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Abstract
Physical and economic access to food vary spatially. Methods to map that variability at high levels of spatial detail over 
large areas are scarce, even though suitable datasets and methods exist. Using open-access data for Ethiopia, we developed 
a method to map the disparities in physical and economic food access at 1-km resolution. We selected 25 access-related 
variables for 486 geo-located communities from the 2018 Ethiopian Living Standards Measurement Study to create a food 
access index (FAI). The index was based on a weighted summation of the 25 variables from a principal component analysis 
(PCA). We then extrapolated the FAI to the rest of Ethiopia using a generalized additive model (GAM) to produce a 1-km 
resolution FAI map and used that to describe the spatial variability of food access. Economic access had a heavier weight 
than physical access in the FAI reflecting the fact that proximity to food markets alone is insufficient if one cannot afford 
food. The GAM had an  R2 of 0.57 and a normalized root mean square error of 22.2% which are comparable to measures of 
model performance in studies that provided micro-level estimates of relative wealth. Peri-urban areas, representing 67% of 
the population, had relatively low food access, suggesting that these areas should be a priority for infrastructure or economic 
intervention. The scarcity of detailed spatial information on food access may limit the effectiveness of targeted policymaking 
to improve food security. The methodology developed in this study uses widely available and carefully selected datasets and 
can contribute to more spatially detailed estimates of food access in other countries.

Keywords Food prices · Food security · Sustainable development · Spatial analysis · Household surveys · Sub-Saharan 
Africa · Machine learning

1 Introduction

Food access – one of the dimensions of food security - refers 
to the physical and economic ability of people to acquire 
food. The physical aspect concerns transport options, ease 
of mobility, and the proximity and travel time to food-related 
services such as markets (Lê et al., 2015). Economic access 
is the ability to purchase food, usually driven by a combina-
tion of food prices, household income, and access to finan-
cial support (Lele et al., 2016). Food access also influences 
other dimensions of food security. For example, an increase 
in access to food may contribute to increased diet diversity 
as shown in China (Liu et al., 2014; Wang et al., 2017).

Food access, and the underlying economic and physical 
factors that influence food access, vary over space and over 
time (Bondemark, 2020). Detailed and accurate estima-
tion of these multiple dimensions of food access variability 
is essential for food policy related decisions (Ploeg et al., 
2015). We briefly review different methods to characterise 
and map food access, identify limitations, and propose a 
methodology that addresses them.

Food access has been defined as the time or distance 
to travel to retail supermarkets or grocery stores that offer 
healthy food options (Garcia et al., 2020; Jin & Lu, 2021; 
Kolak et al., 2018) or in general (Chen, 2017). This defi-
nition focuses on physical access and is calculated by dis-
tance-related measures such as network distance (Kolak 
et al., 2018) and by quantifying how many food suppliers 
are within a catchment area (Chen, 2017; Garcia et al., 2020; 
Jin & Lu, 2021). Strome et al. (2016) characterised physical 
access with three criteria (proximity, transportation access, 
and realized access) and stated that proximity (as defined 
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in Kolak et al., 2018) and transportation are insufficient to 
accurately estimate food access.

Most studies that mapped physical were conducted within 
cities, with very few at country (Deller et al., 2015) or multi-
country (Pozzi & Robinson, 2008) level. Deller et al. (2015) 
constructed a county-level food access index in the United 
States based on the number of healthy food sources (farmer’s 
markets, grocery stores, and supercentres) for every 1000 
people per county while Pozzi and Robinson (2008) defined 
food access as travel time to markets or urban centres in 
7 countries in Eastern Africa. However, solely relying on 
physical access does not fully capture food access as a food 
security component, because maximizing the use of the 
transport infrastructure may not be economically possible 
for all households, even if the physical infrastructure is good 
(Nelson et al., 2019). For example, living far away from 
supermarkets does not necessarily mean lower food access 
(Coveney & O’Dwyer, 2009).

Some studies investigated the relationship between physi-
cal access to food and socioeconomic factors. For instance, 
Garcia et al. (2020) found that a cluster of poor neighbour-
hoods were spatially correlated with lower food access. 
Similar results were obtained in a spatiotemporal analysis 
by Jin and Lu (2021) that showed a spike in the number of 
areas with low food access during the global economic reces-
sion of 2008, suggesting that deprived areas had lower food 
access. Food budget allocation within households was greatly 
affected by food prices. Households would thus rather travel 
farther for more affordable food (Lin et al., 2014).

Few studies have simultaneously considered both the 
physical and economic dimensions of access to food. Breyer 
and Voss-Andreae (2013) and Jiao et al. (2012) found that 
food price and proximity to food sources were essential for 
measuring access to food but also acknowledged that this 
relationship required further investigation in other contexts. 
Koh et al. (2019) built a spatially explicit agent-based model 
that considered several factors (monthly shopping frequency, 
ability to carry items from the market to home, and prob-
ability of shopping in a general supermarket versus a con-
venience store/partial market) to investigate the impacts of 
several policy interventions to food access. Jiao et al. (2012) 
emphasized the importance of mobility, specifically, vehicle 
ownership and driving distances in the context of both physi-
cal and the economic access to food. Furthermore, Sharkey 
and Horel (2008) stated that for rural areas, distance to food 
retail can be a proxy for the cost of driving while in urban 
areas with low car ownership rates and high poverty, access 
to public transit and walking infrastructure are more impor-
tant measures. Hemerijckx et al. (2022) studied the urban 
food accessibility of Kampala, Uganda, from both physical 
and economic standpoints separately. They equally weighted 
travel time to food sources, formal food system potential, and 
percentage of households involved in agricultural activities 

to define physical access while economic access was defined 
as both the daily food expenditure per person and percent-
age of income for non-food items, also equally weighted. 
Hemerijckx et al. (2022) thus found that income is the pri-
mary food access constraint in most areas, while living far 
away from urban centres was less important. These stud-
ies, however, were conducted over a limited spatial domain 
(one town or city) or at coarse spatial resolution. Conducting 
studies across the urban–rural continuum is important too 
because both the physical and the economic access to food 
may vary substantially across urban, peri-urban, and rural 
areas (Janda et al., 2021; Nyangasa et al., 2019).

