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ABSTRACT 

Food insecurity has long been a problem globally and even more so in low and middle income countries. 

However, existing indicators to assess and monitor food security are often operationally constrained as these 

do not provide insights on the underlying causes of food insecurity. One of the under-studied pillars of food 

security is food access or the ability of people to physically, economically, and socially access food. The food 

access studies that have incorporated a spatial context have mostly considered physical access but not 

economic access and have only done so in a limited spatial coverage. Moreover, several social inequalities 

have been studied but none so far have examined inequalities in food access. 

 

This study aimed to quantify food access and food access inequality across the urban-rural continuum of 

Ethiopia across time. To do this, this study developed a food access index (FAI) from household survey 

data using principal component analysis (PCA). Variables related to physical and economic access were 

found to be majority of the significant variables in the first principal component, but economic access 

variables had stronger contributions. The newly developed index was predicted across space and time for 

Ethiopia at high spatial detail using geospatial covariates by selecting important geospatial variables using 

random forest (RF). A generalized additive model (GAM) was trained to predict the FAI using 4 selected 

variables, namely, (1) road proximity, (2) travel time to markets, (3) cereal prices, and (4) precipitation at 

coldest quarter, and achieved an R2 of 0.62. The predicted FAI across Ethiopia’s urban-rural continuum 

showed that peri-urban areas, which make up a considerable proportion of the population, had low food 

access. Peri-urban areas of intermediate and small cities had the most temporally volatile food access within 

a year leaving such areas vulnerable to food price spikes. Finally, food access inequality was quantified by 

calculating the Gini index from the spatial predictions of the FAI and was found to be low for all of Ethiopia, 

driven by the large area percentage of small cities and catchment areas where food access inequality was low. 

However, food access inequality was high in large and intermediate cities and their catchment areas. 

 

From these findings, this study provided a proof-of-concept of the possibilities for spatiotemporal 

quantification of food access at high spatial detail. Moreover, a scenario development application1 was also 

built to simulate possible shocks like price spikes which comes at a time when global food access is 

threatened by rising prices caused by the war in Ukraine, among others. This study recommends further 

testing and improving this approach by (1) testing other modelling techniques and (2) implementing at multi-

country or global scale to develop more insights into food access across the urban-rural continuum. 

 

Keywords: Food access, inequality, household survey, geospatial data, urban-rural catchment areas, 

principal component analysis, random forest, generalized additive model, Gini index 

 
1 Available at bit.ly/FoodAccessScenarios 
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1. INTRODUCTION 

1.1. Background 

1.1.1. Food insecurity 

The long term trend of declining global hunger has recently reversed, with an estimated 821 million people 

estimated to be undernourished (FAO et al., 2018). This increase is even accelerating in sub-Saharan Africa 

(SSA) where population projections have increased from 1.52 billion in 1998 to 2.12 billion in 2019 (Ezeh 

et al., 2020) with 24.1% suffering from undernourishment in 2020 (FAO et al., 2021). This means that the 

severity of food insecurity in the region is increasing and the need for evidence-based solutions to reduce 

and eventually eradicate food insecurity is critical. Food security is defined as “when all people, at all times, 

have physical and economic access to sufficient, safe and nutritious food to meet their dietary needs and 

food preferences for an active and healthy life” (Campbell, 1991, pp. 408-409; FAO, 1996). This definition 

incorporates the four pillars of food security: availability, utilization, access, and stability. Food availability 

relates to food production, import, and stocks while utilization focuses on the quality and nutritional value 

of food. Food access focuses on distribution, market infrastructure, and affordability. Lastly, stability means 

the upkeep of the other three pillars of food security over time, even after periodic food insecurity or shocks 

(e.g. conflict or climatic crisis). 

 

A standard global framework used in crafting solutions towards food security is the United Nations’ 

Sustainable Development Goal 2 (SDG 2) which specifically aims to “end hunger, achieve food security and 

improve nutrition and promote sustainable agriculture” (UN General Assembly, 2015, p. 14). Directly 

related to food security, the first target of SDG 2 (SDG 2.1) is to “end hunger and ensure access by all 

people” (UN General Assembly, 2015, p. 15) by 2030. In order to properly monitor the progress towards 

such targets, indicators for each target were proposed. SDG indicator 2.1.2 utilizes the Food Insecurity 

Experience Scale (FIES) (Cafiero et al., 2016) to evaluate the prevalence of food insecurity (United Nations, 

2017). This is the only indicator under SDG 2.1 that explicitly and directly looks at food security since the 

other indicator, prevalence of undernourishment, is a manifestation of either lack of access to food, in 

general, or lack of access to healthy food. The FIES ranks the severity of food insecurity from (lowest 

severity) worrying about not acquiring food, consuming food of lower quality, eating food in less quantity, 

to (highest severity) actually experiencing hunger (Graham et al., 2014).  

 

The FIES, however, is only a direct assessment of the status of food insecurity and does not consider the 

linkages and causalities leading to such conditions. The view of investigating the interrelated components 

of food security is also in agreement with a proposed transformation to the monitoring framework of food 

systems that intends to look at different yet relevant themes (Fanzo et al., 2021). Solving food insecurity 

needs a multi-stakeholder approach where governments alongside non-profit organizations rely on correct 

quantitative information on not only the state of food security, but also its underlying factors, to determine 

what kind of humanitarian aid and investments to provide and where to focus such interventions (Elbers et 

al., 2007). 

 

A large number of studies used a geospatial and remote sensing approach to better understand food 

production and availability (Foley et al., 2011; Husak et al., 2008; Mohammed et al., 2020; Wu et al., 2018). 

Many of these have focused on improved crop health and yields (Karthikeyan et al., 2020; Mutanga et al., 

2017; Sishodia et al., 2020). Much less attention has been paid to geospatial approaches that can model 
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disparities in food distribution and access despite recognition that understanding the spatial variation of 

such disparities is vital for food security assessments and local policy planning (Brown, 2016; Lele et al., 

2016). 

1.1.2. Food access 

Food accessibility refers to the physical, economic, and social ability of people to acquire food. The physical 

aspect of food access can be simplified into transport options, ease of mobility, and the proximity and travel 

time to food-related services like markets (Lê et al., 2015). Economic food access is the ability to purchase 

food which is usually driven by a combination of food market prices, household income, and access to 

financial and social support (Lele et al., 2016) while the social aspect of food accessibility pertains to the 

social and cultural norms of purchasing certain food items. The importance of food accessibility is reinforced 

by the idea that food availability alone does not assure food security (Sen, 1981). This is also supported by 

the simultaneous occurrence of a 9% increase in the undernourished population even with global food 

production increasing by 12% since 1990 (Barrett, 2010). Furthermore, increases in access to food partially 

contributed to higher diet diversity in China (Liu et al., 2014; Wang et al., 2017). Frelat et al. (2016) also 

recommended that increasing agricultural production and reducing yield gaps be complemented with 

improving food and market access to boost food security in the SSA, and further called for policy 

harmonization across multiple sectors. The need to accurately measure and map the variations and possible 

inequalities of food accessibility is crucial for such policy development and can be done using both 

qualitative and quantitative household (HH) surveys on food access and nutrition (Lele et al., 2016). 

 

Studies on food accessibility have been conducted with both spatial and non-spatial approaches. Non-spatial 

approaches mostly use surveys that cover a small area (one village or town) over a relatively short period of 

time (a few days to a few weeks) providing detailed assessments of the complexities of food access. For 

example, in Cuba, food diaries were used to document the entire journey of staple food like rice and beans 

from their source and how these reach the consumer (Bono and Finn, 2016). These food diaries also 

provided insight on how social and informal activities like gift-exchange impact food access, something that 

the common market-trade perspective usually does not see. Food shortages in rural households in 

Bangladesh and Ethiopia were modelled using a binary choice model with wealth, shocks (such as drought, 

flood, and storage loss) and social norms as factors, and found that in Bangladesh, cultural traditions like a 

dowry negatively impacted household purchasing power and subsequently affected economic access to food 

(Velazco and Ballester, 2015). The same study found that in Ethiopia, experiencing such shocks as well as 

participating as consumers in food markets increased the probability of facing food shortages in rural 

households. Moreover, using the household food insecurity access scale (HFIAS) in the Yayu area in the 

southwest region of Ethiopia, differing levels of food insecurity were reported in 53% of households 

(Usman and Callo-Concha, 2021). The importance of access to food markets in Ethiopia was reinforced by 

Usman and Haile (2019) where an increase in the distance to the nearest market meant a substantial decrease 

in food consumption expenditure. While these studies provide a deep dive into food access, they mostly 

miss two key elements which are physical access and spatial context. 

 

Previous studies have quantified food accessibility using various spatial accessibility measures with different 

distance calculations with results showing no clear pattern in terms of underlying factors affecting food 

access. For example, proximity to the nearest market using network distance was used to assess the level of 

food access across three different time periods and found low levels of food access in areas with low income 

and minority neighbourhoods (Kolak et al., 2018). This was consistent with findings from Garcia et al. 

(2020) who employed a population-adjusted kernel density estimation in relation to food stores to calculate 

food access. Furthermore, to adapt solutions in a food context, the two-step floating catchment area 

(2SFCA) method (Radke and Mu, 2009) was modified to consider both supply and demand and this also 

yielded similar results where wealthy areas had higher levels of food access (Chen, 2017). All these coincide 
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with the concept of “deprivation amplification” which says that economically challenged areas tend to have 

lower access to resources (Macintyre, 2007). However, another study that used the number of grocery stores 

within a geographic boundary to represent market density, reported conflicting findings where areas with 

more grocery stores had higher poverty rates (Jeong and Liu, 2020). A spatial lag model produced matching 

results where economic deprivation was associated with higher food access (Jin and Lu, 2021).  

 

This disagreement in results suggests that solely relying on physical access to represent access may be 

inadequate because even with good physical access, maximizing the use of the transport infrastructure may 

not be economically viable (Nelson et al., 2019). In the context of food access, travel costs to the nearest 

market or the food being sold could be unaffordable. Thus, for a more accurate representation of food 

accessibility, the inclusion of economic access to food in its calculation is a must. There have been studies 

that considered both economic and physical access to food (Breyer and Voss-Andreae, 2013; Jiao et al., 

2012) where food affordability was emphasized but these were conducted at local scale, either for a single 

city or town. However, both physical and economic access to food could vary substantially across urban, 

peri-urban, and rural areas (Janda et al., 2021; Nyangasa et al., 2019). 

1.1.3. Urban-rural disparities 

To create a clear spatial representation of the urban-rural systems, urban-rural catchment areas (URCAs) 

were mapped by Cattaneo et al. (2021b) at a global scale. They observed that only about 20% of the global 

population live in or move around large urban cities (population > 1 mil.) while more than 50% are located 

in small cities (population < 0.25 mil.) and its surroundings. Furthermore, the same study showed the 

importance of peri-urban areas of intermediate (population of 0.25-1 mil.) and small cities since about 25% 

of the population in low-to-middle income countries (LMICs) live in such areas. However, there was a 

scarcity of studies examining the interrelatedness of food systems across urban and rural areas (Abu Hatab 

et al., 2019). Cattaneo et al. (2021a) further argued that to properly deal with issues related to food, policies 

and their accompanying studies must be done at larger scales that include urban, peri-urban, and rural areas, 

which the URCAs provide. Furthermore, there are limited studies on inequalities related to food systems 

from a spatial perspective at both intra-urban and inter-country scale but none across the urban-rural 

continuum. 

 

Inequalities in undernutrition and stunting, both health manifestations of lack of food access, have grown 

since 1975 (Bell et al., 2021). The same study found the concentration of such health issues mainly in LMICs 

like India, Indonesia, and Ethiopia. Further, analyses of inequalities in food availability and nutritional value 

should be accompanied with access, both physical and economic, as excluding access may only 

underestimate inequality given that prices of food high in nutrition can largely vary (Headey and Alderman, 

2019). While food access inequalities have been studied (Ball et al., 2009; Li et al., 2019), none have done so 

at larger scales, like at country-level. And to fully grasp the extent of inequality in our food systems, large-

scale, granular, and subnational data are required to pinpoint various demands and disparities in food system 

measures (Downs and Fox, 2021). 

 

There have been very few large-scale (regional to global) studies on food access. HH survey data from 15 

countries in SSA were analyzed and found child stunting and undernutrition, health outcomes associated 

with food insecurity (Gundersen and Ziliak, 2015), to be worse in rural areas than urban areas (Fotso, 2007). 

In the United States, county-level food access, measured as access to different types of stores and markets, 

was calculated for all non-metropolitan counties in the country (Deller et al., 2015). Pozzi and Robinson 

(2008) quantified food access as travel time to the nearest market in seven countries in East Africa. To 

include informal markets, their definition of a market was extended to thinly populated urban areas but also 

acknowledged that their database was still incomplete in terms of location of markets and urban centers. A 

possible reason for the lack of large-scale analyses is the unavailability or incompleteness of input data. For 
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example, road networks or market locations outside large cities are either incomplete or not detailed enough. 

