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Abstract

Chapter 1 investigates the factors behind regional market segmentation, utilizing food
price data from numerous local markets in sub-Saharan Africa. By evaluating the e ects of
national, provincial, ethnic, and currency union borders, as well as the impact of con ict,
this study reveals some causes of trade barriers a ecting both local and regional trade
on the continent. The estimation strategy relies on linking food prices in neighboring
markets across the continent, and employing a xed-e ects estimation to determine the
impact of these variables on observable di erences in these price series. This study nds
that national borders signi cantly hinder local trade, though these impacts are lessened
within a currency union. Ethnic di erences directly in uence market segmentation in East
African markets, with split ethnic homelands across national borders further exacerbating
food market segmentation. Con ict impacts trade in a time-sensitive manner, showing
negative e ects immediately following an event but reversals after a few months. These

ndings highlight both the vulnerability and resilience of local trading patterns, o ering
insights for policymakers on where and when to invest resources to enhance trade networks
in sub-Saharan Africa.

Chapter 2 examines the e ects of refugee camps on food prices across Africa using
a multi-period xed e ects estimation. Using the locations and timings of refugee camp
openings across the African continent, paired with the locations of food markets with
available price data, this study examines how food prices change for a variety of food groups
at varying distances from camps. The study nds evidence of price reductions for some food
groups near camps, possibly driven by the resale of food aid receipts. Additionally, positive
price changes are observed farther away from camps for non-cereal food groups that are
generally not supplied by aid organizations, likely driven by increased induced demand by
the refugee population. Although di erences in e ects between rural and urban markets
exists for some food groups, further research is needed to better understand how local
market conditions impact changes in prices following the opening of a refugee camp.

Finally, Chapter 3 examines the di erential impact of the Great Tohoku earthquake on
housing prices in Japan across regions with varying future earthquake risk exposure and



varying experiences of the earthquake impact intensity. The study applies a di erence-
in-di erence method on a large national dataset of housing transactions to estimate the
changes in the risk premium for earthquake-prone areas before and after the disaster. The
paper nds that housing prices in high-risk areas decreased relative to low-risk areas af-
ter the earthquake, suggesting that homebuyers adjust how they price the risk associated
with the impacts from a future earthquake. Some evidence suggests that reevaluation sub-
sides over time. Although the paper nds some evidence that the price di erential also
responded to earthquake intensity, analyzing trends by estimating quarterly coe cients
suggests that these e ects were not related to the earthquake event. The paper contributes
to the literature on hedonic pricing of risk and the behavioral responses to natural disas-
ters as measured through di erential price changes across locations classi ed by di erent
underlying risk factors.
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Chapter 1

Food Prices and Market
Segmentation in Africa

1.1 Introduction

Increasing the volume of trade on the African continent has the potential to reduce poverty
and increase economic growth. The World Bank (2020), estimates that implementing
a continental free trade agreement, known as the African Continent Free Trade Area,
would contribute to lifting an additional 30 million people out of extreme poverty and 68
million people out of moderate poverty. The report notes that such an agreement would
signi cantly boost intraregional trade, increase wages, and lower the gender wage gap (due
to women's greater involvement in trading activities).

Trade of food commodities has been extensively studied at the international level. Less
focus has been given to trade at the local or intra-national level. The few studies that do
explore barriers to trade at the local level have a limited geographic scope, focusing on
a single country or on a limited geographic region, including perhaps a few neighboring
countries. Studies that explore barriers to local trade at a continental scale are almost
non-existent, likely due to the limited availability of the data required to conduct such
an analysis. With the recent collection and sharing of local price data from around the
world, trade analysis at the local level and also at a continental scale, is now possible. By
examining individual market in cities, towns and villages across the continent, this research



2
is the rst to examine local trade frictions in food as revealed by price disparities between
neighboring local markets at a continental scale in Sub-Saharan Africa.

In a theoretical world of perfect competition, there should exist little variation in the
prices of identical goods sold in di erent regions. Any large di erences in prices, above
those a orded by transporting goods from one location to another, can be arbitraged by
pro t seeking traders. Some disparities in prices may occur naturally due to di erences in
marginal costs, arising from spatial di erences in transporting a commodity, or di erences
in the competitive structure of local markets. It is well established that barriers to trade
can introduce additional disparities that drive a wedge between prices in nearby regions
where arbitrage would otherwise lead to price convergence. Trade barriers can exist due
to a variety of reasons, such as a lack of infrastructure, limited information availability,
and political complexities between regions. This study examines the presence and scope of
some such barriers in food markets in Africa.

Understanding why such disparities exist can help researchers understand both local
and more general factors that limit trade on the African continent, a region with some of
the highest rates of poverty and under-development in the World are found. With such
an understanding, policy makers can better target investments aimed at reducing local
trade barriers and increasing local trade in food commodities. This highlights a recent
emphasis on examining the determinants and barriers to intra-national and intra-regional
trade (Bensassi et al., 2019; Eberhard-Ruiz and Moradi, 2019; Grossman and Honig, 2017),
in contrast to focusing on understanding the determinants of international trade. Using
local food price data available through the World Food Program on a variety of food
products sold at the retail level in villages, towns and cities across Africa, this study aims
to Il the gap in research in identifying and quantifying local trade frictions.

Causal identi cation is a challenge for researchers studying the determinants of market
integration and the factors that limit it. It can be hard to disentangle the e ect of a
potential determinant of trade from the reverse e ect from trade on that determinant.
For example, is a lack of physical infrastructure leading to reduced trade volumes between
neighboring regions, or is their shared inability or trade leading to underdevelopment and a
resulting under-investment in road infrastructure? To overcome this problem, the analysis
uses a xed e ects estimation strategy, where commodity prices from market pairs are
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compared with each other to determine e ects of potential determinants on trade. Using
market pairs as the basic unit of analysis, this study examines how (i) borders, both
national and ethnic, (ii) currency unions, and (iii) the incidence of con ict can either hinder
or promote trade.! This is done using a comparisons of di erences in price movements of
food commodities.

Such a methodology is common in the trade literature, as it allows researchers to identify
the presence of trade barriers relying only on the temporal and spatial variation in prices
and the characteristics of the regions where these markets exist. The basic idea of such
analysis is to compare one market pair with another which shares one of the same markets
but di ers along some potential explanatory determinants of trade. For example, when
comparing market the pair Minneapolis-Chicago to the market pair Chicago-Toronto, the
later di ers from the former in the presence of an international border. Empirically, when
making many such comparisons, one can determine whether the presence of the border
helps explain observed price movement variability. | apply this empirical method to the
thousands of market pairs within a speci ed nearness bound as observed in the data from
across the African continent.

Market segmentation arising from these barriers in agriculture can negatively e ect
both rural and urban households. As mostly net exporters of food, rural households are
hurt by market segmentation due to lower output prices for the commaodities they sell. On
the buyers' side, market segmentation can lead to higher food prices for urban consumers.
By expanding the opportunities for regional trade, farmers and consumers have a greater
opportunity to benet from the gains from trade and internalize the market surpluses
created. An inability to sell one's agricultural product in markets, both near and far,
can also lead to ine ciencies in production and lower incentives to invest in productivity
improvements. Segmented agricultural markets can therefore contribute to stagnating
yields and perpetuate the practice of self-subsistence farming among the rural agrarian
poor.

1A drawback of this method is that it relies on factors that vary between pairs of neighboring markets
at a local level to identify causal e ects. Variations in factors such as local infrastructure are di cult to
measure at the granular level, and may show little variation within a local cluster. This research therefore
focuses on potential causal factors that are easily identi able using readily accessible data between market
pairs, such as borders, both political and ethnic, con ict, and social connectedness between regions.
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Identifying where market segmentation exists can also bene t policy makers and devel-
opment practitioners in ways not directly related to agriculture and trade. For example,
factors that contribute to market segmentation can be the same factors that lead to house-
hold credit constraints. These factors may also reduce the transmission of information,
hampering public information awareness campaigns or the distribution of physical aid.

This study contributes to the understanding of local trade in Africa by making con-
tributions in three areas. First, it identi es the e ects of national borders on local trade
and examines if any di erential impacts are observed for countries that belong to currency
unions. As a large share of African regional trade is informal, (Bensassi et al., 2017; Ben-
sassi and Jarreau, 2019; Bensassi et al., 2019), o cial statistics on the value of trade are
unable to fully capture the extent of cross border trade and thereby are unable to accu-
rately the presence of trade barriers at the national borders of African countries. Using
price data ameliorates these concerns, as the realized price observed in a local market
incorporates for the e ects of informal supply chains operating across a national border.
Identifying countries that belong to a currency union, speci cally the West African and
Central African currency unions, allows me to analyze whether the observed country bor-
der e ects are mitigated by participation in a currency union. In examining the role of
sub-national borders, | parse out any potential role social netwroks play in harmonizing
prices across neighboring markets.

Second, | analyze the impact of ethnic borders on trade integration. Ethnic divisions
have long been blamed as a factor in African underdevelopment. Therefore, | examine if
market segmentation occurs when two markets belong to di erent ethnicities using data
that delineates ethnic homelands on the African continent. Additionally, | examine the
impact of ethnic di erences along national borders. A recent in uential study on the long
run impacts of the "Scramble for Africa’, Michalopoulos and Papaioannou (2016) (explored
in greater detail in Section 1.2.3) explored the impact of the continents colonial legacy on
economic outcomes when national borders bisected ethnic homeland. These authors nd
that in regions where the same ethnic group is present on both sides of a national border,
lower economic outcomes persist. These authors \call for future research examining the
impact of ethnic partitioning on other aspects of economic and institutional development
and on the precise mechanisms via which the “Scramble for Africa’ has a ected long-run
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countrywide economic performance”. This research does precisely this, by examining how
ethnic borders that are partitioned by national borders impact regional market integration,

a possible causal mechanism for the economic underdevelopment identi ed by these authors
along ethnic partitions on the continent.

Finally, the impact of violence, due to wars and regional strife, on trade is analyzed
using geo-coded and time stamped con ict data. This is done by identifying whether a
con ict event has occurred in the vicinity of the shortest road link between market pairs.
Using temporally lagged conict events allows for the identi cation of short term and
medium term impacts of these con ict events on regional market integration.

The motivation for choosing these potential determinants to examine empirically is
two-fold. Existing studies have focused on international trade, which in value terms is
dominated mostly by developed countries. Few studies have empirically examined local
trade in developing regions. Determining the impact of these factors on trade in Africa
therefore adds to the existing literature mostly from the developed world on their impact in
creating segmented markets. The second motivation in choosing these determinants is to
empirically test claims concerning the unique reasons for slow growth and economic under-
development in sub-Saharan Africa. Two factors that have only recently been explored due
to the limited availability of spatially disaggregated and temporally identi ed data are the
high degree of ethnic fragmentation and the common incidence of violent con ict observed
on the African continent. ldentifying a key causal mechanism, speci cally the potential
breakdown on regional trade, that these factors can e ect, adds a missing component to
the existing literature on the determinants of African underdevelopment.

1.2 Literature Review

1.2.1 Market Segmentation in the Developed World

As the focus of this study is on identifying the e ects of national borders, ethnicity and
con ict on market integration, this literature review focuses on how these determinants
have the potential to e ect economic outcomes generally and trade outcomes speci cally.
E cient trade can harmonize prices across trading regions. But the failure of the law
of one price in both local and international settings is widespread. In Debreu's (1959)
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seminal work, The Theory of Value, the author notes that if trade of a commaodity exists
between two regions, such as Minneapolis and Chicago, the miller will consider Minneapo-
lis wheat equivalent to Chicago wheat once adjusting for transportation costs, and vice
versa. Though the same commodity can be considered a di erent good in di erent regions,
underlying the uniqueness of local demand, open trade causes their underlying values to
converge. Since Debreu, economists have explored additional reasons why di erences in
prices for identical goods might exist across space, leading to empirical studies on the
determinants of market segmentation, or a lack of market integration, across regions.

Engel and Rogers (1996) laid the empirical groundwork for examining market segmen-
tation using disparities in local prices across cities in the United States and Canada. Their
motivation was to examine whether the international departure of the law of one price
was attributable to factors other than physical distance, such as the presence of national
borders. In their analysis, the authors compared relative prices for distinct categories of
consumer prices across cities in these two countries. Variation in prices is aggregated into
comparable standard deviations for each set of city pairs, which are then used in a re-
gression with city xed-e ects to calculate the impact of distance and the border. The
study showed that both distance and the border matter, such that the U.S.-Canada bor-
der e ectively segments markets even though formally open trade exists between the two
countries.

In examining trade between the U.S. and Japan, Parsley and Wei (2001) showed that
disparities between prices for a range of traded goods imply a very large border between
the two countries. The authors outline a method of translating border e ects, as calculated
in the regression coe cients, into distances. This method corrects the awed method used
in Engel and Rogers (1996), but still shows large distant equivalent measures of border
e ects. After controlling for the e ects of distance, unit shipping costs, wage variability
and exchange rate variability, this \border" is equivalent to 15 billion miles. The large
e ects suggest further re nements are needed to convert coe cients that show the presence
of segmented markets to physical distance measure equivalents. Similar to Engel and
Rogers (1996), such a large border is empirically derived by making comparisons on the
variation in price changes between U.S. and Japanese cities. Parsley and Wei (1996) also
examined convergence of the purchasing power parity across 48 U.S. cities and nd rates
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of convergence substantially higher than those found in cross-country data. Crucini et al.
(2000) conduct a similar analysis across European countries in the mid 1980's. Examining
a larger variety of goods than the previous studies, they found that product heterogeneity
is at least as important as geography in explaining relative price dispersion.

1.2.2 Market Segmentation and Trade Frictions in the Developing World

International price disparities among developing countries occurs in an institutional con-
text di erent from that facing traders in the developed world. Berkowitz and DeJong
(1999), show that within Russia, an implicit internal border exists that separates the Red
Belt region? from the rest of Russia. Using data on price dispersion between the vari-
ous cities on either side of this intra-national border, the impact of the border is shown
to be comparable to that of the US-Canadian border as measured by Engel and Rogers
(1996). Examining price data between Bangladesh and India, Morshed (2003) found that
exchange rate uncertainty and the presence of nontraded goods are unable to explain the
large border e ect between the two countries. Morshed (2007) used a natural experiment
in the change of the national border between Bangladesh and Pakistan (formerly East and
West Pakistan) to examine the impact of the new national border on price variability and
found nd no change in the price variability across cities in the two countries after the
split. Andrabi and Kuehlwein (2010) used wheat and rice prices from colonial India to
examine price convergence attributed to the construction of the extensive colonial railway
system. They nd that railways contributed only a small proportion of the observed price
convergence that occurred in the latter half of the 19th century.

Using CPI micro data from markets across Ethiopia and Nigeria, Atkin and Donaldson
(2015) investigated whether observed price di erentials can be attributed to trade costs
or to intermediaries’ markups. Using a structural model and the information revealed
by price gaps between sources (factories or ports-of-entry) and markets of 15 products,
they found that a signi cant fraction of economic surplus does not accrue to consumers,

2The Red Belt region was a group of Russian regions which gave stable support to the Communist
Party of the Russian Federation and other left parties in local and federal elections. The term came into
wide use from the mid-1990s after Communist candidates won a number of regions from non-Communist
opposition candidates. The \red belt" comprised predominantly agricultural areas of Central Russia, the
national republics of the North Caucasus, as well as a number of the southern regions of Siberia and the
Far East Je ries (2011).
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but to trading intermediaries, doing the greatest harm to remote consumers. Quantifying
the welfare implications of the price gaps between neighboring regions, they show the
underlying real costs of regional market segmentation and that there are signi cant gains
to trade that can be realized if the identi ed barriers are overcome.

Increasing market integration between countries has become a vital concern for policy
makers and researchers focused on trade and African economic development (UNCTAD,
2009). Enacting regional trade agreements (RTAS) in an e ort to enhance ows of goods
and services is a popular approach amongst policy makers, but participation in these
agreements has yet to drastically increase regional trade (Heshmati, 2016). Another action
taken by countries within the continent to promote regional integration is the formation
of common currency unions, namely the West African CFA franc and the Central African
CFA franc. By examining prices in markets present at either side of a national border, this
study is able to shed light on whether currency unions in uence regional integration. As
additional countries in Africa consider joining monetary unions of their own (for example,
Caporale and Gil-Alana (2020) provides a discussion on the feasability and bene ts of
creating a currency union in East Africa), empirical evidence of currency unions' positive
impact on local trade can further motivate policy makers who are negotiating on such
international agreements. Existing research generally supports the belief that currency
unions have a positive impact on international trade (Rose and Van Wincoop, 2001; Glick
and Rose, 2002; De Sousa, 2012), although these studies focus on industrialized nations
and none examine local trade.

Cross border trade in sub-Saharan Africa occurs along trading netwroks that are largely
informal (Lesser and Moisg-Leeman, 2009; Bensassi et al., 2019). Bribes and the high
incidence of corruption along international borders between African countries provides
a possible mechanism for the large border e ects observed in this study. Bensassi and
Jarreau (2019) show the likely presence of both collusive corruption, used to circumvent
regulations and taxes, and coercive corruption, whereby o cials exploit traders in Benin's
border crossings. Svensson (2003) show that rms engaged in international trade are indeed
more likely to pay bribes. Expectation of bribe payments can deter traders from actively
integrating regional markets across an international border, with only certain products
being traded by traders with the requisite political and security connections willing to



tolerate additional operational risks.

Other important recent studies that focus on international price gaps and price trans-
mission in food markets in Africa include Porteous (2017) and Dillon and Barrett (2016).
Porteous (2017) examined the impact of short-term export bans in ve East and Southern
African countries. Using maize price data, price gaps between pairs of a ected cross-border
markets showed no statistically signi cant e ect of export bans on measured price di eren-
tials. Dillon and Barrett (2016) examined the transmission of global petrol and maize prices
on local maize markets in Eastern Africa and nd that petrol prices are more important
in determining local maize prices global maize prices, suggesting the relative importance
of transportation costs in local grain markets.

1.2.3 Ethnic Borders and Trade

A major part of this analysis explores ethnic divisions and market segmentation on the
African continent. Since Easterly and Levine (1997) studied the role of ethnic divisions
on Africa’'s economic growth, arguing that ethnic diversity is signi cantly responsible for
\Africa's growth tragedy", research that more closely examines how ethnicity relates to
economic outcomes broadly has become an increasingly important question for researchers.
Part of this literature focuses on the e ects of ethnicity on trade. Fafchamps (2000) and
Fafchamps (2003) examine the role of trust across ethnic groups on trade, supporting the
hypothesis that a common ethnicity or religion may break down barriers to trust between
traders. This may be particularly important where contracts are di cult to enforce and
reputational information on trading partners is scarce. The author nds evidence of ethnic
bias in trading networks, attributing this to network e ects, rather than discrimination,
due to a traders preference in engaging with business partners they already know. If those
partners are of the same ethnicity, trade barriers arise even if traders do not actively engage
in ethnic bias. Whether due to ethnic bias or reputational e ects, the impact of ethnic
diversity on trade may result in more segmented markets.

My research is closely related to Aker et al. (2014) on the impact of borders and
ethnicities on price dispersion along the Niger-Nigeria border which uses monthly consumer
price data for millet and cow-pea over an eight-year period from 49 local markets in Niger
and Northern Nigeria. The international border between the two countries was a source
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of trade frictions, but price disparities were lower between markets of the same ethnicity.
Using a market pair analysis, it nds that price dispersion is higher when markets are
separated by an ethnic border and when the degree of ethnic overlap between markets is
small. A similar study is Robinson (2016), who uses maize prices in Malawi to nd that
ethnic di erences are associated with less market integration in the country. The strength
of both Aker et al. (2014) and Robinson (2016) is that by focusing on speci c regions in
Africa, they are able to accurately identify the ethnicities of a local population.

Empirical research on ethnicity's role in economic development has received renewed
interest with the digitization of maps highlighting the geographic homelands of di erent
ethnic groups around the world. Two examples are George Murdock's 1959 Map of Ethno-
linguistic Groups in Africa (Murdock, 1959), and the 1964 Soviet compiled Atlas Narodov
Mira: Atlas of Peoples of the World (Mira, 1964). These digitized maps allows researchers
to georeference ethnic homelands allowing for the use of a location's ethnic identity in em-
pirical studies. Nunn (2008) pioneered such research in showing the persistence of slavery's
economic impact as measured by long term economic growth. By matching slave names
with their ethnicities, and using the ethnic borders delineated in the Murdock map, an
estimate of each African countries number of exported slaves is constructed. Nunn and
Wantchekon (2011) expanded on these ndings to show that ethnicities that had a greater
exposure to the slave trade exhibit higher levels of mistrust, as measured by surveys on
public attitudes on economic, political, and social matters in Africa. Michalopoulos and
Papaioannou (2016) superimposed Murdock's ethnicity map on Africa's current borders to
identify ethnically partitioned regions, areas that share the same ethnicity but are divided
by a national border. In part because Africa's current national borders were drawn during
European powers during the colonial "Scramble for Africa' period, such ethnic partitions
have increased of conict and violence along borders that divided ethnic homelands. To
examine if partitioned homelands in uence market integration as measured by food prices
across national borders, Michalopoulos and Papaioannou (2016) motivate the examination
of such cross border e ects in this study.

