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Abstract

Crime is a pervasive constraint on firms in many developing countries. Its
economic reach extends beyond direct losses as crime could distort agents” deci-
sions, economic activity, and prices. This paper studies how crime affects domestic
trade and the economy in the context of Mexico, where the presence of organized
crime is widespread. We develop a spatial trade model in which transport inter-
mediaries choose routes subject to crime-related shipping costs, and combine it
with reduced-form analysis that exploits confidential transportation-firm micro-
data, origin-destination wholesale agricultural prices, crop production data, and
administrative crime records. We construct route-level measures of crime expo-
sure and show that higher exposure raises transport firms” operating costs, with
the clearest evidence for extortion. Wholesale price regressions provide sugges-
tive, though noisier, evidence that route exposure is passed through to agricultural
prices. We embed these estimates in the model and study a counterfactual that
removes crime frictions across space. We find that removing this friction lowers
mean bilateral trade costs by 2.9 percent, lowers destination tradable price indices
by 6.5 percent, and raises welfare by 1.4 percent. These results suggest that crime is
a substantial domestic trade friction with consequences for firms, prices, and real

income.
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1 Introduction

Crime makes locations economically farther apart. A producing location can be ge-
ographically close to a market but distant in economic terms if the corridor between
them exposes carriers to extortion, theft, or violence. These frictions are particularly
salient in developing countries, where weak institutions enable “middlemen” to ex-
tract rents (Atkin and Khandelwal, 2020). In such an environment, transport firms may
reroute, travel longer distances, spend more on prevention, reduce service, or charge
higher delivered prices. Thus, market integration, specialization, and real income may
suffer as a result of domestic trade frictions (Donaldson, 2018; Sotelo, 2020; Gollin and
Rogerson, 2014; Atkin and Khandelwal, 2020; Atkin and Donaldson, 2022).

This paper asks how crime along domestic shipping routes affects transport costs,
goods prices, and welfare. We study these questions in the context of Mexico, where
crime is a first-order concern: roughly one out of four firms reports to be a victim of
crime.! In particular, we ask: What is the effect of crime on the costs of transportation
tirms and agricultural goods prices? What are the aggregate welfare effects of crime as
a route-level trade friction? We present evidence that crime affects transportation firms
costs, and, although noisier, we show evidence that crime affects prices. Plugging the
empirical estimates in a spatial trade model with intermediaries, we find that removing
this friction could increase aggregate welfare by 1.3%, with substantial heterogeneity
across space. The gains are driven by reductions in trade costs and prices, thereby
increasing trade integration across regions.

We contribute by connecting three strands of research that speak to different parts
of the same economic mechanism. Domestic trade studies show that transport frictions
shape prices, trade costs and flows, and welfare within countries (Donaldson, 2018;
Sotelo, 2020). Transportation-market studies shows that trade costs are shaped by in-
termediaries, route choice, and network structure (Brancaccio et al., 2020; Allen et al.,
2024). Work on crime, corruption, and extortion shows that predation can act as a cost
of moving goods and be passed through to firms and consumers (Olken and Barron,
2009; Sequeira and Djankov, 2014; Brown et al., 2025). What remains less understood
is how criminal risk on domestic roads affects transport firms, delivered prices, and
aggregate welfare once shipments can reallocate across routes and markets.

We address this gap studying these questions theoretically and empirically. Theo-
retically, we develop a spatial trade framework with transportation intermediaries that

ship goods across crime-exposed routes along the road network. Each route has a non-

!Encuesta Nacional de Victimizacién a Empresas (INEGI), 2023.
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crime component, such as distance or travel time, and a crime component, which we
empirically measure using the locations traversed by the route. Crime raises route-
specific shipping costs, and intermediaries aggregate route services into an origin-
destination transport cost. This structure makes two forces explicit: crime increases
bilateral trade costs when it makes the routes connecting an origin and destination
more expensive, and the magnitude depends on the ability of intermediaries to sub-
stitute across routes. If routes are poor substitutes, local crime shocks translate more
directly into delivered prices.

The model serves three purposes. First, it formalizes route-level crime as a domes-
tic trade friction in an economy where intermediaries choose among feasible routes.
Second, it serves as a guide for the empirical analysis of transportation costs and agri-
cultural prices. Third, it provides the quantitative structure for counterfactuals. Once
crime is mapped into route-level transport costs using the empirical estimates, we can
study how much trade costs fall, how trade flows reallocate, and how welfare changes
when road insecurity is reduced or removed.

We combine several sources of Mexican administrative and spatial data for the em-
pirical analysis. The core firm-level evidence comes from the confidential Encuesta
Anual de Transportes (EAT) from INEGI, which consists of three panel series, 2014-2017,
2017-2021, 2021-2022, that report transport firms’ outcomes such as revenue, cost, em-
ployment, and shipping outcomes such as trips, distance traveled, shipment values,
vehicle stocks, and their main origin-destination markets. To the best of our knowledge
this is the first paper that exploits this dataset. We combine these data with adminis-
trative municipality-level crime records from the Secretariado Ejecutivo del Sistema
Nacional de Seguridad Publica. We also link transport firms to the Encuesta Nacional de
Victimizacién de Empresas (ENVE), which reports direct victimization, economic losses,
and prevention spending. Finally, to study the effect of crime on prices we exploit a
29-year panel of wholesale agricultural prices from Sistema Nacional de Integracion de
Mercados (SNIIM) that includes origin-destination prices of fruits and vegetables sold
in the main wholesale markets in the country, as well as agricultural output data from
Servicio de Informacion Agroalimentaria y Pesquera (SIAP) to identify producing munici-
palities.

We begin by constructing a shift-share crime exposure measure for the empirical
analysis on transportation firms and agricultural prices. We focus on extortion, homi-
cides, and transport-related robbery crimes because these crimes are the among the
most reported firm-related crimes (ENVE), and likely capture the presence of orga-

nized crime. We construct exposure measures individually for each crime, and for a



crime bundle. First, using the road network, we simulate potential route alternatives
across all municipalities. The ‘shares’ are thus given by the probability of choosing a
route, using the inverse of driving time, which is purely a function of the geography of
the road network — arguably orthogonal to crime. We then aggregate crime counts at
the municipality level to the route level using the municipalities that each route crosses.
We compute the ‘shifts” as percent changes in crime in a given year with respect to a
baseline period, 2011-2013, which is a period where crime was at lower levels and more
stable relative to the latter part of the decade. This shift-share measure as constructed,
we argue, satisfies the exclusion restrictions that the applied econometrics literature
has established for the validity of these instruments (Goldsmith-Pinkham et al., 2020;
Borusyak et al., 2025).

For the firm-level analysis, we aggregate the origin-destination-year shift-share
measure to the firm level using the firm’s reported origin-destination pairs, ranked
by the share of revenue. Then, we run firm-level regressions with firm and year fixed
effects, that control for unobserved time-invariant firm characteristics and common
temporal shocks across firms. The results point to a cost-side channel. Firms whose
shipment portfolios become more 100% more exposed to crime experience higher total
costs (2.9%) and higher fuel costs (2.4%), but do not appear to increase insurance costs.
The magnitudes differ by the type of crime exposure, with extortion being the most
precise estimate. The bundled crime measure, that includes extortion, homicides, and
transport robbery, points in a similar direction for the main cost outcomes, although the
mapping is not uniform across all outcomes. We find that extortion decreases shipp-
ment values and increases total distance traveled and the number of trips completed.
These are margins most closely connected to rerouting, delays, and higher operating
costs. We therefore interpret the firm-level evidence as support for the transportation-
cost mechanism, with the clearest patterns coming from extortion and broader crime
exposure rather than from every individual crime measure.

In addition to the reduced-form analysis, we provide complementary descriptive
evidence of how crime affects firms. We do so by analyzing a subset of transportation
tirms that appear in both the transport EAT and victimization EAT surveys. While
the EAT reveals how exposure is associated with operating outcomes, ENVE records
whether the firm suffered any type of crime and the direct economic burden of victim-
ization and prevention. Using the matched sample, we show that, in a given year, the
typical firm: i) suffers extortion, cargo robbery, and vehicle theft with 0.16, 0.53, and
0.84 probability, respectively; ii) suffers between 2 and 3 incidents of extortion, cargo

robbery, and vehicle theft— with the maximum counts being 12, 19, and 24 incidents,



respectively; iii) that yearly direct economic losses represent 113% of total costs and
58% of total revenue; and that iv) crime-prevention spending represents 34% of total
costs and 18% of total revenue. This evidence shows that the burden of crime for a
typical firm can be substantial, potentially an order of magnitude larger than regular
taxes.

The second part of the empirical analysis studies wholesale prices of fruits and
vegetables. We estimate two main specifications that exploit spatial and temporal
variation. The first specification includes crop-year, origin-crop, and destination-crop
fixed effects, exploiting crime variation across origin-destination pairs. Intuitively, it
compares the price of an avocado produced in Michoacan and sold in Mexico City
relative to the price of the same avocado in Guadalajara. We find that doubling the
crime bundle exposure leads to 1.2% higher prices. The second specification is directly
implied by the model, and includes a much more restrictive set of fixed effects, ef-
fectively exploiting within origin-destination pair time variation — using origin-crop-
year, destination-crop-year, and origin-destination fixed effects. These fixed effects re-
move changes in local supply and demand crop-level shocks, as well as time invariant
characteristics of the corridors traversed. We find that increasing crime exposure leads
to a similar-magnitude positive change in prices (0.6%), although the estimates in these
highly saturated specifications are imprecise. We therefore interpret this evidence as
consistent with some price pass-through from route exposure, although additional ev-
idence from more goods, e.g. manufactured goods and non-tradables would be useful
to establish a general channel.

We then move to quantifying the welfare effects of this friction with our structural
framework. We discipline the route-crime-to-cost semi-elasticity with the estimates
from the firm-level analysis, set the geography of the model using SNIIM and SIAP
locations and the actual natioal road network, and calibrate fundamental parameters
using labor, wages, output and value added data from the 2024 Economic Census (IN-
EGI). We find that counterfactually removing crime from all routes raises average wel-
fare by 1.35% by reducing mean bilateral trade costs 2.9% and destination tradable
price indices by 6.5% percent, effectively increasing market access and integration. In
terms of the spatial effects, these welfare gains are far from uniform: municipalities in
the 90th percentile of gains experience up to 5% while in the 10th percentile gain 0.7%.
The largest visible gains among producing municipalities appear in parts of Veracruz,
Hidalgo, Sonora, Sinaloa, Durango, and Guerrero, consistent with the idea that route-
crime reductions matter most where exposed corridors account for an important part

of delivered costs.



Taken together, the paper contributes by showing empirically and structurally how
crime can operate as a network trade friction, and by quantifying the aggregate effects
of this friction. It extends the domestic trade-cost literature by studying an institu-
tional and security-related barrier to market integration, rather than a purely phys-
ical or infrastructural one (Donaldson, 2018; Sotelo, 2020). It also contributes to the
transport-intermediation literature by observing the firms that move goods and mea-
suring the operating margins through which route risk appears, building on work that
shows how intermediaries, route choice, and transport-market structure shape effec-
tive trade costs (Brancaccio et al., 2020; Allen et al., 2024). Finally, it contributes to the
literature on crime and economic activity by studying the reverse of the more common
question: instead of asking how economic shocks affect crime (Dell, 2015; Dell et al.,
2019; Dix-Carneiro et al., 2018; Khanna et al., 2025), it asks how crime feeds back into
the real economy by raising the cost of moving goods across space. This mechanism
is motivated by evidence that predation and corruption distort transport and distribu-
tion: Olken and Barron (2009) document structured extortion on Indonesian trucking
routes, Sequeira and Djankov (2014) show that port corruption induces firms to reroute
shipments, and Brown et al. (2025) show that gang extortion in El Salvador is passed
through to delivery fees, retail prices, and consumer welfare. This paper brings these
insights into a domestic spatial-trade framework in which local insecurity can affect
prices and welfare through the entire road network.

