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1 Literature review

Disaster relief

This research concerns the functioning of markets after a disaster has struck the area. The topic

of how to respond to a disaster has been extensively studied in the literature already, particularly

in the past few decades. There have been numerous case studies concerning specific disasters (see

Maxwell and Fitzpatrick 2012, Horwich 2000, Selcuk and Yeldan 2001, Vigdor 2008, Mertens et

al. 2016 among others) but also many studies examining the general consequences of disasters and

how best to combat them. These are more interesting for this research as its conclusions should

be applicable to any disaster that might strike in the future. Research on disaster management

has become more and more important over the years as the frequency of disasters increases. In

fact, De Haen and Hemrich 2007 project that between now and 2050 the global cost of disasters

will increase 5-fold, primarily due to climate change and the large concentration of the world

population in vulnerable habitats. The link between climate change and the increasing number

of natural disasters has been examined more extensively, among others by E. A. Cavallo and Noy

2009, Kellenberg and Mobarak 2011 and Strömberg 2007 for specific weather-related disaster

types like floods and droughts. Moreover, Kellenberg and Mobarak 2011 find that even though

the number of disasters is increasing the number of deaths and people affected per disaster is

decreasing, indicating that the amount of research and investment over the years has enabled

people to better counter the effects of disasters.

Evidently, it is not always possible for a country to combat the effects of a disaster on its own.

Apart from the fact that some countries are inherently more vulnerable to disasters, as will be

elaborated on later, disasters can cause serious damage to infrastructure that is needed to get

disaster relief up and running. As such, it oftentimes falls upon other countries to provide relief

in an area where a disaster has struck. The World Bank describes how in the 60’s and 70’s lots

of high income countries heavily subsidized domestic agriculture. This led to high production

surpluses which were donated as in-kind aid to developing countries facing food shortages. By

in-kind aid we mean the sending of material aid like food, clothes or medicines as opposed to

cash. Over the 80’s and 90’s most countries started to disentangle in-kind aid from agricultural

targets. The decline in food surpluses available for disaster relief allowed local food production

to flourish, leading to an increase in locally procured in-kind commodities from 9% to 33%
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between 1990 and 2005. This is a good example of positive boosts that local economies can

receive from disaster relief. Further research on these positive boosts for local economies is done

by Hallegatte, Hourcade, and Dumas 2007. These effects are especially important as contrary to

popular belief, oftentimes humanitarian aid is not a one-off expenditure but a long-term project.

In fact, Barder et al. 2015 find that 89% of humanitarian aid goes to places that have required

funding for more than 3 years. Much research focuses on how to better streamline humanitarian

aid to meet the needs of people that have been affected by disasters. Allaire 2018 argues that

humanitarian aid focuses too much on compensating property damage even though this might

not serve the needs of all affected parties. Darcy and Hofmann 2003 find that inefficiencies in

humanitarian aid are usually not down to a lack of information, but to a lack of structure in

information streams and reluctance to act on this information. The view that organizations are

sometimes unwilling to act upon available information is supported by Besley and Burgess 2002

and Eisensee and Strömberg 2007, who find that political systems are more inclined to protect

areas against the consequences of natural disasters if their work is more ’visible’, or if they

are held accountable for example by the press or upcoming elections. This seems to echo the

sentiments of Sen 1982 that ”Starvation is the characteristic of some people not having enough

to eat. It is not the characteristic of there being not enough food to eat”.

Vulnerability

As alluded to before, the consequences of a disaster are not shared equally across the globe. Some

areas seem inherently more exposed to natural disasters occurring, and less able to deal with

them. One of the recurring themes in the literature on this subject is the fact that developing

countries are hit relatively hard as argued by both Ludwig et al. 2007 and De Haen and Hemrich

2007. Albala-Bertrand 1993 confirms this view and argues that the reason is that developing

countries are more dependent on agriculture than other countries, which is generally the sector

that is hit the hardest by disasters. Also within countries the poorer households suffer more

from the consequences of natural disaster than richer ones, as shown by Peacock, Gladwin, and

Morrow 2012, Fothergill and Peek 2004 and Benjamin Wisner et al. 2004 among others.

If some areas are more exposed to natural disasters, this suggests that it could be worthwhile

to take preventive measures against disasters, so before they have occurred. This as opposed to

most disaster relief that we have discussed before that only takes place after a disaster has hit.
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In the literature this distinction is usually referred to as ’ex ante’ (before disaster strikes) and ’ex

post’ (after disaster strikes) relief, as further elaborated upon by Kunreuther and Michel-Kerjan

2008. Ex ante disaster relief is supported by the idea that disaster damage is not just a function

of the severity of the disaster but also socio-economic factors. This was not a very popular idea

up until a few decades ago as discussed by Benjamin Wisner et al. 2004. Kates 1971 and O’Keefe,

Westgate, and Ben Wisner 1976 were among the first to argue that societal factors had a role

to play in the shaping of disasters in the 70’s, a view much more common now and aired in Noy

and Yonson 2018 among others. An example is a comparison between the earthquake in Haiti

in January 2010 and the earthquake in Chili in February 2010. The disaster in Haiti claimed

between 200.000 and 250.000 lives, while the earthquake in Chili claimed less than 100. This is

odd as the earthquake in Chili was physically stronger and hit a densely populated area. This

suggests that other factors than the force of the earthquake played in role in the severity of the

damage. E. Cavallo, Noy, et al. 2011 even go as far as to say that disasters are mainly economic

events due to the big influence of economic factors on the effects of disasters. Schumacher and

Strobl 2011 argue that the areas where disasters are likeliest to strike are usually the ones where

the consequences are least severe due to spending on precautionary measures. In this research

the researcher focused mainly on direct losses but it would be interesting to see if this spending

also makes local markets more robust against disasters. The idea of resilience of a community

against disasters has been expanded greatly over the years. Dacy and Kunreuther 1969 and

Albala-Bertrand et al. 1993 both explored the idea of economic resilience against disasters as

opposed to social or geographical resilience and Rose 2007 distinguished between ’static’ and

’dynamic’ economic resilience. He defined static resilience as the efficient allocation of resources

and dynamic resilience as quick reconstruction of capital stock after a disasters. In fact, people

have been studying the idea of resilience with such granularity that F. Miller et al. 2010 argue

that all these different angles have led to differences in understanding, if not confusion, about

the concept. Multiple attempts have also been made to quantify vulnerability and disaster risk,

such as in Peduzzi 2006 and De Groeve, Poljansek, and Vernaccini 2014. Most of the research

mentioned suggests that risk profiles are a promising avenue to better understand why disasters

hit some areas harder than others and in this research we will definitely take this into account

when looking at how disasters affect local markets.
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Cash transfer programs

To provide disaster relief in affected areas this research focuses specifically on cash transfer

programs. Cash transfer programs are a form of humanitarian aid that transfers money directly

to people in areas that have been affected by disasters. Other forms of humanitarian aid are

called ’in-kind’, and mainly refer to the distribution of food, medicines etc. As these commodities

tended to be resold rather than used by beneficiaries, cash transfer programs got more popular

as they enable people that have been affected by a disaster to decide for themselves what

commodities would help them most efficiently. The use of cash transfer programs has increased

tremendously over the past 15 years. Having constituted only 1% of all humanitarian aid in

the world in 2004 that number had gone up to 15% by the end of 2017 according to the Red

Cross. Initially cash transfers were mainly used by governments in Latin America and later

Africa but oftentimes to fight enduring poverty rather than for disaster relief. The first time

humanitarian organizations started using cash transfers for disaster relief on a large scale was

in the aftermath of the 2004 tsunami in the Indian ocean. After this the use of cash transfers

has increased rapidly and earned rave reviews such as from the secretary general of the world

health summit, who in 2016 recommended the use of ”cash-based programming as the preferred

and default method of support”. Other endorsement of cash transfer programs can be found in

Staunton 2011 who remarks that in a cast study in Zimbabwe ”the injection of cash to very poor

households had a much more significant positive impact on the market than distributions of food

rations” and J. Miller 2002 who notes in a case study in Mozambique that ”The money was

spend mainly near local distribution points, and thus remains in the region, stimulating sales

and job creation by retail traders”. Van den Berg and Cuong 2011 on the other hand, find in a

case study in Vietnam that cash transfers only marginally help against poverty and inequality

as most cash transfers go to non-poor households, though it can be argued this poor targeting is

not a fundamental criticism of cash transfer programs. Cash transfers can be divided in so-called

conditional and unconditional transfers. Conditional cash transfers are only handed out when

people meet certain criteria. These criteria can be anything from enrolling kids in school to

receiving vaccinations, but are generally used to promote behaviour that the organization that

hands out these cash transfers considers desirable. Unconditional cash transfers are handed

out to people without any such restrictions. Barder et al. 2015 examine this distinction and

find that conditional cash transfers are often used in long-term social protection programs but
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are rarely used for disaster relief. Davis et al. 2016 argue that cash transfer programs in Sub

Saharan Africa (SSA) should be unconditional and that cash transfer programs in these countries

can have multiplier effects in local economies of between 1.5 and 2.5. Cash transfers have

exhibited a number of advantages over in-kind aid. Some will be mentioned here but a more

thorough review can be found in Bastagli et al. 2016. Carter and Barrett 2006 suggest that cash

transfers can decrease the skew of low-income households towards low-risk, low-income activities

that inhibit growth and investment, possibly releasing them from poverty traps. Margolies

and Hoddinott 2015 found that cash transfers are more cost efficient than food transfers and

Smith and Mohiddin 2015 argue that they are less susceptible to corruption than other forms of

humanitarian aid. Another advantage, as outlined by Asfaw, Davis, and Dewbre 2011, is that

cash transfers can force people to alter their behaviour in a way to fight climate change, though

this primarily applies to conditional cash transfers. Barder et al. 2015 note that cash transfers

also bring an extra degree of transparency to humanitarian aid as for in-kind aid surprisingly

little is known about what share of donated funds ends up with beneficiaries.

This is not to say no concerns have been expressed in the literature over the use of cash transfers.

We mentioned before that Van den Berg and Cuong 2011 raised doubts over where the donated

funds will end up. These doubts are echoed by Barrientos and DeJong 2006, who find that in

three cash transfers designed to support poor households between 20 and 40% of recipients were

actually among the non-poor. Lloyd-Sherlock 2006 finds in a case study in Brazil that when con-

ditional cash transfers are contribution-based they tend to exclude people without substantial

employment history which decreases coverage among the poor. Another issue which is described

by Smith and Mohiddin 2015 is that it is difficult to argue when to stop cash transfer programs

and that ending them now is often due to budget limitations rather than them not being effective

anymore. Ikiara 2009 and Moore 2009 express fear that sudden distribution of cash will lead to

increased consumption of unnecessary goods like alcohol and tobacco, though Evans and Popova

2014 debunk this fear by reviewing 19 separate studies on cash transfers and finding no signs

of increased spending on alcohol or tobacco. Another possible downside is that sudden large

influxes of cash in local communities can cause inflation, which would be very unhelpful to local

communities right after a disaster has struck. Bailey and Pongracz 2015 argue that cash transfer

programs don’t cause noteworthy inflation because cash flows are relatively small compared to

other cash flows and Hedlund et al. 2013 quote a 110 million dollar cash transfer program in
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Somalia where food prices actually decreased, though this was probably due to global food prices

decreasing at the same time. As this danger still exists, in this research we will account for the

possibility that cash transfers cause inflation when examining market functioning.

Market functioning

As we can see, numerous studies have established that even though the popularity of cash transfer

programs is rising rapidly it is not the best idea in every situation. Specifically, there are some

conditions that need to be met in order for cash transfers to work properly. Some examples of

these conditions are that people most in need have to be defined (though this applies for most

humanitarian aid) and there needs to be a system in place to efficiently distribute cash in a local

community. The condition necessary for cash transfer programs to function that this research

focuses on is that markets need to be functioning properly. If markets don’t function properly

anymore this can mean that even when given an influx of cash people in a local community still

cannot buy the commodities they need most. In this situation it can be more efficient to provide

these commodities directly to the area that has been affected by a disaster. There are multiple

reasons why market functioning might be impacted by a disaster. One that has been alluded to

before is that inflation might kick in. Other reasons include that the marketplace might not be

physically accessible anymore due to damage to infrastructure such as roads or that damage on

the supply side of a local economy means a market does no longer have the capacity to supply

everyone in a local community.