The accuracy of these ethnic maps used in empirical analysis is challenged by some
researchers as concerns around their compilation many decades ago leads to doubts on if
they accurately represent ethnic di erences along geographic divisions in Africa as seen
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today. Ethnicity is a complicated construct to measure as identi cation can be in uenced
by political, cultural and economic forces that may be distinct from a region's genealogical
ethnic identity (Chandra, 2006). Despite these reservations, Moscona et al. (2020) show
that distance to the ethnic borders as de ned in Murdock's 1959 Map of Ethnolinguistic
Groups correlates with self-reported ethnicity as observed in the Afrobarometer survey. A
sharp discontinuous change is reported in the fraction of the population self identifying as
part of a segmentary lineage or non-segmentary lineage society, suggesting that much ethnic
information is still contained in these maps today. Bahrami-Rad et al. (2021), in comparing
ethnicity data contained in Murdock's dataset with a ‘representative data from descendents
of the portrayed societies’, nd strong positive associations between the historical measures
and self reported data from individuals contained in the Standard Demographic and Health
Surveys (DHS). The authors conclude that the ethnic delineation contained in Mudock's
ethnographic compilation from around the world (beyond just Africa), contains more than
“tabulated nonsense', as the title of the study suggests, and is rather informative on current
day di erences within population groups.

1.2.4 Conict and Trade

Ethnic di erences may a ect trade through the higher incidences of con ict. The economic
impact of conict on trade and of trade on conict, has been of interest to to empirical
researchers. Polachek (1980) provided one of the rst empirical studies on on whether trade
reduces the likelihood of con ict. Political scientists noted that economic inter-dependence
between trading partners increases the cost of belligerence between them. Trade is more
likely to occur between entities that are unlikely to engage in war. Expectations of future
con ict may also reduce the likelihood of trade between two regions. As noted by Reuveny
and Kang (1996), it is may not be the lack of trade that results in conict, but the
expectation of future con ict that impedes trade. It is therefore di cult to establish the
causal relation between trade and conict. Empirical studies have relied on exogenous
facts, such as distance between trading partners (Hegre et al., 2010). However, as physical
distance a ects both the incidence of con ict and the extent of trade, such studies can only
cautiously establish the causal impact of trade on conict.

As noted by Anderton and Carter (2001), the “trade promotes peace' hypothesis rests
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on three premises. First is that societies achieve economic gains from their trading rela-
tionships. Second, given these gains, conict needs to materially disrupt trade. Finally,
for trade to promote peace, the rst two premises need to enter the calculus of political
decision-makers. If any of these premises are broken, the causal link from trade to peace
is unlikely to materialize. As this study seeks to determine the degree to which conict
impacts trade, this study empirically tests the second premise at the local level on the
African continent. In their study, Anderton and Carter (2001) nd that in most cases war
does not have a signi cant impact on trading relationships. In contrast, using a gravity
model, Glick and Taylor (2010) nd a positive e ect of war on bilateral trade with avail-
able data extending back to 1870, with persistent impacts not only for trade, but also for
national income and global economic welfare. Fratianni and Kang (2006) nd that terror-
ism, a particular kind of con ict, reduces bilateral trade ows by raising trading costs and
hardening borders.

Analyzing the local impact of con ict on market integration using food price data places
this study as part of the broader literature on the relationship between food prices, food
security and con ict. As researchers examine how to provide con ict zones with food aid
delivery (Verme and Gigliarano, 2019; Tranchant et al., 2019), a better understanding of
how local traders respond to con ict events will be helpful in responding to con ict events.
This study does not measure that response directly, but rather as revealed through changes
in prices. A common myth associated with the microeconomics of violent con ict is that
\war stops markets and governance” (Brack et al., 2019). These researchers note that,
in fact, many aspects of life, including trading, farming and schooling, can continue in
some capacity in con ict zones. Due to the di culty in gathering direct data from traders
in conict zones, very little research has explored their role in markets in conict areas
(Brack et al., 2013). As the impact of con ict on market integration comes about due to
the actions of local traders, my study lls some of this gap.
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1.3 Empirical Method

1.3.1 Measuring Market Segmentation

The primary question of my study is to examine the extent to which di erent factors
contribute to agricultural market segmentation in Africa. The focus is on market segmen-
tation caused by di erent types of border and due to conict. To tease out the factors
that contribute to segmentation, a market-pair approach is used whereby a local market's
prices are linked to the price series for the same foods from neighboring markets. These
'neighborhoods' are shown with speci cations using cuto s de ned for distances of 50km,
100km, 200km and 400km.. It is important to note that arbitrage will only constrain
price di erentials when, in the absence of arbitrage, these di erentials would exceed the
transaction cost associated with moving the product between the two markets. Prohibitive
transaction costs arise when these costs exceed the equilibrium (no trade) price di erential,
leading to market segmentation.

Following Engel and Rogers (1996) and the subsequent literature on empirically testing
for market segmentation using market level price data, the analysis uses di erentials of
changes in the exchange-rate adjusted prices, measured as:

Qijikt = tIn Pyt t 1N Pyt (1.1)

Here, InPjy. is the change in the price of commodity k in market i from time period
t-1 to time period t. Gorodnichenko and Tesar (2009) note that there are several advantages
to dierencing the price series. Taking dierences implies that one is testing relative
rather than absolute price convergence. This may be especially relevant when considering
di erences in marketing power between markets that may a ect absolute prices, but still
allows for relative prices to be correlated between neighboring markets. Gorodnichenko
and Tesar (2009) further note that di erencing the data helps reduce the persistence of
the real exchange rate between commodities in neighboring markets. Reviewing the trade
literature on calculating the determinants of market segmentation, | note that most, but
not all (Aker et al., 2014) use the di erenced price series when comparing markets.

To appreciate why di erenced price series measures relative rather absolute price con-
vergence, | make the hypothetical comparison between markets A, B, C, as shown in Figure
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2.1. The top left and right plots show the raw and logged price series, respectively, for
three hypothetical markets. Though market A and B are far in absoute terms, they are
highly correlated. On the other hand, though Markets B and C are close in absolute terms,
they are constructed to otherwise be unrelated to each other. Di erences in absolute terms
between markets that are otherwise correlated in their movement can arise due to a variety
of reasons. For example, markets might have di erences in demographics that in uence
underlying demand. Even when trade has led to some degree of market integration, com-
parisons between such markets would show di erences in absolute prices. Taking the lagged
di erence of each series (in logs) and then calculating the di erence between them allows
for a measure of how closely two series move in relative terms compared to one another.

The above explanation for the need to use lagged di erences to compare price series
hints at the empirical method used in this paper, whereby pairwise comparisons made
between price series in neighboring markets are used to glean a measure of market segmen-
tation. Here, the empirical strategy is to use xed e ects to compare multiple price series.
In the example in Figure 2.1, Market A is compared to both Market B and Market C. To
some degree, di erences between market price movements are to be expected, and some are
unique to the markets being compared. However, some di erences in the price movements
are likely caused by explainable forces of market segmentation and for some of these, there
are measurable data to test which possible forces lead to a breakdown in trade. The average
di erence in di erences between the Market A-B pair and the Market A-C pair allows for
a determination of how factors that di er between these two pairs uniquely in uence price
disparities. For example, Market B might be at a further distance to Market A than is
Market C, or is separated by a national border that does not exist between Markets A and
C. Making many such comparisons in the dataset, a xed e ects estimation strategy allows
one to examine how, on average, these factors lead to market segmentation. By making
the appropriate pairwise comparisons, using separate xed e ects for each market and its
linked pair in the estimation allows for the calculation of these trade distorting e ects.

1.3.2 Fixed E ects Estimation

My regression model for the market-pair analysis can be expressed as follows:
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Qi | = o+ 1XJ+ 2Xijp + i+ okt F ik (1.2)

where Qjjxt is as dened in Equation 1.1. Taking the absolute value of this variable
is necessary as the choice of market i and j is arbitrary. The larger the absolute value,
the more dissimilar the movements in prices between markei and market j . Xi?j is a
vector of variables that vary at the market pair level, but are otherwise time invariant.
Comparing one market with many other markets, including seperate xed-e ects for each
market ( ; + ), but not a market pair xed-e ect (such as ;) allows one to examine
the impact of variations in explanatory variables across di erent pairs of one market with
several other markets. These are variables that potentially create market segmentation,
such as physical distance, borders or geography. It is important to note that because
this empirical strategy uses location xed e ects, represented by ; and ; for the two
markets compared, marketsi and market j respectively, Xi?j can represent only variables
that di er at the market pair level. This means that characteristics that are unique to a
single market, such as rural/urban status, will be captured in the xed e ects, and so this
estimation strategy does not allow for their estimation.

Xi%;t is a vector of variables that vary at both the market pair level (spatially) and over
time (temporally). In my analysis, this includes variables such as the incidence of violent
events in regions near the market pairs in a given month, and in lagging and leading months.
Using the xed e ects estimation essentially amounts to comparing how di erences inXi?j
between market pairs impacts the price dierential, jQj;jx:t j. Additionally, time xed
e ects, represented by ¢, ensure that comparisons captured in the xed e ects estimation
are made across market pairs at the same instance in time. Finally, food group xed
e ects, represented by g, account for any dissimilarities in price di erentials that may
be accounted for due to these food groups. As noted by McKenzie (2017), such a level
of clustering is appropriate when geographic units, in this case local markets, have been
randomly sampled from a country, or in my case, many countries, and when the goal is to
say something about the e ects in the overall population. The e ects estimated therefore
generalize to impacts across the countries included in the dataset used in my analysis.
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1.3.3 Estimation Variables

In my main speci cation, Xi?j , the list of variables that vary only spatially at the market
pair level included in the analysis are listed as follows:
log(distance;; ): Natural log of the beeline (shortest, straight line) distance between market
i and market j
country:border;; : Dummy variable indicating the presence of a national border between
market i and market j
state:border;; : Dummy variable indicating the presence of a state border between market
i and market j
ethnic:border;; : Dummy variable indicating the presence of an ethnic border market i and
market j
country:border;;  ethnic:border;;; : Dummy variable indicating the presence of both a
national and ethnic border between market i and market |
currency:zone;; : Dummy variable indicating the presence of a currency union on a national
border between market i and market |

Xi%;t in our regression equation 1.2 includes only the conict variables. These are
expressed agConflict ( = 2 : 6): , to incorporate leads and lags. These are dummy
variables representing the presence of a violent con ict event near markets i and j over a
certain time period, t, where nearness is de ned along the shortest road route connecting
the two markets. A negative value of species a leading conict event (a con ict event
that has happened after periodt), = 0 represents a conict event in the present time
period, and a positive speci es a lagging con ict event (a con ict event that has happened
before periodt). We include two leading and six lagging variables in our analysis.

Details on how the data on these variables is acquired described in the Data section

next.

1.3.4 A Note on Empirical Method

Although the empirical method used here is common in the literature examining trade

frictions (Engel and Rogers, 1996; Parsley and Wei, 2001; Aker et al., 2014), it has been
critiqgued by some. As described by Gorodnichenko and Tesar (2009), the crux of the most
relevant critique is that in the absence of free trade between two regions (most often these
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regions are two separate countries), the two regions may experience di erent supply and
demand shocks that in uence the price of a commodity. This would lead the empirical
strategy to naturally identify uncorrelated price movements, indicating the presence of
a border that restricts trade. Supposing that all trading restrictions are removed, the
shocks that in uence the distinct price movements in each country may still lead to an
empirical estimate of a trade border, even when one does not exist. However, it hard to
imagine distinct demand and supply shocks in the presence of absolute free trade, especially
in neighboring markets as de ned in such empirical methods, as these shocks should be
harmonized across the trading border. But at an intermediate level of trade harmonization,
such distinct price shocks might still be captured in the empirical estimation. Therefore, the
presence of a a statistically signi cant trade border using price movements likely captures
the presence of a border, but provides a poor guide to estimating the magnitude of such
a border, because an intermediate level of harmonization likely includes both trade border
e ects and the price movement e ects created by disparate demand and supply shocks in
the two regions. The estimation likely overestimates the magnitude of the border e ect
when converting to a distance, as is evidenced by the large values of the distance implied
by a border observed both here and elsewhere. This critique is harder to justify for region
pairs other than countries, such as ethnic homelands, where disparate demand and supply
shocks are less likely to exist, and it also does not apply to the measurement of e ects
for time dependent events between markets, such as the conict events studied in my
analysis. Further research is needed to more accurately convert the coe cients measured
in the empirics to a physical distance equivalent of the border e ect in cases where the
two regions being measured have disparate demand and supply shocks in uencing price
movements.

1.4 Data

1.4.1 Food Price Data

Monthly retail price data for a variety of food items was collected from the World Food
Program's (WFP) "Global Food Prices Database' (World Food Programme, 2019). This
dataset contains prices from some 1,500 markets in 76 countries. Our analysis includes
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only countries in sub-Saharan Africa. Exchange rate adjustments to these prices is made
using the IMF International Financial Statistics database. To nd the coordinate loca-
tions of these markets, which is not provided in this dataset, | used the Google Map
Platform's “Places API' (Alphabet Inc., 2019), to match place names with their locations,
using Google's internal maps database. | selected food prices from 893 markets in sub-
Saharn Africa, from 32 countries, ltering to markets where there was at least 24 months
of observations in the dataset. The price series for individual markets is irregular, so some
markets have prices from the 1990's up the present, while other markets start in more re-
cent years. Most markets originate in the dataset after 2007. For many individual markets,
there are missing data for certain months which are dropped in the estimation.

The empirical strategy, outlined in the previous section, requires monthly changes in
prices to calculate rst di erences, therefore, only instances where prices for a food item in
a given market are available over consecutive months are included in the analysis. Obser-
vations need to be matched with an observable price changes in a market in the analyzed
market's geographic vicinity. To compare markets in the same geographic vicinity, the
analysis only examines data that matches with data from a neighboring market for a given
food item for a given date. Therefore, if there exists a market observation for a given food
item on a given date, but no neighboring markets for which such price changes exist, such
observations are dropped from the analysis. Neighborhoods are selected at distances of
100km, 200km and 400km, and results are shown separately for these geographic bounds.
The locations of the 893 markets included in the analysis are shown in Figure 1.2, with all
countries in the dataset highlighted.

Price data is observed from over 800,000 monthly market price observations on a
variety of food items from these 893 markets. The most common food items (catego-
rized into similar food groups) are beans/pulses/lentils, maize, millet, rice, sorghum, cas-
savalyam, potato, fruits and vegetables. Other foods and food categories include wheat,
bread/pasta/noodles/tortilla, cassaval/yam, cocoa, co ee, cooking oil, dairy, whole live-
stock, meat/eggs, peanuts, plantains, potato, salt, seafood, sesame/Buckwheat, sugar and
tea.

The variable of interest is the gap in the log-di erenced prices between neighboring
markets. Figure 1.5a plots the yearly average of this gap for the time period for a 400km
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neighborhood bound and Figure 1.5b shows this value for the ve major food items in the
study (beans/pulses/lentils, maize, millet, rice and sorghum). The plots show stationarity,
which has been achieved by di erencing the time series of local food market prices. The
value of the beans/pulses/lentils food group shows the highest mean values, followed by
maize, sorghum, millet and rice re ecting the level at which these foods are produced and
traded locally. If produced internationally and transported to local markets, we would
expect smaller values of our measure, re ecting more market integration. In other words,
rice that has been imported into a country and sold at local markets would be expected to
show smaller di erences in log-di erenced prices between neighboring markets than foods
such as beans/pulses/lentils and maize, which are primarily produced and sold locally.
Though this conjecture is not tested here, it poses an interesting future research question.

1.4.2 Ethnicity Data

Data on the ethnicity of a market region is based on two sources. First, | use Murdock
(1959) classi cation of African ethnicities, originally compiled by the anthropologist George
Murdock. The validity it's use in empirical studies is discussed in Section 1.2.3. Another
dataset used in empirical studies is the "1964 Atlas Narodov Mira: Atlas of Peoples of the
World' (Mira, 1964), compiled by Soviet researchers. Weidmann et al. (2010a) digitize
the original work for use by modern researchers, who refer to it as, 'Geo-referencing of
ethnic groups' (GREG). Unlike the more popular Murdock dataset, the GREG dataset
has not been validated by other studies to con rm whether ethnic di erences correlate
with the boundaries drawn (these are discussed in section 1.2.3). Though my main results
are shown for both these datasets, the Murdock boundaries have been subject to greater
external scrutiny. These ethnic maps are shown in Figure 1.5.

1.4.3 Conict Data

The Uppsala Conict Data Program Georeferenced Event Dataset (Sundberg and Me-
lander, 2013) is used to identify the impacts of conict on market segmentation. This

dataset documents the precise location and date of such events from around the world.
The dataset was originally focused exclusively on the African continent from 1989 to 2010,
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but since 2010 has included con ict events globally. It's authors note that an “overly ag-
gregated approaches risk misconstruing the correlates and patterns of internal con ict, as
one attempts to draw conclusions based on a mismatch between theory and available data'.
This is especially relevant to this study, because an aggregated approach would not capture
the local e ect of con ict on market integration. This con ict dataset contains observations
of fatal violence at the event level, with each event accompanied by information on actors,
dyad, conict, geographic location, coordinates and specic dates on which the conict
event took place.

To nd a conict event classi ed as near a pair of markets, this study uses data on
existing roads which link markets. The motivation for identifying con ict events near the
road network is that a straight line link between two markets often occurs over empty and
low density inhabited lands. The road link between two markets is more often the locations
where con ict events take place, and identi es a likely path traders can take between two
markets. Integrating price data with con ict data requires identifying the shortest path
road link between neighboring markets. To create these links, | use road network data from
OpenStreetMap (2017), an open-source and community owned geographic database of the
world's roads, streets and other physical infrastructure. | use this shortest path distance
(with a 5km or 10km bu er) as a proxy for the route a trader would travel from market A to
market B. The bu er, which thickens the shortest path route, helps lessen concerns around
traders having multiple equivalent cost options in transporting goods across markets. To
illustrate this, Figure 1.6 shows four examples of market pairs connected via the road
network. The shortest path route is highlighted with the purple line, while the hollow
points indicate the locations of con ict events in the Uppsala Con ict Dataset.

1.4.4 Data Summary

Table 1.5 shows the number of observations and summarizes the values of the variables used
in our analysis at the market neighborhood threshold values of 100km, 200km and 400km.
The summary reports the median and interquartile range for the single numeric variable
(distance). For dummy variables the number of observations and percentage of values that
are the de ned categorical variable are reported (e.g. 122,829 or 11% of observations in
the 200km threshold dataset have a country border between them).
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1.5 Results

The results are rst shown for variables in the xed e ects estimation that that vary only
spatially at the market pair level. These are the variables in theXi?j vector in Equation
(1.2) described in Section 1.3. These are shown in Tables 1.2 and 1.3 for the Murdock
ethnicity and GREG ethnicity versions, respectively, of the estimation. Note that the
results for these variables are estimated from regression Equation (1.2), which includes the
time variant con ict variables (with the 10 km bu er speci cation estimated). The results

for the con ict variables are shown separately in Table 1.4.

As expected, distance plays an important impact in the measure of market segmenta-
tion, with markets further from each other experiencing greater segmentation. As shown
by the relatively large positive values on the "Country Border' coe cient, national bor-
ders cause a great degree of market segmentation in markets that are separated by them,
while state borders create a much smaller degree of segmentation. Of important note, it
is observed that in speci cations where neighboring markets are de ned at a 200km or
400km bu er, a currency union border reverses a large proportion of this e ect. There is
little evidence that ethnic borders alone contribute to increased market segmentation, as
only a small signi cant negative e ect is observed in the GREG speci cation with a 100km
neighborhood bu er. None of the results with the Murdock ethnic boundary de nitions,
which have been subject to greater research scrutiny, show a signi cant e ect on market
segmentation. Though | nd little evidence of ethnicity directly e ecting the measure of
segmentation in the aggregate estimation, it is found that when ethnicity is interacted
with national borders, a statistically signi cant negative e ect on market segmentation (a
negative coe cient in the regression) is observed (this is observed consistently across the
speci cations de ning neighborhood bounds only in the Murdock ethnicity speci cations).

Table 1.4 shows the e ect of conict on price integration. The results are presented
so that the leads and lags are shown chronologically. The lead con ict event coe cients
do not show any e ect on con ict on market segmentation. These pre-treatment e ects,
represented by < 0, are all insigni cant, supporting the parallel trends assumption for the
impact of con ict on market segmentation. During the month in which the con ict event
takes place ( = 0), there is a positive statistically signi cant coe cient, representing an
increase in market segmentation. However, we see the e ects are in the opposite direction
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in subsequent months. Speci cally, there is a large negative e ect approximately three
or four months after the conict event, indicative of lower price disparities between the
markets e ected by a con ict event.

