficiently long time dimension is available and are thus not suited for

my analysis.

I next resort to matching techniques at the individual level. These allow for more

flexibility and ease the search for a data-driven control group. More specifically,

I borrow from Deryugina, Kawano, and Levitt (2018) who use inverse propensity

score weighting (IPW) to account for differences in observables between hurricane-

affected victims in New Orleans and control units. This method first assigns each

individual a propensity score based on pre-selected observable characteristics. When

performing the regressions, both treatment and control units are then weighted by

the inverse of this propensity score. In contrast to propensity score matching, not

only the matched units but the full sample of control units is used. This results

in a higher statistical power (Deryugina, Kawano, and Levitt, 2018). Furthermore,

as opposed to a one-to-one matching, the weighting accounts for the level of simi-

larity between treatment and control units (Deryugina, Kawano, and Levitt, 2018).

Although this method alleviates some biases arising from the unique traits of the

population in the treated group, employing it in the natural disaster context is not

ideal. The propensity score gives the conditional probability of treatment assign-

ment with respect to a vector of specific covariates (Rosenbaum and Rubin, 1983).

Since the propensity score is typically not known, observables that drive the selec-

tion into treatment need to be chosen (Dehejia and Wahba, 2002). In the case of a

natural disaster, however, the mechanism behind treatment assignment is simply the

geographical location of the units. By definition, this trait cannot be mimiced in the

unaffected control group. For this reasons, the method is used to validate my strat-

egy rather than as a baseline regression. Similar to Kirchberger (2017), I use gender,

age, age squared, level of education, employment sector, marital status, number of

children, whether the respondent is the household head and whether he resides in

a rural area for the last pre-earthquake quarter as criteria for the estimation of the

propensity score.

7.2. Spillover Effects

A second source of bias could arise from spillover effects from treated to control

areas. Capraro, Ortiz, and Valencia (2018) point out that the economic effects of

both earthquakes were highly localized as the major infrastructure of the country was

left intact. In line with this, all major financial institutions only slightly corrected

their GDP predictions downward in the aftermath of the quake (Esquivel, Islas,

and Serdán, 2018). However, this does not brush aside the possibility that the

earthquake triggered some changes in municipalities in the direct vicinity of hard-

hit areas. People from the affected municipalities might migrate to adjacent control

municipalities increasing the labor supply in these areas. On the other side, it

is also possible that reconstruction works provided new employment opportunities

attracting workers from the outside communities. Further, if treated and control
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areas have strong economic ties, a rupture in the economic activity in the treated

municipalities should affect the control group as well. Consequently, the direction

of a potential bias is unclear. To explore whether this mechanism drives results, I

clean the control group from individuals that live close to the affected municipalities.

More precisely, for each earthquake I create ”buffer zones” by drawing circles with

a radius of 30 and 50 km around the earthquake affected area. Individuals living

within these buffer zones are excluded from the analysis. Figure 4 displays the two

buffer zones for the Central earthquake (see Annex D for a map with the buffer

zones of the Chiapas earthquake). Individuals residing in the colored municipalities

belong to the treatment group. If a respondent lives in a municipality whose centroid

(geographic center) lies within 30 km (white circle) in the first or 50 km (orange

circle) in the second specification, he is excluded from the control group. A major

limitation of this method arises from the one-size-fits-all approach. Spillover effects

vary according to the geographical circumstances. A control municipality located 30

km away from an affected municipality in a mountainous region is expected to suffer

from smaller spillover effects than a similarly distant municipality in a flat region.

However, a well-founded analysis of the geographical circumstances goes beyond the

scope of this paper.

Figure 4: Buffer Zone of the 2017 Central Earthquake

Notes: Author’s elaboration. The source of the PGA data is the US Geological Survey (USGS,

2020c).
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7.3. Additional Concerns

Another concern relates to the definition of the treatment group. Note that in order

to obtain a ”clean” control group, I use a rather conservative cut-off (PGA of 0.06) to

define my treatment group in my baseline specification. The USGS only associates

PGA values of 0.09 or higher with light damage (USGS, 2020b). The inclusion

of possibly non-affected individuals in the treatment group could mask earthquake

effects. Thus, as a robustness check, I redefine the treatment group and change the

cut-off value to a less conservative value of 0.09. Now, only individuals living in

a municipality that experienced ground shaking above this value form part of the

treatment group.

Lastly, one might be worried that significant effects are driven by the metropolitan

areas of each region. Highly urbanized zones often bear the brunt of seismic activ-

ity. Especially Chiapas acts as a microcosm of the different levels of development

that can be witnessed on a higher regional level in Mexico. Disparities between

metropolitan and rural areas are particularly pronounced. High income levels, a

thriving economy and the dominance of commercial and service-oriented activites

in Chiapas capital city Tuxtla Gutierrez, for instance, stand in stark contrast to

the low economic complexity and abject poverty omnipresent in many rural and

agricultural-based municipalities in Chiapas (Levy et al., 2016). If the positive em-

ployment effect were only visible within these higher developed metropolitan areas,

my original presumption, that the level of development of local labor market af-

fects the earthquake response, would stand on shaky ground. To control for this,

I exclude all semi-metropolitan and metropolitan municipalities from the analysis.