The policy implication is that road security should be treated as a form of trade fa-
cilitation. The results suggest that crime along freight corridors raises transport firms’
operating costs and, through this channel, may affect prices and welfare. Policy should
therefore prioritize economically central shipping routes, particularly corridors with
high exposure to extortion and limited route substitutes, rather than focusing exclu-
sively on crime at origins or destinations. In this sense, reducing predation on trans-
port networks can operate like an improvement in domestic infrastructure by lowering
the effective cost of connecting markets.

The rest of the paper proceeds as follows. Section 2 describes crime and road inse-
curity in Mexico. Section 3 develops the spatial trade model with transport intermedi-
aries and route-level crime. Section 4 describes the firm, price, production, crime, and
road-network data. Section 5 presents the exposure construction and empirical spec-
ifications. Section 6 reports the firm-level, wholesale-price, and matched EAT-ENVE
evidence. Section 7 explains how the model is calibrated to the Mexican geography.
Section 8 quantifies the welfare cost of route crime through the shipping channel. Sec-
tion 9 concludes.



2 Context: Crime and Road Insecurity in Mexico

Mexico is a natural setting for studying crime as an economic friction because insecu-
rity is large, persistent, and directly relevant for firms. Crime is not only a household
welfare concern or a local public-safety outcome; it is a recurrent feature of the envi-
ronment in which establishments hire workers, buy inputs, move goods, and choose
where to operate. Around 27% of firms reported in Encuesta Nacional de Victimizacion de
Empresas to be victims of crime in 2023, equivalent to 1.3 million victimized establish-
ments and 2.9 million crimes against firms. Insecurity is therefore not a rare disruption

faced by a small set of firms; it is a common business condition.
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Figure 1: Reported crimes against firms

Notes: The figure reports shares of estimated crimes against firms by crime type.
Source: INEGI, Encuesta Nacional de Victimizacién de Empresas (ENVE), 2019 public
aggregate tabulations.

The presence of drug cartels and large-scale organized crime makes the Mexican
business environment particularly difficult. Figure 1 shows the distribution of re-
ported crimes. Of all reported crimes, extortion and theft of goods or money account
for largest shares of reported crimes, while corruption, vehicle theft, and theft of mer-
chandise in transit are also visible categories. These crimes are particularly important
because they directly entail costs in the transportation and distribution sectors.

The economic relevance of crime is also visible in its costs. In this same survey,
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ENVE, it is estimated that the direct cost of insecurity and crime for economic units in
2023 was equivalent to 0.51 percent of GDP. This measure includes direct losses and
preventive expenditures.

Further, the incidence of crime affects firms across the size distribution. Figure 2
shows the top three reported crimes by firm size. For micro and small firms, the top
crimes are mainly extortion, theft of goods or money, and corruption. For large firms,
theft of merchandise in transit appears among the top three crimes, together with ve-
hicle theft and extortion. This pattern is consistent with a simple exposure logic: larger
firms operate broader supplier and customer networks, move larger shipment values,
and rely more intensively on logistics. Their exposure to crime is therefore not confined

to the establishment, but rather it travels with their goods.
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Figure 2: Top reported crimes by firm size, public ENVE 2019

Notes: The figure reports the top three crime categories within each firm-size group. Shares
are within firm-size category. Source: INEGI, Encuesta Nacional de Victimizacién de Empresas
(ENVE), 2019 public aggregate tabulations.

Mexico is also a good setting to study agricultural prices. Production of fruits and
vegetables is highly specialized across space, while consumption is dispersed across
large destination markets; as a result, the same crop is often shipped from concen-
trated producing regions to multiple wholesale markets through different road corri-
dors. This creates spatial variation to study route-level frictions, and connects directly

to a literature showing that domestic trade costs shape agricultural prices, market in-



tegration, and welfare (Donaldson, 2018; Sotelo, 2020; Atkin and Donaldson, 2022).
Mexico is especially useful because SNIIM reports high-frequency wholesale prices by
product, origin, and destination market, and SIAP production data make it possible to
identify the producing areas behind each reported origin. These features allow us to
map price differences across markets to the road corridors over which goods are likely

shipped. We will explain in more detail these data in the following sections.

3 Model

This section lays out a spatial model of agricultural trade with transport intermedi-
aries. Goods are produced in locations, moved through a road network with multiple
feasible routes, and consumed in destination locations. Crime enters the benchmark
model as a route-level shipping friction: insecurity along a corridor raises the effective
cost of moving goods through that corridor. The purpose of the model is to connect
route-level crime exposure to delivered prices, trade flows, and welfare in a general-

equilibrium setting.

3.1 Environment

Goods and space. There are K agricultural goods indexed by k and a set of locations.
We use 0 when a location is the origin of a shipment and d when a location is the
destination of a shipment. In the general-equilibrium counterfactual, origins and des-
tinations are therefore two roles played by the same set of inhabited locations. Time
is indexed by t. For each origin—destination pair (o,d) there is a set of feasible road
routes R,;, indexed by r.
The model therefore has three spatial objects:
1. Origins. Production takes place in locations o, which differ in agricultural pro-
ductivity, land endowments, wages, population, and access to the road network.
2. Destinations. The same locations appear as destinations d when residents buy
delivered agricultural varieties. Destination expenditure is local income, not an
exogenous market shifter.
3. Routes. Each origin—destination link can be served through several alternative
corridors. These routes differ in travel time, road quality, geography, and the

crime exposure encountered along the way:.



Agents. There are three types of agents. First, competitive agricultural producers in
origin o produce good k using labor and land. Second, transport intermediaries buy
goods at the farm gate and deliver them to destination locations. Third, residents in
each destination location aggregate delivered origin varieties through CES demand.
The model also keeps track of local income, cost of living, and population, which are

the objects needed to compute real-income welfare.

Within-period sequence. Within each period ¢, producers choose inputs and sup-
ply output at the farm gate, intermediaries organize delivery from each origin to each
destination through the road network, residents spend local income on tradables and

non-tradables, and local wages, prices, and population adjust to clear markets.

3.2 Production

Technology. Origin o produces good k under constant returns to scale with labor and
tixed land:

B\ LH
Yy, = Al <L§t> <H§> , (1)
where Ak, is productivity, L, is labor employed in that crop and origin, HY is fixed
agricultural land, and y € (0, 1) is the labor share.

Factor prices and unit cost. Under perfect competition, producers sell at unit cost.
Let w,¢ denote the local wage and let 7X, denote the rental price of land used in origin o

and crop k. Cost minimization implies the unit production cost

I—p

I3 k

= () (1) @
‘40t V 1'__V

The farm-gate cost is increasing in wages and land rents and decreasing in produc-
tivity. Because land is fixed, origins with scarcer effective land face higher marginal

cost.

3.3 Transport Intermediation and Route-Level Trade Costs

The role of intermediaries. For each origin—destination pair (0,d) and good k, a
transport intermediary buys the good at the farm-gate cost ck, and delivers it to des-

tination d. The intermediary does not take the road network as a black box. Instead,
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it faces an explicit routing problem: different corridors imply different delivery costs
because they differ in physical difficulty and in exposure to crime.

Route-specific generalized shipping cost. Each route r € R,; is characterized by
route-specific crime exposure «,4,+. This scalar object summarizes the insecurity faced
along corridor r in period t and is taken as primitive in the model. The intermediary’s
route-level generalized cost has two parts: a non-crime component that reflects travel
time and other predictable shipping difficulty, and a crime component that could cap-
ture, for example, extortion, robbery risk, and defensive expenditures. We write

Sodrt = J Eodr + (P Kodrts (3)

where /,;, captures time-invariant route characteristics such as travel time, distance, or
infrastructure quality, and § > 0 is the elasticity of trade costs with respect to non-crime
route difficulty. The parameter ¢ > 0 is the semi-elasticity of the transport wedge with
respect to route crime.

Route-level transport wedge. The generalized shipping cost induces a route-specific
cost-equivalent ad valorem wedge

Todrt = exp(égodr + (P Kodrt) . (4)

This wedge is the object that enters delivered marginal cost. It should be interpreted
as a price-equivalent shipping multiplier: it summarizes all per-unit route-specific de-
livery frictions in one term, including distance, fuel, labor, maintenance, security costs,
delay, and crime risk. When ¢,;, = 0 and «,4+ = O, the route is frictionless and

Todrt = 1.

The intermediary’s shipping problem. To deliver one effective unit from origin o to
destination 4 in period ¢, the intermediary combines route-specific shipping services.
Let x,4,; denote the amount of route-r shipping service used. The intermediary solves
the unit-cost problem

4
=
Todt = MmN Z TodrtXodrt  S-t. Z Nodr (Xodrt) ¢ >1, 5)

{xodrt}reRDd VGRod reRod
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where 1,4, > 0is a route quality weight and { > 1 is the elasticity of substitution across
route services. This problem is best interpreted as the aggregate representation of a
continuum of intermediaries with heterogeneous operational fit across routes. Some
shipments use one corridor, others use another, and the aggregate delivery technology
summarizes that allocation in a tractable way.

Bilateral trade cost. The dual of the shipping problem is the origin—destination de-
livery wedge
7
Todt = [ Z Hodr (Todrt)l_él . (6)
r€R o4

This is the reduced-form bilateral trade cost that enters the rest of the model. Impor-

tantly, it is not assumed directly. It is generated by the intermediary’s routing problem.

Route shares. Conditional on serving the origin—destination pair, the share of ship-
ping service allocated to route r is

1-¢
T,
Wodrt = Nodr ( odrt) . (7)

Todt

Routes with lower crime and lower physical difficulty attract more traffic. The parame-
ter { governs how easily intermediaries can reallocate across corridors. When ( is high,
traffic diverts strongly toward safer or faster routes. When  is low, the intermediary
is effectively captive to the available network.

Delivered marginal cost and price. Once the shipping problem is solved, the deliv-
ered marginal cost of one unit of good k from origin o to destination d in period ¢ is
simply

k k
MmCyq1 = Cot * Todt- (8)

If the intermediary sector is competitive, the delivered price equals delivered marginal
cost. More generally, under isoelastic demand the intermediary charges a constant
product-specific markup #¥ > 1, so that

pha = uk el Toar. 9)

12



This is the key object that links route-level crime to delivered prices. Taking logs gives
ko _ k k
In Poar = In B+ In Cot T In 7pg. (10)

Thus, any empirical delivered-price regression must absorb origin-product-time pro-
duction costs and isolate the part of the bilateral delivery wedge that varies with route

crime.