Table 1.5 shows estimates separately for ve food groups, namely maize, millet, rice,
sorghum and beans (which includes food listed as beans, pulses or lentils). Rice and
sorghum show the smallest increase in market segmentation in uenced by distance, while
beans show the largest increase. Millet is shown be to in uenced most by a country border,
followed by maize, while beans are in uenced the least. When examining the e ects of the
ethnic borders, unlike the results for the aggregated data, we nd a small positive e ect
for maize, while even smaller e ects in the negative direction for rice. The negative e ect
noted for the interaction between country and ethnic borders for the aggregate regression
is observed individually for maize, rice and beans. The negative e ect observed for the
currency union borders is observed individually for all the food groups. These results
arm that most of the aggregate results are not solely driven by a single food group. |
also break down the results along the major regions of sub-Saharan Africa, East, West,
South and Central, with South and Central combined into a single region due to the lower
number of observations there. These results are shown in Figure 1.6. Compared to the
aggregate results, the main di erence here is the observed statistically signi cant result on
the ethnicity coe cient only for the Eastern region, with no e ects observed in the western
or combined Central/Southern region. In eastern Africa, the positive coe cient on ethnic
boundary variable indicates a reduction in regional trade integration across regions with
ethnic di erences.
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1.6 Discussion

1.6.1 Ethnicity

The aggregate results (shown in Tables 1.2 and 1.3) nd no evidence that ethnic diversity
directly a ects market segmentation. However, when running the regressions on the di er-
ent geographic regions of Africa, a deleterious e ect on regional trade integration is seen
in East Africa. Given the rich literature on the role of ethnicity and ethnic diversity on
economic outcomes, as discussed in Section 1.2.3, this is an important result, as it region-
alizes where ethnic diversity leads to a breakdown in trade, as observed in the variation
and movement of food prices. A possible explanation for this regional result is the higher
incidence of ethnic con ict in East Africa. The Ethnic One-Sided Violence dataset (EOSV)
(Fjelde et al. (2021) provides information on the ethnic identity of civilian victims of direct
and deliberate killings by state and non-state actors from 1989 to 2013. The EOSV dataset
geographically disaggregates the civilian victims in the one-sided violence dataset from the
Uppsala Con ict Data Program and identi es which ethnic group these victims belong to.
Figure 1.7 averages these deaths by the subregions in Africa for dates after 2000, including
only the countries used in my analysis, and nds a time period between 2003-2005 when
East Africa sees a signi cantly greater incidence of deaths from ethnic con ict compared
to the other subregions. For this period, the west of Africa also sees a lower rate of ethnic
con ict related deaths. Due to the timeline of this study, these numbers do not include the
events of the Rwandan genocide or the recent Tigrayan con ict on the border of Eritrea
and Ethiopia, but does include interethnic con ict events that precipitated the indepen-
dence of South Sudan, and the separate ethnic conict events in Darfur. Note that all
of these mentioned countries are in my classi cation of east Africa (see Figure A.1). The
greater incidence of ethnic violence and con ict in a region is a possible explanation for a
lack of regional trade integration across ethnic borders where a high degree of inter-ethnic
mistrust may exist. More broadly, this result helps researchers studying the relationship
between ethnicity and economic growth explain a potential causal mechanism for any the-
oretically explained or empirically observed negative relationship, as described by Easterly
and Levine (1997). For policy makers in East Africa, knowing the hindrance that ethnicity
may cause in creating integrated markets is valuable information to have when designing
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policies or investing in infrastructure that are aimed at increasing regional trade. This
might include physical infrastructure, such as road or rail, or telecommunications infras-
tructure, both types being able to e ect regional trade integration in unique ways. Reduced
levels of trade between ethnic regions may result in a positive feedback loop, as lower trade
between these regions prevents cooperative interactions between ethnicities that would oth-
erwise lead to greater trust and thereby greater trade. As | discuss the role of conict on
regional trade in Africa, its possible intersection with ethnic diversity is further explored.

A separate pathway by which ethnicity e ects regional trade is in its interaction with
country borders. Counter to what might be rst expected, we nd a negative coe cient,
suggesting a decrease in market segmentation when di erent ethnicities exist across a na-
tional border. A negative e ect is observed for all three neighborhood bounds with the
Murdock ethnicity speci cation. This is also observed in two of the three subregions,
speci cally in Eastern and Western Africa, with a larger e ect observed in Eastern Africa.
This result can be interpreted as indicating greater market segmentation when the same
ethnicity exists on either side of the national border compared to when di erent ethnicities
exist across the national borders, i.e. when a national border bisects an ethnic homeland.
One possible explanation is related to a hypothesis advanced by Michalopoulos and Pa-
paioannou (2016) in their examination of economic growth and con ict on the continent.
These researchers suggests that the drawing of political boundaries in the mid to late 19th
century by European powers, which led to the partitioning of several ethnicities across
African states upon independence, has created politically unstable regions along national
borders speci cally where ethnic homelands have been split. During this period, known as
the "Scramble for Africa’, formal European control increased from 10% to almost 90% of the
African continent at the onset of World War |, with only Liberia and Ethiopia remaining
independent states. As little regard was given to the heterogenous ethnic makeup across
regions of the continent and as these colonial states became independent in the middle of
the 20th century, these authors show a greater incidence of con ict (especially state-driven
con icts), and lower levels of economic growth in border regions where an ethnic homeland
was partitioned.

In examining price series across such national borders, this analysis shows higher mar-
ket segmentation, as measured by di erences in the movement of food prices, in these
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partitioned regions. As it relates to the lower level of economic development, as identi-
ed by Michalopoulos and Papaioannou (2016), it is di cult to identify whether market
segmentation contributes to the lower level of economic development in these regions or
rather whether this is a byproduct of the increased incidence of con ict and political strife
in these regions. It is likely that the economic underdevelopment, increased con ict, and
reduced trade all reinforce each other in these ethnically partitioned regions. For example,
conict may lead to reduced trade, which leads to lower development outcomes, such as
fewer household assets, poorer access to public utilities, and lower educational outcomes, as
seen in Michalopoulos (2012), leading to further reductions in the likelihood of economic
integration. These results show that understanding the role of regional economic inte-
gration in these ethnically spit regions of Africa is vital towards improving the economic
outcomes of residents in these regions, a population that accounts for a signi cant share of
the population on the continent (Alesina et al., 2011).

1.6.2 National and Sub-National Borders

Borders between countries create a large breakdown in inter-regional trade as measured
by the disparity in price movements across markets. This result is expected, and is robust
to all estimation speci cations, providing some degree of validation for the methodological
approach used in the analysis. Of greater interest are the coe cients on the currency union
borders, which show that when two nations are in a currency union, a large portion of the
country border e ect is reversed. This suggest that markets across a national border which
are in a currency union show smaller market segmentation when comparing food prices,
than do markets across a national border that are not in a currency unior?.

Whether this result provides a rmation of the bene t of currency unions in promoting

3Following Parsley and Wei (2001), to compute the distance equivalent of the border e ect, one can

examine how much extra distance is needed to be added to the average distance between two countries to
generate as much price dispersion as we actually observe internationally. To calculate the distance equivalent
of the border e ect, one can solve for the value of Z in the following equation: 1 In(distance + Z) =

2+ 1ln(distance). Solving this equation for z yields z = distance  exp(-2) Using the estimated values
for the coe cient on the distance term and the country border, the country border e ect is calculated
to be the equivalant of approximately 80,000km for the Murdoch specication at the 200km distance
neighborhood. It is noted that using this method lead to unstable values across the speci cations with
di erent neighborhood sizes, so some caution should be used in their interpretation. Including the currency
union border for the 200km neighborhood speci cation reduces this distance equivalant national border
e ect to only 135km.
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regional trade integration is up for debate. Though this result is mostly robust across spec-
i cations, concerns around endogeneity preclude any claim that countries that enter into a
currency union will see greater regional economic integration. Although it is plausible that
having a shared currency across a national border reduces trade costs, it is also possible
that countries that have entered into currency unions did so to further strengthen already
strong economic ties, that resulted from shared cultural, linguistic, ethnic or colonial ties.
If those countries where these ties exist are the ones that have already created currency
unions, and it is this cross-cultural familiarity that leads to the observed increased eco-
nomic integration, then further promoting countries to enter into currency union would
be a futile e ort from the lens of local market integration. The results however do sug-
gest that a bene cial link exists between the presence of currency unions and local trade.
Methodologically, incorporating a before and after analysis into the current xed e ects
estimation can account for some of the endogeneity concerns described, but because the
currency unions in my analysis were created before the time period studied, it is not feasi-
ble in the current estimation. Future policy changes that integrate new countries into one
of these two currency unions, or create new ones altogether, of which there is active discus-
sion, may provide the exogenous change needed to estimate the causal e ect of currency
unions on regional trade integration.

Finally, evidence suggests that sub-national borders, such as state and province borders
create some level of market segmentation. This is an interesting result, as there are unlikely
many administrative hurdles between locales in the same country that would prevent one
locale from trading with another any more than the hurdles that exist for any locale to
trade with another within a country. However, geographic barriers and cultural di erences
might be endogenous to the formation of sub-national political boundaries. Though some of
the cultural di erences that exist across states and provinces in Africa might be accounted
for by including geographic ethnic data in the analysis, as discussed earlier, the creation
of these ethnic boundaries is by no means an exact science, and very well may not re ect
current regional ethnolinguistic di erences.

To further explore these questions, | use an additional dataset to test whether social
connectedness across sub-national administrative regions explains some of the positive ef-
fect observed on the state border variable. To do this, | use an index created using data
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on social connectedness between regions. The Social Connectedness Index, constructed by
Bailey et al. (2021), calculates the relative probability of a friendship link between Face-
book users in two regions. Speci cally, the index allows for a comparison of the intensity
of social connectedness between locations with varying populations and varying Facebook
usage rates. The data provided by these researchers aggregates regions at the same sub-
national level as what is provided to this analysis from the WFP's food price dataset,
allowing a convenient means of analyzing whether social connections across sub-national
border e ects the estimated measure of market segmentation. Many bi-lateral sub-national
comparisons of prices along which are estimated in my results are not included in these
authors dataset. The reasons for this are not noted, but it is possible that limited Facebook
usage or a limited amount of social connections force the authors to drop some of these
bi-lateral comparisons. As shown in Table A.2 in Appendix A, by including the log of the
Social Connectedness Index in the previously estimated xed e ect estimations using the
available data, a statistically signi cant e ect is found on the social connectedness variable.
This causes the coe cient on state borders to reduce signi cantly, reducing by half in the
200km neighborhood bound speci cation, and becoming insigni cant in the 400km bound
speci cation. This suggests that the previously observed statistically signi cant positive
coe cient on state and province borders can possibly be explained by the presence of ex-
isting social networks within and across these sub-national borders. In examining local
market segmentation in food prices on the African continent, this result supports Bailey
et al. (2021)'s ndings that social connections help explain a signi cant portion of the
variation in international trade ows. These results also mirror these researchers ndings
that once controlling for social connectedness, the estimated e ects of physical distance
and country borders on trade decline.

1.6.3 Conict and Regional Market Integration

Does con ict have an immediate impact on regional integration as measured by movements
in food prices, and does this change persist over time? These ndings show that there is an
immediate detrimental impact of a con ict event, in the month immediately following the
con ict event, and a larger e ect in the opposite direction is observed around 3-4 months
after the initial conict event. This would suggest that traders avoid participating in
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arbitrage possibilities at the time of the con ict event, but take advantage of these oppor-
tunities at a later time. This is an important result for policy makers trying to understand
the impact of con ict on local trade and market cohesion. As these deviations from normal
market activity likely adversely a ects both consumers' and producers' surplus, conict
likely has these detrimental secondary e ects on the local population beyond the primary
e ect of the con ict itself. These e ects are immediately experienced, but as market players
move past the immediate con ict threat, a reversal towards increased market integration
is observed after a few months. According to these results, policy makers should focus
on the immediate months after a con ict event has occurred to aid communities e ected
from reduced market activity in the vicinity of these areas. It is unclear why the reversal
in e ects is larger than the original impacts increasing market segmentation, and further
research is required to understand these price dynamics. This novel but prefatory result
on the link between conict events and regional market segmentation in the developing
world serve as gateway for future empirical research towards exploring the causal impact
of conict on local trade.

1.7 Conclusion

By identifying some of the causal determinants of market segmentation, and its lack thereof,
in sub-Saharan Africa, this research provides novel insights for researchers and policy mak-
ers. For researchers, a better understanding of these determinants provides for fruitful
avenues for fuerther study, such as how regional trade segmentation is evolving over time,
speci cally with changes in local physical infrastructure, a topic left mostly unexplored
here. This can be done by merging data on infrastructure improvements, such as the
construction of a major road or railroad, with data on prices with price series from local
market. Thereby, one can empirically estimate whether the observed coe cient on dis-
tance (as estimated in my xed-e ect regressions with market pairs) changes pre and post
completion of the infrastructure project. By applying this methodological approach which
uses only dierences in prices across neighboring markets to quantify market segmenta-
tion, researchers have a powerful tool to explore a currently little understood determinant
of economic growth in developing economies. For policy makers, such an understanding of
regional market integration can help them make targeted investments aimed at improving
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trade connectedness across local communities in developing economies.

This study nds how ethnicity, con ict, and national borders a ect market segmenta-
tion, factors that for the most part, were previously hypothesized, rather than empirically
validated. | nd that ethnicity has a detrimental e ect on market integration only in East
Africa, and that when ethnic homelands are split by a national border, additional trade
disintegration can occur, supprting previous research on the economic consequences of eth-
nic strati cation across nations in Africa. National borders have the expected reduction
in market integration, but currency unions seem to mitigate a large amount of this e ect.
Finally, con ict events lead to a point in time reduction in market integration, but reversals
are observed within a few months.



1.8 Tables

Table 1.1: Varaible Summary
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Characteristic

, N =1,130,305" 200, N = 2,018,510 400, N = 3,535,02¢"

Distance (km)
Country Border
State Border
Murdoch Border
GREG Border
Country*Murdoch
Country*GREG
Currency Union

62 (42, 79)
122,829 (11%)
818,335 (72%)
260,694 (23%)
295,329 (26%)
98,326 (8.7%)
74,420 (6.6%)

2,769 (0.2%)

91 (58, 138)
357,763 (18%)
1,546,327 (77%)
889,817 (44%)
759,754 (38%)
312,071 (15%)
246,587 (12%)
21,916 (1.1%)

168 (82, 279)
908,585 (26%)
2,944,900 (83%)
2,264,504 (64%)
1,849,038 (52%)
846,104 (24%)
701,612 (20%)
164,912 (4.7%)

IMedian (IQR); n (%)
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Table 1.2: Regression Results Using Murdoch Ethnicity

Dependent variable:

Log Di erenced Price Di erential

50 km 100 km 200 km 400 km
1) (2) 3) 4)
log(distance) 0.003 0.004 0.005 0.005
(0.001) (0.0003) (0.0002) (0.0002)
Country Border 0.039 0.041 0.039 0.033
(0.004) (0.002) (0.001) (0.001)
State Border 0.003 0.003 0.002 0.002
(0.001) (0.001) (0.0004) (0.0003)
Ethnic Border (Murdoch) 0.002 0.001 0.0002 0.0001
(0.002) (0.001) (0.0005) (0.0003)
Country*Ethnic Border 0.003 0.006 0.005 0.006
(0.005) (0.002) (0.001) (0.001)
Currency Union Border 0.002 0.032 0.020
(0.014) (0.003) (0.001)
Con ict Variables (5km) Yes Yes Yes Yes
Market F.E.s Yes Yes Yes Yes
Time (Month) F.E.s Yes Yes Yes Yes
Commodity F.E.s Yes Yes Yes Yes
Observations 390,699 1,130,305 2,018,510 3,535,020
R?2 0.135 0.128 0.131 0.143
Adjusted R? 0.133 0.127 0.130 0.143
Residual Std. Error 0.146 0.150 0.144 0.141
p<0.1; p<0.05; p<0.01

Note: S.E.s clustered at the market pair level



Table 1.3: Regression Results Using GREG Ethnicity

Dependent variable:

Log Di erenced Price Di erential

50 km 100 km 200 km 400 km
1) (2) 3) 4)
log(distance) 0.003 0.005 0.005 0.005
(0.001) (0.001) (0.0004) (0.0003)
Country Border 0.039 0.039 0.035 0.028
(0.004) (0.002) (0.001) (0.001)
State Border 0.003 0.003 0.002 0.002
(0.001) (0.001) (0.0004) (0.0003)
Ethnic Border (GREG) 0.002 0.002 0.0003 0.00000
(0.002) (0.001) (0.001) (0.0004)
Country*Ethnic Border 0.003 0.002 0.003 0.00001
(0.002) (0.002) (0.001) (0.001)
Currency Union Border 0.001 0.030 0.020
(0.005) (0.004) (0.002)
Con ict Variables (5km) Yes Yes Yes Yes
Market F.E.s Yes Yes Yes Yes
Time (Month) F.E.s Yes Yes Yes Yes
Commodity F.E.s Yes Yes Yes Yes
Observations 390,699 1,128,090 2,008,477 3,496,280
R? 0.135 0.128 0.131 0.143
Adjusted R? 0.133 0.127 0.130 0.143
Residual Std. Error 0.146 0.151 0.144 0.141
p<0.1; p<0.05; p<0.01

Note: S.E.s clustered at the market pair level
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Table 1.4: Regression Results of Con ict Variables

Dependent variable:

Log Price Di erenced Di erential

10 km bu er 5km buer
Conict = 2 0.00001 0.0001
(0.0002) (0.0002)
Conict = 1 0.0001 0.0001
(0.0002) (0.0002)
Conict =0 0.002 0.002
(0.001) (0.001)
Conict =1 0.002 0.001
(0.001) (0.001)
Conict =2 0.0005 0.002
(0.001) (0.001)
Conict =3 0.001 0.0001
(0.001) (0.001)
Conict =4 0.006 0.005
(0.001) (0.001)
Conict =5 0.0002 0.0004
(0.001) (0.001)
Conict =6 0.0001 0.0001
(0.0002) (0.0002)
Time Invariant Variables Yes Yes
Market F.E.s Yes Yes
Time (Month) F.E.s Yes Yes
Commodity F.E.s Yes Yes
Observations 2,018,510 2,018,510
R? 0.131 0.131
Adjusted R? 0.130 0.130
Residual Std. Error (df = 2016614) 0.144 0.144
p<0.1; p<0.05; p<0.01

Note: S.E.s clustered at the market pair level.
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Table 1.5: Regression Results by food groups, 400km neighborhoods

Dependent variable:

Log Di erenced Price Di erential

Maize Millet Rice Sorghum Beans
) 2 3 “4) ®)
log(distance) 0.004 0.004 0.003 0.003 0.005
(0.0004) (0.0003) (0.0002) (0.0004) (0.001)
Country Border 0.029 0.035 0.028 0.025 0.013
(0.001) (0.001) (0.001) (0.002) (0.003)
State Border 0.003 0.004 0.002 0.004 0.005
(0.001) (0.001) (0.0004) (0.001) (0.001)
Ethnic Border 0.002 0.00001 0.001 0.001 0.001
(Murdoch) (0.001) (0.001) (0.0004) (0.001) (0.001)
Country*Ethnic 0.003 0.001 0.004 0.002 0.007
Border (0.001) (0.001) (0.001) (0.001) (0.003)
Currency Union 0.010 0.029 0.015 0.017 0.016
Border (0.002) (0.002) (0.001) (0.002) (0.002)
Con ict Vars. (5km) Yes Yes Yes Yes Yes
Market F.E.s Yes Yes Yes Yes Yes
Time (Month) F.E.s Yes Yes Yes Yes Yes
Commodity F.E.s Yes Yes Yes Yes Yes
Observations 804,170 469,411 655,727 427,885 330,931
R? 0.106 0.161 0.193 0.141 0.186
Adjusted R? 0.104 0.160 0.191 0.139 0.183
Residual Std. Error 0.145 0.090 0.082 0.102 0.167
p<0.1; p<0.05; p<0.01

Note: S.E.s clustered at the market pair level.
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Table 1.6: Regression Results by sub-Saharan Africa subregion, 200km neighborhoods

Dependent variable:

Log Di erenced Price Di erential

Eastern Central/Southern Western
1) 2) 3)
log(distance) 0.004 0.003 0.005
(0.0004) (0.001) (0.0003)
Country Border 0.031 0.029 0.043
(0.004) (0.004) (0.001)
State Border 0.002 0.002 0.006
(0.001) (0.002) (0.001)
Ethnic Border (Murdoch) 0.004 0.00005 0.001
(0.001) (0.001) (0.0007)
Country*Ethnic Border 0.008 0.001 0.003
(0.004) (0.003) (0.001)
Currency Union Border 0.0001 0.039
(0.006) (0.002)
Con ict Variables (5km) Yes Yes Yes
Market F.E.s Yes Yes Yes
Time (Month) F.E.s Yes Yes Yes
Commodity F.E.s Yes Yes Yes
Observations 1,002,088 213,594 802,828
R? 0.124 0.167 0.128
Adjusted R? 0.124 0.164 0.127
Residual Std. Error 0.163 0.139 0.114
p<0.1; p<0.05; p<0.01

Note: S.E.s clustered at the market pair level
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1.9 Figures

Figure 1.1: Comparing the Absolute Log Price Di erential with the Absolute Log Di er-
enced Price Di erential
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Figure 1.2: Location of food Markets from WFP food price dataset included in analysis
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(a) Number of markets in each year used in (b) Number of markets pairs in each year
analysis (numbers shown for month of June) used in analysis (humbers shown for month
of June)

Figure 1.3: Number of markets (a) and market pairs (b) used in analysis by region in Africa

(a) Average Log Dierenced Price Di eren- (b) By major food item
tial

Figure 1.4: (a) monthy Average Absolute Log Di erenced Price Di erential over all food
item using observations from the 400km market neighborhood speci cation (2008-2018)
(b) Broken down by the four most common food items in the dataset (2008-2018)
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(a) Ethnic Boundaries De ned by Murdock (1959) (b) Ethnic Boundaries De ned by GREG (1964)
and Modern Political Boundaries and Modern Political Boundaries

Figure 1.5: (a) Ethnic groups based on George Peter Murdock's Ethnographic Map of
Africa (rst digitized in Nunn (2008)) overlaid onto a map of contemporary national bor-
ders. (b) Ethnic groups based on the '1964 Atlas Narodov Mira: Atlas of Peoples of the
World' (Mira, 1964), compiled by soviet researchers (digitized by Weidmann et al. (2010b)
de ned as 'Geo-referencing of ethnic groups (GREG)") overlaid onto a map of contempo-
rary national borders.



