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Abstract

This paper quantifies the increase in household welfare that results from re-
ducing food prices through improvements in the road network. First, I estimate
the effect of improving the road network on the price of a subset of agricultural
products. Second, I estimate demand for these products using the road network-
predicted prices in an Almost Ideal Demand System. Results suggest that if the
road improvements between 2014-2017 had never occurred, the price of fruits and
vegetables in 2017 would have been 8% higher and households would have had to
spend an additional 0.8% of their total food budget.

1 Introduction

In 2018, Colombia’s national government invested more than 1 billion dollars (0.4% of
its GDP) on road infrastructure. While this investment rate is lower relative to other
countries of the region, the transportation sector is the third sector with highest in-
vestment budget assigned by the National Government only after social inclusion and
labor sectors.1 How does this investment affect household welfare? While there is
widespread documentation of the mechanisms through which increased spending on
health, education or research sectors benefit households, the existing literature of how
building roads can benefit them is much more limited.

This paper investigates how road network improvements allow households to save
money and consume more and better goods thanks to reductions in food prices. Using
a sample of fruit and vegetable species, I first estimate the effect of improving the road
network on food prices. This allows me to build infrastructure-predicted prices which
are not endogenous to demand. Then, I use the set of road network-predicted prices
and household consumption data from 2017 to estimate an Almost Ideal Demand Sys-
tem (AIDS) for fruits and vegetables. Results suggest that if the 20% reduction in travel
times in Colombia between 2014 and 2017 (T. Allen, Atkin, Cantillo, & Hernández,
2020) had never occurred, fruit and vegetable (real) prices would be approximately 8%
higher and their consumption would be 7% lower. Overall, if the aforementioned road

*Thesis supervisor: Carlos Hernández
1According to the National Government’s budget (Ley Presupuesto General de la Nación, 2017).
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network improvements had not occurred, households would have had to spend an ad-
ditional 8% of their fruit and vegetable’s budget (0.8% of their total food budget) to be
as well-off as with the 2017 road network. This additional expense is non-trivial as it
respresents 3% of the total food expenditure for 10% of urban households and is more
than a third of the real increase in the average household’s total expenditure between
2006 and 2017.

Studying the indirect effects of road network investments is important as more than
1 trillion dollars are invested every year on transportation infrastructure worldwide
(Lefevre, Leipziger, & Raifman, 2014 as cited in T. Allen & Arkolakis, 2019 ). Like-
wise, each year many governments and NGOs spend more money on transportation
infrastructure projects than on education or health services (World Bank, 2007).

In this context, Colombia is an interesting country to study. Its road network is
52.5% worse (by extension and quality) relative to similar income countries (Andrian,
Beverinotti, Castilleja-Vargas, Dı́az-Cassou, & Hirs, 2019) and transportation costs may
account for up to 35% of the price of final goods (Clavijo et al., 2014). Given that public
investments on roads were more than 5 times larger between 2009-2018 relative to 1999-
2008 (Ministerio de Transporte, 2018) and private investments were also significantly
higher during this period (ANIF, 2014; DNP, 2018)2, one would expect to observe large
economic gains from the road network developments.

Since roads are traditionally viewed as non-excludable goods, investments in this
sector should benefit a large number of households. One mechanism could be via re-
ductions in trade costs which should decrease overall prices. In particular, households
should see significant benefits from decreases in food prices as that would allow them
to consume a larger and more diversified food basket and substitute towards other
goods and services.

The transportation economics literature finds positive effects of improving transport
networks on average income, mainly explained by decreases in transportation costs
(T. Allen & Arkolakis, 2019; T. Allen et al., 2020), which in turn increase productivity
(Calderón & Servén, 2004; Cárdenas, Escobar, & Gutiérrez, 1995) and trade (Donaldson,
2018). However, some studies argue that these impacts depend crucially on initial de-
velopment conditions (Cook, 2005; Bryceson, Bradbury, & Bradbury, 2008) and benefits
might not be equally distributed across the population (Sánchez, 2016). This paper
provides evidence on how the development of transportation infrastructure can affect
consumer welfare by reducing food prices and allowing households to increase their
consumption basket.

Concerning the literature of demand estimation, few studies have estimated com-
plete demand systems in Colombia (Ramı́rez, 1989; Cortés & Pérez, 2010) and even less
have estimated demand for food groups (Caro, Ng, Bonilla, Tovar, & Popkin, 2017).
This analysis provides small, yet additional evidence on food consumption patterns for
colombian households.

Finally, this paper makes a contribution to the demand estimation literature by pro-
viding a novel instrument that exploits road infrastructure to predict food prices. While

2See figures 1a and 5
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several studies have approached price endogeneity in complete demand systems in dif-
ferent ways (Hausman, Leonard, & Zona, 1994; Capacci & Mazzocchi, 2011) or used
infrastructure as predictors of competition in an industry (T. Allen et al., 2020), this
is the first paper to the author’s knowledge that uses road networks to estimate food
demand.

The remainder of the paper proceeds as follows. The next section describes the data
and section 3 describes the empirical strategy. Section 4 shows the demand estimation
results while section 5 discusses implications. Finally, sections 6 & 7 discuss limitations
of the current analysis, further work and conclusions.

2 Data

Wholesale Markets

Data from the National Bureau of Statistics (DANE) is used to identify the origin of
food products that were sold in the main wholesale markets of the biggest 10 cities in
Colombia in 2018. For each product in the dataset one can observe the quantities that
arrived at the wholesale market and the amount coming from each producing munici-
pality. This data allows to identify the regions that were the biggest suppliers of a given
food product to the main cities.

While this dataset contains information for more than 80 food species and more than
950 different supplying municipalities, many markets had limited or no information on
the regions that supplied their products. In particular, only fruit and vegetable prod-
ucts have complete information on their origins and amount supplied in each market.
Given that my empirical strategy relies strongly on adequately identifying the supply-
ing regions in each market, I restrict my sample to 17 species of fruits and vegetables
with complete data and classify them in 3 categories: Acid Fruits, Sweet Fruits and Veg-
etables.3 Better data quality or a different approach to identify food producing regions
will certainly allow to expand the current study’s scope and implications. Section 6
discusses this limitation and undergoing efforts to solve it.