To partly address these data gaps, many researchers and organizations have recently made their datasets and 

results openly available. 

1.1.4. Recent advancements in data availability and analysis techniques 

In 2015, a global friction surface dataset at 1×1 km resolution, sourced from OpenStreetMap (OSM) and 

Google, that estimated the number of minutes it takes to travel one meter of the Earth’s surface, was made 

openly available (Weiss et al., 2018). Travel time to cities was estimated on the basis of this friction surface 

and its relevance was demonstrated through correlations with socioeconomic outcomes at a global scale 

(Weiss et al., 2018). This was further expanded by Nelson et al. (2019) by calculating the travel time to cities 

of different population sizes and found high levels of spatial variability specifically in sub-Saharan Africa. 

The previously mentioned URCAs (Cattaneo et al., 2021b) were also derived using an updated version of 

the friction surface dataset (Weiss et al., 2020). This gave a clearer connected picture, in terms of access to 

services, of not only rural and urban areas but also the peri-urban areas that usually go unnoticed. All these 

recently developed datasets and results pave the way for new accessibility related studies. 

 

Another data source is the Living Standards Measurement Study (LSMS) by The World Bank which has 

collected HH surveys in several countries, including lower-middle income countries (LMICs), to better 

understand welfare and behaviour and consequently craft local policies (Grosh et al., 1998). It has been used 

in many different applications in several LMICs like assessing poverty (Menchini and Redmond, 2009), 

education (Lohani et al., 2010), and food security (Zezza and Tasciotti, 2010). Another source of HH level 

survey data is the Demographic and Health Surveys (DHS), a similarly structured dataset to the LSMS, that 

focuses more on health and nutrition but also provides some economic insights.  

 

Indices have been developed to consolidate and quantify the responses from the numerous questions in 

these surveys. For example, an asset-based wealth index was constructed from the DHS data to quantify 

wealth by applying principal component analysis (PCA) and using the first principal component to explain 

wealth (Filmer and Pritchett, 2001; Rutstein and Johnson, 2004). Other methods for single index aggregation 

have also been used. For example, the Human Development Index uses the geometric mean of several 

country-level indicators like education, life expectancy, and standard of living (UNDP, 2020). These 

calculated indices from HH surveys provide a direct quantifiable measure of different aspects of living and 

present opportunities for more quantitative studies. 

 

An important aspect of these surveys is that most are geolocated which means they provide spatial 

information about food insecurity, access to services, wealth, and food prices at household and community 

level. To exploit the spatial aspect of the data, Jean et al. (2016) integrated the expenditure data from the 

LSMS data and the wealth index from DHS with nightlight and other satellite imagery to estimate village-

level expenditure and poverty in five countries, including remote areas where surveys have not yet been 

conducted. Also, since satellite imagery has been available for more than a decade, Yeh et al. (2020) 

successfully trained a deep learning model on multispectral imagery to estimate cluster- and district-level 

economic well-being in 23 countries in Africa over time. Recently, Chi et al. (2022) improved upon this and 

estimated relative wealth from the DHS datasets but using finer spatial grids of 2.4 km resolution instead of 

spatially-aggregated estimates and at a larger spatial coverage of 135 LMICs across the world. 

 

Several approaches to national scale analyses for food security have been tested, although not specifically in 

a food access context. Lentz et al. (2019) used HH surveys and geospatial data like demography, rainfall, 

markets, and geography in linear and log-linear regressions to predict three food security measures for village 

clusters for the entirety of Malawi, at 83 to 99% accuracy. In a similar approach, food security transitions, 

specifically the change in Integrated Phase Classification, for all livelihood zones in Ethiopia were forecasted 
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from geospatial covariates and HH surveys using machine learning and achieved promising results in long 

term forecasting (Westerveld et al., 2021). Both studies showed the potential of HH surveys and geospatial 

covariates in tandem with data-driven approaches like machine learning to conduct reliable national scale 

food security assessments. These approaches, combined with the availability of the friction surface dataset, 

its derivative works like the URCA classification, and the array of LSMS and DHS surveys, opens 

possibilities for novel accessibility studies because of their global spatial coverage and the use of such 

datasets together in the context of food security has not yet been done at large scales. 

1.2. Problem statement 

Food insecurity has been a long-standing problem in SSA. Indicators to assess food insecurity status in the 

SDG framework are limited and do not give much insight to the individual pillars of food security and the 

underlying factors. Many studies have investigated food production and food availability at both small and 

large scales. However, food availability is only one pillar of food security and while several studies have also 

been conducted to investigate and monitor food access, most of these were either done at local scale (e.g. 

village or town level) or were non-spatial in nature. Those studies fail to describe the disparity across urban, 

peri-urban, and rural areas.  

 

Clearly, there is a lack of research in terms of investigating the differences in food access across urban and 

rural food systems (Abu Hatab et al., 2019). Policies to account for differences in education and health 

across the urban-rural continuum have been proposed but not for food systems (Cattaneo et al., 2022). Only 

one study has focused on food accessibility in parts of SSA at a large scale (e.g. country or multi-country 

level) from a geospatial perspective (Pozzi and Robinson, 2008) but had considerable data limitations. 

Another shortcoming of existing studies, including Pozzi and Robinson (2008), is that these have not 

considered both physical and economic access side-by-side as most have only assessed food access in terms 

of physical access. The studies that considered both economic and physical access were (1) intra-urban 

analyses and (2) only included affordability, in terms of supermarket prices, and not purchasing power or 

wealth (Breyer and Voss-Andreae, 2013; Jiao et al., 2012). Similarly, studies that examined inequalities in 

food access from a spatial context have not done so at country-scale (Ball et al., 2009; Li et al., 2019). Lastly, 

even if we are in a time when so many different datasets are available, like the LSMS survey data in Ethiopia, 

along with the fast-paced development of various techniques in the field of artificial intelligence and spatial 

analysis, there is still a lack of granular and disaggregated (not bound by administrative boundaries) 

information on food access when detailed targeting of interventions and policy crafting is needed. 

1.3. Research objectives and questions 

This study primarily aims to combine the use of HH survey and geospatial data to estimate food accessibility, 

accounting for both physical and economic access, across URCAs in Ethiopia and then to quantify the 

inequality in food access from these estimations. To do so, the study intends to develop a food accessibility 

index for Ethiopia at a high spatial detail. Such a food accessibility index can be used together with the FIES 

to better understand the underlying causes of food insecurity, specifically in terms of food access. 

 

The detailed sub-objectives, research questions, and hypotheses are: 

a) To construct a food accessibility index from LSMS survey data using principal component 

analysis. 

1. Which LSMS indicator variables align together in each principal component? 

Hypothesis: Economic and physical access will be of equal importance. 

 

b) To estimate an intra-annual disaggregated food accessibility index for the entire Ethiopia 

using geospatial data. 
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1. What geospatial factors significantly contribute to the food accessibility index in Ethiopia? 

Hypothesis: All geospatial factors equally contribute to the food accessibility index. 

2. What is the difference in levels of the food accessibility index across URCAs? 

Hypothesis: The food access index does not change with distance from urban centers. 

3. How does the food accessibility index change across months in a year? 

Hypothesis: The food access index is constant across the year. 

 

c) To quantify the level of food access inequality across URCAs in Ethiopia. 

1. What is the difference in inequality in food accessibility across the different URCAs? 

Hypothesis: Food access inequality does not change with distance from urban centers.  

1.4. Conceptual diagram 

The conceptual diagram takes the entire country of Ethiopia as the encompassing system. It shows that 

consumers and producers both make use of the transport infrastructure in relation to their respective uses 

of food and crop markets. Crops, the production of which is dependent on climate, weather, soil 

characteristics, and farming practices, are sold by the producers/farmers to markets as part of their 

livelihood. Crop production also affects food prices and in the same way, anything that affects crop 

production like weather also indirectly impacts food prices. On the other hand, consumers purchase crops 

according to their purchasing power and asset ownership. Assistance, in any form, be it financial or in-kind, 

from many different organizations or governments also provides support to communities. Lastly, shocks 

like conflict, hamper the transport infrastructure limiting physical access to markets. 

 

 

 

Figure 1. Conceptual Diagram 
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2. STUDY AREA AND DATASETS 

2.1. Ethiopia 

The study area is the entire country of Ethiopia which is located in East Africa, specifically in the “Horn of 

Africa”. It is the tenth-largest country in Africa with a surface area of more than 1.1m km2 (UNEP, 2008) 

and a population of almost 100m in 2015. The urban population is expected to double by 2050 (FAO, 2017). 

The majority of the population reside in the Ethiopian Highlands which is divided by the Great Rift Valley. 

The majority of agricultural production in the country comes from these highlands which subsequently 

cause extensive soil erosion and desertification (UNEP, 2008). A large portion of the land in Ethiopia is 

considered moderately to severely degraded caused by many factors like overgrazing, deforestation, and 

poor farming practices. 

As seen in Figure 3, Ethiopia’s crop calendar has two seasons: the Belg season, or the short rainy season, 

which runs from February to late April or May and the Meher season, or the main season, which runs from 

Figure 2. Map of Study Area. Base map source: ESRI 

Figure 3. Ethiopia crop calendar. Source: (FAO, 2021b) 
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around mid-May to September, depending on the area. The middle of the Meher season is usually considered 

a “lean period” as crops are still growing and there is less available products in the market. 

2.2. Living standards measurement study 2018 data 

The 2018 LSMS dataset in Ethiopia (Central Statistics Agency of Ethiopia, 2020), also known as the Ethiopia 

Socioeconomic Survey 2018-19 or ESS4, was the fourth wave of socioeconomic surveys by World Bank 

and LSMS in Ethiopia, with previous ones being conducted in 2011-12, 2013-14, and 2015-16. The data was 

collected between September 2018 and August 2019 with separate visits during September-December 2018, 

February-March 2019, and finally June-August 2019. The data covers 6,804 households in 535 communities 

which were regionally and nationally representative of urban and rural areas. The data contains several 

sections covering different themes, some of which were considered more relevant to food access than 

others. Here, our focus was on variables like access to basic services which related to physical access as well 

as asset ownership, access to assistance, and market prices which were deemed relevant for economic access 

to food. The section on food security gave insight into the access-related causes of food shortage, and lastly, 

the section of remotely sensed geo-variables relates to food production and subsistence farming, a practice 

where farmers produce for their own consumption instead of selling to markets. For asset ownership, only 

assets related to transportation, cooking, and food storage were used. Sections on housing, education, health, 

employment, livestock, and non-farm enterprises, among others, were excluded from the analysis. 

Furthermore, indicator variables in each section were also filtered based on their relevance to food access 

as seen in Table 1. 

 

Apart from HH survey responses, the geolocations of all 535 communities were also recorded. Geolocations 

of households, however, were not provided as these were considered sensitive and private information. 

Moreover, the process used by the DHS to further ensure privacy was adopted (Burgert et al., 2013) where 

a random offset was applied to the community locations which ranged between 0-2 km for urban 

communities and 0-10 km for rural communities. To maintain the accuracy of the locations, the 

displacement was constrained to remain within the same second administrative level (zones). The 

methodology section further describes how the random offset was addressed to ensure accuracy of the 

spatial representation even with the displacement. 

 
Table 1. Ethiopia 2018 LSMS themes and variables used in study. 

