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ABSTRACT 

The empirical literature and government reports alike indicate methamphetamine poses a 

great threat to the United States in areas such as crime. However, the current scholarship on drug 

crime has limited information on issues related to methamphetamine crime. To date, previous 

works on drug crime have yet to systemically examine the impacts of drug seizure amounts 

related to drug enforcement actions on methamphetamine crime. Further, we do not know 

whether the findings of earlier works extend and apply to methamphetamine crime.  

The present study, built on these earlier studies, proposes to examine the impacts of two 

different types of methamphetamine seizure incidents, small-scale seizures, which are most 

likely associated with street-level methamphetamine enforcement actions (i.e., arrests and 

citations), and large-scale seizure incidents, which are most likely associated with high-level 

methamphetamine enforcement actions (i.e.,  preplanned enforcement actions such as raids and 

long-term narcotics investigations), in and around target locations on later street-level 

methamphetamine crime incidents in the target location. In other words, the main objective of 

this study is to measure the spatiotemporal spillover impacts of large-scale and small-scale 

methamphetamine seizure incidents.  

Methamphetamine crime incident and seizure data, covering January 1, 2015 through 

December 31, 2020, was obtained from the Automated Regional Justice Information System 

(ARJIS), a division of the San Diego Association of Governments. A two-way fixed-effects 

(2WFE) spatial lag of X (SLX) model was used to test the aforementioned research questions. 

Nearby areas based on the target location were defined using first- and second-order queen 

contiguity method. Larger size nearby target locations were defined by combining areas 
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generated by these two queen contiguity methods. The theories of deterrence, spatial diffusion of 

benefits, and spatial displacement were applied to explain the spatiotemporal dynamics 

connecting methamphetamine seizure amounts to later street-level methamphetamine crime 

incidents.  

Broadly, the results of regression analysis found possible spatial displacement of 

methamphetamine crime associated with small-scale seizure incidents while spatial diffusion of 

benefits was associated with large-scale seizure incidents. The impact sizes and statistical 

significance of these methamphetamine seizure incidents were dependent on space-time 

combination.  

The findings have theoretical, practical, and policy implications for both drug crime 

researchers and policing practitioners concerned with understanding and suppressing 

methamphetamine crime. 
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CHAPTER 1: INTRODUCTION 

This study investigates the impacts of different methamphetamine seizure amounts on 

later methamphetamine crime incidents. This study primarily focuses on two types of 

methamphetamine seizure incidents: large-scale methamphetamine seizures (denoted as 

“MEA”1) and small-scale methamphetamine seizures (denoted as “mea”2). By definition, 

methamphetamine crime incidents are the same as street-level methamphetamine enforcement 

actions. However, conceptually, they were renamed to reflect the change from a predictor (i.e., 

earlier arrests and citations) to the outcome measure (i.e., later arrests and citations). Both large- 

and small-scale methamphetamine seizure amounts and the hypothesized links between these 

seizure amounts to different types of enforcement actions have implications for theory and 

practice. 

Previous Studies on Large-Scale Seizures and High-Level Enforcement 

Specific terms such as large quantities and high-level enforcement used in previous drug 

crime studies refer to large amounts of drugs, greater than the amounts of drugs packaged for 

retail sales, seized by law enforcement agencies (Natarajan, Zanella, & Yu, 2015; Pollack & 

Reuter, 2014). Although not many, previous studies used drug seizure amounts to differentiate 

drug enforcement actions and drug actors. In comparing different types of drug trafficking 

organizations prosecuted in New York City, Natarajan et al. (2015) used drug seizure amounts of 

greater than ten kilograms, irrespective to the type of drugs, as the threshold amount.  

                                                 
1 MEA = large-scale methamphetamine seizure incidents. 

2 mea = small-scale methamphetamine seizure incidents. 
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Other studies used the term high-level or large quantity to describe drug seizures by law 

enforcement agencies but the quantity of drugs was smaller. For example, Weatherburn and Lind 

(1997) examined the impacts of 36 large scale heroin seizures on purity and price. In this study, 

the authors indicated “most seizures (58%) were under 5 kg. There were five seizures of 15 kg or 

more” (Weatherburn & Lind, 1997, p. 563). Yuan and Caulkins (1998) used the term high-level 

domestic drug enforcement to reference cocaine and heroin seizures conducted by law 

enforcement agencies. In this study, the authors placed drug seizure amounts into three 

categories of  “retail cocaine purchases between 0 to 3.5 grams; wholesale cocaine purchases 

between 13 to 150 grams3; and heroin purchases between 0 to 12 grams” (Yuan & Caulkins, 

1998, p. 267). In another study, drug suppliers were defined as those who sell drugs in ounces 

(Jacques & Allen, 2014). In sum, it appears that terms such as high-level or large quantity 

generally refer to drug amounts greater than a few grams packaged for street sales. But there is 

no agreed minimum amount for what constitutes a large-scale seizure.   

High-level drug seizures are most likely associated with specialized drug enforcement 

actions instead of routine patrol (Reuter & Kleiman, 1986; The United States Attorney's Office - 

Southern District of California, n.d.; Yuan & Caulkins, 1998). In other words, high-level or 

large-quantity drug seizures often are the results of preplanned drug enforcement actions. 

Preplanned drug enforcement actions, such as narcotics search warrants and wiretaps, require 

additional investigative methods compared to routine patrol which is generally based on officers’ 

observations or consensual encounters with subjects. For example, Yuan and Caulkins (1998, p. 

265) stated “high-level domestic enforcement typically consists of undercover purchases and 

                                                 
3 The authors did not provide information for cocaine amount between 3.5 grams and 13 grams.  
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drug seizures directed at drug dealers, especially high-level dealers.” Preplanned drug 

enforcement actions, such as undercover investigations, financial investigation, and forfeiting 

drug proceeds, against high-level drug sellers, can result in seizing large amounts of drugs and 

assets (Reuter & Kleiman, 1986, pp. 322-323).  

These elements associated with different methamphetamine seizure amounts could be 

extended to explain varying levels of deterrence of methamphetamine crime actors. 