3.4 Demand and Price Aggregation

Origin aggregation. Destinations combine origin varieties through an Armington
CES structure. For each good k, the expenditure share of destination d on origin o
is

1-o0

k v [ Pha e K kK (k \'77
Sodt = Pod (;k ) ’ Pdt = [Zﬁod (podt> ] ’ (11)
dt 0

where S’;dt is the expenditure share of origin o in destination d for good k, ,B’; ; is an
origin preference or quality shifter, and ¢ > 1 is the elasticity of substitution across

origins.

Goods aggregation. At the top tier, destinations aggregate across agricultural goods:

1

P} = l;a’; (Pé‘t)l_p] - (12)

where ocg is the taste weight on good k and p > 1 is the elasticity of substitution across

goods.

Expenditure and trade flows. Let I; denote total income in destination location d

and let a denote the expenditure share on tradables. Tradable expenditure is
EL = aly. (13)

In the shipping-only benchmark used for the first counterfactual, there are no non-
tradables or land-rent feedbacks, so local income is labor income and Eth = Wy Ly
More generally, I;; includes all local factor income, including land rents when the fixed
factor is active.

13



Let s’é ; be the expenditure share of good k in destination d,

pEN '
s’(}t = oc]; (P—th> . (14)

Nominal expenditure by destination d on good k from origin o is then

k k kT
Xoat = SoarSarEar- (15)

This is the object that closes the goods market and links destination income to origin

revenues.

3.5 Additional Equilibrium Blocks

Non-tradable sector. Each location also has a non-tradable sector such as local ser-
vices, storage, and housing. For an origin o, output is produced with labor and a fixed

factor: -
Yo = AN (L) A (16)
where ANT is non-tradable productivity, LNT is labor in the local sector, and H, is fixed

non-tradable land or space. The associated non-tradable price is denoted pNT.

Cost of living. Residents consume tradables and non-tradables. Let P, denote the
tradable price index relevant for households in origin o, and let &« € (0,1) be the ex-
penditure share on tradables. The local cost-of-living index is

P = (P1)" ()" a7)

Population. Population can respond to real income and local amenities. Let By de-
note the amenity level of origin o, P, its cost-of-living index, and v > 0 the mobility

parameter. A convenient reduced-form expression for the population allocation is

- /B v
Lot < Ty ( (;;Zl:ot) ’ (18)
0

where T, is an exogenous location weight. When v is small, migration is sluggish and
population is nearly fixed. When v is large, people reallocate more strongly toward
high-real-wage, high-amenity locations.
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3.6 Route Crime

Benchmark channel. In the main specification, crime affects the economy by raising
route-specific shipping costs. The crime object is the route exposure x4+ in Eq. (4).
Holding non-crime distance and route quality fixed, higher «,;,; raises the route trans-
port wedge 7,4, shifts traffic across available corridors through Eq. (7), and raises the
bilateral delivery wedge T,4; through Eq. (6).

This channel maps directly into delivered prices. For any good k, route crime in-
creases the delivered marginal cost in Eq. (8) and therefore the delivered price in Eq. (9).
Destinations then substitute across origins and goods according to the CES demand
system. In general equilibrium, these price changes feed back into local revenues,

wages, destination expenditure, and real-income welfare.

Scope. The benchmark focuses on the route-shipping channel because it is the chan-
nel most directly connected to the empirical price and firm-cost evidence. Appendix A

records model extensions that are not used in the current quantitative exercise.

3.7 Equilibrium and Benchmark Cases

Equilibrium. Given route characteristics, land endowments, demand shifters, and
baseline local fundamentals, a competitive equilibrium in each period consists of agri-
cultural labor allocations, wages, non-tradable prices, bilateral trade costs, route shares,
delivered prices, destination price indices, income, expenditure, and population levels
such that:

1. producers minimize costs and sell at unit cost,

2. intermediaries solve the shipping problem in Eq. (5),

3. residents allocate expenditure according to the CES demand system,

4. destination tradable expenditure equals local tradable income under balanced

trade,

5. labor, land, and goods markets clear, and

6. population satisfies the mobility condition in Eq. (18).

The key balanced-trade restriction is that destination expenditure is generated in-
side the model. In the benchmark with fixed population, no non-tradables, and labor-

only agricultural production,

El, =wula,  wotLot = Y Xy (19)
dk
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With land or non-tradables active, the same logic applies using total local factor income
rather than labor income alone. Appendix B derives the closure and the wage fixed

point in detail.

A useful benchmark. The quantitative benchmark isolates the route-shipping chan-
nel. Population is fixed, non-tradables are inactive, and crime enters only through the
intermediary shipping wedge in Eq. (4). This benchmark is the version we calibrate

below and use for the first counterfactual.

4 Data

We combine firm surveys, wholesale price records, agricultural production data, mu-
nicipal crime data, and the road network. The firm data identify how transport inter-
mediaries respond when their shipment portfolios become more exposed to crime. The
price data identify whether those route-level shocks also appear in delivered agricul-
tural prices. The remaining data sources locate production, destination markets, and

crime along the road corridors that connect them.

4.1 The EAT transport-firm panel

Our firm-level evidence comes from the confidential Encuesta Anual de Transportes (EAT),
which surveys land-transport firms in SCIAN 48—49. The survey is organized into three
series, corresponding to the 2008, 2013, and 2018 questionnaire frames. We use the
linked EAT panel for the years in which firms can be merged to our route-level crime
measures. For each firm-year, EAT reports a rich set of operating outcomes, includ-
ing total revenue, total costs, fuel expenditures, insurance expenditures, employment,
total trips, total distance, total tons moved, total vehicles, and the total value shipped.
EAT is particularly useful for our setting because firms report their main origin-
destination (OD) markets and the revenue share associated with each one. Each firm
reports up to four top OD pairs. These reported revenue shares are the outer weights
that allow us to aggregate route-level crime exposure into a firm-level measure. Table 1
summarizes the coverage of the three series, while Table 2 reports the distribution of

the main firm outcomes used in the paper.
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Table 1: EAT Panel Coverage by Survey Series

Series First year Lastyear Firm-years Mean firms/year Max firms/year
Serie 2008 2015 2018 1,513 378 553
Serie 2013 2017 2021 1,696 424 424
Serie 2018 2021 2022 530 265 266

Notes: Coverage is computed from the EAT firm-year sample that can be matched to OD-
level crime exposure. Serie 2013 is our preferred subpanel because the number of firms is
constant across years.

Table 2: Selected Descriptive Statistics in the EAT Panel

Variable Observations Mean P25 Median P75
Total revenue 3,739 306,617 44,668 153,743 349,232
Shipping revenue 3,738 296,938 43,120 145,424 342,172
Total costs 3,739 180,855 26,643 92,373 212,618
Fuel expenditure 3,209 75,272 11,692 39,633 91,000
Insurance expenditure 3,721 6,553 309 2,768 7,633
Employment 3,739 211 29 100 257
Total vehicles 3,672 244 20 98 296
Total trips 3,316 31,387 3,646 12,096 32,292
Total distance 3,316 12,654,968 1,589,705 5,263,200 15,000,600
Total tons shipped 3,316 585,627 54,318 207,360 603,654
Value shipped 2,531 425,406 0 6,500 175,864

Notes: This table reports the pooled distribution of the main firm outcomes used in the
EAT analysis after constructing the firm-level route-crime exposure measure. Monetary
amounts are reported in the survey units used by EAT. All descriptive moments are
rounded to whole numbers. In the regression analysis we work with the logarithm of
these outcomes.

Our preferred estimating sample is Serie 2013. Relative to the other two frames,
it delivers the cleanest panel structure for a fixed-effects design: it covers four years,
from 2017 through 2021, and contains the same 424 firms in every year. By contrast,
Serie 2008 exhibits substantial changes in the number of observed firms over time, and
Serie 2018 covers only two years. We therefore treat Serie 2013 as the main subpanel
and use the pooled sample as a complement.

4.2 Crime and road network data

Our crime measures combine municipality-year outcomes from the Secretariado Ejec-
utivo del Sistema Nacional de Seguridad Publica (SESNSP) with the Mexican road net-
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work. The empirical crime bundle contains transporter robbery, extortion, and homi-
cide, measured at the municipality-year level over 2011-2025. These are the crimes
most closely connected to route security and the broader violence environment faced
by firms and shipments.

Figure 3 plots annual national totals for the bundle and for each individual crime.
As it can be seen, the aggregate bundle is relatively stable and at lower levels between
2011 and 2013, and then it increases towards the end of the decade. This is the temporal

variation that we will exploit, as we will explain in the following section.

a) Crime bundle b) Extortion

65,000
10,000

60,000

8,000
55,000

Annual incidents
Annual incidents

50,000
6,000

45,000

2011 2013 2015 2017 2019 2021 2023 2025 2011 2013 2015 2017 2019 2021 2023 2025
¢) Homicides d) Transport Robbery

45,000

12,000
40,000 10,000

8,000

Annual incidents
Annual incidents

35,000
6,000

2011 2013 2015 2017 2019 2021 2023 2025 2011 2013 2015 2017 2019 2021 2023 2025
Figure 3: Temporal variation of crime

Notes: The figure reports annual national incident totals for the crime measures used to con-
struct route-level exposure. Panel a reports the three-crime bundle; panel b reports extor-
tion; panel c reports homicide; and panel d reports transporter robbery. Sources: Secretariado
Ejecutivo del Sistema Nacional de Seguridad Publica (SESNSP), municipal criminal incidence
records.

Crime is far from uniform across space. Figure 4 maps municipalities by total in-
cidents per road kilometer over 2011-2025, separately for the crime bundle and for
each component. The distribution is highly uneven across space, with high-exposure
municipalities appearing mostly in central Mexico, around major metro areas such as
Monterrey and Mexico City, Sinaloa, and in border cities such as Tijuana and Mata-

moros.
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Figure 4: Municipality-level crime exposure per road kilometer, 2011-2025

Notes: Each panel reports total incidents over 2011-2025 divided by municipal road kilometers.
The crime bundle is the sum of transporter robbery, extortion, and homicide. Color scales are
panel-specific square-root scales capped at the 99th percentile to preserve within-panel varia-
tion in the presence of extreme values. Municipalities without valid road-kilometer denomi-
nators are shown in gray. Sources: Secretariado Ejecutivo del Sistema Nacional de Seguridad
Publica (SESNSP), municipal criminal incidence records; Red Nacional de Caminos; INEGI,
2010 municipal boundaries.

We construct feasible origin-destination routes between the markets reported by
EAT firms and between SIAP-weighted agricultural origins and the wholesale mar-
kets observed in SNIIM. The route construction uses the Red Nacional de Caminos
road network, keeping the geography fixed so that time variation in exposure comes
from crime rather than from changes in the road map. We then overlay municipality-
level crime outcomes on the municipalities traversed by each route to obtain route-year
measures for each crime type. This route-level panel is the raw input for the exposure
objects used in the empirical strategy. The next section describes how route-year crime
is aggregated into OD-level and firm-level exposure measures for the EAT and SNIIM

regressions.
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4.3 Enterprise victimization survey (ENVE)

The Encuesta Nacional de Victimizacion de Empresas (ENVE) is INEGI's enterprise victim-
ization survey. It records whether economic units were victims of crime, the types of
crimes they experienced, the number of incidents, whether incidents were reported to
authorities, direct monetary losses, and spending on prevention. ENVE is therefore
useful for measuring the firm-side costs of insecurity that do not appear in admin-
istrative crime records: extortion, theft, vehicle theft, theft of merchandise in transit,
prevention spending, and the large gap between crimes experienced and crimes re-
ported.