Household Consumption

In order to study consumption patterns from Colombian households, this paper uses
the National Household Budget Survey implemented between July, 2016 and June,
2017.4 The survey gave households a form for them to document all their expenses
during 2 weeks. With this information, a pooled cross sectional dataset is constructed
containing household characteristics and their monthly consumption of foods. Food
prices were computed as the expenditure/quantity ratio of each variety. Whenever

3Appendix A.1 describes the issues and discusses how the foods included in the analysis were se-
lected.

4Encuesta Nacional de Presupuestos de los Hogares (ENPH).

3



a household did not consume a good, the price was defined as the monthly average
within its municipality.

The baseline consumption dataset contains over 14,000 households in the urban ar-
eas of the biggest 10 municipalities in Colombia.5 This is a subsample of all households
that consumed fruits and vegetables in these cities as these households were restricted
to having consumed at least one food product from 2 different food groups. So for ex-
ample, if a household reported having consumed acid fruits in the last month, but no
sweet fruits nor vegetables, it was not included in the baseline sample. This restriction
is imposed to reduce the number of households with zero consumption, but results
are in general robust to including households with different consumption patterns (see
section 5). While this censoring approach could raise concerns of the external validity
of results and selection problems6, table 1 shows descriptive statistics that suggest that
households included in the analysis have similar demographic characteristics, though
a larger food consumption than households in the full sample.

5Only urban households are included in this study as households from rural zones follow different
consumption and income patterns in relation to food prices, i.e. several households in rural zones are
producers of agricultural goods and hence their income depends positively on food prices (Dimova, 2015).

6Zero consumption of food species can be due to survey reporting errors, infrequent purchases, perfect
substitutability between species (e.g. aguacate hass and aguacate papelillo) or infrequent purchases (Caro
et al., 2017). This censoring problem and solutions are discussed in section 6.
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Table 1: Descriptive Statistics

Full Sample (19,543 households)
Mean SD P25 P50 P75

Restricted Sample (14,682 households)

Household income
2,935 3,320 1,202 1,992 3,347
3,027 3,358 1,288 2,094 3,473

Number of equivalent-adults
3.02 1.51 1.89 2.79 3.85
3.20 1.51 2 3 4

Household head has formal job
0.94 0.23 1 1 1
0.95 0.22 1 1 1

Household head is male
0.58 0.49 0 1 1
0.58 0.49 0 1 1

Number of goods & services consumed
7.42 1.16 7 8 8
7.51 1.12 7 8 8

Number of food species consumed
17.6 9.31 11 17 24
22.3 7.7 17 22 27

Number of selected fruits & vegetables consumed
3.78 2.91 2 3 6
5.45 2.35 4 5 7

Food expenditure
266 194 124 232 365
329 193 192 294 422

Food expenditure on selected fruits & vegetables
22 24 4.5 15 31
32 26 14 25 41

White-colored rows display values for the full sample, rows in gray correspond to the sample of households that consumed at least 2 of the
different fruits and vegetables groups. Columns 2-6 correspond respectively to the mean, standard deviation, percentiles 25, 50 and 75 val-
ues of the variables in column 1. Income and expenditure values are in thousands of 2018 COP. Number of equivalent-adults measures the
number of individuals living in the household based on their caloric needs by age and gender (Claro, Levy, Bandoni, & Mondini, 2010).
Goods & services are 9 categories of consumption: food, education, housing, health, transportation, dressing, communications, recreation, other.

Road Network

As a measure of road infrastructure, this paper uses travel times estimations between
each pair of municipalities in Colombia. These calculations are taken from T. Allen et
al. (2020) who use road maps to estimate the smallest amount of time it took to go from
one municipality to another for every month between 2014 & 2017. This data allows
to observe road network connectivity between the main food supplying regions to the
biggest cities in Colombia during the period of the household survey (2017) and answer
how would food consumption have been affected if roads had not been improved since
2014.

Note that the ideal road network variation would come from both long term road
infrastructure improvements and differences between locations rather than short term
road changes or only comparing different regions. Current work is being developed to
exploit long term evolution in the road network (see section 6 for a discussion).

According to T. Allen et al. (2020), travel times between municipalities fell by 20%
between 2014 and 2017. This was the result of an important increase in both public
and private investments, specially since 2010 that increased the length of the colom-
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bian road network by 22% during this period.7 Details on infrastructure investments
and road expansion are available in the Appendix. Figure 1 shows the evolution of the
public investments on road infrastructure and the resulting changes in the road net-
work and travel times between municipalities. Notice that the public investments in
road infrastructure have increased significantly since 2010 and reached their highest
level in 2013 (Figure 1a), just before the start of current analysis. Since roads take time
to build, one can expect the largest benefits from improving roads to materialize some
years after the increase in investments.

Figure 1: Road Infrastructure Evolution

(a) Historical Public Investment (b) Average Travel Times

(c) Road Network

Figure 1a shows the Government investments on roads over time (Source: Ministerio de Transporte, 2018). Data on private investments
on roads during recent periods is limited (see Appendix A.4). Figure 1b shows the average travel times on the fastest path between mu-
nicipalities. It includes only municipality pairs with at least 10 shipments of goods in any given month during this period (Source: T.
Allen et al., 2020). Figure 1c shows the development of primary roads in Colombia between 2014 and 2017 (Source: T. Allen et al., 2020).