As this research focuses on countries in SSA, it is worthwhile to have a look at market func-

tioning in this area without the influence of disasters as this can differ substantially from other

geographical regions. The body of literature on this topic is not very extensive but Good 1973

finds that because of the volatile climate, weather can have a big influence on the functioning

of markets, even when this weather does not qualify as a disaster. As climate change has only

increased the volatility of the climate this point is even more relevant nowadays. Dercon 2004

found in rural Ethiopia that one-off weather events can have long-term effects on consumption

and that even though consumption grew in the area as a whole there were notable differences

between different sub-areas. Market functioning is particularly vital because the prevalence of

poverty is relatively high in SSA. As Benson and Clay 2004 show, SSA contains the largest
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concentration of high-risk countries that are increasingly exposed to climatic disasters, so the

influence that these disasters have on market functioning is very relevant. De Janvry, Fafchamps,

and Sadoulet 1991 argue that particular market failures can severely constrain peasants’ ability

to respond to external shocks in prices, which could be eradicated by cash transfers. Addition-

ally, malfunctioning markets are often overlooked when modelling damage assessments. This

last issue has been targeted in recent years by using economic models instead of engineering.

Engineering models focus on stock value which is usually too limited to capture all economic

damage. economic models that focus on so-called flow loss are more adequate, as explained by

Okuyama, Hewings, and Sonis 2004 and Allaire 2018.

The topic of market functioning in disaster affected areas has been studied before and numerous

tools have been devised for this purpose. Specifically, the following tools were all built for the

purpose of estimating market functioning or food security at some point after a disaster:

• Rapid Assessment of Markets 1

• Emergency Mapping Market Analysis (Albu 2010)

• Market Analysis Guidance 2

• Market Information and Food Insecurity Response Analysis (Barrett et al. 2009)

• Pre-Crisis Market Mapping and Analysis 3

• 48 hour assessment tool 4

• Price Monitoring, Analysis and Response Kit 5

There are some downsides to all of these methods that we try to improve upon in this research.

First of all, most of these methods are all relatively time-consuming which can seriously hinder

their practical usefulness. Disaster relief is often a very time sensitive operation and having

to wait a few days to know if a market is functioning or not can already be too late to help

some people in the affected areas. Therefore, in this research we will only make use of data

1https://www.icrc.org/eng/assets/files/publications/icrc-002-4199.pdf
2https://www.icrc.org/eng/assets/files/publications/icrc-002-4200.pdf
3https://rescue.app.box.com/jc003zroe4pjzft5n83s
4https://foodsecuritycluster.net/sites/default/files/48%20Hour%20Assessment%20Tool.pdf
5https://www.crs.org/sites/default/files/tools-research/markit-price-monitoring-analysis-response-kit.pdf
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that is available more or less in real time and even use the concept of vulnerability to try and

give an indication of how likely a market is to malfunction if a disaster were to happen before

it actually has. Another issue is that most of these methods require people on the ground in

disaster affected areas to conduct surveys or collect other sources of information. Not only is

this restricting the resources that organizations have available for other purposes, we have also

established that disasters can affect infrastructure to the extent that it can limit the physical

accessibility of this area. This means that sometimes it is not even possible for humanitarian

aid organizations to visit affected areas to collect the necessary information to use the tools. We

try to solve this shortcoming by using only open data which ensures that collecting information

necessary to use the tool will cost virtually no time or expenses. All in all, this research hopes

to provide a purely quantitative way of measuring market functioning after a disaster has struck

to complement the more qualitative tools that are already available.

Data analysis in disaster relief

The use of data analysis in disaster relief is relatively new as data availability has grown expo-

nentially over the past few decades, a phenomenon not exclusive to disasters. This increase in

data enables the more quantitative approach that we described in the previous section. Specif-

ically, this increase in data has also opened the door for the Bayesian approach that we will

use in this research. Olives and Pagano 2010 were one of the first to use Bayesian statistics in

humanitarian aid and argued that it would be a suitable approach for many more studies being

conducted at the time. Possible applications include logistics planning for disaster response

(Liu 2014) and hurricane forecasts (Taskin and Lodree Jr 2011). A particular advantage of a

Bayesian approach is its suitability to work with small sample sizes, see Heudtlass, Guha-Sapir,

and Speybroeck 2018, which is a very useful feature for our research as we will allude to later.

A review of the use of more general data analysis methods is given by Arslan et al. 2017 who

highlight the construction of early warning systems as a valuable product of big data. He also

warns that the use of data is still very much in its infancy in the context of disaster relief and

highlights data consistency, accuracy and completeness as some of the most important issues

that still need to be tackled. His worries about the quality were voiced much earlier by Janis

and Mann 1977 who argued that quantity and quality of data played a big part in potential

applications of data analysis for disaster relief. Choi and Bae 2015 show how real time data
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analysis can help local governments manage disasters. As disaster aid is a very time-sensitive

enterprise, we will attempt to use real-time data in this research as well. The use of data by

governments to help disaster management is further explored in Horita et al. 2017 in a case

study in Brazil. Yusoff et al. 2015 advocate the use of data for flood prediction but with the

footnote that it is crucial to integrate different data sources. Over the years an increasingly

varied collection of data sources has been used for disaster management. One source that has

been increasingly exploited is social media data. In recent years a multitude of studies have used

this source, including but not limited to Torkildson, Starbird, and Aragon 2014, Graham, Avery,

and Park 2015, Grolinger et al. 2013, Cen et al. 2011, Ragini, Anand, and Bhaskar 2018, Gur-

man and Ellenberger 2015 and Zielinski et al. 2013. Tapia et al. 2011 temper this enthusiasm,

though, and argue that even though it’s very timely and accessible concerns over the reliability

of the data has made humanitarian organizations reluctant to use social media data. Another

frequently used source is geo-spatial data, as thoroughly reviewed by Carrara and Guzzetti 2013.

Its applications include optimizing the locations of disaster shelters (Tsai et al. 2008) and mod-

elling human mobility patterns during disasters (Song et al. 2015). Abdalla 2016 and Cutter

2003 discuss some of the challenges that still exist when using geo-spatial data, most notably

accuracy of data, access restrictions, processing time and lack of familiarity with its application.

There is also a number of studies using household surveys, among which De Silva and Kawasaki

2018, Henry, Takigawa, and Meguro 2017, Hoddinott 2006, Barbier 2008 and Morris et al. 2002.

Because it is difficult to execute market assessments at scale, so visiting all relevant markets,

this data source is difficult to use as input variable in this research. Market assessments could,

however, be used to verify predictions of the model. Other less exploited data sources are crowd

sourced web-based mapping services (Zook et al. 2010), though these can only cover small areas,

and imagery from unmanned aerial vehicles (Ofli et al. 2016). De Albuquerque et al. 2015 and

Goswami 2018 echo Yusoffs view that it is always beneficial to combine multiple data sources,

which is the approach we will take in this research.

Reliability data after disasters

An additional challenge when using data analysis for disaster relief is that disasters tend to

complicate reliable data collection. Disasters can cause substantial damage to infrastructure
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that is used for data collection and management and for obvious reasons reliable data collection

is not the first concern in areas that have just been struck by a disaster. Additionally, as we do

not know where a disaster might strike next it is difficult to argue where to set up monitoring

systems as tracking all available countries and markets is simply not a feasible effort. Allaire

2018 argues that disaster loss data can be inflated because replacement values are reported in-

stead of depreciated values and people tend to overestimate the damages caused to them. On

other occasions disaster loss data might be under reported as as some areas do not report any

numbers of the damage. Allaire also points attention to the fact that oftentimes disaster loss

data is only available at national level, though in some cases data is only released on a national

level but collected more locally. Anttila-Hughes and Hsiang 2013 add that death numbers are

often under reported because infant deaths in subsequent years after a disaster are due to eco-

nomic losses suffered in the disaster. These can be serious issues as Morris et al. 2002 show in a

case study on hurricane Mitch that data unreliability can lead different researchers to distinctly

different conclusions. This risk is magnified because this research considers disasters in Ethiopia,

Kenya and Malawi. Reliable data collection in SSA is notoriously difficult, even without taking

disasters into consideration. Onyancha 2016 even shows that only 0.03% of the worlds research

data is generated in SSA. Osuteye, Johnson, and Brown 2017 show that this hampers robust

analysis for disaster relief and Alegana et al. 2018 elaborate on the medical issues that this lack

of reliable data collection causes. Shaffer et al. 2018 argues that this poor data management in

this area is mainly down to limited internet, computer resources and trained staff.

2 Data

In order to predict market functioning the characteristics of any possible future disaster are

compared to those of previous disasters in the same region. Only droughts, floods and storms

are considered for this research. As mentioned before, we will only look at disasters in Ethiopia,

Kenya and Malawi. This research only focuses on disasters that occurred in the last 10 years

as we hypothesized that it would be very hard to get reliable data from before that time frame

in this geographical area. In order to come up with a list of disasters in this time frame we

consulted the EM-DAT database from the Centre for Research on the Epidemiology of Disasters

at the Université catholique de Louvain (see Guha-Sapir et al. 2011 for an explanation of how
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this database was constructed). This database is used extensively in the literature, for exam-

ple by Dilley et al. 2005 and Schumacher and Strobl 2011. The database defines 56 disasters

that we are interested in in the specific time frame and geographic region. It has to be noted

that there are only two storms in the dataset, both of them in Malawi. Another issue is that

droughts are usually hard to pin down as a one-off event with a start and end date. They are

more protracted events that slowly develop over a longer period of time. The EM-DAT database

contains the geographical location and time of the disasters along with some estimates of the

total damage. As these damage assessments usually take time they are not useful to include

in the model as it is intended to provide an assessment of market functioning directly after a

disaster has struck. This means that for the data used in this research we will combine mul-

tiple other data sources that are more accessible and informative right after a disaster has struck.

The dependent variable in this research is how well a market is functioning to find out if cash

transfers are an appropriate response to a disaster. Because market functioning is a rather

ambiguous concept, it will be split up into three parts:

• Accessibility

• Capacity

• Inflation

The first part is about accessibility of a local market. After a disaster roads can be blocked

or flooded or the means of transport that people use can be severely limited. This can mean

that people are no longer able to get to markets to buy the goods that they need. If this is the

case there is not much point in giving them cash as their ability to get to a market where they

can spend it is limited. The second part is about capacity. When a disaster hits this can cause

serious damage to the supply side of a local market. When there is a shortage of food, clothes,

medicines or another commodity, it is probably better to supply more of this commodity to

the market than to give people more cash to spend on something of which there is not enough

anyway. The third part focuses on inflation. This aspect has already been discussed in the

literature review and can be another reason why it is not a good idea to pump more cash into

a local economy. Note that both these three aspects of market functioning and the way they

are influenced by the dependent variables are oftentimes related to each other. If a market is
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hard to access this usually hits the supply side of a market as well limiting the capacity and if

the capacity of a market is decreased this can lead to an increase in prices. Each disaster under

consideration will be scored on all three aspects with a zero or a one, zero indicating that this

aspect of market functioning was affected by the disaster and one indicating that it was not.

Unfortunately the systematic collection of quantitative data is not at all commonplace yet in

the field of humanitarian aid. As as consequence, there is currently no dataset available that

scores the functioning of markets after disasters on any of these three counts. The disasters were

scored by hand using qualitative market assessments and reports conducted after the disasters

had struck. To clarify how exactly this was done we will give an example of how we arrived at

the score for a disaster. An EMMA report about the 2012 drought in Ethiopia reported that

”A market based food security response in the form of cash or vouchers however is unlikely

to trigger significant price increases as traders across the board reported that they had never

experienced supply bottlenecks that had led to price increases”, therefore, this disasters scores a

one for inflation as this did not appear to hinder market functioning. A report by the Malawian

government on the floods in January 2015 states that ”A number of roads and bridges were

destroyed and firms reported temporary stoppage of production. Market places and shops in

the flood areas were closed during the period of heavy rains and flooding. Business operations

were disrupted due to the heavy rains and the floods. Business time was lost afterwards when

some of the buildings were reconstructed, while in some cases the business operations completely

stopped.”, hence this disasters scored a zero for accessibility as this report suggests that lack of

access to markets severely hindered its functioning. We are very aware that this way of scoring

the disasters based on qualitative reports imposes a level of uncertainty onto the results but

unfortunately we see no real alternative.

The explanatory variables can be split into two parts: variables that form part of the risk profile

and variables that we call state variables. Variables that form part of the risk profile don’t need

to have the same temporal or spatial granularity as state variables. They can be collected at

any time, also before a disaster strikes, and provide an indication of how well-prepared a market

is to deal with a disaster. The variables that are part of the risk profile in this research and how

they might affect market functioning are:
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• Hazard, rating for a countries exposure to hazards, measured by INFORM6. If a country

is more exposed this might mean that markets are more prepared to maintain functioning

when a disaster strikers.

• V ulnerability, rating for a countries socio-economic vulnerability in case a disaster strikes,

measured by INFORM. If a country is more socio-economically vulnerable for a disaster

this might also indicate that the functioning of markets decreases.

• CopingCapacity, rating for a countries institutional and infrastructural capacity to cope

with a disaster, measured by INFORM. Institutional and infrastructural capacity play a

role in getting markets up and running again after a disaster.

• Corruption, how a country scores on the Corruption Perceptions Index released by Trans-

parency International. If a society is more corrupt this could also apply to humanitarian

aid which was intended to aid market functioning.