Figure 1.6: Road links between markets and locations of nearby con ict events
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Figure 1.7: Rate of Ethnic related deaths

Note: Calculated using the Ethnic One-Sided Violence (EOSV) dataset (Fjelde et al. (2021). Note that this
data does not include the signi cant number of deaths associated with the Rwandan genocide (a country
classi ed as east Africa in my analysis) or the currently active Tigrayan war along the Ethiopian and
Eritrean border region, both classi ed as eastern African countries. It does include deaths associated with
ethnic based struggles in South Sudan, and ethnic violence commited by Boko Haram and Al Shabaab.
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2.1 Introduction

According to the UNHCR (2022b), at the end of 2021, one-third of the world's 21 million
refugees resided in Sub-Saharan Africa (SSA). A sizable percentage of the refugees in
SSA live in designated refugee camps or settlements. For example, approximately 90% of
Rwanda and Ethiopia's refugee population is registered as living in a camp, and in Kenya,
about 84% of refugees are registered as living in a camp or settlement UNHCR(2022a;
2022c). In some countries, such as Sudan, the share of refugees living in camps is lower
(38%), but encamped refugees still represent a large population (over 400,000 people)
(UNHCR, 2022c).

1We use the UN designation of a refugee as someone who ed violence or persecution in their home coun-
try, crossed an international border, and received protective status. Our study does not include internally
displaced persons (IDPs) or aslym-seekers awaiting the receipt of protective status.
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Camps and settlements are planned areas managed by the host government and the
UN Refugee Agency (the United Nations High Commission for Refugees, henceforth UN-
HCR). Refugees in camps or settlements are provided with semi-permanent shelters, as
well as access to schools, water and sanitation inputs, healthcare, food aid, and other ser-
vices (Jacobsen, 2002). Market economies also form within these designated sites (Alloush
et al.,, 2017). Camps and settlements are often located in rural, peripheral areas near poor
communities of nationals (henceforth referred to as “host communities'). Encampment
strategies have been criticized for curtailing refugee freedoms and livelihoods options, and
the UNHCR promotes out-of-camp alternatives whenever possible (UNHCR, 2014). But
given the continual growth in the refugee population worldwide, the ongoing hesitancy of
host governments to fully integrate refugees, and the logistical bene ts of centralizing aid
around camps, it is unlikely that we will see an end to encampments in the near future.

Our paper studies the impacts of the establishment of a refugee camp or settlement on
prices in local food markets. The resulting increase in population augments demand for
market goods and services. While many refugees have very limited budget sets, they still
leverage their wage income, credit, remittances, savings and any cash transfers from aid
organizations to consume in local markets (Betts et al., 2017). Refugees also sell portions
of their in-kind aid, including food aid - which tends to include less perishable goods such
as legumes, maize, rice, cooking oils, and sugar - in an e ort to diversify their consumption
and diets (Taylor et al., 2016; Jacobsen, 2002). A new camp also represents a sudden
increase in the supply of labor, and camp management often requires local infrastructural
improvements that may reduce transaction costs and further support economic growth
(Maystadt and Verwimp, 2014).

If markets are complete, we would expect that a positive demand shock may create
incentives for new rm entry and for existing rms to expand operations, taking advantage
of a larger workforce to produce and transport more goods, including food. But can
producers mobilize capital and respond to increased demand as e ectively in poor, rural
areas of low- and middle-income countries, regions where these refugee camps are primarily
located? Secondary e ects may mean that even if producers augment supply, refugee camps
may indirectly increase demand further if host incomes rise in response to camp-stimulated
economic activity (Alix-Garcia and Saah, 2010) and/or if local growth induces in-migration
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among nationals.

Chambers (1986) provides the rst commentary on the potential price e ects of refugee
camps, citing anecdotal evidence from Zambia in the 1960's. Chambers acknowledges that
food aid may o set the price e ect near camps but notes that an increase in the supply
of certain foods could also hurt local producers by reducing their market prices. Beyond
this seminal research, Alix-Garcia and Saah (2010) is the only study we are aware of that
empirically examines the e ect of refugee camp formation on the market prices of foods.
Studying refugees displaced from Burundi and Rwanda in 1993-1994 and settled in camps in
northwestern Tanzania, the authors nd signi cant price increases for bananas, plantains,
and milk, foods excluded from the refugee food aid package. The results suggest that in
this particular case, markets were unable to respond to increased demand by increasing
supply over the study period. Moreover, the results suggest that food aid may reduce the
price e ects for goods included in the aid basket, but increased demand for other foods
may still result in higher prices elsewhere in the market.

The evidence from Alix-Garcia and Saah (2010) may translate into worsening health
outcomes among hosts, particularly among children. Baez (2011) also studies the displace-
ment of Rwandans to northwest Tanzania in 1994, and nds that in districts that received
more refugees, child stunting (low height-for-age) rises in response to refugee population
increases. Anti and Salemi (2021) build on Baez by examining outcomes for host chil-
dren throughout SSA and nd that camp proximity is associated with reductions in child
weight-for-age and height-for-age, meaning children were more likely to be underweight
and more likely to experience stunting.

But these past estimates of the health outcomes of refugee camps stands in contrast to
evidence that local economic growth driven by the camp may lead to increased consumption
for hosts. In a study of Kakuma Camp in Kenya, Alix-Garcia et al. (2018) nd that
households closer to Kakuma consume 25 percent more than households further away, an
e ect the authors attribute to improved access to income-generating activities. As noted by
Blair et al. (2022), it is perhaps di erences in country policy towards refugees explain the
disparate ndings in these studies. Maystadt and Verwimp (2014) show that the e ect of
camps on consumption may depend on the host household type. In their study of refugees
in northwest Tanzania in the 1990s, they nd that the impact on host consumption is
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positive overall, but this result is driven by own account agricultural workers who bene t
from access to less skilled labor oppurtunities. They also nd that the positive e ects for
one subset of the population masks negative e ects among some of the poorest members
of the host community.

Our study matches spatially explicit data on refugee camp locations and years of op-
eration across SSA with georeferenced World Food Program (WFP) market price data.
Our market-level panel includes data on the prices of a variety of food types, and we also
measure the market's proximity to the nearest refugee camp, as well as that camp's years of
operation. We use a di erence-in-di erences (DID) regression speci cation in which mar-
kets at various distance bands between 0-50 km from the nearest camp centroid serve as the
treatment group, while markets 50-100 km from the camps constitute the control group.
This allows us to measure e ects for treatment groups along multiple distance bands,
grouping markets based on their distance to the refugee camps. We estimate our DID
speci cation using a two-way xed e ects (TWFE) method and examine parallel trends to
con rm whether measured changes can be attributed to the presence of the refugee camp.
Motivated by Alix-Garcia and Saah (2010), we separately examine the prices of foods more
likely to be distributed to refugees as aid (rice, legumes, maize, cooking oil, sugar, etc.)
and those that are not likely included in the aid basket (vegetables, fruits, dairy products,
meat, etc.).

Our study contributes to several important discourses around the economics of refugee
camps and food aid. First, we provide additional insights into the e ects of refugee popu-
lation in uxes on host markets and its potential welfare e ects. Past studies have provided
considerable evidence that refugee camps stimulate local economic growth because of the
population-driven demand increase, as well as the transfer of new resources to the area
(Taylor et al., 2016; Alix-Garcia and Saah, 2010). As previously discussed, some hosts
bene t from the positive spillovers of local growth. Moreover, refugee services at campsites
are often \inclusive", meaning that hosts also bene t from access to potable water, as well
as improved schooling and healthcare (Zhou et al., 2023).

The discussion of refugee impacts on local markets has primarily focused on labor mar-
kets in recent years. The results to date largely mirror the study of voluntary migration.

In some cases, studies have found no e ect on native labor outcomes (Fallah et al., 2019;
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Cengiz and Tekge, 2022; Akgeanddz et al., 2015; Lebow, 2021). When there is an e ect,
it tends to be relatively small?> (Tumen, 2016; Ceritoglu et al., 2017; Santamaria, 2020),
though distributional consequences could mean that some workers gain while others pre-
dominately lose out (Maystadt and Verwimp, 2014; Kreibaum, 2016). While economists are
still trying to build a generalizable understanding of whether and when refugee populations
in uence local labor markets, our study draws attention to the understudied implications
for the local food market, which can both in uence and be in uenced by the local labor
market.

Our study also contributes to an ongoing discourse on the e ects of foreign aid on local
communities. Past studies have observed increased household consumption following aid
transfers, but little impact on investment or economic growth (Temple and Van de Sijpe,
2017). Foreign aid may also yield unintended consequences: for example, evidence of elite
capture suggests that foreign aid may bene t wealthy rent-seekers (Andersen et al., 2022).
There is some debate over whether foreign aid leads to more conict in receiving areas
(Nunn and Qian, 2014; Christian and Barrett, 2017). Our paper documents how food aid
for refugees leads to an unintended decrease in some food prices that may negatively e ect
net sellers in the host community, though evidence from markets further away from refugee
camps, for food groups that are not generally provided by aid organizations, tend to show
a net positive mpact on prices.

Within the foreign aid discourse, we focus on food aid and its spillover e ects in local
markets. In isolation, and in the presence of a resale market, in-kind aid transfers can
lower market food prices, which e ect net buyer and seller households di erently (Barrett
and Maxwell, 2007). As shown by Leach (1992), Lind and Jalleta (2005) and Barrett
(2006), local market integration and the timing and targeting of food aid mediate these
price e ects. But local demographic change due the increase in the local population, and
the composition of the food aid basket are of additional importance.

Our study is also related to the discourse on migration and changes in local prices.
Much of this research focuses on wages in the United States (Borjas, 1987; Card, 1990;
Cortes, 2008). Beyond the e ect on native labor, Lach (2007) examined the price e ects

2This is not to say that no studies have found a sizable e ect, but that credible studies tend not to. For
example, several papers have estimated relatively high refugee-associated wage reductions in Colombia, but
endogenous measurement error in refugee location information upward biases the results (Lebow, 2021).
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of immigration from the Soviet Union to Israel. In examining the e ect of internally
displaced people resettling within the Columbia, Depetris-Chauvin and Santos (2018) show
an increase in low-income rental prices, while high-income rental prices decrease.

Finally, our work contributes to the literature on food prices and nutrition in LMICs.
Food prices have been identi ed as a key driver of worsening nutritional outcomes (Brinkman
et al., 2010). Increasing food prices are known to decrease both dietary diversity as well
as energy intake, especially amongst poorer households, with particularly negative impacts
on women, who may prioritize their children's food consumption over their own (de Pee
et al., 2000). Recognizing the detrimental impacts of rising food prices on the nutritional
outcomes of poor local communities, this work tries to shed light on how the presence of
refugee camps can e ect these communities through its impact on local food prices.

Altogether, these bodies of literature leave a large gap in our understanding of how
institutionalized immigration a ects local populations, and to what extent it creates con-
ditions for market scarcity, food insecurity, and hunger. Though providing an important
initial contribution, Alix-Garcia and Saah's (2010) conclusions are limited to the socio-
economic context of western Tanzania, within the limited time coverage of the data. This
leaves researchers wondering about the external validity of their ndings. Furthermore,
prior e orts have not explored how these impacts might di er across regions, speci cally,
whether an urban/rural di erence may account for the changing prices.

Within this context, we make the following contributions. First, we move beyond
previous studies examining particular camps or regions within countries to estimate the
average e ects of all refugee camps on food prices in markets across a large geographic scale.
Second, we are able to estimate the spatial dispersion of any price e ects of refugee camps.
Third, we examine how any estimated changes di er across rural and urban markets.

The remainder of this paper is organized as follows. Section 2.2 presents a conceptual
framework for the price e ects of refugee camps and how this may correlate with local
market structures. Section 2.3 describes the data used in the study. Section 2.4 outlines our
empirical strategy. Section 2.5 presents our results and Section 2.6 presents some sensitivity
and robustness checks. Section 2.7 discusses our results and Section 2.8 concludes.
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2.2 Conceptual Framework

To illustrate how price e ects in local markets might arise from the settlement of displaced
households in refugee camps, we present a framework that begins with the simple conjecture
that an exogenous increase in the population in a local market (towns, cities or village)
increases demand for normal goods, including those of many foods. Assuming that traders
have the opportunity to arbitrage in a large integrated economy, a local demand shock
should not signi cantly e ect prices, as this demand increase is quickly arbitraged amongst
traders in the local economy. The local market structure can determine whether local
demand changes a ect local prices if markets are not integrated, as may be the case in
local food markets in Africa. The resulting local equilibrium price level is determined by
the shape of the local supply curve and the size of the demand shock in uenced by the
increased refugee population. In the absence of food aid provided to the refugee camp, the
supply response to an increase in demand may be constrained for a variety of reasons. In
remote villages and towns with poor quality of road and other physical infrastructure, the
cost of transportation may o set any marginal gain in pro t from importing units to sell at

a marginally higher price. Second, if local production markets are not perfectly competitive
(due perhaps to a xed cost of entry) or competitive but with increasing marginal costs,
then a demand shift will induce increases in price.

The degree of integration of local markets with the wider network of producers and
consumers, a determinant of the price response to the demand and supply shocks induced
by the introduction of a refugee camp, can potentially vary with the type of traded good.
Perishable foods, such as fruits and vegetables, protein rich foods such as meats, eggs,
sh and milk, and to a lesser degree tubers, such as cassava, potatoes and yams, have
higher transport and storage costs than storable food goods, such as grains, sugar and oils.
Thus local producers and consumers of these goods may be less integrated with regional
suppliers. Therefore, the price of these goods are more likely determined by the local
market structure and can thereby react to a greater degree than that of more easily traded
goods when faced with a shift in local demand. Incorporating the increased supply induced
by the introduction of aid agencies to provide a humanitarian response from international
agencies such as the UNHCR, ambiguates the direction of the price change. For food items
that are provided by these agencies, and for their close complements, a demand increase
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works in the opposite direction to a supply increase from the introduction of a refugee
camp on its e ect on prices in non-integrated markets. Furthermore, these food items
supplied by aid agencies are more likely to be of the non-perishable variety, suggesting a
more muted overall price response.

2.2.1 Tradability in Local and National Markets

If markets near refugee camps in Sub-Saharan Africa are isolated and rural, these markets
can be disconnected from the rest of the national economy. Prices can rise alongside a
rise in local demand. To show this, we assume the national competitive price of a good
is pn, and the import cost into the local economy is . Then, any local food item's price,
pi, as determined solely by local market forces, can be sustained whem p,+ . When
the local price exceeds the expression to the right of the inequality above, then arbitrage
opportunities arise that would compensate for the cost of importation into the town or
village, equating the local price of the good at the national price plus the import and stor-
age cost. Low local prices compared to national prices, or high import costs, can drive a
wedge between local and national prices. Therefore, food-speci ¢ import and storage costs
determines the tradability of the good between the local and national markets. Food sold
in markets where the trade costs are relatively low allow for the local market price to not
substantially deviate from the national competitive price. Location speci c determinants

of a market, such as its remoteness or its surrounding geographic terrain determine much
of this tradability with the integrated national market price. Some degree of tradability
may arise from the type of good sold, with perishable goods needing relatively expensive
dedicated technologies for transport and storage. For convenience, we term such goods,
where >> 0, ‘non-tradables’, and conversely “tradables' are goods for which 0. Im-
perfect competition (discussed in the next subsection) is possibly a realistic model for the
local markets of many "non-tradables’, given the smaller number of local producers for
certain goods and the xed costs to entry in these markets. The e ect of increases (or
decreases) in the e ective demand of the “tradable' X 1) and “non-tradable’ (Xt ) goods,
(i,e., @X% 60 and @Xyt 6 0) on the equilibrium price will depend on the nature of the
good and the initial local price level relative to the national price and import cost. For a
perfectly “tradable' commodity ( 0), we have:
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where we assume that import costs are low enough for these “tradable' goods to be bought
from and sold to large integrated markets. Alternatively, when a good is considered to be
‘non-tradable’ due to its higher cost of transport (i.e. >> 0), a limited number of suppli-
ers exist in the local market. Changes in the e ective demand translate to changes in price:
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In this framework, a price increase for “non-tradables' can be sustained inde nitely if the
new equilibrium local price does not exceed the national price plus import cost.

“Tradability' or the lack thereof of food goods creates the potential for localized non-
competitive markets with limited suppliers in uencing price changes in response to the
introduction of refugee camp in local markets. We explore the mechanism of such price
changes in markets with imperfect competition next.

2.2.2 Imperfect Competition in Local Markets

To assess how prices change in markets with imperfect competition, we consider a Cournot
Nash model with N rms that have constant marginal cost ¢, such that total costs, C = cq
and assume that these rms face a downward sloping, linear demandQ = g(f (p); X) =

X p, where p is the good's price, X is a demand shifter representing e ective demand and
whereQ = ¢, the sum of the supply of the identical rms. Suppliers maximize pro ts
with respect to quantities taking the others' behavior as given (Nash equilibrium):

maxq = p(Q)q cq

With rst-order conditions as follows:

p+p c=0
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Where p' is the derivative of the price function with respect to an individual rms quantity.
Assuming all rms are symmetric, the Nash equilibrium quantity is as follows:

g=(X oN 1) =20 d'=(X oAN+1)

Substituting this back into the demand function, we have the equilibrium price:
p =(X + Nc)=(N +1)

Note that with the introduction of a refugee camp near a market, demand shifts positively
from the increased demand of individuals in these camps. For food items that are then
simultaneously supplied by aid agencies and traded within the local market, assuming these
food items compete directly, or as complements, to what is supplied by local food suppliers,
a decrease in residual demand will occur from this supplied food aid. Representing the
change in residual demand from the introduction of a refugee camp by X, the change in
price is given by:
p=p= X=(X + Nc)

showing that the higher the N is (more competition), the smaller the magnitude of the price

e ects. Price changes are hereby conceptually described to be a ected both by the degree
to which a market and food item is integrated with national (or regional) markets, and the
degree of imperfect competition in the local market. Though these determinants will di er
across markets, this framework allows us to predict certain types of food items, speci cally
those that are unlikely to be well integrated with the national market, to be more likely
to see signi cant price changes following the introduction of a refugee camp. Since we do
not observe the number of local suppliers of food goods, the xed cost of entry, or the
price threshold that may entice traders to import the good into the market, we cannot
incorporate information about the structure of local markets into our analysis. However,



52
we do seperate e ects by whether a market is observed in a rural or urban location, as it
is possible that a market in a rural location has lesser competition than one in an urban
area. The focus of our empirical analysis is to examine prices pre and post introduction of
a refugee camp, investigate the degree of food-good speci ¢ price change, and understand
how the magnitude of change is correlated with its remoteness, a factor that can possibly
cause a di ering relative price change in isolated markets.

2.3 Data

2.3.1 African Refugee Dataset (ARD)

Anti and Salemi (2021) compile the African Refugee Dataset (ARD), which is the rst
continent-wide geo-referenced dataset on refugee camps in sub-Saharan Africa. In con-
structing the dataset, the authors use the location and timings of refugee camp openings
to examine their e ects on host communities health and nutritional outcomes. The ARD
covers planned refugee camps open at some point between 1999 and 2019 and provides
information on refugee camps' geographic locations and years of operation. (Salemi, 2021)
use the ARD to study the impact of camps on forest cover in areas surrounding newly
developed refugee camps.