Measuring and mapping the multidimensional nature of 
food access is challenging. Previous studies have modelled 
either the food consumption score (FCS) or the reduced cop-
ing strategies index (rCSI) for one or more countries (Delég-
lise et al., 2022; Lentz et al., 2019; Martini et al., 2022). FCS 
and rCSI are common food insecurity severity measures but 
do not provide insight into the determinants of food insecu-
rity. Further, these studies map results at cluster locations 
so they are not complete assessments, or at sub-national 
administrative units, which miss potential important spatial 
variations in food access that do not align with administra-
tive boundaries. More spatially detailed representations of 
food access are required to better target polices, especially 
considering urban vs peri-urban vs rural settings, requiring 
an alternative approach to mapping food access.

Chi et al. (2022) quantified and mapped relative wealth 
with an asset-based wealth index. The index was constructed 
from survey data and represents the variation in wealth from 
the national average. The index was then extrapolated from 
survey locations with satellite image and other geospatial 
data to estimate wealth at 2.4 km resolution for 135 low- and 
middle- income countries. The availability of similar survey 
data and spatial datasets pertaining to food access suggest 
that a similar approach is feasible to create national-level, 
spatially detailed maps of economic and physical food access.

Our main aims were to develop a food access index based 
on commonly available household survey data, to create 
(micro) estimates of food access at high spatial resolution by 
extrapolating the food access index using commonly avail-
able geospatial data, and to demonstrate a use case by exam-
ining disparities in food access across the rural–urban spec-
trum. We use Ethiopia as a case study country because its 
food systems are spatially heterogenous (Esayas et al., 2018), 
vulnerable to climate shocks and food price fluctuations, 
(Belachew et al., 2012), and face frequent food insecurity 
(Mohamed, 2017). In the case of Ethiopia, we identify which 
household survey data variables are most highly correlated 
to food access, which geospatial variables most strongly 
contribute to quantifying food access and how these relate 
to food access, and how food access varies across along the 
urban–rural spectrum.
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2  Material and methods

An overview of the methodology to quantify and map food 
access is shown in Fig. 1. There are two main steps in 
producing a nationally complete, high spatial resolution 
map of food access. The first identifies, filters, and then 
weights variables from available survey data to create a 
community-level food access index (FAI) for geolocated 
communities across the country. The second extrapolates 
the FAI to all other populated areas of the country using 
geospatial datasets related to food access to create the high 
resolution, national level map. A third and final step dem-
onstrates the use of the map for describing spatial dispari-
ties in food access.

2.1  Estimating food access at community level

2.1.1  Identifying food access‑related variables 
from household surveys

The 2018 Living Standards Measurement Survey (LSMS) in 
Ethiopia (Central Statistics Agency of Ethiopia, 2020) was 
conducted by the World Bank and the LSMS team between 
September 2018 and August 2019. The survey covers 6,804 
households in 535 geolocated communities that were nation-
ally representative of urban and rural areas (Central Statis-
tics Agency of Ethiopia & World Bank, 2020). We identi-
fied 28 variables in the LSMS that were related to physical 
and economic food access. These included access to basic 

Fig. 1  Methodology overview
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services, asset ownership, access to credit, market prices, 
and topography. Ownership of assets has been found to have 
a positive relationship with wealth (Rutstein & Johnson, 
2004) and in effect, increases food purchasing power. Other 
specific assets were included based on their relevance to 
food access. Among these, car ownership has been deemed 
relevant (Jiao et al., 2012) but there are several transport 
options in Ethiopia, so we included all transport-related 
assets. Also, access to electricity has been found to have a 
positive impact on food security (Candelise et al., 2021) and 
therefore we included ownership of electronic assets such as 
refrigerators. Mobile phone use and connectivity, in general, 
have been shown to have an important role in food access 
(Wantchekon & Riaz, 2019) hence the inclusion of mobile 
phone ownership. Access to formal credit has been found to 
improve food security (Salima et al., 2023) so we included 
variables related to access to financial assistance programs. 
Lastly, food prices were also considered as important vari-
ables (Lin et al., 2014).

The 28 variables required processing before further anal-
ysis. Variables for asset ownership that were collected at 
either individual or household level were aggregated to com-
munity level by calculating the percentage of ownership of 
each asset in each community. We removed redundant vari-
ables based on multicollinearity. We used cross-correlation 
analysis to identify pairs of highly correlated variables (pairs 
of variables with a Pearson’s correlation coefficient > 0.8, 
(Mason & Perreault, 1991)) and removed the highly cor-
related variable which had the highest Variable Inflation 
Factor (VIF, a measure of how much the variance of an 
explanatory variable is inflated by its correlation with other 
explanatory variables (Forthofer et al., 2007; Kim, 2019)). 
This process was repeated until there were no pairs of vari-
ables with a Pearson’s correlation coefficient > 0.8, resulting 
in 25 variables (Table 1). A total of 486 (out of 527) com-
munities that had complete data for these 25 variables were 
retained for the next steps.