Theoretically, the level of deterrence linked to large-scale methamphetamine seizure incidents 

could be greater than small-scale methamphetamine seizure incidents as large-scale seizure 

incidents would be more likely to generate a higher-level of visibility. For example, in general, 

small-scale seizure incidents often involve an officer or two making a street-level drug arrest and 

officers do not spend a long time out in the street. In addition, since many street-level drug actors 

get a citation for a drug possession charge at the scene or released from jail within a few hours4, 

it may not influence the decision-making process of drug offenders who witness the arrest. In 

contrast, large-scale seizures, which are more likely to be associated with large-scale raids or 

crackdowns, involve multiple officers and federal law enforcement agents. These law 

enforcement officers remain on the scene for a longer period of time and arrestees do not get a 

citation or released from jail shortly after their arrest. Therefore, it is reasonable to assume that 

large-scale methamphetamine seizure incidents would more likely to deter drug actors.  

Operationally, large-scale seizure incidents could have more implications compared to 

small-scale seizure incidents. Small-scale seizure incidents are most likely linked to street-level 

                                                 
4 See subsection Data sources – Types of data and time frame regarding Proposition 47, “The Safe Neighborhoods 

and Schools Act” (Judicial Council of California, 2015, 2019) 
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drug actors operating at a particular location where officers patrol. On the other hand, large-scale 

seizure incidents are most likely linked to drug actors who might be a narcotics source of supply. 

Therefore, law enforcement officers would likely to spend more time investigating a criminal 

network which the arrestee is part of in an attempt to make additional arrests or to reveal the full-

scope of criminal activities which the arrestee and his or her co-conspirators had committed (see 

Morselli & Petit, 2007).  

The Relationship between Drug Enforcement Actions and Drug Crime is Not Consistent in 

the Literature 

 Some previous research which examined the link between drug enforcement actions and 

drug crime showed that enforcement actions reduced later drug crime incidents. Those studies 

indicated spatial diffusion of benefits and deterrence were possible theoretical reasons for such 

an outcome (Sherman et al., 1995; Taylor, 2006; Weisburd & Green, 1995). The spatial diffusion 

of benefits refers to “the unexpected reduction of crimes not directly targeted by the preventive 

action” (Clarke & Weisburd, 1994, p. 165). On the other hand, other research which examined 

the same topic showed no relationship. Those latter studies indicated spatial displacement of 

drug actors, high profits, and drug sellers being easily replaceable as possible theoretical reasons 

for such an outcome (Aitken, Moore, Higgs, Kelsall, & Kerger, 2002; Caulkins, 1992; Reppetto, 

1976; Reuter, MacCoun, Murphy, Abrahamse, & Simon, 1990; Wood et al., 2004). Finally, some 

previous studies showed that enforcement actions increased later drug crime incidents. As drug 

enforcement increased (arrests and seizures), drug crime also increased. Those studies indicated 

factors such as increased police presence leading to a higher number of arrests, spatial 

displacement, and a higher-level of citizen involvement in notifying police about potential 
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criminal activities, as possible theoretical reasons for such outcome (Hope, 1994; Lawton, 

Taylor, & Luongo, 2005; Mazerolle, Price, & Roehl, 2000).  

The present study aims to address the following questions in order to clarify the link 

between methamphetamine enforcement actions, in the form of small-scale and large-scale 

seizure incidents, and methamphetamine crime incidents: (1) Do small-scale methamphetamine 

seizure incidents (a) in and (b) around target areas depress later methamphetamine crime 

incidents in those same target locations? (2) Do large-scale methamphetamine seizure incidents 

(a) in and (b) around target areas depress later methamphetamine crime incidents in those same 

target locations? The findings of this study provide insights into the theoretical dynamics linking 

methamphetamine seizure incidents and any observed changes on later methamphetamine crime 

incidents. Further, these theoretical insights in turn provide guidance to practitioners as they 

develop evidence-based methamphetamine enforcement strategies to suppress methamphetamine 

crime more effectively.  

Drug Focus 

Methamphetamine poses a great threat to the US in areas such as crime (Health and 

Human Services Agency, 2017; Shukla, Crump, & Chrisco, 2012; Stoneberg, Shukla, & 

Magness, 2018). According to the National Drug Intelligence Center (2017, p. 77), 

methamphetamine seizures in the southwest border region increased 157 percent from 2012 to 

2015.  National Surveys on Drug Use and Health showed approximately 1.6 million adults who 

participated in the survey between 2015 through 2018 indicated the use of methamphetamine in 

previous year (Jones, Compton, & Mustaquim, 2020). Despite substantial increases in 

methamphetamine seizures around the US-Mexico border regions, and despite significant 
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problems associated with methamphetamine use and sales, there is limited empirical literature on 

methamphetamine enforcements. To date, the majority of the studies focusing on 

methamphetamine seizures examined the number of methamphetamine laboratory seizures and 

how much impact these had on methamphetamine related crimes (Dalmadge & Cain, 2015; 

Doane & Marshall, 1996; McBride et al., 2011; Shukla et al., 2012; Weisheit & Wells, 2010; 

Wells & Weisheit, 2012).   

Most previous works on drug crime primarily focused on drugs other than 

methamphetamine. For example, several previous works examining the relationship between 

drug seizures and changes on later drug price used cocaine and heroin (Caulkins & Reuter, 2010; 

Reuter & Caulkins, 1998; Yuan & Caulkins, 1998). Further, the studies which focused on the 

modus operandi of drug sellers revealed that study subjects were involved in selling drugs other 

than methamphetamine. For example, Fader (2016, p. 122) listed cannabis, crack, powder 

cocaine, heroin, prescription pills, syrup, and PCP/wet as the drugs her study subjects sold. In 

addition, in his research on travel distance of drug sellers, Johnson (2016) used drug sale incident 

data containing marijuana, narcotics, powder cocaine, crack cocaine, and heroin arrests.  

Although previous drug crime studies provided valuable information in understanding 

many aspects of drug crime, we do not know whether these findings extend to 

methamphetamine. According to US Drug Enforcement Administration (2019), the price per 

pure gram of heroin and cocaine, from October to December 2017, were $1,168 and $157, 

respectively, while the price per pure gram of methamphetamine was substantially lower at $56. 