7The colombian road network increased by 22%, from 151,481 kms to 184,585 kms. In particular, the
length of primary roads increased from 15,035 to 16,648 kms (11%), secondary roads from 10,055 to 14,927
kms (48%) and tertiary roads from 126,391 to 153,009 kms (21%). While large, these increases are smaller
in magnitude than changes registered by the Ministry of Transportation on tertiary roads before 2010.
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3 Empirical Strategy

In order to understand how household consumption of fruits and vegetables changes
when prices vary, this paper estimates demand using an Almost Ideal Demand Sys-
tem (AIDS) (Deaton & Muellbauer, 1980). This model is derived from microeconomic
household theory and satisfies the axioms of order and aggregation over consumers.
Under this model one takes a household’s total outlay as given and analyzes how it
assigns expenditure across different goods when prices change. This model allows to
answer how household’s h consumption of food group j changes due to price variations
from food group k.

The demand equations to be estimated under AIDS can be expressed as:

sjhmt = αj +
K

∑
k=1

γjk ln(pkhmt) + β j ln(
mhmt

Phmt
) + Xh + δm + δt + εjhmt (1)

, where sjhmt = xjht pjhmt/mhmt is the expenditure share of good j for household h living
in municipality m and surveyed in month t (xjhmt is quantity consumed), pjhmt the price
of good j and mhmt is total expenditure of household h across all K goods. Note that this
equation is estimated for each good j ∈ K. In order to capture household purchasing
power, household budget is adjusted by Phmt, a translog price index defined by:

ln(Phmt) = α0 +
K

∑
j=1

αjln(pjhmt) +
1
2

K

∑
j=1

K

∑
k=1

γjk ln(pjhmt)× ln(pkhmt) + Xh + δm + δt (2)

, where Xh is a combination of sociodemographic characteristics that capture household
heterogeneity8, while δm and δt are municipality and month fixed effects that control for
differences in consumption across regions and over time.9 Notice that the sub-indexes
t denote that each household was surveyed in a different period of time rather than
being observed over time.

In order to derive household consumption changes due to price variations, the own-
price uncompensated elasticities10 can be expressed as:

ε jj = −1 +
γjj

sjhmt
−

β j

sjhmt
(αj +

K

∑
k=1

γjk ln(pkhmt)) (3)

Under the setting of demand estimation for food groups, an AIDS model is more
appropriate than other demand systems, such as the Random-coefficients Logit model

8These controls are the number of equivalent-adults living in the house (this measure scales individu-
als based on their caloric needs by age and gender, see Claro et al. (2010) for conversion factors), the gender
of the household head, her highest level of education, type of occupation, and a dummy for working in
the formal sector.

9Note that these variables do not enter the model linearly as they appear linearly in the intercept, but
nonlinearly in the price index Ph. This approach is called “Demographic Translating” (Pollak & Wales,
1978) and allows the model to still be conditionally linear.

10The expenditure elasticity from this model is ηj = 1 + β j
sjh
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(BLP) (Berry, Levinsohn, & Pakes, 1995). AIDS models demand in product space, that is,
assumes consumers choose between buying bananas or strawberries because of intrin-
sic preferences that are unknown to the researcher. Meanwhile, BLP models demand
for products based on their characteristics, where consumers choose bananas or straw-
berries because of observable characteristics such as calories, sugars or fiber.11 In the
current context, demand in characteristics space is not feasible with the available data
and is likely not to reflect the way households decide their consumption of fruits and
vegetables.

Notice that the usual concerns involving demand estimation apply to this model:
shocks to demand of good j, sjhmt, affect its price, pjhmt, while total expenditure is likely
to be jointly determined with consumption shares. The endogeneity of expenditure is
approached by running an OLS regression of the log-expenditure of fruits and vegeta-
bles on the same socioeconomic variables from equation 2, the total log-income of the
household and municipality and month fixed effects. Afterwards, the residuals from
this regression are included as an additional control in the demand system following
Banks, Blundell & Lewbel (1997) and Caro et al. (2017).

In order to approach the price endogeneity concern I use road network-predicted
prices. Since road networks take time to improve, they are plausibly orthogonal to food
demand shocks.12 Using these infrastructure-predicted prices allows to interpret differ-
ences in food demand as responses to price variations that occur because of differences
in transportation infrastructure. The road network-predicted prices are constructed fol-
lowing:

ln(pihmt) = ϕ0 + ϕ1 ln(TravelTimeimt) + Xh + Wm + δt + νihmt (4)

, where i ∈ j is a food species that belongs to food group j. Notice that the time-
series variation comes from monthly changes rather than long term evolution of prices
and roads which is not ideal.13 The matrix Wm includes municipality altitude and log-
population in order to partially control for differences between municipalities that may
affect food prices. TravelTimeiht is the weighted average time it takes to transport food
i from all producing origins o to municipality m on month t:

TravelTimeimt =
O

∑
o=1

TravelTimeiomt ×
Quantityiom2018

∑O
o=1 Quantityiom2018

(5)

, where the weights are the quantity share of food species i that arrived to wholesale
markets in m coming from o during the whole calendar year of 2018.

11BLP is traditionally used to estimate demand for similar products within an industry, such as the
automobile or cereal consumption (Berry et al., 1995; Nevo, 2000).

12e.g. consumers learning about the healthy properties of a new variety of fruit from the Amazonas
won’t make the government construct more roads in that region in the short run.

