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Abstract

This paper examines whether economic opportunities in local areas has an impact on crime rates.

The analysis in this paper will look at employment shocks at the county level. The research design in this

paper is modeled after the Greenstone and Moretti paper, ”Bidding for Industrial Plants: Does Winning

a ’Million Dollar Plant’ Increase Welfare?”, where counties that have won the bid for industrial plants are

the treatment group and the runner up counties that lost the bid by a narrow margin are the comparison

group. The main findings are that Total Drug Selling and Manufacturing decline in treatment versus

comparison counties. In addition, this effect seems to be bolstered by a decrease in Drug Selling and

Manufacturing of Opium, Cocaine and their derivates.
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1 Introduction:

1.1 Background

The association between employment opportunities and crime has been studied by several researchers

throughout the years. Although this researches have established some common ground, a definitive con-

clusion has not yet been reached.

Most of the research (and this will not be the exception) bases the possible link between employment

opportunities and crime on Becker’s (1968)[5] theory, where crime and work are seen as competing opportuni-

ties. According to this theory, individuals make decisions about time allocation between these two activities

according to the costs and benefits they face from both.

Moreover, Cantor and Land (1985)[7] stated that unemployment can have a dual effect on the crime rate:

a negative one, because of the opportunity cost that a decrease in unemployment rate creates over potential

criminal decisions (similar to Becker’s theory), and a positive one, because when unemployment is low, more

people have income and are more likely to buy new consumer goods. This effect makes property crimes more

attractive to potential criminals. They suggested that the opportunity effect should be simultaneous with

the decrease in unemployment and the motivation on crime should be seen in further periods.

To test these theoretical frameworks, researchers have used different specifications, and analyzed different

counties, states, regions and populations to shed light on the employment-crime paradox. With respect to

the United States, different studies have consistently found that a 1% increase in the unemployment rate

seems to increase contemporaneous property crimes by 1-2%. (Lee, 1993[1]; Levitt, 1996[13]; Raphael and

Winter-Ebmer, 2000 [19]; Freeman (1995)). However, there does not seem to be a clear relationship between

unemployment and violent crimes.

With this previous work as a background, the aim of this empirical research is to try to contribute to

the discussion regarding the relationship between crime and employment opportunities. I studied crime

rate changes at the county-level due to an increase in wage bills1. I focused on property crime and more

particularly on drug-related crimes. Given the implications of the research design I am using, the magnitude

of the impact of employment opportunities on crime rates (if any) should be much lower than the impacts

found in previous research.

In order to find out if an increase in wage bill impacts crime rates in U.S counties it would be great to

observe counties that received an external increase in wage bill and compare the crime rate trends of these

counties with the same counties if they would had not received the external increase in wage bill. Since

this is impossible, I conducted this research using the research design proposed by Greenstone and Moretti

1The wage bill, represents the total yearly amount paid in wages in a given county.
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(2004) [11] in the paper titled “Bidding for Industrial Plants: Does Winning a ’Million Dollar Plant’ Increase

Welfare?” and Greenstone, Hornbeck and Moretti (2010) [10].

This research design uses profit maximizing firms’ ranking of candidate counties for locating a new plant.

The Site Selection journal publish an entry called “The Million Dollar Plant” that lists the counties where

firms will make a large (here in after “MDP”) investment. The entry shows that many counties competed

for the investment, but only some won. This investment represented an increase in the wage bills for winner

counties, but not for runner-up counties. More precisely, the authors estimated that winner counties received

on average an exogenous increase in wage bill of 16.8 Million per year relative to losing counties after the

announcement of the plant opening.

I’m using the MDP research design for crime rate outcomes at the county-level. My main identification

assumption is that runner-up counties represent a good counterfactual for what would have happened to

crime rates in winner counties after the plant entry in the absence of the investment.

The data for this analysis comes from the UCR county-level raw database provided by the FBI, and the

ranking of counties from the Greenstone and Moretti paper. I’m aware of a number of problems with the

UCR database, which I discuss in the appendix.

The main findings suggest that there seems to be a negative impact on drug-related crime rates in winning

counties because of the increase in wage bills. However, I did not find a significant effect on property crimes.

The results are specially interesting for the variables, Total Selling and Manufacturing of Drugs and Selling

and Manufacturing of Opium, Cocaine and Their Derivates among the juvenile population. I also found a

negative effect for the same variables on Adults and All Ages.

The rest of the paper is structured as follows: I first describe the research design and some of the relevant

futures of Greenstone and Moretti (2004) in the “Research Design” section, I then described the data and

summary statistics in the “Data and Summary statistics” section. After that, I show the results and discuss

the main findings.

2 Research Design:

The aim of this paper is to try to find a possible casual connection between successfully bidding for a

MDP and county-level crimes rates. I use the MDP research design to introduce a way to address possible

endogeneity in the comparison of county level crimes in the U.S.

The idea of this empirical research design is that in the U.S counties compete against each other in a

bidding process (I will call this bidding process “Case” throughout the paper) for the location of a large

investment. Hence, the counties that win the bidding process (i.e., “winner”) receive an exogenous investment
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that increases wage bills after the plant entry in comparison to the runner-up counties (i.e., “loser”). This

is what Greenstone and Moretti proved in their 2004 paper.

This empirical design relies on a revealed ranking of counties by profit-maximizing firms on where to

locate; this ranking appears in a real estate journal called “Site Selection”. The article, “Million Dollar

Plants” describes how firms decide where to locate large investments. Firms first consider a relatively large

number of counties, then narrow down that selection to 2 to 5 counties that will compete for the plant entry.

This competition generally involves subsidies and tax exemptions.

Hence, firms locate their investment in counties where they think that their future earnings will be

narrowly higher than in runner-up counties, but since this difference is small at the cutoff I use the loser

counties as a counterfactual of the winner counties. Because of this, the identification assumption relies on

the crimes trend of loser counties as a possible counterfactual for what would have been the crime rate trend

in the winner counties if they did not received the investment.

The similarities between winner and runner-up counties are shown in Greenstone and Moretti (2004)

table 2. In this research they showed that loser counties are a good counterfactual in levels and growth

rates for the winner counties. Particularly, they looked at wage bill, employment, per capita income and

employment-population ratio.

Finally, I use this research design to analyze how the exogenous increase in wage bills affects crime

rates. I would expect that, according to the opportunity cost theory of crime, winner counties would

experience decreased the crime rates after they received the investment. However, given the magnitude of

the intervention I only expect a modest reaction to the MDP entry. Thus, not observing any effect would not

necessarily imply that there is not a relationship between wage bills and crime rate. Instead, it might be the

case that this particular intervention did not have any effect because of the relatively small amount of the

investment, because of other things that happened during the period of analysis that I am not accounting

for, or because this intervention affected also peoples’ attitude in a different way and through a different

mechanism than the one I am analyzing. The analysis is the effect of a MDP investment on crime and not

the effect of employment outcomes on crime, this is the mechanism I was expecting to operate.

Although, this research design will provide a better identification than using the whole U.S counties, I

believe that the result should not be trusted as give and they are just intended to contribute to the crime

literature as an other source of discussion. I have little faith in my ability to find a casual connection between

crime rates and wage bill.
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3 Data and Summary statistics:

3.1 Data

The crime data comes from the UCR (Uniform Crime Report) data file provided by the FBI for the years be-

tween 1977 to 1998. This data file is a combination of 11 different files (one for each of the years in this study)

that contain information on crimes reported to the police by the general public and 29 types of crimes that

police officers discovered: Murder and Non-Negligent Manslaughter, Forcible Rape, Robbery, Aggravated

Assault, Burglary, Larceny, Motor Vehicle Theft, Other Assaults, Arson, Forgery and Counterfeiting, Fraud,

Embezzlement, Stolen property, Vandalism, Weapons - Carrying, Possessing -, Prostitution and Commer-

cialized Vice, Sex Offenses, Drug Abuse Violations, Drug sale/Manufacturing, Drug sale/Manufacturing -

opium and Cocaine, etc -, Drug sale/Manufacturing Marijuana, Drug sale/Manufacturing other drugs, Drug

Possession, Drug Possession - Opium and cocaine, etc -, Drug Possession - Marijuana-, Drug Possession other

drugs, Gambling, Offenses Against Family and Children, Driving Under the Influence, Liquor Laws, Drunk-

enness, Disorderly Conduct, Vagrancy, All Other Offenses, Suspicion, Curfew and Loitering Law Violations,

Runaways). Moreover, the UCR file also contained data grouped by the Part 1 (Murder and Non-Negligent

Manslaughter, Forcible Rape, Robbery, Aggravated Assault, Burglary, Larceny, Motor Vehicle Theft, Other

Assaults, Arson) and Part 2 (the remaining from above) crime index. When the data was grouped I could

observe each types of index by race and age (adult, juvenile and all ages).