With respect to seizures, US Drug Enforcement Administration (2021) reported that 

approximately 68,355 kilograms of methamphetamine was seized in 2019 at the southwest 
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border while the seizure amounts for cocaine and heroin were 10,655 kilograms and 2,580 

kilograms, respectively. This report also indicates that there are more overdose deaths involving 

methamphetamine than cocaine. Based on these reports, it is reasonable to conclude that 

methamphetamine is more widely available, a higher volume of methamphetamine is being 

trafficked and distributed compared to cocaine and heroin, and there are more methamphetamine 

users compared to cocaine and heroin users.   

In addition to these aforementioned, San Diego County, California, the study site, 

established Methamphetamine Strike Force (MSF) to address problems related to 

methamphetamine. The MSF, composed of 70 law enforcement and other government agencies, 

was established in 1996 to tackle not only methamphetamine crime but also to treat and to 

provide help to those who are struggling with methamphetamine use. Although there are other 

narcotics task forces, MSF is the only task force which was developed to target a specific type of 

drug5.  

Reviewing earlier works on methamphetamine and methamphetamine crime revealed some 

relevant information for the present study. However, there is a lack of information on whether it 

was the arrest of offenders (i.e., street-level methamphetamine arrests) or methamphetamine 

seizures (i.e., large-scale methamphetamine seizures) which affected later methamphetamine 

crime rates. With respect to large-scale methamphetamine seizures, previous studies examined 

the changes in the seizure amounts and trafficking patterns without assessing whether such 

patterns had any spatiotemporal impacts on later street-level methamphetamine crime (see 

                                                 
5 https://www.no2meth.org 
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Brouwer et al., 2006; Dalmadge & Cain, 2015; Weisheit & Wells, 2010). The present study 

addresses these limitations mentioned in this subsection in addition to other limitations of 

previous drug crime studies.  

Theoretical Advancements 

The current study advances drug crime research theoretically in the following manner: (1) 

it builds on previous studies which examined the impacts of different types of crime 

interventions on later crime rates (or crime frequency); (2) it considers how deterrence, spatial 

diffusion of benefits, and spatial displacement are associated with the impacts of two different 

types of methamphetamine seizure amounts and the enforcement actions most likely resulted in 

these two types of seizures. The present study considers how deterrence works through the 

spatial diffusion of benefits. In sum, this study applies and potentially extends the 

aforementioned theories.  

Methodological and Research Advancements 

Current study advances us methodologically in the following manner. (1) The present 

study uses fishnet grids of different sizes. The importance of spatial scales has been widely noted 

by environmental and community criminology. For example, increasing or decreasing the size of 

spatial unit affects “variance in the data between the units” (Tita & Radil, 2010, p. 473) and 

“crime varies considerably and does so at a frame of [spatial] reference” (Ratcliffe, 2010, p. 5).  

(2) The present study uses short-term and long-term time lags. Since we do not know how 

long it takes until we can observe the impacts of methamphetamine enforcement actions, using 

both short-term and long-term time lags will most likely account for “velocity of change” 

(Contreras & Hipp, 2019, p. 190).  
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(3) The present study uses different types of neighboring location selections for spatial 

analysis. In other words, this study uses areas immediately adjacent to as well as areas that are 

farther away from the target location as the neighboring locations. This method enables us to test 

the effects of deterrence, spatial diffusion of benefits, and spatial displacement in more depth.   

 This study does not examine how different methamphetamine enforcement actions affect 

the level of methamphetamine activities in domestic drug markets. Rather, it assesses the impacts 

which different types of methamphetamine enforcement actions have on later methamphetamine 

crime incidents at different geographic levels.  
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CHAPTER 2: LITERATURE REVIEW 

Introduction  

The purpose of the present study is to examine how two different types of 

methamphetamine seizure incidents (small-scale and large-scale) impact later methamphetamine 

enforcement actions in the form of methamphetamine crime incidents, while addressing three 

specific shortcomings of previous drug crime studies. Results bear on disagreements in previous 

findings about whether police interventions affect later drug crime arrests. While the majority of 

drug crime intervention studies involving increased police presence or police-led intervention 

programs reported a reduction on later drug crime incidents in drug crime hot spots (Braga, 

Papachristos, & Hureau, 2014; Corsaro, Brunson, & McGarrell, 2013; Weisburd et al., 2006), 

some studies have shown opposite results (Rasmussen, Benson, & Sollars, 1993; Werb et al., 

2011). Second, study results will reveal differences in the impacts of small-scale 

methamphetamine seizures versus large-scale methamphetamine seizures on later 

methamphetamine crime incidents. This issue has yet to be explored in previous studies. Third, 

study results will reveal the impacts of nearby function across various distances. To date, there is 

a lack of information on how the nearby methamphetamine seizures, including locations that are 

farther away from the target location, impact later methamphetamine crime incidents in the target 

location.  

This section is organized in the following manner: first, it discusses three possible 

outcomes associated with the potential impacts of earlier small-scale and large-scale 

methamphetamine seizure incidents in and around the target location on later methamphetamine 

crime incidents in the target location. Reasons for expecting such outcomes are explained in 
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detail based on theoretical dynamics related to these seizure amounts. Second, it discusses 

different hypotheses with opposing views based on the relevant existing literature. Third, it 

provides information on what this study proposes to accomplish and how this study extends our 

current knowledge on methamphetamine enforcement actions.  

Impacts of Small-Scale Seizure Incidents in the Target Location on Later Drug Crime 

Incidents in the Target Location 

Introducing the Dynamics  

The first part of first research question examines the dynamic between earlier small-scale 

methamphetamine seizure incidents in the target location and later methamphetamine crime 

incidents in the same location. There are three possible outcomes: small-scale seizure incidents 

have reduce later methamphetamine crime incidents in the same location, or have no impacts, or 

increase later methamphetamine crime incidents in the same location.  

Theoretical Rationales for Expecting a Crime Reduction 

General Deterrence. Small-scale methamphetamine seizure incidents in the target 

location could reduce later methamphetamine crime incidents in the same location. One possible 

reason is the deterrence effect could be generated by small-scale methamphetamine seizures. 