The dataset is derived from public records primarily available from the United Na-
tions High Commission for Refugees (UNHCR) and the WFP. Location references in these
records are georeferenced using publicly available geospatial datbases. The authors also
use various hongovernmental, academic, and media resources to date, locate, and con rm
the geocoordinates of each individual camp and its years of operation. A complete de-
scription of the steps involved in creating this dataset is provided by Anti et al. (2020).
Figure 1 shows the locations of the openings of refugee camps by decade across the African
continent.

2.3.2 Food Price Data

Monthly retail price data for a variety of food items are collected for the World Food Pro-
gram's (WFP) “Global Food Prices Database' World Food Programme (2019). The WFP
dataset contains prices from some 1,500 markets in 76 countries. Our analysis includes
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only countries in the African continent. Exchange rate adjustments to these prices is made
using the IMF International Financial Statistics database. To nd the coordinate locations
of these markets, which is not provided in this dataset, we use the Google Map Platform's
\Places API" (Alphabet Inc., 2019), to match place names with their locations, using
Googles internal maps database. We select food prices from 893 markets in the African
continent from 32 countries. The locations of markets that are eventually used in our
analysis, speci cally those that are within 100km of a refugee camp, are shown in Figure
2.2.

We select markets only where there are at least 24 months of observations present
in the dataset. The price series for individual markets is irregular, so some markets have
prices from the 1990's up the present, while other markets start in more recent years. Most
markets originate in the dataset after 2007. For many individual markets, there are miss-
ing data for given months. The empirical strategy drops missing observations. We drop
markets that are within 1 km of a refugee camp, as these markets might be markets within
refugee camps, and therefore not be measuring impacts on host communities. The data on
prices come from over 800,000 market price observations on a variety of food items for these
893 markets. We categorize di erent food items into similar groups. The eight groups we
categorize to use in our regression estimation are as follows: beans/pulses/lentils, maize,
millet/sorghum/wheat, rice, cassava/yam/potatoes, cooking oil/sugar, fruits/vegetables,
and livestock, meat/milk/eggs. These broad categories were selected by categorizing sim-
ilar types of food items. The food category of oil/sugar is categorized due to the more
non-essential and luxury nature of these items. Table 2.1 shows the distribution of obser-
vations used in our analysis across the various food groups de ned, while Table 2.2 shows a
breakdown of observations by country in total and across distance bands. Note that there
are a few countries where there are no markets near refugee

Data on classifying markets as being rural or urban comes from the HarvestChoice
and the International Food Policy Research Institute (IFPRI)'s categorization of locations
across Sub-Saharan Africa in terms of travel times to market HarvestChoice and (IFPRI).
We use a classi cation whereby a market that is more than 3 hours away from an urban
center of population greater than 500,000 residents is classi ed as rural. This splits the
markets approximately evenly between an urban and rural classi cation.
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2.4 Empirical Strategy

This analysis relies on a multi-period di erence-in-di erences (DID) approach where we
de ne exposure to treatment as being within a certain distance to refugee camp. Many
recent studies have applied this method such as Benshaul-Tolonen (2018); Anti (2021);
Salemi (2021); von der Goltz and Barnwal (2019); Kotsadam and Tolonen (2016).

Separately, for each of the food groups de ned earlier, we estimate the following speci-
cations of time xed e ects:

In(pjt )= o+ X sCamp’  After ¢+ ¢+ j+ [+ i+ i, (2.1)
S

where In(pjt ) is the natural log of the price of food goodi in year t in market j. The
variable Camp?® is a binary variable equal to one if a refugee camp is within some distance
interval s for campj at any point in time during the study period, and zero otherwise. The
variable After is equal to one if the observation is from the period after the camp had been
established, and is zero otherwise. The set is composed of three distance intervals from
zero initially out to 50 kilometers. In our main speci cation, the 'near' distance interval is
from 0-5km, the 'middle’ distance interval is from 5-10km, and the ‘far’ distance interval is
10-50km. These distance bounds de ne the opening of a refugee camp at a distance from a
market that falls within this range. We also show results from a ner distance aggregation.
The vector contains year xed e ects, the vector contains market xed e ects, and
the vector contains food good xed e ects. Year xed e ects, , are interacted with
country xed e ects, |, to account for any possible country dependent time e ects. These
temporal-regionally interacted xed e ects are now commonly used in many xed e ects
studies, including some which study food prices, such as in Handbury and Moshary (2021),
who use year-by-county xed e ects examine the food price e ect from the expansion of
the National School Lunch Progran®. Standard errors are clustered at the market level.

3As noted by these authors, another motivation for including country-by-year F.E.s are concerns raised
in Sun and Abraham (2021) and Goodman-Bacon (2021), when using two-way xed e ects (TWFE) with
variation in treatment timing and treatment e ect heterogeneity. Including these region-by-time F.E.s
narrows the control group in our analysis to other markets within the same country. Callaway and Sant'Anna
(2023) also show that concerns in using TWFEs to estimate average treatment on the treated (ATT) e ects
are greatest when all groups in the dataset are treated at some point. In our estimation, “never treated'
markets exist in all countries and are in fact the majority of markets in countries where a “treated' market
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The parameters of interest are each for the each distance interval contained in the sets.

With the inclusion of the country-to-year, food good and market xed e ects, the
estimates of the s provide di erence-in-di erence estimates of the e ect of the camps
on food prices for each distance interval up to 50 kilometers away from the camp. The
comparison group in this design are markets between 50 kilometers and 100 kilometers
from camps. We choose 100 kilometers initially, and provide results from other choices in
robustness checks.

To examine whether e ects vary depending on whether a market is located in a rural or
an urban location, we run a regression which includes a rurality interaction term to each of
the “distance from refugee camp' variables. In this speci cation, the coe cient on the s,
provide di erence-in-di erence estimates of the e ect of the camps on food prices for each
distance intervals for the urban locations. The coe cients from the interacted rurality
terms provide an estimate of a di erential impact if the market is classi ed as rural.

X X
In(piit )= o+ sCamp’  After ¢ + sCamp}  After ¢ rurality j+

S S (22)
S N TR B 1

2.5 Results

Estimates from our main regression de ne in Equation 2.1 are shown in Tables 2.3 and
2.4 for each food group. These point estimates and a 95% con dence interval for these
coe cients at the speci ed distance bounds for the main food groups are also plotted in
Figure 2.5.

From these results, we observe negative, statistical signi cant e ects for "Maize', "Mil-
let/Sorghum/Wheat' and “Cooking Oil/Sugar' very near to refugee camps, at the “near'
0-5 km distance bound. For “Millet/Sorghum/Wheat', we do not observe price changes
elsewhere, while for ‘'maize' and “Cooking Oil/Sugar', a postive e ect is observed at the

exists, mitigating the potential bias that may occur if hetergenous treatment e ects over time are in fact
present. While recognizing the possibility of biased estimates, due to the limitations of available statistical
packages in handling unbalanced panel data, multiple treatments (de ned over the various distance bounds),
and the presense of region-by-time xed e ects, we leave correcting for these concerns up for later work on
this research.
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“far' 10-50 km distance bound. The decrease in prices for the "Maize' food group is al-
most 10%, the decrease in "Cooking Oil/Sugar' prices is almost 7%, while the decrease in
"Millet/Sorghum/Wheat' prices is a little more than 3%. For "Cooking Oil/Sugar’, we also
observe increases of a little more than 7% at the “far' ditance bound, while for “Maize',
prices at the “far' distance bound increse only a little more than 2%, signifcant at the 10%
signi cance level. We also observe a statistically signi cant positive e ect of almost 5% for
‘rice' at the 0-5 km distance bound, while prices decrease by almost 2% at the “far' dis-
tance bound. Finally, we observe around a 14% increase in prices at the "middle’, 5-10km
distance bound, for the "Livestock/Meat/Milk/Eggs' food group. For the food groups,
"Beans/Pulses/Lentils/Peanuts’, "Cassava/Yams/Potatoes' and "Fruits/Vegetables', we do
not observe any statistically signi cant change at the 5% con dence interval for any of the
distance bounds.

The results for Equation 2.2 which include a rurality interaction term at each distance
bound are shown in Tables 2.5 and 2.6. When examining results from the regression with
the rurality variables, the non-interacted term, plotted for each food group and each dis-
tance band in 2.6, represents the e ect on the urban locations. The interaction terms,
plotted in 2.7, represent whether this e ect is di erent in the rural markets. We observe a
statistically signi cantly negative e ect in urban markets for ‘Bean/Pulses/Lentils/Pulses'
at a location of 0-5km. With an approximately equal in magnitude positive interaction term
for this food group in this localized distance bound, we nd that no e ect exists in rural mar-
kets. For the "Cooking oil/Sugar' we nd that negative e ects at the 0-5km distance bound
and positive e ects at the 10-50km distance bound are driven solely by rural locations. We
also nd a positive interaction term for rural markets for "Cassava/Yam/Potatoes' for both
the 5-10km distance bound, implying rural locations observe price increases in the 'middle’
distance speci cation. For "Fruits/Vegetables', positive impacts at the 10-50km distance
bound for urban locations are reversed for rural locations, while positive e ects are observed
for rural locations near the camps. For "Livestock/Meat/Milk/Eggs', positive e ects are
much larger in the 'middle’ distance markets for urban than rural locations.
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2.6 Sensitivity and Robustness

2.6.1 Parallel Trends

For the estimates of s to provide causal estimates of the average e ect of the refugee camp
of food prices, we must examine whether food prices trend the same in markets over time for
the treated markets and untreated markets prior to the opening of the the refugee camps.
Following the method of examining parallel trends with variation in treatment timing
provided in Benshaul-Tolonen (2019), this is tested by separately plotting the residuals
for the treated and untreated groups from our baseline model, while excluding the main
treatment variable.* This provides insight into whether treated and comparison markets
show diverging trends in years prior to the arrival of the refugee camp. To make this
estimation computationally feasible due to the small samples sizes involved, we group
observations into 5 year buckets. These comparisons of trends for four food groups where
we see a statistically signi cant e ects in the 0-5km distance bound are shown in 2.8.
These comparisons show the assumption of parallel trends to be generally well supported,
although some of these plots show the possibility of a divergence occurring in the "0-5
years prior to refugee camp opening' time period. This is possibly a result of inaccuracies
in measuring the exact timing of refugee camp openings as identi ed by the authors.

2.6.2 Additional Speci cations

In additional to the distance bounds shown in our main speci cation which have a 'far' dis-
tance band de ned as 10-50km, estimations from speci cations where this distance bound
is broken into ner 10km increments is also estimated. This may reveal if any heterogenous
impacts are observed. The results from these estimates are shown in Table B.1 and B.2
and plotted in Figure B.1. There do not appear to be any local trends between 10-50km
for any of the food groups, supporting our use of the more aggregated three distance band
speci cation.

B.1 also shows coe cients for estimates with province xed e ects. In most instances,

4 Although we have many treatment variables due to the many distance bounds, we only include the
0-5km bound for the food groups maize/sorghum/wheat, millet, rice and cooking oil/sugar, instances where
we have observed plausible statistically signi cant changes in prices. Thereby, the control variable is the
remaining 5-100km distance bound.
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comparing the estimation with the market xed e ects with the province xed e ects shows
similar coe cients. Some di erences that are observed are with 'Cassava/Yam/Potatoes',
where we observe signi cance at the 0-5km bound for the province xed e ects but not the
market xed e ects, and with 'Rice’, where we observe the opposite for the same distance
bound.

2.7 Discussion

According to the USAID's “International Food Assistance Reports' (USAID, 2021), "Wheat
and Wheat Products' and "Grains and Forti ed Blended Food Products' are by wide mar-
gins, the largest food category types provided by the Bureau of Humanitarian Assistance
(BHA) to areas of crisis. The USAID remains by far the world's largest provider of emer-
gence food assistance to refugees. These two food group categories include a variety of
commodities, including items such as “Sorghum, Bulk', "Cornmeal, Bagged', "Wheat, Hard
Red Winter, Bulk' and "Wheat, Soft White, Bulk’. Other common categories provided
in smaller quantities include, "Pulses’, "Rice', and "Vegetable Oil'. From the size of the
physical product of these categories, when comparing to the food groups in our analy-
sis, we would expect negative responses in the food groups, "Millet, Sorghum, Wheat',
"Maize', "Rice', "Beans/Pulses/Lentils/Peanuts' and “Cooking oil/Sugar'. From our main
regression, we nd evidence of price reductions for "Millet, Sorghum, Wheat', "Maize' and
“Cooking oil/Sugar' for our main regression results in the nearest distance bound of 0-5km,
and additionally for ‘Beans/Pulses/Lentils/Peanuts’ in urban markets. This suggests that
local households are trading some quantity of these supplied foods in the local market to
a degree that it reduces the observed local price. The resale of food items provided to
recipients in refugee camps in the local market is a well documented occurrence by in-
ternational aid organizations. The WFP's 2012 refugee assistance evaluation report from
Rwanda (WFP, 2012), notes that in interviews with neighboring local communities, one of
the main bene ts stated was the positive impacts on local markets, which were \held more
frequently and were more active, with a greater supply of cheap foods, especially maize
and oil, from resales."

We do not observe the largest price decreases in the commodities that are provided
in the largest amounts by the USAID (speci cally wheat and sorghum products). With
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maize, we see the largest price reduction of almost 10%, compared to price reductions of
only around 3% for "Millet, Sorghum, Wheat', in the markets close to the camps. Because
we do not have data around what commaodities are being provided in which refugee camps,
or the volume of food's being sold in each market, we are unable to say with certainty why
this di erence in the magnitude of price changes occurs. As noted previously in the report
by the WFP, maize and cooking oil are the products that tend to show up most often
for resale in Rwanda, but it is unclear why other products, such as wheat and sorghum,
which are provided in even large quantities according the USAID data, do not also show
up for resale. It is possible that in the markets that show up in our analysis, maize is
traded through resale in larger quantities than wheat or sorghum. This may be due to
more robust trade networks existing for maize than for the other products, suggesting that
aid recipients have greater di culty trading commodities that are less commonly traded
in the local market. Further analysis is needed to better understand how resale of foods
provided through assistance programs deferentially e ects the prices of di erent foods.

For "Rice’, we observe a small positive price e ect of 5% , again in the local vicinity
(0-5km) of refugee camps. Although rice is one of the products listed as being provided
by the USAID, the quantity provided by USAID across the years is signi cantly lower
than what is supplied for wheat, corn and sorghum products. Rice is a product that is
mostly imported into African countries, and often consumed as a luxury food item (Nigatu
et al., 2017). This perhaps di erentiates it from the other cereal crops. As local demand
increases due to the in ux of refugees, the relatively smaller in ux provided through food
aid programs, for a food that is consumed as more of a luxury item and whose supply
is otherwise constrained due to its need to be imported, may explain why we observe a
positive price change for this food near camps. It is unclear why a small price decrease,
driven by markets located in rural regions, is observed in the markets classi ed as “far'
from a refugee camp opening.

Another food group for which we observe price e ects is for “Cooking Oil/Sugar'. These
items are grouped together because they are both considered more luxury food items in the
context of food aid in refugee camps. Most observations in our data ( 75%) are for cooking
oil, a product that is consistently supplied by the USAID and other aid organizations,
although not in the same physical quantity as the cereal foods. Unlike rice, we observe
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fairly large localized negative e ects, likely due to the resale of the the product provided by
aid organizations. However, we observe similar magnitude positive e ects further from the
camp, suggesting that even with these goods supplied as food aid, there is a positive residual
demand, that increases overall prices in markets neighboring the refugee camps. These
products, especially cooking oil, may be a fairly easy to trade due due their packaging and
storability, and may help recipients weather liquidity constraints, leading to price decreases
in the vicinity of camps. These e ects might be driven by liquidity constrained households,
who might have little market power when individually dealing with traders for reselling
their food aid supplied. Increased overall demand from households in the refugee camps
may still induce an upward pressure on prices further away from camps, locations where the
resale of aid supplied items is limited, or unable to make a dent on prices. Understanding
these complex geographic price dynamics is an important topic for future research.

The nal food group for which we see price e ects are the animal meat and product
category, labeled as "Livestock/Meat/Milk/Eggs'. Though e ects are not seen at the closest
distance band, we observe positive e ects in the 5-10km vicinity of the refugee camps.
Animal products such as meat, milk and eggs are not something generally supplied by
aid organizations, suggesting that increased demand from the residents of refugee camps
leads to the price increase. Along with the increased prices observed for the "Rice' and
"Cooking Oil/sugar' groups, our ndings support the proposition that households from
refugee camps demand more than just subsistence food products from markets in their
neighboring communities.

It is di cult to glean many meaningful patterns when comparing rural and urban price
changes for the food groups shown. Due to the smaller divisions of the data, the e ects
shown in the regression coe cients may not represent true di erences between how prices
change in urban and rural locations. One possible explanation for our results is that
di erences in price changes are correlated with the overall local supply of these products.
Highlighting two instances where rural markets show signi cant di erences compared to
urban markets, we note that for “Cooking Oil/Sugar', products that are either imported,
or need to be supplied through more complex supply chains involving sugarcane mills for
sugar or re ning plants for edible cooking oils, urban locations may be at an advantage
when it comes to responding local changes in demand or supply, leading to a more muted
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responses in urban markets and a more dynamic response in rural markets. For this food
group, we note that this may be the case both for the negative e ects observed close to the
refugee camps, and the positive e ects observed further away, both of which seem to be
driven by rural locations. Refugee camps near urban locations might also have a greater
ability to absorb excess supply in camps near refugee camps and adjust to increased demand
elsewhere.

In their original examination of nutritional outcomes near refugee camps using the
African Refugee Dataset, Anti and Salemi (2021) conclude that possible explanations for
the observed rise in child malnutrition among hosts are due to either the changing composi-
tion of the host population or to price shocks resulting from the camp opening. Our study
suggest that price changes in either direction for the various food groups explored are un-
likely to be driving the observed changes in nutritional outcomes. We observe negative price
changes for two of the cereal groups, speci cally "Maize' and "Millet/Sorghum/Wheat'. Ad-
ditionally, we nd some evidence of price reductions for the "Beans/Pulses/Lentils/Peanuts’
food groups in rural locations. Although it is possible that price reductions adversely e ect
households that are net producers of food due to deterioting terms of trade, the relatively
small localized e ects (within the 0-5km distance bound), suggest that this is unlikely to
be driving their results. Local farming household who were negatively e ected by these
price reductions would have to be extremely constrained geographically in their ability to
sell their surplus produce for these commodities, as we do not observe a more regional
price shock beyond the local 0-5km distance bound. However, the increasing prices for
both the "Cooking Oil/Sugar' and "Livestock/Meat/Milk/Eggs' food groups, at distances
beyond the 0-5km distance bound does lend some support to the claim that price shocks
are e ecting nutritional outcomes in host populations who are net consumers for these
foods.

2.8 Conclusion

As the international community responds to ongoing con icts that displace residents from

one country to another, refugee camps will continue to be focal points in addressing the
needs of these displaced populations. The rapid creation of a concentrated population
in a location where previously there was none can create both opportunity and adversity
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in members of the host community. Better understanding these e ects can help guide
both local governments and international aid organizations in designing optimal policies
and ne-tuning aid delivery in a way that does not adversely e ect the host community,
and preferably creating positive outcomes for them. This study is the rst attempt to
quantify the impact on food prices that refugee camps can create on markets in nearby
host communities on a continent-wide scale.

By combining a dataset on food prices from markets across the world, with a novel
dataset on all the known locations of refugee camps in Sub-Saharan Africa, we nd that
most price changes are very localized, at a distance between 0-5 or 5-10 kilometers from
the refugee camp. Prices for the food groups "Maize', "Millet/Sorghum/Wheat' and "Cook-
ing Oil/Sugar' decrease within this distance bound, while prices for 'Rice' and Live-
stock/Meat/Milk/Eggs' increase (at the 5-10 kilometer bound for the former). Non-
localized positive price e ects up to 40km from the refugee camp sites are observed only for
"Cooking Oil/Sugar'. We suspect that most of the negative e ects, which are concentrated
close to the refugee camps, are driven by local resale of food aid deliveries. Positive e ects,
which tend to be further away from the camp sites are possible driven by the increase local
demand generated by the refugee camp population. Local resale points to the presence
of liquidity constrained households, though it is possible that a professional black market
drives the resales of these food items. Adjusting the in-kind vs cash transfers to aid recip-
ients might be a possible method to reduce resales that is both welfare improving and cost
reducing (in terms of total aid costs).