13Typically, road infrastructure improvements can only be observed after long periods of time, hence
there is not enough variation to include municipality fixed effects. This concern is discussed below and
remains an important limitation to the current study.
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Equation 4 resembles the first stage of an Instrumental Variables (IV) regression
with two main differences from the traditional approach. First, the endogenous price
and the road network-predicted price from the “first stage” are expressed in different
aggregation levels. While the endogenous price is at the food group level (e.g. sweet
fruits), the road network-predicted prices are calculated at the species level (e.g. ba-
nanas) and later they’re averaged across species within j to calculate p̂jhmt.14 The reason
why equation 4 is ran at the species level is to properly calculate the relation between
road infrastructure improvements and food prices, which may become too weak if av-
eraged at food group level.15 The reason why equation 1 is not ran at the species level
is because many households do not consume every specie of a food group, hence es-
timating demand for food groups partially avoids having to deal with these possible
reporting errors/selection issues.16

The second difference is that a traditional IV approach to estimate equation 1 would
require estimating equation 4 such that the endogenous price pjhmt is regressed on all
K instruments, TravelTimekmt∀k ∈ K. However, with the current data, when all the
instruments are included in the estimation of equation 4 at the food specie level we ob-
serve that the price of food i may not respond or even respond negatively to the travel
times of food i (see figure 4 in the Appendix).17 One potential explanation for this
is the high correlation in the travel times of different food species (e.g. all acid fruits
consumed in Medellı́n take either 4 or 6 hours on average to arrive from the supply-
ing regions). Also, the econometrics literature has found that using many instruments
can increase asymptotic efficiency, but it may also increase sample size bias in finite
samples, specially if the instruments are weak or strongly correlated with each other
(Morimune, 1983; Bound, Jaeger, & Baker, 1995; Donald & Newey, 2001; Donald, Im-
bens, & Newey, 2009). Hence, in this context it seems preferable to include only one
instrument and loose some estimator efficiency while avoiding small sample bias from
over-identification of equation 4.

Notwithstanding the differences with the traditional IV approach, one still expects
these instruments to comply with the requirements of relevance and exogeneity. Travel
times should be a relevant instrument as a reduction should reduce trade costs, hence
shifting the supply curve and moving prices downwards. The exogeneity condition
should hold as long as travel times of food specie i are not related to factors that af-

14Both p̂jh and pjh are constructed as weighted averages of species level prices. The weights are the
quantity of food specie i ∈ j consumed by the average household as a share of the total consumption

within food group j. pjh = ∑i∈j pih ×
q̄h

i

∑i∈j q̄h
i

15e.g. Bananas and strawberries have high cross-price elasticities and, hence, belong to the same food
group, but are produced in very different regions of the country. Hence constructing a single instrument
for both these foods removes part of the variation that identifies prices.

16Zero consumption of food species can be due to survey reporting errors, infrequent purchases, perfect
substitutability between species (e.g. aguacate hass and aguacate papelillo) or infrequent purchases (Caro
et al., 2017). Selection issues are still likely to arise even across food groups. This concern is discussed
below in section 6.

17In some cases, this response is smaller than the response to the travel times of other food species (e.g.
the price of bananas responds more to the travel times of strawberries than to the travel times of bananas).
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fect demand of food group j. Travel times are calculated using road maps, hence it is
hard to think that road infrastructure could respond to food demand shocks. Never-
theless, it could be the case that a positive demand shock to Papaya consumption could
increase prices sufficiently enough to make it profitable to ship Papaya from further
away regions. While temporal shocks are taken into account by the month fixed effects,
the weights used to calculate the average travel time would be responding to price in-
creases.18 However, notice that these weights use quantities supplied from each origin
during the whole 2018 calendar year. Even if demand shocks could have persistent ef-
fects over time, using quantity shares a year later should partially reduce some of these
concerns.19

Finally, an important source of endogeneity may come from differences between
municipalities. Different regions of the country may have culturally developed prefer-
ences for foods that makes them ship in food species no matter how far. Also, economic
and population size of municipalities may be driving both travel times and prices of
goods. Current data does not allow me to control for municipality fixed effects (δm) in
equation 4 as there is not enough month to month variation in road infrastructure ar-
riving to municipality m. This is a major limitation from the present study as it implies
that the infrastructure variation exploited comes from short term differences across the
whole country. Undergoing work tries to solve this limitation by constructing a long
term panel dataset, with a second National Household Budget Survey20 and travel time
estimations from 2006 to exploit the long term variation in consumption and road net-
work within municipalities.

4 Results

Figure 2 shows the percentage change in prices of 17 food species when their traveling
time to markets increases by 1% (equation 4). Most coefficients range between 0.1 and
0.4 and all are significant at the 1% level. The average treatment effect within the 3
food groups is above 0.2, except for the group of sweet fruits. The positive coefficients
and large F-stats (not displayed) suggest that travel times are a relevant instrument to
explain prices.

18 Quantityiom2018

∑O
o=1 Quantityiom2018

in equation 5
19Wholesale market data from previous years has low quality so it can’t be used for this purpose.
20Encuesta Nacional de Ingresos y Gastos (ENIG) implemented in 2006.
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Figure 2: Effect of an increase of 1% in travel times on predicted prices (eq. 4)

OLS estimates for equation 4 for each food species. Blue circles show the beta coefficients and red lines denote the 95% confidence interval. These coefficients
can be interpreted as the percentage change of the price of a food species ”caused” by an increase of 1% in the average travel times from the producing re-
gions of that food species to the consumption municipalities. The F-stat in each regression is over 100. The within-R2 for each specie ranged between 0.02
(Pinapple) and 0.60 (Strawberries). Estimations included the 14,682 households that consumed food from at least 2 of the Fruits and Vegetables categories.
If a household did not consume a food specie it was assigned the average municipality-month price.

Before showing the results from the demand estimation, we should expect the si-
multaneity bias of estimating the demand equation with actual prices to provide a
lower bound for the absolute own-price elasticities. As a demand shock increases prices
of a good, rising prices will have a negative effect on the quantities demanded, which
will bias own-price elasticities upwards (less negative). This bias has the same positive
sign for the cross-price elasticities, biasing demand coefficients for both complementary
(less negative) and substitute (more positive) goods upwards.