Data for the demographic classification of the municipalities is obtained from the Na-

tional Survey of Financial Inclusion from 2018 (INEGI, 2018). Semi-metropolitan

municipalities are defined as having a population between 300,000-1,000,000 and

metropolitan municipalities are those with more than one million inhabitants.
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7.4. Results

Table 6 presents the results I obtained from the robustness checks when estimating

the effect of the Central Earthquake on the probability of being employed.

Table 6: Robustness Checks for the Central Earthquake Impact on Employment

Base IPW Buffer 30km Buffer 50km Cut-Off Rural

(1) (2) (3) (4) (5) (6)

Treat*Post -0.019 -0.026 -0.023 0.013 -0.014 -0.019

[0.045] [0.044] [0.049] [0.047] [0.040] [0.049]

State-specific
Yes Yes Yes Yes Yes Yes

time trends

N 244138 244138 225742 218570 245428 152030

R2 0.001 0.001 0.003 0.003 0.001 0.002

Standard errors (clustered by psu) in brackets. Each regression includes individual and quarterly fixed effects.

* p < 0.10, ** p < 0.05, *** p < 0.01

For comparability reasons, I included the baseline results from Table 5 (Panel

B) in column 1. Column 2 shows the results obtained when applying IPW to the

regressions. Column 3 and 4 have been estimated by excluding individuals living in

the buffer zones of 30 and 50 km, respectively. Column 5 displays the results when

using a cut-off of 0.9 while in column 6 all metropolitian and semi-metropolitan

areas are excluded. Broadly speaking, all robustness checks confirm the pattern

that emerged in the previous section: The Central earthquake did not significantly

alter the probability of being employed. The same holds true for the earthquake

impact on hourly wages and hours worked (see Annex C).

I next turn to the Chiapas earthquake and present the results of the robustness

checks for the effect on employment in Table 7.

Table 7: Robustness Checks for the Chiapas Earthquake Impact on Employment

Base IPW Buffer 30km Buffer 50km Cut-Off Rural

(1) (2) (3) (4) (5) (6)

Treat*Post 0.189*** 0.224*** 0.201*** 0.191*** 0.208*** 0.235***

[0.070] [0.072] [0.070] [0.070] [0.070] [0.079]

State-specific
Yes Yes Yes Yes Yes Yes

time trends

N 62064 62064 60339 58236 63887 39860

R2 0.001 0.002 0.001 0.001 0.001 0.002

Standard errors (clustered by psu) in brackets. Each regression includes individual and quarterly fixed effects.

* p < 0.10, ** p < 0.05, *** p < 0.01

Remarkably, the positive and highly significant coefficient obtained in my baseline

specification (column 1) proves to be robust and stable in magnitude across the whole

spectrum of checks performed. In all specifications, I find a small positive effect of
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the earthquake on the probability of being employed which is significant at the 1%

level.

For hourly wages and hours worked the robustness checks similarly do not chal-

lenge the insignificant results I obtained in the previous section (see Annex C).

Having verified the robustness of the overall results, I also explore whether sectoral

effects are sensitive to different specifications. Overall, as can be seen in Table 8, the

robustness checks corroborate the previous finding of a positive employment effect

for individuals previously not working.

Table 8: Robustness Checks for the Chiapas Earthquake Impact on Employment by

Industry

Base IPW Buffer 30km Buffer 50km Cut-Off Rural

(1) (2) (3) (4) (5) (6)

Treat*Post -0.062 -0.147 -0.048 -0.017 0.000 -0.088

[0.116] [0.128] [0.117] [0.118] [0.107] [0.127]

Treat*Post*None 0.403** 0.587*** 0.414** 0.373** 0.334* 0.485**

[0.176] [0.192] [0.177] [0.177] [0.182] [0.192]

Treat*Post*Construction 0.167 0.230 0.163 0.105 0.063 0.193

[0.239] [0.246] [0.241] [0.240] [0.217] [0.257]

Treat*Post*Manufacturing -0.323 -0.282 -0.344* -0.394* -0.347 -0.171

[0.197] [0.212] [0.199] [0.203] [0.215] [0.215]

Treat*Post*Services -0.423 -0.166 -0.241 -0.283* -0.241 -0.156

[0.343] [0.179] [0.165] [0.165] [0.151] [0.182]

Treat*Post*Other 0.221 0.464 0.211 0.231 0.022 0.346

[0.759] [0.715] [0.758] [0.756] [0.792] [0.666]

State-specific
Yes Yes Yes Yes Yes Yes

time trends

Observations 60988 60988 59279 57215 62789 39206

R2 0.048 0.034 0.031 0.031 0.032 0.035

Standard errors (clustered by psu) in brackets. Each regression includes individual and quarterly fixed effects.

* p < 0.10, ** p < 0.05, *** p < 0.01

Interestingly, when excluding individuals from the buffer zones (column 3 and 4)

a small negative effect on the probability of being employed appears for individuals

working in the service and manufacturing sector at baseline. Compared to agricul-

ture, a one standard deviation increase in PGA depresses the probability of being

employment for an individual previously working in manufacturing by 0.021.15 Fur-

thermore, for manufacturing, extending the buffer zone from 30 km (Column 3) to

50 km (Column 4) slightly amplifies this impact. This finding suggests the presence

of negative spillover effects in nearby areas with regard to individuals employed in

service and manufacturing before the disaster. If the earthquake causes a decline in

the probability of being employed for service and manufacturing workers in both the

treatment and nearby control areas, the effect remains hidden. The amplification

150.06 ∗ −0.344 = −0.021.
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of the impact when extending the buffer zone from 30 km to 50 km indicates that

these effects range at least as far as 50 km away from the affected areas.16 However,

a careful exploration of the potential spillover effect arising from the earthquake

requires spatial econometric methods and falls beyond the scope of this paper.