Furthermore, the UCR datafile is at the police agency-level, documented by ORI (originating agency

identifier) codes. I matched each ORI code with the corresponding FIPS (Federal Information Processing

Standards) codes according to the Law Enforcement Agency Identifiers Crosswalk created by the the Bureau

of Justice Statistics (BJS) and the National Archive of Criminal Justice Data (NACJD)2. Finally, I collapsed

the data by county level according to each county and state FIP code. The county population information

is already included in the UCR datafile, which is consistent with the census and was originally included by

the FBI.

I are aware of all the problems of working with the UCR data file as described in Maltz and Weiss (2016),

Maltz and Targonski (2002)[16] and Maltz (1999), and I have dedicated a full section regarding the data

problems in the appendix.

Because this dataset poses potential problems, I performed the analysis on three dataset. The first

dataset (and the most preferred) contains only counties on where the population is bigger than 100,000 for

all the years in the period of study; as mentioned in the Maltz(1999) paper quoted above, counties on where

2I got this crosswalk from http://www.icpsr.umich.edu/icpsrweb/NACJD/studies/4634National Archive of Criminal Justice
Dat
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the population was larger than 100,000 were contacted in cases where the FBI detected some miss-behavior

of the reported data. The second dataset, is the same as the first one but, I used several mechanism to try

to detect any “miss-behavior” of the data and I deleted the observations if that was the case. The deletion

of the data for this second dataset is described carefully in the appendix.

The original sample of winner and loser counties has 2,321 observations, where 902 observations got the

MDP for the period 1977 to 1998 and 1,419 did not. From that starting sample I erased the counties that

did not have any information in any of the five years before and after the treatment period. Notice that I

dropped only the absent years and not the whole county. Also, to keep at least pair-wise comparison for

each case, I erased all pairs that where lacking winner or loosing counties to be compared with. After this,

I deleted all counties that have a population smaller than 100,000 so as to finally get a sample of 1,308

observations where 515 are winners and 793 losers.

3.2 Summary statistics

The Table (MISSING) at the end of Appendix 2 shows all counties involved in the bidding process for the

MDP investments. The year of entry of the plant, the name of the company and whether counties won or

lost the bidding process are also depicted in that table. There are 82 cases (bidding processes) where 53%

of the cases have at least a pair-wise comparison per year, and the remaining bidding processes have more

than one runner-up county. The most preferred dataset contains 50 of the original 82 cases. Since this could

be a problem for the use of the research design, I also show results for the entire sample of all 82 counties,

and the counties with population less than 100,000, This is the third dataset; this results are presented in

the complementary appendix.

Moreover, Table 1 shows winner and loser per time; time is normalizes to 5 pre and 5 post periods after

the year of the plant announcement, being 0 the year of the announcement of the plant entry in the winner

county3. As it can be seen there are very similar number of observation pre and post treatment, and there is

also a very similar winner/loser ratio for all time periods. Table 2 shows winner and runner-up observations

per year of entry. The year with the highest amount of plant entries is 1991 followed by 1988 and 1992.

Regarding the dependent variables, I first looked at aggregated crimes (Part 14 and Part 25 types by age

3Time 0 represent the year when the announcement was made not when the investment was effectively made.
4In the data Part 1 type of crimes are: Murders, Rape, Robbery, Aggravated Assault, Burglary, Larceny, Moto Vehicle Theft

and Arson.
5From the data Part 2 types of crimes are: Forgery and Counterfeiting, Fraud, Embezzlement, Stolen property, Vandalism,

Weapons, Prostitution, Sex Offenses, Drug Abuse Violations, Drugs Sale and Manufacturing, Drugs Sale and Manufacturing
Opimum, Cocaine ad their derivates, Drugs Sale and Manufacturing Marijuana, Drugs Sale and Manufacturing Synthetic
Narcotics, Drugs Sale and Manufacturing Other Dangerous non-narcotic, Drug Possession, Drug Possession Opium, Cocain
and their derivates, Drug Possesion Marijuana, Drug Possesion Synthetic Narcotics, Drug Possesion other drugs, Gambling,
Gambling bookmaking, Gambling number and lottery, Gambling all other, Offenses Against Family and Children, Dricing
Under the Influence, Liquor Laws, Drunkenness, Disorderly Conduct, Vagrancy, All Other Offenses, Suspicion, Curfew and
Loiterign, Runaways.
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- All ages, adults and juvenile). After that, I focused on specific types of crimes: Property crimes (Burgrarly,

Larceny, robbery), and Drug-related crimes, particularly Drug Selling and Manufacturing.

Considering these types of crime as possible dependent variables, I conducted two robustness checks to

try to make the identification assumption more reliable. First (following Greenstone and Moretti (2004)),

I compared the mean level of winner an loser counties for each year, in order to see if there was any cross-

sectional difference before the MDP announcement in all the pre-periods. Although this (sort of) “balance”

check is not required for the validation of the identification assumption I second Greenstone and Moretti

(2004) that this test will give more reliability to the research design and the following analysis.

Second, I wanted to check specifically if I can statistically rely on parallel trends for the pre-period, so

I created a variable that accounts for the difference between crime rates in different time periods for each

county.

I analyzed these 2 robustness check of the research design by estimating the following model described

in equation (3.1) where the dependent variables changes accordingly,

Yictf =

5∑
t=−5

βtWit + αc + ηt + µf + νictf (3.1)

In the equation above, Wit is the winner × time interaction for each time period on where the variable

“time” in the interaction represents time dummies for each specific time period. Hence, Wit is a dummy

variable that equals 1 when I am looking at an observation in a winner county at time t. Moreover, i refers

to winner or loser counties, c denotes county, t time [−5 ; 5] and f indicates the specific bidding case. The

outcome variable (Yictf ) in this equation is one of the selected crime rates specified above when checking

for the mean conditional difference (sort of a balance check in each time period) and the difference between

crimes in different times for each county when doing the second check. Crime rates are specified as crime-level

divided by county population and multiplied by 10,000.

Furthermore, to account for any observed and unobserved county characteristics, I added county fixed

effects (αc), that control for any time-invariant observed or unobserved characteristics of the counties. With

the same purpose I added time specific fixed effects (ηt) and cases fixed effects (µf ). Notice that adding case

fixed effects allows the model to account for the within case differences. This is important to notice since

the identification assumption relies on averaging the case differences between winner and runner-up counties

for each bidding process.

I estimated cluster-robust standard errors for all equations at the county level to address the possible

7



whiting variation of the standard errors (Multon (1986)[18]) and for possible (and likely) serial autocorellation

(Bertrand, Duflo and Mulliainathan (2004)[6]). Moreover, estimating clustered-robust standard errors makes

the results more conservative6.

3.2.1 Time specific “balance check” - crime rate as dependent variable -

In equation (3.1) Wit is a dummy variable that equals 1 when a winner county is a winner at time t. Thus,

when using crime rates for each county as the dependent variable, βt estimates the specific time conditional

mean difference between winner and runner-up counties for the selected dependent variable at time t. I

am particularly interested in βt for t < 0, since any significant βt<0 indicates differences in the pre-entry

level means between treatment and control groups, and a possible concern for the identification assumption.