Deterrence theory has been an integral part of the criminal justice system and crime control 

policies (Paternoster, 2010). “[D]eterrence theory has been proven to be salient because of its 

implicit or explicit embrace by lawmakers in the United States…because it resonates with the 

common-sense belief that people avoid things that are painful” (Pratt, Cullen, Blevins, Daigle, & 

Madensen, 2006, p. 368).  
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The core notion of deterrence theory is that the threat of a punishment would deter 

potential offenders from committing a crime. In order for this threat of punishment to work, 

however, the punishment needs to have three components: certainty, celerity, and severity (see 

Beccaria, 1764). With respect to certainty and celerity elements, the theory states that offenders 

would be deterred from committing crime in the future if they believe their criminal act will 

result in punishment through a swift legal process (Grasmick & Bryjak, 1980; Paternoster, 1987). 

With respect to the severity element, the theory states that the punishment needs to be 

proportional to the crime but also needs to pose enough threat for potential offenders to believe 

‘crime does not pay’ (Jensen, 1969; Nagin, 1998). This idea of ‘crime does not pay’ is linked to 

the decision-making process of human behavior in that if the cost of committing a crime 

outweighs the benefit, all else being equal, then individuals are less likely to commit crime 

(Cornish & Clarke, 1987; Pratt et al., 2006). In other words, the underlying assumption of 

deterrence theory is that offenders make rational choice in deciding whether or not to commit 

crime (see Smith, 1776).   

Within this core idea of deterrence theory, there are two main forms of deterrence: 

general deterrence and specific deterrence. The main focus of general deterrence is that the threat 

of a punishment or witnessing someone being punished for committing a crime would deter 

individuals who have not yet committed a crime from doing so. For example, notifying the 

general public about the consequences of driving under the influence (DUI) and establishing 

random DUI checkpoints are based on a general deterrence approach. On the other hand, specific 

deterrence is designed to deter those individuals who were previously punished for committing a 

crime from committing a crime again (Stafford & Warr, 1993). For example, the three-strikes 
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sentencing law (Greenwood et al., 1994), which significantly increases the punishment of those 

individuals who get convicted for felonious offenses for the third time, is based on a specific 

deterrence approach.  

 Given the theoretical dynamics for both general and specific deterrence, the effects of 

general deterrence associated with earlier small-scale methamphetamine seizure incidents in the 

target location would most likely decrease later methamphetamine crime incidents in the same 

location (see Sherman, 1990; Sherman & Weisburd, 1995). By witnessing the arrests of drug 

sellers, individuals who sold drugs infrequently or individuals who have never been arrested for 

drug sales, would be deterred. Paternoster, Saltzman, Waldo, and Chiricos (1985, p. 429) stated 

“those with little prior experience in committing an offense have higher estimates of the certainty 

of punishment than those with experience. This was particularly likely to be true when the risk 

involved was the risk of one’s own punishment (arrest).” In examining the potential impacts of 

stop, question, and frisk (SQF) practices, Weisburd, Wooditch, Weisburd, and Yang (2016) 

found that SQFs deterred crime for a short period of time in the target location. Further, the 

authors found evidence of spatial diffusion of benefits within 500 ft from the target location. 

Based on these studies, it can be concluded that the visibility element of small-scale seizure 

incidents might influence offenders’ decision-making process related to committing future crime. 

An ethnographic study which interviewed 33 active drug sellers revealed that drug sellers often 

incorporate gossip about the arrests of their associates in their decision-making process 

(Dickinson & Wright, 2015). More specifically, these authors stated gossip serves as vicarious 

experiences of punishment which not only affect drug sellers’ decision-making process but also 

deter them from committing drug crime (Dickinson & Wright, 2015, p. 1276).  
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 In addition to the group of drug sellers for whom general deterrence would most likely 

have impacts, there are three other groups of drug sellers connected to a different type of crime 

control mechanism. These three groups can be categorized as follows: arrested but not convicted 

(e.g., out on bail, found not guilty); arrested and convicted but not incarcerated (e.g., placed on 

probation, drug program); and arrested, convicted, and incarcerated. Specific deterrence, as 

mentioned, discourages offenders from recidivating. Therefore, specific deterrence would most 

likely have impacts on those drug sellers who are arrested but not convicted as well as arrested 

and convicted, but not incarcerated.  

Restrictive Deterrence. In addition to general and specific deterrence, previous studies 

indicated restrictive deterrence is another form of deterrence that influences drug sellers’ 

behavior. Restrictive deterrence refers to alternative actions people who commit crime take to 

reduce their risks of getting apprehended. It involves reducing the “frequency, severity, or 

duration of their offending or displac[ing] their crimes temporally, spatially, or tactically” 

(Moeller, Copes, & Hochstetler, 2016, p. 82). Although the core idea of restrictive deterrence is 

similar to general and specific deterrence in that it emphasizes on the impacts which formal 

sanctions could have, restrictive deterrence argues deterrence cannot always be complete (Gibbs, 

1975). 

 Restrictive deterrence is divided into the following two elements: probabilistic and 

particularistic (Jacobs, 1996b). Both probabilistic and particularistic restrictive deterrence are 

related to reducing the frequency of committing crime but for two different reasons. For 

probabilistic restrictive deterrence, people who commit crime decide to commit fewer crimes 

because of the perceived risk of punishment associated with the offense. In contrast, 
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particularistic restrictive deterrence refers to when people who commit crime devise and use 

strategies to avoid detection and apprehension by law enforcement (Jacobs, 1996b). Strategies 

associated with particularistic restrictive deterrence are designed to avoid contact with police as 

well as to avoid arrest when encountering police (Jacobs, 1996b; Moeller et al., 2016).   

Previous works on deterrence noted that effects of restrictive deterrence can be measured; 

one can observe differences in tactics which people who commit crime use to reduce the risks 

associated with their criminal acts (Jacobs & Cherbonneau, 2014). Specific strategies to reduce 

the risks of getting apprehended by law enforcement were noted in previous drug crime studies. 

For example, Fader (2016, p. 127) stated specific risk reduction techniques were used by drug 

sellers, such as minimizing visibility and using cellular phones to coordinate drug transactions. 

Another study which interviewed 44 active crack dealers also revealed that drug sellers 

employed various restrictive deterrence methods, such selling drugs around the middle of a block 

so that drug sellers can observe passersby, keeping only small-amount of drugs for immediate 

sales, and using props to disguise drugs (Jacobs, 1996a).   