8. Discussion

The last two sections have brought striking differences to light in the labor market

response in both regions: Whereas in Chiapas, relief and reconstruction efforts en-

hanced the probability of being employed in earthquake affected municipalities, no

such positive impact could be found in Central Mexico.

Before diving deeper into the driving forces behind this pattern, I first explore

whether the effect found in Chiapas is idiosyncratic to the earthquake under ob-

servation or rather reflects a common disaster response of local labor markets in

Southern Mexico. To do so, I estimate the impact of a third earthquake that struck

the Mexican South. I exploit the fact that only around five months after the Chi-

apas earthquake, another very strong earthquake - with a magnitude of 7.2 on the

Richter scale - hit Mexico 440 km southwest of the first earthquake. The short time

span between both earthquakes should mitigate the effect of confounding factors

such as changes in the disaster preparedness or the overall economic situation of the

country. As reflected in the PGA distribution in Annex E, the strongest ground

shaking occurred in municipalities located in the South of Oaxaca. This gave rise

to the name ”Oaxaca earthquake” by which it is commonly referred. Like in the

case of the Chiapas earthquake, my control is formed by unaffected municipalities

in Chiapas, Guerrero and Oaxaca. The quarterly (Panel A) and aggregated (Panel

B) labor market effects of the Oaxaca earthquake, based on equation 3 and 2 re-

spectively, are presented in Table 9. Period Q1 2018, when the earthquake struck,

is omitted from the analysis.

16When choosing an even larger buffer zone the effect vanishes. However, these specifications

significantly diminish the size of the control group resulting in a lower precision of the estimates.
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Table 9: Oaxaca Earthquake Impact on Employment, Log of Wages and Log of

Hours Worked

Employment Log of Wages Log of Hours

(1) (2) (3) (4) (5) (6)

Panel A

Treat*Q3−2017 0.193 0.142 -0.054 -0.173 -0.668 -0.668

[0.121] [0.125] [1.262] [1.344] [0.458] [0.496]

Treat*Q4−2017 -0.426*** -0.432*** -0.520 -0.753 0.311 0.340

[0.086] [0.090] [0.870] [0.874] [0.304] [0.315]

Treat*Q2−2018 -0.124 -0.141 1.290* 1.347* -0.260 -0.299

[0.091] [0.091] [0.753] [0.759] [0.403] [0.411]

Treat*Q3−2018 -0.096 -0.101 1.134*** 1.048*** -0.429* -0.416*

[0.097] [0.104] [0.310] [0.327] [0.227] [0.236]

Treat*Q4−2018 -0.187* -0.219* 0.020 -0.037 -0.413 -0.360

[0.108] [0.112] [0.554] [0.565] [0.362] [0.366]

Panel B

Treat*Post 0.025 0.026 1.056 1.175* -0.094 -0.153

[0.081] [0.082] [0.664] [0.663] [0.275] [0.283]

State-specific
No Yes No Yes No Yes

time trends

Observations 62289 62289 14176 14176 22890 22890

R2 0.001 0.001 0.003 0.005 0.002 0.003

Standard errors (clustered by psu) in brackets. Each regression includes individual and quarterly fixed effects.

Q1−2018 is omitted. * p < 0.10, ** p < 0.05, *** p < 0.01

Similar to Table 3 and Table 5, the upper part of Table 9 presents preintervention

differences in labor market outcomes between treatment and control group. Most

coefficients in the pre-earthquake period are insignificant which supports the parallel

trends assumption. Following the reasoning from above, I interpret the significant

coefficient in Q4 2017 in column 1 and 2 as a local temporary employment shock

rather than a fundamental difference in the evolution of local labor markets of my

treatment and control group. Taking a look at the post-earthquake period, the

Oaxaca earthquake did not induce a positive employment effect (Columns 1 & 2).

On the contrary, I find a negative significant effect in Q4 2018 which disappears when

aggregating the post-earthquake period (Panel B). With regard to hourly wages, I do

find a positive effect of the earthquake (Column 3 & 4). This effect becomes visible

right after the earthquake, slowly dissipates and fully disappears three quarters after

the disaster. The fact that the effect also appears in the aggregated post-treatment

period (Panel B) in my preferred specification in Column 4 supports the notion of

a genuine effect arising from the earthquake rather than some local wage shock. A

0.1 increase in PGA in an affected municipality leads to an average wage growth

of 11.75% in the post-treatment period. Lastly, on a 10% significance level, I find

a small negative effect on the log of hours worked (Q3 2018 in Column 5 & 6).

However, this effect is only apparent in one quarter and does not appear for the

aggregated post-treatment period. This casts doubt upon the establishment of a
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causal interference from the earthquake. In broad terms, the labor market effects

of the Oaxaca earthquake evoked a similar labor market response than the Chiapas

earthquake. Both earthquakes positively stimulated labor markets in deprived areas

in Southern Mexico. The absorption mechanism of this boost - employment in the

case of the Chiapas earthquake while wages in the case of the Oaxaca earthquake

- differs across both regions. The available evidence does not allow to identify the

driver of this divergent pattern. A more fine-tuned analysis of both the disaster and

local labor market characteristics in affected municipalities in Chiapas and Oaxaca

could be a fruitful approach to explain this puzzle. The focus of this paper, in

contrast, will be on the channels of causality behind the broad pattern detected

- the difference in the disaster impact on labor markets in Southern and Central

Mexico.