• BusinessEase, how a country scores on the Ease of Doing Business Index released by the

World Bank. The entrepreneurial spirit in countries where it’s easier to do business might

also lead to better functioning markets after a disasters

• DietaryEnergy, the average dietary energy supply adequacy as measured by the United

Nations. If a market is not able to provide the necessary dietary energy to people without

taking disasters into account, this could mean it is even less equipped to do so after a

disaster.

All of these variables are aggregated nationally and available on a yearly basis. Next to the

variables that make up the risk profile we use a state variable. This variable is supposed to give

an indication of the functioning of a market after a disaster has hit. These variables are harder

to collect as they need to be available almost in real-time straight after a disaster has occurred

and need to be indicative of market functioning. State variables can also be characteristics of

the disaster that just hit. The main limitation is that it has to be information that is available

straight away, so total number of deaths, for example, is not an option as it usually takes some

6INFORM is a collaboration of the Inter-Agency Standing Committee Reference Group on Risk, Early Warning
and Preparedness and the European Commission. The European Commission Joint Research Centre is the
technical lead of INFORM. see http://www.inform-index.org/
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time for that number to be available. It is also up for debate to what extent number of deaths

is indicative of market functioning. In this research we will use the following state variable:

• FoodPrice, increase in food prices per local market from the World Food Programme that

covers food such as maize, rice, beans, fish and sugar

Summary Statistics

Figure 1 shows a histogram of the explanatory variables in this research. Note that even though

the histogram shows the variables on their original scale, they were standardized for the analysis

for reasons we will explain later. The first three variables, the ratings of the risk management

index, are all on a scale of 1 to 10 where on all three counts the best situation is a low rating.

In this dataset they are on average 4.6, 6 and 6.5 respectively. The fact that the first rating

is considerably lower is because of a collection of observations with a rating much lower than

the rest, which can be seen in the top left histogram. This is because the Hazard rating of

Malawi has been substantially lower over the last 10 years than the other two countries under

consideration. The variable Corruption is on a scale of 0 to 100 where 0 is very corrupt and

100 is very clean. The worldwide average in 2018 was 43 but the average in our dataset is

substantially lower at 28. Moreover, not one observation in our dataset features an observation

higher than the worldwide average, with the highest value being 37. The variable BusinessEase

tells what ranking a country has in a specific year among all countries in the world with respect

to the ease of doing business index by the world bank. The latest ranking featured 188 countries

with the observations in the dataset coming in between place 61 and 171 with an average of

119. The variable DietaryEnergy measures a country’s average dietary energy requirement

normalized by the average supply of calories for food consumption. As the supply can exceed

the energy requirement this measure can be greater than 1. In fact, the average of our dataset is

slightly greater than 1 at 1.009. The variable FoodPrice gives the increase in prices for selected

foods such as maize, beans and bread right after a disaster occurred. On average food prices

increased by little over 5% in our dataset. It was not possible to recover changes in food prices

for all disasters in our dataset which means some values are missing. In the methodology section

we will elaborate upon how we plan to deal with this issue.
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Figure 1: Distribution of explanatory variables, N=56

3 Methodology

Logistic Regression

The variable that we wish to predict is whether or not a market is still functioning after a disaster.

Binary variables with only two possible outcomes can easily be modelled using logistic regression.

This methodology can be extended to model any discrete number of possible outcomes but we

do not need to do this here. The two possible outcomes in a logit are coded as zero and one.

The model then tries to predict a probability of the outcome being one that varies between 0

(definitely a zero) and 1 (definitely a one), hence the labelling. The probability of the outcome
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being one is given by:

Pr(Yi = 1) =
eX
′β

1 + eX′β
(1)

Where X is the matrix containing the explanatory variables and β the vector of coefficients to

be estimated. The parameters β can be interpreted as the first derivative of the log odds ratio

with respect to the corresponding explanatory variable. The log odds ration is given by:

log(
Pr(Yi = 1)

Pr(Yi = 0)
) = X′β (2)

Bayesian Econometrics

As mentioned before the dataset that will be used for this research features only 56 observations.

Most traditional frequentist methods struggle to produce useful results with this little obser-

vations as they are based on asymptotic properties so for this research we will make use of a

Bayesian approach. A Bayesian approach can have numerous advantages over a traditional fre-

quentist approach, some of which will be discussed here. A particular advantage for this research

is that a Bayesian approach is more suitable to model small datasets as discussed by Zhang et

al. 2007. Kim et al. 2013 found that a Bayesian approach can help in model identification and

Depaoli 2013 showed that Bayesian approach can produce more accurate parameter estimates.

Where frequentist methods focus on deriving a test statistic that is a function purely of the

available data, Bayesian methods require the researcher to formulate some prior expectation

on the parameter that is to be estimated and evaluate to what degree the data gives a reason

to deviate from this prior expectation. This allows the researcher to monitor evidence as data

accumulates, as shown by Rouder 2014. A Bayesian approach also allows to distinguish between

”evidence of absence” or ”absence of evidence” with regards to any effect under investigation,

as argued by Dienes 2014. In mathematical terms, when we try to estimate a parameter vector

θ using data y, in a frequentist approach the estimated parameter θ̂ is the one that maximizes

p(y|θ), so the value of θ that is most likely to have generated the data y. In a Bayesian ap-

proach the researcher first formulates a prior expectation given by p(θ) of how he or she expects

the parameter θ to be distributed. The data and model generate a likelihood function p(y|θ).

together these give the posterior distribution of parameter θ given by Bayes rule:

p(θ|y) =
p(θ)p(y|θ)
p(y)

∝ p(θ)p(y|θ) (3)

17



where ∝ means ’is proportional to’. In this case this applies because p(y) does not depend on

parameter vector θ, so the shape of the posterior distribution can be calculated using p(θ) and

p(y|θ) and just needs to be divided by a constant to make sure it integrates to 1.

The posterior distribution p(θ|y) gives a distribution of the parameter(s) of interest, and from

this distribution point and spread estimates such as the mean and the variance can be calculated.

Ideally, multiplying p(θ) and p(y|θ) gives a posterior density function of the same family as the

prior and likelihood function. In this case the prior density is called conjugate and in this case

the posterior can be calculated analytically. In a lot of practical cases, however, this is not the

case. If the posterior density cannot be calculated analytically one has to resort to numerical

methods like Monte Carlo simulation. This way if we can find a way to sample values θ(m) from

the posterior density p(θ|y) for m = 1, ...,M we can use 1
M

∑M
m=1 h(θ(m)) as an approximation

for any statistic h(θ) that depends on θ. Sampling error decreases with
√
M for independent

draws. The critical part of this procedure is that it requires the researcher to be able to make

draws θ(m) of the posterior density p(θ|y).

Gibbs sampler

One way of getting draws of the posterior density p(θ|y) is called the Gibbs sampler. The Gibbs

sampler started receiving wide attention in the literature after the work of S. Geman and D.

Geman 1987 but can be traced back as far as Metropolis et al. 1953. The Gibbs sampler starts

from a random initialization of estimates for k-dimensional parameter vector θ, denoted by θ(0)

and initializes m to be zero. After this the algorithm iterates over the following two steps:

1. • Simulate θ
(m+1)
1 from p(θ1|θ(m)

2 , θ
(m)
3 , ..., θ

(m)
k , y)

• Simulate θ
(m+1)
2 from p(θ2|θ(m+1)

1 , θ
(m)
3 , ..., θ

(m)
k , y)

• Do the same for θ
(m+1)
3 , ..., θ

(m+1)
k

2. set m to m+ 1 and return to step 1.

After a while, say at m = m∗, the distribution of the draws converges to the conditional

posterior distribution and subsequent draws θ(m∗+1), θ(m∗+2), etc can be used as draws from the

joint posterior distribution p(θ|y). These draws can be used to calculate any desired statistic,

for example the true parameter vector θ can be estimated by the mean of the draws θ̂ =

1
M

∑M
m=1 θ

(m). When the draws θ(m) are independent the variance of the estimator can be
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shown to be equal to
σ2
θ
M . However, subsequent draws θ(m) and θ(m+1) are correlated when using

a Gibbs sampler, meaning the variance of the estimator is given by
σ2
θ
M (1 + 2

∑M
j=1 ρj) ≥

σ2
θ
M

where ρj is the correlation between θ(m) and θ(m−j). To reduce the variance of the estimator we

can either increase the number of draws M or reduce the correlation between subsequent draws

ρj . One way of doing this is by only keeping every k’th value and deleting all the others, called

thinning. If we choose a suitable value for k the subsequent draws will almost be independent.

Because of the loss of information incurred from throwing away the other draws this is mainly

done when it is not possible to store all draws because of memory issues. As we have no such

issue here we will not use any thinning.

Model convergence

As stated before, after some time the resulting draws from the Gibbs sampler converge to

the conditional posterior distribution of the parameter of interest. All draws up to this point

θ1, ..., θm∗ are called the burn-in sample and are discarded as they are not draws from the

conditional posterior distribution that we are aiming to obtain draws from. An important issue

is the number m∗ of draws that it takes for the draws to converge. In this research we will use

the Gelman-Rubin statistic to estimate whether or not the draws have converged. This statistic

was first introduced by Gelman, Rubin, et al. 1992 and later slightly modified by Brooks and

Gelman 1998 to account for sampling variability. The Gelman-Rubin statistic is based on the

comparison of multiple chains starting from different random starting values. By a chain we

mean the collection of subsequent Gibbs draws from some starting point. The idea is that in

the beginning of the chain the values can be different due to the different starting values but as

the chain progresses closer to convergence the distribution of the different chains will edge closer

towards each other and towards the conditional posterior distribution. Suppose we construct

P different chains for a parameter of interest θ of length N . Note that the Gelman-Rubin

statistic does not require all chains to be of equal length, but as this is the case in our research

the notation hereafter will assume that they are. Let θ̂p be the sample posterior mean of the

p’th sample and σ̂p
2 the sample posterior variance. Furthermore we define the overall sample

posterior mean θ̂ to be 1
P

∑P
p=1 θ̂p. The between-chains variance B and within-chain variance

W are given respectively by:
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B =
N

P − 1

P∑
p=1

(θ̂p − θ̂)2 (4)

W =
1

P

P∑
p=1

σ̂p
2 (5)

Under certain stationarity conditions an unbiased estimator of the marginal posterior variance

of θ is given by the pooled variance given by:

V̂ =
N − 1

N
W +

P + 1

PN
B (6)

The potential scale reduction factor (PSRF) is then given by:

PSRF =

√
d̂+ 3

d̂+ 1

V̂

W
(7)

where d̂ is the degrees of freedom estimate of a t-distribution. The PSRF gives an estimate

of the potential decrease in B with respect to W . If the PSRF is large one can expect that

further simulations will either decrease B or increase W as the chains have not converged yet.

Brooks and Gelman 1998 suggest that if the PSRF is less than 1.2 for all model parameters one

can be fairly sure that the chains have converged and subsequent draws are sampled from the

conditional posterior distribution.

Data augmentation

Data augmentation is a technique to incorporate latent variables in a model and still be able to do

Bayesian analysis. The presence of latent variables in a model can often lead to a posterior distri-

bution of unknown form that is also very hard to sample numerically. We consider a model with

parameter vector θ and latent variable z that generated data y. We denote the density of the data

by p(y|θ; z) and the density of the latent variable by p(z|θ). For analysis both may depend on the

parameter vector θ. The likelihood function p(y|θ) can be obtained by
∫
p(y|θ; z)p(z|θ)dz. By

adding a prior p(θ) we get the posterior given by p(θ|y) ∝ p(θ)p(y|θ) =
∫
p(θ)p(y|θ; z)p(z|θ)dz.

Solving this integral with respect to z is oftentimes difficult to do analytically. A solution is to

not just sample parameter vector θ but simultaneously sample the latent variable z. We can
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derive the full conditional posterior distributions p(θ|z, y) and p(z|θ, y) directly from the joint

posterior p(θ, z|y). The Gibbs sampler thus repeats the following steps:

1. draw z(m) from p(z|θ(m), y)

2. draw θ(m+1) from p(θ|z(m), y)

The draws θ(m) can then be used to calculate any statistic of the parameter vector, such as the

mean.

Hierarchical Bayes

In the previous cases we have always defined a prior specification for the parameter vector θ

given by p(θ). This prior is generally a distribution that reflects prior beliefs about the values

of the parameters. These prior beliefs can stem from previous research, but it is also possible

to define a prior that reflects complete ignorance about the possible values of the parameters.

Generally, p(θ) is a distribution that can depend on some other parameter vector. For example,

one can say that the prior for θ is a normal distribution with mean µ and covariance matrix Σ.