2.1.2  Validating the selected variables 
against independent measures of food access

Although these variables have been shown to relate to food 
access, none of them directly measure food access or measure 
the degree of food access that an individual, household or 
community has. Their inclusion in our model requires valida-
tion with independent data on food access, even though such 
data is limited. We hypothesise that there would be signifi-
cant differences in the mean values of our selected variables 
(at household level) between households that experienced 
food insecurity due to food access and those that did not.

The Food Insecurity Experience Scale (FIES) Survey 
Module of LSMS includes households that reported food 

insecurity in the seven days prior to the survey. Of the 6770 
households in the LSMS dataset, 885 responded yes to expe-
riencing food shortage in the FIES module. We extracted 
four variables from FIES and created an additional one (vari-
ables 26–30 in Table 1). One FIES variable reports whether 
a household had insufficient food. The other three variables 
concerned access-related causes of food insecurity specif-
ically if the food in the market was too expensive, if the 
fare to the market was too expensive, and if the market was 
too far. An additional variable was calculated which repre-
sented whether food shortage was experienced because of 
any of the three access-related causes. Some 314 households 
reported this. We used a Mann–Whitney U test (Mann & 
Whitney, 1947) to determine if there was a significant dif-
ference in the means.

2.1.3  Constructing the food access index at community 
level

The food access index (FAI) was based on a weighted sum-
mation of the 25 variables where the variable weights were 
determined using principal component analysis, (PCA) 
(Hotelling, 1933) a methodology first proposed by Filmer 
and Pritchett (2001) and applied in similar approaches such 
as the Demographic and Health Survey (DHS) relative 
wealth index (Rutstein & Johnson, 2004). PCA is a widely 
used multivariate dimensionality reduction technique that 
produces new uncorrelated variables through orthogonal 
transformations that consist of linear combinations of the 
original input variables. A covariance matrix of the vari-
able set is calculated from which a set of eigenvectors and 
eigenvalues are computed. Eigenvectors represent the coef-
ficients or weights of each variable to a specific component 
while eigenvalues are the amount of variation in the data is 
accounted for. The linear combination that accounts for the 
maximum amount of variation is the first principal com-
ponent (PC).

The 25 variables were mean centred and standardized since 
PCA is sensitive to the range of values in the data. An orthogo-
nal Varimax rotation was used to ensure that each PC had only 
a few high loading variables, which aids in the interpretability 
of each PC. Only variables with significant coefficients were 
kept in the analysis to account for the sensitivity of the model to 
noise. Hair et al. (1998) stated that a coefficient with an absolute 
value greater than or equal to 0.3 is significant for a sample size 
of greater than 350. The standardized values of the significant 
variables were multiplied by their respective coefficients from 
the first PC and then summed per community following the 
methodology used to construct the DHS-based relative wealth 
index (Rutstein & Johnson, 2004). The weighted sums were 
then converted to z-scores to represent FAI per community.
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2.2  Extrapolating the FAI to all populated areas

2.2.1  Geospatial datasets related to food access

The second step in our method relates the community level 
FAI with continuous geospatial variables at the same 486 
community locations and uses that relationship to extrapo-
late the FAI to all other populated locations in the country. 

We considered geospatial datasets based on their relevance 
to food access leading to 45 relevant variables (Table 2).

Road proximity relates to access to the land transport net-
work and physical access to food. We computed the Euclid-
ean distance from each community to the nearest road from 
OpenStreetMap data and aggregated the distance in to 12 
ranges (Table 3). The cost of food is related to economic 
access. We computed an annual average cereal price by 

Table 1  Ethiopia 2018 LSMS variables used in study

# Category Collection 
Level

Variable Variable description References

1 Characteristics Community slope Slope of majority of the land Yamaguchi et al. (2019)
2 Access to basic services Community road_type Type of main access road (0–3, worst to best) Wudad et al. (2021)

Distance to (in meters): Bergau et al. (2022)
3 dist_bus • nearest bus station
4 dist_markets • large weekly market

Fare to (in Ethiopian Birr): Bergau et al. (2022)
5 fare_MUC • nearest major urban centre (regional or zonal 

capital)
6 fare_woreda • nearest woreda town

Asset ownership Household Ownership of a:
7 bike_perc • Bicycle Candelise et al. (2021)

Chen and Clark (2016)
Rutstein and Johnson (2004)

8 motor_perc • Motorcycle
9 cart_h_perc • Cart – hand-pushed
10 cart_a_perc • Cart – animal-drawn
11 car_perc • Private car
12 ker_perc • Kerosene stove
13 cyl_perc • Cylinder stove
14 ene_perc • Energy-saving stove
15 refr_perc • Refrigerator
16 shelf_perc • Shelf for food storage
17 bio_perc • Biogas stove
18 Individual phone_perc • Mobile phone Wantchekon and Riaz (2019)

Access to assistance Household total_assist Total value of:
19 • Cash received Salima et al. (2023)