Theme Collection Level Variable name Variable description 

Identification Community ea_id Enumeration Area ID 

Access to basic 

services 
Community 

road_type Type of main access road (1-4, best to worst) 

dist_aspRoad 

dist_bus 

dist_MUC 

dist_markets 

Distance to (in meters): 

• Nearest asphalt road 

• Nearest bus station 

• Nearest major urban center 

• Large weekly market 

fare_MUC 

fare_woreda 

Fare to (in Ethiopian Birr): 

• nearest major urban center  

• nearest woreda 

Asset ownership Household 

bike_perc 

motor_perc 

cart_h_perc 

cart_a_perc 

car_perc 

Do you own a: 

• Bicycle 

• Motorcycle 

• Cart – hand pushed 

• Cart – animal drawn 
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ker_perc 

cyl_perc 

ene_perc 

refr_perc 

shelf_perc 

bio_perc 

ele_st_perc 

ele_mit_perc 

• Private car 

• Kerosene stove 

• Cylinder stove 

• Energy-saving stove 

• Refrigerator 

• Shelf for food storage 

• Biogas stove 

• Electric stove 

• Electric mitad2 

Individual phone_perc • Mobile phone 

Food security Household 

FI_expense_perc 

FI_transpoCost_perc 

 

FI_dist_perc 

Causes of food insecurity: 

• Food in market was very expensive 

• Not able to reach market (high 

transportation cost) 

• Market very far 

Access to 

assistance 
Household total_assist 

Total value of: 

• Cash received 

• Food received 

• In-kind assistance received 

Market prices Community 

 

price_1 

price_2 

price_3 

price_4 

price_5 

price_6 

Price of crop group in nearest market 

• Cereals 

• Pulses 

• Oil seed 

• Vegetables 

• Fruits 

• Tubers 

Remote sensing 

geovariables 
Community 

twi 

 

sq1 

sq2 

sq3 

sq4 

sq5 

sq6 

sq7 

af_bio_1 

af_bio_12 

cropshare 

popdensity 

anntot_avg 

ndvi_avg 

 

ndvi_max 

 

Topographic Wetness Index 

Soil quality: 

• Nutrient availability 

• Nutrient retention capacity 

• Rooting conditions 

• Oxygen availability to roots 

• Excess salts 

• Toxicity 

• Workability 

Annual mean temperature (in °C) 

Annual precipitation (in mm) 

2018 percent cropland in local area 

2018 population density per km2 

Average annual total rainfall (in mm) 

Long-term average NDVI in primary 

growing season 

Long-term maximum decadal NDVI value in 

primary growing season 

 
2 Mitad is a flat pan primarily to prepare injera, a common staple food in Ethiopia. 



ESTIMATING CONSUMER FOOD ACCESSIBILITY ACROSS URBAN-RURAL CATCHMENT AREAS IN ETHIOPIA 

 

16 

2.3. Geospatial datasets 

The following geospatial datasets were all clipped to the country boundary of Ethiopia and reprojected to 

the same coordinate system: WGS 84 Web Mercator, one of the most commonly used projection systems 

as well as the de-facto standard for web mapping applications (Battersby et al., 2014). This coordinate system 

was also used to ensure compatibility with outputs from different countries for possible future work. Since 

the main concern was on areas where people live, subsets of all datasets were made by removing areas with 

no population. The summary of geospatial datasets are found in Table 2 and the following sub-sections 

describe the datasets in detail. 

 
Table 2. Geospatial datasets used in study. 

Dataset Source # of variables Use in study 

Market locations 
World Food Programme (2021a) 1 

Create travel time 

to markets 

Friction surface 
Weiss et al. (2020) 1 

Create travel time 

to markets 

Travel time to markets Computed in this study 1 

Predictor variable 

for FAI 

Road proximity OpenStreetMap 1 

Bioclimatic variables WorldClim 2 (Fick and Hijmans, 

2017) 
19 

Monthly precipitation WorldClim 2 (Fick and Hijmans, 

2017) 
1 

Predictor variable 

for cereal price Travel time to cities Nelson et al. (2019) 3 

Population density WorldPop et al. (2018) 1 

Food prices World Food Programme (2021b) 1 

Predictor variables 

for FAI 

Elevation FABDEM (Hawker et al., 2022) 1 

Slope Calculated from elevation 1 

Land use land cover ESA (Zanaga et al., 2021) 1 

Soil quality FAO and IIASA (2021) 14 

Agricultural production MapSPAM (International Food 

Policy Research Institute, 2020) 
23 

Urban-rural catchment 

areas 
Cattaneo et al. (2021b) 1 

Spatial aggregation 

of FAI 

2.3.1. Market locations 

Market locations in Ethiopia (119 markets) were provided by the World Food Programme (WFP) (World 

Food Programme, 2021a). Although this dataset does not contain all existing markets in Ethiopia, the 

markets in the dataset are those considered important by World Food Programme’s (WFP) local offices 

based on regional representativeness and importance in WFP operations. Moreover, integrating crop price 

data to their respective markets was convenient because WFP’s food price data also had corresponding 

market names which matched with the market names in the market location data. 

2.3.2. Friction surface 

As physical accessibility, in general, is largely dependent on the transport infrastructure, the updated friction 

surface (Weiss et al., 2020) provides some insight of the different aspects of such infrastructure like quality 

of roads, steep slopes, and land cover. It contained information on how many minutes it would take to travel 

one meter in a certain pixel. Road data came from a combination of both OpenStreetMap (OSM) and 

Google roads wherein Google roads helped maintain the connectedness of the road network in areas where 
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availability of OSM road data was limited. Also, minor roads like unpaved roads were included in the 

development of the dataset which added a large volume of information that allowed for a more precise 

depiction of the transport infrastructure. The updated friction surface of Ethiopia is provided at 

approximately 1 kilometer resolution. 

2.3.3. Travel time to markets 

Adopting the established method to estimate travel time using the updated friction surface (Weiss et al., 

2020) from previous studies (Cattaneo et al., 2021b; Nelson et al., 2019; Weiss et al., 2020, 2018), travel time 

to market locations (World Food Programme, 2021a) was calculated. Using the R package “gdistance” (van 

Etten, 2017), a transition matrix considering eight directions was created from the friction surface and then 

geographically corrected. From this transition matrix, the least cost path to market locations was calculated 

and the accumulated cost for that pixel is considered the travel time (in minutes) needed to reach the nearest 

market. 

2.3.4. Road proximity 

Physical access to food is the spatial accessibility of food sources relative to the access of transportation 

services of food consumers. The proximity of people to roads generally shows their level of access to the 

land transport network. The Euclidean distance from OpenStreetMap (OSM) roads in Ethiopia was 

calculated to create a road proximity dataset. To match the other geospatial datasets, the resolution was set 

to 1 kilometer. 

2.3.5. Food prices 

The WFP’s Vulnerability Analysis and Mapping (WFP VAM) global food price database (World Food 

Programme, 2021b) is one of the largest global food price datasets, larger than both FAO’s Global 

Information and Early Warning System on Food and Agriculture (GIEWS) and USAID’s Famine Early 

Warning Systems Network (FEWS NET) (Food Security Information Network, 2015). The WFP VAM 

prices dataset for Ethiopia contained monthly food price data for several different crops from the year 2000 

to 2021 for 110 different markets across Ethiopia. Not all markets had a complete monthly account of food 

price for all crops for the time period but the dataset is spatially and temporally sufficient to develop insights 

and investigate spatiotemporal trends in food price. Moreover, both retail and wholesale food prices are 

provided in the dataset. Monthly consumer price index (CPI) data (FAO, 2021a) were also collected to 

ensure that the food prices are comparable across time. The CPI is the measure that follows the cost of 

purchasing a basket of goods to the average consumer that may or may not change across time. Changes in 

CPI are usually associated to changes with the cost of living (ILO et al., 2004). 

 

Cereal prices, out of the many crop prices included in the WFP VAM price data, were used in this study 

since cereals make up 68.3% of Ethiopia’s total agricultural production (Seyoum Taffesse et al., 2011). The 

most recent spatial dataset of cereal price was from Cedrez et al. (2020b) who predicted the spatial and 

temporal variation of cereal prices across sub-Saharan Africa. However, the spatial resolution (~9 km) of 

their results was too coarse to be used in this study. Further, the price and market data they used from 

FEWS NET, GIEWS, and the Eastern African Grain Council’s Regional Agricultural Trade Intelligence 

Network (RATIN) was quite limited for Ethiopia compared to the WFP VAM price data that was available. 

Hence, this study adopted and slightly modified their methodology for cereal price prediction using the 

WFP market and price data. In summary, both an annual average and monthly cereal price dataset were 

created for all of Ethiopia at 1 km resolution. Details on our cereal price prediction method and resulting 

data are found in the Annex (Chapter 7.1). 
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2.3.6. Urban-Rural Catchment Areas (URCAs) 

URCAs (Cattaneo et al., 2021b) were used to determine how the disaggregated food access index varies 

across this new representation of the urban-rural continuum. This global dataset is a 1 kilometer resolution 

classification of settlement areas of different population sizes and their surrounding catchments in terms of 

1, 2, 3 or more hours travel time. The settlement areas are: large city (population > 1 million), intermediate 

city (1million > population < 0.25 million), small cities and towns (0.25 million > population < 0.02 million), 

dispersed towns, and hinterlands. Figure 4 shows the total population living in each URCA while Figure 5 

shows the URCA map for Ethiopia. 

This was used with the assumption that consumers in similar URCAs have similar food consumption 
behaviours and challenges. As this study focused on the consumer aspect of food access instead of the 
producer aspect, URCAs were deemed more applicable compared to other spatial strata like crop production 
system (CPS) zones which mostly concern the production aspect.  

 

Figure 5. Urban-rural catchment areas in Ethiopia. 

Figure 4. Population (in millions) per URCA. 
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3. METHODOLOGY 

3.1. Research methodology 

The methodology was subdivided into three phases: construction of the food access index (FAI) from 

LSMS data, extrapolation of the FAI from geospatial covariates, and quantification of food access and 

food accessibility inequality across URCAs. Figure 6 displays the methodology flowchart. 

The subsequent sections provide more detailed descriptions of each step including assumptions and 

justifications. 

Figure 6. Methodology flow chart. 
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3.2. Food accessibility index (FAI) construction from LSMS data 

To construct the FAI, HH survey data pre-processing and principal component analysis were done as seen 

in Figure 7. 

3.2.1. Pre-processing of LSMS data 

As responses in the LSMS data were collected at different scales (individual, household, community) but 

geolocations only at community level, there was a need to aggregate those responses collected at individual 

and household level in order to fit those responses to the geolocations. Aggregation was done by taking the 

percentage of responses per community so the results were comparable across communities. For example, 

for the indicator variable on ownership of a private car, the total number of households that own a private 

car in a certain community was divided by the total number of households in that community. In total, there 

were 485 LSMS communities with complete data. Some variables also needed further pre-processing which 

is further described in detail in the following sub-sections. 

 

Access to assistance data was separated into three different types of assistance: cash, food, and in-kind. 

However, since not all communities had all types of assistance, there was a problem of incomplete data. To 

address this, the value of each type of assistance were summed up and this total was used in subsequent 

steps. 

3.2.2. LSMS market crop price pre-processing 

The market crop prices in the LSMS dataset were in the form of price per weight. However, some of the 

weights were expressed in local units (e.g. Birchiko, Joniya, etc.). To resolve this, LSMS also provided 

conversion factors to kilograms (kg) for each local unit and accounted for any variations across different 

regions. The weights were converted to kilograms based on these conversion factors and the price per kg 

was calculated. 

 

Lastly, the calculated crop prices per kg were grouped into six crop groups: cereals, pulses, oil seeds, 

vegetables, fruits, and tubers. The average price per kg of all crops within each crop group in a community 

was calculated. Table 3 shows the grouping of crops. 

 
Table 3. LSMS Market crop price groupings. 

Crop Crop Group 

Wheat, Maize, Barley,  

Millet, Sorghum, Teff, Other cereal 
Cereals 

Field pea, Chick pea, Horsebean,  Pulses 

Figure 7. Method flow for FAI construction (Sub-objective 1). 
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Lentil, Haricot beans, Peanut/nut, Other pulse 

Niger seed, Linseed, Other oil seed Oil seeds 

Onion, Tomato,  

Kale/Cabbage/Lettuce,  

Other vegetables 

Vegetables 

Orange, Banana, Other fruit Fruits 

Potato, Sweet potato,  
Yam, Cassava, Godere 

Tubers 

3.2.3. Index construction using principal component analysis (PCA) 

In order to construct a composite index to represent food accessibility, all the community-aggregated 

indicator variables were merged into one dataset. To construct the index, a weighted summation of all the 

variables was done where the weights of each indicator variable are determined using principal component 

analysis (PCA) (Hotelling, 1933) as proposed by Filmer and Pritchett (2001) and reinforced by its use in 

constructing the DHS wealth index (Rutstein and Johnson, 2004). PCA is a widely used multivariate 

technique for dimensionality reduction. It does so by converting, through orthogonal transformations, input 

variables into new variables that explain a unique portion of variance called principal components (PCs). 

Reducing the dimensions of our data in this way leads to faster performance with little to no cost to accuracy 

while also removing noise in the data. The orthogonal transformations also allow for the creation of 

uncorrelated features from the data. The R package “FactoMineR” v.1.34 (Lê et al., 2008) was used to 

implement the PCA while the package “ggplot2” v.3.3.5 (Wickham, 2016) was used to plot the scree and 

loading plots from the PCA results. 

 

First, for all 485 samples, all 50 variables were standardized by calculating the z-score, which was done by 

subtracting the mean from each value and dividing by the standard deviation. This was done because PCA 

is sensitive to the range of values in the input data. Next, the covariance matrix of the dataset was calculated 

and the eigenvectors and eigenvalues were computed which were then used to determine the PCs. The 

orthogonal Varimax rotation was used to maximize the sum of the variance of the squared loadings or 

covariance. This was to ensure that each factor would only have a few high loading variables which would 

aid in interpreting what each factor represented. The first PC contains the maximum amount of information 

and the amount of information in the succeeding PCs decreases which allows for dimension reduction by 

discarding PCs that only contain minimal information or noise. The amount of variance in the dataset that 

each PC explains was visualized in a scree plot. Then, the coefficients of the variables contributing to each 

PC were analyzed. 