Theoretical Rationales for Expecting No Impacts 

Small-scale methamphetamine seizure incidents in the target location could have no 

impacts on later methamphetamine crime incidents in the same location. One possible reason 

could be a failure of deterrence. Deterrence works when people who commit crime perceive the 

risk of apprehension is high and ‘crime does not pay’ (Nagin, 1998). If people who commit 

crime believe serving prison time is a “rite of passage” in becoming a man (Gray, 2010, p. 45) or 

necessary to climb up the ladder in a drug trafficking organization, then drug sellers are more 

likely to accept the punishment rather than try to avoid it at all costs. In addition, drug sellers 
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perceive contact with police leading to arrest is inevitable (Fader, 2016; Johnson & Natarajan, 

1995). For example, Adler and Adler (1983) stated many drug sellers believe prolonged illicit 

drug activities will lead to arrest.  

The failure of deterrence may also be linked to economic gains. For example, Taniguchi, 

Rengert, and McCord (2009) examined the agglomeration economies of drug markets and found 

a significant spatial clustering of drug sellers and the existence of an agglomeration economy 

effect in drug markets. The agglomeration economy refers to “the benefits of locating near 

similar facilities; benefits derived from factors that are external to the unit” (Taniguchi et al., 

2009, p. 672). Although the authors linked their findings to support the theoretical dynamics of 

spatial diffusion of benefits, the findings can be also connected to a possible reason for the 

failure of deterrence. Drug sellers are drawn to locations where other drug sellers operate for the 

purposes of increasing their economic gain, even if there is a greater chance of getting 

apprehended in those locations. Economic gains from drug sales are an important motivating 

factor for drug sellers which can influence the effect of deterrence. Some sell drugs as a mean of 

economic survival. Hagedorn (1994b) stated street-gang members involved in drug sales are 

more focused on the economic survival of the gang members. In another study which focused on 

adult gang members, Hagedorn (1994a, p. 210) wrote “[a]s a group, they believed dope selling 

was ‘unmoral’ – wrong, but necessary for survival… Homeboys believed that economic 

necessity was the overriding reason why they could not live up to their values.”  In sum, 

economic gain from drug sales is a strong motivating factor for drug sellers which might 

neutralize any deterrence effect.  
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Theoretical Rationales for Expecting an Increase in Crime 

Small-scale methamphetamine seizure incidents in the target location could increase later 

methamphetamine crime incidents in the same location. One possible reason for such an outcome 

is related to increased police presence. If there are more police officers on the street, then there is 

a greater chance of detecting more crime which will lead to a higher number of arrests (Lawton 

et al., 2005).   

Further, the relationship between drug crime intervention and a later increase in the 

number of arrests or calls for service may be linked to an increased community policing effort. 

For example, residents might be calling for police service more often when they see suspicious 

activities while simultaneously providing more crime-related information (Mazerolle et al., 

2000). Although some previous works on drug crime studies indicated targeted drug enforcement 

actions depress later drug arrests, for the reasons stated above, drug enforcement actions could 

increase later drug crime incidents.  

Measurement, Analytic, Indicator concerns 

Although deterrence is one of the most tested theories and is deeply rooted in many 

criminal justice policies (Paternoster, 2010; Pratt et al., 2006), previous studies indicated 

problems associated with the concept (Paternoster & Piquero, 1995; Stafford & Warr, 1993) and 

problems associated with capturing the hypothesized impacts (Nagin, 1998). For example, 

Stafford and Warr (1993) argued the traditional conceptualization of general and specific 

deterrence needs to be re-conceptualized. The authors proposed the concepts of general and 

specific deterrence need to be based on “contrasting kinds of experience with legal 

punishment… general deterrence refers to the deterrence effect of indirect experience with 
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punishment and punishment avoidance and specific deterrence refers to the deterrence effect of 

direct experience with punishment and punishment avoidance” (Stafford & Warr, 1993, p. 127). 

The authors stated that the proposed re-conceptualization allows both general and specific 

deterrence to work on the same person. Another advantage of the proposed re-conceptualization 

is that punishment avoidance can be distinguished from the experience of punishment 

(Paternoster & Piquero, 1995; Stafford & Warr, 1993).   

In addition, previous works revealed issues associated with the core elements of 

deterrence theory.  Regarding perceptual deterrence, individual-level factors, such as moral 

attitude and peer association, can affect one’s perception of punishment rather than perceived 

formal sanctions (Foglia, 1997; Matthews & Agnew, 2008). For example, focusing on inner-city 

youths who committed a disproportionate amount of recorded crime, Foglia (1997, p. 414) found 

“perceived certainty of legal sanction, ” such as arrest, was not related to committing delinquent 

behaviors6. This is an important point since “deterrence theory proposes that it is what people 

believe about the certainty, severity, and swiftness of punishment, regardless of its true risks, that 

determines their choice of conformity or crime” (Akers & Sellers, 2013, p. 18). Similarly, 

Paternoster et al. (1985, p. 429) stated “those with little prior experience in committing an 

offense have higher estimates of the certainty of punishment than those with experience. This 

was particularly likely to be true when the risk involved was the risk of one’s own punishment 

                                                 
6 The dependent variables were marijuana use, under-age alcohol use, theft, assault, and delinquency. Delinquency 

variable was comprised of the following nine behaviors: 1. Marijuana use, 2. Under-age alcohol use, 3. Theft, 4. 

Assault, 5. Use other illegal drugs, 6. Sold illegal drugs, 7. Vandalized someone else’s property, 8. Used a knife to 

threaten or hurt someone, 9. Used a gun to threaten or hurt someone (Foglia, 1997, p. 426).  
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(arrest).” In sum, the magnitude of impacts of general and specific deterrence on individuals’ 

perceptions and behaviors is based on more elements than just certainty, severity, and celerity of 

punishment. With respect to restrictive deterrence, some previous works have revealed 

supportive findings (Fader, 2016; Jacobs, 1996a, 1996b). A previous quantitative study 

examining the effects of restrictive deterrence showed mixed results. Nguyen, Malm, and 

Bouchard (2015, p. 267) examined whether state sanction influenced restrictive deterrence of 

marijuana growers. They found “state-level sanctions have a structuring effect by restricting the 

size of cultivation sites but further increases in sanctions or enforcement are unlikely to deter 

more individuals from growing cannabis” (Nguyen et al., 2015, p. 267)   The outcomes of this 

study revealed that restrictive deterrence could have minimal impacts under some conditions.  