• Food received
• In-kind assistance received

Market prices Community Price of crop group in nearest market
20 price_1 • Cereals Lin et al. (2014)
21 price_2 • Pulses
22 price_3 • Oil seed
23 price_4 • Vegetables
24 price_5 • Fruits
25 price_6 • Tubers
26 Food Insecurity Experi-

ence Scale (FIES)
Household FI • Faced a situation with insufficient food

27 FIexpense • FI cause: food in market was too expensive
28 FItranspoCost • FI cause: fare to market was too expensive
29 FIdistance • FI cause: market too far from village
30 FIaccess • FI caused by lack of access
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modifying the methodology of Cedrez et al. (2020). While 
they used food price data from several sources and covered 
several countries, their data included food prices from only 
four markets in Ethiopia. Our modification used crop mar-
ket prices from the World Food Programme (World Food 
Programme, 2021) which contained monthly food price data 
for several crops from 2000 to 2021 for 110 markets across 
Ethiopia. We used this to calculate an average cereal retail 
price in each market. This price was adjusted for inflation 
by dividing it with the consumer price index (CPI) of that 
year. We then trained a random forest (RF) (Breiman, 2001) 
model to estimate the CPI-adjusted cereal price for Ethiopia 
from population, precipitation, and market access. RF is a 
machine learning algorithm that leverages weak-learning 
regression trees to improve performance and has been used 
for such variable selection tasks since it is capable of com-
puting variable importance. The remaining geospatial vari-
ables on crop production, land use, elevation, and climate 
mainly relate to the location of food production (food avail-
ability) an indirectly to the physical access and economic 
cost associated with connecting locations of food produc-
tion to location of food consumption. All variables were 
clipped to the national boundary, resampled to 1-km spatial 

resolution, and projected to a common WGS 84 Mercator 
projection. After which, pixels of uninhabited areas (with 
population of zero based on WorldPop et al., 2018) were 
omitted from all the datasets.

2.2.2  Geospatial data preparation

The geospatial datasets also required pre-processing before 
they could be spatially joined with the community-level FAI. 
Random spatial offsets are applied to all LSMS community 
geolocation data (up to 5-km for urban and 10-km for rural 
communities) for privacy and ethical reasons (Central Sta-
tistics Agency of Ethiopia & World Bank, 2021) following 
the approach by Burgert et al. (2013). To address this, we 
adapted the methodology of Chi et al. (2022) by calculating 
the population-weighted average of each geospatial variable 
in spatial buffers of 5 × 5 km grids around urban communi-
ties and 10 × 10 km grids around rural communities. Since 
the geospatial datasets were masked for populated areas, 
some of these 5 × 5 or 10 × 10 grids had unpopulated areas. 
To avoid bias in the population weighted average, we dis-
carded 111 communities (375 were retained) where less than 
half of their 1 km pixels (< 13 for 5 × 5 and < 50 for 10 × 10) 
were unpopulated. We then removed redundant geospatial 
variables based on multicollinearity following the same pro-
cedure in Sect. 2.2.1. 25 geospatial variables were retained 
and were spatially joined to 375 communities. This dataset 
was split into 70% (264 communities) for variable selec-
tion and training and 30% (111) for testing the extrapolation 
model. We ensured that this split was the same for communi-
ties labelled as urban or rural in the LSMS.

Only a subset of predictors variables was used for scaling 
out to prevent over-fitting. The predictor variables were eval-
uated with the R package “Variable selection using random 
forest” v.1.1.0 (VSURF) (Genuer et al., 2010). VSURF uses 

Table 2  Geospatial data related to food access for extrapolating the FAI

Dataset Source # of variables Relation to food access (and food security in 
general)

Road proximity OpenStreetMap (OpenStreetMap contributors, 
2022)

1 Physical access to road network and markets, and 
cost of travel

Cereal prices Food price data from (World Food Programme, 
2021)

1 Cost of food and economic access

Crop production MapSPAM (International Food Policy Research 
Institute, 2020)

22 Locations of food production

Land use / land 
cover

ESA (Zanaga et al., 2021) 1 Relates to locations of food production and human 
settlements

Elevation FABDEM (Hawker et al., 2022) 1 Constraint on physical access, also relates to food 
production

Bioclimatic vari-
ables

WorldClim 2 (Fick & Hijmans, 2017) 19 Climatic factors relate to food production

Population WorldPop (WorldPop et al., 2018) 1

Table 3  Road proximity classes

Class Distance range 
(meters)

Class Distance range 
(meters)

1 0 – 100 7 1500 – 2000
2 100 – 250 8 2000 – 2500
3 250 – 500 9 2500 – 3000
4 500 – 750 10 3000 – 5000
5 750 – 1000 11 5000 – 7500
6 1000 – 1500 12  > 7500
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several iterations of RF in three phases (thresholding, inter-
pretation, prediction) for variable reduction. Each phase has 
a different emphasis: the thresholding phase (50 iterations) 
assess the variance of variable importance and removes 
irrelevant (low varying) variables, the interpretation phase 
(25 iterations) identifies the threshold at which incorporating 
additional predictors provides little to no explanatory power, 
and the prediction phase (25 iterations) optimizes the model 
in a stepwise fashion to minimize model error.