This balance check at each time period supposes a stronger assumption than having pre-intervention parallel

trends. Thus, proving this will provide more reliability to the research design.

Table 3 (in the main tex body), 13, 15 and 17 in appendix 2 show the results for the analyzed types of

crimes7. I would like to have high p-values in order to fail to reject the null hypothesis of equality in means

between treatment and control. However, Table 13 (in the appendix 2) raises some concern for Total Part 1

for Juveniles at time -2 and Total Part 2 for All ages and Juveniles in time -2 and -1. Moreover, Table 15

(same appendix) also has significant mean differences, specially for Burglary carried out by adults in time

-5 and by All Ages at time -4. Similar results are shown for Total Drug-crimes in Table 17, where some

concerns arise regarding the mean difference of All Ages and Adults for time -4.

Finally, and most importantly for the following analysis, Table 3 shows some concerns regarding the mean

differences between winner and runner-up counties at time-4 for Total Drug Selling and Manufacturing.

Notice that in all tables I showed the p-value of the F-statistic at the bottom which tests whether all

H0) βt=−5 = βt=−4 = βt=−3βt=−2βt=−1 = 0. For all cases I fail to reject the null hypothesis, giving more

reliability to the analysis.

Also, it’s important to notice that these result do not seem to be driven by the possible problems in the

crime data. As shown in the complementary appendix, these same concerns are also found when I do the

same analysis over the datasets that eliminate the possible conflictive crime observations, all 82 cases, and

counties with population less than 100k. The main differences are that I don’t have great concerns regarding

the mean conditional difference for Total Drug Selling and Manufacturing, and that I add some concern

regarding Larceny for Juveniles at time -2 and -3.

I acknowledge that the research design would have been more robust if I had been able to not reject all

6Assuming I have positive intracluster correlation.
7I left the drug-related crime analysis in the main body of the paper because these were the crimes that showed a bigger

impact on the wage bill.
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differences in crime rate values for all of the variables. However, since the identification assumption relies on

parallel, and not equal, pre-treatment cross sectional assumptions, I understand that the following section

(3.2.2) is the most important to give reliability to the analysis. Having said that, I do think that when

considering the robustness of the result these implications should be taken into account as a possible source

of bias.

3.2.2 Crime rates difference in time as the dependent variable

Again, since Wit in equation (3.1) is a dummy variable that equals 1 for winner counties at time t, βt

when using as the dependent variables the difference between crime rates across time for a given county

(dependent variable = 4Yit = Yit − Yit−1,) I’m estimating a difference in difference for each time period,

thus βt = [(crimewinner=1,t − crimewinner=1,t−1)− (crimewinner=0,t − crimewinner=0,t−1)].

It is important to notice that this second check will not provide validity of the underlying assumption

of this study. The assumption of using loser counties as a counterfactual for winner counties is untestable

from an empirical perspective, because it assumes that the crime rate trend (conditioned on the fixed effects

specified above) in the winner county would have been the same if the plant entry announcement did not

take place. This assumption is unobservable, and thus untestable.

Table 4 (in the main text body), 14, 16 and 18 in the appendix 2 show the coefficient βt for all the

described dependent variables. A significant coefficient raises concerns for the parallel trend assumption,

because it means that there are significant pre-treatment difference in the growth of the crime rate between

winner and runner-up counties in the pre-period. In contrast to the balance check test, here I are looking at

the difference in the growth level of the variables.

Looking at these tables, there is only one concern regarding Burglary at time -2 for Juveniles. Only for

that variable at that time period, there seems to be a violation of the parallel assumption. Again, checking

with the complementary appendix, this result is consistent with Table 2 of that appendix that also shows

some concern in Total Part 1 juvenile. Moreover, when looking at the result from the dataset that contains

all observations, the differences disappeared.

As I did with the mean difference check, I test for joint equality in the coefficient and reported that result

at the end of the table. As it can be seen, I fail to reject the null hypothesis for all the crime rates.

Finally, and because of this small but important difference in some pre-treatment outcomes, I decided to

create synthetic control comparisons for the winner counties. These synthetic controls tried to imitate the

underlying assumption. This is, they tried to imitate (if created correctly) the crime trend of the winner

counties if the plant announcement wouldn’t have taken place. I describe this synthetic control in the

following section. Notice that, although in the preferred variable of analysis (Selling and Manufacturing of
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Drugs) there are not a large number of problems to invalidate the identification assumption, I understand

that problems with other crime rates might suggest that the research design might be flawed for analyzing

crime trends.

3.2.3 Synthetic Control

Given that the identification assumption relies on the comparison between winner and losers counties within

each case, I had to conduct synthetic controls for each specific bidding process. That is, I were able to do

this approach only in the cases where there were more than a pair-wise comparison. In these cases there

are more than one loser county and I used them to construct the synthetic control as a weighted average of

this potential controls. I followed carefully Abadie (2010)[2][3]. Thus, what I did was to construct synthetic

control for each treated unit in each case.

Moreover, I only counted with data for the crime variables, thus I did the matching only taking that

variable into account. This implies that the synthetic control does not provide an exact match of the levels

and trajectory of the crime rates, but it has allowed us to solve the problems detected above. I consider this

synthetic control like as a “second opinion” or as a sort of robustness check for the final results.

Tables 5 and 6 show the results of equation 3.1 using the winner counties and the synthetic controls. This

is an approximation because I did not included county fixed effects, and the standard errors where estimated

robust to heterskedasticity instead of clustered at the county level. I used the two types of the dependent

variables described above for the robustness check.

As it can be seen from these tables, the synthetic controls fixed the possible problem detected above,

so I will use this synthetic control as another source of information to see if the final results are consistent.

Notice that the slope changes for the Burglary juvenile and Total part 1 Juvenile in Table 11 and 12 in the

appendix 2, which addresses the initial concerns with these variables by using synthetic controls.

4 Econometric Model and Results

Let’s first look at the βt>0 coefficients in Table 3 and 13, 15 and 17 of the appendix 2.

The idea now is to look at the coefficient after intervention and detect if any of the variables might have

been affected by the MDP entry. Thus, I will be looking at the mean conditional difference between winner

and runner-up counties at each period of time after treatment.8 It seems that the biggest impact of the MDP

entry on crime was on drug-related crimes, specially Selling and Manufacturing Opium, Cocaine and their

derivates. This also appears in the complementary appendix, suggesting that these results are not driven by

8This approach is similar to the one introduced by Autor(2003)[4]
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problems in the data.

Thus, for all of the variables measuring Drug Selling and Manufacturing crime rate there seems to be a

negative effect of the plant announcement on crime rates. That is, Drug Selling and Manufacturing crime

rates fell after the plant announcement for All Ages, Adult, and Juveniles. Moreover, Table 3 shows that,

in the pre-entry period, the mean difference was positive. This means that there were on average more drug

selling and manufacturing crimes in the winner counties than in the loser ones. But, after treatment, this

relationship reverts because of the decrease in the amount of crimes.9.

Furthermore, looking at Table 3, the impact on the Drug related crime rate seems to be higher for the

first 3 years after the investment announcement. This suggest that the treatment had an impact at the

beginning, but then disappeared. In fact, comparing the mean different between periods, it’s clear that the

biggest change in crime rates took place in the first year.

In addition Table 5 shows the same coefficient as Table 3 but, using the synthetic controls as the coun-

terfactual. In this case, the effect tends to disappear for Total Drug selling and Manufacturing on All Ages

and Adults. However, the effect becomes stronger for Opium Cocaine and their derivates.

