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Abstract

Using the food truck industry as the setting, we provide direct ev-
idence for how information technology can complement consumption
variety in cities by reducing spatial information frictions associated
with locally produced goods. We document the following facts: 1)
food trucks use technology to overcome a spatial information friction;
2) proliferation of technology is related to growth in food trucks; 3) food
trucks use their mobility to respond to consumer taste-for-variety; and
4) growth in food trucks is positively correlated with growth in food ex-
penditures away from home. Taken together, our results illustrate how
information technology can provide a meaningful increase in variety for
urban consumers.
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1 Introduction

Traditionally, cities have been viewed as centers of productive activity, but
recent work in urban economics has called attention to their role as centers
of consumption as well. As documented in Glaeser et al. (2001), the growing
populations of high amenity cities, the rise in urban rents relative to wages,
and the rise in reverse commuting all point to the increasing importance of
urban consumption agglomeration. Cities can provide consumption benefits
in a number of ways, but among the most important is that cities are able
to supply larger varieties of products and services than less densely populated
areas.1 This may be especially true for goods that have strong economies
of scale (like theatre companies or professional sports teams), or for goods
that serve niche interests—and therefore require a large enough contingent of
interested consumers in order to be supplied.2

With the rise of the internet (and more specifically, of pervasive access to
the internet via wireless networks), the future of cities as consumption centers
depends critically on how urban consumption amenities interact with new,
disruptive communication technologies.3 Sinai and Waldfogel (2004) identify
two potential channels. In the first, the internet acts as a substitute to the
city by providing access to a great variety of goods and services supplied from
the global marketplace. For example, news websites such as CNN.com and
internet music services such as Pandora likely have a larger effect on the variety
of news and music available in rural areas compared to cities. In the second
channel, the internet acts as a complement to the city by providing information

1Couture (2014) estimates large consumption benefits to urban density coming from
gains from variety. Other benefits to urban density may include a preference to be in
proximity to like-minded individuals, such as for the purposes of finding a mate (see Costa
and Kahn (2000)).

2For example, larger cities have more varieties of restaurants (Schiff (2015)), and more
and better newspapers (George and Waldfogel (2003)) and radio stations (Waldfogel (2003)).
Importantly, these papers also show that the provision of products preferred by specific
groups (i.e. blacks vs. whites) is increasing in the group size.

3On the production side, Gaspar and Glaeser (1998) study how productivity spillovers
interact with communication technology. They find that telephone conversations increase
face-to-face interactions, suggesting a complementarity between communication technology
and urban density.
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about goods and services which can only be produced and consumed locally.
For example, the internet could provide better information about restaurant
quality through online reviews, which are more beneficial to consumers living
in urban areas that have high restaurant density (see Anderson and Magruder
(2012)). Thus, on one hand, the internet can decrease the variety advantage of
cities by aggregating previously unconnected people and products into a single
market. On the other hand, the internet can increase the variety advantage of
cities if the increased level of information on local goods increases demand for
them, and spurs the entry of new varieties.

In this paper, we highlight a specific channel through which the internet can
complement cities by increasing the amount of local product variety. We focus
on the ability of the internet to reduce spatial information frictions that are
particularly associated with locally produced and consumed products in cities.
We document this channel using the gourmet food truck industry, showing
how information technology has reduced spatial information frictions, leading
to increased access to food variety in urban areas.4 Although we focus on one
particular industry, the economic mechanisms at play are more general and
suggest that the ability of the internet to reduce spatial information frictions is
an important way in which information technology can complement the city.5

The fundamental idea is as follows: food trucks suffer from a spatial in-
formation friction because their mobility makes their location uncertain to
consumers. Congestion, parking troubles or mechanical failure can cause a
food truck to fail to show up at a previously announced location on schedule.
Wireless internet technology reduces this friction because it allows the food
truck to broadcast its location from the road in real-time. This reduces the
consumer’s uncertainty about a food truck’s location, thereby increasing the
demand for food trucks.6

4Gourmet food trucks tend to operate in urban areas, perhaps because of demand ag-
glomeration or because transportation costs in non-urban areas are too high.

5See Jensen (2007); Brynjolfsson et al. (2003); Anderson and Magruder (2012); Kroft
and Pope (2013); Aker (2010); Brown and Goolsbee (2002) for additional studies on the
impact of information technology on particular markets.

6Some of the key factors that generate spatial information frictions, such as congestion,
are likely more important in urban areas than in non-urban areas. Therefore, the internet
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As the number of food trucks grows, so too does access to local food variety,
via two channels. The first channel is the direct effect of increasing the number
of restaurants. But even if each food truck replaces one brick-and-mortar
establishment so that there is no net increase in restaurants, growth in food
trucks can still increase variety. This happens because food trucks use their
mobility to capitalize on consumers’ taste-for-variety. Imagine a city with three
neighborhoods and three restaurants. If all restaurants are fixed-location, and
if consumers are tied to their location (as they would be, for example, in
the daytime lunch market where consumers are tied to their workplace), then
each neighborhood has access to only one restaurant. If, on the other hand,
the restaurants can move each day, then each neighborhood has access to all
three restaurants. In this simple example, mobility increases access to variety
threefold.

We provide empirical support for this theory in a number of ways. First, we
provide direct evidence from food truck Twitter feeds that trucks do indeed use
wireless technology to broadcast location information in real-time—including
sudden, unforeseen circumstances that necessitate a change in location. The
information released in these Twitter feeds could not have been communi-
cated easily before the proliferation of wireless internet technology. To further
reinforce our interpretation that wireless technology helps overcome spatial
information frictions, we use Google search data to show that growing search
interest in smartphones and social media in the late 2000’s coincided with a
large increase in food truck search interest, which we interpret as a proxy for
the size of the market for food trucks.7 We find that the relationship holds at

can increase the variety advantage of cities even if local goods are equally available in urban
and non-urban areas.

7We focus on smartphones because they are the most prevalent device for accessing
wireless internet on the go. Food trucks can use them to make last minute location updates
on Twitter and other outlets. Calling or texting someone with internet access to make
updates is cumbersome in comparison. Similarly, consumers without immediate access to
computers (i.e. those who do not work desk jobs) rely on smartphones to receive these
updates. We focus on social media applications like Twitter because they allow food trucks
to broadcast information to a large number of potential customers efficiently. Consumers
can use social media to quickly collect the relevant information on food trucks they are
interested in. An economy of scale is achieved when many trucks and consumers all use the
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the MSA-level as well. If search interest is a good proxy for technology adop-
tion and the size of the market for food trucks, then the correlations provide
more evidence that the growth in the food truck industry is indeed linked to
the growth in wireless technology.8

Second, we provide evidence that food trucks use their mobility to capital-
ize on consumer taste-for-variety. Using a panel dataset of daily Washington
D.C. food truck location decisions, we show that food trucks specifically avoid
locations that they have visited recently. In other words, they are less likely
to visit locations that they have been to recently than any other location, and
they are more likely to return to a location if they have not been there in a
while. The strength of this effect decreases as the length of time since the last
visit increases. Considering that the primary market for our food trucks are
office workers who are fixed to their locations by exogenous reasons, this food
truck location choice pattern is consistent with consumers having a taste-for-
variety that dies out over time. For example, a consumer who ate at a Korean
BBQ truck yesterday gets a utility penalty from eating there today, and a
smaller penalty from eating there tomorrow. Our interpretation is robust to a
variety of alternative explanations, such as learning or time-varying demand.

Finally, we provide evidence that the growth in food trucks actually pro-
vides a meaningful increase in variety to urban consumers. If food trucks are
only active in areas that are already variety-rich or if new food trucks simply
displace brick-and-mortar restaurants, then the net, equilibrium effect of food
trucks on variety may not be meaningful from a consumer welfare perspective.
However, using our Washington D.C. food truck data combined with LEHD
data from the Census Bureau, we show that in practice, food trucks do pro-
vide a large increase in variety, in part because they tend to choose locations
that appear to be under served by brick-and-mortar restaurants (perhaps due

same platform.
8Other papers have demonstrated that internet search data can be good proxies for real

activity, and have shown the utility in using search data for economic research. See Choi and
Varian (2009b,a); Choi and Liu (2011); Chauvet et al. (2013); Da et al. (2011); Markellos
and Vlastakis (2012); Stephens-Davidowitz (2013); Kearney and Levine (2014); Liu et al.
(2013); Blakespoor et al. (2012).
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to zoning restrictions, high rents, or lack of available land). In this way, food
trucks can also create a more even distribution of variety across space in urban
areas.

In addition, using household-level data from the Consumer Expenditure
Survey (CEX), we provide evidence that the growth in food trucks has in-
creased the aggregate consumption of food-away-from-home for urban con-
sumers. This implies that food trucks did not simply cannibalize the market
for brick-and-mortar restaurants, but actually expanded the market for food-
away-from-home by increasing the net variety of available food options.

The rest of the paper is organized as follows. In Section 2, we provide
some institutional background on the food truck industry, highlighting the
facts that food trucks are indeed an urban phenomenon and that the industry
has grown rapidly since the advent of smartphone technology. In Section 3, we
present a simple theoretical framework that illustrates the role of spatial infor-
mation frictions in the restaurant industry, and how technology can overcome
it. In Section 4, we demonstrate that food trucks indeed use technology to
reduce locational uncertainty, in ways that are consistent with the theory, and
that there is an empirical link between wireless technology and food trucks.
In Section 5, we present empirical evidence that consumers have a taste-for-
variety and that food trucks respond to it. In Section 6, we perform a number
of exercises to demonstrate that the growth of food trucks has resulted in a
meaningful increase in food variety. Section 7 concludes the paper.

2 Background on the food truck industry

The food truck market has experienced rapid growth over the past several
years, driven by the emergence of the “gourmet food truck”, which tends to
serve higher quality food at higher prices than more traditional mobile vendors
such as hot dog carts. Figure 1 shows that food truck revenues started growing
very rapidly in 2007, achieving almost a 50 % growth in revenue over 5 years
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and reaching $1.5 billion in 2012.9 According to the National Restaurant
Association in 2011, food trucks are the single fastest growing sector of the
restaurant industry (Weber (2012)).

A common perception is that food trucks are largely an urban phenomenon.
While we could not obtain data on food truck revenues at a disaggregated level,
one can find evidence that this is true using data from Google Trends. Google
Trends is a data service provided by Google that measures the level of search
activity for a particular search term in a particular metro area, relative to all
searches in that metro area. Thus, one can think of a Google Trends index
for food trucks as a proxy for the size of the food truck industry in a city
normalized by the city’s population level. We describe Google Trends data in
further detail in Section 4.

Figure 2 compares the average search volume between 2007-2014 for “Food
Trucks” with metro area population in a sample of large metro areas. To select
the sample, we sorted metro areas by population and included the largest
170 metro areas, dropping any metro areas for which the Google data were
unavailable.10 The average search volume in each city is normalized to the
index level for Washington DC, which has the highest search volume over the
sample period. There exists a positive and statistically significant relationship
between population and our proxy for food truck activity, suggesting that the
vibrancy of the food truck industry is indeed correlated with city size. The
relationship is not linear, especially in that there appears to be a minimum city
size necessary to support an active food truck industry. Looking more closely
at the city labels in the figure, we see that food trucks appear particularly
active in Los Angeles, San Diego, and Washington DC.