In the paper, ENVE plays a complementary role. Public ENVE aggregates motivate
the setting by showing that insecurity is widespread across Mexican firms and that
transport-relevant crimes are especially salient for larger firms. We also link ENVE to
EAT when firm identifiers allow it, which gives a smaller matched sample used to in-
terpret the EAT cost regressions: the match helps separate direct losses from preventive
spending and gives a scale for the crime costs reported by transport firms.

4.4 Wholesale prices and agricultural origins

SNIIM wholesale prices. Our price evidence comes from the Sistema Nacional de In-
formacion e Integracion de Mercados (SNIIM), which records wholesale prices for fruits
and vegetables in Mexican wholesale markets. Each quote identifies a product, com-
mercial presentation, origin, destination market, date, and reported price. The cleaned
daily file contains about 15 million price observations from January 2000 through Febru-
ary 2026, covering 222 products and 60 destination markets. For the empirical price ex-
ercise, we use the frequent wholesale price and aggregate the daily records to product-
presentation—origin—destination monthly cells. The yearly panel used in the main price
table then averages monthly log prices within product-origin—destination—year cells
and averages product varieties within the same crop so that the price outcome has the
same crop—origin—destination—year grain as the route-crime exposure.

Figure 5 illustrates the time-series variation in four high-coverage products after
removing broad seasonal and annual movements. The residual price series show that
there remains substantial within-route variation once common calendar-month and
year means are removed. Appendix Figure 9 summarizes the same residual variation
across destination markets over time, which is useful for assessing whether price gaps
across markets are stable or widen in periods when transport conditions deteriorate.

An interesting fact across these two figures is that dispersion of prices seems to
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increase over time, and particularly after 2010. This increase in dispersion coincides
with the rise in crime during the 2010 decade. This is of course not causal evidence,
but a useful fact to recall when identifying more formally the effect of crime on prices

in the following section.
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Figure 5: Residual wholesale price series for selected SNIIM products

Notes: Each panel plots monthly residual frequent wholesale prices for one product. Lines
correspond to the three origin—destination pairs with the most observations for that product.
Residual prices remove product-specific calendar-month and year means and add back the
product mean. Prices are nominal Mexican pesos per kilogram.

Two features of SNIIM matter for the design. First, destinations are specific whole-
sale markets, not just states, so we keep destination markets distinct when building
routes and estimating price regressions. Second, SNIIM origins are reported as origin
states or origin labels, not as precise farm municipalities. This means that SNIIM can
identify the state from which a product is shipped, but an additional production source

is needed to locate the relevant origin within that state.

Agricultural production (SIAP). We use the Cierre de la Produccién Agricola from SIAP
to locate agricultural production within SNIIM origin states. SIAP reports annual
municipality-level production by crop for Mexico. We map SNIIM product names to
SIAP crop names; the matched set contains 22 SIAP crops, including the main fruits
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and vegetables used in the price exercise. These data enter the paper in two ways.
First, production-weighted crop-state centroids provide geographic origin points for
routing SNIIM shipments through the road network. Second, municipality shares of
state-crop production provide the weights used to aggregate municipality-level route
exposure into state-origin by destination-market by crop exposure.

The production weights are predetermined relative to the crime variation used in
the price regressions. We use pre-Calderén production geography to construct static
crop-state centroids and use the 2005 SIAP distribution to compute the municipality
shares. This is important because the weights should describe where production was
located before the rise in violence, rather than allowing the origin weights themselves
to adjust to later crime shocks. Figure 6 summarizes this concentration. For most
matched crops, production within a state is concentrated enough that a production-
weighted origin is informative, and the leading production municipalities are rela-

tively stable over time.
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Figure 6: Within-state concentration of SIAP production

Notes: Bars show the production-weighted share of state-crop output produced by the largest
one, three, or five municipalities within each producing state for selected matched crops. Shares
are computed from 2005-2006 municipal production and averaged across producing states us-
ing state-crop production as weights. The dashed vertical line marks 50 percent of state pro-
duction.
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5 Empirical Strategy

The model provides the empirical roadmap for the paper. It says that crime matters
because goods are moved through routes, not because they originate or end in a single
place. That route-based logic leads to two empirical questions. First, do transport firms
whose shipment portfolios are more exposed to crime experience higher costs and ad-
just their operations? Second, do destination markets reached through more crime-
exposed corridors face higher wholesale prices? We organize the empirical strategy
around those two questions.

The regressions below should be read as model-guided empirical tests rather than
as exact estimating equations for every structural parameter. The model disciplines
the exposure measure, the relevant margins, and the sign predictions. We then use the

estimated magnitudes as inputs and moments for the quantitative calibration.

5.1 Measuring Exposure to Crime

A route-based notion of exposure. In the model, what matters for trade is not only
crime at the endpoint locations, but crime encountered along the corridor that con-
nects the origin and the destination. Our empirical exposure measure follows that
logic. Firms ship across space, pass through multiple municipalities, and can often use
more than one feasible route between the same origin and destination. Exposure to
crime should therefore be measured at the route level and then aggregated up using
the geography of the shipment.

Route-level crime intensity. For each route r connecting origin o to destination d, we
compute route-level exposure as the average crime intensity across the interior munic-
ipalities traversed by that route:
1
Kodrt = ‘Mint v Z OPmt, (20)

odr mgMéZ]ty

where p;;; is the municipality-year crime bundle, standardized by road kilometers,
and M;’Zfr denotes the set of interior municipalities on route r. This is the empirical
counterpart of the scalar route-level crime object in the model.

Figure 7 illustrates the spatial viaration of crime across different route alternatives
from selected origins. For example, focusing on panel c) Monterrey, it can be seen that
a firm that ships from Monterrey to Guadalajara or Ciudad de Mexico is subtantially
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more exposed to crime relative to shipping to Ciudad Juarez in the North. At the same
time, route alternatives matter. If a firm ships from Tijuana, as in panel d), it will not
have many alternatives to ship to Ciudad Juarez or Monterrey as it has available only
single major roads. As a result, this firm will be heavily exposed to changes in crime
that occur along its only way.
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Figure 7: Route alternatives and crime exposure for selected origins

Notes: Each panel displays road-network route alternatives from the origin municipality named
in the panel to eight wholesale-market destinations: Tijuana, Ciudad Juarez, Mexico City,
Guadalajara, Monterrey, Cancun, Villahermosa, and Merida. Routes are colored by average
crime exposure over 2011-2025, measured as the three-crime bundle per kilometer along the
route. The color scale is capped at the 95th percentile across these example routes. Line width
increases with inverse-time route share; triangles mark destination markets and filled circles
mark origins.

From route-level crime to OD exposure. Most origin-destination pairs have several
feasible routes. Because realized route choice is not observed directly in all of our

datasets, we approximate the relative importance of each feasible corridor using pre-
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determined route weights. In the baseline, w4, is the inverse-travel-time share of route
r within the OD-specific route set. For each route we compute a baseline-relative crime

shift,
_ Kodrt — Kodr,2011-2013 1)

gOth - _ ’
Kodr,2011-2013

and aggregate across feasible routes:

Kodt = Z Wodr * Sodrt- (22)
T’ERGd

This OD-level exposure index captures both where crime is located and how relevant
each corridor is for moving goods between that origin and destination.

Identification and the shift-share exposure design. Our route-crime measure has the
structure of a shift-share exposure design. In the jargon of Goldsmith-Pinkham et al.
(2020) and Borusyak et al. (2025), the object in equation (22) is a weighted average of
crime shifts, where the shares w,;, are predetermined route weights and the shifts g,;,+
are changes in crime exposure along each feasible corridor. The shift-share literature,
in sum, establishes that in order for the instrument to be valid, we need that either
the shares or the shifts are exogenous. We interpret our identifying variation primarily
through the share-exogeneity logic emphasized by this literature.

The shares are not chosen as a function of contemporaneous crime, prices, or firm
outcomes; they are engineering features of the road network, determined by feasible
route paths and inverse driving time. Moreover, they are tailored to the treatment:
they measure precisely the extent to which an origin—destination pair is mechanically
exposed to crime while goods are in transit, rather than a generic measure of market
size, distance, or local economic activity. The identifying comparison is therefore be-
tween otherwise similar shipment relationships whose predetermined road geography
exposes them differentially to subsequent changes in crime along transport corridors.

The shifts are less naturally viewed as fully as-good-as-random municipality-level
shocks. Crime may respond to broader local conditions and to the value of economic
activity on some corridors. For this reason, we construct shifts as changes relative to
the 2011-2013 baseline, a period in which the relevant road-crime measures were com-
paratively low and stable. This removes persistent differences in crime levels across
corridors and focuses the variation on the sharp post-baseline increase in insecurity.
Under our preferred interpretation, the exclusion restriction is that, conditional on the
tixed effects and controls in the estimating equation, origin—destination pairs, firms, or
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destination markets with different predetermined route shares would not have expe-
rienced systematically different changes in costs or prices absent the subsequent crime

increases along those routes.

5.2 Effects of Crime on Transport Firms

Using the model as a guide. Inthe model, 7,4 is a reduced-form ad valorem shipping
wedge. It summarizes the per-unit frictions faced when serving an origin—-destination
pair, including distance, fuel, labor, maintenance, security costs, delay, and crime risk.
Because route crime raises this wedge, the model predicts that firms serving more ex-
posed OD pairs should experience changes in outcomes that move with shipping fric-
tions. We therefore begin with the firm data, where the route-cost mechanism is most

direct.

Firm-level exposure. EAT reports each firm’s main origin-destination markets to-
gether with their revenue shares. We use those shares to aggregate OD-level crime

exposure into a firm-level Bartik-style index:

L Weogy Kod

. Oder,t
Bf A Yy ’ (23)
fod,t
Oder,t

where M is the subset of the firm’s reported OD pairs that matches to the route-
level crime files. This exposure measure asks whether firms whose commercial geog-
raphy places more weight on crime-exposed corridors experience different outcomes
than otherwise similar firms. It is the firm-level analogue of the model’s route-crime
wedge: the same OD exposure k,,; that shifts 7,4 is averaged over the firm’s reported

shipment portfolio.

Firm-level specification. Our baseline firm-level specification is
h’lYf/t:D(f—l—lxt—l—‘B'Bf/t—f—Ef,t, (24)

where « fare firm fixed effects that control for time-invariant characteristics of the firm,
and «; are year fixed effects that control for economy-wide conditions. We estimate this
equation for total operating costs, fuel expenditure, insurance expenditure, total trips,
total distance, employment, revenue, and shipped value.
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We do not treat the EAT regression as a full structural estimation of the model.
Instead, it is the first reduced-form test of the mechanism emphasized by the theory.
For cost-side outcomes, 3 is the empirical counterpart of ¢: it measures how strongly
observed firm costs respond to the same route-crime variation that shifts 7,4 in the
model. If crime operates through the route-cost channel, then g should be positive for
outcomes such as total costs, fuel, and distance. For activity outcomes such as revenue
or shipped value, the sign is theoretically more ambiguous because firms may pass
costs through, reroute, or shrink activity.