2.2.3  FAI extrapolation

A generalized additive model (GAM) (Hastie & Tibshirani, 
1986) in the R package “mgcv” v.1.8-35 (Wood, 2011) was 
used to extrapolate the FAI to all populated areas of Ethiopia 
at 1 km resolution. This step includes training, parameter 
optimisation, and testing. Variables in the training step were 
removed if they were insignificant (p > 0.01). The smoothing 
parameters of each input variable were optimized by testing 
three smoothing functions for each variable: cubic regression 
splines (Wood, 2017), thin-plate regression splines (Wood, 
2003), and P-splines (Eilers & Marx, 1996). The best model 
configuration was the one which produced the GAM with 
the lowest Akaike Information Criterion (AIC) and where all 
variable-smoothing function pairs were significant (p < 0.01). 
The best performing GAM was evaluated against the test 
dataset set using the coefficient of determination  (R2) and 
normalized root mean square error (nRMSE) to show the 
error with respect to the prediction range of the GAM. Par-
tial dependence plots (PDPs: Friedman, 2001) were used to 
visualize the relationship between the FAI and each variable.

2.3  Measuring disparities in food access 
across the rural–urban spectrum

We demonstrate the use of the 1 km map of FAI by using it 
to characterise the variability in food access across urban, 
peri-urban, and rural areas considering a hierarchy of urban 
settlement sizes. Two studies have previously demonstrated 
that such information can inform food security policy and 
our aim here is to show that FAI maps can provide this infor-
mation nationally with sufficient detail for spatially targeted 
policy interventions. Dean and Sharkey (2011) modelled fruit 
and vegetable intake in Texas, USA, and found that distance 
to supermarkets was important in urban areas but not in rural 
areas. They recommended interventions should consider the 
distance to retail food environments as an important factor for 
improving fruit and vegetable intake in rural areas. Nguyen 
et al. (2021) quantified processed-food intake at household 
level across the rural–urban spectrum in Viet Nam and found 
peri-urban and rural households had consumed more ultra-
processed food compared to urban households.

We calculated the average FAI and total population 
within each Urban Rural Catchment Area (URCA) category. 
URCAs represent the connection between these urban cen-
tres and their surrounding rural area. They are defined in 
Cattaneo et al. (2021) as the catchment areas of urban cen-
tres of different sizes and reveal whether a location (and its 
associated population) is 1, 2, 3 or more hours distant from 
a large, intermediate, or small urban centre. If there are large 
differences in FAI between URCA categories, then this sug-
gests that these locations could benefit from interventions to 
improve food access.

Table 4  Group means and significant differences between means

*p < 0.05

Household Community

Variable Mean (FIaccess)
(n = 359)

Mean (FS)
(n = 5872)

Variable Mean (FIaccess)
(n = 104)

Mean (FS)
(n = 203)

*Total assistance (ETB) 1060 342 *Distance to nearest bus station 2.87 6.62
*Phone 0.7160 1.1800 *Fare to nearest woreda town 7.08 15.40
*Refrigerator 0.0557 0.1910 Fare to nearest major urban centre 29.16 39.81
*Shelf for storage 0.1590 0.2530 Road type (0–3, worst to best) 1.80 1.56
*Energy-saving stove 0.0696 0.1240 Oil seed price 32.82 33.30
*Car 0 0.0223 Cereal price 18.17 18.46
*Bike 0 0.0204 Fruit price 27.19 24.30
*Cylinder stove 0 0.0153 Slope 3.01 2.91
Kerosene stove 0.0446 0.0700 Distance to nearest weekly market 4.88 3.99
Cart (hand-pushed) 0.0084 0.0163 Pulse price 31.39 33.10
Biogas stove 0 0.0009 Vegetable price 22.95 23.30
Cart (animal-drawn) 0.0167 0.0194 Tuber price 13.55 13.45
Motorcycle 0.0084 0.0097
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3  Results

3.1  Validating the variables against independent 
measures of access‑related food insecurity

We categorised households and communities into three 
types: those that (1) experienced food insecurity due to lack 
of access  (FIaccess), (2) experienced food insecurity due to 
non-access causes (FI), and (3) were food secure (FS).

Out of 13 household-level variables, 8 had significant dif-
ferences in their means (p < 0.05) between  FIaccess households 
and FS households (Table 4). The means for all asset-owner-
ship variables for FS households were greater than those of 
 FIaccess households while it was the opposite for total assis-
tance received. Only 2 of the 12 community variables had 
significant (p < 0.05) differences between  FIaccess and FS com-
munities. Except for distance to the nearest weekly market, the 
means of distance and fare variables were consistently lower 
for  FIaccess communities. The mean road type, quantified from 
0–3 representing worst to best, was higher for  FIaccess commu-
nities. In terms of market prices, there was no clear trend in 
mean differences between  FIaccess and FS communities.

3.2  Community‑level FAI

The first PC accounted for 18.3% of the variance while the 
second accounted for 6.9%. 14 variables were significant in 
the first PC (Fig. 2), which was a combination of variables 

related to asset ownership, quality of roads, and fruit price 
(strong positive weights), and to distance and fare to services 
(weak negative weights). Of the 14 significant variables, 7 
had absolute value coefficients greater than 0.5. These were 
related to asset ownership (5), road quality (1), and fare to 
services (1).

The FAI was calculated as the weighted sum of the 14 
significant variables from the PCA. FAI is a z-score; a FAI 
of 2 means that a community has a level of food access two 
standard deviations higher than the national average. The 
FAI ranged from -2.9 to 3.2 across the 486 communities 
(Fig. 3). The larger positive range is due to more variables 
in the PCA with positive and stronger coefficients than those 
with negative coefficients. A large proportion of the com-
munities had negative FAI values, mostly between -1 and 0. 
Urban centres had positive FAI values (Fig. 4).