Thus, for these 6 variables that measure Drug Selling and Manufacturing Total for All Ages, Adults and

Juvenile, and more specially for Drug Selling and Manufacturing of Opium, Cocaine and their derivates

among All Ages, Adults and Juveniles I estimated the following difference in difference with fixed effects

model:10

Yictf = π0 + θWinneric + γPostt + δ(Winner × Post) + αc + ηt + µf + εct (4.1)

In this equation, Winner is an indicator signaling 1 when the county has won the case, Post indicates

the period after the treatment11 and δ is the parameter of interest that represents the mean conditional

difference between pre and post plant-entry for winner and control groups. This difference in difference

estimation intends pretends to show the casual effect of the increase on wage bill on drug-related crime rates

conditioning on αc, ηt, and µf . (which are the same fixed affects presented in equation (3.1)).

Tables 7-12 show the results from these regressions on the described and analyzed drug-related crimes.

9There are (in some cases substantial) differences between the coefficient of the tables using different datasets, specially the
ones in the complementary appendix. This, raises some doubt regarding the reliability of the data and the robustness of the
results. However, in both cases (although some minor difference) the overall results and conclusions are the same using any of
the datasets.

10I also checked for Drug Possession and Drug Selling and Manufacturing of Marijuana but there was nothing relevant to say,
other than a non significant impact of the plant announcement. Result are available upon request.

11This is from the end of t = −1 to t = 5. I constructed post =1 if time¿=0. Thus why I get to observe result at 0, because
the plant announcement was made between -1 and 0. This is also in line with Greenstone and Moretti analysis.
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I estimated 4 different models for each crime rate in order to asses the robustness of the results. Model (1)

was estimated using equation (4.1) on the preferred dataset12 but without including time and county fixed

effects. Model (2) uses equation (4.1) on the preferred dataset. Model (3) estimates equation (4.1) using

the dataset that deleted the observations that “miss-behave”13. Finally, Model (4) was estimated using the

synthetic control. In this last model, I did not include county fixed effects. In addition, I estimated equation

(4.1) on the dataset containing all 82 cases and all counties with population less than 100k. These results

are shown in the complementary appendix.

The ideal scenario from Tables 7-12 would be to see significant coefficients for models (2) and (3), because

this would indicate that there is a negative effect of the wage bills on the number of crimes, regardless of

the possible data problems. Moreover, having a similar effect in model (4) in comparison to model (2) and

(3) would also provide the intuition that the results might not be driven by possible bias due to not having

completely trustworthy parallel trends. Finally, model (1) intends to show that adding fixed effects does not

condition the results.

In two of the six tables, I have what I stated in the paragraph above: Table 9 shows impact over Total

Drug Selling and Manufacturing for Juvenile, and Table 12 shows the impact on Opium, Cocaine and their

derivates, Selling and Manufacturing for Juveniles. In both tables, the results are quite similar. They show a

significant but week effect of the increase of wage bills on these crimes. Moreover, the result are very similar

in both tables and for all the specifications, implying that the increase in the wage bill seems to decrease the

crime rate by 0.2% . These results indicates that, on average, 8 less individuals per year carried out crimes

after the plant announcement in comparison with loser counties.14.

Looking at the remaining Tables, there seems to be an effect but it might be even weaker than the one

found for Juveniles. Moreover, there seems to be a different result regarding the significance of the coefficient

for the different dataset. Once I erased the problematic observations (as noted in model(3)) the effect mostly

disappeared. This result is not due to the efficiency I lost because of having a smaller number of observations.

On the contrary, the standard errors of the coefficient goes down and the coefficient also follow the same

trajectory. This is reasonable since I’re deleting the observations that have the biggest change with respect

to the mean observations of the county and thus concentrating the distribution around the mean.

It seems that something happens in Drug Selling and Manufacturing for the Total index and Opium,

Cocaine and their derivates for ages other than Juvenile. Even though, the result are not as robust as

for Juveniles there seems to be a decrease in the number of crimes for these variables. This also should be

considered in the context of the table in section (3.2.1) where the values before the intervention where mostly

12In case you forgot, the most preferred dataset is the one only with counties that have a population greater than 100k.
13See Appendix I for more reference.
14the mean population of the winner counties was roughly 370,000 inhabitants
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positive, then turned negative. Thus, it might be possible that I’re not seeing a significant effect because I

should not be looking at a period of 5 years after the announcement. This might be a too large of a period,

and the effect does not seems to last that long. This might also make a case for why the effect on Juvenile

might not be that strong.

The lasting effect stated in the paragraph above can also be seen by looking at the graphs15 at the end

of the Table and Figures appendix. These figures plot the mean conditional value for each year for loser

and winner counties. In order to get the conditional mean for losers and winners, I ran a regression similar

to (3.1), but adding an indicator (Lit) that equals 1 when in a losing county at time t and removing the

constant to avoid the dummy trap. The regression specification is the one that follows:

Yictf =

5∑
t=−5

πtWit +

5∑
t=−5

λtLit + αc + ηt + µf + ιictf (4.2)

Basically, the figures plot the coefficients πt and λt for each time period. Notice that the difference

πt − λt = βt would be the parameter that I estimated in equation (3.1) if I could have estimated the model

in (4.2) with an intercept.

As it can be seen from almost all of the graphs, there is a big fall in the crime rates after the plant

announcement. Moreover, it seems to be the case that the impact was bigger for the first two years after

the announcement and after that the effect disappears. The lasting effects are somewhat similar to the

Greenstone and Moretti (2004) findings where the wage bill increase was bigger in the first two years after

the intervention. This implies a contemporaneous effect of crime with employment opportunities.

5 Discussion

One interesting fact of this analysis is that I did not find any effect on property crimes. As stated in the

Introduction section, most U.S. studies trying to find a link between crime and unemployment have showed

that a 1% decrease in unemployment generates on average a 1%-2% decrease in property crimes. I believe

that I could not find any result relating to property crimes because the plant entry was not such a big shock

that affected substantially unemployment rate of the winner in comparison with the runner-ups counties

after the intervention.

15Notice that the period of intervention was in some point between -1 and 0, that is why the graphs have a vertical line at
time =-1.
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Since the impact was not big enough to decrease the unemployment rate, this intervention affected

the types of crimes where the opportunity cost is the lowest. These are the criminal activities where the

combination of the probability of being caught and the illicit activity “wage” is the lowest among crime or

crimes where the arrest rate is high and the money the activity generates is very low. Thus, Drug Selling

and Manufacturing might possibly be consider as one of these types of crimes.

Some past research has pointed to different conclusions regarding the previous argument. For instance,

Levitt and Venkatesh (2000)[15] showed that the implicit risk in drug selling more than offsets the small

“wage” from the activity, and that, in some cases, the money that drug sellers get from the illicit activity

is less than the minimum wage. On the other hand, a study conducted by RAND corporation (Reuter and

MacCoun 1990)[20] found that drug-selling seems to be a very profitable activity although the high risk for

drug-sellers in Washington D.C.

In agreement with these paper’s findings, Grogger (1997)[12] has documented that falling real wages have

been an important determinant of rising youth crime for the period of analysis. In addition other researchers

have focused on the involvement on Juveniles in crime, and thus, studied how Juveniles react strongly to the

opportunity cost crime, something that I found to be specially strong in the analysis. Levitt (1998)[14] for

example, shows that Juvenile exhibit a large opportunity cost when the punishment increases. What is more,

Grogger(1997) also points out a really interesting argument where he suggests that the age distribution of

crime may well also be understood as a labor market phenomenon. Since wage increases with the age, the

opportunity cost of delinquency through time declines.

Moreover, there might be other mechanisms explaining these results. For instance, Mocan and Rees

(2005)[17] have shown the importance of family income in the likelihood of young people getting involved

in criminal activities. Thus, in this case, I think that it could be also possible that the opportunity cost

not only affected potential youth criminals directly, but also a indirectly because of increasing their family

income.

However, “Crime is too complex a phenomenon to expect a simple Beckerian price-theoretic model to

have universal explanatory power” Donohue(2009) [8], and thus many other things other than employment

outcomes could be driving the results. This is particularly important, considering that the period of analysis

contains the years where derivates of cocaine became extremely popular in the U.S. and when the gangs

started to increase their influence among youths.