The emergence of mobile communication technology is often cited as an
explanation for the recent food truck phenomenon.11 Indeed, Figure 1 shows

9Although we do not have revenue data for other countries, Google searches for “food
trucks” have increased rapidly in other countries, suggesting that food trucks may be a
growing phenomenon in other countries too.

10Beyond the 170th ranked metro area, the Google Trends index was consistently equal
to zero.

11For example, a 2009 article in the Wall Street Journal describes a defining characteristic
of food trucks as: “they alert customers to their locations using Twitter and Facebook.” The
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that the growth in food trucks roughly coincided with the introduction of the
iPhone, one of the first popular smartphones capable of accessing the internet
from anywhere. In the sections that follow, we will formalize the mechanism
through which mobile communication technology complements the food truck
business model, and provide—to our knowledge—the first academic evidence
for this connection.

3 A theory of food trucks

Model overview

We present here a simple, stylized model to illustrate how information tech-
nology can help enable the food truck industry and thereby increase access to
food variety. We will derive a number of implications that we later test in the
data.

In the model, a restaurant owner decides either to operate as a food truck,
which allows him to serve different locations day-to-day, or to operate as a
brick-and-mortar restaurant, which ties him to a single location. The benefit
to being able to serve different locations is that consumers have a taste-for-
variety in their day-to-day food consumption and so the food truck can avoid
customers which have already been served recently. The cost to being a food
truck is that there is uncertainty as to whether a location will be accessible on
any given day. For example, all the parking spots at a location may be taken
before the food truck can arrive. We abstract from other differences between
operating as a food truck or as a brick-and-mortar, such as cost differences,
to focus on the model’s qualitative predictions about taste-for-variety and the
role of information technology.12

“how-to start a food truck” book Weber (2012) has an entire chapter on the importance
of using social media to broadcast locations and to connect with customers. The recent
Hollywood movie “Chef” about a food truck also highlights the importance of the internet
and social media to the growth of the industry.

12Another mechanism through which information technology can increase food truck
profitability is by helping trucks to coordinate on their location decisions. Although we
did not find direct evidence of coordinating behavior, neither can we rule this out as a
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Locational uncertainty reduces consumer demand because the consumer
must pay an inspection cost (going outside to the truck’s expected location)
before learning whether the food truck is actually at the location or not. The
introduction of new information technology allows the food truck to broadcast
its location in real-time to the consumer. The consumer will therefore know
whether or not the food truck is at his location before going outside. We show
that this technological innovation can have an enabling effect on the food truck
business model, pushing its profitability from below that of brick-and-mortar
restaurants to above it.

Operating as a brick-and-mortar

Consider the decision of a single restaurant deciding whether to be a food truck
(FT ) or a brick-and-mortar(BM). There are two identical locations each with
a unit mass of consumers. Consumers are tied to their location, which reflects
the fact that consumers face significant travel costs (i.e. office workers going
out to lunch). In each period, consumers decide whether to go outside to
visit the restaurant, or to consume an outside option with utility normalized
to zero. The outside option can be thought of as eating lunch brought from
home, or at the workplace cafeteria, or at another nearby restaurant.13

The utility that consumer i receives from visiting the restaurant at time t
is given by:

uit = u0 − βdi,t−1 − εit

where dit−1 is an indicator for whether the consumer visited the restaurant
last period and εit is an idiosyncratic component that is i.i.d. over time and
over consumers, distributed according to the c.d.f. F .

If the restaurant is brick-and-mortar, then there is no uncertainty as to
whether the restaurant will be there when the consumer goes outside. The

possibility. Nevertheless, our empirical evidence will strongly suggest that both locational
uncertainty and taste-for-variety are important mechanisms, regardless of whether coordi-
nation is present as an additional mechanism.

13We explore a model with multiple restaurants more formally in the Appendix.
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cost of going outside is K, and so the expected demand at time t is:

QBM
t =

ˆ
i

[u0 − βdi,t−1 − εit −K ≥ 0] di

= QBM
t−1 F (u0 −K − β) +

(
1−QBM

t−1

)
F (u0 −K)

In the steady state, demand is given by:

QBM = F (u0 −K)
1 + F (u0 −K)− F (u0 −K − β)

If we normalize profits per customer to 1, then the steady state profit each
period is simply equal to the demand:

ΠBM = QBM = F (u0 −K)
1 + F (u0 −K)− F (u0 −K − β) (1)

Operating as a food truck, pre-technology

If the restaurant operates as a food truck, it may choose a different loca-
tion each period. It begins the period by announcing an intended location,
call it j, and consumers at both locations observe the announcement. After
the announcement, each location becomes inaccessible to the food truck with
probability λ. The accessibility shock is assumed to be independent across
locations. If the announced location is accessible, the food truck will visit it;
otherwise it will visit the alternative location k if k is accessible but j is not.
If both locations are inaccessible, the food truck does not operate that period.

Pre-technology, we assume that the consumer has to pay the cost K of
going out before knowing the realization of λ. If a consumer goes outside and
the truck is not there, he consumes the outside option. A consumer’s expected
utility to going out at the announced location j is therefore:

Vijt = (1− λ)uit −K
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and the demand at the announced location j is:

QFT
jt =

ˆ
i

[(1− λ) (u0 − βdi,t−1 − εit)−K ≥ 0] di

= QFT
jt−1F

(
u0 −

K

1− λ − β
)

+
(
1−QFT

jt−1

)
F
(
u0 −

K

1− λ

)

Because of taste-for-variety, the truck’s optimal strategy is to change locations
each period. So j is the announced location only if QFT

jt−1 = 0 and QFT
jt

simplifies to:
QFT
jt = F

(
u0 −

K

1− λ

)
At the unannounced location, k, a consumer’s utility to going out is given

by:
Vikt = λ (1− λ)uit −K

Demand at the unannounced location is therefore:

QFT
kt = QFT

kt−1F

(
u0 −

K

λ (1− λ) − β
)

+
(
1−QFT

kt−1

)
F

(
u0 −

K

λ (1− λ)

)

In the Appendix, we characterize the full steady-state solution for the quantity
demanded (and profit) QFT . For ease of exposition and to build the key
intuition, in the main text we present a first order Taylor approximation of
the full solution around λ = 0:

ΠFT = QFT = (1− λ)F (u0 −K)− λKf (u0 −K) (2)

where f is the p.d.f. of F . The first term in (2) can be thought of as the
probability of the preferred location being accessible multiplied by demand at
that location under no uncertainty. The second term is the penalty to demand
coming from consumer uncertainty about whether the truck will be at the
announced location or not. Terms related to demand from the unannounced
location disappear in the first-order approximation because the uncertainty
cost K/λ (1− λ) is too high—very few consumers are going to go out at the
unannounced location because the food truck is unlikely to visit it.
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When comparing ΠBM to ΠFT , note that if λ = 0 and β > 0, then
ΠFT > ΠBM . Food truck dominates brick-and-mortar in this case because
the food truck can alternate between locations each period, capitalizing on
the consumers’ taste-for-variety without facing a reduced market due to loca-
tion uncertainty. However, for λ > 0 the comparison between ΠBM and ΠFT

is ambiguous—there is always a λ large enough such that ΠFT < ΠBM .

Operating as a food truck, post-technology

We now introduce a technology that allows the food truck to broadcast its loca-
tion in real-time, so that consumers at both the announced and unannounced
locations know the realization of λ before paying the inspection cost. There-
fore, at whichever location the food truck ultimately visits, the consumer’s
utility to going out becomes:

Vit = uit −K

and expected demand at the visited location l is:

QFT,MC
lt = QFT,MC

lt−1 F (u0 −K − β) +
(
1−QFT,MC

lt−1

)
F (u0 −K)

If the visited location is the announced location j then quantity demanded is:

QFT,MC
jt = F (u0 −K)

If the visited location is the unannounced location k then quantity demanded
is:

QFT,MC
kt = QFT,MC

kt−1 F (u0 −K − β) +
(
1−QFT,MC

kt−1

)
F (u0 −K)
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The first order approximation of the steady state expected quantity demanded
is:

ΠFT,MC = QFT,MC

= (1− λ)F (u0 −K)

+λ
[
1 + F (u0 −K − β)− F (u0 −K)

]
F (u0 −K) (3)

When comparing equation (3) with equation (2), it is easy to see that
ΠFT,MC > ΠFT for all values of λ, β and K. The first term in (3) is identical to
the first term in equation (2). The second term in equation (2) does not appear
in (3): there is no demand penalty due to uncertainty in (3) because consumers
can observe the realization of λ before deciding whether to go out. Therefore,
the new technology increases demand at the announced location. The second
term in (3), which is always positive, is the probability that the preferred
location is inaccessible, but the non-preferred location is accessible, multiplied
by the quantity demanded at the non-preferred location. Pre-technology, this
term disappeared because demand is negligible at the unannounced location.
The second term in (3) therefore illustrates a second benefit that technology
confers upon food trucks: it increases demand at the unannounced location in
the event that a truck needs to deviate from its announced location. Demand is
increased at the unannounced location because the technology allows the truck
to communicate to consumers that it will be at the unannounced location, after
uncertainty is realized. Finally, we also note that in our simple model, quantity
demanded is a sufficient statistic for total surplus, and so enabling food trucks
increases welfare.

Figure 3 shows a phase diagram indicating the values of λ and β for which
either it is always more profitable to be a food truck, always more profitable to
be a brick-and-mortar, or when the introduction of technology has an enabling
effect on the food truck business model. The parameters used to generate
Figure 3 are: u0 = 0.5, K = 0.05, and εit ∼ U [0, 1]. The model is simulated
using the full steady-state solution rather than the first-order approximation,
so the results are valid even for large λ. The figure shows that when λ is low
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and β is high, it is always more profitable to be a food truck. When β is low
and λ is high, then it is always more profitable to be a brick-and-mortar. For
intermediate levels of β and λ, the introduction of technology has an enabling
effect on the food truck business model, pushing its profitability from below
brick-and-mortar to above it.

Discussion

The model demonstrates how information technology can reduce the spatial
information friction harming food trucks and therefore give rise to more food
truck entry. The model gives rise to five implications that we will test in
the data in subsequent sections of the paper. First, markets with greater
access to information technology will have more food trucks. Second, the
effect of technology should be stronger in markets with higher spatial frictions.
While we do not model the source of the spatial friction, in practice one might
expect these frictions to be higher in dense, congested areas. Third, once
information technology is available, food trucks will use it to communicate
location information. Fourth, food trucks will be less likely to choose recently
visited locations in order to capitalize on consumer taste-for-variety. Finally,
expenditures on food away-from-home (i.e. not the outside option) will be
higher when more food trucks are in operation.