5.3 Effects of Crime on Wholesale Prices

The second implication of the model is that higher shipping costs should not remain
confined to the balance sheet of transport firms. In the origin—destination version of the
model, the delivered wholesale price of product k shipped from origin o to destination
d in year t is

P (I;d,t = Vlfclét"fod,t/ (25)

where ck, is the origin—product-time farm-gate cost and 7,4 is the bilateral transport

wedge generated by the route network. Taking logs gives
In Pé‘d,t =Inpk +1Inck; +Inyy,. (26)

Thus, the model says that delivered wholesale prices vary because of origin-specific
production costs and because of bilateral transport costs. The empirical price regres-
sion must therefore control for origin—product-time production costs and isolate the
component of the bilateral transport wedge that varies with crime exposure along the
routes connecting o and d.

Mapping route crime into the transport wedge. The model’s routing problem im-
plies that the OD transport wedge is an aggregate of route-specific wedges. Let %,z
denote crime exposure along route r between origin o and destination d in year t. A

tirst-order approximation to the route aggregator around baseline route shares gives

Aln Todt = Qb Z Wodr,0 AKodrt/ (27)

r€R o4

where w4, ¢ is the baseline importance of route r in the OD transport wedge and ¢ is
the semi-elasticity of route costs with respect to crime exposure.
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Equation (27) is a change equation. Combining it with Eq. (26) gives

AInPY, ~ Alncli+¢ Y wour o Acoun. (28)
r€Roa

Define the scalar OD crime exposure bundle as

Kodt = Z Wodr,0 AKodrt- (29)
VERod

Then the model implies that changes in delivered wholesale prices are proportional
to changes in route-share-weighted crime exposure, after accounting for changes in
origin—product production costs. The same approximation can be written in levels

once the exposure measure is normalized relative to a baseline period. In particular,
In Todt = /\od + (PKod,tr (30)

where A,; absorbs the baseline OD transport wedge and all time-invariant route char-
acteristics, including distance, road quality, and geography. Substituting Eq. (30) into
Eq. (26) yields the levels counterpart of the model-implied price equation:

0

In Pkd,t ~ In c’o‘t + Apd + PKoq ¢ + constant. (31)

Price regression. Guided by Eq. (31), our the model-implied wholesale-price specifi-
cation is
In Py = 0oat + 5 + P + Aod + €6 (32)

where Pé‘d,t is the observed SNIIM wholesale price for good k shipped from origin o
to destination market d, and «,;; is the scalar route-share-weighted crime exposure
bundle for that OD pair. The coefficient 6 is the price pass-through of route crime
exposure into delivered wholesale prices.

The fixed effects in Eq. (32) come directly from the price equation. The origin-

k

product-year fixed effects aX, absorb the farm-gate cost term Inck,,

including origin-
specific productivity, wages, land rents, harvest shocks, and source-side crime that
affects production. The destination—product-year fixed effects 1 absorb product-
specific wholesale-market shocks at the destination, such as local demand, storage and
handling conditions. The origin—destination—product fixed effects A,; absorb perma-
nent bilateral heterogeneity, including distance and road quality. Identification there-

fore comes from changes over time in route-level crime exposure within the same OD-
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product cell, after comparing only variation that is not explained by origin—product-
year or destination-product-year shocks.

An alternative specification that we run is

InPY,, = Oy +af +¢f + AF+ €5, (33)

where variation comes from relative prices from the same good across different des-
tinations, rather than within an origin-destination pair. This specification effectively
compares, for example, the price of an avocado from Michoacan delivered at Mexico
City relative to Guadalajara at a given point in time, controling for origin-crop and

destination—crop time-invariant characteristics.

6 Results

This section presents three sets of evidence. We first use the EAT firm panel to test
whether route-crime exposure appears in transport firms’ operating costs and activity.
We then use SNIIM wholesale prices to ask whether the same exposure is reflected
in delivered agricultural prices. Finally, we use the matched EAT-ENVE sample to
describe the direct burden of victimization and prevention spending among transport

firms.

6.1 Firm-level evidence from EAT

The firm-level regressions estimate Eq. (24): log firm outcomes are regressed on firm-
level route-crime exposure, with firm and year fixed effects. The preferred sample is
EAT Serie 2013. As discussed in Section 4, this is the cleanest subpanel for a within-
tirm design because it follows a stable set of firms over 2017-2021. Appendix D reports

analogous results using the pooled EAT sample.
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Table 3: Firm-level EAT regressions: Series 2013, cost outcomes

Log total Log fuel Log insurance
costs expense expense
O] 2 ®) 4) ©) (6) @) ®) ©) (10) (11) (12)
Transporter-robbery _y s+ -0.00004** -0.00000
exposure
(0.00001) (0.00001) (0.00002)
Extortion exposure 0.00439*** 0.00659*** 0.00096
(0.00062) (0.00101) (0.00197)
Homicide exposure 0.09660** 0.06475 -0.08916
(0.04552) (0.05947) (0.18326)
Crime exposure 0.02855** 0.02400* 0.00265
(0.01178) (0.01429) (0.03774)
Observations 775 800 805 805 775 800 805 805 696 715 720 720
Firm FE v v v v v v v v v v v v
Year FE v v v v v v v v v v v v
Firm IDs 303 314 314 314 303 314 314 314 278 287 287 287
Years 4 4 4 4 4 4 4 4 4 4 4 4

Notes: Each column is a separate firm-level regression with firm and year fixed effects; only the row for the exposure included
in that column is populated. The displayed regressors are firm-year crime exposure measures built in the INEGI lab by merging
each firm’s reported top origin-destination revenue shares to OD-year route-crime exposure, then averaging over matched OD
pairs and renormalizing over the matched share. OD-year route exposure is based on municipal crimes normalized by road
kilometers along the relevant routes and expressed as a percent-change-from-base shift. The single-crime rows report transporter
robbery, extortion, and homicide exposures; the bundled row reports the crime-bundle exposure available in the frozen lab return.
Standard errors in parentheses are clustered at the firm-series level. All numeric coefficient and standard-error entries are reported
to five decimals. *p < 0.10, **p < 0.05, ***p < 0.01.

Table 3 reports the cost-side results. The clearest and most stable pattern comes
from extortion exposure. A one-unit increase in extortion exposure-that is, a 100 per-
cent increase relative to the baseline exposure index—is associated with a 0.00439 in-
crease in log total costs and a 0.00659 increase in log fuel expenses. Both coefficients
are statistically significant at the one percent level. The implied magnitudes are mod-
est, about 0.4 and 0.7 percent, respectively, but they are precisely estimated and lie on
the margins most directly connected to the model’s route-shipping channel. By con-
trast, the insurance coefficient is small and not statistically significant, suggesting that
the observed adjustment is not mainly an insurance-premium response.

The other crime measures point in the same broad direction although unevenly.
Homicide exposure is positive and statistically significant for total costs, with a co-
efficient of 0.09660, but it is not significant for fuel or insurance. The bundled crime
exposure is positive for total costs and fuel expenses, with coefficients of 0.02855 and
0.02400, significant at the five and ten percent levels, respectively; the insurance esti-
mate is again small and insignificant. Thus, the cost table supports the central claim
of the paper: crime exposure raises transport operating costs. The evidence is driven
most cleanly by extortion and, secondarily, by the bundled measure, rather than by
every crime category.

A separate caveat applies to transporter-robbery exposure. In 2018, transporter rob-

bery was recoded from a local to a federal crime category. In our municipal series, this
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institutional change appears to generate an artificial decline in municipal transporter-
robbery counts after 2018. Because our exposure measure relies on municipality-year
crime counts, the transporter-robbery coefficients are contaminated by this reporting
break. We therefore report them for transparency, but we do not interpret them as ev-
idence for the main mechanism. This is especially important because the significant
cost coefficients are economically tiny and have the opposite sign from the route-cost

channel.

Table 4: Firm-level EAT regressions: Series 2013, shipment and activity outcomes

Log shipped Log total Log total Log total
value distance trips tons
(1) () (3) 4) ) (6) (7) ®) 9) (10) (11) (12) (13) (14) (15) (16)
Transporter-robbery _, oqq -0.00015°"* -0.00001 -0.00003
exposure
(0.00002) (0.00001) (0.00001) (0.00002)
Extortion exposure -0.01565** 0.00637*** 0.00579*** -0.01152%**
(0.00645) (0.00193) (0.00164) (0.00346)
Homicide exposure 0.00256 0.09133 -0.07391 0.19021*
(0.32725) (0.08879) (0.08060) (0.09923)
Crime exposure -0.07496 0.01358 0.03003 0.08424**
(0.08265) (0.02772) (0.02988) (0.03365)
Observations 505 525 529 529 775 800 805 805 775 800 805 805 775 800 805 805
Firm FE v v v v v v v v v v v v v v v v
Year FE v v v v v v v v v v v v v v v v
Firm IDs 236 244 245 245 303 314 314 314 303 314 314 314 303 314 314 314
Years 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4

Notes: Each column is a separate firm-level regression with firm and year fixed effects; only the row for the exposure included
in that column is populated. The displayed regressors are firm-year crime exposure measures built in the INEGI lab by merging
each firm’s reported top origin-destination revenue shares to OD-year route-crime exposure, then averaging over matched OD
pairs and renormalizing over the matched share. OD-year route exposure is based on municipal crimes normalized by road
kilometers along the relevant routes and expressed as a percent-change-from-base shift. The single-crime rows report transporter
robbery, extortion, and homicide exposures; the bundled row reports the crime-bundle exposure available in the frozen lab return.
Standard errors in parentheses are clustered at the firm-series level. All numeric coefficient and standard-error entries are reported
to five decimals. *p < 0.10, **p < 0.05, ***p < 0.01.

Table 4 shows how firms adjust on shipment and operating margins. Extortion
again provides the most coherent pattern. A 100 percent increase in extortion expo-
sure is associated with lower shipped value, higher total distance, more trips, and
lower tons shipped. These estimates are consistent with the interpretation that extor-
tion raises the cost of serving exposed shipment portfolios: firms travel farther and
complete more trips, while the value and tonnage moved through those portfolios fall.
This combination is consistent with a story of rerouting, fragmentation of shipments,
delays, or reduced service on exposed corridors.

The remaining activity estimates are less systematic. Homicide exposure is impre-
cise for shipped value, distance, and trips, and positive for total tons at the ten percent
level. The bundled crime exposure is positive and statistically significant only for total
tons; its effects on shipped value, distance, and trips are not statistically significant.
Transporter robbery again delivers very small coefficients, with a significant negative
estimate only for total distance, and should be interpreted cautiously for the reporting

reasons described above. Taken together, Tables 3 and 4 indicate that the firm-level
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evidence is not a generic “crime increases everything” result. It is a cost-side and
operations-side pattern, with extortion as the crime category that most clearly maps

into the transport-cost mechanism.