Finally, if this paper really reflects a casual connection and criminals react to opportunity incentives, a

public policy promoting the participation in the formal labor market among potential criminal could be very

influential, specially among the youngest potential felons. After all, the Becker theory of criminal economics

not only provides a theoretical framework, but also a way to fight against criminal activities and prevent the
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worst possible outcome: the crime itself, and the criminal sentence which has specially important effects on

the lives of juveniles.

6 Conclusion

The main finding of this paper is that counties that experienced an increase in wage bill reduced their Drug

Selling and Manufacturing crimes when compared with similar counties before and after the intervention

period. This result is consistent, more robust, and stronger among Juveniles Selling and Manufacturing

Drugs, specially when looking at Opium, Cocaine, and their derivates.

Also, the same increase in wage bill did not impact other types of crimes. Property crime did not change

in the winner counties after the intervention and the decrease in Drug selling and Manufacturing seems to be

explained completely by the decrease in the number of arrest of Drug Selling and Manufacturing of Opium,

Cocaine (and their derivates and not by other drugs selling activities).

I arrive at these results using a research design proposed by Greenstone and Moretii where winner counties

receive an exogenous increase in wage bills because of a “Million Dollar Plant investment”. Thus, I relied on

the profit maximization ranking of investor firms for the identification assumption. This is, I assume that

the crime rate trend in loser counties would be a valid counterfactual for the unobservable crime rate trend

in winner counties after the plant investment announcement took place.

These results are in line with the Becker interpretation of crime as economic activity, proposing that

criminals react to an opportunity incentive. Having said that, there is much to discus and study further.

For example try to understand the possible mechanism underlying this decrease in the number of crimes,

specially for the youngest felons.
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Tables and Figures:

Table 1: Time by Winner

Winner
Time 0 1 Total
-5 72 46 118
-4 71 45 116
-3 71 45 116
-2 69 45 114
-1 71 47 118
0 73 47 120
1 74 48 122
2 74 49 123
3 74 49 123
4 73 48 121
5 71 46 117
Total 793 515 1,308

Table 2: Year of Announcement by Winner

Winner
yearofentry 0 1 Total
1982 22 11 33
1983 55 33 88
1984 25 25 50
1985 77 33 110
1986 11 11 22
1987 42 33 75
1988 99 55 154
1989 92 55 147
1990 41 32 73
1991 171 101 272
1992 77 77 154
1993 81 49 130
Total 793 515 1,308
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Table 3: Mean conditional diffecence at specific time periods

Drug Selling and Manufacturing

TOTAL Opium, Cocaine and derivates
All Ages Adults Juvenile All Ages Adults Juvenile

Wt=-5 0.6415 0.6798 -0.0383 0.5704 0.5584 0.0121
(1.2753) (1.1639) (0.1572) (0.8309) (0.7496) (0.1059)

Wt=-4 1.7174∗ 1.7191∗∗ -0.0017 0.6470 0.6540 -0.0070
(0.9326) (0.8536) (0.1428) (0.8013) (0.7276) (0.1024)

Wt=-3 1.8706 1.7347 0.1359 0.9781 0.8781 0.1000
(1.1484) (1.0466) (0.1392) (0.9320) (0.8442) (0.1154)

Wt=-2 0.8144 0.7460 0.0684 0.7840 0.7005 0.0835
(0.9665) (0.8748) (0.1285) (0.8442) (0.7557) (0.1142)

Wt=-1 0.6316 0.5463 0.0853 0.8576 0.7939 0.0637
(1.0388) (0.9543) (0.1178) (0.9353) (0.8582) (0.0957)

Wt=0 -1.6721 -1.5585 -0.1136 -1.5771∗ -1.4468∗ -0.1303
(1.0478) (0.9524) (0.1358) (0.9103) (0.8222) (0.1146)

Wt=1 -2.1657∗∗ -1.9180∗ -0.2477∗∗ -1.5928∗ -1.3750∗ -0.2178∗∗

(1.0639) (0.9695) (0.1226) (0.8619) (0.7798) (0.1043)

Wt=2 -1.4059 -1.1446 -0.2612∗∗ -0.8042 -0.5902 -0.2141∗∗

(1.0661) (0.9725) (0.1189) (0.8098) (0.7368) (0.0921)

Wt=3 -1.9389∗ -1.7704∗ -0.1686 -1.1622 -1.0040 -0.1582
(1.0934) (0.9909) (0.1376) (0.9264) (0.8306) (0.1138)

Wt=4 -1.6038 -1.4456 -0.1582 -1.2664 -1.1106 -0.1557
(1.1927) (1.0585) (0.1719) (1.0328) (0.9146) (0.1417)

Wt=5 -1.2040 -0.9525 -0.2515 -1.1529 -0.9579 -0.1950
(1.2141) (1.0806) (0.1715) (1.1155) (0.9988) (0.1377)

N 1308 1308 1308 1308 1308 1308
R2 0.639 0.636 0.593 0.634 0.630 0.624
F − test 0.451 0.358 0.795 0.922 0.912 0.428

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

NOTE: this table shows the results of equation (3.1), the dependent variables Total
drug selling and Manufacturing and drug selling and manufacturing of Opium, Co-
caine and their derivates divided by the county population and multiplied by 10,000.
Each row indicates the dependent variable mean conditional difference of winners
and loser at each specific time period.The standard errors are clustered at county
level. F-test provides the p-value of joint test for the pre-treatment coefficients.
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Table 4: Parallel trend assumption check for pre-treatment years

Drug Selling and Manufacturing

TOTAL Opium, Cocaine and derivates
All Ages Adults Juvenile All Ages Adults Juvenile

Wt=-4 1.1997 1.1634 0.0363 0.2310 0.2358 -0.0048

(0.9187) (0.8607) (0.0929) (0.3692) (0.3490) (0.0362)

Wt=-3 0.3091 0.1813 0.1278 0.4577 0.3547 0.1030
(0.6846) (0.6165) (0.0980) (0.5320) (0.4770) (0.0673)

Wt=-2 -0.9517 -0.8885 -0.0631 -0.1414 -0.1327 -0.0087
(0.9893) (0.9102) (0.1169) (0.7045) (0.6334) (0.0938)

Wt=-1 0.2107 0.1520 0.0587 0.5001 0.4553 0.0448
(0.9665) (0.9003) (0.0982) (0.8689) (0.8024) (0.0811)

N 1181 1181 1181 1181 1181 1181
R2 0.057 0.057 0.064 0.067 0.067 0.065
F − test 0.711 0.696 0.706 0.897 0.900 0.503

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Equation (3.1) using the crime rate time difference in each county as the depen-
dent variables. included are time, county and case fixed effects. Standard errors
are clustered at the county level. F-test provides the p-value of joint test for the
pre-treatment coefficients
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Table 5: Mean conditional diffecence at specific time periods with synthetic control for each case

Drug Selling and Manufacturing

TOTAL Opium, Cocaine and derivates
All Ages Adults Juvenile All Ages Adults Juvenile

Wt=-5 0.5994 0.8008 -0.1888 0.1053 0.1256 -0.0169
(1.2163) (1.1208) (0.1250) (0.6069) (0.5696) (0.0613)

Wt=-4 -0.0966 0.0405 -0.1547 -0.3008 -0.2396 -0.0582
(0.8716) (0.8096) (0.1058) (0.5352) (0.4924) (0.0544)

Wt=-3 0.6398 0.7287 -0.0862 -0.6352 -0.5725 -0.0628
(0.9380) (0.8840) (0.0866) (0.7061) (0.6515) (0.0634)

Wt=-2 0.1636 0.2476 -0.0831 -0.3551 -0.2844 -0.0679
(0.9330) (0.8856) (0.0853) (0.6172) (0.5627) (0.0666)

Wt=-1 0.3516 0.3488 -0.0071 -0.2123 -0.1720 -0.0358
(1.1570) (1.0917) (0.0991) (0.7837) (0.7229) (0.0759)