Understanding the dynamics of the resale market around refugee camps is an important
topic of future research. Additionally, this study leaves many questions unanswered that
warrant additional study. Though we examine the di erences between rural and urban
markets, more research is needed to con dently determine if markets respond di erentially
and why. Surveying local food traders in and around refugee camps might help researchers
better understand local market structures and how they respond in varying environments
to a shock like a refugee camp opening. Combining data on household consumption pat-
terns with changing prices of food items near refugee camps can further help researchers
understand the overall welfare impacts on host communities. To date, there is little re-
search on understanding where research camps locate following con ict events. A better
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understanding of these determinants can help us better grapple with possible endogeneity
concerns in our work. These topics are left as possible avenues for future research. Finally,
better data on the refugee camps themselves, such as the size of these camps, can allow
researchers to more accurately measure their impact on local communities.
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2.9 Tables

Table 2.1: Proportion of Obervations within distance bounds for each food group

Beans/Pulses/ Millet/Sorghum/
Food Group Lentils/Peanuts Maize Wheat Rice
Refugee Camps 0-5 km 0.023 0.022 0.038 0.013
Refugee Camps 5-10 km 0.034 0.026 0.029 0.021
Refugee Camps 10-20 km 0.058 0.045 0.042 0.041
Refugee Camps 20-30 km 0.08 0.067 0.065 0.054
Refugee Camps 30-40 km 0.14 0.099 0.096 0.083
Refugee Camps 40-50 km 0.16 0.12 0.12 0.099
Total Observations 44,838 50,435 53,804 52,931

Cassava/Yam/  Cooking Oil/ Fruit/ Livestock/Meat/
Food Group Potatoes Sugar Vegetables Milk/Eggs
Refugee Camps 0-5 km 0.023 0.01 0.028 0.022
Refugee Camps 5-10 km 0.05 0.014 0.065 0.057
Refugee Camps 10-20 km 0.077 0.032 0.096 0.064
Refugee Camps 20-30 km 0.12 0.0062 0.17 0.093
Refugee Camps 30-40 km 0.18 0.013 0.28 0.18
Refugee Camps 40-50 km 0.22 0.021 0.33 0.2

Total Observations 45,279 19,590 62,409 36,847




Table 2.2: Country Representation of observations by distance bound
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All Observations 0 to 5 km 5 to 10 km 10 to 50 km 50 to 100 km
Country Frequency Percent 0 1 0 1 0 1 0 1
Benin 2,210 0.59 2,210 0 2,210 0 2,030 180 1,850 360
Burkina Faso 13,019 3.46 11,567 1,452 13,019 0 11,995 1,024 8,568 4,451
Burundi 49,777 13.24 49,694 83 49,777 0 39,332 10,445 31,525 18,252
Cameroon 495 0.13 495 0 495 0 351 144 495 0
Cen. Afr. Rep 6,990 1.86 6,970 20 6,801 189 5,028 1,962 5,077 1,913
Chad 4,898 1.30 4,808 90 4,677 221 4,506 392 2,967 1,931
Congo 2,123 0.56 2,035 88 2,123 0 2,035 88 2,123 0
Cote d'Ivoire 2,934 0.78 2,934 0 2,934 0 2,934 0 1,024 1,910
D. R. of the Congo 15,891 4.23 15,891 0 14,083 1,808 14,918 973 7,768 8,123
Ethiopia 2,182 0.58 2,182 0 2,150 32 1,426 756 646 1,536
Guinea 8,596 2.29 8,596 0 8,596 0 8,596 0 8,109 487
GuineaOBissau 1,520 0.40 1,520 0 1,520 0 1,092 428 1,520 0
Kenya 247 0.07 247 0 247 0 176 71 129 118
Liberia 6,874 1.83 6,874 0 6,620 254 5,862 1,012 5,794 1,080
Malawi 11,456 3.05 11,456 0 11,289 167 8,051 3,405 5571 5,885
Mali 5,162 1.37 5,162 0 5,162 0 5,060 102 5,139 23
Mozambique 6,106 1.62 6,106 0 6,106 0 4,418 1,688 3,587 2,519
Namibia 544 0.14 544 0 544 0 544 0 208 336
Niger 12,210 3.25 12,210 0 11,985 225 11,134 1,076 10,345 1,865
Nigeria 2,323 0.62 2,323 0 2,323 0 2,323 0 1,709 614
Rwanda 126,655 33.70 121,401 5,254 115,381 11,274 29,266 97,389 14,414 112,241
Senegal 15,657 4.17 15,657 0 15,533 124 15,564 93 14,876 781
Somalia 1,103 0.29 1,103 0 1,103 0 602 501 207 896
South Sudan 1,088 0.29 1,080 8 1,088 0 927 161 689 399
Sudan 3,009 0.80 2,921 88 3,009 0 2,459 550 2,016 993
Togo 3,662 0.97 3,662 0 3,662 0 3,041 621 2,186 1,476
Uganda 3,152 0.84 3,152 0 3,152 0 2,710 442 2,022 1,130
Tanzania 4,199 1.12 4,199 0 4,199 0 4,199 0 3,671 528
Zambia 7,838 2.09 7,838 0 7,838 0 7,685 153 6,487 1,351
Total 321,920
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Table 2.3: Fixed-e ects estimation for food groups: ‘Beans/Pulses/Lentils/Peanuts’,
"Maize', "Millet/Sorghum/Wheat' and "Rice’

Dependent variable:

Log Price
Beans/Pulses/ Millet/Sorghum/
Lentils/Peanuts Maize Wheat Rice
(1) (2) 3) (4)
0 to 5km 0.032 0.096 0.032 0.048
(0.055) (0.044) (0.013) (0.015)
5 to 10km 0.012 0.011 0.005 0.007
(0.049) (0.025) (0.023) (0.019)
10 to 50km 0.003 0.024 0.012 0.017
(0.016) (0.013) (0.015) (0.009)
Observations 44,838 50,438 53,804 52,931
R? 0.664 0.803 0.906 0.976
Adjusted R? 0.637 0.780 0.897 0.974
Residual Std. Error 0.308 0.252 0.203 0.147

p<0.1; p<0.05; p<0.01
Note: All regressions include market, food-item and county-year xed e ects, are clustered at
the market level, and include a constant.
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Table 2.4: Fixed-e ects estimation for food groups: "Cassava/Yam/ Potatoes', "Cooking
Oil/Sugar', “Fruit/ Vegetables' and "Livestock/Meat/ Milk/Eggs'

Dependent variable:

Log Price
Cassava/Yam/  Cooking Oil/ Fruit/ Livestock/Meat/
Potatoes Sugar Vegetables Milk/Eggs
1) (2) 3) 4)

0 to 5km 0.051 0.066 0.072 0.064

(0.049) (0.029) (0.064) (0.048)
5 to 10km 0.036 0.083 0.007 0.144

(0.047) (0.065) (0.098) (0.050)
10 to 50km 0.010 0.071 0.015 0.063

(0.024) (0.027) (0.022) (0.038)
Market F.E.s Yes Yes Yes Yes
Country/Date F.E.s Yes Yes Yes Yes
Food Item Yes Yes Yes Yes
Observations 45,279 19,590 62,409 36,847
R? 0.827 0.877 0.281 0.665
Adjusted R? 0.816 0.860 0.269 0.650
Residual Std. Error 0.334 0.245 0.700 0.859
Note: p<0.1; p<0.05; p<0.01

All regressions include market, food-item and county-year xed e ects, are clustered at the market
level, and include a constant.
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Table 2.5: Rural e ects for food groups: 'Beans/Pulses/ Lentils/Peanuts’, 'Maize', 'Mil-

let/Sorghum/ Wheat', 'Rice’

Dependent variable:

Log Price
Beans/Pulses/ Millet/Sorghum/
Lentils/Peanuts Maize Wheat Rice
(1) (2) 3) (4)
0 to 5km 0.134 0.150 0.019 0.039
(0.054) (0.071) (0.033) (0.019)
5 to 10km 0.004 0.037 0.005 0.025
(0.051) (0.030) (0.019) (0.015)
10 to 50km 0.001 0.019 0.037 0.002
(0.025) (0.016) (0.039) (0.012)
0 to 5km*rural 0.195 0.104 0.015 0.021
(0.068) (0.079) (0.036) (0.030)
5 to 10km*rural 0.029 0.043 0.003 0.015
(0.077) (0.040) (0.038) (0.026)
10 to 50km*rural 0.003 0.009 0.032 0.035
(0.027) (0.024) (0.041) (0.015)
Observations 44,838 50,438 53,804 52,931
R2 0.664 0.803 0.906 0.976
Adjusted R? 0.637 0.780 0.897 0.974
Residual Std. Error 0.308 0.252 0.203 0.147

Note:

p<0.1; p<0.05; p<0.01

All regressions include market, food-item and county-year xed e ects, are clustered at the

market level, and include a constant.
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Table 2.6: Rural e ects for food groups: 'Cassava/Yam/Potatoes', 'Fruit/\Vegetables',
'Livestock/Meat/Milk/Eggs', 'Cooking Oil/Sugar’

Dependent variable:

Log Price
Cassava/Yam/  Cooking Oil/ Fruit/ Livestock/Meat/
Potatoes Sugar Vegetables Milk/Eggs
1) (2) 3) 4)
0 to 5km 0.005 0.004 0.043 0.004
(0.029) (0.036) (0.097) (0.049)
5 to 10km 0.070 0.072 0.030 0.279
(0.046) (0.071) (0.219) (0.084)
10 to 50km 0.012 0.005 0.050 0.062
(0.027) (0.024) (0.026) (0.057)
0 to 5km*rural 0.095 0.289 0.216 0.110
(0.082) (0.060) (0.101) (0.086)
5 to 10km*rural 0.158 0.020 0.137
(0.064) (0.000) (0.246) (0.082)
10 to 50km*rural 0.052 0.113 0.100 0.002
(0.035) (0.039) (0.043) (0.057)
Observations 45,279 19,590 62,409 36,847
R2 0.827 0.877 0.282 0.665
Adjusted R? 0.816 0.860 0.269 0.650
Residual Std. Error 0.333 0.245 0.700 0.859
Note: p<0.1; p<0.05; p<0.01

All regressions include market, food-item and county-year xed e ects, are clustered at the
market level, and include a constant.



2.10 Figures

Figure 2.1: Refugee camp openings since 1990
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Figure 2.2: Location of refugee camps (blue circles = 50km, red circles = 100km) in relation
to the location of markets (black dots)



Figure 2.3: Yearly market count by country
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Figure 2.4: Market count by Food item
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Figure 2.5: Coe cient plot for main xed e ects estimation
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Figure 2.6: Coe cient plot for estimation w/ rural interaction - Non-interaction term
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Figure 2.7: Coe cient plot from estimation w/ rural interaction - Interaction term
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Figure 2.8: Event Study Graph Plotting the Residuals from the Main Estimation Excluding
the Treatment Variables: Refugee camp opening (0-5km) from food market

Note: Treatment group includes observations in markets in the 0-5km distance bound.
Control group includes observations from the remaining 5-100km distance bounds.



Chapter 3

Price Adjustments in Japanese
Housing Market After the Great
Tohoku Earthquake

3.1 Introduction

The 2011 Great Tohoku earthquake and tsunami (also known as the Great East Japan
earthquake and tsunami), was a tragic and monumental event in Japanese history. The
earthquake and resulting tsunami led to a tremendous loss of life and property, with over
18,000 deaths and an estimateds240 billion in damages, making it the costliest natural
disaster in monetary terms in recorded history. The National Police Agency of Japan listed
121,778 buildings as \totally collapsed”, with a further 280,926 buildings as \half collapsed"
and another 699,180 buildings as \partially damaged". Most of this damage was concen-
trated in the prefectures of Iwate, Fukushima and Miyagi. Besides the damage caused by
the earthquake and tsunami, damage caused to the Fukushima Daiichi Nuclear Power plant
required the mass evacuation of over 150,000 residents from surrounding communities due
to rising levels of radiation caused by radioactive contamination from damaged reactors.
Due to the monumental nature of the event, which was covered extensively both nation-
ally and internationally by the news media, signi cant research has already been done to
understand its economic (Kajitani et al., 2013), social and cultural (Veszteg et al., 2015)
impact on Japan.

78



79

The information contained in the movements of property and rental values has been
used by researchers to empirically understand economic and social phenomena. Property
price data has been used to study the presence and nature of market bubbles (Case and
Shiller, 1988; Chen, 2001; Kivedal, 2013), to test for racial discrimination in housing and
rental markets (King and Mieszkowski, 1973) and to examine the presence and nature of
in ation hedging (Goodwin, 1986). Such research can reveal both where the real estate
market conforms to standard notions of economic theory and where decision makers re-
spond to rational psychological and behavioral forces that may not be fully explained by
models of rational economic behavior. A focus of this study is to use property prices to
understand how risk perceptions have changed following the Great Tohoku Earthquake
in Japan. This paper provides evidence for how objective valuations of risk may change
over time, contrasting from common notions of expected utility theory that may assume
constant, unchanging, and known probabilities for the occurrence of risky events.

This paper studies how individuals incorporate the risk of damage from natural disaster
into housing prices. Speci cally, this paper examines how housing prices responded to the
massive Tohoku Earthquake and the resulting tsunami o the northeast coast of Japan.
To investigate the relationship between earthquake risk and housing prices, this study uses
scienti cally produced and publicly disseminated information on earthquake hazard risks
across Japan. The analysis uses this variable to identify how public beliefs on the risks from
earthquake damage are re ected in changes in property prices. The primary question being
asked is whether risk premiums in housing prices readjust following the major earthquake
event. Such a risk premium would re ect a price di erential between a home in a safe
area, and an identical home in an unsafe area, where safety is re ective of earthquake
risks. If the varying risk of property damage is incorporated into property prices and if
those making investments into such assets are made more cautious from the potential for
future earthquake damages, then a change in the price di erential following the earthquake
would be expected. Such a reevaluation, re ected in the property price data, would reveal
that subjective valuations of risk, are not constant and unchanging over time, but rather
respond to major events that force individuals to adjust their beliefs on the likelihood of
risky events.

My analysis also allows for an analysis of whether there are further changes observed
over the long term. Speci cally, | ask whether changes observed soon after an earthquake
revert to what was observed before the earthquake. Such an occurrence would reveal that
individual evaluations of risks su er from forgetfulness and would mean that evaluations
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of risk are dependent on the passage of time, with individuals making di erent decisions
based on whether a major event that has in uenced risk perceptions has occurred in recent
memory or whether it occurred in the distant past. Though this study will be able to
identify whether such changes occur over time, it will be unable to ascertain which risk
evaluations are \correct”. It may be the case that individuals overemphasize the threat
following a major event such as a devastating earthquake, or they may deemphasize the
threat if a major calamitous event has not happened for some time, or alternatively if such
an event has not happened in ones near vicinity. Such perceptions may or may not be
accurate representations of the underlying uncertainty of the occurrence of a risky event,
and the loss that such an event may cause. Such perceptions may be based on upbringing,
the community where one lives and on memories of such events one holds from the past.
Studies from the psychology literature show that memories of impactful events from one's
past su er from remembrance decay (Barrouillet and Camos, ; Burgess and Hitch, 2006;
Cowan, 2008). This paper attempts to shed evidence on whether such decay is evident in
property markets following the occurrence of a large-scale natural disaster.

Individual risk attitudes are established based not only on an individual's available in-
formation but on how one interprets that information. As suggested, risk attitudes might
therefore be strongly in uenced by individuals' unique experiences. This study examines
how individuals translate scienti cally assessed objective measures of a region's potential
for future hazard from an earthquake event into subjective valuations that can in uence
intrinsic preferences and, through these preferences, the price paid for housing. Other
considerations related to the large earthquake event might also in uence the transacted
prices across the earthquake-prone country. Recent research suggests that risk preferences
changed measurably after experiencing the earthquake for those individuals (speci cally
men) who felt the greatest intensity of the earthquake event due the Great Tohoku Earth-
quake (Hanaoka et al., 2018). By measuring changes in property prices, | examine whether
earthquake intensity had a similar impact in individuals risk perceptions as re ected in
home buying decision making. Examining a restricted sample in the analysis helps to al-
leviate concerns that changes due to the potential di erential damage across homes are
driving the estimated changes, rather than to changing risk perceptions.

Disentangling changes in risk preferences from changes in risk perceptions is an ongoing
challenge in the empirical literature (Tonsor et al., 2009, Kassas et al., 2021, Villacis et al.,
2021). Dierential changes in property values across areas with di erent scienti cally as-
sessed earthquake hazard values, or across areas that had di ering levels of felt earthquake
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intensity can be brought about due to a population's changing risk preference, risk per-
ceptions, or both. Although this research is unable to say whether one or the other brings
about observed changes in property prices, as the previously mentioned research suggests,
direct experience is a possible factor that in uences an individual's risk preference. Many
recent empirical studies (see Sectior??) have shown that risk perceptions, involving the
updating of beliefs on the likelihood of uncertain outcomes, can change as new information
is made available, or existing information is paid greater attention to, due to a signi cant
occurrence or event. Therefore, examining changes both across areas where there are dif-
ferent probabilities of a large future earthquake event, and across areas where individuals
had di erential experiences of a past large earthquake event, can shed some insight into
the degree to which risk preferences or risk perceptions are changing in a population.

This paper is organized as follows. Section 3.2 brie y reviews the previous studies of
risk on housing prices. Section 3.3 presents a simple theoretical framework. Section 3.4
summarizes the data used and 3.5 outlines the estimation method. Section 3.6 presents
the results from the estimations and provides an interpretation of these results. Section
3.7 summarizes the paper and concludes.

3.2 Literature Review

Ehrlich and Becker (1972) discuss the acquisition of market insurance as a method of
redistributing resources toward the less well-endowed states. In the absence of market
insurance, individuals may choose to self-insure in order to serve the same purpose. Even
in the presence of market-insurance, full insurance may not be possible. For example,
market insurance may not be able to ensure against psychological stresses induced by a
natural disaster, or for the loss of life. Since the pioneering work of Rosen (1974) which laid
the theoretical foundations for hedonic price theory many studies have applied the hedonic
property price models to estimate the value of environmental amenities and the discount
from hazards such as earthquakes or chemical plants on residential properties (Brookshire
et al., 1985; Bernknopf et al., 1990; Beron et al., 1997). These early studies explored
whether individuals incorporated available information on disaster risk into housing prices
and whether the occurrence of a natural disaster had any e ect on prices. For example,
Brookshire et al. (1985) examine how the disclosure of a risk hazard map a ected the
sale of single-family homes in California. These studies used small datasets on a limited
geographic area of study with little temporal variation to draw conclusions on observed
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price di erentials to estimate hedonic prices.

Since these early studies, researchers have used increasingly richer data and more so-
phisticated econometric techniques to conduct such studies. Bin and Polasky (2004) use
housing data from ood plain and non- ood plain regions in North Carolina to determine
the e ects on the price di erential after a major hurricane. Bin and Landry (2013) extend
this analysis by examining whether this price di erential changes over time, after the oc-
currence of the hurricane. Kousky (2010) uses repeated sales of residential properties in
St. Louis County, Missouri to nd that after a major ood, lower risk properties did not
change in value, but properties in higher risk ood plains reduced slightly, while those lo-
cated on the river fell by a larger amount. Donovan et al. (2007) nd that a rating project,
meant to notify residents in Colorado Springs about wild re risk, led to a reduction in
a positive correlation between home prices and wild re risk. My study nds a similar
reduction in a positive correlation between home prices and earthquake risk following the
Tohoku Earthquake.

The focus of my study are earthquakes in Japan and their e ect on land prices. Because
Japan is a country so commonly a ected by earthquakes, it is not surprising that there
have been many studies on this topic. The study which most closely resembles this research
is by Naoi et al. (2009), which uses a national level household panel data from Japan to
estimate the price discount from locating within a quake-prone area, on both housing
prices and rental values. They nd that after a major earthquake event has occurred
near a household, post-quake discounts nearly double within quake-prone areas. Instead
of using a single national scale event (the Great Tohuka Earthquake), the study examines
the e ect on home prices from multiple earthquake events, using prefecture-level dummy
variables to indicate the recent occurrence of a large earthquake event in a household's
geographic vicinity, where vicinity is de ned by the household's prefecture. This study
uses a relatively small sample size ( 5;000 homeowners and 2; 000 renters) over a fairly
short time period (four yearly waves of the survey, from 2004-2007). Critically, this study
uses homeowners own self-assessed values of their properties as opposed to actual price of
sale of home properties.

Nakagawa et al. (2007) nd that in the Tokyo metropolitan area, land prices are sub-
stantially lower in risky areas than in safe areas and that the impact became more evident
in the 1990's than in the 1980's, indicating an increasing sensitivity to risk. Tanaka and
Managi (2016) explore the localized e ects of the Tohoku Earthquake, speci cally with
regards to Fukushima nuclear power plant disaster. They nd that in the vicinity of the
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power plant, regions with increased levels of measured radiation following the disaster had
lower property prices. Though they do not study Japan, Deng et al. (2015) study the e ects
of the 2008 Wenchuan earthquake in China to examine whether the earthquake created
a price di erential between lower and upper oors, due to the perceived safety of lower
oors. Like this study, the authors examine whether this di erential changed temporally,
and nd that the relatively increased price of lower oors returned to the levels observed
prior to the tremor after a few months. Though not directly concerned with housing prices,
Hanaoka et al. (2018) investigate whether individuals' risk preferences change after the oc-
currence of the Great Tohuka Earthquake using a nationally representative panel survey
on risk preferences. They nd that the earthquake severity felt across Japan seems to lead
to individuals changing their risk preferences, with men speci cally becoming more risk
tolerant.