More generally speaking we say that the prior of θ, p(θ), can depend on a parameter vector γ

for which a value is usually chosen. Another option is to define another prior for γ and make

it dependent on another parameter vector δ. Off course it is possible to define another prior

for δ and make it dependent on another parameter vector and so forth. Latent variables in

analysis like the so-called hyperpriors in this case can lead to a highly nonlinear integral and

cause serious issues when trying to analytically estimate the posterior distribution. By using

a Gibbs sampler with data augmentation we can avoid solving these integrals analytically and

sample γ along with θ.

A model where you define a prior for another prior is called a hierarchical Bayesian model, and

it offers some advantages over regular Bayesian analysis. One advantage of hierarchical Bayesian

models is that they offer more flexibility in the way effects are correlated across observations

than non-hierarchical models. In a non-hierarchical model one has to choose between either

estimating a separate coefficient for each observation or pooling some observations together and

estimating the same coefficient for all these observations. Both approaches might not be suitable

as it is possible that effects are not the same for different individuals but are still related. In a
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hierarchical Bayesian setting we can reflect this by putting a prior on the parameters that might

be related that distributes them around the same mean. For example, by defining the following

model:

β1 ∼ N(β, σ2)

β2 ∼ N(β, σ2)

β3 ∼ N(β, σ2)

The individual parameters β1, β2 and β3 are not restricted to be the same yet they are drawn

from the same distribution. MacLehose et al. 2007 shows that this hierarchical structure can

help models converge when predictors are correlated. An added source of flexibility he points

out is that by tuning the parameter σ2 the researcher can change how strongly the different

parameters β1, β2 and β3 are shrunk towards each other. By making σ2 a random variable

and defining a prior for it it is even possible to let the data indicate to some extent how much

shrinkage is appropriate. This is what we will do in this research, as will be specified later.

Additionally, Gelman 2006 points out that using hierarchical structures can improve prediction

which is the goal of this research.

In this research it is not possible to estimate separate coefficients for each observation, as we only

have one measurement per variable per disaster. Instead, we are going to build a hierarchical

model to link the effects on each of the three dependent variables: accessibility, capacity and

inflation. As mentioned before, it is likely that the effects of an explanatory variable on each of

these three aspects are related. Therefore we will shrink these parameters towards each other.

That means that if βHazard1, βHazard2 and βHazard3 are the parameters for the variable Hazard

in the models to predict accessibility, inflation and capacity, their priors are defined as followed

(Note that this is only one example, the full model specifications can be found in the appendix):

βHazard1 ∼ N(βHazard, σ
2
Hazard)

βHazard2 ∼ N(βHazard, σ
2
Hazard)

βHazard3 ∼ N(βHazard, σ
2
Hazard)
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βHazard ∼ N(0, 0.5)

σ2Hazard ∼ N(0, 100)I(> 0)

These specific priors for βHazard and σ2Hazard were based on previous research. Exactly why

they were chosen will be explained later. In order to avoid confusion between the two, from now

on the parameters βHazard1, βHazard2 and βHazard3 that estimate the effect of an explanatory

variable (in this case Hazard) on a dependent variable are called parameters. A 1 as a suffix

means the parameter is used in the model to predict accuracy, 2 for inflation and 3 for capacity.

The parameters of their prior distribution, so βHazard and σ2Hazard will be referred to as hyper-

parameters. Note that for every explanatory variable the prior structure is set up excactly the

same, with one exception. The parameters for the variable CopingCapacity were sampled in a

slightly different manner. The software used in this research uses precision (1/variance) as the

second parameter of the normal distribution. This means that after sampling σ2 it has to be

inverted to be used to sample the three model-specific parameters. Sometimes σ2CopingCapacity

was very small which caused numerical issues when sampling the normal distribution in terms

of the precision (which in turn became very large). To solve this issue the following changes

were made to the prior structure:

• τCopingCapacity = 10/σ2CopingCapacity instead of 1/σ2CopingCapacity

• βCopingCapacity ∼ N(0,5) instead of ∼N(0,0.5)

Where τ is the precision as the software defined the second parameter of the normal distribu-

tion. Note that throughout this research when we say ∼ N(µ, σ2) by σ2 we mean to the variance.

The decrease in variance from the first change and the increase in the second offset each other

to make sure that while solving the sampling issues the effects on the posterior distribution are

minimal. To ensure this we have applied the same transformation to other parameters in the

model and compared the posterior distribution to the one obtained without the transformation.

Figure 2 shows the effect of the posterior distribution for one randomly chosen variable: the

effect of Hazard. As we can see the changes, if any, resulting from this transformation are much

too small to influence the results.
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Before transformation After transformation

Figure 2: Comparison of posterior before and after transformation

Next we discuss the choices of the prior specifications. Priors are an essential part of Bayesian

analysis. They are supposed to reflect all prior beliefs of a researcher that are not necessarily

captured by the data and will be part of the research. Prior specifications that are intended to

reflect explicit beliefs about the parameter values are called informative. Multiple information

sources can be used to formulate these priors, such as previous research, expert opinion and

common sense. Previous research can, when available, be a very useful source to base the prior

on, especially if this research has used the same variables (Zondervan-Zwijnenburg et al. 2017).

Unfortunately, as the functioning of markets after disasters is very much uncharted territory

there is no previous research on which to base our prior beliefs. Though it can be helpful to

include expert opinion, O’Hagan et al. 2006 point out that there are some issues when using this

source of information. Specifically, they argue it can be difficult for experts to formulate prior

beliefs on a parameter level, even more so when these parameters do not have a straightforward

interpretation like in a logit model. This problem is aggravated because Bayesian analysis re-
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quires the prior specification of the parameters to be a probability distribution rather than just

one estimate. Without any other obvious sources of prior information, any informative prior

that we formulate will be unreliable and might bias results. When it it not possible to formulate

an informative prior studies often revert to so-called uninformative priors. Uninformative priors

such as a uniform distribution over the whole parameter space or normal distribution with very

large variance reflect ignorance about the possible parameter value. Formulating uninformative

priors can still be helpful, for example by limiting the admissible parameter space to only values

within the range of measurement scale or to avoid convergence issues (Zondervan-Zwijnenburg

et al. 2017). This latest advantage is especially prevalent when using small samples like the

one in used in this research but is not exclusive to uninformative priors. The use of completely

uninformative priors is discouraged by Lemoine 2019. He argues that formulating an uninfor-

mative prior for a parameter can still transmit a lot of information as it is hard to keep track of

the effects of a prior after non-linear transformations. More importantly, Lemoine 2019 argues

that by using uninformative priors, one gives up most of the advantages of Bayesian analysis

and suffers from some of the same deficiencies as one would when using traditional frequentist

methods. A deficiency he mentions that is particularly worrying in the context of this research

is the low statistical power in small samples. Lemoine proposes to mitigate this risk by using a

so-called weakly informative prior. The idea for this prior is that it imposes some regularization

on the parameters. The weakly informative prior will shrink the effect sizes towards zero unless

the data provides sufficient evidence that an effect is present. This is particularly useful in our

research as not much is known yet about the functioning of markets after a disaster or the in-

fluence of the explanatory variables on this. Therefore we would like to have sufficient evidence

from the data, especially considering the size of the available sample, to be sure of an estimated

effect. Additionally, McElreath 2018 shows that regularization by weakly informative priors,

even modest, can reduce type 1 errors and improve out-of-sample prediction. Lemoine 2019

proposes to use a N(0, 0.5) distribution as a weakly informative prior for coefficients in logistic

regression, which is why we will use this prior for the β hyperparameters. In order to make

sure the shrinkage of the parameters does not depend on the scale of the variable all variables

are standardized, as the research by Lemoine suggests. Because the α parameters do not really

reflect effects that we wish to regularize their prior is a normal distribution with mean zero and

very large standard deviation to reflect our ignorance.
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The variance parameter in a hierarchical model represents the degree to which the different

parameters following the same distribution are shrunk towards one another. As it is hard to

quantify to what degree this should be done it is difficult to formulate an informative prior for

this parameter. This applies even more in this case as to the best of our knowledge none of the

variables under consideration here have been estimated in a hierarchical model together before.

In practice it is oftentimes difficult to formulate an expectation on the amount of shrinkage which

is why the use of uninformative priors for variance parameters is quite common (see Browne,

Draper, et al. 2006). Gelman et al. 2006 discuss at length the choice of priors for variance param-

eters in hierarchical models. They discourage the use of the inverse gamma distribution which

is often used, for example in the examples given by the BUGS software (Spiegelhalter, Thomas,

et al. 1996). They argue it is not a good choice as the posterior distribution of the parameter is

highly dependent on the parameter choice. This is backed up by the results from our model when

using the inverse gamma distribution as a prior for the variance parameters. The results can be

seen in figure 3 and clearly show that for respectively the inverse gamma(1,1), (1,2) and (7.5,1)

prior the posterior distribution very closely resembles the prior. Gelman et al. 2006 instead

advise to use a truncated normal distribution with large variance or a uniform prior bounded

between zero and some large value. In this research we will use the truncated normal distribu-

tion with mean zero and variance 100 as prior specification for the variance hyperparameters.

Although we believe the priors specified here offer some advantages, for future research it could

definitely be beneficial to have more problem-specific information available to base the priors on.

Figure 3: Posterior distrubution of variance with inverse gamma prior

Missing data

As alluded to before the dependent variable was constructed using qualitative reports on the

disasters in the dataset. Unfortunately, these reports were not available for every disaster that
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we consider, and not every report that we could find elaborated on the state of the local markets

after the disaster. This leads to a number of missing values in our dataset. Missing data is a

common problem that has been extensively studied in the literature. Having missing data means

that the dataset Z can be divided into Zmiss and Zobs which refers to respectively the missing

and the observed part of the dataset. Note that for now the missing part of Z is assumed to be

the dependent variable unless it is explicitly mentioned that this is not the case. Most statistical

methods require a full dataset, so with no missing points. There are numerous methods that

are designed specifically to deal with missing data and make sure the researcher ends up with

a full dataset that can be used for analysis. The choice of which one to use mainly depends on

which assumptions seem reasonable with regards to the mechanism that led to the data being

missing. Little and Rubin 2019 identified three different mechanisms that could lead to the

missingness of data. The first and most convenient case is called Missing Completely At Ran-

dom (MCAR). If this is the case every observation in the dataset has the same probability to go

missing, regardless of the actual value of the variables. In mathematical terms this means that

P (Zmiss|Z) = P (Zmiss). No underlying mechanism can be defined that led to the data going

missing and that can be used to model the missingness of the data. An example is when data

comes from a household questionnaire and some questionnaires got lost in the mail. The second

mechanism is called Missing At Random (MAR) and constitutes that whether or not data from

an observation is missing depends only on the observed data from this observation. Mathemat-

ically this means that P (Zmiss|Z) = P (Zmiss|Zobs). In this case the observed data can be used

to model the missing data mechanism. An example is that males are less likely to fill in surveys

on depression but after correcting for gender this refusal to fill in the survey is not related to

actual depression levels. The third missing data mechanism is called Missing Not At Random

(MNAR). This means that whether or not data from an observation is missing depends on the

value that is missing. Mathematically this means that P (Zmiss|Z) = P (Zmiss|Zmiss,Zobs).

This is the most problematic case of the three as the missing data mechanism depends on data

that cannot be observed, hence it is harder to model the missing data. An example of this

mechanism is when poor people are less likely to disclose their income in a survey.

Most frequentist methods that deal with missing data define a way to impute missing data and

use the resulting dataset for analysis. One of the advantages of Bayesian analysis is that the
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missing data mechanism can be explicitly modelled and using data augmentation we can sample

the missing data as we can any other unobserved quantity such as latent model parameters. In

a Bayesian setting the missing data mechanism is called ’ignorable’ if the following conditions

are met:

• Data is MCAR or MAR

• Parameters of the missing data mechanism and the analysis model are distinct

• Prior of parameters in missing data mechanism and analysis model are independent

Where by the analysis model we mean the model that estimates the relationship between the

response variable and the covariates. If the missing data mechanism is ignorable it does not have

to be explicitly modelled. Instead estimating the missing values Zmiss is the same as posterior

prediction from the model fitted to the observed data. Therefore imputation of the missing data

will not affect the model parameters. It is important to note that an ignorable missing data

mechanism does not necessarily mean that we can discard the observations with missing values,

only that we do not have to explicitly model the mechanism that led to the missing data. If

the missing data mechanism is not ignorable this means that the mechanism has to be explic-

itly modelled in order not to bias the draws from the posterior distribution of the parameters.

Ignorability of the data is also a different concept from the missing data mechanisms. Missing

data mechanisms describe how missing cells are introduced into the dataset and ignorability

describes whether this is a problem during analysis. What missing data mechanism is chosen

is largely based on assumptions and cannot conclusively be derived from the available dataset.

It is possible to check how sensitive results are to the assumptions made on the missing data

mechanism but literature review as well as common sense are also needed to arrive at a good

model for the missing data.

Aside from the response data such as our scores on market functioning, it is also possible for

covariates to contain missing data points. This poses some additional challenges to the analysis.