 

One variable may have different weights or coefficients in each PC since a variable may have a significant 

contribution in one PC while a weak contribution in another. According to Hair et al. (1998), for a sample 

size of greater than 350, a coefficient or weight of greater than or equal to 0.3 is considered significant. This 

threshold was used to select significant variables in each PC and the next steps in the methodology 

proceeded only with these variables. Since each PC is a linear combination of the initial variables, the linear 

combinations were plotted to provide information on how the variables align on certain PCs. Specifically, 

the two PCs that explain the most variance in the dataset were visualized in a loading plot: the significant 

variables of the first PC on the x axis and the significant variables of the second PC on the y axis. 

 

In the final step, only the weights from the first PC were used as this is assumed to be the best representation 

of the entire dataset among all other PCs (Filmer and Pritchett, 2001). Finally, following the calculation 

methods for the DHS relative wealth index (Rutstein and Johnson, 2004), the weights of significant variables 
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from the first PC were multiplied by the standardized values of each variable and summed to calculate the 

FAI for each of the 485 LSMS communities. 

3.3. Spatiotemporal food accessibility index prediction 

The newly constructed FAI from Chapter 3.2 was integrated with the different geospatial datasets from 

Chapter 2.3. After which, based on the most important and significant geospatial variables, the FAI for the 

rest of Ethiopia was predicted over time. As the FAI only considers the consumer aspect of food access, all 

geospatial datasets were masked to populated areas, discarding uninhabited areas, similar to Chi et al. (2022). 

Figure 8 shows the detailed methodology flow to predict the FAI using geospatial data. 

3.3.1. Spatial join and population weighted averaging 

Each LSMS community survey record contained spatial markers (longitude and latitude coordinates). Using 

this, the newly calculated FAI values at each LSMS community were spatially linked to the digital geospatial 

data to be used in the subsequent processes. As random spatial offsets to the LSMS locations have been 

applied for privacy and ethical concerns (Burgert et al., 2013), there was a need to guarantee that the 

geospatial variables still accurately represented each LSMS geolocation. To address the 10 km maximum 

offset for rural areas and 5 km maximum offset for urban areas, Chi et al. (2022) used 4×4 grids for rural 

communities and 2×2 grids for urban communities since they used 2.4 km resolution data. This was slightly 

modified to 10×10 grids for rural communities and 5×5 grids for urban communities since our data was of 

1 km resolution. Because all datasets were masked to cover only populated areas, there were some grids with 

incomplete cells, or cells with no population. Another modification to their method was that if the 10×10 

or 5×5 grid had less than half of the cells it was supposed to, that LSMS geolocation would be discarded. 

For example, if a rural community only had 30 cells with a population of at least one, out of a possible 100 

cells (10×10 grid), the community would be removed from the analysis. This is to ensure that the population 

weighted average is not biased and driven by only a few cells in the grid. 

 

From these grids, the population-weighted average of all 62 geospatial predictor variables was taken and 

constituted the geospatial covariate data for each LSMS geolocation. After discarding 108 LSMS 

communities with a lack of cells with population in their grid, the final dataset of 377 samples with 62 

geospatial predictor variables and the corresponding FAI as the response variable were created and used in 

the subsequent steps. 

Figure 8. Method flow for FAI prediction (Sub-objective 2). 
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3.3.2. Variable selection using Random Forest 

Random forest (RF) (Breiman, 2001) is a widely used machine learning algorithm that leverages several 

weak-learning regression trees. Each individual regression tree is considered “weak” since each tree only 

works with a random subset of samples as well as a random subset of features. These weak trees are then 

combined in an ensemble estimator using a bagging approach and the final prediction is based on a majority 

vote among the individual trees. In this study, RF was used in two separate parts of the methodology: 

predicting market cereal prices across Ethiopia and across months in the year (explained in the Annex, 

Chapter 7.1.2) and variable selection in the food access index extrapolation process. 

 

The dataset created in Chapter 3.3.1 with 377 samples was split into training and validation datasets using a 

ratio of 70:30. The training set consisted of 265 samples and the validation set consisted of 112 samples. 

With the 265 samples for training and the large number (62) of predictor variables, variable selection was 

conducted to reduce the variables to only those that were important and significant. RF was preferred over 

other variable selection algorithms because it is known to be less prone to overfitting and was also found to 

outperform other machine learning algorithms in certain applications (Fernández-Delgado et al., 2014). 

Moreover, because of its performance and resulting features, RFs were even suggested to be the standard 

for gene selection (Díaz-Uriarte and Alvarez de Andrés, 2006) further reinforcing the reliability of RF for 

variable selection. In this study, in the context of interpretability, RF was also used to determine the 

importance of each variable when used in the model. This study used the R package “Variable Selection 

Using Random Forest” v.1.1.0 (VSURF) for the first variable selection (Genuer et al., 2010). The method 

of VSURF has three phases: thresholding, interpretation, and prediction. 

 

• For the initial phase, also called thresholding, a minimal number of RFs was constructed and variable 

importance was calculated. Variables were ranked according to their mean variable importance, starting 

with those of highest importance. A decision tree was then fitted to the standard deviations of the 

variable importance values, from which a minimum threshold was calculated and those variables with 

importance below this threshold were discarded. 

• During the second step, or interpretation phase, another set of RFs were built starting with only the 

variable with highest importance (from previous step) and ending with an RF where all the variables 

that were selected in the first phase are included, whereby producing the same number of RFs as the 

number of selected variables from the first phase. Another threshold was calculated using the minimum 

mean out-of-bag (OOB) error of the built RFs and their standard deviation. Of all the built models, the 

one with the least number of variables that had a mean OOB error less than “min error” was used and 

the variables of that model were selected in this phase. 

• In the prediction phase, a stepwise selection of variables was conducted starting from the variables in 

the first phase. A variable was selected if its addition to the RF model resulted in a decrease in OOB 

error more than a threshold called “mean jump value”. This threshold was calculated from the 

unselected variables in the interpretation phase and is the mean difference between OOB errors of a 

model and its succeeding model in a stepwise process. 

 

Each phase had different considerations in selecting variables. For example, in the thresholding phase, only 

the variable importance was considered. The size of the model (number of variables included) was the main 

driver in the interpretation phase while the OOB error was used as a threshold. Lastly, in the prediction 

phase, the OOB error was optimized instead of being used as a minimum threshold. To check for substantial 

differences in performance, the OOB error and R2 were calculated for both a RF trained on all 62 variables 

and a RF trained only on the selected variables. The next step proceeded with the selected variables in the 

prediction phase. 
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VSURF focuses on the predictive performance of the model and not on the significance of each of the 

selected variables. As both performance and interpretability, including significance, are paramount in this 

study, an additional step to assess the significance of the importance metrics of the selected variables from 

the VSURF output was done using the R package “rfPermute” v.2.5 (Archer, 2021). The p-values of each 

variable’s importance were computed by permuting the FAI (response variable) in a RF model. Variables 

were considered significant at p < 0.05 and insignificant variables were discarded from subsequent steps in 

the analysis. 

3.3.3. Generalized additive models 

The GAM was developed as a variant of the generalized linear model (GLM) where an additive function of 

smoothing operators is used instead of a simple linear function of the covariates (Hastie and Tibshirani, 

1986). It is different from the GLM which uses parametric functions to fit data. The nonparametric nature 

of GAMs allows users to develop models without a priori knowledge of what types of predictor functions 

are needed. GAMs are flexible enough to handle both linear and nonlinear relationships between predictor 

variables and the response variable and also provides options to control the smoothing parameters for each 

predictor variable to avoid overfitting.  

 

GAMs have been used for prediction in several applications because while it provides satisfactory 

predictions, it also offers clearer insights in terms of interpretability of results. Elith et al. (2006) predicted 

the spatial distribution of several species in portions of Australia, Canada, New Zealand, and South America 

using a GAM and concluded that GAMs outperform simpler methods. Crash frequency was modelled using 

a GAM and the relationship between crash frequency and road segment types were found to be both linear 

and nonlinear depending on segment type (Zhang et al., 2012). GAMs also outperformed GLMs in 

predicting potential landslide occurrences within the Sacheoncheon area in Korea (Park and Chi, 2008). 

 

In the development of the model to predict the FAI, both RF and GAM were used. RF was used for variable 

selection because it is known to be an efficient and robust nonparametric algorithm that can deal with a 

high number of correlated predictors, nonlinear relationships, and interactions (Genuer et al., 2010). 

However, RF or any decision-tree based algorithm is not recommended for extrapolation, or predictions 

made outside the bounds of the training data (Hengl et al., 2018) hence the use of GAM which deals better 

with extrapolation. This is due to its smoothing nature of the data which follows the trend when dealing 

with data outside the training data range. This is useful in this study because the range of FAI values in the 

training data were not expected to be the full range of values for the entire Ethiopia. This is because the 

LSMS geolocated points, though nationally representative and well distributed across rural and urban areas, 

were enumeration areas, usually located near densely populated centers, hence missing out on the extremely 

remote areas with less population. The prediction model had to be dynamic and robust enough to deal with 

extreme values outside the training data range. Another reason why GAM was preferred over RF was that 

the relationships created in a RF may become very complex to interpret (Marshall et al., 2017). 

 

In this study, a GAM was optimized and trained using the selected variables in Chapter 3.3.2 to (1) predict 

the FAI at 1 km resolution for all of Ethiopia and (2) demonstrate the functional relationship between each 

predictor and the FAI. The performance of the model was assessed using several accuracy metrics as well 

as the practicality of the results in terms of predictor-response relationship. The R package “mgcv” v.1.8-35 

(Wood, 2011) was used to implement the GAM. The ‘“mgcv” package was preferred over the “gam” 

package (Hastie, 2020) because latter’s method of estimating the smoothing parameters, the local scoring 

algorithm, is more computationally expensive than that of “mgcv” which uses an automated selection called 

penalized iterative re-weighted least squares (PIRLS). 
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3.3.4. Optimizing GAM input smoothing parameters 

The 377 samples with only the 8 selected variables were first split into training and validation sets with a 

70:30 ratio, resulting in 265 training samples and 112 validation samples. Since cereal price was one of the 

final variables selected, the annual average of cereal prices were used as input to the GAM. The inputs to 

the GAM were smoothing functions for each of the selected variables. 

 

To optimize the smoothing function inputs to the GAM, three types of smoothing bases for each of the 

four smoothing functions were tested: thin-plate regression splines (Wood, 2003), cubic regression splines 

(Wood, 2017), P-splines (Eilers and Marx, 1996), resulting in 256 possible combinations of smoothing bases. 

The smoothing parameters, denoted by λ, for each smoothing function are internally optimized based on 

the data using a mixed model approach via restricted maximum likelihood (REML) because the commonly 

used generalized cross validation criteria (GCV) tends to under-smooth (Wood, 2017, 2011), and therefore 

overfit. To select the best model configuration, the Akaike information criterion (AIC) score was calculated 

for each combination as well as the significance of each smoothing function. The resulting trained GAM 

with the lowest AIC where all variables are significant at p < 0.05 was considered as the best performing 

GAM. 

3.3.5. GAM assessment 

To assess the interpretability and performance of the final GAM, three steps were conducted: partial 

dependence plotting, error metrics calculation, and comparison with a simple linear regression. The 

previously created validation set of 112 samples in Chapter 3.3.2 were used to assess the performance of the 

final GAM. 

 

• First, the partial dependence of each variable from the final GAM was plotted to see the relationship 

between each predictor variable and response variable across the predictor variable’s data range. These 

were first analyzed to see the practicality of the response curves. 

• Next, the coefficient of determination (R2) and root mean square error (RMSE), normalized RMSE 

(nRMSE), mean absolute error (MAE), and normalized MAE (nMAE) were calculated from the 

predictions of the final GAM and the validation set. The observed and predicted values were plotted to 

have a better understanding of how the final model performs on unseen data. The squared errors were 

plotted to see at which FAI values the model makes larger errors while the absolute errors were plotted 

to determine whether these errors were under- or overpredictions. 

3.3.6. FAI spatial prediction 

The annual average FAI was predicted for all of Ethiopia using the trained GAM. The FAI was then grouped 

by URCA and boxplots were used to visually assess the differences in FAI per URCA. Further, the total 

population of areas with FAI with (1) less than -10, (2) between -10 and -5, (3) between -5 and 0, (4) between 

0 and 5, (5) between 5 and 10, and (6) greater than 10, was determined. The boxplots were created using the 

R package “ggplot2” v.3.3.5 (Wickham, 2016). 

 

The interpretation of the FAI would be that higher index values meant better food access while lower values 

meant worse food access. The mean FAI for the entire Ethiopia was calculated to define “average food 

access”. Though in reality, it is difficult to define as this can be subjective but in this study, the average of 

the four variables were calculated for FAI values equal to the mean ± 0.1 to be able to describe what “average 

food access” is, in terms of the four variables. 