A first explanation for the more positive labor market effects in the South might

lie in the greater economic contractions from which the rather capital-intensive econ-

omy in Central Mexico has possibly suffered. Perhaps, in both areas the cash inflows

for reconstruction work provided a positive impetus for the labor market. In Cen-

tral Mexico, this effect might have remained hidden behind economic repercussions

arising from the shut-down of businesses. Although compelling at first glance, the

available evidence does not support this notion. In the aggregate regressions, a can-

celling effect might conceal a positive labor market response. However, the lack of

neither positive nor negative findings when decomposing the effect by sectors or by

quarters is difficult to reconcile with this explanation. It is unlikely, that across all

sectors and in all time periods, a positive shock from the reconstruction works has

been exactly offset by the negative shock caused by the destruction. Furthermore,

qualitative evidence suggests that despite the swath of destruction in the aftermath

of both earthquakes, the impact on economic activity was limited (Femat, 2017). A

survey conducted by INEGI reveals that although 16.1% of all establishments in the

disaster-stricken states were affected, less than half of these had to suspend business

activities (INEGI, 2017). Furthermore, 40% of these interruptions were confined

to only one working day (INEGI, 2017). Besides the lack of palpable impacts on

the motor of the Mexican economy, ex-ante risk financing instruments might have

cushioned negative consequences. Thanks to its disaster fund Fonden, which already

counted with a budget of 505 million US $ in the wake of the disasters, Mexico was

able to channel resources quickly to affected municipalities (Casillas, 2017). Janvry,

Valle, and Sadoulet (2016) estimate that access to Fonden increases economic growth

in a disaster-stricken municipality by 2-4% one year after the catastrophe. Addi-

tionally, a third of the economic losses, most of them in Central Mexico, have been

covered by insurance (Avilés, 2018). In the light of Mexico’s disaster preparedness,

perhaps, it does not come as a surprise that no negative labor market consequences

could be found in the aftermath of the disaster. The fact, however, that positive

employment effects were concentrated in Southern labor markets remains puzzling.

Taking a look at the distribution of relief efforts channeled through Fonden - by
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far the most important financial instrument in the reconstruction context - reveals

that a majority of funds went to municipalities in Oaxaca and Chiapas. Figure 5

plots the total Fonden expenditure until 2018 broken down by state. Chiapas and

Oaxaca rank among the top two beneficiaries at the state level in terms of total

expenditure and among the top three when considering per capital expenditure.

Figure 5: Fonden Expenditures for the Reconstruction

Notes: Author’s elaboration. The total expenditure up to September 2018 amounted to 15 billion

pesos or around 780 million US $ (2018 exchange rate 19.227 MXN Pesos/US $). The source of

the data is Fuerza México (2019).

Although I cannot totally rule out the possibility that political economy consid-

erations have guided this unequal distribution, the source is likely to lie somewhere

else. The position of Mexico City and the states clustered around it as the political

and economic center of the country should accord the reconstruction of these areas

a high priority on the political agenda. The timing of elections is unlikely to signifi-

cantly alter this notion as in 2018, besides the general elections, state governors were

elected in both Chiapas and Central Mexican states such as Puebla and Morelos.

A more plausible explanation is the type of destruction and directly related to

this the actual needs of the earthquake victims. Besides the reconstruction of public

infrastructure, the bulk of Fonden funds were earmarked for the reconstruction of

low-income housing (WB, 2012). To ensure a quick distribution of funds, in the

aftermath of the earthquake, a mechanism was established to provide money directly

to the victims whose homes have been damaged. Applicants could receive 15,000
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pesos for partial or up to a maximum of 120,000 for the total destruction of a

house. The money could be used to pay for reconstruction services and to buy

material (Fuerza México, 2017). The fact that many houses in Mexico’s South

are self-constructions make them particularly vulnerable to strong ground shaking.

Although I do not have access to the distribution of housing aid, the lack of insurance

among many households living in Mexico’s deprived South leads one to expect a

high demand for this type of help. In line with this, anecdotal evidence highlights

that in Mexico City middle and urban class housing areas were affected (Romero,

2017). Damage on expensive properties and luxury items might have driven the

high damage estimates for the Central earthquake. In the South, on the contrary,

it was the poor that sustained most damage (Bello, 2018). In the lack of financial

cushion, a higher need to apply for emergency funds might have arisen.

Interestingly, shortly after the disaster, the Mexican entrepreneur Carlos Slim

already predicted that especially in low-income areas, relief efforts could unfold

employment-enhancing effects (EFE, 2017a). The reason for this is that in order to

rebuild their livelihoods, victims in these areas might be more inclined to partici-

pate in the reconstruction efforts. In the South, the earthquake struck in the midst

of growing season aggravating the losses for poor rural agricultural workers (Khan,

2017). Furthermore, given the higher income elasticity of the poor, cash flows going

to beneficiaries in these areas are expected to fuel consumer demand generating a

further economic stimulus. Lastly, in contrast to the strong and growing construc-

tion sector in Central Mexico in the wake of the earthquake, in Southern Mexico,

the sector is weak and plagued by corruption allegations (OBG, 2018). Against

this background, it is likely that the additional workers were needed to cope with

the reconstruction works. The expansion of a temporary employment program to

offer earthquake victims employment in the reconstruction context supports this rea-

soning (EFE, 2017b). Initiated in Southern municipalities, the program was later

extended to some crisis-stricken municipalities in Puebla and the State of Mexico.