The main difference is that the response variable is treated as a stochastic quantity even when it

is complete, so if the missing data mechanism is assumed to be ignorable we can sample from its

posterior distribution without specifying any additional models. The covariates, however, are

assumed to be fixed values. This means that no matter what assumptions we make about the
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missing data mechanism we will need to set up an additional model that we can sample from for

covariates that contain missing values. This additional model can be either a prior we place on

the covariate or a regression model. If we define a prior for the covariate that contains missing

data we can choose any distribution to fit the pattern we expect from the covariate as we could

with any other stochastic quantity in the model. If a binary variable U has missing values ui for

some individuals i we could define a prior saying that ui ∼ Bernoulli(qi) where qi ∼ Beta(1, 1).

In this case the imputed U ’s will depend on the posterior distribution of q estimated from the

observed U ’s and the relationship between U and outcome variable Y that was estimated in the

analysis model of interest. Note that in a Bayesian setting, for missing covariates we never have

to explicitly include a relationship with the outcome variable in the missing data model as this

relationship is already included in the main analysis model. This is as opposed to frequentist

methods like multiple imputation where the researcher has to explicitly include this relationship.

Another option is to specify a separate regression model for the missingness of the covariate. If

we look at the same variable U this means we again define Ui ∼ Bernoulli(qi) but this time we

say that qi = eθ∗xi
1+eθ∗xi

where xi is a completely observed covariate that is assumed to be indicative

of the missingness of Ui and θ is the associated parameter in the imputation model for which we

define another prior as this is again an unknown quantity. Again we do not have to explicitly

include any relationship with the response variable in the imputation model. Note that the prior

or regression model that for the covariate containing missing values has to be defined regardless

of the assumptions we make about the missing data mechanism. If we assume the missing data

mechanism to be informative we still have to set up an extra model for the missingness indicator

the same way as for missing response data.

In models where an explicit missingness model has been included we also need to define priors for

the parameters in this model. As stated before all explicit missing data models are logit models

with the value of the corresponding variable as the only explanatory variable in the missingness

model. As the analysis model was also a logit model we will use the same rationale for the

priors. This means that we include a constant with a normal prior with mean zero and large

variance. The coefficient that reflects the influence of the value of a variable on it’s likelihood of

going missing is given a normal prior with mean 1 and standard deviation 0.5. Note that this

specification is used for all missing data models, both for dependent and explanatory variables.
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Model selection

Because assumptions about the missing data mechanism cannot be quantitatively checked from

the data we will formulate multiple models and compare them to see which one best fits the data

that we have. Bayesian researchers often use odds ratio’s or Bayes factors to compare possible

models but their numerical computation is oftentimes difficult, especially for hierarchical models

like the ones we consider in this research. In practice, model selection is usually done using

information criteria. Information criteria are a way of model selection that take into account

both how well a model fits, as well as a measure of the complexity of the model to impose

a penalty on possible overfitting. A common measure of the complexity of the model is the

number of parameters required to estimate it. Two information criteria that use this measure

and are very popular in the literature are the Akaike information criterion (AIC) proposed by

Akaike 1974 and the Bayesian information criterion (BIC) proposed by Schwarz 1978. These

information criteria are given by:

AIC = 2k − 2ln(L̂) (8)

BIC = logn(k)− 2ln(L̂) (9)

where k is the number of parameters to be estimated, ln(L̂) is the optimized value of the log

likelihood of the model and n is the number of observations used to estimate the model. A

common criticism of these criteria is that the number of parameters is a somewhat simplistic

measure for model complexity. Additionally, in a hierarchical Bayesian setting the number of

parameters k that should be used to calculate the AIC and BIC is not entirely clear. For example,

imagine three parameters β1.1, β1.2 and β1.3 being normally distributed around common mean

parameter β1 with variance σ2. If σ2 is really small the parameters will be restricted to be very

similar so the number of effective parameters in practice ≈ 1. If σ2 is really large, the parameters

can have very different values and the number of effective parameters ≈ 3. There are no clear

rules in this setting for how many parameters need to be taken into account when calculating

the AIC or BIC. For this reason they are not applied very often to hierarchical Bayesian models.

A more popular choice is the Deviation information criterion (DIC) designed by Spiegelhalter,

Best, et al. 2002, and this is also the information criterion that we will use in this research. The

formula for the DIC is given by:
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DIC = −2ln(p(y|θ̄)) + 2pDIC (10)

where θ̄ is the posterior mean given by Eθ|y(θ) =
∫
θp(θ|y)dθ and pDIC is a penalty term given

by:

pDIC = 2(ln(p(y|θ̄))− Eθ|yln(p(y|θ))) (11)

where Eθ|yln(p(y|θ)) is given by
∫
ln(p(y|θ))p(θ|y)dθ. To calculate the value of the DIC we use

draws θ(m) from the posterior distribution and estimate θ̄ by 1
M

∑M
m=1 θ

(m) and Eθ|yln(p(yθ)) by

1
M

∑M
m=1 ln(p(y|θ(m))) where M is the number of available draws from the posterior distribution

of θ. The penalty term pDIC can be interpreted as the difference between the log likelihood value

at the posterior mean and the posterior mean of the log likelihood. If these quantities differ by

much, this implies a lot of parameter uncertainty which is a sign that the model used might be

to complex for the task at hand and we might be overfitting. As this is not what we want from

a model, a bigger difference will inflate the penalty term and therefore increase the DIC. As a

smaller log likelihood will also increase the DIC we generally choose the model that produces the

smallest DIC. Note that all observations will be used to calculate the DIC, also the ones with

missing values. This is done to make sure that the effects of different missingness assumptions are

reflected in the DIC values. Though there is no scientific literature on exactly what constitutes

a significant difference in DIC between models the MRC biostatistic unit in Cambridge, UK 7

argues that if models differ by less than 5 it could potentially be misleading to report only one,

so we will follow their advice.

4 Results

As explained in the methodology section some choices have to be made regarding the missingness

mechanisms of the data. As both response data and covariates are missing and it is not intuitively

clear which mechanism is appropriate we constructed multiple models each corresponding to

different assumptions about the missing data. By comparing these models we hope to find out

which assumptions are most appropriate for our dataset and to model the response variable as

best we can. Specifically, for the missing responses we make one of two assumptions. Either we

7http://users.jyu.fi/ hemipu/itms/DIC%20web%20site%20from%20BUGS%20project.pdf
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assume ignorable missingness, meaning the missing responses are sampled from their posterior

distribution that was estimated using the available data, or we estimate a logit model for the

missingness of the response variable where the value of the missing variable is the only covariate.

For the missing covariates we compare three different models. As explained before even if the

missingness of a covariate is ignorable a prior has to be specified as the missing data makes

the covariate stochastic. We define the prior either as a normal distribution or as a logistic

regression model using the variables Hazard, V ulnerability and CopingCapacity as covariates.

The third option is that the missingness of the covariates is non-ignorable. In this case we define

a logit model for the missingness of the covariates, again with the value as the only explanatory

variable. This results in 2 x 3 = 6 models that are compared using the DIC. All models were

estimated using 5000 draws as a burn-in sample and 50.000 consequent draws that were used to

calculate statistics of interest. All models were estimated using the WinBUGS 8 software. The

results for all models is shown in table 1 where Y and X refer to response data and covariates

respectively. As said before we consider a difference between DIC values of different models to

be significant if it is five or larger. Thus, we will look at the model with the best DIC and

all models with DIC that differ from it by less than five. Doing this, we can clearly see that

setting up a separate model for the missingness of the response variable doesn’t lead to enough

improvement in the fit of the model to justify the added complexity, at least according to the

DIC. Hereafter we will discuss the best models in order of DIC, so we will begin with the model

that explicitly includes a model for missing covariate data, next the model using a normal prior

and we will conclude with the model using a logit model as prior. They will hereafter be referred

to as model 1, model 2 and model 3 in this order. We will conclude by examining whether a

combination of all the models we created predicts better than any of the individual models.

Note that in the appendix one can also find the model specifications of the models that we do

not further discuss hereafter.

Missingness X
Non-ignorable Ignorable-Logit prior Ignorable-Normal prior

Missingness Y Ignorable 156.9 160.9 158.2
Non-ignorable 166.9 167 166.2

Table 1: Deviance information criterion for various models

8https://www.mrc-bsu.cam.ac.uk/software/bugs/the-bugs-project-winbugs/
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Model 1

In model 1 all the dependent variables Y follow a Bernouilli distribution with parameter Mui

which is given by:

Mui =
eα+β1∗X1i+β2∗X2i+β3∗X3i+β4∗X4i+β5∗X5i+β6∗X6i+β7∗X7i

1 + eα+β1∗X1i+β2∗X2i+β3∗X3i+β4∗X4i+β5∗X5i+β6∗X6i+β7∗X7i
(12)

Where the priors of α and the respective β parameters are as stated in the methodology section.

As the variable FoodPrice (X7i in the graphic) contains some missing values we have to define

a prior for it. In this example the prior is a normal distribution with parameters µx and σx. µx

has a standard normal distribution as the data was rescaled to have mean zero and standard

deviation 1. The parameter σ follows an inverse gamma distribution with both parameters equal

to 1. As this model explicitly models the missingness of FoodPrice we added an extra dummy to

the model indicating whether the corresponding value of FoodPrice was missing. This dummy

is modelled using a logit specification including a constant (a.X) and the value of the variable

FoodPrice with corresponding coefficient b.X. Following the reasoning that led to the priors in

the analysis model a.X has a normal prior with mean zero and a very large variance (106) and

b.X has a normal prior with mean zero and variance 0.5.

First we investigate how sensitive the posterior distributions are to the choices that we made

regarding the prior. In order to do this we change the parameter values of the priors and see to

what extent they change the posterior distribution of the corresponding parameters. To keep

this report concise we restrict the following parameters to have the same prior when we change

them:

• all α parameters corresponding to the different dependent variables

• all β hyperparameters corresponding to the coefficients of the different explanatory vari-

ables

• all σ2 hyperparameters corresponding to the coefficients of the different explanatory vari-

ables

As the variance of the priors of the α parameters is so large the distribution is almost flat it does

not make much sense to change the mean of this prior but we will change the variance to examine

33



how a more informative prior changes the posterior. For the prior of the β hyperparameters we

will examine both the effect of changing the mean and the variance. For the prior of the σ2

hyperparameters the argument goes as well that the large variance flattens the distribution to

such as extent that changing the mean does not really change it anymore. Therefore we will

only change the variance of the prior to see how the posterior changes as more probability mass

in the prior is dragged towards zero. Note that all distributions that we consider as a prior

for σ2 are truncated at zero to ensure we do not sample any negative variances. For priors of

the a.X and b.X parameters we will follow the same logic as the α and β (hyper)parameters

respectively. This leads to the following prior specifications that we will compare:

α ∼ N(0, σ∗), σ∗ ∈ (106, 10, 5, 2)

β ∼ N(µ∗, σ∗), µ∗ ∈ (−1, 0, 1), σ∗ ∈ (10, 0.5, 0.2)

σ2 ∼ N(0, σ∗), σ∗ ∈ (100, 10, 1)

a.X ∼ N(0, σ∗), σ∗ ∈ (106, 100, 5, 2)

b.X ∼ N(µ∗, σ∗), µ∗ ∈ (−1, 0, 1), σ∗ ∈ (5, 0.5, 0.1)

Note that the priors we use in this research were defined before seeing the data and the above

values are therefore not chosen to discover a somehow optimal parameter setting for the pri-

ors. We just choose these values to get a sense of how changing the priors would affect the

results. Sometimes when we discuss the prior sensitivity of parameters we will provide plots of

the posterior distribution of parameters belonging to certain variables under different priors in

the appendix. Unless stated otherwise these variables are chosen randomly and the behaviour

in the graphs is representative of that of the parameters corresponding to the other variables.

Figure A1 shows the results when we change the parameters of the priors of the α parameters.

The main takeaway from this figure is that the posterior distribution changes very little when

we make the prior more informative, as we see that the distribution is almost the same from

left to right. As we wanted to make sure we do not capture any information with this prior

this is not a problem, it just shows us that there are more priors that would have had the same

effect. This probably means that the posterior distributions are very much dominated by the
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data which is good given we did not have much knowledge to base this prior on.

When examining the effect of changes in the mean of the β hyperparameters we see that they

have quite a pronounced effect on the posterior distribution. This means that when we try to

shrink the parameters to some other value than zero it does excactly that, which is encour-

aging. Especially the β hyperparameter towards which the individual parameters are shrunk

shifts by almost the amount by which we change the mean of the prior. This means that this

hyperparameter is heavily influenced by the prior and less by the data. This could be because

the hierarchical structure makes it hard for the data to influence this hyperparameter as only

the individual parameters are directly used to estimate the data. Although this hyperparam-

eter resembles the prior very closely in its shape, the posterior of some individual parameters

looks markedly different. The posterior distribution of the parameters is also less influenced by

changes in the prior, sometimes it seems not at all. This seems to suggest that the data has more

influence on the posterior distribution of these parameters. When there are changes in these

parameters it seems to be tilted towards the value that we chose as mean of the prior, which

is an encouraging sign that some shrinkage took place when the data did not provide enough

evidence. To illustrate, figure A2 shows the posterior distribution of the (hyper)parameters

according to the variable Corruption.