Wt=0 -1.2340 -1.2485 -0.0073 -1.4626 -1.3700 -0.0867
(1.1633) (1.1204) (0.1058) (0.8942) (0.8513) (0.0828)

Wt=1 -1.6692 -1.4521 -0.2268 -1.9609∗ -1.7596∗ -0.1861
(1.3890) (1.2875) (0.1469) (1.1266) (1.0330) (0.1207)

Wt=2 -1.0977 -0.8494 -0.2735∗∗ -1.3422 -1.1028 -0.2269∗∗

(1.0994) (1.0211) (0.1343) (0.8816) (0.8174) (0.0996)

Wt=3 -1.1318 -0.9488 -0.1788 -1.8084∗ -1.5803 -0.2297∗

(1.4002) (1.3158) (0.1484) (1.0653) (0.9784) (0.1222)

Wt=4 -1.7514 -1.5550 -0.1902 -2.0288∗ -1.8106∗ -0.2145
(1.2283) (1.1370) (0.1633) (1.0757) (0.9843) (0.1391)

Wt=5 -1.7631 -1.5881 -0.1736 -1.5845 -1.4573 -0.1262
(1.3241) (1.2402) (0.1568) (1.1157) (1.0375) (0.1181)

N 1452 1452 1452 1452 1452 1441
R2 0.425 0.411 0.389 0.443 0.433 0.410

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

NOTE: this table shows the results of equation (3.1), the dependent variables To-
tal drug selling and Manufacturing and drug selling and manufacturing of Opium,
Cocaine and their derivates divided by the county population and multiplied by
10,000. Each row indicates the dependent variable mean conditional difference of
winners and the synthetic control at each specific time period. Robust standard
errors.
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Table 6: Parallel trend assumption check for pre-treatment years with synthetic control in each bidding
process

Drug Selling and Manufacturing

TOTAL Opium, Cocaine and derivates
All Ages Adults Juvenile All Ages Adults Juvenile

Wt=-4 -0.6706 -0.7199 0.0323 -0.3759 -0.3331 -0.0406

(1.1446) (1.0764) (0.1044) (0.4009) (0.3873) (0.0266)

Wt=-3 0.6275 0.6260 0.0753 -0.3580 -0.3553 -0.0044
(0.8985) (0.8398) (0.1074) (0.5046) (0.4590) (0.0534)

Wt=-2 -0.4255 -0.4313 0.0105 0.2776 0.2848 -0.0019
(0.8664) (0.8299) (0.0857) (0.4835) (0.4368) (0.0592)

Wt=-1 0.1515 0.1040 0.0628 0.1275 0.0952 0.0294
(0.9081) (0.8685) (0.0770) (0.5867) (0.5432) (0.0556)

N 1320 1320 1320 1320 1320 1310
R2 0.025 0.025 0.031 0.035 0.036 0.028

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

NOTE: equation (3.1) using the time difference in each specific crime rate (crime
level over population by 10,000) as the dependent variables. I Included time
and case fixed effects. Robust standard errors.
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Table 7: Difference in Difference

TOTAL Drug Selling and Manufacturing
All ages

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

δ̂ -2.7941∗∗ -2.6918∗∗ -1.6345 -2.3837∗∗∗

(1.2878) (1.2991) (1.1286) (0.6452)

Fixed Effects NO YES YES YES
N 1308 1308 808 982
R2 0.358 0.638 0.757 0.512

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

NOTE: These are the results of estimating equation (4.1) us-
ing each specific crime rate as the dependent variables. Model
(1) and (2) was estimated with the most preferred specification;
Model (3) uses the dataset after the elimination of the observa-
tions described in the appendix; Model (4) was estimated using
the synthetic control as comparison group, this model does not
include county fixed effects and the standard error are robust to
heteroskedasticity.
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Table 8: Difference in Difference

TOTAL Drug Selling and Manufacturing
Adults only

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

δ̂ -2.5675∗∗ -2.4468∗∗ -1.3094 -2.1091∗∗∗

(1.1949) (1.2040) (1.0138) (0.6023)

Fixed Effects NO YES YES YES
N 1308 1308 819 982
R2 0.350 0.635 0.753 0.499

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

NOTE: These are the results of estimating equation (4.1) us-
ing each specific crime rate as the dependent variables. Model
(1) and (2) was estimated with the most preferred specification;
Model (3) uses the dataset after the elimination of the observa-
tions described in the appendix; Model (4) was estimated using
the synthetic control as comparison group, this model does not
include county fixed effects and the standard error are robust to
heteroskedasticity.

Table 9: Difference in Difference

TOTAL Drug Selling and Manufacturing
Juvenile only

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

δ̂ -0.2266 -0.2450∗ -0.1983∗ -0.2745∗∗∗

(0.1414) (0.1439) (0.1162) (0.0773)

Fixed Effects NO YES YES YES
N 1308 1308 1053 982
R2 0.324 0.592 0.691 0.447

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

NOTE: These are the results of estimating equation (4.1) us-
ing each specific crime rate as the dependent variables. Model
(1) and (2) was estimated with the most preferred specifica-
tion; Model (3) uses the dataset after the elimination of the
observations described in the appendix; Model (4) was esti-
mated using the synthetic control as comparison group, this
model does not include county fixed effects and the standard
error are robust to heteroskedasticity.
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Table 10: Difference in Difference

Drug Selling and Manufacturing

Opium, Cocaine and their derivates
All ages

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

δ̂ -2.0043∗ -1.9542∗ -1.5732 -2.6258∗∗∗

(1.1347) (1.1485) (1.0409) (0.5288)

Fixed Effects NO YES YES YES
N 1308 1308 809 982
R2 0.346 0.634 0.748 0.521

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

NOTE: These are the results of estimating equation (4.1) us-
ing each specific crime rate as the dependent variables. Model
(1) and (2) was estimated with the most preferred specifica-
tion; Model (3) uses the dataset after the elimination of the
observations described in the appendix; Model (4) was esti-
mated using the synthetic control as comparison group, this
model does not include county fixed effects and the standard
error are robust to heteroskedasticity.

Table 11: Difference in Difference

Drug Selling and Manufacturing
Opium, Cocaine and their derivates

All ages
(1) (2) (3) (4)

δ̂ -1.7928∗ -1.7301 -1.5098∗ -2.3752∗∗∗

(1.0436) (1.0554) (0.8853) (0.4893)

Fixed Effects NO YES YES YES
N 1308 1308 837 982
R2 0.340 0.630 0.754 0.515

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

NOTE: These are the results of estimating equation (4.1) us-
ing each specific crime rate as the dependent variables. Model
(1) and (2) was estimated with the most preferred specifica-
tion; Model (3) uses the dataset after the elimination of the
observations described in the appendix; Model (4) was esti-
mated using the synthetic control as comparison group, this
model does not include county fixed effects and the standard
error are robust to heteroskedasticity.
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Table 12: Difference in Difference

Drug Selling and Manufacturing

Opium, Cocaine and their derivates
Juvenile Only

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

δ̂ -0.2114∗ -0.2241∗ -0.1913∗ -0.2506∗∗∗

(0.1188) (0.1216) (0.1043) (0.0605)

Fixed Effects NO YES YES YES
N 1308 1308 977 971
R2 0.327 0.624 0.688 0.442

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

NOTE: These are the results of estimating equation (4.1) using
each specific crime rate as the dependent variables. Model (1)
and (2) was estimated with the most preferred specification;
Model (3) uses the dataset after the elimination of the obser-
vations described in the appendix; Model (4) was estimated us-
ing the synthetic control as comparison group, this model does
not include county fixed effects and the standard error are ro-
bust to heteroskedasticity.
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Appendix I : UCR data

The data

The Crime data that I used is the raw UCR (Uniform Crime Reporting) data provided by the FBI. This

database is based on monthly summary reports of crimes known and arrests made by the police. The

particularity of the data is that it is reported at the police agency level (over 17,000 of the 18,000 agencies)

and that these agencies are not obligated to report their crimes. Hence, although most of them try to report

their crimes they might end up not doing so because of several reasons such as: budget problems, personnel

shifts, small agencies don’t have crimes to report for long periods and opt not to report. Moreover, there are

together with the non-reporting of the data in some cases, possibility of finding miss-reported data because

of human error. Because of this the FBI have tried to impute the missing data, but unfortunately they did

not identified in the received database the imputed data, and accordingly to Maltz (1999) these imputations

have several problems. Moreover, According to Maltz (1999) for the period that I analyzed (1977-1998) more

than 95% of the U.S population was covered in the UCR datafile.