The main mechanism outlined in our model is robust to a number of sim-
plifying assumptions that we made. For example, we assumed that consumers
choose between a single restaurant and an outside option. In the Appendix,
we also present a model in which there are multiple existing brick-and-mortar
restaurants at each location. Similar to λ, the effect of having many restau-
rants to choose from makes entering as a food truck less attractive relative to
entering as a brick-and-mortar. This is because being able to avoid consumers
that ate at your restaurant yesterday becomes less important when consumers
have many options to choose from. However, we continue to show that tech-
nology increases the profitability to operating as a food truck, and can push
it from below brick-and-mortar to above brick-and-mortar for some parameter
values.
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Another assumption was homogeneity between brick-and-mortar restau-
rants and food trucks. However, brick-and-mortar restaurants may have a
lower β than food trucks by offering a large menu of different items. If this
is true, then restaurants with high β will still benefit from mobility and infor-
mation technology. In fact, mobility and information technology may be what
allows restaurants with very high β to exist at all. For example, many gourmet
food trucks have limited menus and serve highly specialized cuisines. It may
be hard for such specialized restaurants to operate successfully as brick-and-
mortar stores if customers are unlikely to visit multiple times in a short time
frame.

Finally, we note that our model takes as given that food trucks are an urban
phenomenon, and focuses on how technology reduces urban spatial frictions,
leading to an increase in variety. In fact, if spatial frictions, λ, are higher in
denser cities, then the model would imply that urban areas are unfavorable for
food truck entry, which is inconsistent with the evidence presented in Section
2. However, the model could easily be extended to make urban areas more
attractive to food truck entry by changing the fixed costs associated with each
business model. For example, food trucks may favor urban areas if floor space
is more expensive relative to transportation costs in denser cities.

4 Evidence on food trucks and information
technology

We now present evidence showing that food trucks indeed use information
technology to overcome spatial information frictions. First, we show that
locational uncertainty is a significant friction faced by food trucks. Second,
we show how food trucks use mobile communication technology to mitigate
this friction. Finally, we present evidence suggesting that the proliferation of
new mobile communication technologies directly contributed to the substantial
growth in food trucks observed over the past several years.
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4.1 Evidence for locational uncertainty

To test for the presence of locational uncertainty, we obtained the entire his-
tory of Twitter feeds for 200 trucks that actively operate in the Washington
D.C. metro area and use Twitter.14 We downloaded the Twitter data using
software provided by Next Analytics Corporation. The data contains a total
of 189,550 tweets, with the first being posted on September 21st, 2009 and
the last being posted on November 20th, 2013. In addition to the content
of a tweet, we observe the exact date and time it was posted. Many tweets
contain information regarding the food truck’s location that day, and some
also contain information indicating an unexpected change of plans.

To formalize the extent to which tweets contain location information, we
parse the data to identify tweets announcing the location of the posting truck.15

Summary statistics are presented in Table 1. We find that out of 189,550
tweets, 71,777 (38 percent) contain location information. Out of an average of
3.5 tweets per truck per weekday, we find that the average number of location-
related tweets is 1.4. The average truck posts at least one location-related
tweet on about 69 percent of the days in which it tweets at all. This is strong
evidence that food trucks use social media to communicate their location, but
it does not necessarily indicate the presence of locational uncertainty. It is
possible, for example, that social media is used simply to remind customers
about a previously announced schedule.

To obtain stronger evidence that locational uncertainty is a factor, we
further parse the data to identify tweets indicating an unplanned change of
schedule. These tweets are identified based on statements about the unavail-
ability of parking, statements about change of plans, statements warning that
the truck will be late to arrive at a previously announced location, and state-
ments about unpredicted mechanical failures or maintenance. We find that

14Twitter is a website that allows users to post short messages (called tweets) that are
publicly viewable; a Twitter feed is the entire history of messages that a user has posted. See
Figure 4 for a sample of the Twitter data. Ninety percent of D.C. foodtrucks have Twitter
accounts, according to the website FoodTruckFiesta.com.

15We identify location-related tweets by parsing the text for known location and street
names. The data and parsing algorithms are available from the authors upon request.
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2.3 percent of all tweets indicate an unexpected change of plans. Out of an
average of 3.5 tweets per truck per weekday, the average number of these
uncertainty-related tweets is 0.08. This implies that the average truck posts
at least one uncertainty-related tweet on over 7 percent of the days in which
it tweets at all. From the perspective of the consumer, this is a significant
source of uncertainty. Assuming that every day in which a truck tweets is a
day in which it operates, the data imply that there is about a 1 in 13 chance
that a desired truck is not at its expected location at the expected time. The
implied level of uncertainty increases if one assumes that trucks tweet even on
days in which they do not operate.

The facts presented above show that food trucks use Twitter to communi-
cate the realization of locational uncertainty and that the degree of locational
uncertainty is significant. To further show that the real-time updating of lo-
cational uncertainty is important (and hence, that wireless technology, which
allow trucks to communicate with customers from the road, are important),
we plot the time distribution of location-related tweets and the distribution of
uncertainty-related tweets in Figure 5. Figure 5 shows that location-related
tweets occur slightly earlier in the day than uncertainty-related tweets. Addi-
tionally, uncertainty-related tweets exhibit a much larger density during lunch
hours (12:00pm to 1:00pm) than location-related tweets, suggesting that un-
planned changes of schedule often occur at the last minute. The last-minute
nature of these tweets suggests that the real-time broadcast of location infor-
mation is an important tool that food trucks use to reduce the uncertainty
faced by consumers.16

4.2 The empirical link between food trucks and mobile
technology

We now present evidence in support of our model’s prediction that the pro-
liferation of new information technologies should increase the size of the food

16Although we have only collected Twitter data for food trucks in Washington D.C., in
the appendix we provide suggestive evidence that locational uncertainty is important in
other markets as well.
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truck industry because it increases the profitability of the food truck business
model. Our empirical strategy exploits within MSA variation in the timing of
information technology diffusion. Different regions of the country experienced
this technology growth at different times and at different rates for reasons
that are plausibly unrelated to food truck growth, such as timing in the con-
struction of 3G-capable base-stations and the market shares of carriers selling
3G-capable smartphones.

4.2.1 Data

Given the absence of MSA-level data on direct measures of mobile commu-
nication proliferation and real food truck activity, we use data from Google
Trends (http://www.google.com/trends/). We downloaded a panel dataset on
Google search volume for terms related to food trucks and for terms related
to smartphones and social media (henceforth S&S). The specific search terms
are described in the notes to Table 2. These data are useful because if the
food truck industry is growing, we should observe an increase in the number of
Google searches for food trucks as consumers search online to learn about re-
views, menus, prices, locations, etc, for trucks serving in their area. Likewise,
growth in access to mobile communication devices and social media should be
associated with an increase in Google searches for S&S terms, as consumers
search online for product and price information, and for specific social media
sites, like Twitter.

For each time period t and for each geographic unit i, Google Trends pro-
vides an index yit measuring the popularity of a particular search term relative
to all other Google searches by users in that geographic unit in that time pe-
riod. In our main specifications, we use MSAs – which is the finest level of
geographic detail available – as our geographic unit and quarter as our time
unit.17 The data are normalized so that within each MSA, yit takes the value
of 100 in the week where the search term was most popular relative to other

17The Google Trends data can only be downloaded at the weekly level. We aggregate
the data to the MSA-quarter level by taking the median index value over the weeks in each
MSA-quarter.
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weeks in that MSA. If yit = 50 and yi,t+1 = 55, this would imply that the
search term was 10% more popular in MSA i in week t+ 1 than in week t.

4.2.2 Results

At the national level, Figure 6 shows that interest in food trucks is strongly
related to interest in S&S. Figure 6 also plots the time series for searches on
restaurants, which does not appear to be related to interest in either S&S
or food trucks. This suggests that the relationship between food trucks and
mobile technology is not reflecting an underlying trend in the food service
industry, but rather something unique about food trucks.18

We now turn to our results exploiting within-MSA variation in food truck
and S&S searches. We run variations of the following regression using 54 of
the largest MSAs in the U.S:

foodtruckit = α1 × S&Sit + α2 × (S&Sit)× (popranki) + βXit + γi + δt + εit

where foodtruckit (S&Sit) is the value of the search index for food trucks
(S&S) in MSA i quarter t.19 We interact S&S search volume with the city’s
population rank to test how city size affects the relationship between technol-
ogy and food trucks. The remaining right hand side variables reflect city-by-
year demographic and economic controls from the County Business Patterns
census data20, MSA effects, and time effects respectively.

Table 2 presents the results of these regressions. We cluster standard errors
at the MSA-level. For a large city like New York or Los Angeles, our results
imply that a one unit increase in the search volume index for mobile com-

18In a set of results available upon request, we find that growth in food truck interest is
unrelated to changes in food attitudes as measured by searches for “gourmet”, “organic”,
“home cooking”, “food network”, and “chef”.

19We attempted to download google search data for the 75 largest MSAs in the US. For 21
of these MSAs, the search data were not available. The missing cities are disproportionately
low population MSAs. Cities below the 75th largest MSA tend to have zero searches for
food trucks. (Google Trends will report a zero when the total volume of searches for a term
does not exceed a certain threshold).

20We include average age of the population, percent white, percent male, average income,
unemployment rate, percent with college degree, and total population.
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munication corresponds to a 0.2-0.3 unit increase in the search volume index
for food trucks depending on the control variables included, which suggests
a strong relationship between mobile communication proliferation and food
truck growth.21 Put differently, we find that a standard deviation increase
in smartphone searches increases food truck searches by about one-third to
one-fourth of the standard deviation in foodtruck searches.

The coefficient on city-size rank is negative, which suggests that the effect of
technology on food trucks is greater in larger cities, where spatial information
frictions arising from congestion may be a greater problem. This result is
consistent with the predictions of our model, as discussed in Section 3.22

If S&S growth causes an increase in food truck growth, then we should
expect the relationship between S&S searches and foodtruck searches to be
strongest when S&S searches are lagged. After all, we would not expect food
trucks to begin operating immediately once the technology is in place to fa-
cilitate their business model; we expect that it should take some time for
restauranteers to recognize the effects of the new technology, and some time
for them to set up their businesses and overcome startup costs. Column 4
of Table 2 repeats the specifications run in Column 3 of Table 2, except we
use S&Si,t−4 on the right hand side (i.e., the one-year lag of smartphone and
social media related search terms). The relationship between foodtruck and
S&S searches is even stronger under this lag structure, consistent with our the-
ory. We can strongly reject the hypothesis that the total effect of smartphone
searches (i.e. the level term plus the interaction term) is zero in the largest
city, and continue to do so until about the 27th largest city.

Column 5 shows the regression results when we use future smartphone and
social searches, S&Si,t+4, on the right hand side. Once all the controls are
added, there is no statistically distinguishable relationship between food truck
search popularity and one-year ahead S&S search popularity. Although the
coefficient on city-size rank continues to be negative and statistically signifi-

21When time effects are omitted, the coefficient is almost 0.7.
22In unreported results, we verified that this result is robust to alternative definitions of

city size including population or log population.