There is one exception to the way the priors influence the posterior distribution of the parame-

ters. The parameters of the variable CopingCapacity hardly seem to be influenced by the change

in the prior. The corresponding parameters can be seen in figure A3. In this case, the change in

the hyperparameter towards which the individual coefficients are shrunk is much smaller than

the change in the prior. This suggests that for this hyperparameter the data provides strong

evidence which nullifies the effect of the prior. This can also be seen by the lack of change in

the posterior distribution of the individual parameters.

Next we look at the effect of the variance of the prior of β. Note that this does not signal the

degree to which the individual coefficients are shrunk towards the β hyperparameter, just how

densely the prior of the β parameter is distributed around zero. The prior variance seems to

have an effect on the spread of the posterior distribution, though not necessarily proportional
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to the change in the prior. This is shown in figure A4. We see that the posterior distribu-

tion is concentrated more densely around the mean as the variance of the prior gets smaller.

This effect is more visible for the mean β hyperparameter than the individual coefficients and

again not close to proportional to the change in the prior. This seems to suggest that the spread

of the posterior distribution is both influenced by the prior and the data that we use to update it.

The hyperparameter that does influence to what degree the individual coefficients are shrunk

towards each other is the variance σ2 in the higher level of the hierarchical model. We defined

a truncated normal prior for this hyperparameter, and in this case we are interested in finding

out to what extent changing the variance of this distribution affects the posterior distribution.

As stated before, the variance for the coefficient of CopingCapacity is not sampled in the same

way as the others but its prior changes by the same factor as the others to ensure the effect on

the variance is the same. As we can clearly see in figure A5, changing the prior has a huge effect

on the spread of the posterior distribution. Even though we hoped that this prior would be

reasonable uninformative, it appears that it exerts more influence on the posterior distribution

than the data. We saw for the β hyperparameters as well that the posterior of higher-level

parameters in the hierarchical model is less influenced by the data and more by the priors so

this might be the reason for the results we see here.

Next we examine the sensitivity to the priors of the parameters in the missingness model. As

we can clearly see in figure A6, the posterior hardly changes if at all. This means that the prior

that we defined has a very small influence on the posterior which is mostly shaped by the data.

As we wanted to define an uninformative prior for this parameter this is encouraging.

Next we look at the parameter b.X of the value of the variable FoodPrice. The results are

shown in figure A7. From the figure we see that changing the mean has a clear effect on the

posterior distribution, changing the mean by as much, if not more, as the change in the prior.

The data seems to skew the posterior distribution towards more negative values, an effect that

is more pronounced when the prior has higher probability mass here. The idea of the prior was

to shrink the parameter value towards zero. If the prior works well, changing the mean should

mean we shrink the parameter value towards -1 or 1 respectively. By looking at the changes in
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the posterior this seems to be happening indeed.

When we change the variance of the prior of b.X we change the level of shrinkage we impose

on the parameter. The results when we do this can be seen in figure A8. The figure clearly

indicates that not only the spread of the posterior increases as the prior variance decreases, also

the shape is more flexible. This is because the prior imposes less shrinkage and the shape of

the posterior is more freely influenced by the data. Again, the data seems to skew the posterior

towards negative values when more spread assigns higher probability mass in the prior to these

values. This again seems to support that this prior works the way we intended it to.

In order for the draws from the posterior distribution that we consider to be reliable we need to

make sure the draws have converged to the conditional posterior distribution from the parameter

of interest. As outlined before, we do this using the Gelman-Rubin statistic. Figure 4 displays the

plots of the Gelman-Rubin statistic for a couple of parameters included in the model. Specifically,

the figure first shows the hyperparameter βV ulnerability and below that from left to right the

individual coefficients in the models for Accessibility, Inflation and Capacity. As the model

includes a large number of parameters we do not display them all but the convergence of the

other parameters follows the same pattern. The Gelman-Rubin was estimated using two chains.

The green and the blue lines represent the pooled and the within variance respectively. The red

line represents the parameter of interest that we described in the part about model convergence.

Note that the pooled and within variance are normalized so that all quantities are roughly on

the same scale which makes them easier to display together. Using the rule we established

before, we can consider the chain to have converged when the statistic of interest is lower than

1.2. As the graphics show, the chains clearly converge well before the 5000th draw, which is the

amount of draws we use as a burn in sample. This indicates that we can safely assume that all

subsequent parameter draws that we consider come from the posterior conditional distribution

of the parameter of interest.
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Figure 4: Convergence of βV ulnerability model 1

Table 2 shows the parameter estimates resulting from the first model. The table shows summary

statistics from the posterior distributions of each of the coefficients in each of the three analysis

models as well as the coefficients from the missingness model. The table first displays the mean,

standard deviation and median of the draws from the posterior distributions. The column

with header ”MC error” displays the Monte Carlo sampling standard error for the mean of

each coefficient that was briefly touched upon in the section about the Gibbs sampler. The

column with header ”percentile zero” displays what percentage of the draws from the posterior

distribution are larger than zero. If the value in this column is 50 that means excactly the same

amount of positive and negative values were drawn. 0 means only negative values were drawn

and 100 that only positive values were drawn.
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Variable Mean Standard deviation Median MC error Percentile zero
Accessibility α -1.47 0.61 -1.4 0.005 0.42

βHazard 0.45 0.55 0.43 0.006 79.79
βV ulnerability 0.07 0.61 0.10 0.006 56.5
βCopingCapacity 0.68 0.37 0.67 0.007 97.04
βCorruption 0.50 0.60 0.49 0.007 80.33
βBusinessEase -0.21 0.56 -0.22 0.007 34.92
βDietaryEnergy -0.03 -0.03 -0.03 0.01 48.77
βFoodPrice 0.0015 0.64 -0.01 0.01 49.22

Inflation α 0.25 0.56 0.25 0.003 67.39
βHazard 0.51 0.51 0.50 0.006 84.23
βV ulnerability 0.62 0.58 0.60 0.005 86.01
βCopingCapacity 0.78 0.40 0.76 0.008 98.11
βCorruption 0.67 0.61 0.65 0.008 86.81
βBusinessEase -0.46 0.56 -0.45 0.007 20.13
βDietaryEnergy -0.12 0.90 -0.11 0.01 45.21
βFoodPrice 0.02 0.69 0.01 0.01 49.43

Capacity α 0.66 0.62 0.65 0.004 85.92
βHazard 0.45 0.53 0.44 0.006 80.32
βV ulnerability 0.88 0.66 0.84 0.006 91.84
βCopingCapacity 0.60 0.40 0.60 0.008 94
βCorruption 0.07 0.64 0.09 0.008 56.08
βBusinessEase -0.69 0.60 -0.67 0.008 11.72
βDietaryEnergy -0.13 0.90 -0.12 0.01 44.68
βFoodPrice 0.009 0.69 -0.01 0.01 49.19

Missingness a.X -1.63 0.53 -1.56 0.007 0
b.X -0.22 0.79 -0.16 0.016 42.66

Table 2: Parameter estimates from model 1

The column ’percentile zero’ is supposed to give an indication of how reliable any estimated

effect is. In a frequentist setting this is done using p-values, with a significance level of 5%

usually employed in the literature. In the column in table 2 this means that we look for values

both close to zero and one, where values close to zero indicate a likely negative effect and values

close to one indicate a likely positive effect. The closer the value in this column is to 50, the

more equal the share of positive and negative draws and the less likely it is that the parameter

has an effect either way.

Keeping the cutoff point of 5% in mind we see that only very few parameters contain meaningful

information. However, due to the fact that we had very few observations available and specified

a prior in order to shrink the parameters towards zero, we will discuss all parameter values

while still taking their reliability into account. The posterior distributions of the parameters

βDietaryEnergy and βFoodPrice are very close to 50%. This means that we observed roughly the
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same number of positive and negative draws for this parameter which is an indication that there

might not be any effect present. Especially the fact that FoodPrice does not help to model

Inflation is a surprise. A possible explanation is that food is such a necessity that rising prices

would not stop people from accessing markets to purchase it. The variable BusinessEase seems

to have a slight negative effect on market functioning. When compared with the aforementioned

variables the posterior distribution of βBusinessEase is clearly less balanced. Nevertheless, ques-

tion marks remain over its reliability, especially when modelling Accessibility. A clear positive

effect is observed for the variables CopingCapacity and to a lesser extent Hazard. For the

other two variables the effect is markedly different in the different models for Accessibility, Ca-

pacity and Inflation. V ulnerability has hardly any effect on Accessibility but seems to have

a positive effect on Inflation and Capacity. Corruption has a positive effect on Accessibility

and Inflation but no meaningful effect on Capacity. The fact that these effects are so different

can be interpreted as support for splitting the dependent variable in three parts, as there are

clear differences in the way the explanatory variables contribute to each of the three. When

we look at the estimates of the missingness model it appears that small values have a slightly

larger probability to go missing, although this effect is very unreliable. For the intercept in

the missingness model a.X we only sample negative values. The intercept can be interpreted

as the log odds ratio when the value of FoodPrice is zero. The odds ratio in this case is the

probability of a value to be missing divided by the probability that it is observed. The log odds

ratio is therefore positive only if the probability of an observation to be missing is larger than

the probability that it is observed. As missing observations are very rare for this variable it

makes sense that we only sample negative values.

Because the aim of the model is to predict market functioning after a disaster we will look at

how well the model predicts. In order for the model to predict each of the observed scores

we first took the score we wanted to predict out of the dataset. This was done in order not

to bias the predictions because the score we want to predict is used to train the model. For

every draw from the posterior distribution of the parameters we also draw a value for the score

that we want to predict, either a zero or a one. After observing 50.000 draws from the posterior

distribution of Y we calculate the percentage of predicted ones and zeros, and use the percentage

of predicted ones as the predicted probability that the respective market is functioning according
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to the model. We assess these predicted probabilities using the Mean Absolute Error (MAE).

The MAE is defined as the mean of the absolute differences between the estimated probabilities

and the observed outcomes. To estimate how good the model is predicting we compare it to a

simple benchmark model for which we use the majority class. This means that in all cases we

predict the most frequent outcome. As the dataset is perfectly balanced with ones and zeros (of

the observations for which we could derive such a score) the majority class algorithm is excactly

right half the time and 100% wrong the other half, leading to a MAE of 0.5. The MAE of

model 1 is 0.43. Although this is better than the benchmark algorithm it is still somewhat high

considering we hope to use the model to inform humanitarian cash programs. Table 3 shows the

confusion matrix of the model where we say that we predicted that a market was still functioning

if more than 50% of the draws from the posterior distribution said so and that we predicted a

market was not functioning otherwise. We can see that the performance of the model does not

depend much on whether a market is actually functioning or not. That is, it has about the same

reliability when predicting ones or zeros.

Predicted market functioning
Yes No

Actual market functioning Yes 21 13
No 11 23

Table 3: Confusion matrix model 1

In order to improve the predictions of the model, we see what happens if we take some variables

out. As table 2 suggests that some of the variables we have included have no meaningful effect

on market functioning the out of sample predictions might actually improve if we take them

out. This is because any effect they estimate might be due to overfitting, or the estimating of

effects in a sample used to train a model that does not generalize well to the wider population.

We begin by taking out the variable FoodPrice as table 2 shows that its coefficient is closest to

zero and has nearly the same amount of positive and negative draws in each of the three models.

This change did slightly improve the model. Compared to a MAE of 0.43 for the full model,

the reduced one achieves a MAE of 0.41. Table 4 shows the confusion matrix for the reduced

model. As we can see, the reduced model predicts two cases correctly that the full model got

wrong, further outlining how the reduced model is a minor improvement.
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Predicted market functioning
Yes No

Actual market functioning Yes 23 11
No 11 23

Table 4: Confusion matrix model 1

Taking DietaryEnergy out of both models causes negligible improvement in MAE and no

changes in the confusion table. In a final effort to improve predictions we eliminated the variable

V ulnerability from the first model and Corruption from the final one, which decreased the MAE

to 0.4 and again did not alter the confusion table.

Model 2

The difference between model 2 and model 1 is that we no longer explicitly model the missing-

ness of Foodprice . Instead, we just define a normal prior for it with parameters Mu.X and

Sigma.X. Other than that the model and priors are defined in the same way.

We begin by discussing the priors. The first thing to note is that as this model is to a large

degree similar to the previous one, so there will be some similarities in the way the prior in-

fluences the respective posterior distributions. To keep this report concise, we will not discuss

sensitivity of all the priors as comprehensively as we did for the previous model. We will focus

on the parameters with different prior sensitivities compared to the previous model and where

this is not the case this will be stated. Note that we do not examine whether the posterior

distributions look the same, just whether they are influenced in the same way by changes in the

prior.