As shown in Figure 6, the number of participants in the Southern states Oaxaca and

especially Chiapas until September 2018, however, by far outreached participation

numbers in Central Mexico.
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Figure 6: Number of Beneficiaries of the Temporary Employment Program

Notes: Author’s elaboration. The source of the data is Fuerza México (2018).

Overall, evidence suggests that higher employment levels arose in the response of

the poor who needed to rebuild their livelihoods and generate additional income.

Government programs as well as more flexible labor markets in the South where

informal employment is particularly widespread fostered this development. The

negative effect for workers previously employed in the manufacturing sector is in

line with this explanation. In contrast to agricultural workers, employees in the

manufacturing sector tend to be higher-skilled and richer. Assuming that they

possessed financial cushions in the form of insurance or savings, the incentive to

seek work in reconstruction activities is lower even for those who lost their job due

to the earthquake.

9. Conclusion

The aim of this paper was to analyze the short-term impacts of two almost simulta-

neous earthquakes on local labor markets in Mexico. To isolate the effect from other

labor market developments, I employed a DiD-strategy with two separate control

groups for each earthquake. Empirical challenges in the choice of a suitable control

group as well as the presence of potential spillover effects are overcome by a range of

alternative specifications which corroborate the robustness of the results. My find-

ings reveal that labor markets in Central Mexico behaved in a remarkably robust
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manner showing no alterations in the aftermath of the disaster. Furthermore, I find

that the earthquake in the South of Mexico had a small positive impact on em-

ployment. The absence of negative effects is in line with a broader literature which

confirms the tendency of a quick labor market recovery after large-scale external

shocks (e.g. Kirchberger, 2017). However, the positive employment effects found in

deprived areas in the South challenge the notion of stronger positive effects arising

from the recovery process in more developed areas. I suggest that the positive ef-

fect could be due to an unsaturated construction sector and an immediate need to

reconstruct livelihoods. Evidence on aid flows and reports on the deficiencies of the

construction sector in Mexico’s South support this view.

Four broad conclusions can be drawn from this study. First, my findings suggest

that the link between the level of labor market development and disaster resilience

is more complex than it has been previously assumed. Employment in the disaster-

context might not be an unambiguously positive indicator of higher welfare levels.

On the contrary, it could simply arise from an urgent need for a fast reconstruction.

Indigence of victims whose livelihood was put in jeopardy could have forced them to

take directly available low-paid jobs instead of acquiring more education or taking

other beneficial opportunities whose fruits could only be reaped in the long run.

However, in the absence of further evidence, this idea remains conjectural and invites

for further research.

Second, the differences I detect in the labor market response of a subsequent

earthquake in Oaxaca highlight the high complexity through which natural disas-

ters affect labor markets. Although earthquakes can be considered exogenous events,

the response is man-made and cannot be expected to run a similar course in dif-

ferent contexts. This findings should be taken as a word of caution when making

generalizations about earthquake effects. Although important advances in the study

of the labor market impacts of natural disasters have been made in recent years,

empirical research is still in its infancy. My analysis shows some signs of negative

spillover effects arising from the manufacturing and service sector in earthquake af-

fected regions. This finding could motivate future research to carefully explore this

channel and generate new insights on the multifaceted disaster impacts.

Third, my results are broadly in line with the majorly positive voices commenting

on Mexico’s natural disaster response. Well-designed policy measures implemented

in the disaster context in the developing world have too long been overlooked in

the search for best-practice examples. Born out of its long-term history of coping

with different kinds of disasters, Mexico has been continuously improving both its

disaster preparedness and response. Its disaster fund Fonden as well as the extension

of the temporary employment program provide good examples of seemingly effective

policy instruments. The absence of more detailed data on aid flows does not allow

to directly estimate the impact of these programs. The incorporation of disaster-

modules in labor market surveys including questions on both the disaster impact and

the help received could greatly improve our understanding of the channels through
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which disasters affect labor markets. This would allow future research to thoroughly

evaluate Mexico’s emergency response. In the light of the frequency of natural

catastrophes that have afflicted the Latin American country in recent years, a sound

appraisal of its disaster politics is of utmost importance.

Ultimately, on a rather methodological note, this paper highlights some of the

empirical challenges in estimating the impacts of natural disasters. Geographical

clustering of individuals in the treatment group complicates the search of an ade-

quate control group. Existing methods allowing for a data-driven establishment of a

counterfactual are often not ideally suited for the natural disaster context. Modify-

ing these methods to allow for greater flexibility across different applications would

enable researchers to estimate the impact of natural disasters with greater precision.

Bearing in mind that the number of natural disasters is rising frequently (UNDRR,

2019), such attempts should be prioritized on the research agenda. The combination

of the SCM with interactive fixed effects models - as has been done by Xu (2017) -

provides a promising first step in this direction.
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tración, vol. 62, no. 3, pp. 880–901.

Trachtenberg, D. (2019). Local Labor Market Effects of NAFTA in Mexico: Ev-

idence from Mexican commuting zones, working paper, no.1078, International

Development Bank.