20



cant, the magnitude is small and we fail to reject the hypothesis that the total
effect of smartphones is zero, even in the largest city.

Finally, in column 6, we report the results of a Granger causality test, in
which we include lags of both food truck searches and S&S searches as regres-
sors. We include just a single lag because we found that additional lags of
food truck searches are not statistically significant. Lagged S&S searches con-
tinue to be significant, causing us to reject the null hypothesis of no causality
between S&S searches and food truck searches.

5 Evidence for taste-for-variety

Whereas the previous section established that food trucks use information
technology to communicate location information to consumers, in this section
we focus on the location choices themselves. In particular, we show that food
trucks use their mobility to avoid recently visited locations and capitalize on
consumer taste-for-variety, consistent with the model outlined above.

5.1 Food truck location data

We collected data on D.C. food truck location decisions by writing a com-
puter program to automatically extract information from daily emails sent by
FoodTruckFiesta.com. The emails have a consistent, easy to process format.
The emails contain information about the daily lunchtime locations of each
food truck in the D.C. metro area, as well as some basic information about
each truck, including their name and cuisine type. We also recorded each day’s
high temperature and chance of rain from accuweather.com.

During our sample period, 204 food trucks were in operation. Table 3, panel
A summarizes some basic information about the food trucks. The majority of
food trucks were already open at the start of our sample on May 2nd, 2012.
The majority of food trucks also operated through the entire sample period:
over half of the food trucks were last observed operating on March 28, 2013
or later (our sample ends on March 29, 2013). Food trucks were observed to
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operate an average of 80 days over our sample period, which on average is 37%
of the days between each truck’s first and last observed operation dates. This
calculation includes weekends even though our data does not allow us to see
food truck activity on weekends. If weekends are omitted, the average food
truck operates 50% of the days between its first and last observed operation
dates. This suggests that the decision of whether or not to operate on a given
a day is a non-trivial decision for food truck owners.23

There are 70 unique locations in the data, with the three most popular
being L’Enfant, Farragut Square, and Metro Center. The average food truck
visited just under 8 locations in our sample period, with 93% of the trucks
visiting at least 2 locations. Over half visited more than 8 locations, and the
largest number of distinct locations visited was 37. We explore the diversity in
location choices among food trucks further in Figures 7, 8 and 9. These figures
plot different measures of how concentrated the trucks’ location choices are.
The figures show that although there is a tendency for trucks to follow fixed
weekly schedules, there is still enough variation in each trucks’ day-to-day and
week-by-week location choices for us to conclude that they are actively making
decisions about where to locate each day.

5.2 Location choice model

Figures 7-9, which we discussed in the previous subsection, illustrate that food
trucks tend to be quite mobile. Food trucks may switch locations each day for
a number of reasons. For example, relative demand and competition across
locations may change day by day, congestion may prevent a truck from visiting
the same location consistently, and trucks may want to avoid recently visited
locations if consumers have a taste-for-variety. Our goal in this section is to
provide evidence that taste-for-variety contributes to food truck mobility pat-
terns observed in the data (in particular, a tendency for trucks to avoid recently
visited locations). Of course, establishing this result does not preclude a role

23Many food trucks do not operate every day because it is not a full-time job for some
owners. On days where demand is expected to be low, such as when it is raining, a food
truck may not find it worthwhile to operate.
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for other factors to contribute to food truck mobility as well, though in Section
5.4 we will take care to rule out the possibility that our identifying variation
for taste-for-variety can be explained by one of these other explanations.

To this end, we estimate a simple, static discrete choice model of food
truck location choice. Food trucks choose locations to maximize profit. Each
day t, food truck i chooses between operating in locations j = 1, . . . , J or not
operating (j = 0). The profit that food truck i expects to receive from location
j = 1, . . . , J is given by:

πijt = Xijtβ +
∑
l∈L

δlLlijt + α
∑

l={7,14,21}
dij,t−l + σ (εijt − εi0t)

and the profit to not operating is given by:

πi0t = 0.

Llijt is an indicator for whether truck i operated in location j any time in the
past l days. This variable is meant to capture a potential consumer taste-
for-variety effect. That is, if consumers really do not like eating at the same
truck two days in a row, then if truck i visited location j in period t − 1,
πijt should include a large penalty term. The set of lags L that we used were
L = {1, 2, 3, 4, 5, 6, 14, 21}; that is, we compute separate effects for the truck
having operated in the same location within the past 1, 2, 3, 4, 5, 6, 14, and
21 days. The total effect of having operated in a location one day ago is
therefore the sum of all δl for l ∈ L, while the total effect of having operated
in a location not one, but two days ago, is the sum of all δl for l ∈ L\ {1}.24

dijt is an indicator for whether truck i operated in location j in day t. We
included separate effects for the truck having operated in the location exactly
7, 14, or 21 days ago (i.e. the dij,t−l’s) in order to capture the tendency
of many trucks to follow weekly schedules. Some food trucks may want to
follow weekly schedules because some consumers probably prefer predictable

24We have also estimated a richer specification with a separate effect for every lag from
1 to 21. The results do not change much because the taste-for-variety effect turns out to
last no longer than a week.
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schedules and they may allow trucks to maintain a group of regular customers
without having to locate at the same location each day. Xijt is a vector of
observable controls. In our main specification, Xijt includes an indicator for
whether it was raining or snowing on day t, an indicator for whether the high
temperature for the day was less than 50F, and an indicator for whether day
t is before or after the imposition of a 10% sales tax which took effect on
October 1st, 2012. We will also experiment with various fixed effects for (i)
each location (to capture potential differences in location-specific demand) (ii)
each food truck (to capture potential differences in trucks’ opportunity cost of
operating) (iii) each weekday (to capture potential differences in day-specific
demand).25

The error term, εijt, is assumed to be iid across i and t but not across j.
Within i and t, εijt follows a standard nested logit structure as described in
Train (2009), with scale parameter σ. The “inside options”, j = 1, . . . , J , are
in one nest with nesting parameter λ, and the “outside option”, j = 0, is in
the other nest. This structure is appropriate for our context because reasons
which would cause a food truck to choose to operate in one location over not
operating can be correlated with reasons which would cause a food truck to
operate in another location over not operating.

εijt has a number of possible interpretations. For example, it could capture
idiosyncratic congestion issues that face certain trucks on certain routes. It
is also possible that trucks themselves prefer to serve different locations de-
pending on truck-specific idiosyncratic factors. Through these error terms, the
model accommodates food truck mobility even if there is no consumer taste-
for-variety. The key variation in the data that identifies taste-for-variety is
the extent to which trucks are less likely to choose recently visited locations
relative to other locations. In the following subsection, we address a number
of potential alternative explanations that could also create incentives to avoid
recently visited locations.

25We ignore any possible agglomeration or competition effects in the location choice
model. We do not expect this omission to bias our estimates of taste-for-variety. Indeed,
when we include the observed number of trucks in each location as a proxy for competi-
tion/agglomeration, our estimates of taste-for-variety are little changed.
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Each day, truck i chooses the option j to maximize πijt. For j = 0, . . . , J
let us define π̄ijt = 1

σ
πijt − εijt + εi0t as the expected profits less the error

term, and normalized by the scale parameter. For locations j = 1, . . . , J , the
probability that truck i chooses to operate in j (taking expectations over εijt)
is:

Pijt =
eπ̄ijt/λ

(∑J
k=1 e

π̄ikt/λ
)λ−1

1 +
(∑J

k=1 e
π̄ikt/λ

)λ
and the probability that the truck chooses to not operate (j = 0) is:

Pi0t = 1
1 +

(∑J
k=1 e

π̄ikt/λ
)λ

Our data allows us to see the location decisions dijt of each truck i in each day
t. The log likelihood function is therefore

LL(θ) =
∑
i

∑
j

∑
t

dijt lnPijt (4)

We estimate the parameters of the model, θ, by maximizing this likelihood
function. Standard errors are computed using the outer product of the score
function (see Wooldridge (2002)). The main parameters of interest are the
δl’s. For each l, δl represents the effect on profits from operating in a location
you visited at least once in the past l days. If there is taste-for-variety, then
we expect δl to be negative, especially for small l.

5.3 Results

Table 4 reports the estimation results from the nested logit model. The first
column reports baseline results when no fixed effects are included. The addi-
tion of fixed effects increases the magnitude of the lag effects in the first week,
and reduces the positive effects of having operated in a location two to three
weeks ago. It is likely that the positive effect of having chosen a location two
or three weeks ago is capturing some unobserved familiarity of certain trucks
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with certain locations. In column 3 we estimate a specification in which each
truck’s choice set is restricted to locations that it is observed to have chosen
at least once in the data.26 Once this restriction is made, the positive effect of
visiting the same location that was visited two to three weeks ago disappears.
Column 4 is identical to column 3, except that the cumulative effects are re-
ported. The estimates in specification 3 reveal that there is a strong negative
effect to operating in a location that has been visited recently. The cumulative
effect is strongest for a location that has been visited just one day ago, and
the strength of the effect decreases as the length of time since the last visit
increases. The effect seems to disappear after about a week. The results in
Table 4 are consistent with a taste-for-variety that dies out over time. The
results in Table 4 also reveal that there is a strong tendency for trucks to visit
the locations that they visited exactly 7, 14 or 21 days ago. This positive
weekly effect reflects the tendency for trucks to follow weekly schedules.

In order to assess the economic magnitude of our estimation results from
Section 4.3, we must first estimate the scale parameter, which is not identified
from the location data alone. In order to do this, we note that

σ =
1
N

∑
i

∑
tE [maxj πijt]

1
N

∑
i

∑
tE [maxj π̄ijt + εijt − εi0t]

In words, the formula above says that the scale parameter is equal to the
average daily profits measured in dollars, divided by the average value of the
normalized profit function used for estimating the choice model. In order to
compute the numerator, we use the estimated average daily profit for food
trucks in 2012 from a consulting report on the food truck industry: Samadi
(2012). Thus, the estimates that we present below are rough in the sense that
they rely on the assumption that the average daily profit for food trucks in
Washington DC is the same as the average daily profit for the typical truck in
the U.S. In order to compute the denominator, we first note that we can write
the closed form of the expected maximum over j as:

26An additional justification for this specification is if there are truck-specific regulations
(e.g. permitting issues) that constrain the set of available locations.
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E
[
max
j
π̄ijt + εijt − εi0t

]
= log

1 +
 J∑
j=1

eπ̄ijt/λ

λ


We then compute the average of this value over the trucks and days in our
dataset, using the estimated coefficients for π̄ijt and λ. We end up with a scale
parameter equal to 668.92. To get the dollar value of the effect of a unit change
in Xijt on πijt, we multiply the coefficients reported in Table 4 by 668.92.

The estimation results suggest that the magnitude of the taste-for-variety
effect is quite significant. Choosing the same location two days in a row results
in a $257 loss in the day’s profit, which is about 38% of average daily profits.
In comparison, the effect of rain or snow is to decrease profits by $179 (26%),
the effect of cold weather is to decrease profits by $127 (19%), and the effect
of a 10% sales tax is to reduce profits by $207 (31%).