 

From the predicted FAI, a one-way analysis of variance (ANOVA) was done to determine whether there 

was a significant difference in the average predicted FAI across the different URCAs. After which, Tukey’s 

range test was conducted to find out which pairs of URCAs had such significant differences. 
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3.3.7. FAI temporal prediction 

The temporal prediction of FAI was done to assess how food access varies within a year assuming no major 

events like drought or conflict were to occur. Cereal price, as described in Chapter 2.3.5 and calculated in 

the Annex (Chapter 7.1.2), was the only temporally varying predictor from the selected variables. Thus, to 

predict the FAI across months in a year, the annual average cereal price was replaced with monthly cereal 

price for each of the 12 months while keeping the other non-temporally varying predictors as is. The FAI 

for each month was then predicted using the same trained GAM in Chapter 3.3.4. The pixel-wise absolute 

difference between each monthly FAI and the annual average FAI also calculated afterwards. 

 

Similarly to the spatial prediction, ANOVA was conducted for each URCA to determine whether there was 

a significant difference in the average FAI across different months in each URCA. If there was, Tukey’s 

range test was done to determine at which months had significant differences in average FAI for each 

URCA. 

3.4. Food accessibility inequality quantification 

From the predicted FAI for all of Ethiopia, food access inequality was calculated for each URCA. Figure 7 

shows the methodology for calculating such inequality. 

3.4.1. Inequality 

Inequality can be interpreted in several different ways. A simple definition would be the opposite of equality, 

but there is too much nuance as to what inequality really is. Rein and Miller (1974) mentioned nine different 

standards of equality, two of which, this study relates to: complete horizontal equity and the goal of 

guaranteeing that nobody falls below a certain standard of living. 

 

The first definition is relevant in terms of food accessibility because complete horizontal equity would be 

the ultimate goal in terms of equality, where everyone in the world has the same level of food access. In the 

context of income or wealth, in order to achieve perfect equity, a transfer of assets must be done from those 

that have more than enough to those that don’t. However, this is not applicable to food access, since 

reducing the level of food access of those that have more than sufficient food access does not necessarily 

help those who have less food access. It is, however, possible to purely increase food access by improving 

the transport infrastructure, for example, which increases physical access. Yet, the context that inequality 

has been used in most studies view the asset as a diminishing commodity like income or wealth. And since 

food access is not a diminishing commodity, the way food access inequality is represented in this definition 

is not necessarily the best. Nevertheless, quantifying the level of inequality still aids in identifying problems 

in terms of food access like inequality in infrastructure development resulting in low levels of physical access 

or simply financial inequality leading to inadequate economic access. 

 

The second definition is less about actual equality but more about a social minimum, which is a more realistic 

goal in terms of food access where everyone in the world has sufficient food access albeit unequal. This 

focuses on ensuring a certain level of food access which is sufficient for everyone. However, the definition 

of “sufficient food access” can be very nuanced as it may differ across many factors, be it location, culture, 

or even time (what was sufficient food access 10 years ago may no longer be true now). Nevertheless, this 

Figure 9. Method flow for food access inequality quantification (Sub-objective 3). 



ESTIMATING CONSUMER FOOD ACCESSIBILITY ACROSS URBAN-RURAL CATCHMENT AREAS IN ETHIOPIA 

27 

second definition does not represent food access as a diminishing limited asset that is unequally distributed. 

Food access is something that can be increased in a certain population group without the need to transfer 

from another. 

 

In this section on inequality, this study focuses on the first definition. One way to measure the concentration 

of wealth was using the Lorenz curve (Lorenz, 1905), a visual representation of the cumulative normalized 

value of a certain asset, usually income or wealth, and the cumulative rank of the population that holds the 

least of such asset up to the most. It displays a diagonal line, sometimes called the line of equality which 

represents absolute equality, and the further the Lorenz curve is from this line, the greater the inequality. 

Also, it displays how much percentage of the overall assets is held by a certain percentage of the population.  

3.4.2. Gini index 

The Gini index (Gini, 1936), the degree of inequality in distribution, is derived from the Lorenz Curve. It 

generally measures how far the Lorenz curve is from the line of equality (Cowell, 2009). Based on Figure 

10, the Gini index is the proportion of the area above the Lorenz curve, denoted as A, relative to the entire 

area under the line of equality. The range of values is 0 to 1 where 0 means the Lorenz curve is equal to the 

line of equality and values closer to 1 mean higher inequality. Although the Gini index was first defined to 

quantify income or wealth inequality, it has also been used to assess inequality in several applications like 

the use of water (Seekell et al., 2011) and energy (Lawrence et al., 2013). Bell et al. (2021) analyzed inequality 

in food system indicators across different countries using the Gini index and the degree of convergence was 

visualized using Lorenz curves. 

 

The following equation is used to calculate the Gini index (G) from the Lorenz curve: 

𝐺 = 𝐴/(𝐴 + 𝐵) 

where A is the area above the Lorenz curve and B is the area below the curve.  

While the inequality measured using these methods usually uses asset or income data from individuals, this 

study uses the FAI which represents communities (one pixel is one community). Therefore, the Gini index 

calculated in this study only represents communities and not individuals. The predicted FAI from Chapter 

3.3 ranges from negative to positive values, but the Lorenz curve computes the cumulative percentage and 

therefore, requires non-negative numbers as input. To address this, the FAI was normalized to values 

between 0 and 1 by subtracting each FAI value with the minimum FAI value and dividing by the difference 

of the maximum and minimum FAI values. 

 

In this study, the Gini index was used to quantify food access inequality in the communities of Ethiopia. 

The Gini index for the entire Ethiopia which represented the overall food access inequality was calculated 

using the normalized FAI. Food access inequalities across the different URCAs were also quantified by 

grouping the normalized FAI per URCA. This was then plotted to compare the food access inequality across 

URCAs. The R package “DescTools” v.0.99.44 (Signorell, 2021) was used to calculate the Gini index. 

Figure 10. Diagram of a sample Lorenz curve. 
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4. RESULTS 

4.1. Food accessibility index (FAI) construction 

4.1.1. Variable loading, alignment, and selection 

In order to construct the FAI, there were 486 samples after aggregation with complete data for all 50 

variables from the LSMS dataset. As seen in Figure 11, the principal components (PCs) created by the PCA 

showed that the first PC explained 16% of the variance in the dataset while the second, third, and fourth 

PC explained 10%, 6%, and 4%, respectively. The rest of the PCs were considered noise as these only 

explained around 3% or less. 

For the first PC, only 24 out of the 50 variables were significant: Ten of which were on asset ownership, 

seven were related to proximity and fare to services, three on soil quality, three on population, and one 

bioclimatic variable. The second PC had 15 significant variables. Ten of the significant variables were related 

to food production inputs, of which, 7 were on soil quality and 3 were related to temperature and 

precipitation. Three were related to food production outputs like the normalized difference vegetation index 

(NDVI) and the percentage of land used for agriculture. There was one variable on food price and one 

variable on asset ownership. Table 4 summarizes the coefficients of all significant variables in the first PC. 

 
Table 4. Significant variables of first principal component. 

Theme Variable Coefficient 

Asset ownership 

Electric stove 

Electric mitad3 

Refrigerator 

Phone 

Shelf for food storage 

Car 

Energy-saving stove 

Bike 

Kerosene stove 

Cylinder stove 

0.84 

0.83 

0.82 

0.79 

0.76 

0.57 

0.52 

0.42 

0.42 

0.31 

Road quality Road_type 0.65 

 
3 Mitad is a flat pan primarily to prepare injera, a common staple food in Ethiopia. 

Figure 11. Scree plot of PCA showing first 10 PCs. 
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Population 

Population 

Population density 

Number of households 

0.66 

0.65 

0.56 

Distance to services 

Major urban centre 

Asphalt road 

Large weekly market 

Bus station 

-0.51 

-0.44 

-0.36 

-0.33 

Fare to services 
Woreda 

Major urban centre 

-0.50 

-0.42 

Soil quality 

Toxicity 

Excess salts 

Nutrient availability 

-0.32 

-0.32 

-0.31 

Bioclimatic Annual mean temperature -0.32 

 

In the loading plot of the first two PCs in Figure 12, the variables on the right side of the plot were related 

to asset ownership, population, and the quality of the road. Those on the bottom side were variables on 

precipitation, normalized difference vegetation index (NDVI), and percentage of land used for agriculture. 

On the left side of the plot were those related to proximity and fare to certain services and another cluster 

of variables on the upper-left side of the plot were related to soil quality and temperature with one variable 

on asset ownership. Lastly, the variable on food price solely aligned on the upper-right side of the plot. 

Variable names can be found in Table 1. 

Along the first PC, or x-axis, the variables with strongest positive coefficients observed were those related 

to owning electrical appliances like the electric stove and refrigerator where coefficients were above 0.8. 

Variables related to proxies for urban-rural areas like road type and population density also had relatively 

strong positive coefficients. The variables on distance to the nearest major urban centre and the fare to the 

nearest woreda had the strongest negative coefficients while other variables on proximity and fare to other 

services also had negative coefficients. 

Figure 12. Loading plot of first and second PC. 



ESTIMATING CONSUMER FOOD ACCESSIBILITY ACROSS URBAN-RURAL CATCHMENT AREAS IN ETHIOPIA 

 

30 

4.1.2. FAI calculation 

After conducting the PCA and the weighted sum to construct the FAI, the resulting FAI had a range of 

values from -16 to 24. The higher positive range was likely because out of the 24 significant variables, 14 

had positive coefficients while only 10 had negative coefficients. Additionally, variables with positive 

coefficients had greater magnitudes, reaching up to 0.8 for some, while the magnitudes of the negative 

coefficients only reached about -0.5. Even with the higher maximum value, as seen in Figure 13, the 

histogram of the FAI is right skewed and showed that most of the communities in the LSMS dataset of 

Ethiopia had FAI values below zero. Further, it was observed that most lie around FAI values of about -5.  

The map of the FAI in each LSMS community in Figure 14 also shows that the highest levels of food access 

are concentrated in the communities located in the capital city of Addis Ababa and that the lowest levels of 

food access are found in the communities located in the south to southeast region of Ethiopia, in the Somali 

region. 

Figure 13. Histogram of constructed food access index. 

Figure 14. Map of Food Access Index from LSMS data. 
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4.2. Spatiotemporal food accessibility index prediction 

4.2.1. Variable selection using RF 

In VSURF, the first step of thresholding reduced the original set of 62 geospatial variables to 58 and during 

the interpretation step, from 58 to 21 variables. The least OOB error was achieved when using 21 variables 

as seen in the left plot of Figure 15. From the 21 variables in the interpretation step, only 11 were kept after 

the prediction step and upon calculating the significance of the importance metrics of the remaining 

variables using RF permutation, a final set of 8 variables were selected. The OOB error and R2 of the initial 

RF with 62 variables was 12.7 and 0.77, respectively, while the RF with only the 8 selected variables attained 

12.01 and 0.79, respectively. The right plot of Figure 15 shows the number of variables kept at each stage 

of VSURF and the RF permutation. 

The 8 selected variables were road proximity (RPX), travel time to markets (TTM), slope (SLO), 

precipitation of coldest quarter (B19), cereal price (CRP), production of sorghum (SRG), beans (BNS), and 

barley (BRL). All 8 variables’ importance metrics were significant at p < 0.05. Road proximity and travel 

time to markets had the highest importance while the other variables had relatively the same importance as 

seen in Figure 16. 

Figure 15. Error plot of interpretation step (left), summary of selected variables per selection step (right). 

Figure 16. Importance of selected significant variables from VSURF and RF permutation. 

OOB error: 12.7 

R2: 0.77 

OOB error: 12.01 

R2: 0.79 
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4.2.2. GAM assessment 

Upon training the GAM with the 8 selected variables from the variable selection step, it was observed that 

only 4 of the 8 variables were significant (p < 0.05) in the GAM. The variables BNS, SRG, BRL, and SLO 

were deemed insignificant in the GAM and were removed. In summary, from the 62 initial geospatial 

variables, only 4 variables were used in the final model after variable selection and GAM optimization. Only 

road proximity (RPX), travel time to markets (TTM), cereal price (CRP), and precipitation of the coldest 

quarter (B19) were significant in the final GAM and were used for training and prediction. After 

optimization, the best performing GAM used the cubic regression spline for RPX and TTM with smoothing 

parameters of 77.2 and 1, respectively, and used the P-splines for B19 and CRP with smoothing parameters 

of 142.5 and 79.9, respectively. In Figure 17, the partial dependence plots (PDP) of the FAI and each 

individual variable from the best performing GAM are shown. 

For RPX, the FAI was initially high at zero distance from roads then steeply drops until about 200 meters 

then starts to flatten out from there but still slightly decreasing. In terms of TTM, FAI declines as travel 

time to the nearest market increases. The decline of FAI is steady until around 120 minutes travel time from 

which, the decline becomes steeper. B19 shows a similar behaviour with RPX but the initial decline is less 

steep. The FAI goes down until about 300 mm of precipitation and then slightly increases again up to 900 

mm of precipitation but is relatively flat. Lastly, CRP shows a steady decline in FAI as price increases but 

this decline becomes more exaggerated after CRP reaches about 0.12. 