Table 5: Yearly crop-level price regressions: crime exposure

Log price
1) 2 ©) 4 ®) (6) @) ®)
Transporter-robbery 0.00001 0.00016***
exposure
(0.00001) (0.00005)
Extortion exposure 0.00060 0.00278
(0.00185) (0.00357)
Homicide exposure 0.01127** 0.00703
(0.00524) (0.00889)
Crime exposure 0.01186** 0.00596
(0.00490) (0.00732)

Observations 20,419 21,503 21,708 21,708 20,419 21,503 21,708 21,708
Outcome mean (log price) 2.488 2.483 2.487 2.487 2.488 2.483 2.487 2.487
Crop x year FE v v v v
Origin x crop FE v v v v
Destination x crop FE v v v v
Origin x crop x year FE v v v v
Destination x crop x year FE v v v v
OD pair FE v v v v
Two-way cluster SE O,D O,D O,D O,D O,D O,D O,D O,D

Notes: The dependent variable is the yearly mean of monthly log SNIIM modal wholesale prices, collapsed to crop-origin-
destination-year cells by first averaging monthly log prices at the product-origin-destination-year level and then averaging across
product varieties within crop-origin-destination-year cells. Exposure variables are yearly percent-change flownet route exposures
relative to the 2011-2012 annual route-level base. At the OD-year level, monthly SESNSP crimes are summed to municipality-year
cells, normalized by municipal road kilometers, averaged over the interior municipalities crossed by each route, and aggregated
across alternative routes with inverse travel-time weights. The crop-state-origin bridge uses SIAP production shares to average
municipality-origin OD exposure to SNIIM crop-origin-state cells. Each column is a separate OLS regression; only the row for
the exposure included in that column is populated. Standard errors in parentheses are clustered two-way by origin state and
destination market. *p < 0.10, **p < 0.05, ***p < 0.01.

6.2 Wholesale price evidence from SNIIM

We next ask whether route-level crime exposure is reflected in wholesale agricultural
prices. The SNIIM regressions use a crop—origin—destination—year panel constructed
by averaging monthly log modal prices and then averaging across product varieties
within crop cells. The table reports two fixed-effect designs. Columns (1)—(4) include
crop-year, origin-crop, and destination-crop fixed effects. This specification exploits
cross-destination price variation in SNIIM: intuitively, it compares the price of the
same crop from a given producing origin across different destination markets that
are reached through corridors with different crime exposure, while absorbing com-

mon crop-year shocks and permanent origin-crop and destination-crop differences.
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Columns (5)—(8) are more demanding. They add origin-crop-year fixed effects, destination-
crop-year fixed effects, and OD-pair fixed effects, so identification comes from changes
in route exposure within OD pairs after absorbing origin-side supply shocks, destination-
side demand shocks, and permanent corridor characteristics.

Table 5 shows that the price evidence is positive but noisier than the firm-level
evidence. In the cross-destination specification, homicide exposure and the bundled
crime exposure are positive and statistically significant at the five percent level, with
coefficients of 0.01127 and 0.01186. These magnitudes imply that a 100 percent increase
in exposure is associated with roughly 1.1-1.2 percent higher wholesale prices. Extor-
tion exposure is small and statistically insignificant in this price table, and transporter-
robbery exposure is essentially zero in the same fixed-effect design.

The saturated specifications in columns (5)—(8) point in the same direction but with
less precision. The bundled coefficient falls to 0.00596 and is not statistically signifi-
cant; homicide remains positive but insignificant; and extortion remains positive but
imprecise. Transporter-robbery exposure is positive and statistically significant in col-
umn (5), but the coefficient is only 0.00016. Given both the small magnitude and the
reporting break in transporter robbery after 2018, this estimate is not central to our in-
terpretation. We therefore read the SNIIM evidence as suggestive pass-through from
route crime exposure to delivered prices, strongest in the across-destination variation
emphasized by the data. Given the estimates, we conclude that there is a noisy crime-

to-price pass-through with an elasticity between the range 0.6% and 1.2%.

6.3 Matched EAT-ENVE evidence

In addition to the reduced-form analysis, we provide complementary descriptive ev-
idence of how crime affects firms. We do so by analyzing a subset of transportation
firms that appear in both the transport EAT and victimization EAT surveys. While
the EAT reveals how exposure is associated with operating outcomes, ENVE records
whether the firm suffered any type of crime and the direct economic burden of vic-
timization and prevention. The matched EAT-ENVE sample contains 237 firm-year
observations corresponding to 154 firms. Of those firms, 84 report at least one targeted
crime and 70 do not, so 54.5 percent of matched firms are victimized.

Table 6 reports the ENVE descriptive statistics for the matched sample. The avail-
able ratio summaries are reported for victimized matched firms, which makes the table
especially useful for quantifying the intensive margin of crime costs. The distributions

are highly right-skewed. Among victimized firms, average targeted losses are 2.82 mil-
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lion, average prevention spending is 1.03 million, and average total crime cost reaches
3.90 million. Medians are much smaller, which indicates that the burden is concen-

trated in the upper tail rather than spread evenly across firms.

Table 6: ENVE matched sample: victimization, losses, and prevention

Metric Firms Mean Median Min Max P25 P75
Panel A. Victimization and incidents

Victim extortion (%) 82 16 0 0 100 0 0
Victim goods in transit (%) 84 53 100 0 100 0 100
Victim vehicle theft (%) 82 84 100 0 100 100 100
Number of extortion incidents 14 3 1 1 12 1 3
Number of goods-in-transit incidents 49 2 1 1 19 1 2
Number of vehicle theft incidents 68 3 2 1 24 1 3
Panel B. Economic losses

Conservative targeted losses (MXN) 60 3,216,695 1,800,000 10,000 22,000,000 600,000 3,000,000
Total targeted losses (MXN) 69 2,816,202 1,000,000 0 22,000,000 277,500 2,850,000
Goods-transit proxy losses (MXN) 47 8,155 0 0 295,000 0 0
Vehicle theft losses (MXN) 60 3,216,695 1,800,000 10,000 22,000,000 600,000 3,000,000
Losses / total costs (%) 69 113 1 0 9,231 0 2
Losses / total revenue (%) 69 58 1 0 4,800 0 1
Panel C. Prevention spending

Prevention spending (MXN) 67 1,028,642 250,000 10,000 30,000,000 80,000 500,001
Prevention / total costs (%) 67 34 0 0 2,769 0 1
Prevention / total revenue (%) 67 18 0 0 1,440 0 0

Panel D. Total crime burden

Total crime cost (losses + prevention, MXN) 56 3,901,903 2,000,000 18,000 30,085,000 591,250 4,196,250
Total crime cost / total costs (%) 56 174 1 0 12,000 0 3
Total crime cost / total revenue (%) 56 90 1 0 6,240 0 3

Notes: The table summarizes firms observed in both the EAT transport survey and the ENVE victimization survey, separately
for firms reporting a crime and firms not reporting a crime. Rows are grouped into victimization and incident counts, economic
losses, prevention spending, and total crime burden. Columns report the number of firms represented in each row and the mean,
median, minimum, maximum, 25th percentile, and 75th percentile of the row variable. Monetary variables are in Mexican pesos.
Victimization indicators and ratios to total costs or total revenue are reported as percentages. Total crime burden is the sum of
economic losses and prevention spending.

From table 6 we can establish four main descriptive facts. In a given year, the typical
tirm: i) suffers extortion, cargo robbery, and vehicle theft with 0.16, 0.53, and 0.84 prob-
ability, respectively; ii) suffers between 2 and 3 incidents of extortion, cargo robbery,
and vehicle theft— with the maximum counts being 12, 19, and 24 incidents, respec-
tively; iii) that yearly direct economic losses represent 113% of total costs and 58% of
total revenue; and that iv) crime-prevention spending represents 34% of total costs and
18% of total revenue. This evidence shows that the burden of crime for a typical firm

can be substantial, potentially an order of magnitude larger than regular taxes.

7 Calibration

This section describes how we bring the model in Section 3 to the data. The exercise is

intentionally static. The time subscripts in the model are useful for motivating the em-
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pirical specifications, but the counterfactuals compare two steady environments: the
observed economy with crime as a route-level friction and a counterfactual economy

in which that friction is removed.

7.1 Geography and Route Choice

Origins, destinations, and goods. The quantitative geography is built from Mexican
municipalities. Origins are municipalities that produce agricultural goods. Destina-
tions are the market municipalities that appear in SNIIM price records, which give the
abstract destination index d its empirical interpretation in the quantification. Destina-
tion expenditure is then disciplined by local income in the model rather than treated
as an exogenous market-size shifter. Goods are the agricultural products for which we

can connect SNIIM prices to production shares.

Routes. For every origin—destination pair, we construct a set of feasible driving routes
on the road network. In the current implementation we keep the four lowest-cost al-
ternatives for each pair. These alternatives are meant to capture the fact that shipments
are not tied to a single shortest path. When one corridor becomes more expensive
because of crime, intermediaries may shift some traffic toward other feasible corridors.

The non-crime component of route costs is measured by the distance of the route
in kilometers and enters in logs. Thus the route-level transport wedge used in the

quantitative exercise is

Tpqr = exp(0 log(kmyg,) + ¢ Koar) (34)

where km,4, is route distance in kilometers and x,,, is the normalized route crime in-
dex described below. We set § = 0.25. This value treats distance as a trade-cost elastic-
ity rather than as a raw gravity coefficient. It lies above the clean route-based estimate
in Donaldson (2018), who recovers trade costs from price gaps and route-level effective
distance, and close to the freight-cost distance elasticities around 0.3 summarized by
Anderson and van Wincoop (2004). In robustness exercises we will vary this parameter
over the range suggested by these benchmarks. The important normalization is that
0 multiplies log kilometers. If instead distance entered in kilometers, the comparable
coefficient would be a small semi-elasticity per kilometer rather than 0.25.

We currently set the raw route-quality shifter equal to one for every active route.

The CES weights 7,4, are therefore equal-normalized within each origin—destination
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pair, so that the route aggregator does not mechanically make pairs with more alterna-

tives cheaper simply because more routes are available.

7.2 Crime Exposure

Municipality crime intensity. The crime object entering Eq. (34) is designed to keep
the same route-based logic as the empirical Bartik construction, without importing
the full dynamic Bartik object into the static model. The model treats crime as a scalar
route friction. On the data side, we construct this scalar as total annual municipal crime
counts across the transport-relevant categories used in the paper. Because municipal-
ities differ sharply in the amount of road infrastructure they contain, we normalize
annual counts by municipal road kilometers. This gives a crime intensity measured as
incidents per road kilometer.

Route aggregation. For each route, we identify the municipalities crossed by the
route and exclude the origin and destination municipalities. The exclusion keeps the
route measure focused on crime encountered along the corridor rather than crime at
the shipment endpoints. The raw route crime measure is the mean of average annual

crime intensity across the interior municipalities crossed by the route:

- 1 crimey; )
Koy = ———— ], 35
o M me%fm <road km,, (35)

where M!, is the set of interior municipalities crossed by route r, and the overbar
denotes the average over available years.
The model-facing crime object is a unit-free index. We divide the raw route measure

by its mean among routes with positive exposure:

K, = 1 -
Kodr = :o_dr, Ky = Z Kodr- (36)

Thus x,5 = 1 corresponds to an average positively exposed route, while x,; = 0
corresponds to no measured interior-route exposure. Removing crime in the counter-
factual means setting this route crime index to zero, leaving the non-crime distance
component and the route set fixed.
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Calibrating the route-crime slope. The EAT cost regressions give the current calibra-
tion target for ¢. Their crime regressors are percent-change Bartik exposures in propor-
tional units: a one-unit increase is a 100 percent increase relative to the base exposure,
not a one percentage point increase. For the draft benchmark we set ¢ = 0.02855,
the coefficient on the total-crime exposure in the total-cost specification. This choice
maps the firm-side evidence most directly to the transport-cost channel in Eq. (34). It
also keeps the quantitative model agnostic about the composition of crime: the coun-
terfactual removes the scalar route-crime friction, not a separate set of category-level

frictions.