There is not much change in the way the posteriors of the α parameters are influenced by the

choice of prior and also the mean of the β hyperparameters is not much different. There is some

difference in the change in the posteriors when we change the variance of the β hyperparameters.

In the previous model we commented that these changes caused some change in the posterior,

though nowhere near proportional to the change in the prior. When we change the variance

of the prior in this model, we see more change in the posterior. This is demonstrated in figure A9.

Another difference between this and the previous model is the sensitivity to the prior of σ2, the
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degree to which the individual coefficients are shrunk towards their common mean. Before we

saw that any change in this prior massively altered the posterior. Though the change is still

clear to see in this model, it is not as pronounced as it was before. To illustrate this figure A10

shows σ2 for the variables DietaryEnergy and FoodPrice.

Convergence is not an issue for this model either as Gelman-Rubin statistics have converged

to one well before the 5000th draw that we use as burn-in sample. This means that we can

be assured that the draws we use for the statistics of interest are taken from the conditional

posterior distribution of the parameters. The parameter estimates are largely similar to those of

model 1. The biggest differences are in the coefficients of DietaryEnergy and FoodPrice. That

the coefficients of FoodPrice are slightly different makes sense as the only change we made was

in the modelling of the missingness of this variable. The new estimates are shown in table 5. As

we can see the changes are not very large and in any case the coefficients are still very evenly

distributed around zero. The full table with coefficients can be found in the appendix.

Variable Mean Standard deviation Median MC error Percentile zero
Accessibility βDietaryEnergy 0.007 1.09 0.001 0.01 50.05

βFoodPrice 0.03 0.76 0.02 0.01 50.83
Inflation βDietaryEnergy -0.17 1.09 -0.16 0.01 43.75

βFoodPrice 0.12 0.73 0.11 0.009 55.97
Capacity βDietaryEnergy -0.17 1.09 -0.15 0.01 43.97

βFoodPrice 0.12 0.75 0.10 0.009 55.41

Table 5: Parameter estimates from model 2

In terms of prediction we again calculated the MAE to assess how well the model performed.

It turns out this model predicts marginally better with a MAE of 42% but the difference is not

very substantial. Moreover, the confusion matrix looks exactly the same as it did for model 1.

This is because for all observations model 2 predicts the same outcome as model 1. All in all

we can conclude that in terms of both model inference and prediction the differences between

model 1 and 2 are negligible and we do not loose any meaningful information by only using one

of the two.

Model 3

The third and final model is very similar to model 2 that we discussed before. This time we use

a different prior model for the missing variable FoodPrice, namely a logit model using Hazard,
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V ulnerability and CopingCapacity as explanatory variables. The parameters γ1, γ2 and γ3 are

their respective coefficients in the logit model.

As we saw that model 1 and model 2 were very similar in almost every respect we will again

not go too deep into all aspects of model 3 but rather we focus on the differences that stand

out with the other two models. As before, first we examined the sensitivity to the priors using

the same specifications that were described before. It turns out that the differences in prior

sensitivity between this model and the previous two were very minor, if any, and therefore not

worth discussing here. Also in this model parameter convergence was not a problem and the

Gelman-Rubin statistics showed that the parameters have converged well before the 5000 draws

that we use as a burn-in sample.

When we look at the actual parameter estimates we see some differences between model 3 and

the others. Because the main differences appear in the model for Capacity descriptive statistics

of the parameters of this model are shown in table 6. The parameters of the other models

behave similar to the ones shown for model 1 unless mentioned otherwise. The full table with

all parameter estimates can be found in the appendix. The thing that perhaps stands out most

is the fact that all standard deviations are inflated compared to model 1. This holds for almost

all parameters, not just the ones shown in table 6. With regard to the effect of the variables,

we saw in model 1 that the posterior distributions of the coefficients of DietaryEnergy and

FoodPrice were very much centered around zero. In table 6 we see that in this model this is less

obvious and it appears the variables might have some effect on Capacity. In earlier models we

saw too that Hazard, V ulnerability and CopingCapacity had pronounced positive effects on all

three counts of market functioning. In this model for Capacity we see that only V ulnerability

has a clear positive effect. The parameter of Hazard and CopingCapacity have apparently been

shrunk towards zero because these variables were also used in the prior for FoodPrice. The

effects of Corruption and BusinessEase are very similar to the ones estimated in model 1 and

2.
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Variable Mean Standard deviation Median MC error Percentile zero
Capacity α 0.88 0.77 0.86 0.005 87.92

βHazard 0.09 0.86 0.10 0.008 55.04
βV ulnerability 1.76 1.12 1.64 0.012 96.42
βCopingCapacity -0.06 0.73 -0.05 0.007 47.04
βCorruption -0.07 1.116 -0.02 0.010 49.32
βBusinessEase -1.52 1.12 -1.43 0.012 7.05
βDietaryEnergy -0.86 2.51 -0.66 0.025 37.18
βFoodPrice 0.60 1.06 0.52 0.011 71.35

Table 6: Parameter estimates from model 3

With regards to prediction, model 3, as was the case with model 2, performed very similar to

model 1. It has a marginally worse MAE at little over 0.43 and the confusion matrix is again

excactly the same as the one showed in table 3. Again it seems fair to conclude that there are

is little to no substantial difference with model 1. Therefore we will mainly refer to model 1 in

our conclusions as the other two models that we considered did not appear to change the model

output significantly with respect to inference or prediction.

In a final effort to increase the predictions we employ ensemble learning to combine the pre-

dictions of the different models into a final prediction. Ensemble learning refers to the concept

where multiple weak learners or models are combined into one stronger learner. There are some

important caveats about the use of ensemble learning that we need to discuss first. Ensemble

learning is based on the idea that different relatively weak learners each predict certain features

relatively well and others less so. By combining these learners the overall prediction will be much

more accurate than those from any individual model. In other words, the success of ensemble

learning relies on exploiting the different features of each model (Kuncheva and Whitaker 2003).

As we have seen in the discussion of the three models we have treated so far, the differences were

relatively few and far between. We do not know how similar the three models are that we did

not discuss, but it would likely improve the quality of the predictions of our ensemble model if

they are more different than the three models we have discussed so far. In general, when using

ensemble learning it is a good idea to use fundamentally different models and combine them

(Adeva, Beresi, and Calvo 2005). In this research we did not consider other types of models

because they are not as adept at dealing with small data sets and high frequency of missing

data as the models we used here. Another issue when using ensemble learning is that to avoid

overfitting it is better to fit the ensemble model on a different dataset than was used to train
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Figure 5: Graphical representation of stacking

the separate models that comprise the ensemble model. Because our dataset is already very

small, we decided not to split it up any further and therefore used the same dataset to train the

individual models and the ensemble model that combines them.

In this research we specifically used stacking to combine the predictions of the different models

into a final prediction. Stacking is a relatively simple method that has been used extensively in

the literature (see for example Deng and Platt 2014 and Wang et al. 2011). The idea of stacking

is that of all the individual models we use only the final predictions. These predictions are used

as the inputs to a new model and the output of this model is the final prediction. A graphical

depiction of this idea can be found in figure 5. The base learners in our case are the models

that were compared in table 1. Their predictions are used as input for a final model, called the

’meta learner’ in the figure. As we predict a binary variable the meta learner will be a logit model.

Missingness X
Non-ignorable Ignorable-Logit prior Ignorable-Normal prior

Missingness Y Ignorable 3.36 (0.39) 0.94 (0.85) 2.85 (0.61)
Non-ignorable 8.70 (0.39) 15.91 (0.19) -29.2 (0.09)

Table 7: Deviance information criterion for various models

Table 7 shows the coefficients of the predictions of the separate models in the final logit model.
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The p-value is shown between brackets. Surprisingly, the models where the missingness of Y was

explicitly modelled have more significant coefficients in the final solution even though their DIC

was markedly lower, though one of them has a negative coefficient. This is probably because

the ensemble model does not add a penalty for complexity of the separate model whereas the

DIC does. This give some hope that the models are sufficiently different for an ensemble model

to improve the predictions. Unfortunately, the predictions of the ensemble model are only

marginally better than the separate models. The MAE decreases by only 0.01 with respect to

the earlier models and the confusion matrix is shown in table 8. As we can see the confusion

matrix is worse than it was when we took some variables out of the model, further showing

that the ensemble model is only a very slight improvement over the original models. A likely

explanation for the lack of improvement is that, as posited before, the separate models that are

combined in the ensemble model are too similar to yield substantially better predictions when

added together.

Predicted market functioning
Yes No

Actual market functioning Yes 22 12
No 12 22

Table 8: Confusion matrix ensemble

5 Conclusion

In this paper we have studied the functioning of markets in areas where a natural disaster has

struck. This information is important for the Red Cross to inform humanitarian cash transfer

projects as these are not very useful if there are no functioning markets for people to spend cash.

The models that we set up predicted better than random, although the difference was not very

large. The predictions of the model slightly improved after simplifying the model somewhat.

Some variables turned out to have a clear effect on market functioning even though the priors

were designed to have a regularizing effect, which is a promising sign. More specifically, higher

Hazard, Coping Capacity and to a lesser extent Vulnerability ratings clearly have a positive

effect on all three counts of market functioning that we examined. A higher Hazard rating

indicates that a country is more exposed to natural hazards. The results suggest that this leads
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markets to be better adapted to keep functioning after disasters. The Vulnerability and Coping

Capacity ratings measure socio-economic and infrastructural resilience when a disaster strikes

respectively. For these indices, it is harder to see why they positively impact market function-

ing after a disasters as a higher rating indicates less resilience. Also surprisingly, the effect of

food prices on market functioning was minimal, as well as that of the average dietary energy

adequacy. The corruption and ease of doing business indices have mixed effects for the different

kinds of market functioning that we examined in this research, which supports our decision to

split market functioning into three parts. Corruption seems to particularly hurt accessibility of

markets and cause inflation but we found no effect on capacity worth mentioning. In countries

where it’s easier to do business see less inflation and capacity problems after a disaster, but we

did not find as strong an effect on accessibility.

Limitations

With regards to discussion and recommendations for future research it would be remiss not to

begin with the biggest issue of this research: the quality and availability of the data. Not only is

at least one of the three dependent variables missing for a lot of observations, even when we do

have one it is derived from a qualitative report rather than an objective measurement. Although

on each occasion we have reason to believe that we have correctly observed whether a market

was functioning, having an objective measure would definitely be an improvement when trying

to model it. Moreover, on a lot of occasions we couldn’t even find a qualitative indication of

market functioning. Because the number of disasters in a specified area and timeframe is natu-

rally limited, having a sparse dataset is an even bigger issue. In addition to these challenges in

collecting the dependent variables, there were some issues with the explanatory variables as well.

The research focuses on Ethiopia, Kenya and Malawi and as the literature review suggested,

finding reliable data in these countries can be challenging. The few data sources that openly

publish data that is relevant for our research often have poor temporal and spatial resolution.

Indeed, all bar one of the explanatory variables in this research are only measured yearly and

on national level, and that one variable turned out to have no meaningful effect on market

functioning. Because disaster relief is a very time-sensitive business, variables measured on a

yearly basis can only get you so far in predicting something that we wish to be available as soon
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as a disaster has occurred. As we wish to predict the functioning of local markets, the spatial

granularity of the data is also an issue. Variables that are measured on a national level tell

us nothing about how different markets within the country react to a shock like a disaster, or

even which ones have been affected by the shock. As a consequence of these issues, the result

should probably be interpreted as more of a risk profile rather than an up-to-date picture of

how well a market is functioning right after a disaster. Possible promising sources of data to

improve this research include migration records from phone or social media usage, satellite im-

agery and social media data, but for none of these complete historical data is available at present.

One promising avenue to improve the results of this research lies in changing the priors. The role

that priors play in Bayesian research has been extensively discussed before but since the topic of

this research is rather new it is difficult to formulate informative choices for the priors. Because

of this lack of information we formulated priors that were intended to have a regularizing effect

on the parameters. This approach payed off as it helped us define some variables that do not

seem to have any effect on market functioning, and when we examined the sensitivity of the

models to the choice of prior they generally seemed to have the effect we intended them to.

However, if more information were to become available in the future on market functioning after

disasters it would be a good idea to incorporate this knowledge into more informative priors

that shape the results in a more pronounced way.