 

 

 

 

 

 

 

 

 

 

 

Figure 17. Partial dependence plots of final 4 variables used in GAM: road proximity (top-left), travel 
time to markets (top-right), precipitation of coldest quarter (bottom-left), cereal price (bottom-right). 
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Figure 18 shows three plots pertaining to the performance of the GAM: 1) observed-vs-predicted, 2) squared 

error, and 3) absolute error for the validation set to aid in understanding the performance of the GAM. 

 

For the validation set, the observed-vs-predicted scatterplot shows a relatively tight fit suggesting relatively 

good performance by the GAM and further supported by its R2 of 0.62. Looking at the squared residuals, 

the squared error plot shows the model error decreases as it predicts higher FAI values and the model 

attained a RMSE of 3.99 and nRMSE of 14.6%. Lastly, the absolute error plot for the validation set indicates 

the model generally underpredicts, albeit only slightly, and more so in low FAI values than in high FAI 

values. The final model achieved a MAE of 3.09 and nMAE of 13.4%. 

 

 

 

 

 

 

 

 

Figure 18. Performance plots of GAM for validation: observed-vs-predicted (top), 
squared error (middle), absolute error (bottom). 
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4.2.3. FAI spatial prediction 

The FAI for the entire Ethiopia was predicted using the trained GAM. Figure 19 shows the predicted FAI 

values across URCAs. 

As seen in Figure 19, the FAI levels in large cities and intermediate cities are well above zero which means 

their level of food access is relatively good. There are large differences in FAI levels from the urban 

settlements (large, intermediate, and small cities) and their respective immediate surroundings (<1 hour 

travel time) and dispersed towns and hinterlands have the lowest values of FAI. Also, there is a steep 

declining trend in FAI from the urban areas up to their catchment areas and this trend is more exaggerated 

in large cities and becomes less apparent as the population of the settlement area reduces. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 19. Boxplot of food access index per URCA. 
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The map of the FAI emphasized the spatial detail of the predicted FAI, as seen in Figure 20. The 

concentration of high FAI values are found near the capital of Addis Ababa in Ethiopia. Majority of the 

areas in Ethiopia have FAI values less than zero and the areas with the lowest FAI are those in extremely 

remote areas. Some areas directly surrounding the capital city, specifically the southwest, also have very low 

FAI values compared to its neighbouring urban areas as seen in the inset map of Figure 20. 

The impact of food access was quantified in terms of the number of people affected. Figure 21 shows that 

more than 50 million people have FAI values below zero. The mean FAI for the entire Ethiopia was -4.6. 

Average food access in Ethiopia, set at a FAI value ± 0.1 from the mean, as described by the average values 

of the four predictor variables, meant living about 1.7 kilometers away from a road, taking approximately 

88 minutes to travel to the nearest market, experiencing a CPI-adjusted cereal price of 0.08, and having 435 

mm of precipitation during the coldest quarter (December to February). 

Figure 21. Population affected by each FAI level. 

Figure 20. Food access index map of Ethiopia. 
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One-way ANOVA of the predicted FAI and URCAs showed that there is a significant difference in mean 

levels of FAI across URCAs at p < 0.05. The Tukey’s range test also signified that all pairs of URCAs had 

significant differences at p < 0.05 except for two pairs:  

• 1-2 hours to intermediate city and 2-3 hours to large city 

• Dispersed towns and 2-3 hours to small city. 

4.2.4. FAI temporal prediction 

After predicting the annual average FAI for Ethiopia, the monthly FAI was also predicted using the 

respective monthly cereal prices instead of the annual average. The difference from the annual average FAI 

for each month was also computed. Negative differences meant the monthly FAI was less than the annual 

average, while the opposite for positive differences. The range of the difference across all months was from 

-7 to 3 but after the histogram of the differences across all months was inspected, as seen in Figure 22, 

majority of the values are from -2 to 2 so the monthly maps were visualized using this range of values. 

 

The monthly FAI predictions were also mapped. Figure 23 shows the monthly FAI difference across all of 

Ethiopia. In the month of January and February, the northwest region of Ethiopia has lower FAI values 

than the annual average while the central part has slightly higher FAI. In July and August, there is a large 

reduction in FAI in the central area of Ethiopia but also recovers by September until November where there 

is not much difference with the annual average. Lastly, in December, the FAI is at its highest in most parts 

of Ethiopia except for the far east and north west regions. 

 

 

 

 

 

 

 

 

Figure 22. Histogram of FAI differences across months. 
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The results from the ANOVA and Tukey’s range test conducted for each URCA showed that not all URCAs 

had significant differences in monthly average FAI from the annual average. For the URCAs that did, it was 

only true for some months in the year. In Table 5, a cell was colored red if the average monthly FAI for that 

URCA and that month was significantly (p < 0.05) less than the annual average and green if it was 

significantly more than the annual average. 

 
Table 5. ANOVA and Tukey's range test results for monthly FAI per URCA. 

URCA 
ANOVA 

(p < 0.05) 

Tukey’s 

(p < 0.05) 

  J F M A M J J A S O N D 

Large city Yes             

< 1 hr to large city Yes             

1-2 hrs to large city Yes             

2-3 hrs to large city Yes             

Intermediate city No             

< 1 hr to intermediate city Yes             

1-2 hrs to intermediate city Yes             

2-3 hrs to intermediate city Yes             

Small cities and towns Yes             

< 1 hr to small city Yes             

1-2 hrs to small city Yes             

2-3 hrs to small city Yes             

Dispersed towns No             

Hinterland Yes             

Figure 23. Maps of the absolute difference between monthly FAI and annual average FAI. 
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There was no significant difference in the predicted FAI across all months in intermediate cities, 2-3 hours 

to intermediate city, and dispersed towns. Although the ANOVA result for 2-3 hours to intermediate city 

was significant, the pairwise Tukey’s range test showed no significant differences between monthly average 

FAI and the annual average FAI. There were significant differences in monthly FAI across different months 

but this was not the focus of this study. 

 

The predicted FAI for the month of August was found to have significantly lower monthly FAI than the 

annual average in 10 of the 14 URCAs, the most among all months. Additionally, our results from the 

Tukey’s range test also indicated that the monthly FAI in peri-urban areas (< 1 hour travel) of intermediate 

and small cities were the most volatile as these had significant differences from the annual average for 10 

out of the 12 months while catchment areas further away and the urban centers themselves had less 

temporally volatile FAI. Also, hinterlands had significantly lesser monthly FAI in December to February. In 

all periurban areas, October to January showed significantly higher FAI while the opposite was true for 

periurban areas of intermediate and small cities from February to April. 

4.3. Food access inequality quantification 

The Gini index was calculated to quantify food access inequality in a single metric. Figure 24 shows the 

calculated Gini index per URCA where catchment areas are coloured by their respective major settlement 

area: large city (red), intermediate city (orange), small city (blue). Dispersed towns and hinterlands were 

categorized together and coloured green. 

The calculated Gini index for the entire Ethiopia was 0.03 indicating that overall food access inequality in 

Ethiopia was low. However, calculating the URCA-specific Gini indices uncovered the variation in 

inequalities of food access. The peri-urban area (< 1 hour travel time) of the only large city in Ethiopia, the 

capital city of Addis Ababa, had the highest level of food access inequality with a Gini index of 0.31. The 

capital city itself, had a Gini index of 0.13, less than its catchment areas. Among the major settlement areas, 

Figure 24. Gini index per URCA. 
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dispersed towns and intermediate cities both had the highest levels of inequality. The major settlement areas 

with the least food access inequality were hinterlands and small cities with Gini index values of 0.07 and 

0.05, respectively.  

 

For large cities, the Gini index within the city was the least compared to its catchment areas but increased 

dramatically in its immediately surrounding area (< 1 hour to large city) and slightly reduced as time to travel 

to the large city increased. Further, food access inequality is high both within intermediate cities and its 

immediately surrounding areas (< 1 hour to intermediate city) and then lessens considerably in areas that 

take 1-3 hours to the nearest intermediate city. Meanwhile, small cities and their catchment areas had the 

least food access inequality with Gini index values ranging from 0.02 to 0.05. 
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5. DISCUSSION 

5.1. Summary 

Food accessibility is one of the four pillars of food security but has received less attention in academic 

literature compared to other pillars of food security like food availability. This thesis contributes to the food 

access literature by developing and demonstrating a method to estimate and map food access at high spatial 

detail across time for the whole country of Ethiopia. Two aspects of food access, physical and economic, 

were considered in estimating and mapping overall food access. To the best of our knowledge, this is a first 

in the current literature as food access has been spatially represented as only physical access (Chen, 2017; 

Jeong and Liu, 2020; Pozzi and Robinson, 2008) and both economic and physical access (Breyer and Voss-

Andreae, 2013; Jiao et al., 2012), but only for one city or town. To do this, several methods were integrated 

to link ground-collected survey data of limited spatial scope and geospatial data which covers large areas. 

Doing this not only provides information on food access at a large spatial coverage, but also opened the 

opportunity to investigate the differences in food access across urban-rural catchment areas. The disparities 

in health and education across the urban-rural continuum have been examined (Cattaneo et al., 2022) but 

not of food systems. It is important to grasp the dynamics of food systems, specifically food access, from 

urban to rural areas as there are existing gaps on regional- and country-scale food access studies (Abu Hatab 

et al., 2019). However, locating the problem is only the first step towards a solution and a better sense of 

what type of problems are present in a certain location could be the logical next step. Apart from mapping 

food access, this research also sought to identify the inequalities in food access and what important factors 

contribute to food access. Such insights could be useful to evaluate what types of interventions can be made 

to improve food access in specific areas. 

 

In this study, a new FAI was constructed from survey data where variables for both economic access and 

physical access were the strongest contributors. Of the two, economic access had a larger contribution which 

only further proves the need to look at food access from more perspectives apart from physical access, 

where most research on food access has been done. Food access, represented by the FAI, was found to be 

alarmingly low in peri-urban areas as seen in Figure 19, which constitutes about 67% of the population. 

Furthermore, food access was also more temporally volatile in these peri urban areas. Moreover, there was 

a clear disparity and trend in terms of food access levels between urban centers and their catchment areas. 

Similarly, differences in food access inequality were also emphasized, where inequality was high in catchment 

areas of large and intermediate cities but very low in small cities and their catchment areas. 

5.2. Findings 

The findings from the PCA of the LSMS data revealed that food access is mainly driven by both physical 

and economic access to food. Furthermore, economic access was a larger factor than physical access given 

the higher absolute loadings of variables relating to asset ownership in the first PC compared to the loadings 

of variables relating to physical access. The positive coefficients of the asset-related variables meant that 

when a community or household owned more electric appliances and assets and live in more developed 

areas, the food access index was higher. Meanwhile, the negative coefficients of the variables related to 

proximity and fare to certain areas signified that the further one was or the more one paid for fare to travel 

to such areas like a major urban center or an asphalt road, food access was lower. Also, variables related to 

asset ownership had stronger coefficients than those related to proximity to services. Thus, being located 

near roads or a major urban center did not necessarily mean high food access if asset ownership was low. 

This is an important insight as our findings showed that while spatially estimating physical access to food is 

important, economic access to food is equally, if not more, important. 
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Several geospatial variables were discarded in the variable selection process. All 14 variables on soil quality 

were not considered as important in quantifying food access as those on asset ownership and proximity to 

services. Agricultural production of 20 crops were also removed likely because (1) most of these were not 

major crops in Ethiopia and (2) the original spatial resolution of the crop production data was 10 km, 

relatively coarser than the rest of the geospatial datasets. From the 19 bioclimatic variables, only one was 

kept in the process. An overarching reason for the removal of these three families of variables (soil quality, 

agricultural production, bioclimatic) is that they were more related to food production and availability than 

food access. Nevertheless, these variables may still be important in quantifying food access but other 

collinear variables just explained more variance in the data. The eight significant variables selected by the 

RF were a mix of proxies for urban-rural areas, physical access, economic access, and environmental. First, 

road proximity and three agricultural production-related variables (barley, sorghum, and beans) were 

considered proxies for urban and rural areas as rural areas typically have higher agricultural production 

compared to urban areas. Furthermore, urban areas are expected to be nearer many roads compared to rural 

areas which have limited options. The GAM was able to further reduce the number of variables selected by 

RF from 8 to 4 with little to no trade-off in terms of model performance. RPX was retained over the  roads 

were identified as key indicators for settlement agglomerations and areas closer to roads are also more 

favourable for social development (Liu et al., 2022). Also, slope was already a factor in the friction surface 

used to create the travel time to markets which could mean that travel time to market explained more 

variation than slope, hence the removal of slope. 