3.3  Extrapolating the FAI to all populated places

The 45 potential geospatial variables were reduced to three 
in the final GAM. Firstly we removed 20 due to high multi-
collinearity (13 were bioclimatic variables, 6 were related to 
crop production, and elevation). VSURF then selected 5 var-
iables for the final prediction phase based on whether their 
inclusion in a RF model would reduce prediction errors; road 
proximity (RPX), cereal price (CRP), precipitation in coldest 
quarter (B19), isothermality (B03), and barley production 
(BRL). Finally, barley production and isothermality were 

Fig. 2  Bar plot of the coefficients (loading) of the significant variables of the first PC
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Fig. 3  Histogram of the community-level FAI

Fig. 4  Map of the community-level FAI
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Fig. 5  Predicted-observed plot of best performing GAM on the training (left) and validation (right) set

Fig. 6  FAI extrapolated to all of Ethiopia's populated areas
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removed since they were not significant at the 95% confi-
dence level in the trained GAM.

The trained GAM using only three geospatial variables 
explained 57% (nRMSE = 22.2%) of the observed variation 
in the community-level FAI (Fig. 5) with predicted FAI 
ranging from -2.5 to 2.9 with a mean of -0.66 and stand-
ard deviation of 0.68. When extrapolated to all populated 
places in Ethiopia (Fig. 6), high FAI values were mostly 
found in Addis Ababa, and a few neighbouring intermediate 
and small towns to the south (Mirab Arsi, Misraq Shewa, 
Alaba, Hadiya, Kembata Tembaro, Sidama, and Silti). Very 
low FAI values are concentrated in the northwest Amhara 
and Tigray regions.

The three variables used in the GAM were road proxim-
ity, cereal price, and precipitation in the coldest quarter. The 
PDP plots (Fig. 7) show the relationship of each of these 
variables to the FAI. The greater the distance from a road, 
the lower the FAI. FAI was very high (above 1) in areas 
0–100 m from a road (class 1), decreased until 500–750 m 
(class 4), levelled out until 2–2.5 kms (class 8), and reduced 
again until 3–5 kms (class 10) from a road. There was no 
training data in areas further than 5 kms from a road (class 
11 and 12). FAI did not vary much with precipitation. FAI 
was highest when cereal prices were lowest and decreased 
as cereal prices increased until about a value of 7.5.

3.4  Food access disparities across URCAs

The FAI per URCA in Fig. 8 showed that all settlements 
(large, intermediate, and small cities) have a positive mean 
FAI with uniformly decreasing FAI relative to proximity 
(within 1, 2, 3 or more hours). Addis Ababa is the only large 
city in Ethiopia (as per the URCA definition of any city 
with more than 1 M people) and had the highest FAI with 
an average FAI of almost 2, while the hinterland areas had 
the lowest with an average FAI of almost -2. Taken together, 
all peri-urban areas (< 1 h travel time) contain 66 million 
people (67%) and have FAI average values less than zero.

4  Discussion

Spatially detailed, nationwide measures of food access are 
scarce yet there are sufficient sources of relevant data to 
permit food access to estimated and mapped at high spatial 
resolution. We discuss the relevance of publicly available 
survey and spatial data to food access, how the selected vari-
ables and their relationship with food access compare to 
finding in previous studies, and the suitability and challenges 
of applying our methodology in other countries.

Fig. 7  Partial dependence plots of three significant variables used in GAM: a road proximity classes, b precipitation in coldest quarter (mm), 
and c cereal price
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4.1  Relevance of the access‑related LSMS variables 
to independent measures of food access

Most of the 25 variables used to generate the FAI showed 
significant differences in their means between  FIaccess and FS 
households. Ownership of a kerosene stove was a component 
of the FAI but only had a relatively weak contribution to the 
eventual FAI and explains why it did not have a significant 
difference between  FIaccess and FS households. Furthermore, 
total assistance at household level showed a significant dif-
ference but this was not the case at the community-level. 
The differences in means at community level showed that 
 FIaccess communities had lower means for most distance and 
fare variables than FS communities. Whilst unexpected, this 
may reflect that physical access does not completely capture 
food access since one may be close to food sale locations but 
not be able to afford the food (Nelson et al., 2019).

The LSMS survey module on Food Insecurity Experi-
ence Scale (FIES) can be used to measure the severity of 
food insecurity. The FIES questions pertained to acute food 
insecurity experienced in the 7 days prior to the survey. The 
FIES household responses may represent long-term chronic 
causes of persistent food insecurity or acute, short-term 

causes that manifested themselves in the week prior to 
the survey. The FAI on the other hand aims to capture the 
longer-term food access situation. This implies that food 
access as represented in FIES is not directly comparable 
to FAI. This highlights the challenge of finding consistent, 
detailed, countrywide measures of food access, which was 
one of the motivations for this study.

The FAI methodology can be adapted to represent vari-
ability in food access over time. For example, cereal prices 
vary monthly, while road conditions may vary between dry 
and wet seasons. These variables, and others that vary over 
time, can be used to generate a new FAI every month to 
track temporal changes in food access due to fluctuations in 
economic and physical factors.