7.3 Economic Fundamentals

Labor and population weights. Municipality labor size comes from the 2024 Eco-
nomic Census. We use total employed workers to construct the fixed population weights
To. In the shipping-only benchmark the mobility parameter is set to zero, so these
weights pin down the spatial distribution of labor. They are not merely starting val-
ues for an iterative migration process; with fixed population, they are the population

allocation used in the equilibrium.

Productivity and land. The agricultural productivity terms AX are calibrated from
municipality-level census output together with crop production shares. The Economic
Census gives total gross output and employment at the municipality level, while the
agricultural data give crop-specific production shares. We allocate municipality out-
put and labor across crops using those crop shares and then invert the Cobb-Douglas
production function in Eq. (1). This inversion uses a calibration labor share of 0.75. In
the current equilibrium computation, however, the production block sets 1 = 1 so that
land does not introduce an additional fixed-factor loop before the draft counterfactual
is disciplined. The same crop shares also provide the fixed agricultural support terms
HY and the baseline origin weights in destination demand.

This inversion is a practical first pass. It lets high-output, high-labor municipalities
enter the model with stronger fundamentals, while preserving crop-specific hetero-
geneity from the agricultural production data. It does not yet use crop-specific census
labor or crop-specific value added, which are not available in the current calibration

inputs.
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Demand and expenditure. Goods weights are based on aggregate crop production,
and origin weights within each good are based on crop production shares. Destina-
tion expenditure is closed inside the model. The empirical destination geography has
fewer nodes than the full municipality set, so we assign each municipality’s income to
a destination catchment. Let x;, denote the share of municipality 0’s income assigned
to destination d, with ) ; x4, = 1. In the shipping-only benchmark, there are no non-
tradables or land-rent feedbacks, so destination tradable expenditure is assigned local

labor income:
El =Y XaoWoLo. (37)
0

If the destination set equals the set of municipalities, X, is the identity matrix and this
reduces to E; = wyL;. With land and non-tradables active, this object should be in-
terpreted as the tradable share of total local factor income. This is the balanced-trade
closure derived in Appendix B. In the current quantification, x;, assigns each munici-
pality to the nearest SNIIM destination coordinate. Equal SNIIM-market expenditure
weights are therefore not a structural calibration target; they are only useful as a diag-

nostic or partial-equilibrium comparison.

Table 7: Current structural parameters

Parameter Value Role and current calibration

RO 4 Geography: Route alternatives kept for each origin—destination pair. Current route-choice build keeps
four.

o 5.0 Demand: Origin-variety elasticity within an agricultural good. Placeholder Armington value.

0 3.0 Demand: Elasticity across agricultural goods. Placeholder value.

¢ 40  Intermediation: Elasticity across alternative route services. Placeholder value for rerouting.

« 1.0 Preferences: Tradable expenditure share. Set to one in the route-shipping benchmark.

u 1.0 Production: Agricultural labor share. Set to one; productivity inversion uses a 0.75 calibration share.

¢ 0.3 Production: Fixed-factor share in non-tradables. Inactive when o = 1.

) 0.25  Transport costs: Route-cost elasticity with respect to log kilometers. Set to 0.25 from the distance-elasticity
literature.

¢ 0.02855 Transport costs: Route-cost semi-elasticity with respect to the unit-free route crime index. Set to 0.02855
from the EAT total-cost coefficient on the total-crime percent-change Bartik.

v 0.0 Population: Population mobility. Set to zero; population is fixed at Censo labor weights.

Notes: Defaults used in the current quantitative implementation. The benchmark lets route crime affect transport costs and holds
population fixed. Placeholder values are not final estimates.

7.4 Parameters

Table 7 reports the current parameter values used in the quantitative implementation.
The benchmark exercise isolates the route-shipping channel: crime affects route-level
transport costs through ¢, distance affects route costs through J, and intermediaries can
substitute across feasible routes according to {. Population is fixed by setting v = 0.
This benchmark is the channel most directly disciplined by the firm-side cost evidence

and the route-exposure design.
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8 Counterfactuals

Welfare cost of crime. We use the calibrated model to ask how much route crime
matters through the shipping channel alone. The benchmark economy is the calibrated

Mexican equilibrium with observed route crime entering transport costs through
Todr = exp(dlog(kmyg,) + Pkodr) - (38)

Table 8: Shipping-crime counterfactual

Change (percent)
Panel A. Welfare
Population-weighted welfare, V, = w, /P, +1.35
P10 municipality welfare +0.72
P90 municipality welfare +5.02
Panel B. Trade costs and prices
Mean bilateral trade cost, 7,4 -2.91
Mean route-level trade cost, 7,4, -2.90
Mean destination tradable price index, P] -6.46
Panel C. Nominal OD expenditure
Mean nominal OD expenditure change -2.94

Notes: The table reports percent changes from the calibrated benchmark to the no-crime coun-
terfactual. The benchmark is the shipping-only model with observed route crime entering
route costs through 7,5, = exp{dlog(km,s ) + ¢x,4, }. The counterfactual sets x,45, = 0 for ev-
ery route and leaves routes, distance, fundamentals, and non-shipping crime channels fixed.
Welfare is real income V, = w,/P, because amenity crime is shut down in the benchmark.
Population-weighted welfare uses baseline municipality labor weights; the P10 and P90 rows
are percentiles across municipality-level welfare changes. Mean route-level trade costs use ac-
tive route alternatives. The nominal OD expenditure row averages percentage changes across
origin-destination pairs with positive baseline expenditure; flows are nominal expenditure in
the model numeraire.

The no-crime counterfactual sets x,;, = 0 for every route. We keep the route net-
work, distance, route-quality weights, productivities, demand weights, and destina-
tion catchments fixed. In this exercise, crime does not directly affect farm productivity,
non-tradable productivity, amenities, or demand shifters. Those channels are part of
the general model, but we leave them inactive because we do not yet have enough em-
pirical discipline to calibrate their crime semi-elasticities. The counterfactual should
therefore be read as the welfare cost of route crime operating through shipping costs.

Table 8 reports the resulting equilibrium changes. Welfare is the real-income object

from the model, V, = w,/P, in the shipping-only benchmark. Population-weighted
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Figure 8: Municipality Welfare Changes from Removing Route Crime

Welfare
change (%)

Notes: The map reports percent changes in welfare, V, = w,/P,, for agricultural produc-
ing origin municipalities in the calibrated shipping-only benchmark. Municipalities not
included in the current structural origin universe are shown in grey.

welfare rises by 1.35 percent when route crime is removed. The gains are not concen-
trated only in the upper tail: the 10th percentile municipality gains 0.72 percent, while
the 90th percentile gains 5.02 percent. These numbers reflect both the direct fall in
delivered prices and the equilibrium response of wages and sourcing shares.

The mechanism is visible in the price and trade-cost rows. Removing route crime
lowers mean bilateral trade costs by 2.91 percent and mean active route-level costs by
2.90 percent. Destination tradable price indices fall by 6.46 percent, which is larger than
the average trade-cost change because cheaper routes change the relative attractiveness
of origins and goods in the CES demand system.

The nominal OD expenditure row should be interpreted as a reallocation statis-
tic rather than as a real aggregate-trade quantity. It averages percentage changes in
nominal origin—destination expenditure across pairs with positive baseline expendi-
ture, and those flows are measured in the model numeraire. A decline in this statistic
can coexist with higher welfare because the counterfactual lowers delivered prices,
changes sourcing shares, and lets equilibrium wages and local expenditure adjust. The
welfare object is real income, while this row summarizes how nominal spending is
redistributed across OD links.
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Spatial effects. Figure 8 maps the municipality-level welfare changes underlying
Panel A. This figure is defined over agricultural producing origins in the current struc-
tural origin universe. Most modeled producing municipalities gain from removing the
route-crime component, while municipalities outside this origin universe are shown in
grey. The gains are not spatially uniform. The largest visible gains among producing
municipalities appear in parts of Veracruz, Durango, Sonora, Sinaloa, Hidalgo, and Yu-
catdn, consistent with the idea that route-crime reductions matter most where exposed

corridors account for an important part of delivered costs.

9 Conclusion

This paper studies shows how crime—extortion, robbery, homicides—across shipping
routes affects firm outcomes and agricultural goods prices in the context of Mexico. Ex-
ploiting detailed confidential transportation-firm microdata, origin—destination whole-
sale agricultural prices, and administrative crime records we show that doubling our
crime exposure i) increases transportation firms’ operational costs, with estimates rang-
ing from 0.4% to 9.6%, depending on the type of crime; and ii) increases agricultural
prices between 0.6% and 1.1%, although estimates are noisy.

The contribution of the paper is to demonstrate empirically a crime-to-cost and
crime-to-price channel, and to quantify the aggregate welfare effects using a spatial
trade model with transport intermediaries. We show that counterfactually removing
the route-crime friction lowers mean bilateral trade costs by about 2.9%, lowers desti-
nation tradable price indices by about 6.5%, and raises average welfare by about 1.4%.

The immediate policy implication of the paper is that road security should be treated
as a form of trade facilitation. Policy could prioritize economically central shipping
routes, particularly corridors with high exposure to crime and limited route substi-
tutes, rather than focusing exclusively on crime at origins or destinations. In this sense,
reducing predation on transport networks can operate like an improvement in domes-
tic infrastructure by lowering the effective cost of connecting markets.

A natural next step is to discipline the broader channels that are present in the
model but inactive in the benchmark counterfactual. Confidential CPI microdata, to-
gether with land and housing price data, would allow us to study how crime affects
non-tradable and service prices, local costs of living, and the spatial allocation of eco-
nomic activity. This would move the quantification from the current shipping-only ex-
ercise toward a fuller measure of the real aggregate effect of crime, taking into account

trade, local productivity, and prices across tradables, non-tradables, and services.
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Future work should also use the route structure to evaluate targeted policy experi-
ments. Natural extensions are to remove crime only on the highest-exposure corridors,
or compare route-based crime reductions to origin-based reductions. These exercises
would help distinguish policies that reduce the measured friction where it is most se-
vere from policies that generate the largest general-equilibrium gains.

A Model extensions

The main text studies crime as a route-level shipping friction. This appendix records
additional margins that can be embedded in the same equilibrium environment but are
not used in the current quantitative exercise. These extensions are useful for organiz-
ing future versions of the model, where crime may affect local production conditions,

amenities, or sourcing preferences in addition to transport costs.

Farm-gate productivity. Crime in producing origins may reduce agricultural produc-
tivity by disrupting planting, harvesting, storage, and local input markets. One way to

introduce this channel is
Al = Agyexp(—paror), (39)

where «,; is crime at the source and ¢4 > 0 is the productivity semi-elasticity with
respect to local crime.

Non-tradable productivity. Crime may also lower productivity inlocal services, ware-

housing, distribution, and other non-tradables. This can be written as
ANT = ANT exp(—pnTKot), (40)

with ¢n1 > 0. This channel would raise local non-tradable prices and feed back into
the cost of living.

Amenities. Crime may make locations less desirable to workers and firms through
fear, harassment, or a deterioration in public space. A reduced-form amenity channel
is

Bot = Borexp(—¢pkot), (41)
where ¢p > 0. In a model with mobile labor, lower amenities would affect population
and wages through the mobility condition in Eq. (18).