 

In interpreting the PDPs of each predictor variable, apart from the cereal prices PDP, the confidence bands 

of the other variables were relatively wide nearing the extreme values which would be attributed to the lack 

of data points in areas that are far from roads and take longer time to travel to markets. This is expected as 

these are the same geolocated data points from LSMS used in constructing the FAI where the locations are 

enumeration areas and these generally have higher populations and are nearer roads. Nevertheless, the PDPs 

should be interpreted with caution especially in the limits of the training data range. The PDP for road 

proximity highlighted the importance of living very close to a road in terms of food access and how after a 

certain distance (~200 meters), food access is no longer substantially affected by increasing distance. It 

indicates that someone living very far from a road, 2 kilometers, for example, would not have a big difference 

in food access with someone living 3 kilometers away, considering the other three variables are kept 

constant. Meanwhile, there would be a substantial difference in food access with someone living in the city, 

where there are a lot of roads, and someone living in a peri-urban area where the nearest road could be a 

few hundred meters away. In terms of travel time to markets, the PDP revealed a different trend to that of 

road proximity. It emphasized the value of market access because as people take more time to get to markets, 

the downward and almost linear trend of the PDP after ~120 minutes suggests that food access only gets 

worse. The cereal prices PDP showed that while food access steadily declines as food prices increase, which 

is expected, it also delineated that at a CPI-deflated price of ~0.12, food access starts to plunge dramatically. 

It demarcated the tipping point of affordability of cereals and this is crucial since cereals are part of the daily 

diet of most Ethiopians and if cereal prices spike past this “limit”, a large part of the population may 

suddenly no longer afford it. However, as the cereal prices used in the model were an average of prices from 

6 major cereal crops (see Table 3) and were also CPI-deflated, this price “limit” must only be interpreted as 

an indicative value and not an actual price value. Lastly, precipitation of coldest quarter is an environmental 

variable that affects food access where more precipitation during this period (December to February) meant 

less food access. The FAO crop calendar of Ethiopia (Figure 3) shows that this period is during or right 

after the harvest of most crops grown in the Meher season and when these crops are being transported to 

markets. The decrease in food access as precipitation during this time increases could be attributed to 

transport difficulties brought about by exacerbated poor road conditions when floods happen during the 

rainy season (Olana et al., 2018). This is also the period right before the short rains season, or Belg season, 
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when secondary crops are grown. which could be speculated that if there was a lot of precipitation before 

the Belg season, the soils may be oversaturated during the sowing time of cereals. Although this does relate 

more to food production and less to food access, this could also be a proxy for subsistence farming where 

farming households produce their own food, therefore still having access to food without needing to travel 

to markets to buy their food.  

 

The final trained GAM, using only the four selected variables, was able to explain 62% of the variation in 

the FAI, which is comparable to state-of-the-art methods in estimating wealth from geospatial data with 

similar frameworks, which explained between 56% to 75% of variations in what each was predicting (Chi et 

al., 2022; Jean et al., 2016; Yeh et al., 2020). Comparisons are made to methods estimating wealth as this 

study is the first to do so for food access. To further highlight the performance of the GAM in this study, 

these wealth prediction and mapping studies employed advanced and sophisticated methods like deep 

learning. These approaches generally perform well but require a large amount of training data and also 

provide difficulties in terms of interpreting what goes on within the model, although recent advancements 

have been able to give more insights in terms of model explainability (Barredo Arrieta et al., 2020; Molnar, 

2019). On the other hand, the GAM used here, trained only on 265 samples and four variables, is a relatively 

simple model, easy to interpret, as seen with the partial dependence plots, and was still able to achieve 

comparable results. The squared error plot showed increasing error as predicted FAI values increased. From 

a practical perspective, making larger prediction errors in areas with generally high food access is not a 

critical issue because for planning interventions, areas with low food access are more important anyway, and 

in these areas, the GAM performs quite well. Despite the good performance, GAM does not account for 

non-linearities and extrapolates almost linearly at extreme values, which may result in extremely high or low 

predictions compared to the training data ranges. This explains the wider range of values of the FAI 

extrapolated by GAM compared to the constructed FAI from the PCA. Thus, care should be taken when 

interpreting these predictions since they are likely overexaggerated by the linear nature of the model’s 

predictions at these extreme data ranges. Lastly, other simpler approaches like a multilinear regression model 

(MLR) could also have been used to predict the FAI. To justify the use of a more complex model like GAM, 

a MLR was trained on the same training set using the same selected variables. As seen in Table 7 in the 

Annex (Chapter 7.2), the GAM performed better than the MLR in terms of R2, RMSE and nRMSE on the 

same validation set indicating that the relationships between the four selected variables and the FAI are 

indeed nonlinear and that predicting the food access index is a much more complex problem for a MLR to 

solve. 

 

The predicted FAI of Ethiopia highlighted the large disparity in food access between major urban centers 

and their peripheral areas. Cattaneo et al. (2021b) emphasized the importance of peri urban areas (< 1 hour 

travel time to urban centre) of large, intermediate, and small cities because a substantial percentage of people 

live here. This is also true in Ethiopia where approximately 67% of the population live in peri urban areas 

of large (2%), intermediate (19%), and small cities (46%). This is also in agreement with Cattaneo et al. 

(2021b) where, in low income countries like Ethiopia, intermediate and small cities play a larger role in 

development than large cities because more people are located in the catchment areas of intermediate and 

small cities than in the catchment areas of large cities. Thus, based on our estimates, a sizeable part of the 

population have very low food access. Furthermore, in these same peri urban areas, the average travel time 

to the nearest market is about 1 hour: the same time it takes to travel to the nearest urban centre, which 

suggests that there may be limited options in terms of markets within the peri urban areas or the nearest 

market is in the urban center itself. 

 

Economic access to food is naturally more volatile across time compared to physical access because 

transport infrastructure does not generally alter across months unless a major disaster or conflict limits 



ESTIMATING CONSUMER FOOD ACCESSIBILITY ACROSS URBAN-RURAL CATCHMENT AREAS IN ETHIOPIA 

43 

access or a major investment in infrastructure improves it. With this, focus was placed on the temporal 

dynamics of economic access to food and overall food access. Predicting the monthly FAI of Ethiopia 

showed the impact of cereal prices towards food access. The differences in monthly cereal price and monthly 

FAI from their respective annual averages showed that cereal prices are highest and the FAI is lowest in the 

months of July and August. These months coincide with the middle of the “lean period” in Ethiopia’s crop 

calendar (Figure 3), or the fragile period between planting and harvesting where most of the major crops 

are still growing. During this time, food stocks are limited and prices increase. This indirectly suggests that 

the FAI successfully captured this temporal phenomenon and given the good performance of the GAM to 

predict the FAI in space, the areas in central Ethiopia that show substantial reductions in the FAI in the 

months of July and August can be relied upon. Meanwhile, the hinterlands in the northwest region of 

Ethiopia suffered from higher prices and lower FAI from December to February while the central, more 

urbanized, areas of Ethiopia faced the complete opposite. This is also in line with Headey et al. (2019) who 

found that the rural poor population of Ethiopia live near markets that sell less diverse options at higher 

prices. At the same time, urban and peri urban areas of Ethiopia enjoy lower food prices because the markets 

they live near to are able to sell at lower prices. 

 

To add to the already low FAI values in peri-urban areas, these areas also have the most temporally volatile 

FAI as seen in Table 5. Apart from August, previously mentioned to be the middle of the “lean period” of 

Ethiopia’s crop calendar, food access in the peri urban areas of intermediate and small cities was also 

significantly lower than the annual average from February to April. The low FAI in these areas at this time 

of the year corresponds to the post-harvest time for most crops during the Meher season. This also coincides 

with findings from Hill and Fuje (2020) where they found considerable increases in grain prices from the 

end of January until April, mainly driven by rainfall shocks. Their findings, however, did not mention which 

specific areas in Ethiopia where affected by such price increases. Our results suggest that peri-urban areas 

of intermediate and small cities feel the impact of this phenomenon the most. The opposite was true from 

October to January in all peri urban areas, where food access was significantly higher than the annual 

average. This matches with the harvest season for most crops grown in the Meher season. In the harvest 

season, farming households generally subsist on their own production rather than purchase from markets 

(Hirvonen et al., 2016), reducing the demand. With this, food supply in the markets may be sufficient or 

even in surplus causing prices to be relatively lower at this time of the year thus people have higher economic 

access. Hill and Fuje (2020) also agree as they mention that the impact of rainfall shocks towards food prices 

gradually decrease from May to October and only start increasing from the end of January. These findings 

of the temporal volatility in food access show how food access in peri-urban areas is highly dependent on 

food prices leaving them vulnerable to price spikes which could be caused by a myriad of things like conflict, 

social uprising and drought. Abay and Hirvonen (2016) found that households located nearer to markets 

did not rely as much on producing their own food which can place some peri-urban areas in a challenging 

situation at certain times of year since they are not as close to markets compared to their urban counterparts 

and not all households produce their own food. 

 

The overall Gini index, computed at community level and not at individual level as usually done, in terms 

of food access inequality for Ethiopia was very low. However, the levels of food access inequality were 

uncovered after computing the Gini index for each URCA. D’Odorico et al. (2019) stated that computing 

within-country inequalities in food access is important to tackle because even if one country has enough 

food to feed the whole population, this does not guarantee that the everyone does indeed have access, either 

physically or economically, to food because of the large disparities that exist. Our findings not only provide 

quantification of within-country inequalities in food access but also stratified by URCAs. Food access 

inequality in the catchment areas was positively correlated with the size of their respective urban centers. 

Even if the population of all the catchment areas of the capital city Addis Ababa, the only large city in 
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Ethiopia, is only 2.4% of the whole population, food access inequality was still high. On the other hand, 

small cities and its catchment areas, which cover 67% of the population and 74% in terms of area, experience 

the least amount of food access inequality. This large area share of communities in small cities and its 

catchments was the main driver of the low overall Gini index of Ethiopia compared to the low area share 

of communities in intermediate and large cities and their respective catchments where food access inequality 

was relatively high. 

5.3. Limitations 

While this study was successful in quantifying food access considering both physical and economic access, 

there is a third aspect of food access which was not considered due to the limited data referring to it: social 

access, which deals with cultural and consumer preference. For example, if a community’s culture prefers 

maize but the markets in the area only sell wheat products, people can physically and economically access 

food but not the food within their cultural or personal preferences. With this, the FAI may characterize a 

community as one that has physical and economic access to food but does not identify whether the food is 

culturally or personally preferable for that community. Nevertheless, inclusion of social access to food is 

difficult to incorporate yet necessary to have an all-encompassing characterization of food access. 

 

The construction of the FAI was dependent on the initial selection of variables. And even if the selection 

of the initial variables from the survey to be included in the PCA had its justifications, it was nevertheless 

based on personal perspective on deciding which variables were relevant. And because the index is highly 

dependent on the variables being put in, if a different set of variables had been selected, the constructed 

FAI could have been different. This is echoed by Hofstede (2001) who emphasized the importance of a 

priori theory in the selection of the variables to be used in a factor analysis like PCA. For example, adding 

more variables related to asset ownership could possibly have resulted in more variables with positive 

coefficients and the maximum food access index would have been higher. Although the LSMS dataset itself 

had a vast amount of variables, there were more variables relating to socio-economic status, specifically asset 

ownership, than physical access which limits the choices in terms of variables relating to different themes. 

More intricate selection methods could have been in place instead of a variable selection based on personal 

perspective on what variables to include. Moreover, further inspection of each variable to be included, 

specifically the remotely sensed variables, could have also been done. The insights gained from the PCA are 

given with caveats considering the high dependency on the selection of variables which should have been 

less subjective to prevent bias. 

 

The assessment of the final GAM was done using a training-validation split of 70:30 to prevent overfitting. 

This is a common cross-validation approach to assess the performance of a model but there are also other 

approaches like k-fold cross validation as done by similar studies using similar methodological frameworks 

(Chi et al., 2022; Jean et al., 2016; Yeh et al., 2020). K-fold cross validation could be a better choice as 

samples are used in both training and validating at different folds but would also require more computing 

power and time. Nevertheless, the comparable performance of our final GAM to the existing models for 

wealth prediction in the literature could be attributed to the difference in input data. In the other studies, 

for example, satellite imagery, data that usually contains certain amounts of noise, was used as an input but 

not in our study. Furthermore, the spatial coverage of this study was only for one country while the existing 

studies mentioned conducted multi-country analyses. 

 

It should also be noted that although a quantification of the number of people experiencing a certain level 

of food access was done, generalizations on individuals cannot be made using the FAI as majority of the 

data was collected at household and community level. Therefore, the generalizations made from our results 
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are only applicable at this specific aggregated level (Schwartz, 1994). The same was emphasized by Hofstede 

(2001) that the manner of data collection affects the generalizability of findings from such data. 