4.2  The contribution of the selected LSMS variables 
to the FAI

We constructed a food access index (FAI) from LSMS sur-
vey data. The first principal component (PC) only accounted 
for 18.3% of the variance of 25 variables. This is compara-
ble to that of Filmer and Pritchett (2001), whose first PC 
accounted for 25.6% of the variance for a smaller number of 

Fig. 8  Boxplot of FAI and corresponding population in millions per URCA 
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variables (21) and was still considered robust after interpret-
ing the variables within the first PC. Most of the variables 
with high absolute value coefficients in the first PC related 
to economic access. Asset ownership, which had one of the 
highest coefficients, was as a proxy for wealth in the crea-
tion of the DHS relative wealth index (Rutstein & Johnson, 
2004). Road quality relates to economic access since urban 
areas typically receive more infrastructure investments than 
rural areas (Gertler et al., 2014). Road quality also relates 
to physical access since better roads improve the transport 
network and therefore improve access to markets, transport 
hubs, and other services. Lastly, fares to services can be tied 
to both economic access (affordability of travel) and physical 
access (fares are often proportional to distance). This sug-
gests that economic access plays an equal, if not, larger role 
than physical access in food access in Ethiopia. This is con-
sistent with Hemerijckx et al. (2022) and Lin et al. (2014) 
who found economic related variables are more important 
compared to physical or distance related variables.

The positive coefficients of the asset ownership and road 
quality variables signified that when a community owned 
more assets or lived in more developed areas, the FAI was 
higher while the opposite was true when one needed to travel 
farther or pay more to utilize services. Since the coefficients 
of proximity and fare to services variables were weaker than 
those on asset ownership, this suggest that merely being 
located near urban areas and services does not ensure high 
food access. This agrees with the assertion that supermar-
ket access (Coveney & O’Dwyer, 2009) and transportation 
access (Strome et al., 2016) alone are not enough to measure 
food access.

LSMS is a widely available source of household and 
community-level data containing relevant information on 
food security and food access. The selected variables and 
their empirical relationships to food access may be specific 
to the economic, social, and physical aspects of food access 
in Ethiopia. The application of our method to other coun-
tries will require country-specific variable screening and 
selection. As and when additional studies take place, cross-
country comparisons of commonly used variables and their 
weightings may provide additional insight.

4.3  The relevance of selected geospatial variables 
to the FAI

We started with a large number of geospatial variables and 
reduced them down to three in three separate pre-processing 
steps: multicollinearity check, VSURF, and GAM signifi-
cance. Multicollinearity checks removed 13 bioclimatic vari-
ables; this high collinearity has been noted in environmental 
niche modelling studies (De Marco & Nóbrega, 2018) where 
bioclimatic data from WorldClim is often used. All crop 
production variables were removed, most likely because the 

original resolution of the MAPSPAM crop production data-
set was 10 × 10 km, which is much coarser than the other 
geospatial datasets. Out of the 6 remaining bioclimatic vari-
ables, 4 were removed by VSURF and 1 was insignificant in 
the GAM as they were more related to food production and 
availability than food access. However, these variables may 
also be important in quantifying food access as our study 
does not consider cases such as subsistence farming.

The three selected variables from VSURF and GAM were 
cereal price, road proximity, and precipitation. Cereal prices 
characterize economic access, specifically the affordability 
of food (Bondemark, 2020; Breyer & Voss-Andreae, 2013; 
Lin et al., 2014). Road proximity represents physical access 
since as one is closer to a road, and without considering 
paying for fare, it is much easier to utilize the transport 
infrastructure. Road proximity could also relate to economic 
access as Wudad et al. (2021) showed that distance to the 
main road had a significant inverse relationship to household 
income. Precipitation during the coldest quarter could be a 
proxy for physical access considering extreme weather such 
as excessive rain may cause floods affecting the physical 
transport network which is used for both transporting crops 
to market and commuting to the market to purchase crops. 
In the same way, lack of rain (drought) could also cause 
production obstacles. Adverse weather can also impact eco-
nomic access since the disruptions to the food system can 
lead to increased food prices as well as loss of livelihood 
and income (FAO, 2015; Schmidhuber & Tubiello, 2007).

We interpreted the partial dependence plots (PDPs) from 
the GAM to help explain the predictions made by the model. 
The PDP of road proximity classes and cereal prices showed 
relatively wide confidence bands at the extremes reflecting 
a lack of data points in areas very far from roads and areas 
that have very extensive cereal crop areas. LSMS typically 
conduct surveys in enumeration areas with relatively high 
populations which are usually near roads. Hence, there are 
caveats for the interpretation of the FAI in very remote areas 
which are not represented in the LSMS enumeration areas.

The PDP for road proximity classes revealed the high 
importance of living within 500 m (up to class 3) to a road 
for good food access. FAI decreased steeply in communi-
ties beyond 2 km from a road. Urban areas have relatively 
good food access because (1) urban populations have higher 
economic capacity due to better job opportunities and (2) 
the quality and quantity of transport network infrastructure 
and food retail options are both relatively more developed 
compared to rural areas (Hong et al., 2011) making access 
to food easier.

The relationship between cereal prices and FAI showed 
that food access steadily declines as cereal prices increase 
which is expected based on Gustafson (2013). The PDP also 
revealed a certain point (CRP = ~ 7.7) after which this effect 
is less evident. This shows that FAI is mostly affected when 
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cereal prices are low. Our results also reveal that increas-
ing prices beyond ~ 7.7 no longer substantially impacts FAI. 
Our cereal prices were an average of the consumer price 
index (CPI) deflated prices of wheat and maize and not 
actual prices.