Furthermore, along with the missing and miss-reporting data there are also some cases on where the

reporting from one agency is covered by other agency. In other words, some agencies for a given year end up

reporting their crimes and also the crimes from other (generally smaller) nearby agency. Again, I could not

observe anything flagging this problem. However, looking at data is somehow clear when this inconvenient

took place.

The cleaning process used

Taking into account the previous mentioned problems I cleaned the data using several algorithms to trying

to address these problems. Firstly, from the raw data received from the FBI I created the panel for all types

of crimes using python, and I erased the years on where the total number of part 1 crimes for all ages equals

0 and the counties that were missing the population. This is the base data and form these datafile I did the

following cleaning:

• I calculated the growth rate per year for each crime and I deleted for each type of crime all the counties

that contained more than 5 instances on where the growth rate of the crime was higher than 50% and

the level difference was bigger than 50.

• I deleted all observations on where the growth rate was bigger than 50% between years and the level

difference is more than 50.
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• I deleted all the counties on where the number of crimes in the analyzed years (for a given crime, not

for all) were less than 5.

• I also dropped the counties on where the population was less than 100,000.

• Finally, I deleted all cases on where the amount of treatment and comparison observation where less

than 5 each per bidding process. Thus, I have for every case at least 5 comparisons for every 5 treated

units.

I acknowledge that by doing this deletion of the data I will end up having an unbalanced panel. However,

this deletions are made due to supposed miss-behavior of the data and this miss-behavior come from the

arguments provided above. I thus believe that all data problems and hence all the deletions I made where

the response of random errors in the panel data. If this where not the case the result would be bias, because

the missing data would be correlated with the error term creating an endogeneity problem in the coefficient

of interest. This effect is also somehow “tested” when doing the analysis across different types of databases.

In addition, I also checked for quadratic trend as Owen and Evans (2007) [9] did, but this approach not

only does not feet the data correctly, but they also left on their cleaning process a level of subjectiveness

by “checking the graphs” and deciding which crime to chose, making impossible to replicate their approach.

Furthermore, I also checked for difference of the observations over a simple and weighted moving average for

the 11 periods and I graphed and checked all the crimes for all the counties under analysis.

I added this appendix section with the intention to be as transparent as possible with the utilization of

the Data. I acknowledge the problems that Maltz et al. stated and I tried to clean the data accordingly in

order to have a “reliable” data set and that the decision whether to include or not a county or observation

on the analysis was subject to objective algorithms cleaning and not on my own perception of the graphical

trend.

Although I tried to accomplish a reliable data set, I acknowledge that the manipulation of the data in

a different way could change the results I found. However, for most of the cleaning variation that I tried

to implement, the effect of MDP on selling and manufacturing of Opium, cocaine and their derivates was

robust and stable.
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Appendix II: Tables and figures 2
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Table 13: Mean conditional difference at specific time periods

Total Part 1 Total Part 2

All Ages Adults Juvenile All Ages Adults Juvenile

Wt=-5 -0.8056 1.2275 -2.0332 22.8131 26.2329 -3.4198
(4.8007) (3.6037) (1.9112) (25.3219) (24.2424) (2.8444)

Wt=-4 -1.3400 -1.0818 -0.2582 -1.2953 2.1783 -3.4736
(4.6367) (3.5508) (1.8353) (16.2450) (14.6125) (2.7964)

Wt=-3 -1.0461 -0.0473 -0.9988 -16.7383 -12.1757 -4.5625
(5.2882) (4.0627) (1.7966) (17.7586) (16.3759) (2.8166)

Wt=-2 -7.0427 -4.2505 -2.7922∗ -31.7298∗ -25.1445 -6.5853∗∗

(4.9414) (3.9720) (1.5949) (16.6065) (15.4866) (2.7340)

Wt=-1 -0.1254 1.4076 -1.5329 -2.6984 1.8419 -4.5403∗

(3.7029) (2.8645) (1.3216) (14.0208) (12.8395) (2.6696)

Wt=0 -0.3275 -0.2518 -0.0757 3.1421 4.1323 -0.9903
(3.0413) (2.2273) (1.2612) (12.4288) (11.4490) (2.2118)

Wt=1 2.2651 0.6755 1.5896 4.2453 1.4878 2.7575
(3.9464) (2.8994) (1.4670) (12.7006) (11.6600) (2.2857)

Wt=2 1.9820 0.4744 1.5076 11.5551 7.8164 3.7387
(4.2705) (3.2037) (1.5593) (15.5382) (14.0237) (2.7781)

Wt=3 2.7747 1.6302 1.1445 9.6694 6.2650 3.4044
(3.3770) (2.5467) (1.4936) (13.0520) (11.8157) (2.8636)

Wt=4 -1.7979 -0.6938 -1.1041 -0.0079 -1.4017 1.3938
(4.5028) (3.5364) (1.5847) (13.8449) (12.8075) (2.8146)

Wt=5 1.0539 1.7497 -0.6958 1.1487 2.3728 -1.2240
(3.8972) (3.0519) (1.5513) (16.2433) (14.3370) (3.7993)

N 1308 1308 1308 1308 1308 1308
R2 0.797 0.807 0.752 0.874 0.878 0.769
F − test 0.745 0.658 0.485 0.424 0.380 0.301

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

NOTE: this table shows the results of equation (3.1), the dependent variables is the
Total crime index for part1 and part2 divided by the county population and multi-
plied by 10,000. Each row indicates the dependent variable mean conditional differ-
ence of winners and loser at each specific time period.The standard errors are clus-
tered at county level. F-test provides the p-value of joint test for the pre-treatment
coefficients.
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Table 14: Parallel trend assumption check for pre-treatment years

Total Part 1 Total Part 2

All Ages Adults Juvenile All Ages Adults Juvenile

Wt=-4 -0.7017 -2.3289 1.6271 -22.5044 -21.9580 -0.5464

(4.5898) (3.2168) (1.7468) (28.3556) (26.7839) (2.3515)

Wt=-3 0.6500 1.2946 -0.6445 -11.7458 -10.3775 -1.3683
(4.0623) (3.0293) (1.4886) (13.5671) (12.4994) (2.0925)

Wt=-2 -6.9934 -5.0554 -1.9380 -14.5191 -10.9828 -3.5363
(7.3634) (5.6732) (2.0557) (19.6110) (18.1715) (2.3702)

Wt=-1 5.6764 5.2559 0.4205 24.1472 23.7018 0.4454
(5.9774) (4.8183) (1.6230) (18.5732) (16.9688) (2.6385)

N 1181 1181 1181 1181 1181 1181
R2 0.038 0.038 0.059 0.048 0.049 0.067
F − test 0.714 0.476 0.823 0.377 0.430 0.509

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Equation (3.1) using the crime rate time difference in each county as the depen-
dent variables. included are time, county and case fixed effects. Standard errors
are clustered at the county level. F-test provides the p-value of joint test for the
pre-treatment coefficients.
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Table 15: Mean conditional difference at specific time periods

Burglary Larceny

All Ages Adults Juvenile All Ages Adults Juvenile

Wt=-5 1.4333 1.2363∗ 0.1970 -2.1608 -0.2057 -1.9551∗

(1.0077) (0.6638) (0.4890) (2.7517) (2.0715) (1.1590)