 

Another limitation of this study is that although the FAI is predicted at a high spatial detail for a country-

level analysis, it is quite coarse for intra-urban analysis. The FAI map is only able to describe the spatial 

variations at larger spatial coverages, like from urban to peri urban to rural areas. As dynamics within an 

urban area are very complex, the FAI can only provide a general characterization of these areas and does 

not capture the nuances of food access within urban areas. For example, intra-urban inequalities in economic 

access are ever present especially in larger cities (Fotso, 2006; Haddad and Nedović‐Budić, 2006) but is not 

clearly highlighted based on the FAI map and food access inequality results. As mentioned, this study 

provides community level insights and not household or individual level insights which are needed for intra-

urban analysis. 

5.4. Implications 

Having a robust and dynamic model that quantifies food access also opened opportunities for scenario 

development and planning. Because the final variables used in predicting food access were easily 

interpretable, a scenario development application4 was developed using the R package “shiny” v.1.6.0 

(Chang et al., 2021) that allowed users to test the impact of changes in each variable to the food access index 

and food access inequality (see Figure 25). Additionally, providing extreme but still realistic inputs, in the 

form of shocks like increased cereal prices or hampered physical access due to conflict or war, also tested 

the robustness of the model, albeit only qualitatively. For example, the changes in food access levels, 

population affected, and food access inequality brought about by a hypothetical 40% increase in cereal prices 

can be immediately seen using the web application as shown in Figure 25. Also, the impacts of conflict 

towards travel time to markets, and consequently food access, can also be simulated using the application. 

This is especially important because Ethiopia suffered devastating impacts from the recent Tigray war where 

food security, specifically food access, was one of the major aspects affected (de Waal, 2021; Sheepshanks, 

2022). The Integrated Food Security Phase Classification’s (IPC) acute food insecurity analysis for May and 

September 2021 (IPC, 2021) provided information on how many people were in crisis, emergency, and 

catastrophe and showed where these people were located at a regional level. This scenario development 

application could be used to rapidly assess and even simulate future impacts of such shocks to food access 

at a higher spatial detail to pinpoint solutions not only at regional level but at high spatial precision. On a 

broader perspective, the ongoing war in Ukraine has recently made the United Nations issue a stark alert of 

 
4 Available at bit.ly/FoodAccessScenarios 
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a possible record wave of global hunger caused by price shocks and even identified countries in Sub-Saharan 

Africa as drastically susceptible (United Nations, 2022). 

Food access is an under-researched pillar of food security. This new FAI could be used to help inform one 

of the possible underlying causes of food insecurity in Ethiopia because not only does it provide the status 

of food access but also decomposes food access, to a degree, into physical and economic access. 

Additionally, it does so at a very high spatial detail of 1 km resolution, even more detail than the recently 

published relative wealth index by Chi et al. (2022) that provides information on asset-based wealth at 2.4 

km resolution. The results from this study serves as a proof of concept that quantifying food access across 

space and time at high spatial detail for an entire country is possible. 

5.5. Recommendations 

 

To further ensure reliability and usability of the results, improve the quantification of food access, and gain 

more insights from this approach, this study has the following recommendations. First is to conduct 

validation of the FAI results on the ground or at least with experts in the field. Although the survey data 

collected acts as on the ground data, these were collected for a slightly different purpose. Another 

recommendation to test the applicability of the FAI is to compare with other existing indices like the RWI, 

as mapped by Chi et al. (2022), or other datasets like census data from local government agencies to see 

whether the insights gained from the FAI are in agreement. 

 

This study implemented the conventional GAM as defined by Wood (2011) but several improvements to 

the conventional GAM have already been developed like boosted GAMs (Maloney et al., 2012) which have 

increased the predictive accuracy and have made the interpretability of the relationship between predictor 

and response even clearer. Apart from this, the possibility of implementing ensemble learning with a 

combination of different types of models can be done. Ensemble learning has produced more than 

satisfactory results in other applications when used in the correct context (Huang et al., 2020; Kiangala and 

Wang, 2021). Testing relatively more complex models like an ensemble model may improve predictive 

Figure 25. Screenshot of the food access scenario development application showing the impact of a ~40% increase 
in cereal prices towards food access. 
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performance but may also add complications in terms of interpretability depending on the base learners 

used. 

 

Lastly, since this study already provided a proof of concept for the quantification of food access at high 

spatial detail for an entire country, it is recommended to test this approach for multiple countries to gain 

global insights into food access. With this, inter-country variations in food access can be investigated apart 

from the within-country quantifications of food access. Also, the insights in terms of the significant factors 

of food access can also be tested. Food systems are very diverse, even within a country, so this diversity in 

food systems only increases across countries and across continents yet it is also possible to find similar food 

systems in countries from different continents. Capturing this variation of food access across the globe only 

helps in understanding our food systems, at least in terms of what drives food access. 

6. CONCLUSION 

This research primarily aimed to quantify food access at high spatial detail across a large spatial and temporal 

coverage, considering both physical and economic access, in Ethiopia through a smart integration of HH 

survey data and geospatial data. It also aimed to quantify inequalities in food access throughout urban-rural 

catchment areas. To accomplish this, three objectives were set: to develop an index from HH surveys to 

quantify food access, predict this index across the entire Ethiopia and across months in the year using 

spatiotemporal geospatial data, and finally quantify the inequalities from the predictions of the index.  

 

This study successfully constructed the food access index from LSMS survey data. And in the process of 

index construction, we further discovered that while both economic and physical access to food contributed 

to overall food access, economic access had a stronger influence. The food access index was also effectively 

predicted for all populated areas in Ethiopia using a GAM trained only on four geospatial predictors. The 

four predictors represented physical access (travel time to markets and road proximity), economic access 

(road proximity as an urban-rural proxy and cereal prices as food affordability), and climate (precipitation 

of coldest quarter). Food access was found to be both low and temporally volatile across the year in peri-

urban areas where a large proportion of the population resides. Also, temporal patterns in food access in 

peri-urban areas largely followed the crop calendar making these areas extremely vulnerable to shocks like 

drought and its cascading effects like price increases. Lastly, inequality in food access was quantified for all 

of Ethiopia as well as across urban-rural catchment areas using the Gini index. Food access inequality was 

high in peri-urban areas of large and intermediate cities but was low in small cities and its catchment areas. 

And because of the large share of small cities and its catchment areas compared to other urban areas, also 

led to the low overall food access inequality in Ethiopia. 

 

Overall, this research served as a proof-of-concept that quantifying food access at such spatial and temporal 

detail and coverage is possible with existing datasets and methods. This opens up opportunities for research 

in the under-studied food security pillar of food access. Furthermore, the scenario development application 

developed in this study also provides opportunities for simulations of food access in light of possible shocks. 

This is timely with the ongoing war in Ukraine which brings the risks of price spikes which could lead to 

global hunger.
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7. ANNEX 

7.1. Spatiotemporal food price prediction 

For the spatiotemporal prediction of the FAI, spatiotemporal data for food prices also had to be prepared 

apart from existing spatial data. The methodology in Cedrez et al. (2020b) which looked at the spatial and 

temporal differences of cereal prices across sub-Saharan Africa, was adopted and slightly modified. 

7.1.1. Market food prices pre-processing 

To create the 1 km resolution raster for food prices, first, the global WFP VAM food price dataset was 

filtered to only prices in Ethiopia then the different crops were grouped into six major crop groups: cereals, 

pulses, oilseeds, vegetables, fruits, and tubers. Only the crop group of cereals was used in the next steps 

because there was not enough data across different markets and across time for the other crop groups. 

 

For prices to be comparable across time, all prices were adjusted for inflation by dividing them by the 

monthly CPI. In Cedrez et al. (2020), they also adjusted for inter-country differences by dividing the prices 

with the purchasing power parity (PPP) but this was not necessary in this study since the study area is only 

a single country: Ethiopia. Furthermore, the food price data contained both retail and wholesale prices for 

some markets. Similarly, to have comparable price ranges within the dataset, wholesale prices were converted 

to retail prices by fitting linear regression models using price data from markets that had both retail and 

wholesale prices, as done in Cedrez et al. (2020). Food prices in markets with only retail prices were left as 

is. The final adjusted cereal prices were plotted across the years from 2000 to 2021 as well as across months 

within a year. 

 

Variables relating to demand, market access, and environmental factors affecting crop production were used 

to estimate cereal price across space for all of Ethiopia across different months. We slightly modified the 

method by Cedrez et al. (2020a) where they used similar datasets to predict fertilizer prices. In their study, 

they used latitude and longitude to represent location but this was not done in this study because Meyer et 

al. (2019) have cautioned the usage of latitude and longitude as predictor variables as these tend to lead to 

overfitting and therefore unreliable predictions on unseen data. And when both latitude and longitude have 

the largest significance, spatial outputs tend to show banding, where predictions will be very similar along a 

straight line, across a certain latitude or longitude value, which is not natural in this case. To represent 

demand, population density data from WorldPop was used while market access was represented by travel 

time to the nearest town with a population between (1) 20,000 and 50,000, (2) 200,000 and 500,000, and (3) 

1 million and 5 million. Monthly precipitation data from WorldClim (Fick and Hijmans, 2017) represented 

environmental factors. 

 

After grouping crops by crop group, there was only sufficient price data for the cereal price group. And 

although pulses had data in many unique markets as well, some of these were only for early years between 

2000-2005 while cereal prices were relatively consistent across time and across markets. Overall, there was 

food price data in 110 unique markets and Table 6 shows the breakdown of available data per crop group. 

 
Table 6. Summary of grouped crop price data. 

Crop group Number of unique markets with data Consistent temporal data 

Cereals 105 Yes 

Pulses 80 No 

Oil seeds 14 Yes 
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Vegetables 16 Yes 

Fruits 8 Yes 

Tubers 17 Yes 

 

The annual average cereal prices per year were plotted after deflating cereal prices for temporal differences 

using monthly CPI data. Figure 26 shows a clear spike in average cereal prices in 2008 which represent the 

effects of the drought that occurred in the two previous planting seasons (Plaut, 2008). 

In the linear regression model for estimating the relationship between wholesale and retail prices, wholesale 

prices for cereals was estimated to be 0.8 times the retail prices based on the slope coefficient in the linear 

regression. The model had an adjusted R2 of 0.14 and the fit of the wholesale and retail prices are seen in 

Figure 27. The total number of unique market-month-year price records was 7,408. 

Figure 26. Mean CPI-adjusted cereal price from 2000 to 2021. 

Figure 27. Linear regression fit of retail and wholesale cereal price. 
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7.1.2. Cereal price prediction using random forest 

Using a training and validation split of 70:30, a RF model was tuned and trained using these five variables 

to predict monthly cereal price where only precipitation was changed for each respective month and all 

other variables were assumed to be unchanged. The performance of the cereal price prediction model was 

assessed using both the out-of-bag (OOB) samples internally determined by the RF model and the validation 

set. The mean OOB error and mean R2 were calculated after 100 repetitions to deal with the random nature 

of the RF. Also, two metrics were calculated from the validation set: the RMSE and nRMSE. The scatterplot 

of predicted against observed values for the validation set along with the aforementioned metrics are seen 

in Figure 28. The trained RF model was then used to predict the annual average cereal price for the entire 

Ethiopia as well as for all 12 months. 

Annual average CPI-adjusted cereal price was predicted throughout populated areas in Ethiopia using RF. 

The central urban area of Ethiopia experiences relatively low cereal prices compared to the outskirt rural 

areas which experience almost double the prices especially in the south eastern region of Somali. Figure 29 

shows the map of predicted cereal price in Ethiopia. 

Figure 28. Scatterplot of cereal price prediction results with performance metrics. 

Figure 29. Map of annual average cereal price in Ethiopia. 
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With only precipitation changing for each month, the monthly cereal price was predicted using the trained 

model that predicted the annual average. The monthly coefficient of variation of cereal price from the annual 

average was calculated and mapped in Figure 30. Highest prices in the central urban area of Ethiopia occur 

during July and August while prices are generally low from November to January while for the hinterland 

areas, the northwest region of Ethiopia experiences high cereal prices from December to February. The 

difference in prices during the other months were not as high. 

7.2. GAM and MLR comparison 

A performance comparison was done for the GAM and the multilinear regression (MLR) model. The R2, 

RMSE, and the nRMSE for both methods across both training and validation sets are shown in Table 7. 

 
Table 7. Accuracy metrics of GAM and MLR for validation data. 

Metric GAM MLR 

R2 0.62 0.35 

RMSE 3.99 5.17 

nRMSE 14.63% 30.67% 

 

GAM attained an R2 of 0.62 in the validation set, better than that of the MLR with 0.35. Also, GAM managed 

an RMSE of 3.99, which meant an nRMSE of ~15%, both lower than the RMSE and nRMSE of the MLR 

which were 5.17 and ~30%, respectively. Overall, the GAM outperformed the MLR in all three performance 

metrics. This is likely because the relationship between the predictor variables and the FAI were expected 

to be nonlinear in nature, hence the worse performance of the MLR. 

Figure 30. Maps of monthly percentage difference in cereal price in Ethiopia. 