5.4 Alternative explanations

The tendency for food trucks to avoid locations they have visited recently in
the past is consistent with a consumer taste-for-variety. In this section, we
rule out time-varying demand, food truck learning, and consumer learning as
alternative explanations for this variation.

One alternative explanation for the results above is that different locations
simply have different demands depending on the day of the week. For example,
locations near a university may have lower demand on Fridays, while locations
near a shopping hub may have higher demand on Fridays. If this were true,
then food trucks may change locations day by day simply to follow demand.
To rule out this explanation, we re-estimate our preferred specification with
location-by-weekday fixed effects.

Second, a truck may avoid visiting the same places in short succession
because it desires to learn about the market in a number of different locations.
To rule out this explanation, we estimate our model on a sample restricted to
trucks with over two months of experience at the start of our sample (this is
less than half of the trucks in our sample). Our reasoning is that learning will
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be less of a motivation for experienced trucks.
A third alternative explanation is that a truck may avoid choosing recently

visited places because it can increase consumer awareness by choosing a greater
variety of locations. To rule out the consumer awareness explanation, we re-
estimate our model on a sample restricted to trucks that are already popular,
as measured by having over 1,000 Twitter followers (the median of our dataset).
Our reasoning in this case is that trucks which are already well known have
less need to increase consumer awareness.

It is possible, however, that trucks that are experienced or popular are
so precisely because they avoid visiting the same location too often. It is
also possible that all trucks, no matter how experienced or popular, continue
to have incentives to visit a variety of locations for the purpose of learning
or increasing awareness. To rule out this final possibility, we re-estimate the
model on a sample restricted to trucks that have visited less than nine locations
in the entire sample. These trucks would appear not to have any motivation
for visiting a wide variety of locations to either learn about the market or to
increase consumer awareness. If they are indeed popular or experienced, it is
not due to their diversity in location choice.

Table 5 reports the results of these robustness exercises. In none of the
alternative specifications are the estimated parameters on taste-for-variety
changed much. We therefore conclude that the tendency for trucks to avoid
recently visited location is better explained by taste-for-variety than any of
the above explanations.

6 Assessing the increase in variety from food
trucks

6.1 Quantifying the increase in variety

We close the paper with evidence that food trucks provide a meaningful in-
crease in food variety for urban consumers. Without direct information about
individual food choices, we attempt to quantify the increase in variety provided
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by food trucks by counting the number of unique restaurants that specific loca-
tions are exposed to over the course of a week. We do this for the ten largest
locations in our data, as measured by total food truck visits. The top ten
locations constitute over 75 percent of all food truck visits in our data, and
are also among the largest employment centers in Washington D.C. Columns
1 and 2 of Table 6 report the count of unique brick-and-mortar restaurants
within 4 blocks and 1 mile of each location, as measured by a Yelp.com search
for “restaurants” centered around the location. Column 3 counts the average
number of unique food trucks that visit the location each week, as computed
from our daily location data described above.

Table 6 shows that food trucks contribute substantially to the number of
restaurants a location is exposed to each week. The average number of food
trucks visiting these locations each week is 23.4, whereas the average number of
brick-and-mortar restaurants within a 4-block radius of these locations is 42.3.
We think of brick-and-mortar restaurants in a 4-block radius as the relevant
comparison group because food trucks tend to locate in very close walking
distance to each location. Nevertheless, when we use a broader comparison
group – the count of brick-and-mortar restaurants in a 1 mile radius, Table 6
shows that the contribution of food trucks to food variety is still significant.

Column 4 of Table 6 also shows that mobility is an important mechanism
through which food trucks increase access to variety. Column 4 counts the
number of food trucks each location would have in a counterfactual world
where food trucks choose a location and then are fixed to it.27 The average
number of unique food trucks each location would have in this counterfactual
world is 15.8. The increase in weekly restaurant variety due to mobility is
therefore 7.6, or 18% of the average number of nearby brick-and-mortar stores.

Table 6 also shows that in certain locations, such as Navy Yard and the
State Department, there are very few nearby brick-and-mortar restaurants
compared to food trucks who can park right outside. Food trucks therefore
increase variety by especially large amounts in areas where there are few brick-

27In the counterfactual, each location is assigned a number of trucks equal to the share
of total visits it received in the location data.
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and-mortar restaurants.
An interesting question to ask is whether food trucks directly target these

locations, where they face less competition from brick-and-mortar stores and
provide the most variety. To answer this question, we regress the total number
of food truck visits at each location in our data on the number of people
employed in the food services industry (NAICS sector 72) that work within a
1/4 mile radius of the location, using LEHD Origin-Destination Employment
Statistics (WAC) data.28 The number of jobs in food services is meant to
proxy for the number of nearby restaurants and the regression also includes the
overall number of jobs at a location, to control for demand. NAICS sector 72
includes both food services and accommodations, so the number of jobs in food
services will be measured with some error. Table 7 reports the results. Column
4 shows that, holding fixed the total number of jobs in an area, locations with
1,000 more jobs in food services (half a standard deviation in our sample),
received 131 fewer total food truck visits over the period of our data (May 2012
- March 2013). The results suggest that food trucks do provide a meaningful
increase in variety, and especially in areas of the city that are under-served by
brick-and-mortar restaurants (perhaps due to zoning restrictions, high rents,
lack of available land, or other factors).

6.2 The effect on aggregate consumption

Finally, we ask what was the effect of the rise in food trucks on aggregate
consumption. One may be concerned, for example, that there is little effect on
aggregate consumption if food trucks only serve to displace brick-and-mortar
restaurants, leading to no net increase in the number of restaurants. To do
this, we collect household level data from the Consumer Expenditure Survey
(CEX), which provides detail on total household consumption expenditures
on food away from home and food at home in a particular year.29 The data

28We did not include these as regressors in our location choice model of Section 5 because
they would be absorbed by the fixed effects. If we use our estimated location fixed effects
as the dependent variable in these regressions, the results are qualitatively unchanged.

29Note that food away-from-home includes visits to both food trucks and brick-and-
mortar restaurants. Food-at-home includes all grocery spending—so food prepared at home
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also include detailed controls on household characteristics, including income
and education. We restrict the sample to households located within one of the
eighteen identifiable metro areas in the CEX. Table 8 presents the results of
a regression of share of food expenditures away from home on Google search
activity for food trucks, which as described in Section 2, is our proxy for food
truck proliferation in a particular year-MSA.

Consistent with the predictions of our model described in Section 3, we find
that Google search activity for food trucks is positively correlated with the
share of food expenditures spent away from home, controlling for observable
demographics, and even MSA and year fixed effects. A one standard deviation
increase in food truck searches increases the away expenditure share by .0065.
The magnitude of the increase is small considering that the mean and standard
deviation of the share of expenditures on food away from home in our sample
is 0.29 and 0.20, respectively, but is sensible given that food trucks are still
few in number compared to brick-and-mortars, and some consumers may have
weak preferences for variety. To address the potential endogeneity between
food truck growth and expenditures on food-away-from-home, in column 3 we
present results where we instrument for food truck search with smartphone
searches. The first stage is strong, consistent with our results in Table 2.
The positive correlation on food truck searches remains and is actually larger
in magnitude. These results are consistent with an interpretation that food
trucks expanded the market for food-away-from-home by increasing variety. Of
course, we cannot rule out the possibility that the correlation between expen-
ditures away-from-home and food trucks could be explained by cost differences
between food trucks and brick-and-mortars. But combined with the evidence
that food trucks serve variety-starved areas, and because gourmet food trucks
are not demonstrably less expensive that brick-and-mortar restaurants serving
similar fare, we believe the variety explanation is very likely.

Our evidence suggests that the growth in food trucks did lead to a mean-
ingful increase in variety for urban consumers. Not only do food trucks tend
to locate in areas that are underserved by traditional brick-and-mortar restau-

and consumed outside (i.e. at work) would still be considered food-at-home.
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rants, but the effect of food truck growth has had a statistically measurable
impact on the consumption of food away-from-home. Both results are consis-
tent with the model presented in Section 3.

7 Conclusion

Our paper highlights the role of information technology in facilitating the
growth of the mobile food truck and expanding food variety, and shows a
concrete, previously unexplored way in which technology complements ur-
ban consumption amenities. The economic mechanisms behind the growth in
food trucks—spatial information frictions, taste-for-variety, and information
technology—are general and are likely having effects on the city that extend
beyond their influence on the mobile food industry. For example, through
companies like Uber and Lyft, drivers and passengers use mobile technology
to better communicate their location information, providing more variety in
available pickup and drop-off locations for urban consumers.30 Mobile tech-
nology also appears to play a key role in the emergence of Airbnb by allowing
owners to confirm reservations for renters quickly and from anywhere, result-
ing in more variety in lodging options for consumers. Thus, the ability of
internet technology to increase the variety of locally produced and consumed
products is important when considering the possible complementarities that
exist between internet technology and cities.

Our data and robust results identifying taste-for-variety also highlight the
uniqueness of the food truck industry as a laboratory for studying taste-for-
variety. Few other industries respond to individual-level taste-for-variety (as
opposed to population-level variety in tastes) in ways that are so readily ob-
servable in data, i.e. by changing their locations at daily frequencies.31 Un-

30Wirelesss internet technology can also complement cities in other ways by reducing
spatial frictions. For example, wireless internet can reduce congestions costs through appli-
cations that share local traffic information in real-time (e.g. Waze).

31For example, a fixed-location restaurant may respond to taste-for-variety by expanding
its menu—but this is neither readily observable nor is it evidence for a taste-for-variety at
the individual level.
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fortunately, because we do not observe prices or quantities for the food trucks
in our data, we are unable to back out a structural estimate of an individual
consumer’s taste-for-variety. However, as the industry matures and more data
become available, we anticipate that the industry will be a promising setting
for learning more about the nature of consumer preferences for variety.
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Figure 1: Annual U.S. Food Truck Revenue and iPhone Sales
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Figure 1: Annual U.S. Food Truck Revenues and iPhone sales

Food Trucks iPhones

Notes: This figure shows food truck industry revenue and Apple iPhone sales revenues from 2003 to 2012.  
Source: Samadi (2012)
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Figure 2: The Relationship Between Food Truck Searches and Metro Area
Population
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Note: Food truck searches include searches for “Food Truck” and “FoodTruck”
(searches are not sensitive to capitalization) normalized by total search volume
in the metro area, and the data comes from Google Trends. The sample period
is 2007-2014. The average search volume in each city is normalized to the index
level for Washington DC, which has the highest search volume over the sample
period. The sample size is 69 and the sample selection is described in the main
text.
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Figure 3: Phase Diagram of Food Truck / Brick-and-Mortar Profitability
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Note: This figure shows simulation results for the two location model described in Section
2 for various values of λ (locational uncertainty) and β (taste-for-variety). εit is distributed
uniformly on the unit interval, u0 = 0.5 and K = 0.05. For intermediate values of λ and β,
mobile communication has an enabling effect on the food truck business model, pushing its
profitability above that of brick-and-mortar. For low values of λ and high values of β, it is
always more profitable to be a food truck. For low values of β and high values of λ, it is
always more profitable to be a brick-and-mortar.
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Figure 4: Example of Twitter Data
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Figure 5: Kernel Density Plots of Tweet Times by Tweet Type

Note: Kernel density plots of tweet times using Epanechnikov kernel with opti-
mal bandwidth. "Location related tweets" are tweets which specify the truck’s
location. "Uncertainty related tweets" are tweets which indicate a change or
delay of plans for the truck, usually due to the inability to find parking or to
traffic. Time of day is measured on a 24 hour block so that, for example, a
time of day equal to 13 denotes 1:00 pm.
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Figure 6: Google Search Trends in the U.S.
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Figure 2: Google Search Trends for the U.S.