Drawing from the findings of previous studies, drug sellers might demonstrate restrictive 

deterrence in their drug selling behavior. In the patterns seen here, this might show a reduction 

on later methamphetamine crime incidents in a target location.   

Summary  

Previous drug crime studies which focused on the street-level drug arrests and drug market 

crackdowns revealed mixed outcomes on later street-level drug arrests. There are variations both 

in the evidence and in the underlying theoretical reasons explaining what have been observed. 

Theoretical reasons such as deterrence, or the failure of deterrence, restrictive deterrence, and 

increased police presence each explained a different outcome. Since there are no meta-analyses 

summarizing findings on this topic, a general conclusion is not feasible. The findings of this 

study will clarify the link between large-scale and small-scale methamphetamine seizure 

incidents and later methamphetamine arrests.  
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Impacts of Small-Scale Seizure Incidents in Nearby Areas on Later Drug Crime Incidents 

in the Target Location 

Introducing the Dynamic 

The second part of the first research question examines the dynamic between earlier 

small-scale methamphetamine seizure incidents in nearby areas proximate to the target location 

and later methamphetamine crime incidents in the target location. In this study, the nearby areas 

are geographically defined in the following ways: 1. Areas immediately surrounding the target 

location; 2. Areas located farther away from the target location. The nearby areas depend not 

only on being immediately adjacent versus non-immediately adjacent, but also upon the spatial 

scales being used. There are three possible outcomes associated with the aforementioned 

dynamics: nearby small-scale methamphetamine seizure incidents decrease later 

methamphetamine crime incidents, or have no impacts, or increase later methamphetamine crime 

incidents.  

Theoretical Rationales for Expecting a Crime Reduction 

Small-scale methamphetamine seizure incidents in nearby locations could reduce later 

methamphetamine crime incidents in a target location. Factors such as the spatial diffusion of 

benefits and adjacency dynamics are the possible reasons for such outcomes.    

Spatial Diffusion of Benefits. Previous works on drug crime intervention showed 

evidence for diffusion of crime control benefits in their findings (Braga & Bond, 2008; Guerette 

& Bowers, 2009; Weisburd et al., 2006). With some earlier studies using various terms such as 

multiplier effect (Chaiken, Lawless, & Stevenson, 1974), halo effect (Scherdin, 1986), free rider 

effects (Miethe, 1991), and free bonus effect (Sherman, 1990) (see also Clarke & Weisburd, 
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1994, p. 168). In discussing the diffusion of crime control benefits, Clarke and Weisburd (1994) 

indicated diffusion of benefits extends to non-targeted crimes as well. The diffusion of benefits is 

the outcome of two processes of “offenders’ uncertainty [on the one hand] about the extent of the 

increased risk, and on the other, their exaggerated perception that the rewards of particular crime 

are no longer commensurate with the effort” (Clarke & Weisburd, 1994, p. 165).  

The spatial diffusion of benefits, which refers to the spatial spillover of crime control 

effects areas adjacent to the target location (Braga & Bond, 2008; Green, 1995), is one type of 

diffusion of crime control benefits. It is closely linked to underlying processes of deterring and 

discouraging people who commit crime from committing a crime (Clarke & Weisburd, 1994, p. 

165). An example of drug offender discouragement was provided by Green (1995). She stated 

that drug buyers may not search for a new drug supplier if their regular source is no longer in 

business. The drug buyers’ decision to not to seek out for a new supplier could be linked to 

different factors such as amount of time and effort it takes to find a new supplier and increased 

risks of apprehension. Unlike deterrence, discouragement stems from “past events” and therefore 

“[discouragement] is likely to have a more lasting effect on controlling crime because it does not 

anticipate future levels of police activity” (Green, 1995, p. 740).  

 The spatial diffusion of benefits gained a lot of attention from crime researchers, 

particularly those who focused on violence and drug crime. Many studies which evaluated the 

impacts of interventions indicated evidence for spatial diffusion of benefits. The evidence was 

more prevalent in studies which used geographically focused intervention strategies (Bowers, 

Johnson, Guerette, Summers, & Poynton, 2011; Braga et al., 2014; Braga, Turchan, 

Papachristos, & Hureau, 2019; Green, 1995; Guerette & Bowers, 2009; Ratcliffe & Breen, 2011; 
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Weisburd et al., 2006). For example, to examine the effectiveness of street-level narcotics 

enforcement strategy in drug crime hot spots, Weisburd and Green (1995) evaluated whether a 

policing strategy which focused on arresting drug offenders reduced drug crime. The findings 

showed a reduction in calls for service both in and near, up to two-blocks away from, the 

experiment areas. Further, the findings showed that the crime displacement was more likely to 

occur in control areas compared to the experiment areas.  

 Another study by Weisburd et al. (2006) evaluated the impacts of geographically focused 

crime intervention and supported the argument that spatial diffusion of benefits was the more 

likely outcome compared to spatial displacement of crime. In this study, researchers interviewed 

drug offenders and found that they were not inclined to venture into different areas to sell drugs 

for reasons such as potential dangers associated with going into other areas to sell drugs . In 

addition, offenders’ limited knowledge of areas outside of where they live or sell drugs most 

likely deterred them from committing a crime in those locations. Lastly, offenders’ expectation 

of a future intervention, or an increased enforcement effort, could prevent them from committing 

a crime (Weisburd et al., 2006).  

A systematic review of spatial diffusion of benefits and spatial displacement was 

conducted using 102 studies which evaluated the impacts of situationally-focused crime 

prevention strategies7 (Guerette & Bowers, 2009, p. 1331). The findings showed that spatial 

                                                 
7 The authors provided descriptions for the 13 subsamples that were selected for the study. These subsamples 

examined the following crime types: 1. attempted and completed burglary; 2. various types of crimes (four studies); 

3. burglary only (four studies); 4. burglary, theft, fear of crime; 5. theft of and from cars; 6. theft, victimization; 7. 

victimization, perceptions, and fear.  
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diffusion was observed in more studies than spatial displacement even though the difference was 

not substantial. “The results indicate that of the 102 studies that examined (or allowed for 

examination of) displacement and diffusion effects, there were 574 observations. Displacement 

was observed in 26 percent of those observations. The opposite of displacement, diffusion of 

benefit, was observed in 27 percent of the observations” (Guerette & Bowers, 2009, p. 1331). 