Table 2 shows the price elasticities resulting from estimating equation 1 by Iterative
Linear-Least Squares (ILLS) (Blundell & Robin, 1999) with the endogenous prices (table
2a) and the road network-predicted prices (table 2b). In both tables, the diagonal (from
the upper left corner to the bottom right) displays by how much consumption of food
group j changes when its price changes by 1%. Consistent with the literature, the own-
price elasticities for each food group are largely negative.21 One intuition is that, since
neither fruits nor vegetables provide large amounts of calories, their consumption is
easier to sacrifice when their price increases.22 As expected, the own-price elasticities

21Even though I am unaware of demand estimations within the category of fruits and vegetables, the
literature has documented have high price elasticities for fruits and vegetables. (Caro et al., 2017) study the
colombian context and find an elasticity of -0.96. (Andreyeva, Long, & Brownell, 2010) review the literature
for the US and find estimates ranging within a 95% confidence interval of -0.41 and -0.98, with some studies
finding magnitudes as large as -3. (Green et al., 2013) make a meta analysis and find elasticities range
between −0.62 and −0.84, with larger elasticities for households/countries with lower incomes. (Mhurchu
et al., 2013) find elasticities close to -1 and also observe an inverse relation with income.

22Even though this logic applies mainly to poor households/countries, C. Allen (2017) calculates mini-
mum cost diets that allows people to survive, while yet consuming several important nutrients in several
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are statistically equivalent or smaller in the ILLS estimation than in the IV-ILLS.

Table 2: Uncompensated Demand Elasticities

(a) ILLS (endogenous prices)
Change in Quantity

C
ha

ng
e

in
Pr

ic
e Acid

Fruits
Sweet
Fruits

Vegetables

Acid
Fruits

-0.961***
(0.015)

0.080***
(0.020)

-0.064***
(0.011)

Sweet
Fruits

0.056***
(0.015)

-1.181***
(0.020)

0.048***
(0.010)

Vegetables -0.160***
(0.016)

0.039*
(0.022)

-0.911***
(0.012)

(b) IV-ILLS (road network-predicted prices)
Change in Quantity

C
ha

ng
e

in
Pr

ic
e Acid

Fruits
Sweet
Fruits

Vegetables

Acid
Fruits

-0.922***
(0.031)

0.056
(0.042)

-0.079***
(0.022)

Sweet
Fruits

0.124**
(0.027)

-1.755***
(0.038)

0.272***
(0.019)

Vegetables -0.264***
(0.044)

0.254***
(0.059)

-0.943***
(0.031)

Uncompensated (Marshallian) demand elasticities calculated at the mean point of the sample. Households that consumed products from at least 2 of the
fruits and vegetables groups (N=14,682). Standard errors in parenthesis. Significance levels: *10%, **5%, ***1%.

While elasticities larger than -1.5 for fruits and vegetables are not uncommon in
the literature, the magnitude of the sweet fruits elasticity can be revealing a weak first
stage, instrument endogeneity or zero consumption issues. In the case of endogene-
ity concerns, it could be that the richest municipalities, such as Bogotá, demand more
sweet fruits, like bananas, which happen to be produced further away from them.23

This issue can eventually be solved by expanding the time-series of the data to include
municipality fixed effects. In the case of the zero consumption issues, this could be
caused by households only consuming sweet fruits (or any other food group) when
prices are really low.24 Restricting the sample to households that consumed all 3 fruits
and vegetables groups yields less negative elasticities, while including all households
produces more negative elasticities (See Appendix A.3 for the additional elasticity esti-
mates).

Finally, regarding the cross-price elasticities, all coefficients are statistically equal
between the endogenous and exogenous price estimations except for those between
Sweet Fruits and Vegetables.25 It is also remarkable that, while both types of fruits
are marginal substitutes between them, Vegetables are strategic complements to Acid
Fruits, but substitutes to Sweet Fruits. While it is not evident if fruits and vegetables
should be complements or substitutes, expectations were that both fruit groups would
have high positive cross-price elasticities between them and have similar signs for their

countries. None of the products included in this analysis appeared as a solution to his minimum cost food
problem.

23Clearly this mechanism applies to acid fruits and vegetables as well, despite them having a better
first stage and more common elasticity estimates.

24Recall that households that did not consume a good were assigned the average price within
municipality-month.

25In this case the IV estimates are larger than the non-instrumented ones, contrary to what we expected.
Once again, this may raise concerns about the first stage of Sweet Fruits or unresolved endogeneity issues
in the estimations.
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cross elasticities with vegetables. Testing the sensitivity of the food categorization can
help identify potential issues.

5 Road Improvement Implications on Food Demand

Allen et al. (2020) estimate that the average travel times between every pair of mu-
nicipalities in Colombia decreased by over 20% between 2014 and 2017. By using the
elasticity estimates from the previous section and using the road network from 2014,
this section estimates how food prices would have changed and affected food demand
and household welfare if road infrastructure hadn’t been improved during these years.

Results suggest that food prices would be 8% higher for Acid Fruits, 5% for Sweet
Fruits and 12% for Vegetables if there had been no road improvements during 2014 and
2017.26 This increase in prices would in turn have decreased demand for Acid Fruits
and Vegetables by 9% and demand for Sweet Fruits by 5%.

In order to quantify this finding, a compensating variation is calculated to measure
how much more would a household have to spend to maintain its previous level of
satisfaction given the change in food prices. Following a Cobb-Douglas function for
the utility of each household, results suggest that households would have had to spend
each month an additional 8% of their budget on fruits and vegetables ($2,800 COP or
0.8% of their total food budget) if roads had never been improved during this period.

While the aforementioned additional expenditure may seem small, it should be
noticed that this effect takes only into account changes in demand over a subset of
fruits and vegetables. Clearly, including more foods groups should imply larger addi-
tional expenses for households. Given that foods from other groups, such as meats and
dairies, are a larger share of household food expenditure and also have high elastici-
ties (Andreyeva et al., 2010; Caro et al., 2017), then a similar treatment effect of travel
times on prices of other food groups would suggest that the additional expenditure by
households should be much larger than currently estimated.