UNDRR (2019). Global Assessment Report on Disaster Risk Reduction, Publication

from the United Nations Office for Disaster Risk Reduction (UNDRR). Geneva,

Switzerland. Retrieved from: https://gar.undrr.org/sites/default/files/

reports/2019-05/full_gar_report.pdf.

UNICEF (2018). Mexico Earthquakes Humanitarian Situation Report, Retrieved

from: http://www.ssn.unam.mx/sismicidad/reportesspeciales/2018/

SSNMX{_}rep{_}esp{_}20180216{_}Oaxaca{_}M72.pdf.

USGS (2020a). Can You Predict Earthquakes? Retrieved from: https://www.usgs.

gov/faqs/can-you-predict-earthquakes?qt-news_science_products=0#

qt-news_science_products.

USGS (2020b). ShakeMap Scientific Background. Web page. Retrieved from: https:

//web.archive.org/web/20110623092131/http://earthquake.usgs.gov/

earthquakes/shakemap/background.php#wald99a.

USGS (2020c). The ShakeMap Atlas. data set. Retrieved from: https://earthquake.

usgs.gov/data/shakemap/atlas/.

WB (2012). Mexico’s Natural Disaster Fund –A Review, World Bank Publication in

cooperation with The International Bank for Reconstruction and Development.

42

https://gar.undrr.org/sites/default/files/reports/2019-05/full_gar_report.pdf
https://gar.undrr.org/sites/default/files/reports/2019-05/full_gar_report.pdf
http://www.ssn.unam.mx/sismicidad/reportesspeciales/2018/SSNMX{_}rep{_}esp{_}20180216{_}Oaxaca{_}M72.pdf
http://www.ssn.unam.mx/sismicidad/reportesspeciales/2018/SSNMX{_}rep{_}esp{_}20180216{_}Oaxaca{_}M72.pdf
https://www.usgs.gov/faqs/can-you-predict-earthquakes?qt-news_science_products=0##qt-news_science_products
https://www.usgs.gov/faqs/can-you-predict-earthquakes?qt-news_science_products=0##qt-news_science_products
https://www.usgs.gov/faqs/can-you-predict-earthquakes?qt-news_science_products=0##qt-news_science_products
https://web.archive.org/web/20110623092131/http://earthquake.usgs.gov/earthquakes/shakemap/background.php##wald99a
https://web.archive.org/web/20110623092131/http://earthquake.usgs.gov/earthquakes/shakemap/background.php##wald99a
https://web.archive.org/web/20110623092131/http://earthquake.usgs.gov/earthquakes/shakemap/background.php##wald99a
https://earthquake.usgs.gov/data/shakemap/atlas/
https://earthquake.usgs.gov/data/shakemap/atlas/


Retrieved from: https://www.gfdrr.org/sites/gfdrr/files/publication/

FONDEN_paper_M4.pdf.

WB (2017). Mexico Municipalities 2012, data set. Retrieved from: https://www.

inegi.org.mx/programas/enoe/15ymas/.

Weber, J. G. (2012). The Effects of a Natural Gas Boom on Employment and Income

in Colorado, Texas, and Wyoming. Energy Economics, vol. 34, no. 5, pp. 1580–

1588.

WHO (2020). Natural Events. Retrieved from: https://www.who.int/environmental_

health_emergencies/natural_events/en/.

Wooldridge, J. M. (2016). Introductory Econometrics: A Modern Approach. Nelson

Education.

Worden, W. (2016). ShakeMap Manual Online: technical manual, user’s guide, and

software guide. Retrieved from: http://usgs.github.io/shakemap/.

Xiao, Y. (2011). Local Economic Impacts of Natural Disasters. Journal of Regional

Science, vol. 51, no. 4, pp. 804–820.

Xu, Y. (2017). Generalized Synthetic Control Method: Causal inference with inter-

active fixed effects models. Political Analysis, vol. 25, no. 1, pp. 57–76.

Yezer, A. and C. B. Rubin (1987). The Local Economic Effects of Natural Disasters.

working paper, no.61, Institute of Behavioral Science, University of Colorado

Boulder.

Zuñiga, R. (2019). Social Participation Strategies and Resilience in Mexican Popu-

lation Affected by the 2017 Earthquakes. Disaster Medicine and Public Health

Preparedness, pp. 1–8.

43

https://www.gfdrr.org/sites/gfdrr/files/publication/FONDEN_paper_M4.pdf
https://www.gfdrr.org/sites/gfdrr/files/publication/FONDEN_paper_M4.pdf
https://www.inegi.org.mx/programas/enoe/15ymas/
https://www.inegi.org.mx/programas/enoe/15ymas/
https://www.who.int/environmental_health_emergencies/natural_events/en/
https://www.who.int/environmental_health_emergencies/natural_events/en/
http://usgs.github.io/shakemap/


Annex A: Imputation of Wage

Data

The ENOE reports data on nominal monthly net labor income, on nominal hourly

wages and on hours worked per week. Furthermore, repondents indicate whether

(1) they receive any earnings and ,if this is the case, whether their earnings are (2)

lower than 1 minimum wage, (3) between 1 and 2 minimum wages, (4) between 2

and 3 minimum wages, (5) between 3 and 5 minimum wages or (6) higher than 5

minimum wages. Following Cano-Urbina (2016), I use this classification to recover

missing wage data. In 2017, the uniform minimum wage in Mexico amounted to

$80.04 pesos a day and was raised to to $88.36 pesos in December 2017. Let wm

be the minimum wage at the time the respondent was interviewed. I compute daily

wages according to the following scheme:

Table A.1: Imputation

Classification Imputation

(1) No earnings 0

(2) < 1 minimum wage 0.5 ∗ wm

(3) 1-2 minimum wages 1.5 ∗ wm

(4) 2-3 minimum wages 2.5 ∗ wm

(5) 3-5 minimum wages 4 ∗ wm

(6) > 5 minimum wages 5.5 ∗ wm

I convert these daily wages into hourly wages by dividing by the number of hours

worked per week divided by 5. Furthermore, I set wages for unemployed individuals

to 0. As advised by Frick and Grabka (2010), I include a dummy which equals one

for imputed wages and zero otherwise. A significant negative effect of the dummy

in the wage regressions indicates that the imputations introduce a downward bias

on wages. This is expected as by construction imputed wages cannot be above

the cap of 5.5 minimum wages. To control for potential biases arising from the

imputations, I carry out all wage regressions with and without the imputed values.

The regressions with the imputed values change the sign and significant level of

the coefficients of interest. Thus, people that did not disclose full information on



their wages responded to the earthquake in a significantly different way than people

giving out full information. Since the direction in which the imputed values change

my regression results is not consistent across both earthquakes, it is impossible to

interpret this pattern.



Annex B: PGA Distribution of the

2017 Chiapas Earthquake

Fig. B.1: PGA Distribution of the 2017 Chiapas Earthquake.

Notes: Author’s elaboration. The source of the PGA data is the US Geological Survey (USGS,

2020c).



Annex C: Additional Tables

Table C.1: Chiapas Earthquake: Summary Statistics for Control and

Treatment Group

Control Treatment

Variable N Mean Std. Dev. N Mean Std. Dev. Diff.

Age 9829 36.62 14.05 2001 37.24 14.22 0.618

Female 9829 0.54 0.50 2001 0.53 0.50 -0.011

Living in a rural area 9829 0.20 0.40 2001 0.24 0.43 0.037

Primary Education 9829 0.19 0.39 2001 0.21 0.41 0.024*

Secondary Education 9829 0.29 0.45 2001 0.30 0.46 0.007

Tertiary Education 9829 0.38 0.48 2001 0.30 0.46 -0.076***

Informal Employment 9829 0.51 0.50 2001 0.47 0.50 -0.041**

Unemployed 6103 0.03 0.17 1156 0.04 0.20 0.010

Employed 5917 0.64 0.48 1109 0.74 0.44 0.103***

Agriculture 5054 0.09 0.28 946 0.17 0.38 0.088***

Construction 5054 0.10 0.29 946 0.08 0.27 -0.018

Manufacturing 5054 0.08 0.27 946 0.15 0.35 0.067***

Services 5054 0.73 0.44 946 0.60 0.49 -0.131***

Hourly Wage 4716 29.76 41.88 903 25.90 45.67 -3.857*

Hours Worked per Week 5054 43.59 17.70 946 44.46 18.22 0.865

Notes: Table presents averages for the sample in Q2 2017. The last six rows take all employed

persons in Q2 2017 as baseline. The proportion of unemployed and informal workers are calculated

from the economically active population. Wages are given in Mexican Pesos. In the period of

analysis, the average exchange rate was 1 MXN=0.054 US Dollar. The Diff. column presents the

coefficients of a simple regression of treatment status on the variable, with clustered standard errors

at municipality level. Stars indicate whether this difference is significant.

* p < 0.10, ** p < 0.05, *** p < 0.01.



Table C.2: Central Earthquake: Summary Statistics for Control and Treat-

ment Group

Control Treatment

Variable N Mean Std. Dev. N Mean Std. Dev. Diff.

Age 23903 37.00 14.14 23489 36.89 14.15 -0.117

Female 23903 0.53 0.50 23489 0.53 0.50 -0.003

Living in a Rural Area 23903 0.24 0.43 23489 0.11 0.32 -0.124***

Primary Education 23903 0.19 0.39 23489 0.17 0.37 -0.023***

Secondary Education 23903 0.34 0.47 23489 0.38 0.49 0.038***

Tertiary Education 23903 0.35 0.48 23489 0.38 0.49 0.030***

Informal Employment 23903 0.54 0.50 23489 0.56 0.50 0.019***

Unemployed 14764 0.03 0.18 14759 0.03 0.18 -0.001

Employed 14262 0.60 0.49 14270 0.59 0.49 -0.015

Agriculture 12813 0.09 0.28 13039 0.05 0.22 -0.039***

Construction 12813 0.10 0.30 13039 0.08 0.28 -0.016***

Manufacturing 12813 0.12 0.33 13039 0.19 0.40 0.069***

Services 12813 0.68 0.47 13039 0.67 0.47 -0.012

Hourly Wages 11283 31.49 39.37 10719 28.27 32.83 -3.228***

Hours Worked per Week 12813 42.93 17.05 13039 44.27 16.52 1.339***

Notes: Table presents averages for the sample in Q2 2017. The last six rows take all employed persons

in Q2 2017 as baseline. The proportion of unemployed and informal workers are calculated from the

economically active population. Wages are given in Mexican Pesos. In the period of analysis, the

average exchange rate was 1 MXN=0.054 US Dollar. The Diff. column presents the coefficients of a

simple regression of treatment status on the variable, with clustered standard errors at municipality

level. Stars indicate whether this difference is significant.