One of the possible reasons for seeing such outcome, according to the authors, was that crime 

opportunities were not so common and people who commit crime did not simply spatially 

displace themselves in search of crime opportunities. Further, the authors added that since the 

selected studies were primarily focused on the impacts of situational crime prevention, factors 

such as “incapacitation through arrests” most likely did not have any influence on the outcome 

(Guerette & Bowers, 2009, p. 1355), thus bolstering the existence of spatial diffusion of benefits.  

Adjacency Dynamics. Another possible reason for seeing earlier small-scale 

methamphetamine seizure incidents in the nearby areas reducing later methamphetamine crime 

incidents in the target location is because of adjacency dynamics. The adjacency dynamic of 

crime was explained by Contreras and Hipp (2019) wherein the authors found drug crime around 

the target location, with blocks as the spatial unit, increased the level of violence in the target 

location a month later. In other words, this study indicated a spatial spillover of crime as well as 

spillover into a different crime type (i.e., violence), over time.  The authors explained such a 

phenomenon based on the concept of crime radiator, which refers to “causing crime in the 

immediate environment as well as internally” (Bowers, 2014, p. 389).  

Based on the findings and theoretical foundations provided by Contreras and Hipp 

(2019), a conceptual extension may explain why nearby small-scale methamphetamine seizure 
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incidents, or street-level enforcement actions, could have crime suppression impacts on later 

methamphetamine crime incidents in the target location. As indicated by Contreras and Hipp 

(2019), an increased level of violence in the target location stemming from earlier drug activities 

of the nearby areas will not only attract law enforcement officers to the target location but 

officers will likely focus on specific types of crimes known to be related to violence,. When this 

occurs, people who commit crime, including drug offenders, may get deterred by heightened 

enforcement activities which will lead to suppressing drug crime.   

Theoretical Rationales for Expecting No Impacts 

Nearby small-scale methamphetamine seizure incidents may not have any impact on later 

methamphetamine crime incidents in the target location. One possible reason could relate to the 

distances which drug sellers travel for drug sales. If drug sellers do not travel far, then they may 

not know about increased drug arrests or police activities in nearby areas. In addition, if drug 

sellers are not aware of such activities, then they are likely not affected by them. A study which 

focused on the mobility of drug sellers revealed approximately 57 percent of drug sellers had 

their initial contact with police, referring to the arrest, near their residence and 75 percent of drug 

sellers had their initial contact with police within one mile of their residence (Eck, 1992, p. 6). 

Likewise, Johnson, Taylor, and Ratcliffe (2013) revealed that drug offenders were often arrested 

near their residence. Findings supported the arguments of journey to crime and crime pattern 

theory, suggesting that drug buying activities evolve around offenders’ daily routine activities. 

More specifically, the authors indicated the expected travel distance of marijuana arrestees to a 

drug market was the shortest (.7 mile) while the expected travel distance of heroin arrestees to a 

drug market was the longest (1.4 mile) (Johnson et al., 2013, p. 183).  
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If drug sellers are primarily operating inside or near their residence, then nearby small-

scale methamphetamine incidents will not affect drug sellers operating in the target location; 

they may not consider nearby areas as within their area of operation. In other words, drug sellers 

may not heed to drug enforcement activities occurring away from their “turf” (see Weisburd et 

al., 2006, p. 578). Or, as mentioned earlier, they just may not be aware of ongoing drug 

enforcement actions nearby. If drug sellers do not perceive nearby police activities as a threat to 

their drug selling operation, then nearby drug enforcement actions will not generate perceived 

deterrence effect, and thus no deterrence effect generating a spatial diffusion of benefits. A 

failure of deterrence in adjacent locations and a resulting absence of spatial diffusion of benefits 

means not observing any changes on later methamphetamine crime incidents in the target 

location.  

These possible theoretical reasons for observing no impacts of nearby drug enforcement 

actions are distance dependent. Therefore, the size of the spatial units matters. For example, if 

the spatial units are larger, outcomes are less likely to be influenced by adjacency-driven 

deterrence creating a spatial diffusion of benefits. On the other hand, if the spatial units are 

smaller, adjacency-driven deterrence creating a spatial diffusion of benefits seems more likely.  

Theoretical Rationales for Expecting an Increase in Crime 

Although previous works have documented the benefits of implementing drug 

enforcement strategies, such as geographically focused drug intervention, nearby small-scale 

methamphetamine seizure incidents could increase later methamphetamine crime incidents in the 

target location. One possible reason could be spatial displacement. Drug sellers operating in 

nearby areas could spatially relocate to other areas during the intervention period in an effort to 
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avoid detection by law enforcement and to carry on their drug selling operation; thus, spatial 

displacement of drug sellers could result in increased crime activities in other areas.  

For example, after examining three case studies associated with problem-oriented 

policing (POP) programs which targeted drug markets, Hope (1994) concluded that significant 

spatial displacement was observed. The first case study revealed that POP activity increased 

police calls for service for the address targeted by law enforcement and other addresses located 

within the same block as the targeted address. The author stated that factors such as small-scale 

spatial displacement and drug actors’ willingness to accept the risk of police apprehension 

associated with drug deals were potential reasons for such outcomes. The third case study 

revealed that police calls for service for the target address, although later identified as not a 

problem location, and other addresses located within the same block as the target address, 

increased during the implementation of POP program. Even though, the author stated that there 

was a possibility that the willingness of residents to get involved with the intervention program 

might have prompted the residents to call police more frequently (Hope, 1994), it was also 

possible that micro-scale spatial displacement occurred as the processes and the outcome 

matched the descriptions of the theoretical dynamics of spatial displacement. In sum, the spatial 

displacement of crime can occur for many reasons. Some of the reasons are associated with 

offenders’ perspective on apprehension and some are associated with community residents.  

Spatial displacement of drug sellers has been explained using behavioral geography. 

Robinson and Rengert (2006, p. 21) stated drug sellers removed from the choice location for 

drug sales will seek second and third best locations suitable for drug sales so they can continue to 

generate profit from drug sales. “The spatial displacement of illegal drug dealers is much like 
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stretching a rubber band anchored at a best location to sell illegal drugs. Once you release the 

rubber band, it snaps back to its previous anchored location” (Robinson & Rengert, 2006, p. 21). 