My study lls a gap in the literature due to several unique aspects. First, the study is
one of the few to examine how property prices respond to a natural disaster at a national
scale due to data on property prices and hazard risks collected at the national level. Sec-
ond, the study attempts to distinguish between how property prices react spatially due to
di erences in objectively constructed measures of risks and due to subjective beliefs that
may arise due to the severity of the earthquake felt in di erent regions across the country.
Third, the study examines intertemporal changes in the risk premium due to earthquake
hazard risk, to explore whether these revert to pre-earthquake values or are rather main-
tained at a new equilibrium. Unlike many previous studies that simply characterize a
binary measure for risk (high risk vs. low risk regions), this study uses a continuum for
the measure of perceived risks.

3.3 Theoretical Considerations

Ehrlich and Becker (1972) discuss the acquisition of market insurance as a method of
redistributing resources towards the less well-endowed states. In this study, this would
would translate to a state of the world where an earthquake has happened and led to the
destruction of property. In lieu of complete market insurance, individuals may choose to
perform a similar redistribution through self-insurance, which can be seen as a substitute for
market-obtained formal insurance. Individuals may choose to self-insure even when there
is some market insurance, as market insurance may be unable to completely insure all
personal injury and nancial harm. For earthquake hazards, self-insurance would require



84

one to locate one's residence in an area of relative safety. If enough consumers possess
information on where the relatively safe areas are located, and consumers value this safety,
one expects higher housing values in these areas, ceteris paribus.

3.3.1 Hedonic pricing with uncertainty

This section describes a simple hedonic pricing model to show household responses to a
probable hazardous event and the e ect of additional information on perceptions toward
risk. Similar models are also presented in Naoi et al. (2009), MacDonald et al. (1987) and
Kask and Maani (1992).

This model shows that a household's valuation of the di erent bundles of housing and
location characteristics leads to di erential housing costs. One such characteristic is a
property's assessed risk from a potentially catastrophic earthquake. Apart from potential
structural di erences in properties, location is a key determinant in assessing such risks,
as location determines how far one is from a seismically active fault line, a key predictor
of earthquake events. The willingness to pay for a rational homebuyer may be higher in
an area where the probability of hazard is low.

Assume that ther are two states, 0 and 1, corresponding to \no earthquake" and \earth-
quake" events, let be the probability of earthquake occurrence. The hedonic price func-
tion can be written as:

p=p(h; )

where p is the observed housing cost, and h is a vector of housing and location specic
characteristics that are not related to earthquake risk.

A household maximizes its expected utility by choosing a bundle of housing character-
istics and level of earthquake risk. Letu(h; x) be the utility function, where x is an amount
of anumeraire consumption good. Let ¥ and y! be the state contingent incomes, where
the loss can be measured as  y° y!, where L is the households current wealth. The
household's expected utility to be maximized can be represented as:

maxEU = U hiyt p(hi ) +(1 U hiy® p(h; )

Di erentiating with respectto  and equating the di erentiated utility function to zero
to nd the maximum allows for the calculation of the implicit price for the probability of
an earthquake occurence.
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This demonstrates that the implicit price for the probability of earthquake occurrence
re ects a utility di erence across the two states. Dividing by the marginal utility of the
numeraire consumption good, gives an implicit price estimate of the marginal willingness

<0

to pay (MWP) for a marginally safer earthquake location.

Without property insurance, the di erence in the potential risk of an earthquake will
be capitalized into di erentiated housing costs across regions. With earthquake insurance,
this implicit price function can be adjusted to account for the insurance premiumr( ).

Ur Ug
Ug+@ U

The premium varies across regions depending on earthquake probability and so is the

p:

marginal increase in an insurance premium. Because regional earthquake risks are partly
re ected in the di erentiated premiums in the insurance market, p will no longer re ect a
household's MWP. For example, suppose two homes that are perfectly identical in all other
characteristics, except that one has a marginally higher likelihood of earthquake hazard,
are approached by identical households who are in the market to purchase these properties.
The rst household buys the property with the lower earthquake risk. Although the second
household would like to optimize like the rst, it is unable to do so because of the limited
supply of homes and agree to purchase the home with a marginally higher earthquake risk.
In a world of perfect insurance, both properties would be identically priced, but the second
household would have to pay for a marginally higher insurance premium. In a perfect
insurance environment, both households would also experience the same utilities in the
two states. Although the second household has a MWP for reducing its hazard risk, as this
reduces their insurance premiums, if the price di erential is used to estimate the MWP,
one would conclude that there is no MWP for a reduction in the earthquake hazard risk.
As noted by Hanaoka et al. (2018), home insurance against earthquakes is nowhere
near fully insured. Few Japanese households are covered by earthquake insurance policies
and are far lower than in New Zealand, another developed economy with high earthquake
risk (Takami, 2016). Such low rates of insurance may be due to multiple reasons, includ-
ing insurance premiums being publicly regulated, and the Japanese government providing
grants to earthquake victims ex-post, creating problems with moral hazard, a phenomenon
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known as charity hazard (Raschky and Weck-Hannemann, 2007).

3.3.2 Objective and subjective hazard risks

The true risk of the occurrence of a potentially hazardous event, such as a large earthquake
that has the potential to cause property and personal damage, can be di erent than the
perceived risk. In such instances, the perceived subjective risk is di erent from the actual
objective risk of an event, where the objective risk is the best-known value of the likelihood
of an earthquake event. This discrepancy can lead to problematic estimates in a hedonic
empirical analysis which uses objectively measured risks, such as the scienti cally analyzed
measure of the likelihood of an earthquake event. This is because the MWP measured
using the objective risks will be unable to calculate a household's true MWP based on
their own subjective perceptions of the underlying risks. To nd the implicit price for the
probability of earthquake occurrence, the previously expressed objective measure of the
probability of an earthquake can be replaced with the households own subjective measure:

ps = sult_:l = s} JO
k+ (1 )Ux
Therefore, using a hedonic estimate of the MWP will lead to what Kask and Maani

(1992) call the “transformation bias' in hedonic estimates of risk, because one needs to map
objective beliefs onto subjective beliefs before making a true determination of a households
MWP. The assumption of an order preserving mapping from objective to subjective beliefs
(i.e. an area that is objectively more dangerous is also subjectively considered more dan-
gerous) preserves the estimation on the sign of the estimated coe cients from the hedonic
regressions. Understanding how the “transformation bias' changes before and after the
earthquake is an important contribution of this research, as it indicates how the subjective
evaluation of mapping objective hazard risks onto housing prices, have changed due the
earthquake event.

3.3.3 Correlations between risk and unobservable variables

One concern with the exposition outlined above is the issue of correlation between di erent
attributes. This is especially concerning if there are variables correlated with the risk
parameter in the analysis, as such correlations could in uence conclusions drawn from the
empirical analysis. Previous studies, such as Donovan et al. (2007), have encountered this
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issue, nding a positive correlation between forest re risk and housing prices, and attribute
this to the fact that positive amenity values that may result from living in a location that
happens to have high risk of forest res outweigh the negative e ects of wild re risk. Figure
3.1 shows a similar pattern of a positive correlation between the mean housing price in the
regional unit of observation used in this analysis and the housing price. If such correlation
is not controlled for when measuring the price di erential across properties with di ering
risks, the estimation will not equate to the option value of risk. For example, choosing to
live in a safer location may entail a location far from jobs, if the existing economic centers
exist near earthquake prone areas. A problem in estimation would arise if one were unable
to observe and control for all such unobservable attributes.

As this analysis examines changes in the risk premium over time, the necessary assump-
tion needed to interpret results from the empirical estimation outlined in Section 3.5 is that
the correlation between unobserved factors e ecting price and the risk variable does not
change in a way that is correlated with the objective measure of hazard risk over time. This
would allow for the interpretation of coe cients measuring the changes in the measured
correlation between hazard risk and property prices to be attributable to the earthquake
event. As the underlying correlation is likely a result of long-term historical factors, such
as the decision to concentrate cities in certain geographic areas in Japan, it is unlikely that
this correlation changes very much over the time-period studied.

3.4 Data

3.4.1 Housing Prices

Data on property transactions comes from Japan's Land Economy and Construction and
Engineering Industry Bureau, within the Ministry of Land, Infrastructure, Transport and
Tourism (MLIT). MLIT informs users of their online data platform that the real estate
transaction-price information is based on the results of a questionnaire survey of persons
involved in real estate transactions. The data are provided to promote transparency and
reliability of the real estate market, while ensuring that individuals' identifying information
has been removed. It is unclear what sampling method is used, and whether there is any
selection in who responds to the survey. Data collection started in 2005 but did not include
most of Japan until the second quarter of 2007. The time of transaction is not identi ed
beyond the quarter of sale. The data provides property transactions for residential land
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(land only), residential land (land and building), agricultural land, and forest land. For
the purpose of this study, the analysis is limited to only residential properties that include
both land and building. Within this classi cation, residential properties can be classi ed
for use as a "house', ‘shop', "o ce', ‘factory', "warehouse' or "other'. The study is limited
to include only transactions involving houses.

This dataset provides a large number of property transactions in Japan. Table 3.2
shows the number of houses transacted in each quarter for each year of the dataset. The
Ministry did not consistently collect data on housing transactions until the second quarter
of 2007. The last quarter in the data is the third quarter of 2016, which is dropped from the
analysis due to the fewer number of observations in this quarter. For each of the quarters
included in the analysis, the data have over 15,000 transactions from across Japan. In total,
the dataset has close to 800,000 transactions. The total transactions in each prefecture are
shown in Table 3.1.

Administratively, Japan is divided at the sub-prefecture level and at the municipal
level, into cities, towns and villages. Additionally, many of the major cities, such as
Tokyo, Osaka and Kyoto are divided into wards. In total, there are 1,917 municipal and
sub-municipal administrative units in Japan, contained within 47 prefectures (including
the Tokyo metropolis, the urban prefectures of Osaka and Kyoto) and the single circuit
of Hokkaid), the breakdown of which can be seen in Table 3.2. The dataset of house
property transactions includes 1,866 of these municipal and sub-municipal administrative
units, illustrating the national scope of the dataset used in this study. The municipal/sub-
municipal units are the level at which the earthquake variables described next are matched
to the property sale transactions.

3.4.2 Earthquake Variables

The other half of the data comes from the Japan Seismic Hazard Information Station,
an entity within Japan's National Research Institute for Earth Science and Disaster Re-
silience. From here, data on seismic hazards and the shaking intensity from the earthquake
is collected. The data provided measures the probabilities of major earthquake events
with multiple metrics. The probability of exceeding the 5-Upper intensity value on the
Japan Meteorological Authority's seismic intensity scale within 30 years is the vital hazard
measure used in the analysis. The JMA intensity scale is di erent from other magnitude
measurements such as the moment magnitude (Mw) and the previous Richter scales, which
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show how much energy an earthquake generates. Like the Mercalli scale, which is based on
observable earthquake damage, the JMA method measures how much the ground surface
shakes at various physical locations in a shaken area. The probability of exceeding at least
the 5-Upper intensity value provides a value between 0-1. Figure C.1 shows what a 5-Upper
intensity means in terms of damage to property and individuals. This measure is mapped
for the municipal and sub-municipal units to which the households in the price transaction
dataset are geographically identi ed, where an average over the geographic area is used.
This metric is used as it aligns closest to maps of seismic hazard that have been publicly
disseminated and it sees the greatest variation amongst the di erent measures. A map of
the geographic distribution of these probabilities is shown in Figure 3.3, averaged across
grids of 100 square meters for all administrative units in the dataset. The institute also
provides data on the intensity of earthquakes felt across Japan. Again, using the JMA
intensity scale, these values are used to measure the magnitude of the earthquake felt in
these administrative units, and again averaged over the entire administrative area. This
map of the earthquake intensity at the prefecture level is shown in Figure 3.4.

3.5 Empirical Methodology

This study uses residential housing sales data before and after the Tohoku Earthquake
to identify whether individuals change how they price risk when purchasing homes. As
outlined in the theory section, a problem may arise in estimating the temporal variation
in risk premia because it is often di cult to isolate the e ect attributable to the risk event
from the e ects of other contemporaneous variables. In Japan, di erences between average
property prices between di erent regions may re ect outcomes of long histories of economic
development, trade, and political change which may in turn re ect regional di erences in
agricultural productivity, topography, and meteorology. A combination of these reasons
has made the east coast far more populated than the west coast and the mountainous
central region. As the major fault line runs along the longitudinal axis and is located o
the eastern seaboard of Japan, regionally, property prices are positively correlated with
the subjective earthquake hazard risk. Empirically, there is little variation in earthquake
hazard risks within a city, town or village (in two di erent neighborhoods for example),
which precludes analysis at a lower spatial stratum. Using the di erence-in-di erences
method, data on property transactions are required before and after the earthquake, in
addition to a value corresponding to the level of earthquake risk faced by the property.



90

Unlike previous studies, which proxy for the risk of a natural disaster using a dummy
variable (for example by identifying whether a property lies inside or outside of a ood-
zone), this study uses a continuous measure of a hazard variable that can in uence risky
decision-making. Values close to 1 indicate a comparatively high likelihood of a major
earthquake event happening in the near future, whereas values close to 0 correspond to
relatively safe locations.

Controlling for spatial dependence using a spatial error model (SEM), the estimation
model can be written as:

X
InP; = kXki + w Hazardi + g Earthquake, + gy (Earthquake; Hazard)+
k

eH 1 (Earthquake; Hazard) t+ | Intensity; + g, (Earthquake; Intensity;)+
EIT gl(Earthquakei Intensity;) t+ Prefecture; + "
| = wi; "+ i with lid N 0; 2

j6i

(3.1)

In this estimation, In P; is the log of price ofi th property sold in the sample data. X
is the kth housing attribute for this property. Earthquake ; is a dummy variable indicating
whether property i was sold before (= 0) or after (= 1) the earthquake event. Hazard;
measures the timeinvariant earthquake hazard value. Intensity is a measure the intensity of
shaking in the location where the property transaction takes place using the JMA intensity
scale from the Great Tohoku Earthquake. Prefecturg is a vector of prefecture xed e ects.
The coe cient on the Earthquake; Hazard, variable is the all-important interaction term
which estimates whether the earthquake event caused a di erential price change based
on earthquake hazards. Similarly, the coe cient on the Earthquake; Intensity; variable
measures if the intensity of the earthquake led to a di erential price change. To examine
whether any observed di erential impact is changing over time, these variables are inter-
acted with a time trend. Assuming linearity, the coe cient on the Earthquake ; Hazard; t
and Earthquake Intensity; t terms therefore measure how these terms evolve after the
earthquake event. The error term is modeled to adjust for any potential spatial autocorre-
lation. Spatial &pteraction is captured through a spatial autoregressive speci cation of the
errorterm 1 ;Wi "j , wherew;; is the ith row and ith column of a spatial weighting
matrix, where a neighboring matrix is de ned (w;; = 1if j is a neighbour ofi, O otherwise).
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Using a more exible form in estimating the persistence of the observed change in how
individuals price risk over time, the interaction terms are calculated separately for each
time-period in the data. This is estimated as follows:

tx 1 T
InP; = nt (Time.Period(t); Hazard;) + ¢ (Time.Period(t); Hazard;)+
t="To t=1
tx 1 T
it ( Time.Period(t); Intensity;)+ ¢ (Time: Period(t); Intensity ;)+
t="To t=1
X

kX +location; + + "

"= Wi "+ i with lid N 0; 2,

(3.2)

In this speci cation, the interaction terms for the quarter in which the earthquake
happened is omitted, which is the rst quarter of 2011, specied ast = 0. The variables
Time:Period(t); represent a dummy variable equal to 1 if a housing transaction has oc-
curred in the given time-period (as expressed by t) and zero otherwise. The rst summation
is for all time quarters before the earthquake, and the second summation is for all time
quarters after the earthquake. This speci cation allows me to estimate the di erence in
the hazard price for risk between each quarter in the dataset and the reference time period,
de ned as the quarter in which the Great Tohoku earthquake occurred. Consistent with
Equation 3.1, the measures for earthquake intensity interacted with the speci c quarters
are included in the estimation. This allows me to explore whether there are changes in the
risk di erential that arise due to the experience and remembrance of the earthquake event,
rather than due to objective measures of the likelihood of a future earthquake event.

This speci cation also includes dummies for time (), de ned at the quarter of trans-
action, and location location;, de ned at the municipal/sub-municipal administrative unit
level.

Creating estimates of the hazard di erential for each quarter allows for the identi ca-
tion of any pre-treatment trends in these estimates, where the treatment is the earthquake
event. If such trends exist, the estimates from Equation 3.1 may be capturing these overall
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trends rather than identifying changes in option prices caused by the earthquake. This
estimation can also illuminate the timing of these changes. Changes occurring soon after
the earthquake will lend support to the hypothesis that the earthquake event contributed
to the changes in option prices. Finally, this speci cation allows for an analysis of whether
the price di erentials estimated by the interaction terms show any trends after the occur-
rence of the earthquake. This tests for whether there is any \forgetfulness" in the housing
market with respect to the hedonic risks, or if changes persist. Estimations from Equa-
tions (3.1) and (3.2) are rst done on the entire sample of housing transactions. As the
earthquake could potentially have had a di erential impact on the structural integrity of
homes, regressions on subsamples are run that include only transactions that occurred in
areas where there were no direct deaths from the earthquake, transactions in areas with
magnitude less than 6, and transactions that do not include the hardest hit prefectures of
lwate, Miyagi, and Fukushima. Estimations are done on these subsamples to ensure that
results are not being driven by price changes caused by perceptions of earthquake damage
on properties in areas a ected by the earthquake.

3.6 Results and Discussion

Table 3.3 shows the results from estimation shown in Equation (3.1). The key interaction
term for the hazard risk variable indicates a signi cantly negative coe cient in all speci -
cations. This shows that housing prices in earthquake prone areas on average increased less
(or decreased more) than housing prices in areas considered safe from earthquakes following
the Great Tohoku Earthquake. As the hedonic regression uses the objectively measured
value of earthquake risk, this estimate suggests that households have re-evaluated the dif-
ferential risk associated with living in an earthquake prone area compared to a relatively
safe area. The coe cient on the earthquake hazard trend term is negative for the esti-
mation using the entirety of the transaction data, while positive for the speci cation that
does not include the most severely e ected prefectures. The other two speci cations show
no signi cance in this term. The positive term in the speci cation without the severely
impacted prefectures suggests that the relative reduction in prices in more earthquake
prone areas reverts back to pre-earthquake price di erential. Using the estimated values,

it would take approximately six years for this impact to revert back to the pre-earthquake
price di erential. If these changes are driven by changes in risk perceptions as opposed to
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risk preferences, this suggests that individuals across the country reevaluate thier subjec-
tive beliefs on the likelihood and potential damage from an earthquake event in risk prone
areas.

For the interaction term with the intensity variable, a positive term is observed only for
the entirety of the transaction dataset. The coe cient on the earthquake intensity trend
term is also positive for the estimation using the entirety of the transaction data. Examin-
ing the speci cation without the severely impacted prefectures, we nd that a statistically
signi cant negative coe cient on the earthquake intensity trend term, suggesting that over
time, homes in areas which experiences a greater earthquake intensity are becoming less
expensive compared to lesser impacted areas. The other two speci cations do not show
any impact in either of these post-quake trend coe cients. If risk preferences are more
likely to change due to an experience such as an earthquake, these estimates do not provide
much evidence that individual change their risk preferences after the earthquake event.

Table 3.4 shows the output from the regression where the coe cient measuring the
change in price di erentials for each quarter is break up. Each coe cient tells the change
relative to the reference quarter, which is the quarter when the earthquake occurred. The
changes in these coe cients can be examined easier by plotting them out. This can be
seen for the earthquake hazard coe cient in Figure 3.3. These plots show the quarter of
the earthquake as \GTE", for the Great Tohoku Earthquake. There is some evidence for
a small negative pre-trend before the earthquake. This may imply that the negative values
seen after the earthquake are part of this trend. However, it is noticeable that for the six
quarters before the earthquake, there is no clear negative trend.

Negative coe cients were observed in the quarters following the earthquake. Under
all four samples where the sample has been restricted, the rst statistically signi cant
negative coe cients are observed in the quarter one year after the earthquake. After
this, a concentration of negative coe cients are observed. This suggests that the housing
markets may have taken some time to adjust to how households price risk following the
earthquake. This could be due to a variety of factors, including the time it takes for
information about the earthquake and its impact to be disseminated and digested, the
time it takes for individuals to reevaluate their beliefs about the likelihood and potential
damage of future earthquakes, and the time it takes for the market to respond to these
changing beliefs and preferences.

In the estimations where the sample was limited, there is also some evidence to suggest
that after the initial negative coe cients, later time periods show a reversion back to
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their pre-earthquake coe cient values. For the speci cation with transactions only from
regions with an intensity of less than 7.5 on the JMA intensity scale, coe cients one year
after, eighteen months after, and two years after show negative values. A couple of negative
coe cients are again observed around 4 years after the earthquake, but all other coe cients
around this time-period are not statistically di erent from zero. Similar result are observed
for the speci cation containing only transactions without a loss of life. In the speci cation
which does not include the core impacted prefectures from the analysis, a more persistent
negative impact is observed, but none of the coe cients in the last year of the analysis are
statistically di erent from zero.