Figure 3 provides suggestive evidence that these results are robust to estimating the
elasticities with different samples of households. Including households that consumed
at least 1 food group (Liberal), 2 food groups (Moderate - base case) or consumed all
3 food groups (Conservative) does not change results significantly. Figure 3a shows
that our elasticity estimates vary importantly for sweet fruits, but not so much for the
other food groups. Figure 3b shows the predicted change in prices if the road network
had never been improved and figure 3c shows how the quantities consumed by house-
holds would have changed using the different elasticities calculated.27 Finally, figure
3d shows that the additional amount households would have been required to pay if

26Keeping constant the set of origins and the share of food they supplied to each market during 2018.
Notice that while the average travel time reductions were 20%, road improvements varied between re-
gions as well as the amount of fruits and vegetables consumed in each municipality (and the regions that
supplied them).

27Consumption of sweet fruits increases when food prices increase because they are substitutes to veg-
etables, which had a large price increase.
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the road network had never been built is similar under all 3 scenarios, approximately
8% of their expenditure on fruits and vegetables.

Figure 3: Effects of Not Having Improved the Road Network between 2014-2017

(a) Own-Price Uncompensated Elasticity (b) Average Price Change

(c) Average Quantity Change (d) Compensating variation

Figure 3 shows the demand elasticities and effects of not having improved the road network under 3 different scenarios: Liberal (includes all
households in demand estimation), Moderate (households that consumed at least 2 food groups) and Conservative (only households that con-
sumed all 3 food groups). Figure 3a shows the own-price uncompensated elasticities for the mean household. Figure 3b shows the aver-
age price change of each food group if the road network hadn’t been improved between 2014 and 2017. Figure 3c shows the average food
consumption change if roads hadn’t been improved. Figure 3d shows the compensating variation under each scenario, that is, the amount
of additional money that households would have had to spend in order to keep their same satisfaction level at the counterfactual prices.

To put these findings into perspective, note that an 8% real increase in the price of
fruits is very high compared to an average yearly inflation of fruits of 10% during the
past decade.28 Most importantly, an increase in 8% of the real expenditure on fruits and
vegetables is huge since households increased their real expenditure by 22% between
2006 and 2017, but didn’t increase their consumption of either fruits and vegetables
or total food during this period!29 Also, notice that an extra $2,800 COP per month

28See figure 10 in Appendix
29Based on the National Household Budget Survey (ENIG) from 2006.
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increase is sizeable given that it represents 2% of total food expenditure for a quarter of
all households and 3% for 10% of them.

At the aggregate level the findings from this paper are also economically significant.
If each urban household in 2017 had had to spend an extra $2,800 COP per month or
$11 USD per year, this would sum to an additional $120 million USD expenditure!30

This amounts to nearly 12% of the national public investment on road infrastructure in
2018 or 0.04% of that year’s GDP. Even though the exact losses from this counterfactual
are far from accurate as this calculation ignores general equilibrium effects and effects
on other foods/goods, the overall social gains from road improvements are far from
being trivial.

6 Discussion

Given data restrictions, only products with reliable data in every market about their
suppliers were included in the estimations (see appendix A.1 for full details). These
products were arranged into groups according to the author’s perception of their con-
sumption similarities. If this categorization is far from close to how households orga-
nize their demand for food, then estimating equation 1 should yield inaccurate results.
In this case it is necessary to try other sensible categorizations to test for the robustness
and plausibility of the estimated elasticities.

Even if current results cannot be extrapolated to other food categories, such as
meats or cereals, as long as road infrastructure development has a negative relation
with prices of those goods we should expect household consumption to keep benefit-
ing from improving the road network. Undergoing work tries to gain access to better
food trade data which would allow to address these issues. Knowing the municipalities
and the amount of food they supply to large cities would allow to include more food
species and rearrange them into more traditional food groups. This could potentially
allow to estimate nested demand systems that exploit data better.31

In order to approach censoring concerns, this paper estimated food demand for
different samples of households with diverse consumption patterns. While the com-
pensating variation measures are similar across the different specifications, Appendix
A.2 shows that the own and cross-elasticities may differ importantly. One could di-
rectly deal with this censoring issue by modeling household demand in 2 steps, where
households first decide whether to consume a product or not and then they decide
the quantities they consume (Shonkwiler & Yen, 1999). This solution remains part of
further work required to enhance current analysis.

30Based on the $2,800 COP per month additional expenditure estimated for the average household in
the sample and using a $1USD=$3,000 COP exchange rate. By 2017 there were over 14 million house-
holds in Colombia (data retrieved from DANE online: https://www.datos.gov.co/Mapas-Nacionales/
PROYECCIONES-POBLACI-N-hogares-por-a-o/enep-fdt5/data) and nearly 75% of Colombia’s house-
holds live in urban areas based on the most recent census of 2018. This suggests that over 10 million
households live in urban areas.

31For example, one could estimate demand within Meats, Fruits, Cereals and Dairies and afterwards
estimate demand between these 4 broad food groups.
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An additional issue is that the instrument may be endogenous if there are munic-
ipality differences that shift both travel times and household demand. Including mu-
nicipality fixed effects when estimating equation 2 should deal with this concern, but
there is not enough road infrastructure developments across months. Current efforts
are directed at estimating travel times for an earlier period.32 This would allow to in-
clude consumption data from the 2006 National Household Budget Survey and exploit
the long term variation in road improvements and food demand within municipalities.

Finally, further work should be directed towards identifying heterogeneous effects
among households. The particular mechanism described here could affect differently
rural families whose income usually depends positively on food prices (Dimova, 2015).33

Most salient is the differentiated effects of food price reductions across the income dis-
tribution. Following Engel’s law, low-income households should be better off than rich
ones when road improvements decrease food prices because the share of income they
spend on food is larger. Poor consumers can benefit not only from increasing quantity
and quality of their food, but also from the income effect that allows them to eventu-
ally increase their consumption of other goods, such as education or financial services.
Access to better wholesale markets and road network data may allow to increase the
sample size and explore some of these heterogeneous effects.

7 Conclusion

Road network improvements can increase economic welfare through several mecha-
nisms. They reduce trade costs, enhance productivity and trade. Households should
see benefits not only from higher real incomes, but also from lower prices, which allow
a diversification and expansion of consumption.