Food Truck Mobile Communication Restaurant

Note: Mobile communication search terms include "3g", "smartphone", "iphone", "android", 
"4g", and "twitter".  The data shows no relationship between searches for restaurants and 
searches for mobile communication or food trucks, but a clear relationship between mobile
communication searches and food truck searches.
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Figure 7: Distribution of Location Choices
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Figure 3: Distribution of location choices

Note: This figure plots the distribution of location choices for food trucks
in our data. There are 70 locations in total. Although food truck visits are
concentrated in about 20 or so locations, the Herfindahl concentration index
is quite low at 7.4%.
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Figure 8: Distribution of Food Truck Location HHI
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Figure 4: Distribution of food truck HHI

Note: This figure plots the distribution of TruckHHI over trucks, where

TruckHHIi =
J∑
j=1

(
# of days truck i chooses location j
# of days truck i chooses to operate

)2

is the location concentration index for a single truck i. While a handful of
trucks concentrate in a small number of locations, most trucks have a fairly
diverse location portfolio. The average TruckHHI across all trucks is 30%.
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Figure 9: Distribution of Food Truck-Weekday HHI
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Figure 5: Distribution of foodtruck-weekday HHI

Note: This figure plots the distribution of TruckWeekdayHHI over truck-
weekdays, where

TruckWeekdayHHIid =
J∑
j=1

(
# of days truck i chooses location j on weekday d
# of days truck i chooses to operate on weekday d

)2

is the location concentration index for a single truck i on a given weekday d.
There is a fairly strong tendency for trucks to follow fixed schedules, but there
is still significant variation in where each food truck chooses to locate on a
given weekday.
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Table 1: Twitter Data Summary Statistics

# trucks 200
# tweets 189,550
# location-related tweets 71,777
# uncertainty-related tweets 4,398
Avg. # tweets per truck-weekday 3.457
Avg. # location tweets per truck-weekday 1.386
Avg. # uncertainty tweets per truck-weekday 0.083
Share of truck-weekdays with ≥1 location tweets 0.687
Share of truck-weekdays with ≥1 uncertaint tweets 0.073

Notes: This table shows summary statistics for our Twitter data.  Twitter feeds of 200 trucks from the DC metro 
area were collected from Sep. 2009 to Nov. 2013.  The twitter data shows evidence that locational uncertainty 
is an important factor for food trucks, and that realization of these uncertainties is communicated in real-time 
on Twitter.

Table 2: Google Search Regression Results

Dependent Variable: Google Searches for Foodtruck 
(1) (2) (3) (4) (5) (6)

Searches for Smartphone 0.2952*** 0.1919** 0.1875**
(0.1069) (0.0879) (0.0868)

Searches for Smartphone*City population rank -0.0144*** -0.0119*** -0.0120***
(0.0019) (0.0020) (0.0021)

Searches for Smartphone 1 year Ago 0.7606*** 0.6438***
(0.1867) (0.185)

Searches for Smartphone 1 year Ago*City population rank -0.0188*** -0.0140***
(0.0033) (0.003)

Searches for Smartphone 1 year From Now 0.0457
(0.0793)

Searches for Smartphone 1 year From Now*City population rank -0.0080***
(0.0015)

Searches for Foodtruck 1 year Ago 0.9761***
(0.123)

City FE X X X X X X
Year FE X X X X X X
Seasonal Dummies X X X X X X
City-by-Year Demographic and Economic Controls X X X X
Only Years where Demographic and Economic Controls are available X X X X X

Observations 1908 1484 1484 1484 1484 1484
R-squared 0.625 0.498 0.501 0.507 0.507 0.553
Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Each observation is a city, quarter.  Google searches is an index measuring the total number of google searches for a particular phrase in a 
city/quarter relative to the total number of google searches in that city/quarter.  For each city, the index value equals 100 in the quarter where 
the search item accounts for the highest share of searches.  Smartphone searches include searches for "3g"+"smartphone"+"smart 
phone"+"iphone"+"android"+"4g".  Foodtruck searches include searches for"food truck"+"foodtruck".  Sample period is 2004 to 2012.   
Demographic and economic controls include the average age of the population, percent white, percent male, income, unemployment rate, 
percent with college degree, and population.  Standard errors clustered at the city level.

(1) (2) (3) (4) (5)
Rain / Snow -0.2676*** -0.2682*** -0.2639*** -0.2473*** -0.4019***

(0.0077) (0.0072) (0.0109) (0.0102) (0.0088)
Cold (<50°F) -0.1898*** -0.1911*** -0.1694*** -0.1750*** -0.2927***

(0.0095) (0.0096) (0.0150) (0.0135) (0.0115)
Sales Tax -0.3100*** -0.3113*** -0.2687*** -0.2454*** -0.4627***

(0.0083) (0.0084) (0.0126) (0.0119) (0.0102)
Visited within last X days

1 -0.0543** -0.0523** -0.0508 -0.0498 -0.0812***
(0.0215) (0.0218) (0.0339) (0.0316) (0.0245)

2 -0.0509** -0.0497** -0.0532 -0.0545* -0.0485*
(0.0222) (0.0223) (0.0339) (0.0323) (0.0265)

3 -0.0585** -0.0592*** -0.0613* -0.0651** -0.0479*
(0.0228) (0.0228) (0.0341) (0.0324) (0.0285)

4 -0.0686*** -0.0686*** -0.0727** -0.0774*** -0.0588**
(0.0209) (0.0210) (0.0317) (0.0291) (0.0264)

5 -0.0747*** -0.0741*** -0.0806*** -0.0877*** -0.0565**
(0.0199) (0.0201) (0.0306) (0.0277) (0.0273)

6 -0.1024*** -0.0993*** -0.1100*** -0.1210*** -0.0972***
(0.0154) (0.0155) (0.0231) (0.0212) (0.0224)

14 0.0200* 0.0220** 0.0230 0.0001 -0.0069
(0.0107) (0.0108) (0.0152) (0.0137) (0.0173)

21 0.0056 0.0075 0.0128 -0.0089 -0.0494***
(0.0105) (0.0106) (0.0148) (0.0134) (0.0169)

Visited 7, 14, or 21 days ago 0.4272*** 0.4176*** 0.4352*** 0.4302*** 0.4273***
(0.0044) (0.0045) (0.0066) (0.0060) (0.0062)

Truck FE X X X X X
Weekday FE X X X X
Location FE X X X X
Choice restriction X X X X X
Location X Weekday FE X
Experienced trucks X
Popular trucks X
Few location trucks X

Log Likelihood -41,293 -40,909 -22,244 -26,055 -14,192
Observations 27,877 27,877 13,774 15,805 13,321

Specification

Note: Estimation results from additional specifications reported in section 5.3. Standard errors in parenthesis.
*, **, *** indicate p-values of <0.1, <0.05, <0.01 respectively. "Choice restriction" indicates that each truck's
choice set was restricted to locations that they were observed to have chosen at least once. Column 1 is
identical to column 3 of table 5 and is presented for the purpose of comparison.

Table 6: Food truck location choice model estimates (Alternative specifications)
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Table 3: Summary Statistics for Food Truck Location Data

Min Mean Median Max
Opening date Jan 20, 2009 Feb 3, 2012 Apr 5, 2012 Mar 14, 2013
First observed operation date May 2, 2012 Jul 12, 2012 May 16, 2012 Mar 14, 2013
Last observed operation date May 3, 2012 Feb 19, 2013 Mar 28, 2013 Mar 29, 2013
Number days operated 1 80 67 207
Number locations visited 1 8.77 8 37
Twitter followers 0 2283.11 648.5 25591
FoodTruckHHI 0.045 0.303 0.212 1.000

Min Mean Median Max
Chance of rain 0 22.78 20 100
High temperature 0 68.60 73 102
Number trucks operating 4 75.30 78 110
Number trucks (Mondays) 4 59.35 62 84
Number trucks (Tuesdays) 38 74.40 77 97
Number trucks (Wednesdays) 30 80.47 83 110
Number trucks (Thursdays) 43 80.83 82.5 106
Number trucks (Fridays) 54 78.50 80 97

Min Mean Median Max
Times visited (total) 1 233.42 23.5 2097
Avg. # trucks per day 0.0030 0.7031 0.0708 6.3160
Avg. # trucks per day (days with 
at least one truck) 1.0000 1.8800 1.0870 9.7083

Table 4: Summary statistics for food truck location data

Panel A: Basic food truck information (N = 204)

Panel B: Dates information (N=217)

Notes: This table shows summary statistics for our food truck location data.  We observe the location decisions 
of each food truck each day from May 2, 2012 to March 29, 2013, except on weekends and except for a two 
week period between Dec. 22, 2012 and Jan. 1, 2013, for a total of 217 observed dates on which food trucks 
operated.  FoodTruckHHI is the location concentration index within each food truck.

Panel C: Location information (N=70)

46



Table 4: Food Truck Location Choice Model Estimates

(1) (2) (3) (4)

Rain / Snow -0.5384*** -0.3905*** -0.2676*** -0.2676***

(0.0180) (0.0087) (0.0077) (0.0077)

Cold (<50°F) -0.2617*** -0.2705*** -0.1898*** -0.1898***

(0.0111) (0.0116) (0.0095) (0.0095)

Sales Tax -0.5828*** -0.4418*** -0.3100*** -0.3100***

(0.0127) (0.0101) (0.0083) (0.0083)

Visited within last X days

1 -0.0874*** -0.0696*** -0.0543** -0.3839***

(0.0278) (0.0278) (0.0215) (0.0166)

2 -0.0411 -0.0488* -0.0509** -0.3297***

(0.0298) (0.0264) (0.0222) (0.0161)

3 -0.0290 -0.0513* -0.0585** -0.2788***

(0.0305) (0.0271) (0.0228) (0.0174)

4 -0.0169 -0.0548** -0.0686*** -0.2203***

(0.0276) (0.0246) (0.0209) (0.0167)

5 0.0092 -0.0500** -0.0747*** -0.1517***

(0.0266) (0.0235) (0.0199) (0.0150)

6 0.0150 -0.0724*** -0.1024*** -0.0769***

(0.0207) (0.0182) (0.0154) (0.0153)

14 0.3158*** 0.1237*** 0.0200* 0.0255***

(0.0149) (0.0128) (0.0107) (0.0084)

21 0.3968*** 0.1467*** 0.0056 0.0056

(0.0142) (0.0126) (0.0105) (0.0105)

Visited 7, 14, or 21 days ago 0.8114*** 0.5490*** 0.4272*** 0.4272***

(0.0112) (0.0053) (0.0044) (0.0044)

Truck FE X X X

Weekday FE X X X

Location FE X X X

Choice restriction X X

Log Likelihood -53,939 -45,310 -41,293 -41,293

Observations 27,877 27,877 27,877 27,877

Specification

Note: Estimation results from location choice model described in section 5. Standard errors in

parenthesis. *, **, *** indicate p-values of <0.1, <0.05, <0.01 respectively. "Choice restriction"

indicates that each truck's choice set was restricted to locations that they were observed to

have chosen at least once. Column 4 is identical to column 3 except that it reports cumulative

effects.