The concentration of statistically signi cant coe cients between the rst and second
year period post-earthquake may suggest that the change in the housing price di erential
due to earthquake hazard risk is only a temporary phenomenon. This reversion is possibly
due to individuals experiencing a “forgetfulness', with risk considerations being of greatest
concern only in the immediate aftermath of a dramatic event such as the Great Tohoku
Earthquake. Such “forgetfulness' in how individuals price risk is observed in the literature
on nancial decision making Bucciol and Zarri (2015), where risky investments are less
likely after a physical attack or the loss of a child, but only the e ect of a child loss is
persistent over time. As noted by Meier (2022), a range of emotions, such as happiness,
anger and fear correlate with changes in risk attitudes. Since the earthquake had the po-
tential to instill signi cant fear among the populace, it could have served as the conduit for
individuals to revise their subjective beliefs, consequently a ecting prices. As psychologists
have noted, the fear emotion can itself experience a “forgetfulness' Jasnow et al. (2012),
and this may be the mechanism through which the coe cients on the hazard coe cients
revert to the pre-earthquake values.

Figure 3.4 also shows the coe cients on the earthquake intensity variables from the
estimation of Equation 3.2 and again some statistically signi cant negative estimates are
observed after the earthquake, especially for speci cations without the full sample. For
these estimations, some evidence of pre-trends is observed, as coe cients from quarters
earlier than two years from the earthquake event are statistically signi cantly positive.
However, from around two years prior to the earthquake, no trend in the values of these
coe cients is observed. Depending on the speci cation, negative coe cients are rst ob-
served one year to 18 months after the earthquake. Although these results could possibly
be interpreted as supporting the view that regions that observed greater shaking experi-
enced a di erential decrease in home prices compared to areas that saw a lesser decrease,
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the potential argument that such regions were already trending in this direction can not be
rejected by the coe cient estimates. As regions that saw the greatest intensity in shaking
from the earthquake were concentrated in the northeast of the country, there is the possi-
bility that the housing market in this aggregated region was already trending in a way that
was dissimilar to the rest of the country prior to the earthquake. Rather than the impact
of the earthquake and any possible changes in the pricing of risk that it caused, it is this
di erential trend that is estimated.

3.7 Conclusion

This study underscores the signi cance of understanding how individuals reassess risk,
either through a reassessment in risk preferences or risk perceptions, in the wake of sig-
ni cant events, a phenomenon observed not only in the aftermath of the Great Tohoku
Earthquake but which may also be evident in responses to other impactful occurrences
such as a global pandemic, large scale conicts and damaging climate change induced
events. These events, marked by their potential to cause widespread disruption and loss,
may prompt individuals to reevaluate how they price price, leading to discernible shifts in
behavior and economic activity. By highlighting the dynamic nature of how individuals re-
spond witness the occurence of an unlikely event, this study draws parallels with responses
to other calamitous events. Just as the earthquake in uenced the observed housing mar-
ket dynamics, prompting changes in property values based on perceived safety, events like
pandemics, wars and natural disasters could incite similar recalibrations of risk. Whether
it is the reconsideration of proximity to disaster-prone areas, the choice of living in a high-
density vs low-density residential area or the choice to move from a conict prone area,
individuals adapt their risk calculus in response to perceived threats in ways that can lead
to changes in the underlying valuations of assets.

These ndings also shed light on the temporal aspect of risk perception adjustments.
While the initial response to a signi cant event may result in pronounced shifts in be-
havior and market dynamics, these changes may attenuate over time, suggesting a degree
of \forgetfulness" or normalization. Such \forgetfulness" has important policy implica-
tions, as it may mean that individuals choose to overinvest in insurance (either formal
or self-insurance) soon after a calamitous event or choose to underinvest if such an event
has happened in the distant past. Recognizing this temporal aspect is vital for designing
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e ective policy interventions that account for evolving risk perceptions and prevent over-
reaction or complacency in risk management strategies. Thereby, this study underscores
the uidity of risk perceptions in the face of signi cantly impactful events, such as the
Great Tohoku Earthquake, and emphasizes the need for ongoing research to understand
the drivers and dynamics of these shifts. By elucidating how individuals respond to and
adapt in the aftermath of crises, we can better inform policies and design interventions
aimed at mitigating risk and enhancing resilience in an ever-changing world.



3.8 Tables

Table 3.1: Transactions by Prefecture (2nd Quarter of 2007 { 1st Quarter of 2016)

Prefecture n Prefecture n Prefecture n
Aichi 41,964 | Kagawa 4,430 | Osaka 66,766
Akita 5,143 | Kagoshima | 7,193 | Saga 3,168
Aomori 6,883 | Kanagawa 67,344 | Saitama 57,078
Chiba 46,537 | Kochi 3,325 | Shiga 9,299
Ehime 6,208 | Kumamoto | 6,976 | Shimane 2,548
Fukui 2,982 | Kyoto 22,971 | Shizuoka 20,462
Fukuoka 24,774 | Mie 10,866 | Tochigi 12,114
Fukushima | 8,820 | Miyagi 14,773 | Tokushima | 2,593
Gifu 10,947 | Miyazaki 5,627 | Tokyo 68,350
Gunma 10,743 | Nagano 10,973 Tottori 2,461
Hiroshima 16,176 | Nagasaki 4,895 | Toyama 4,536
Hokkaido 33,414 | Nara 11,160 | Wakayama | 5,631
Hyogo 38,492 | Niigata 10,543| Yamagata 4,209
Ibaraki 14,646 | Oita 4,748 | Yamaguchi | 6,991
Ishikawa 5,856 | Okayama 8,798 | Yamanashi | 4,635
Iwate 4,648 | Okinawa 2,979 | Total 746,675




Table 3.2: Administrative breakdown of sub-prefectural divisions in Japan

Level Type Romaiji No.
Tokyo Metropolis to 1
Prefectural “cireuit” ® 1
urban prefecture fu 2

Prefecture ken 43

Subprefecture shiclo 158

Subprefectural District gun 374
"designated city" | seirei shitei toshi | 20

"core city" chukaku-shi 42

pecial city" tokurei-shi 40

Municipal City shi 688

Town clo or machi 746

Village mura or son 183

Special ward tokubetsu-ku 23

Submunicipal Ward ku 175

98



Table 3.3: Estimates from Hedonic Regression

99

Dependent Variable: Log(Transaction Price)

Regions w/o Regions w/  w/o Miyagi, Iwate,
All I?f)uses Ioss(2 f life Int. (<3): 75 Fukustzllr)na Pref.
Earthquake -0.064 -0.029 -0.028 -0.017
(0.005) (0.005) (0.005) (0.005)
Hazard 0.198 0.205 0.220 0.213
(0.004) (0.005) (0.005) (0.005)
E.quake*Hzd. -0.051 -0.056 -0.054 -0.077
(0.016) (0.017) (0.017) (0.017)
E.quake*Hzd. Trend -0.001 -0.0002 -0.0003 0.001
(0.0006) (0.0005) (0.0005) (0.0005)
Intensity 0.028 0.034 0.035 0.033
(0.001) (0.001) (0.001) (0.001)
E.quake*Int. 0.006 0.001 0.001 0.002
(0.002) (0.002) (0.002) (0.002)
E.quake*Int. Trend 0.0001 0.00004 0.00004 -0.0001
(0.0001) (0.0001) (0.0001) (0.0001)
Plot Area 0.0001 0.0001 0.0001 0.0002
(0.00000) (0.00000) (0.00000) (0.00000)
Floor Area -0.001 -0.001 -0.001 -0.001
(0.00001) (0.00001) (0.00001) (0.00001)
Station Distance -0.005 -0.005 -0.005 -0.005
(0.00003) (0.00003) (0.00003) (0.00003)
Age -0.048 -0.049 -0.049 -0.049
(0.0001) (0.0001) (0.0001) (0.0001)
Age? 0.001 0.001 0.001 0.001
(0.00000) (0.00000) (0.00000) (0.00000)
Prefecture Controls Yes Yes Yes Yes
Observations 746,664 732,927 723,647 718,423
R? 0.565 0.566 0.567 0.568
Adjusted R? 0.565 0.566 0.567 0.568
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Rsd. Std. Error 0.582 0.582 0.580 0.579

p<0.1; p<0.05; p<0.01

Note: Standard errors clustered at municipal/sub-municipal level.



Table 3.4: Estimates for quarterly e ects
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Dependent variable: Log(Transaction Price)

Regions w/o  Regions w/  w/o Miyagi, Iwate,
All I?i))uses Ioss(2 f life Int. (<3)= 75 Fukusf&rya Pref.
Earthq. * Hzd. Y07Q2 0.031* 0.039* 0.048** 0.040*
(0.016) (0.020) (0.020) (0.021)
Earthq. * Hzd. YO7Q3 0.017 0.025 0.028 0.026
(0.016) (0.020) (0.020) (0.021)
Earthg. * Hzd. YO7Q4 0.022 0.030 0.032 0.033
(0.016) (0.020) (0.020) (0.021)
Earthq. * Hzd. Y08Q1 0.003 0.015 0.013 0.025
(0.017) (0.021) (0.021) (0.021)
Earthq. * Hzd. Y08Q2 0.001 0.008 0.011 0.015
(0.016) (0.020) (0.020) (0.021)
Earthg. * Hzd. Y08Q3 0.012 0.020 0.021 0.036*
(0.015) (0.019) (0.020) (0.020)
Earthg. * Hzd. Y08Q4 0.024 0.029 0.032 0.052**
(0.015) (0.019) (0.019) (0.020)
Earthg. * Hzd. Y09Q1 0.015 0.023 0.022 0.030
(0.016) (0.020) (0.020) (0.021)
Earthq. * Hzd. Y09Q2 0.016 0.025 0.023 0.044**
(0.015) (0.019) (0.020) (0.020)
Earthq. * Hzd. Y09Q3 -0.018 -0.012 -0.012 0.001
(0.015) (0.019) (0.019) (0.020)
Earthg. * Hzd. Y09Q4 0.009 0.007 0.013 0.030
(0.015) (0.019) (0.019) (0.020)
Earthq. * Hzd. Y10Q1 -0.002 0.006 0.003 0.016
(0.015) (0.019) (0.019) (0.020)
Earthq. * Hzd. Y10Q2 -0.022 -0.012 -0.007 0.005
(0.015) (0.019) (0.019) (0.020)
Earthg. * Hzd. Y10Q3 -0.010 -0.001 0.002 0.002



Earthq.

Earthq.

Earthq.

Earthq.

Earthq.

Earthq.

Earthq.

Earthq.

Earthq.

Earthq.

Earthq.

Earthq.

Earthq.

Earthq.

Earthq.

Earthq.

Earthq.

* Hzd.

* Hzd.

* Hzd.

* Hzd.

* Hzd.

* Hzd.

* Hzd.

* Hzd.

* Hzd.

* Hzd.

* Hzd.

* Hzd.

* Hzd.

* Hzd.

* Hzd.

* Hzd.

* Hzd.

Y10Q4

Y11Q2

Y11Q3

Y11Q4

Y12Q1

Y12Q2

Y12Q3

Y12Q4

Y13Q1

Y13Q2

Y13Q3

Y13Q4

Y14Q1

Y14Q2

Y14Q3

Y14Q4

Y15Q1

(0.015)
-0.015
(0.015)
-0.007
(0.015)
-0.036**
(0.015)
-0.010
(0.015)
-0.052%+
(0.015)
-0.043%+
(0.015)
-0.046++
(0.015)
0.001
(0.014)
-0.081++
(0.015)
-0.038%**
(0.014)
-0.047%
(0.014)
-0.010
(0.014)
-0.042%**
(0.015)
-0.017
(0.015)
-0.059%**
(0.015)
-0.027*
(0.014)
-0.076%**

(0.019)
-0.007
(0.019)
-0.002
(0.020)
-0.025
(0.019)
0.002
(0.019)
-0.038*
(0.019)
-0.031*
(0.019)
-0.036*
(0.019)
0.018
(0.019)
-0.067%**
(0.019)
-0.024
(0.019)
-0.029
(0.019)
0.007
(0.019)
-0.022
(0.019)
-0.002
(0.019)
-0.042%
(0.019)
-0.010
(0.019)
-0.058%**

(0.019)
-0.008
(0.019)
-0.002
(0.020)
-0.028
(0.019)
0.001
(0.019)
-0.040*
(0.019)
-0.031
(0.019)
-0.033*
(0.019)
0.018
(0.019)
-0.069%**
(0.019)
-0.025
(0.019)
-0.029
(0.019)
0.008
(0.019)
-0.020
(0.019)
-0.005
(0.019)
-0.042**
(0.019)
-0.007
(0.019)
-0.063%**

(0.020)
-0.001
(0.020)
0.010
(0.020)
-0.017
(0.020)
0.003
(0.020)
-0.039*
(0.020)
-0.032
(0.020)
-0.046*
(0.020)
0.018
(0.020)
-0.070%+
(0.020)
-0.028
(0.020)
-0.045*
(0.020)
-0.009
(0.020)
-0.037*
(0.020)
-0.020
(0.020)
-0.071%**
(0.020)
-0.023
(0.020)
-0.065%**
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Earthq

Earthq

Earthq

Earthq

Earthq

Earthq

Earthq

Earthq

Earthq

Earthq

Earthq

Earthg

Earthg

Earthg

Earthg

Earthg

Earthg

. *Hzd

. *Hzd

. *Hzd

. *Hzd

. *Hzd

. *Int.

. *Int.

. *Int.

. *Int.

. *Int.

. *Int.

. *Int.

. *Int.

. *Int.

. *Int.

. *nt.

. *nt.

. Y15Q2

. Y15Q3

. Y15Q4

. Y16Q1

. Y16Q2

Y07Q2

Y07Q3

Y07Q4

Y08Q1

Y08Q2

Y08Q3

Y08Q4

Y09Q1

Y09Q2

Y09Q3

Y09Q4

Y10Q1

(0.015)
-0.031*
(0.014)
-0.031*
(0.014)
0.004
(0.014)
-0.031*
(0.015)
-0.005
(0.015)
0.059%
(0.015)
0.045%+*
(0.015)
0.050%
(0.014)
0.031**
(0.015)
0.029**
(0.014)
0.040%
(0.014)
0.051 %
(0.013)
-0.002
(0.003)
0.003
(0.003)
-0.003
(0.003)
-0.006*
(0.003)
-0.004

(0.019)
-0.010
(0.019)
-0.013
(0.018)
0.020
(0.019)
-0.010
(0.019)
0.018
(0.019)
0.050%
(0.015)
0.036**
(0.015)
0.041 %
(0.015)
0.025
(0.016)
0.019
(0.014)
0.030**
(0.014)
0.040%
(0.014)
-0.002
(0.004)
0.004
(0.004)
-0.001
(0.004)
-0.003
(0.003)
-0.004

(0.019)
-0.009
(0.019)
-0.013
(0.019)
0.020
(0.019)
-0.013
(0.019)
0.018
(0.019)
0.060%*
(0.015)
0.039%
(0.015)
0.044%+
(0.015)
0.024
(0.016)
0.022
(0.014)
0.032**
(0.014)
0.043%+
(0.014)
-0.002
(0.004)
0.005
(0.004)
-0.001
(0.004)
-0.004
(0.004)
-0.003

(0.020)
-0.027
(0.020)
-0.032
(0.019)
0.014
(0.020)
-0.016
(0.020)
0.006
(0.020)
0.060%*
(0.015)
0.039%
(0.015)
0.044%
(0.015)
0.024
(0.016)
0.022
(0.014)
0.032**
(0.014)
0.043#
(0.014)
-0.002
(0.004)
0.005
(0.004)
-0.001
(0.004)
-0.004
(0.004)
-0.003
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Earthq

Earthq

Earthq

Earthq

Earthq

Earthq

Earthq

Earthq

Earthq

Earthq

Earthg

Earthg

Earthg

Earthg

Earthg

Earthg

. *Int.

. *Int.

. *Int.

. *Int.

. *Int.

. *Int.

. *Int.

. *Int.

. *Int.

. *Int.

. *Int.

. *Int.

. *Int.

. *Int.

. *Int.

. *nt.

. *nt.

Y10Q2

Y10Q3

Y10Q4

Y11Q2

Y11Q3

Y11Q4

Y12Q1

Y12Q2

Y12Q3

Y12Q4

Y13Q1

Y13Q2

Y13Q3

Y13Q4

Y14Q1

Y14Q2

Y14Q3

(0.003)
-0.006*
(0.003)
-0.001
(0.003)
-0.005*
(0.003)
-0.004
(0.003)
-0.004
(0.003)
-0.004
(0.003)
-0.006*
(0.003)
-0.001
(0.003)
-0.004
(0.003)
0.001
(0.003)
-0.005
(0.003)
0.007**
(0.003)
0.0001
(0.003)
0.009%
(0.003)
0.006*
(0.003)
0.011%
(0.003)
0.003

(0.003)
-0.006
(0.003)
0.001
(0.003)
-0.004
(0.003)
-0.003
(0.004)
-0.004
(0.004)
-0.005
(0.003)
-0.008**
(0.004)
-0.004
(0.003)
-0.008**
(0.003)
-0.004
(0.003)
-0.010%**
(0.003)
0.002
(0.003)
-0.006*
(0.003)
0.001
(0.003)
-0.001
(0.003)
0.003
(0.003)
-0.004

(0.003)
-0.005
(0.004)
-0.0002
(0.004)
-0.004
(0.003)
-0.001
(0.004)
-0.002
(0.004)
-0.004
(0.004)
-0.007*
(0.004)
-0.002
(0.004)
-0.008**
(0.004)
-0.001
(0.003)
-0.011%**
(0.003)
0.001
(0.003)
-0.007**
(0.003)
0.001
(0.003)
-0.0003
(0.003)
0.002
(0.004)
-0.006*
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(0.003)
-0.005
(0.004)
-0.0002
(0.004)
-0.004
(0.003)
-0.001
(0.004)
-0.002
(0.004)
-0.004
(0.004)
-0.007*
(0.004)
-0.002
(0.004)
-0.008**
(0.004)
-0.001
(0.003)
-0.011%*
(0.003)
0.001
(0.003)
-0.007**
(0.003)
0.001
(0.003)
-0.0003
(0.003)
0.002
(0.004)
-0.006*
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(0.003) (0.003) (0.003) (0.003)
Earthg. * Int. Y14Q4 0.014*** 0.006* 0.006* 0.006*
(0.003) (0.003) (0.003) (0.003)
Earthg. * Int. Y15Q1 0.006** -0.002 -0.002 -0.002
(0.003) (0.003) (0.003) (0.003)
Earthg. * Int. Y15Q2 0.014*** 0.006* 0.006* 0.006*
(0.003) (0.003) (0.003) (0.003)
Earthg. * Int. Y15Q3 0.014*** 0.008** 0.007** 0.007**
(0.003) (0.003) (0.003) (0.003)
Earthg. * Int. Y15Q4 0.023*** 0.016*** 0.016*** 0.016***
(0.003) (0.003) (0.003) (0.003)
Earthg. * Int. Y16Q1 0.019*** 0.013*** 0.012%** 0.012%**
(0.003) (0.003) (0.003) (0.003)
Earthg. * Int. Y16Q2 0.023*** 0.017*** 0.016*** 0.016***
(0.003) (0.003) (0.004) (0.004)
Plot Area 0.001*** 0.001*** 0.001*** 0.001***
(0.00000) (0.00000) (0.00000) (0.00000)
Floor Area -0.001*** -0.001*** -0.001*** -0.001***
(0.00001) (0.00001) (0.00001) (0.00001)
Station Distance -0.005*** -0.005*** -0.005%** -0.005***
(0.00003) (0.00003) (0.00003) (0.00003)
Age -0.044*** -0.045%** -0.044*** -0.044***
(0.0001) (0.0001) (0.0001) (0.0001)
Age2 0.0005*** 0.0005*** 0.0005*** 0.0005***
(0.00000) (0.00000) (0.00000) (0.00000)
Location/Time F.E.s Yes Yes Yes Yes
Observations 746,664 732,927 723,647 718,423
R? 0.672 0.672 0.672 0.665
Adjusted R? 0.671 0.671 0.671 0.664
Rsd. Std. Error 0.507 0.507 0.506 0.502
p<0.1; p<0.05; p<0.01

Note:

Standard errors clustered at municipal/sub-municipal level.

municipal/sub-municipal level. Time F.E.s included for each quarter.

Location F.E.s included at
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3.9 Figures

Figure 3.1: Positive correlation between earthquake risk and housing prices
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Figure 3.2: Transaction by year and quarter
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Figure 3.3: Earthquake hazard Probabilities across Japan

Note: The probability that ground shaking exceeds a certain level of intensity at a site for
a certain period (within next 30) is called \exceedance probability". IIMA >= 5-Upper
represents an earthquake event larger than 5 on the JMA siesmic intensity scale.

Source: Japan Meterorological Agency
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Figure 3.4: Earthquake intensity on the JMA intensity scale from the Tohoku Earthquake

Source: Japan Meterorological Agency
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