Wt=-4 1.3690∗ 0.7895 0.5794 -1.3556 -0.8298 -0.5258
(0.8210) (0.5868) (0.4138) (3.2375) (2.4523) (1.2199)

Wt=-3 -0.1222 0.3338 -0.4561 -2.5051 -1.2213 -1.2837
(0.7617) (0.5468) (0.3443) (2.4835) (2.0541) (0.9549)

Wt=-2 -0.3691 -0.0461 -0.3231 -2.8571 -1.3181 -1.5389∗

(0.8274) (0.6080) (0.3508) (2.5547) (2.0854) (0.8431)

Wt=-1 0.1723 0.2122 -0.0398 0.3822 1.2322 -0.8500
(0.6849) (0.5121) (0.3058) (1.9983) (1.5488) (0.7696)

Wt=0 -0.6917 -0.5251 -0.1666 -1.0378 -0.9641 -0.0738
(0.6235) (0.4445) (0.2805) (1.8512) (1.3951) (0.7757)

Wt=1 -0.3496 -0.5499 0.2004 0.5047 -0.3306 0.8353
(0.7101) (0.4773) (0.3299) (2.0797) (1.5317) (0.8450)

Wt=2 -0.3624 -0.5449 0.1824 2.5098 0.9786 1.5312
(0.7205) (0.5257) (0.2842) (2.4693) (1.8443) (0.9595)

Wt=3 0.2928 -0.0310 0.3237 3.5629 1.7990 1.7639
(0.5597) (0.4511) (0.2576) (2.4078) (1.7537) (1.0629)

Wt=4 -0.3413 -0.2583 -0.0830 1.0542 0.8459 0.2082
(0.7226) (0.5651) (0.2761) (2.8122) (2.1303) (1.0669)

Wt=5 0.7620 0.6130 0.1490 2.3719 2.3361 0.0358
(0.7631) (0.5616) (0.3493) (2.5867) (2.0482) (0.9708)

N 1308 1308 1308 1308 1308 1308
R2 0.820 0.805 0.793 0.771 0.760 0.780
F − test 0.473 0.457 0.350 0.871 0.900 0.338

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

NOTE: this table shows the results of equation (3.1), the dependent variables are
Burglary and Larceny divided by the county population and multiplied by 10,000.
Each row indicates the dependent variable mean conditional difference of winners
and loser at each specific time period.The standard errors are clustered at county
level. F-test provides the p-value of joint test for the pre-treatment coefficients.
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Table 16: Parallel trend assumption check for pre-treatment years

Burglary Larceny

All Ages Adults Juvenile All Ages Adults Juvenile

Wt=-4 0.0826 -0.3407 0.4232 0.1783 -0.9724 1.1508

(0.7311) (0.4918) (0.4090) (3.0310) (2.0649) (1.1985)

Wt=-3 -1.3760 -0.3813 -0.9947∗∗ -1.5654 -0.6151 -0.9503
(0.9634) (0.6572) (0.4500) (3.1139) (2.2124) (1.1886)

Wt=-2 -0.3102 -0.4104 0.1001 -1.1955 -0.7739 -0.4216
(0.9342) (0.6935) (0.3835) (3.0312) (2.4579) (0.8684)

Wt=-1 0.2123 0.0713 0.1409 2.2375 2.0920 0.1455
(0.9579) (0.6884) (0.4243) (3.0378) (2.4164) (0.9031)

N 1181 1181 1181 1181 1181 1181
R2 0.050 0.048 0.066 0.046 0.050 0.058
F − test 0.520 0.605 0.289 0.896 0.792 0.885

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Equation (3.1) using the crime rate time difference in each county as the depen-
dent variables. included are time, county and case fixed effects. Standard errors
are clustered at the county level. F-test provides the p-value of joint test for the
pre-treatment coefficients
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Table 17: Parallel trend assumption check for pre-treatment years

Robbery Total Drug-crimes

All Ages Adults Juvenile All Ages Adults Juvenile

Wt=-5 0.0711 0.2732 -0.2021 3.6058 3.6438 -0.0380
(0.3561) (0.2600) (0.1571) (2.4947) (2.2221) (0.4468)

Wt=-4 0.0105 0.1769 -0.1664 3.8177∗ 3.8781∗∗ -0.0604
(0.2892) (0.2258) (0.1365) (1.9503) (1.7643) (0.3965)

Wt=-3 -0.0107 0.1099 -0.1206 2.0720 2.0592 0.0127
(0.2815) (0.2261) (0.1204) (2.5138) (2.3479) (0.3667)

Wt=-2 -0.2161 -0.0807 -0.1355 -1.6505 -1.3228 -0.3277
(0.3444) (0.2976) (0.1252) (2.3585) (2.1526) (0.3537)

Wt=-1 0.2982 0.3119 -0.0137 -1.8875 -1.6574 -0.2301
(0.2581) (0.1990) (0.1086) (2.2014) (1.9385) (0.3562)

Wt=0 -0.1640 -0.1481 -0.0159 -3.6401 -3.1857 -0.4544
(0.2879) (0.2104) (0.1102) (2.4183) (2.1396) (0.3505)

Wt=1 -0.0733 -0.1262 0.0529 -4.8642∗∗ -4.5003∗∗ -0.3640
(0.3164) (0.2528) (0.1194) (2.3359) (2.1107) (0.3192)

Wt=2 -0.2686 -0.3466 0.0781 -1.3422 -1.3985 0.0563
(0.2833) (0.2254) (0.1273) (2.5615) (2.3061) (0.3664)

Wt=3 -0.1654 -0.1178 -0.0476 -0.1708 -0.4098 0.2390
(0.2279) (0.2044) (0.1096) (2.1544) (1.9340) (0.3842)

Wt=4 -0.3631 -0.2161 -0.1470 -3.6286 -3.1907 -0.4379
(0.3755) (0.3240) (0.1259) (2.6397) (2.3884) (0.4365)

Wt=5 -0.0463 0.0566 -0.1029 -0.6927 -0.3477 -0.3450
(0.3565) (0.2748) (0.1467) (3.4372) (3.0763) (0.5496)

N 1308 1308 1308 1308 1308 1308
R2 0.892 0.881 0.794 0.809 0.812 0.623
F − test 0.830 0.317 0.806 0.355 0.263 0.944

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

NOTE: this table shows the results of equation (3.1), the dependent variables are
Robbery and Total Drug-crimes divided by the county population and multiplied
by 10,000. Each row indicates the dependent variable mean conditional difference
of winners and loser at each specific time period.The standard errors are clustered
at county level. F-test provides the p-value of joint test for the pre-treatment co-
efficients.
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Table 18: Parallel trend assumption check for pre-treatment years

Robbery Tota Drug-crimes

All Ages Adults Juvenile All Ages Adults Juvenile

Wt=-4 -0.0762 -0.0922 0.0160 0.7971 0.8437 -0.0466

(0.2589) (0.2138) (0.0844) (1.5443) (1.3783) (0.3068)

Wt=-3 0.0285 -0.0357 0.0642 -0.9247 -1.0546 0.1299
(0.2809) (0.2298) (0.0859) (2.0867) (1.9035) (0.3066)

Wt=-2 -0.1349 -0.1186 -0.0163 -3.8851 -3.4857 -0.3994
(0.4297) (0.3572) (0.1081) (2.8942) (2.5758) (0.4105)

Wt=-1 0.4535 0.3922 0.0613 -0.3036 -0.3281 0.0245
(0.4854) (0.3930) (0.1312) (2.3536) (2.1676) (0.2754)

N 1181 1181 1181 1181 1181 1181
R2 0.038 0.038 0.058 0.059 0.059 0.095
F − test 0.826 0.754 0.910 0.530 0.474 0.885

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Equation (3.1) using the crime rate time difference in each county as the depen-
dent variables. included are time, county and case fixed effects. Standard errors
are clustered at the county level. F-test provides the p-value of joint test for the
pre-treatment coefficients
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