Precipitation during the coldest quarter had a modest 
contribution to the GAM and interpretation requires some 
caution and our discussion here is rather speculative. FAI 
decreased as precipitation increased to 400 mm. The FAO 
crop calendar of Ethiopia shows that the coldest quarter 
(December to February) coincides with the time right after 
the harvest of the main (Meher) season and when crops are 
being transported to markets. The decrease in FAI could 
be attributed to transport difficulties brought about by poor 
road conditions exacerbated by floods (Olana et al., 2018). 
Second, food access starts decreasing after ~ 900 mm. In 
addition to the possible impact of high levels of rainfall on 
road conditions, this is also the period before the short rains 
season (Belg) when secondary crops such as legumes are 
grown. Legumes have relatively low water requirements 
(250-300 mm). High precipitation and associated oversatu-
ration of soils at the start of the season could also influence 
production.

Our method uses economic and physical access-related 
variables both in the constructions of a community-level FAI 
and its extrapolation to all populated areas. This raises the 
risk of circularity. We considered this, recognised that it 
must be properly accounted for, and maintain that the risk is 
minimal in our final selection of variables. Cereal price did 
not play a significant role in the community-level FAI (only 
fruit price did, and even then it was not heavily weighted). 
Furthermore, the cereal price data used for the extrapolation 
did not come from LSMS, but from a global food prices 
database (World Food Programme, 2021). The LSMS vari-
ables related to physical access pertain to distance to mar-
kets, bus stations and road type, whereas the extrapolation 
variable is distance to the road network, which again comes 
from a different source.

4.4  Extrapolation and high‑resolution mapping 
of FAI

The performance of the GAM is comparable to existing 
food insecurity prediction studies. Lentz et al. (2019) and 
Deléglise et al. (2022) explained 65% and 47% of the vari-
ation in the food consumption score (FCS), respectively, 
while Westerveld et al. (2021) forecasted mild deteriora-
tion of food security status with 68% accuracy. Our results, 
however, are low compared to Martini et al. (2022) who 
accounted for 81% of the variation in FCS and 73% of the 
variation in food-based coping strategies index. There are 
some important differences to note. Firstly, FCS represents 
general food insecurity while we concentrate on physical 

and economic access to food. Secondly, our method per-
mits a much higher spatial resolution representation of food 
access, as opposed estimates at specific survey locations 
or averaged at sub-national administrative boundaries that 
may not reflect important spatial patterns of food access or 
food security. A comparison based on method performance 
may be more appropriate than a comparison against similar 
measurements.

Our model performs comparatively well to state-of-the-
art machine learning methods that explained 56% to 75% of 
the variation in wealth using geospatial data at similar spa-
tial resolutions (Chi et al., 2022; Jean et al., 2016; Yeh et al., 
2020). These studies used between 1,400 to 66,000 samples 
and uninterpretable geospatial features extracted from sat-
ellite imagery using deep learning models. In contrast, our 
model required substantially less training data (264 samples) 
and was relatively easy to interpret given only three predic-
tor variables were employed. The PDPs further enhanced 
the interpretability of the variables. This suggests that our 
method, with careful selection of the input survey and spatial 
data, can be used to map food access at high resolution in 
other countries with similar input data.

4.5  Disparities in food access across URCAs

When the FAI predictions were aggregated by URCA, we 
observed a disparity in food access between urban centres 
and their catchment areas as well as the farther rural areas. 
Rural population was found to be an important factor for food 
deserts, or areas with limited food access (Amin et al., 2021). 
This finding is also in agreement with Losada-Rojas et al. 
(2021) who found that urban areas faced lower costs to travel to 
healthy food retailers compared to rural areas in Indiana, USA. 
The same study also called for a more equitable distribution of 
resources to reduce costs in travel towards food sources. The 
bulk of the population in Ethiopia (65%) is found in the peri-
urban (< 1 h travel time) areas of intermediate (19%) and small 
cities (46%) which is also supported by Cattaneo et al. (2021) 
who found that intermediate and small cities largely contribute 
to development in low-income countries because more peo-
ple are in the catchment areas of such cities. Though these 
peri-urban areas do not have the lowest food access among all 
URCAs, the FAI values are still relatively low, and the average 
is below zero. If this finding is corroborated by further stud-
ies, then it may suggest that these peri-urban areas should be 
a focal point for improving food access and the important role 
of peri-urban areas in increasing food security.

The use of URCAs as aggregation units permits a more 
nuanced assessment of food access across the urban–rural 
spectrum rather than an urban–rural dichotomy. This would 
not be possible with food access or food security measures 
that report at administrative unit, emphasizing the utility of our 
method to map food access at high spatial resolution.
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5  Conclusion

The research aimed to develop and test a transferable method 
to quantify and map food access, considering both physical 
and economic dimensions. We successfully constructed a 
food access index from LSMS survey data and further found 
that both physical and economic access contributed to food 
access, but economic access had a stronger influence in the 
case of Ethiopia. This food access index was also effectively 
predicted for all populated areas in Ethiopia using a GAM 
trained only on three geospatial variables. The use of widely 
available survey and spatial data in the study suggest that 
the model can be replicated in other countries with suit-
able training and testing data to pinpoint various demands of 
inequitable food systems. As an example, we showed that the 
highly populated peri-urban areas of intermediate and small 
cities in Ethiopia had low food access suggesting interven-
tions that improve access in these areas could improve food 
security for a large proportion of the population. Our proof-
of-concept model quantifies food access at high spatial detail 
at a national level using existing open access survey and 
spatial datasets. This opens opportunities to map economic 
and physical food access at high spatial resolution in many 
countries in Sub-Saharan Africa and elsewhere.
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