This paper provided evidence of how ameliorating the road network could enhance
household consumption thanks to food price decreases that augmented the size of the
consumption basket. It found that if road network improvements had never occurred
since 2014, the price of fruits and vegetables in 2017 would have been 8% higher and
consumption 7% lower. Overall, households would have had to pay an additional $12
USD a year (0.8% of their total food budget) to be as well-off as they were thanks to the
road infrastructure improvements.

The empirical strategy exploited road infrastructure differences in the country as
an instrument to estimate food demand. This instrument is a plausible exogenous cost
shifter which allows to estimate demand for a wide range of transportable goods. Nev-
ertheless, additional data is required in order to exploit the evolution of road networks
over time.

Further work is still needed to deal with censored household demand and omitted

32This task is complicated given the lack of reliable maps data before 2010.
33According to this research, the income of net food-producing rural families usually depends posi-

tively on food prices. Rural households were excluded from the study for this reason. However, it is likely
that reductions in transportation costs will have an overall positive effect on these families as well, road
investments decrease prices of other goods and services consumed by rural households.
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variables that may bias current results. This work will also benefit greatly from better
data on food production and distribution to the main cities in the country. Exploring
heterogeneous effects across the economic status of households is an interesting direc-
tion for future research.
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Appendix

A.1 Selection and Categorization of Food Species

Given data restrictions, only 17 products with reliable data in every market about
their suppliers were included in the estimations. These products were arranged into
3 groups according to the author’s perception of their consumption similarities.

Products were chosen according to the following procedure. First, keep products
that were consumed by at least 5% of households from the selected municipalities ac-
cording to the National Household Budget Survey of 2016. This yields 65 food species.
This is important in order avoid using individual goods whose consumption is irrele-
vant for the large majority of households, but can bias estimations given the censoring
concerns.

In step 2, using the wholesale market data, keep the food products that had at least
4 different origin suppliers in each market during 2018. Origin-market-food triplets
with less than 100 kgs traded were dropped in order to avoid counting sporadic and
irrelevant transactions. This results in 32 food species. This step is important in order
to adequately capture the producing regions from which households are buying their
products. Data from 2018 was used because it is more complete than previous years.
Keeping market-food pairs with less than 4 origins seems as a soft restriction, but ex-
ceeds data availability in many markets. For example, there is no market data on beef
nor pork in Bucaramanga at all. In the markets of Cartagena and Barranquilla, there
is very poor information on the fish sold, having reports of most of the sea fish sold
coming from Venezuela or a significant amount of salt water fish coming from Neiva.

The resulting set of foods consists of fruits, vegetables, rice, sugar and oils. How-
ever, despite the previous steps, not all origin-markets-food triplets are reasonable. As
an example, many of them have large municipalities, such as Itagüı́, as suppliers. While
this can happen if these places work as storage or intermediaries, in Step 3 I manually
decide which products have reasonable producer data in each market. This yields 23
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products.
Finally, I drop products which did not share an evident characteristic with enough

food products when defining the group classification. This was the case of Oil, Avo-
cado, Beans, Maize, Potato & Plantain.

More work can be done concerning this selection of products to improve the scope
of the analysis. One possibility is to gain more recent access to wholesale market data
which may have increased quality for many markets. Another approach would be to
research the main production sites of each food in the whole country and extrapolate
this data to the wholesale markets with missing data (e.g. assign 100% of sea fish in
Barranquilla to come from within the municipality and assign 50% of the beef in Bu-
caramanga to come from Cesár region another fraction, from Bucaramanga and another
from Villavicencio and so on).

An alternative approach would be to restrict the data to the wholesale markets with
the most information. By keeping only Bogotá, Medellı́n and Cali, following the above
steps would allow to could include beef and pork (though not fish), dairies and some
cereals. While this would allow to include more foods and maybe even estimate a
nested AIDS, this would reduce the number of households included from over 14,000
to less than 5,000.

A.2 Over-identified First Stage

Equation 4 can be extended to include all instruments from the same food category

ln(pihmt) = ϕ0 + ϕ1 ln(TravelTimeimt) + ∑
k 6=i,k∈j

ϕk ln(TravelTimekmt) + Xh + δt + νihmt (6)

such that a regression of the price of blackberry includes the travel times of black-
berries and all other acid fruits, but not sweet fruits not vegetables. Figure 4 displays
the results from running equation 6. For the sake of brevity, only the coefficient of the
travel times of the same species that appear on the left hand side are displayed. Most
coefficients are very small and not statistically distinguishable from 0.
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Figure 4: Effect of an increase of 1% in travel times on predicted prices (eq. 6)

OLS estimates for equation 4 for each food species including all instrument within the same category. For example, the regression of the price of blackberry
on travel times includes the travel times from blackberries and all other acid fruits, but not sweet fruits not vegetables. For the sake of brevity only the
coefficient of the travel times of the same specie that appear on the left hand side are shown. Blue circles show the beta coefficients and red lines denote
the 95% confidence interval. These coefficients can be interpreted as the percentage change of the price of a food species ”caused” by an increase of 1%
in the average travel times from the producing regions of that food species to the consumption municipalities after controlling for the travel times of all
other species in the same food category. The F-stat in each regression is over 100. The within-R2 for each specie ranged between 0.14 (Pineapple) and 0.70
(Strawberries). Estimations included the 14,682 households that consumed food from at least 2 of the Fruits and Vegetables categories. If a household did
not consume a food specie it was assigned the average municipality-month price.