Table 5: Food truck location choice model estimates
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Table 5: Food Truck Location Choice Model Estimates (Alternative specifica-
tions)

(1) (2) (3) (4) (5)
Rain / Snow -0.2676*** -0.2682*** -0.2639*** -0.2473*** -0.4019***

(0.0077) (0.0072) (0.0109) (0.0102) (0.0088)
Cold (<50°F) -0.1898*** -0.1911*** -0.1694*** -0.1750*** -0.2927***

(0.0095) (0.0096) (0.0150) (0.0135) (0.0115)
Sales Tax -0.3100*** -0.3113*** -0.2687*** -0.2454*** -0.4627***

(0.0083) (0.0084) (0.0126) (0.0119) (0.0102)
Visited within last X days

1 -0.0543** -0.0523** -0.0508 -0.0498 -0.0812***
(0.0215) (0.0218) (0.0339) (0.0316) (0.0245)

2 -0.0509** -0.0497** -0.0532 -0.0545* -0.0485*
(0.0222) (0.0223) (0.0339) (0.0323) (0.0265)

3 -0.0585** -0.0592*** -0.0613* -0.0651** -0.0479*
(0.0228) (0.0228) (0.0341) (0.0324) (0.0285)

4 -0.0686*** -0.0686*** -0.0727** -0.0774*** -0.0588**
(0.0209) (0.0210) (0.0317) (0.0291) (0.0264)

5 -0.0747*** -0.0741*** -0.0806*** -0.0877*** -0.0565**
(0.0199) (0.0201) (0.0306) (0.0277) (0.0273)

6 -0.1024*** -0.0993*** -0.1100*** -0.1210*** -0.0972***
(0.0154) (0.0155) (0.0231) (0.0212) (0.0224)

14 0.0200* 0.0220** 0.0230 0.0001 -0.0069
(0.0107) (0.0108) (0.0152) (0.0137) (0.0173)

21 0.0056 0.0075 0.0128 -0.0089 -0.0494***
(0.0105) (0.0106) (0.0148) (0.0134) (0.0169)

Visited 7, 14, or 21 days ago 0.4272*** 0.4176*** 0.4352*** 0.4302*** 0.4273***
(0.0044) (0.0045) (0.0066) (0.0060) (0.0062)

Truck FE X X X X X
Weekday FE X X X X
Location FE X X X X
Choice restriction X X X X X
Location X Weekday FE X
Experienced trucks X
Popular trucks X
Few location trucks X

Log Likelihood -41,293 -40,909 -22,244 -26,055 -14,192
Observations 27,877 27,877 13,774 15,805 13,321

Specification

Note: Estimation results from additional specifications reported in section 5.3. Standard errors in parenthesis.
*, **, *** indicate p-values of <0.1, <0.05, <0.01 respectively. "Choice restriction" indicates that each truck's
choice set was restricted to locations that they were observed to have chosen at least once. Column 1 is
identical to column 3 of table 5 and is presented for the purpose of comparison.

Table 6: Food truck location choice model estimates (Alternative specifications)
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Table 6: Food Truck Contribution to Restaurant Variety by Location

Location

# unique brick-and-mortar 

restaurants within 4 blocks

# unique brick-and-mortar 

restaurants within 1 mile

# unique food trucks 

per week

# unique food trucks per 

week (no mobility)

L'Enfant Plaza 26 153 39 26

Metrocenter 81 746 31 21

Farragut Square 117 1003 38 25

Union Station 23 610 31 20

Franklin Square 89 971 29 18

State Department 5 457 22 14

Navy Yard 1 99 18 12

West End 32 720 11 7

Tyson's Corner 23 218 8 8

Rockville 26 172 7 7

Average 42.3 514.9 23.4 15.8

Notes: Data for the number of brick-and-mortar restaurants at a location comes from Yelp searches for "restaurants" near the street 

address of the given location.  Column 4 presents the number of trucks that would choose to locate at the given location in a 

counterfactual where location is fixed.
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Table 7: Characteristics of Food Truck Locations

Dependent Variable: Number of Food Truck Visits
(1) (2) (3) (4)

Number of Jobs (1000's) 17.9110*** 29.2496*** 23.0593
(4.3165) (6.3473) (14.1261)

Number of Jobs (1000's) ^2 0.1107
(0.2252)

Number of Jobs in Food and Accommodation (1000's) -135.5845** -131.2071**
(57.6375) (58.7769)

Constant 298.3529*** 20.0802 48.1592 84.9589
(76.2275) (94.2605) (90.9674) (118.3771)

Observations 51 51 51 51
R-squared 0.000 0.260 0.337 0.340
Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Note: The source for the jobs data is the LEHD Origin-Destination Employ-
ment Statistics (WAC) dataset compiled by the Census Bureau. Number of
jobs is the total number of jobs located within a 1/4 mile radius of the food
truck location. Number of jobs in food and accommodation is the total num-
ber of jobs in NAICS sector 72 located within a 1/4 mile radius of the food
truck location. Number of food truck visits is the total number of food truck
visits a particular location receives during our Washington DC sample period.
Sample consists of the 51 locations for which we could assign a precise street
address to the food truck location.
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Table 8: Regression of Food-Away-From-Home on Food Truck Search Activity

Dependent Variable: Share of Food Expenditures on Food Away from Home
(1) (2) (3)

Google Searches for FoodTrucks 0.0005*** 0.0009*** 0.0025**
(0.0002) (0.0003) (0.0011)

Income (in 10,000s) 0.0075*** 0.0074*** 0.0076***
(0.0002) (0.0002) (0.0002)

College Educated 0.0732*** 0.0727*** 0.0727***
(0.0024) (0.0024) (0.0026)

Married -0.0386*** -0.0395*** -0.0397***
(0.0024) (0.0024) (0.0025)

Male 0.0446*** 0.0446*** 0.0437***
(0.0023) (0.0022) (0.0024)

White 0.0236*** 0.0258*** 0.0235***
(0.0026) (0.0026) (0.0028)

Age -0.0052*** -0.0051*** -0.0052***
(0.0004) (0.0004) (0.0004)

Age Squared 0.0000*** 0.0000*** 0.0000***
(0.0000) (0.0000) (0.0000)

City FE X X
Year FE X X
Instrument using Smartphone searches X

Observations 28334 28334 24544
R-squared 0.141 0.158 0.158
Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Google searches is an index measuring the total number of google searches for a 
particular phrase in a city/year relative to the total number of google searches in that 
city/year.  We divide the index by 52 so that it represents the average weekly search 
volume in the year.  Smartphone searches include searches for 
"3g"+"smartphone"+"smart phone"+"iphone"+"android"+"4g".  Foodtruck searches 
include searches for"food truck"+"foodtruck".  Sample period is 2006 to 2012.  
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A Results on the steady state of the food truck
location model

Here we derive the steady state of the food truck location model described in
Section 2, both with and without mobile communication. We will also derive
approximation results for the steady state expected quantity, and show that
steady state expected quantity is always higher when mobile communication
is available.

No mobile communication

For consumers in the announced location (call it j), the expected value to
going out is:

Vit = (1− λ)uit −K

For consumers in the unannounced location (call it k), the expected value to
going out is:

Vit = λ (1− λ)uit −K

Therefore, the mass of consumers going out at the announced location is:

Qjt = Qjt−1F
(
u0 −

K

1− λ − β
)

+ (1−Qjt−1)F
(
u0 −

K

1− λ

)
= F

(
u0 −

K

1− λ

)
≡ QA

where the second equality follows from the fact that the announced location
will always be one in which the food truck did not operate last period. The
last equality is simply a definition for notational convenience.

At the unannounced location, the mass of consumers going out is:
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Qkt = Qkt−1F

(
u0 −

K

λ (1− λ) − β
)

︸ ︷︷ ︸
QNβ

+ (1−Qkt−1)F
(
u0 −

K

λ (1− λ)

)
︸ ︷︷ ︸

QN

= Qkt−1QNβ + (1−Qkt−1)QN

= QN −Qkt−1(QN −QNβ)︸ ︷︷ ︸
∆

= QN −Qkt−1∆

Under this notation, QA is the quantity demanded at an announced location
that was not visited last period, QN is the quantity demanded at an unan-
nounced location that was not visited last period, and ∆ is the penalty per
unit sold in the same location last period.

In general, the ex-post demand for the truck in a period depends on three
state variables:

st = (at, ht, qt)

so we can write:
Qt = Q (at, ht, qt)

The state variables are defined as follows:

• The variable at defines the realization of the current period’s locational
uncertainty. at takes the value A if the announced location is accessi-
ble, N if the announced location is inaccessible but the non-announced
location is, and O if neither location is accessible.

• The variable ht defines, at the start of period t, the number of consecutive
periods it has served the previous location, with ht = 0 if the truck did
not visit any place last period. ht takes any value in the set of natural
numbers.

• Finally, the variable qt is the quantity that the truck sold at the start of
its current streak of consecutive visits. So, for example, if ht = 3 then
qt = Qt−3. Note that qt can only take the values of QA, QN , and 0. It
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takes the value of QA if the current streak of consecutive visits started
at an announced location. It takes the value of QN if the current streak
started at a non-announced location. Finally, it is defined to be 0 when
ht = 0; that is, when there is no current streak due to being out of the
market last period.