The different models that were compared in this research corresponded to the different assump-

tions about the missingness of the data that we considered. Inevitably, these are only a limited

number of all the possible assumptions that led to the missingness of the data. In general, we

tried to keep all missingness models and priors for missing data as simple as possible. We did

this because the Deviance Information Criterion punishes the added model complexity which

puts the models at a disadvantages when we have no indication that more complicated models

would achieve a better fit. Despite this, it is very well possible that there are more complicated

missingness models and/or priors that better fit the data that we have not considered. We hope

that as more data becomes available the role of missingness models in future research diminishes

but when richer data sources become available this can also lead to a better understanding of

why and how data goes missing. In this case, better modelling the missingness of the data
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can improve the results of the models. Aside from the modelling of the missing data we only

considered one analysis model in this research. The resulting models were too similar to be

improved by combining them into one superior predictor. Again, the choice of model in this

research was primarily guided by the availability and quality of the data but if this problem

diminishes in the future this would allow others to design other, more effective models to model

market functioning. As these models become more diverse the literature suggests that they can

be improved by combining them into one model that can be assumed to predict better than the

first attempt we have drafted up in this research.
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A6 Appendix

Model specification

In this section we will specify the exact setup of the models we have considered. As explained

in the main text of this paper we considered six different models corresponding to six different

assumptions about the missing data. Table A1 shows what name will refer to what model

hereafter. Note that model 1, 2 and 3 refer to the same model as in the main text of this paper.

Missingness X
Non-ignorable Ignorable-Logit prior Ignorable-normal prior

Missingness Y Ignorable Model 1 Model 2 Model 3
Non-ignorable Model 4 Model 5 Model 6

Table A1: Overview of different models

We start with the main part of the model which is the same for all different models. After

that we denote for each model what additional part is added to deal with the missing data. In

describing the models we use some notation to keep this part relatively concise. First the names

of the explanatory variables are no longer written out. Rather, they are referred to as Xi with

i ∈ 1 : 7. X3 is the only variable with a slightly different specification in the analysis model.

This refers to the variable CopingCapacity, as explained in the Methodology section. Variable

X7 refers to FoodPrice which is the only explanatory variable with missing values. With regard

to the distributions used to define priors, N() will refer to the normal distribution and IG() to

the inverse gamma distribution. At times the function logit() will be used. logit(a) refers to

a
1+a and is written in this way to make the model specification easier to read. When the number

inf is used as parameter of a distribution (typically the scale parameter) it refers to the number

one million. When after a function we add I(> 0), this means that only values greater than

zero were sampled from the specified distribution to avoid sampling negative variances.

Accessibility ∼ Bernouilli(P1)

logit(P1) = α1 + β1.1 ∗X1 + β2.1 ∗X2 + β3.1 ∗X3 + β4.1 ∗X4 + β5.1 ∗X5 + β6.1 ∗X6 + β7.1 ∗X7

Inflation ∼ Bernouilli(P2)
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logit(P2) = α2 + β2.1 ∗X1 + β2.2 ∗X2 + β2.3 ∗X3 + β2.4 ∗X4 + β2.5 ∗X5 + β2.6 ∗X6 + β2.7 ∗X7

Capacity ∼ Bernouilli(P3)

logit(P3) = α3 + β3.1 ∗X1 + β3.2 ∗X2 + β3.3 ∗X3 + β3.4 ∗X4 + β3.5 ∗X5 + β3.6 ∗X6 + β3.7 ∗X7

Priors:

• α1 ∼ N(0, inf)

• α2 ∼ N(0, inf)

• α3 ∼ N(0, inf)

• β1.1 ∼ N(β1, σ
2
b1)

• β1.2 ∼ N(β1, σ
2
b1)

• β1.3 ∼ N(β1, σ
2
b1)

• β1 ∼ N(0, 0.5)

• σ2b1 ∼ N(0, 100)I(> 0)

• β2.1 ∼ N(β2, σ
2
b2)

• β2.2 ∼ N(β2, σ
2
b2)

• β2.3 ∼ N(β2, σ
2
b2)

• β2 ∼ N(0, 0.5)

• σ2b2 ∼ N(0, 100)I(> 0)

• β3.1 ∼ N(β3, σ
2
b3)

• β3.2 ∼ N(β3, σ
2
b3)

• β3.3 ∼ N(β3, σ
2
b3)

• β3 ∼ N(0, 5)

• σ2b3 ∼ N(0, 10)I(> 0)
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• β4.1 ∼ N(β4, σ
2
b4)

• β4.2 ∼ N(β4, σ
2
b4)

• β4.3 ∼ N(β4, σ
2
b4)

• β4 ∼ N(0, 0.5)

• σ2b4 ∼ N(0, 100)I(> 0)

• β5.1 ∼ N(β5, σ
2
b5)

• β5.2 ∼ N(β5, σ
2
b5)

• β5.3 ∼ N(β5, σ
2
b5)

• β5 ∼ N(0, 0.5)

• σ2b5 ∼ N(0, 100)I(> 0)

• β6.1 ∼ N(β6, σ
2
b6)

• β6.2 ∼ N(β6, σ
2
b6)

• β6.3 ∼ N(β6, σ
2
b6)

• β6 ∼ N(0, 0.5)

• σ2b6 ∼ N(0, 100)I(> 0)

• β7.1 ∼ N(β7, σ
2
b7)

• β7.2 ∼ N(β7, σ
2
b7)

• β7.3 ∼ N(β7, σ
2
b7)

• β7 ∼ N(0, 0.5)

• σ2b7 ∼ N(0, 100)I(> 0)

• a ∼ N(0, inf)

• b ∼ N(0, 0.5
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• X7 ∼ N(µX , σ
2
X)

• µX ∼ N(0, 1)

• σ2X ∼ IG(1, 1)

Model 1

MissX ∼ Bernouilli(Pmiss)

logit(Pmiss) = a+ b ∗X7

Priors:

• a ∼ N(0, inf)

• b ∼ N(0, 0.5)

• X7 ∼ N(µX , σ
2
X)

• µX ∼ N(0, 1)

• σ2X ∼ IG(1, 1)

Model 2

X7 Bernouilli(PX)

logit(PX) = γ1 ∗X1 + γ2 ∗X2 + γ3 ∗X3

priors:

• γ1 ∼ N(0, 1)

• γ2 ∼ N(0, 1)

• γ3 ∼ N(0, 1)

Model 3

priors:

• X7 ∼ N(µX , σ
2
X)
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• muX ∼ N(0, 1)

• σ2X ∼ IG(1, 1)

Model 4

MissY ∼ Bernouilli(PMissY )

logit(PMissY ) = a1 + b1 ∗Accessibility + b2 ∗ Inflation+ b3 ∗ Capacity

MissX ∼ Bernouilli(PMissX)

logit(PMissX) = a2 + b4 ∗X7

priors:

• a1 ∼ N(0, inf)

• b1 ∼ N(0, 0.5)

• b2 ∼ N(0, 0.5)

• b3 ∼ N(0, 0.5)

• a2 ∼ N(0, inf)

• b4 ∼ N(0, 0.5)

Model 5

MissY ∼ Bernouilli(PMissY )

logit(PMissY ) = a1 + b1 ∗Accessibility + b2 ∗ Inflation+ b3 ∗ Capacity

X7 Bernouilli(PX)

logit(PX) = γ1 ∗X1 + γ2 ∗X2 + γ3 ∗X3

priors:

• a1 ∼ N(0, inf)

• b1 ∼ N(0, 0.5)
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• b2 ∼ N(0, 0.5)

• b3 ∼ N(0, 0.5)

• γ1 ∼ N(0, 1)

• γ2 ∼ N(0, 1)

• γ3 ∼ N(0, 1)

Model 6

MissY ∼ Bernouilli(PMissY )

logit(PMissY ) = a1 + b1 ∗Accessibility + b2 ∗ Inflation+ b3 ∗ Capacity

priors:

• a1 ∼ N(0, inf)

• b1 ∼ N(0, 0.5)

• b2 ∼ N(0, 0.5)

• b3 ∼ N(0, 0.5)

• X7 ∼ N(µX , σ
2
X)

• µX ∼ N(0, 1)

• σ2X ∼ IG(1, 1)
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Prior sensitivity plots

∼ N(0, 106) ∼ N(0, 10) ∼ N(0, 5) ∼ N(0, 2)

Figure A1: Prior sensitivity α model 1

∼ N(−1, 0.5) ∼ N(0, 0.5) ∼ N(1, 0.5)

Figure A2: Prior sensitivity βCorruption model 1
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∼ N(−1, 0.5) ∼ N(0, 0.5) ∼ N(1, 0.5)

Figure A3: Prior sensitivity βCopingCapacity model 1
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∼ N(0, 10) ∼ N(0, 0.5) ∼ N(0, 0.2)

Figure A4: Prior sensitivity βHazard model 1

∼ N(0, 100)I(> 0) ∼ N(0, 10)I(> 0) ∼ N(0, 1)I(> 0)

Figure A5: Prior sensitivity σ2 model 1
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∼ N(0, 106) ∼ N(0, 100) ∼ N(0, 5) ∼ N(0, 2)

Figure A6: Prior sensitivity a.X model 1

∼ N(−1, 0.5) ∼ N(0, 0.5) ∼ N(1, 0.5)

Figure A7: Prior sensitivity b.X model 1

∼ N(0.0.1) ∼ N(0, 0.5) ∼ N(0, 2)

Figure A8: Prior sensitivity b.X model 1
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∼ N(0, 0.2) ∼ N(0, 0.5) ∼ N(0, 10)

Figure A9: Prior sensitivity βBusinessEase model 2

∼ N(0, 100)I(> 0) ∼ N(0, 10)I(> 0) ∼ N(0, 1)I(> 0)

Figure A10: Prior sensitivity σ2 model 2
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Model estimates

Variable Mean Standard deviation Median MC error Percentile zero
Accessibility α -1.45 0.60 -1.43 0.005 0.43

βHazard 0.45 0.47 0.44 0.008 83.44
βV ulnerability 0.11 0.61 0.14 0.006 59.05
βCopingCapacity 0.68 0.40 0.66 0.006 95.86
βCorruption 0.55 0.68 0.54 0.007 79.71
βBusinessEase -0.18 0.61 -0.20 0.006 37.04
βDietaryEnergy 0.007 1.09 0.001 0.01 50.05
βFoodPrice 0.03 0.76 0.02 0.01 50.83

Inflation α 0.34 0.57 0.34 0.003 72.32
βHazard 0.48 0.46 0.47 0.008 85.34
βV ulnerability 0.66 0.58 0.65 0.005 88.06
βCopingCapacity 0.89 0.47 0.85 0.007 98.09
βCorruption 0.80 0.68 0.77 0.007 88.77
βBusinessEase -0.56 0.61 -0.55 0.006 17.27
βDietaryEnergy -0.17 1.09 -0.16 0.01 43.75
βFoodPrice 0.12 0.73 0.11 0.009 55.97

Capacity α 0.72 0.62 0.71 0.003 87.97
βHazard 0.44 0.47 0.43 0.008 82.58
βV ulnerability 0.90 0.65 0.86 0.007 92.89
βCopingCapacity 0.53 0.45 0.52 0.007 88.54
βCorruption 0.002 0.68 0.03 0.007 51.67
βBusinessEase -0.78 0.67 -0.75 0.007 11.08
βDietaryEnergy -0.17 1.09 -0.15 0.01 43.97
βFoodPrice 0.12 0.75 0.10 0.009 55.41

Table A2: Parameter estimates from model 2
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Variable Mean Standard deviation Median MC error Percentile zero
Accessibility α -1.61 0.76 -1.58 0.007 1.01

βHazard 0.87 0.97 0.77 0.011 83.15
βV ulnerability -0.29 0.87 -0.25 0.009 38.21
βCopingCapacity 0.69 0.62 0.68 0.006 87.57
βCorruption 0.64 0.98 0.61 0.009 74.73
βBusinessEase 0.15 0.89 0.13 0.010 55.84
βDietaryEnergy -0.005 2.45 0.003 0.021 50.04
βFoodPrice 0.18 1.13 0.15 0.014 55.91

Inflation α 0.62 0.81 0.59 0.006 77.86
βHazard 0.71 0.86 0.66 0.008 80.43
βV ulnerability 1.25 0.91 1.18 0.009 93.09
βCopingCapacity 2.02 1.13 1.88 0.012 98.78
βCorruption 1.41 1.12 1.31 0.013 91.58
βBusinessEase -1.26 0.97 -1.20 0.010 8.47
βDietaryEnergy 0.05 2.52 0.03 0.023 50.57
βFoodPrice 0.34 1.06 0.32 0.010 62.72

Capacity α 0.88 0.77 0.86 0.005 87.92
βHazard 0.09 0.86 0.10 0.008 55.04
βV ulnerability 1.76 1.12 1.64 0.012 96.42
βCopingCapacity -0.06 0.73 -0.05 0.007 47.04
βCorruption -0.07 1.116 -0.02 0.010 49.32
βBusinessEase -1.52 1.12 -1.43 0.012 7.05
βDietaryEnergy -0.86 2.51 -0.66 0.025 37.18
βFoodPrice 0.60 1.06 0.52 0.011 71.35

Table A3: Parameter estimates from model 3
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