A.3 Zero Consumption Censoring

Table 3 shows the uncompensated elasticities for the sample of households that con-
sumed foods from the 3 different categorizations of fruits and vegetables, while ta-
ble 4 shows the same elasticities calculated for the sample of all the households that
consumed at least 1 fruit or vegetable. Clearly, when the consumption restriction is
tightened (we censor households with zero consumption), elasticities are significantly
smaller (closer to zero). In turn, when we relax the consumption restriction, elasticities
increase as we now observe more households with zero consumption regardless of the
price. In this case, the cross-price elasticities get very noisy as well.
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Table 3: Uncompensated Demand Elasticities:
Households that consumed all 3 sorts of Fruits & Vegetables

(a) ILLS (endogenous prices)
Change in Quantity

C
ha

ng
e

in
Pr

ic
e Acid

Fruits
Sweet
Fruits

Vegetables

Acid
Fruits

-0.848***
(0.016)

-0.104***
(0.016)

-0.043***
(0.012)

Sweet
Fruits

-0.134***
(0.016)

-0.704***
(0.015)

-0.103***
(0.013)

Vegetables -0.109***
(0.017)

-0.145*
(0.014)

-0.819***
(0.014)

(b) IV-ILLS (road network-predicted prices)
Change in Quantity

C
ha

ng
e

in
Pr

ic
e Acid

Fruits
Sweet
Fruits

Vegetables

Acid
Fruits

-0.815***
(0.032)

-0.182***
(0.031)

-0.011
(0.026)

Sweet
Fruits

-0.162***
(0.030)

-0.540***
(0.028)

-0.201***
(0.024)

Vegetables -0.127***
(0.048)

-0.411***
(0.047)

-0.617***
(0.038)

Uncompensated (Marshallian) demand elasticities calculated at the mean point of the sample. Households that consumed products from all 3 of the fruits
and vegetables groups (N=7,487). Standard errors in parenthesis. Significance levels: *10%, **5%, ***1%.

Table 4: Uncompensated Demand Elasticities:
Households that consumed at least 1 sort of Fruits & Vegetables

(a) ILLS (endogenous prices)
Change in Quantity

C
ha

ng
e

in
Pr

ic
e Acid

Fruits
Sweet
Fruits

Vegetables

Acid
Fruits

-1.036***
(0.019)

0.035
(0.025)

0.005
(0.012)

Sweet
Fruits

0.013
(0.018)

-1.401***
(0.024)

0.152***
(0.011)

Vegetables -0.156***
(0.020)

0.250*
(0.025)

-1.016***
(0.012)

(b) IV-ILLS (road network-predicted prices)
Change in Quantity

C
ha

ng
e

in
Pr

ic
e Acid

Fruits
Sweet
Fruits

Vegetables

Acid
Fruits

-1.054***
(0.040)

-0.184***
(0.049)

0.101***
(0.024)

Sweet
Fruits

-0.035
(0.034)

-2.592***
(0.045)

0.647***
(0.021)

Vegetables -0.090
(0.054)

1.102***
(0.068)

-1.387***
(0.033)

Uncompensated (Marshallian) demand elasticities calculated at the mean point of the sample. Households that consumed products from at least 1 of the
fruits and vegetables groups (N=19,543). Standard errors in parenthesis. Significance levels: *10%, **5%, ***1%.

A.4 Road Improvements

Data on the type of investment (public or private) on road infrastructure during the
past decade is scarce. However, figures 5 & 6 below display the type of investments for
total transportation infrastructure (including railroads, water and air transportation)
and total infrastructure (including energy, communications and water sectors). Figure
5 shows the kilometers of primary road operated under either concession or govern-
ment management. These figures suggest that the private sector has recently increased
its participation in infrastructure investments and particularly in the construction and
maintenance of primary roads. Based on these figures, the private sector is likely re-
sponsible for half of the road investments in the past years.
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Figure 5: Type of Investment in Road Infrastructure

Size of private and public investments on transportation infrastructure as a percentage of GDP (Source: ANIF, 2014). These investments include expenses
on roads, railways, air and water transportation.

Figure 6: Type of Investment in Total Infrastructure

Size of private and public investments on total infrastructure as a percentage of GDP (Source: DNP, 2018). These investments include expenses on the en-
ergy, communications water and entire transportation sector.
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Figure 7: Administration of Primary Roads

Extension of the primary road network (in kilometers) under concesion or government management (Source: DNP, 2018).

T. Allen et al. (2020) combine satellite and open source data to calculate the fastest
route between each pair of municipalities in Colombia. According to their data, be-
tween 2014 and 2017 the extension of the road network increased by 21.9%, from 151,481
kms to 184,585 kms. In particular, the primary roads increased from 15,035 to 16,648
kms (10.7%), secondary roads from 10,055 to 14,927 kms (48.5%) and tertiary roads
from 126,391 to 153,009 kms (21.1%). While large, these increases are smaller in magni-
tude than expansions in tertiary roads recorded by official data before 2010 (see figure
8).

It is important to note that this information contrasts with the incomplete data from
the Ministry of Transportation which lacks updated information on secondary and ter-
tiary roads managed by local governments. According to the Ministry of Transporta-
tion (2018), there was no expansion of secondary nor tertiary roads managed by the
National Government and it has no updated information on changes in the extension
of tertiary roads managed by local governments since 2014! This is a non-trivial lack of
information as tertiary roads taken care by regional and local governments represented
81% of all tertiary roads and 56% of total road extension in 2014.

The figures below show the extension of each road type in recent years and the
quality of primary roads according to official data. One can notice that there is only a
1,000 kilometers (6%) expansion of primary roads between 2014 and 2017, while other
roads didn’t expand. Meanwhile, the technical quality of the primary roads remained
constant along this period. The fact that Colombia has seen a large increase on road
investments during the past 10 years suggests that the official data on road extension
and quality has important shortcomings.
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Figure 8: Extension by Road Type

Extension of road types over time (Source: Ministerio de Transporte, 2018).

Figure 9: Quality of Primary Roads

Technical qualifications of primary roads that were paved as a percentage of all primary paved roads administered by the National Government (Source:
Ministerio de Transporte, 2018).
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A.5 Additional Figures

Figure 10: Annual Inflation of Fruits

(Source: DANE).
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