* p < 0.10, ** p < 0.05, *** p < 0.01.

Table C.3: Central Earthquake Impact on Employment, Log of Wages and Log of

Hours Worked by Industry

Employment Log of Wages Log of Hours

(1) (2) (3) (4) (5) (6)

Treat*Post -0.009 -0.015 -0.171 0.012 0.058 -0.033

[0.047] [0.060] [0.106] [0.145] [0.064] [0.098]

Treat*Post*None 0.030 0.017

[0.054] [0.054]

Treat*Post*Construction 0.102 0.092 0.140 0.163 -0.024 -0.039

[0.080] [0.080] [0.172] [0.172] [0.109] [0.108]

Treat*Post*Manufacturing 0.119* 0.100 0.234 0.234 -0.026 -0.041

[0.069] [0.070] [0.159] [0.159] [0.087] [0.087]

Treat*Post*Services -0.025 -0.033 0.141 0.144 -0.044 -0.054

[0.058] [0.058] [0.129] [0.131] [0.076] [0.076]

Treat*Post*Other 0.111 0.085 -0.591 -0.574 -0.255 -0.272

[0.221] [0.222] [0.576] [0.576] [0.294] [0.294]

State-specific
No Yes No Yes No Yes

time trends

Observations 244138 244138 56128 56128 109752 109752

R2 0.018 0.019 0.002 0.003 0.001 0.002

Standard errors (clustered by psu) in brackets. Each regression includes individual and quarter fixed effects.

* p < 0.10, ** p < 0.05, *** p < 0.01



Table C.4: Robustness Checks - Impact of the Chiapas Earthquake on the Log of

Hourly Wages

Base IPW Buffer 30km Buffer 50km Cut-Off Rural

(1) (2) (3) (4) (5) (6)

Treat*Post 0.126 0.065 0.142 0.225 -0.021 0.045

[0.171] [0.168] [0.173] [0.171] [0.171] [0.207]

State-specific
Yes Yes Yes Yes Yes Yes

time trends

N 18157 18157 17531 16993 18464 10528

R2 0.003 0.002 0.003 0.003 0.002 0.003

Standard errors (clustered by psu) in brackets. Each regression includes individual and quarter fixed effects.

* p < 0.10, ** p < 0.05, *** p < 0.01

Table C.5: Robustness Checks - Impact of the Chiapas Earthquake on the Log of

Hours Worked

Base IPW Buffer 30km Buffer 50km Cut-Off Rural

(1) (2) (3) (4) (5) (6)

Treat*Post 0.106 0.107 0.090 0.056 0.105 0.158

[0.120] [0.116] [0.120] [0.120] [0.121] [0.127]

State-specific
Yes Yes Yes Yes Yes Yes

time trends

N 27402 27402 26635 25710 28307 17660

R2 0.003 0.002 0.002 0.002 0.002 0.003

Standard errors (clustered by psu) in brackets. Each regression includes individual and quarterly fixed effects.

* p < 0.10, ** p < 0.05, *** p < 0.01

Table C.6: Robustness Checks - Impact of the Central Earthquake on the Log of

Hourly Wages

Base IPW Buffer 30km Buffer 50km Cut-Off Rural

(1) (2) (3) (4) (5) (6)

Treat*Post 0.126 0.127 0.138 0.151 0.143 0.031

[0.122] [0.128] [0.131] [0.141] [0.114] [0.135]

State-specific
Yes Yes Yes Yes Yes Yes

time trends

N 56128 57965 50997 49439 56378 37037

R2 0.003 0.003 0.004 0.003 0.004 0.003

Standard errors (clustered by psu) in brackets. Each regression includes individual and quarterly fixed effects.

* p < 0.10, ** p < 0.05, *** p < 0.01



Table C.7: Robustness Checks - Impact of the Central Earthquake on the Log of

Hours Worked

Base IPW Buffer 30km Buffer 50km

Cut-Off Rural

(1) (2) (3) (4) (5) (6)

Treat*Post -0.064 -0.058 -0.083 -0.050 -0.028 -0.009

[0.082] [0.084] [0.086] [0.094] [0.071] [0.091]

State-specific
Yes Yes Yes Yes Yes Yes

time trends

N 109752 113709 101508 98514 110390 68226

R2 0.003 0.002 0.003 0.003 0.002 0.003

Standard errors (clustered by psu) in brackets. Each regression includes individual and quarterly fixed effects.

* p < 0.10, ** p < 0.05, *** p < 0.01



Annex D: Buffer Zones Chiapas

Earthquake

Fig. D.1: Buffer Zone of the 2017 Chiapas Earthquake

Notes: Author’s elaboration. The source of the PGA data is the US Geological Survey (USGS,

2020c).



Annex E: PGA Distribution of the

2018 Oaxaca Earthquake

Fig. E.1: PGA Distribution of the 2018 Oaxaca Earthquake.

Notes: Author’s elaboration. The source of the PGA data is the US Geological Survey (USGS,

2020c).


	Introduction
	Literature
	Context
	Earthquake Impact and Response
	Labor Market and Regional Economic Structures

	Theoretical Analysis
	Methodology
	Data
	Empirical Specification

	Results
	Aggregate Effect
	Effect of the Chiapas Earthquake
	Effect of the Central Earthquake

	Robustness Checks
	Choice of a Suitable Control Group
	Spillover Effects
	Additional Concerns
	Results

	Discussion
	Conclusion
	Appendices