42



Demand avoidance. Buyers may avoid sourcing from crime-exposed supply chains
beyond the direct cost increase, for example because reliability falls or because cer-
tain origins become reputationally risky. This can be captured through the Armington

demand shifter:
By = Bliexp(—y Koat) , (42)

where x4 is a bilateral supply-chain crime exposure index and ¢ > 0 governs the

strength of buyer avoidance.

B Balanced-Trade Closure and Wage Determination

This appendix derives the expenditure closure used in the quantitative model. The
key point is that the destination expenditure object is not an independent primitive in
a closed general-equilibrium trade model. It is local income earned by residents of the

destination location.

B.1 Expenditure Shares

For each destination location d and good k, the CES price index across origins is

1—0c

P = [Tt (k)] @)

The expenditure share of destination 4 on origin o for good k is therefore

pk 1—0
Sk = B ( 0dt> : (44)

k
Pdt

Across goods, the tradable price index is

1
1-p

Pf, = [;w’; (Pé‘t)lp] : (45)

and the expenditure share of destination d on good k is

Sdt:lxd P_Ti: . (46)



If total tradable expenditure in destination d is E},, then nominal expenditure on
origin o and good k is

k k kT
Xoat = SoarSarEar- (47)

This is the gravity block. It determines expenditure shares conditional on prices and
total destination expenditure. It does not by itself determine E] .

B.2 Local Income and Balanced Trade

Let 1; denote total income earned by residents of destination location d. With Cobb-

Douglas preferences over tradables and non-tradables, tradable expenditure is
El = aly. (48)

Balanced trade closes the model by setting destination expenditure equal to local in-
come rather than treating it as an external demand shifter.

In the shipping-only benchmark, the production block is labor-only and non-tradables
are inactive. Income is therefore labor income:

Iy = wgiLgy, El, = awgLy. (49)

When a = 1, this reduces to E;t = Wy Ly;.

When land is active in agricultural production, total income also includes payments
to the fixed factor. Under constant returns and perfect competition, crop revenue in
origin o and good k is

RE =Y xb,. (50)
d
Labor receives share y of crop revenue and land receives share 1 — p:
worL§y = HRyy, reeHs = (1— 1)Rg;. (51)

If local residents own the fixed factor locally, total local agricultural income is the sum

of labor and land income:
15 =Y R, (52)
k

If land rents are rebated nationally or owned outside the location, the income closure
must specify that ownership rule. The shipping-only benchmark avoids this additional
incidence choice by setting y = 1.
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B.3 Wage Fixed Point

The wage fixed point follows from combining expenditure shares with labor-market

clearing. In the labor-only benchmark, origin revenue is
Rot = Y SKsh,waLay. (53)
dk

Labor-market clearing requires
WotLot = Rot- (54)

Equations (53)—(54) define the wage system:
- Ly K L 55
Wot = I Z odt(w)sdt(w)wdt dts ( )
ot d k

where the shares depend on wages through farm-gate costs and delivered prices. Be-
cause only relative wages matter, one wage is chosen as the numeraire.
With land active, labor-market clearing instead uses labor’s revenue share:

waLly = 1 Y Xy (56)
dk
and the farm-gate cost depends on the equilibrium labor-to-land ratio,

1-p
w Lk
ok = —2= Fo,f . (57)
ont o

This is why the richer model requires a subsidiary fixed point over farm-gate costs. The

benchmark counterfactual sets p1 = 1, so this loop is shut down and the balanced-trade

closure reduces to Eq. (55).
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C Additional figures
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Figure 9: Cross-destination residual price dispersion over time

Notes: Each point is the product-month standard deviation of residual frequent wholesale
prices across destination markets for selected products with rising dispersion over time. Resid-
ual prices remove product-specific calendar-month and year means and add back the product
mean. Product-months require at least three destination markets and ten price observations;
lines are local-polynomial smooths with pointwise confidence bands. Prices are nominal Mex-
ican pesos per kilogram.
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D Additional EAT Regression Tables

This appendix reports the firm-level EAT regression tables that are not shown in the
main text. The first table keeps Serie 2013 but switches to additional firm-scale out-
comes. The remaining tables use the pooled series sample, combining series 2008,
2013, and 2018, for the cost, activity, and additional outcome blocks.

Table 9: Firm-level EAT regressions: Series 2013, additional outcomes

Log Log total
employment vehicles
1) 2) 3) 4) ®) (6) @) ®)
Transporter-robbery 0.00000 -0.00004%**
exposure
(0.00001) (0.00001)
Extortion exposure 0.00189 0.00658*
(0.00236) (0.00270)
Homicide exposure -0.00478 0.00782
(0.05804) (0.04413)
Crime exposure 0.03041 0.01268
(0.03809) (0.02371)
Observations 735 759 764 764 774 799 804 804
Firm FE v v v v v v v v
Year FE v v v v v v v v
Firm IDs 294 305 305 305 303 314 314 314
Years 4 4 4 4 3 3 3 3

Notes: Each column is a separate firm-level regression with firm and year fixed effects; only the row for the exposure included
in that column is populated. The displayed regressors are firm-year crime exposure measures built in the INEGI lab by merging
each firm’s reported top origin-destination revenue shares to OD-year route-crime exposure, then averaging over matched OD
pairs and renormalizing over the matched share. OD-year route exposure is based on municipal crimes normalized by road
kilometers along the relevant routes and expressed as a percent-change-from-base shift. The single-crime rows report transporter
robbery, extortion, and homicide exposures; the bundled row reports the crime-bundle exposure available in the frozen lab return.
Standard errors in parentheses are clustered at the firm-series level. All numeric coefficient and standard-error entries are reported
to five decimals. *p < 0.10, **p < 0.05, ***p < 0.01.
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Table 10: Firm-level EAT regressions: Pooled series 2008, 2013, and 2018, cost outcomes

Log total Log fuel Log insurance
costs expense expense
@) @ ®) 4) ©) (6) @) ®) ©) (10) ) (12)
Transporter-robbery -0.00003*** -0.00003*** -0.00003***
exposure
(0.00001) (0.00001) (0.00001)
Extortion exposure 0.00309** 0.00609*** -0.00099
(0.00147) (0.00101) (0.00378)
Homicide exposure 0.03537 0.07164* -0.00158
(0.03060) (0.03700) (0.09432)
Crime exposure 0.01099* 0.01034 -0.02625
(0.00665) (0.00864) (0.01750)
Observations 2,272 2,360 2,368 2,368 1,985 2,059 2,066 2,066 2,048 2,122 2,130 2,130
Firm FE v v v v v v v v v v v v
Year FE v v v v v v v v v v v v
Firm IDs 988 1,024 1,025 1,025 801 829 830 830 917 949 950 950
Years 8 8 8 8 7 7 7 7 8 8 8 8

Notes: Each column is a separate firm-level regression with firm and year fixed effects; only the row for the exposure included
in that column is populated. The displayed regressors are firm-year crime exposure measures built in the INEGI lab by merging
each firm’s reported top origin-destination revenue shares to OD-year route-crime exposure, then averaging over matched OD
pairs and renormalizing over the matched share. OD-year route exposure is based on municipal crimes normalized by road
kilometers along the relevant routes and expressed as a percent-change-from-base shift. The single-crime rows report transporter
robbery, extortion, and homicide exposures; the bundled row reports the crime-bundle exposure available in the frozen lab return.
Standard errors in parentheses are clustered at the firm-series level. All numeric coefficient and standard-error entries are reported
to five decimals. *p < 0.10, **p < 0.05, ***p < 0.01.

Table 11: Firm-level EAT regressions: Pooled series 2008, 2013, and 2018, shipment and activity
outcomes

Log shipped Log total Log total Log total
value distance trips tons
(1) 2 3) 4) ) (6) 7) 8) 9) (10) (11) (12) (13) (14) (15) (16)
Transporter-robbery ;5504 -0.00006** -0.00002 -0.00001
exposure
(0.00017) (0.00003) (0.00003) (0.00004)
Extortion exposure -0.01643"* 0.00647*** 0.00427 -0.01770**
(0.00824) (0.00246) (0.00267) (0.00538)
Homicide exposure -0.41002 0.06225 -0.00043 0.03074
(0.26857) (0.05800) (0.06206) (0.09736)
Crime exposure -0.07878 0.01374 0.02361 0.04172**
(0.05062) (0.01249) (0.01555) (0.01918)
Observations 1,314 1,363 1,369 1,369 2,272 2,360 2,368 2,368 2,272 2,360 2,368 2,368 2,272 2,360 2,368 2,368
Firm FE v v v v v v v v v v v v v v v v
Year FE v v v v v v v v v v v v v v v v
Firm IDs 631 652 654 654 988 1,024 1,025 1,025 988 1,024 1,025 1,025 988 1,024 1,025 1,025
Years 7 7 7 7 8 8 8 8 8 8 8 8 8 8 8 8

Notes: Each column is a separate firm-level regression with firm and year fixed effects; only the row for the exposure included
in that column is populated. The displayed regressors are firm-year crime exposure measures built in the INEGI lab by merging
each firm’s reported top origin-destination revenue shares to OD-year route-crime exposure, then averaging over matched OD
pairs and renormalizing over the matched share. OD-year route exposure is based on municipal crimes normalized by road
kilometers along the relevant routes and expressed as a percent-change-from-base shift. The single-crime rows report transporter
robbery, extortion, and homicide exposures; the bundled row reports the crime-bundle exposure available in the frozen lab return.
Standard errors in parentheses are clustered at the firm-series level. All numeric coefficient and standard-error entries are reported
to five decimals. *p < 0.10, **p < 0.05, ***p < 0.01.
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Table 12: Firm-level EAT regressions: Pooled series 2008, 2013, and 2018, additional outcomes

Log Log total
employment vehicles
@ @) ®) @) ®) (6) @) ®)
Transporter-robbery -0.00001 0.00006"*
exposure
(0.00000) (0.00002)
Extortion exposure 0.00093 0.00468**
(0.00193) (0.00216)
Homicide exposure -0.02872 -0.04355
(0.04942) (0.03959)
Crime exposure 0.01120 -0.00319
(0.01327) (0.01008)
Observations 2,138 2,222 2,230 2,230 2,271 2,359 2,367 2,367
Firm FE v v v v v v v v
Year FE v v v v v v v v
Firm IDs 939 974 975 975 988 1,024 1,025 1,025
Years 8 8 8 8 8 8 8 8

Notes: Each column is a separate firm-level regression with firm and year fixed effects; only the row for the exposure included
in that column is populated. The displayed regressors are firm-year crime exposure measures built in the INEGI lab by merging
each firm'’s reported top origin-destination revenue shares to OD-year route-crime exposure, then averaging over matched OD
pairs and renormalizing over the matched share. OD-year route exposure is based on municipal crimes normalized by road
kilometers along the relevant routes and expressed as a percent-change-from-base shift. The single-crime rows report transporter
robbery, extortion, and homicide exposures; the bundled row reports the crime-bundle exposure available in the frozen lab return.
Standard errors in parentheses are clustered at the firm-series level. All numeric coefficient and standard-error entries are reported
to five decimals. *p < 0.10, **p < 0.05, ***p < 0.01.
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