We can fully specify demand as a function of state variables. If at = O then
the truck is out of the market and Qt = 0. If at = A then the truck can visit
its preferred location, so Qt = QA. If at = N and ht = 0, then this means the
truck was out last period, but is unable to visit its announced location this
period. Its demand is Qt = QN . If at = N and ht > 0, then demand today is
Qt = QN − Qt−1∆. So for at = N and ht > 0, we can solve for Q (N, ht, qt)
using the following recursion:

Q (N, 1, q) = QN − q∆

Q (N, h, q) = QN −Q (N, h− 1, q) for h > 1

The recursion yields the following expression for Q (a, h, q):

Q (a, h, q) =



0 if a = O

QA if a = A

QN if a = N and h = 0
1−(−∆)h

1+∆ QN + q (−∆)h if a = N and h > 0

(5)

Now let f (st+1|st) denote the transition probability for the state space. An
unconditional distribution over the state space, f (s), is a steady state if it
satisfies the following:

f (s) =
∑
s′∈S

f (s|s′) f (s′) ∀s ∈ S

Because at+1 is independent of st, the transition matrix has the following form:

f (s|s′) = p (a) g (h, q|s′)
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which implies that the steady state distribution must have similar form:

f (s) =
∑
s′∈S

p (a) g (h, q|s′) f (s′)

= p (a)
∑
s′∈S

g (h, q|s′) f (s′)︸ ︷︷ ︸
g(h,q)

= p (a) g (h, q) (6)

where

p (a) =


1− λ if a = A

λ (1− λ) if a = N

λ2 if a = O

(7)

The deterministic transitions for h and q are given by:

(ht+1, qt+1) =



(0, 0) if at = O

(1, QA) if at = A

(1, QN) if at = N and ht = 0

(ht + 1, qt) if at = N and ht > 0

We can therefore write the following:

g (0, 0) =
∑
h,q

f (O, h, q) = p (O) = λ2

g (1, QA) =
∑
h,q

f (A, h, q) = p (A) = 1− λ

g (1, QN) = f (N, 0, 0) = p (N) g (0, 0) = λ3 (1− λ)

And finally, for h > 1:

g (h, q) = f (N, h− 1, q) = p (N) g (h− 1, q) = λ (1− λ) g (h− 1, q)

The above equation defines a recursion for g (h, q). Solving the recursion, we
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obtain the following closed-form expression for g (h, q):

g (h, q) =


λ2 if (h, q) = (0, 0)

[λ (1− λ)]h−1 (1− λ) if h > 0 and q = QA

[λ (1− λ)]h−1 λ3 (1− λ) if h > 0 and q = QN

(8)

Equations (6)-(8) give us the closed-form solution for the steady state distri-
bution f (s). Combined with equation (5), we can write down the expression
for the steady state expected value of Q:

E [Q] =
∑
s

Q (s) f (s)

= p (A)QA + p (N)


QNg (0, 0)

+∑∞
h=1Q (N, h,QA) g (h,QA)

+∑∞
h=1Q (N, h,QN) g (h,QN)

 (9)

The first order Taylor approximation around λ = 0 is:

E [Q] = (1− λ)F (u0 −K)− λKf (u0 −K)

With Mobile Communication

With mobile communication, the steady state distribution of the state vari-
ables does not change because the accessibility to locations does not change,
nor does the food truck’s optimal strategy. What changes with mobile commu-
nication is that consumers can now make their decision on whether to go out
based on the food truck’s actual location, rather than its announced location.
Therefore, at whichever location the food truck ultimately visits, the expected
value for the consumer to going out becomes:

Vit = uit −K
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At the announced location, expected demand is:

Qjt = Qjt−1F (u0 −K − β) + (1−Qjt−1)F (u0 −K)

= F (u0 −K)

≡ QA

where the second equality follows from the definition of the announced location
as one in which the food truck did not visit last period.

At the unannounced location, expected demand is:

Qkt = Qkt−1F (u0 −K − β)︸ ︷︷ ︸
QNβ

+ (1−Qkt−1)F (u0 −K)︸ ︷︷ ︸
QN

= Qkt−1QNβ + (1−Qkt−1)QN

= QN −Qkt−1(QN −QNβ)︸ ︷︷ ︸
∆

= QN −Qkt−1∆

As can easily be seen, the effect of mobile communication is to change the
values of QA, QN , and QNβ in the steady state equation (9).

The first order Taylor approximation using the new definitions ofQA, QN , QNβ

gives us:

E [Q] = (1− λ)F (u0 −K)+λ [1 + F (u0 −K − β)− F (u0 −K)]F (u0 −K)

B An example with competing restaurants

We extend the model of Section 3 to consider the possibility of multiple com-
peting restaurants. There are two identical locations, each with a unit mass
of consumers. Each location also has J − 1 pre-existing, identical brick-and-
mortar restaurants. A single potential entrant decides between entering as a
food truck or a brick-and-mortar restaurant in one of the locations. We use
j = 1, . . . , J − 1 to denote the pre-existing brick-and-mortar restaurants at a
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location, and j = J to denote the entrant. As before, food trucks face a prob-
ability λ that a location is inaccessible on any given day. Pre-technology, the
food trucks must announce which location they intend to visit before realizing
λ. Post-technology, food trucks can announce the location after the realization
of λ.

Each day, consumers choose between any of the restaurants present at their
location or an outside option. The utility of the outside option is normalized
to zero. The utility of visiting a restaurant j is given by u0 − βdijt−1 where
β is the taste-for-variety and dijt−1 is an indicator for whether the consumer
ate at that restaurant last period. To visit a restaurant, consumers also pay
a cost K of going outside. Finally, consumers receive an additive εijt taste
shock to visiting a restaurant before deciding where to go. εijt is i.i.d. across
consumers i, resturants j, and time t, and is distributed according to a type-1
extreme value distribution. In the case of food trucks, we assume that εijt is
received whether the food truck is there or not.32

The utility that consumer i gets from visiting brick and mortar store j is:

uijt = u0 − βdijt−1 −K + εijt

Pre-technology, the utility that consumer i gets from visiting food truck J at
the announced location is:

uFT,AiJt = (1− λ) (u0 − βdiJt−1)−K + εiJt

and at the unannounced location:

uFT,UiJt−1 = λ (1− λ) (u0 − βdiJt−1)−K + εiJt

Post-technology, the utility that consumer i gets from visiting food truck J

32This assumption makes the model computationally tractable—allowing for a closed-
form solution for individual choice probabilities—without affecting any of the economic
mechanisms. It is a slight departure from the model in Section 3, where εijt is only received
if the foodtruck is actually present at the location.
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(conditional on the food-truck going to the location) is:

uFT,MC
iJt = u0 − βdiJt−1 −K + εiJt

Using these utility functions, it is easy to simulate the expected profit that
the entrant would receive from operating as either a food truck or a brick-
and-mortar. There are, however, many equations to compute and it would be
cumbersome to write them all down. To give just one example, we will show
how to calculate the market share for a food truck at the announced location,
pre-technology, assuming the location is open:

QJt =
(

e(1−λ)u0−K

(J − 1) eu0−K + e(1−λ)u0−K

)
Q0t−1

+
(

e(1−λ)(u0−β)−K

(J − 1) eu0−K + e(1−λ)(u0−β)−K

)
QJt−1

+
J−1∑
k=1

(
e(1−λ)u0−K

(J − 2) eu0−K + eu0−β−K + e(1−λ)u0−K

)
Qkt−1

The first term is the probability that a consumer who ate the outside option
last period would choose the food truck this period, times the share of people
who took the outside option last period. The second term is the probability
that a consumer who ate at the food truck last period would choose the food
truck this period, times the share of people who ate at the food truck last
period. Similarly, the last term is the total demand coming from consumers
who ate at one of the brick-and-mortar stores last period.

There are many such equations for different situations. For example, there
is another market share equation for the food truck at the unannounced lo-
cation, pre and post technology, and market share equations for the brick-
and-mortar stores as well. Using these market share equations, we can easily
compute the steady state distribution of market shares.

Table 9 reports the steady-state market shares for different values of J
when the other model parameters are u0 = 1, K = 0.3, λ = 0.1, β = 0.2. QBM

is the steady-state market share for the entrant if it enters as a brick-and-
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mortar. QFT,Pre is the expected per-period market share if the entrant enters
as a food truck, pre-technology. QFT,Post is the expected per-period market
share if the entrant enters as a food truck, post-technology. The table shows
that as J increases, entering as a food truck becomes less attractive relative to
entering as a brick-and-mortar. This is because being able to avoid consumers
that ate at your restaurant yesterday becomes less important when consumers
have many options to choose from. Interestingly, as J increases, the benefit of
technology to food trucks increases as well.

Table 10 reports the steady-state market shares for different values of λ. In
this exercise, J is set to 10. The table shows that increasing λ and increasing
J have similar effects. Recall that λ is the probability that a location is
inaccessible, which, like J , would be higher in denser urban cities. We may
therefore think of J and λ both as being a congestive force which decreases the
attractiveness of being a food-truck, which are both stronger in dense cities,
and which information technology helps to alleviate. The regression in Table 2
showing that the effect of smartphone searches on foodtruck searches is higher
in larger cities is consistent with either these larger cities having higher J or
higher λ, or both.

Table 9: Simulations on J
J QBM QFT,Pre QFT,Post QFT,Pre

QBM
QFT,Post

QFT,Pre
QFT,Post

QBM

1 0.6390 0.6185 0.6612 0.9679 1.0691 1.0349
5 0.1814 0.1613 0.1858 0.8891 1.1519 1.0242
10 0.0952 0.0824 0.0962 0.8654 1.1674 1.0103
20 0.0488 0.0416 0.0489 0.8530 1.1756 1.0028
50 0.0198 0.0167 0.0198 0.8455 1.1806 0.9982

Note: The other parameter values are: u0 = 1, K = 0.3, λ = 0.1, β = 0.2.
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Table 10: Simulations on λ
λ QBM QFT,Pre QFT,Post QFT,Pre

QBM
QFT,Post

QFT,Pre
QFT,Post

QBM

0 0.0952 0.0969 0.0969 1.0175 1 1.0175
0.05 0.0952 0.0889 0.0963 0.9344 1.0823 1.0114
0.10 0.0952 0.0824 0.0962 0.8654 1.1674 1.0103
0.15 0.0952 0.0758 0.0956 0.7960 1.2613 1.0040
0.20 0.0952 0.0706 0.0932 0.7419 1.3191 0.9786

Note: The other parameter values are: u0 = 1, K = 0.3, β = 0.2, J = 10.

C Additional suggestive evidence on locational
uncertainty

Although we have only collected Twitter data for food trucks in Washington
D.C., we can provide suggestive evidence that locational uncertainty is im-
portant in other markets as well. To do this, we perform a Google search for
“[MSA name] food trucks” for the ten largest MSAs in the U.S. Table 11 shows
the fraction of the results that link to a location aggregator, out of the top
10, top 3, and top 1 returned results.33 In most of the cities, Google returns a
location aggregator as the number one search result. Because Google returns
its search results by order of popularity, the results in Table 11 suggest that
many people who search for food trucks are looking for information about food
truck locations, and this effect is not limited to any one particular city.

33A location aggregator is a website that collects real-time information about food truck
locations in its area and displays them on a single site.
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Table 11: Fraction of Google Search Results Returning Location Aggregators

MSA Top 10 Top 3 Top 1

New York City 50% 67% 0%

Los Angeles 40% 100% 100%

Chicago 40% 100% 100%

Dallas‐Fort Worth 20% 33% 0%

Houston 30% 33% 100%

Philadelphia 50% 33% 100%

Washington DC 40% 67% 100%

Miami 60% 100% 100%

Atlanta 10% 0% 0%

Boston 50% 67% 100%

San Francisco 60% 67% 100%

Note: "Top X" refers to the first X search results that Google returns in response to a search for "[City Name] 

Food Truck".  Location‐based websites include live maps, food truck finder apps, twitter aggregators, etc.  

Non location‐based websites include food truck reviews, food truck associations, etc. 
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