In this study, the authors found designating certain areas as drug free zones did not impact drug 

sales arrests for block groups that were located within the drug free zones8. The authors argued 

such findings could be linked to the spatial displacement of drug sellers; drug sellers found 

another suitable location away from the drug free zone, but within the same block group, to sell 

drugs (Robinson & Rengert, 2006).  

The adjacency dynamics introduced earlier in this section could also explain an increase 

in later methamphetamine crime incidents in the target location. The theoretical reasoning for 

seeing a crime reduction associated with adjacency dynamics explained earlier was that a higher 

frequency of law enforcement encountering people who commit crime would most likely deter 

them from committing crime, including drug offenses. However, it is possible that if getting 

stopped by police becomes a commonplace for everyone in the target area and if these 

encounters with police do not result in swift legal sanctions, then drug offenders may not heed 

attention to the increased level of enforcement actions.   

Measurement, Analytic, Indicator Concerns 

Previous studies which focused on spatial displacement of crime often used a small 

spatial scale, such as blocks, as catchment areas (Braga & Bond, 2008; Mazerolle et al., 2000; 

Weisburd & Green, 1995; Weisburd et al., 2006). With a small spatial scale as the catchment 

area, researchers can easily discern the impact of an intervention and attribute any observed 

                                                 
8 Many block groups were partially overlapping with drug free zones.  
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changes to the intervention. While this approach is suitable in examining the impacts of drug 

crime intervention for locations such as small-scale open-air drug markets where many drug 

actors converge, it leaves open whether intervention effects extend beyond micro neighborhood. 

The current study addresses this issue by using both smaller and larger spatial scales. As noted 

earlier, the spatial displacement of crime or the spatial diffusion of benefits resulting from 

methamphetamine enforcement actions could depend spatial scale.  

Summary 

Previous studies on geographically focused police intervention and POP have shown drug 

enforcement actions have different types of impacts on later street-level drug arrests. Factors 

such as spatial displacement, spatial diffusion of benefits, and distance-dependent spatial 

adjacency dynamics affect this relationship. Despite a sizable number of studies on this topic, 

there is still a lack of information on how differences in spatial scale alter adjacency dynamics 

thereby shaping the impacts of earlier nearby methamphetamine seizure incidents on later 

methamphetamine crime incidents in the target location. In addition, there are no studies that are 

specific to methamphetamine related crime.   

Impacts of Large-Scale Seizure Incidents in the Target Location on Later Drug Crime 

Incidents in the Target Location 

Introducing the Dynamics: Conceptualization and Operationalization 

The first part of the second research question examines the dynamic between large-scale 

methamphetamine seizure incidents, which are most likely linked to high-level 

methamphetamine enforcement actions, in the target location and later methamphetamine crime 

incidents in the same location.  
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Theoretical Rationales for Expecting a Crime Reduction 

Large-scale methamphetamine seizures in the target location could reduce later 

methamphetamine crime incidents in the same location. One possible reason for such an outcome 

is the shortage of drugs for sale. Drug seizures occur frequently. Drug sellers are aware that 

police are monitoring drug activities (Fader, 2016). However, if drugs are seized in greater 

amounts than drug sellers anticipated, it will create a temporary drug shortage which in turn will 

affect the number of drug sales (Yuan & Caulkins, 1998). If sales are down, chances to arrest 

drug sellers will go down too. For example, large-scale heroin seizures by Australian law 

enforcement agencies led to the shortage of heroin for sales around January 2001 (Degenhardt, 

Day, et al., 2005; Degenhardt, Reuter, Collins, & Hall, 2005). In addition, a study which 

examined the impacts of restriction on methamphetamine precursor chemicals in the US revealed 

that disrupting the methamphetamine supply reduced the availability of the drug by 50 percent in 

California (Dobkin & Nicosia, 2009).  

A second possible reason for seeing a reduction in later methamphetamine crime 

incidents is that drug suppliers may be reluctant to sell drugs following a large-scale seizure. For 

example, even though their effectiveness might be short-lived and minimal, highly visible 

preplanned enforcement actions, such as large-scale raids or narcotics raids with federal law 

enforcement agencies, would most likely increase offenders’ perceived risks associated with 

their illicit drug activities (Phillips, Wheeler, & Kim, 2016; Sherman, 1990; Sherman et al., 

1995). Drug sellers operate rationally and they calculate costs and benefits associated with their 

actions. Previous works which focused on drug sellers indicated even though economic gains 

were an important factor in their decision-making about drug sales (see Taniguchi et al., 2009), 
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they were also cautious about the presence of law enforcement officers (Fader, 2016; Jacobs, 

1996a, 1996b; Jacobs & Miller, 1998). As one technique to avoid arrest, drug sellers may try to 

minimize their visibility to police (Jacobs, 1996a, 1996b). Another factor increasing drug sellers’ 

reluctance to enter a target location may be avoiding potential dangers associated with going into 

a new location. There is a great danger associated with a drug seller venturing into an unfamiliar 

area, particularly in drug sales (Weisburd et al., 2006). In an unfamiliar area, for example, there 

is a risk of selling drugs to a stranger who turns out to be an undercover officer (Jacques & 

Allen, 2014). 

A third possible reason for lower later crime incidents is that the remaining drug sellers in 

the target location are selling drugs, in bulk, at cheaper prices to fewer clients to dispose of them 

as quickly as they can while making a profit. “If dealers wish to avoid arrest, dealers lower prices 

to ensure easy sales” (Freeborn, 2009, p. 23). Selling drugs quickly to a handful of regular 

customers will shorten the duration which drug sellers need to hold on to their product, thus 

decreasing the time frame of which they are exposed to arrest. Stated differently, selling drugs 

quickly will minimize the visibility of drug transactions to police which in turn might decrease 

the chances of being detected and apprehended.  It must also be considered that observed crime 

reductions are due to spatial displacement that is otherwise not able to be directly measured (see 

Miethe, 1991). 

Theoretical Rationales for Expecting No Impacts 

Large-scale methamphetamine seizures in the target location could have no impacts on 

later methamphetamine crime incidents in the same location. One possible reason is that large-

scale methamphetamine seizures may not generate deterrence effects. The lack of deterrence 
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effects could stem from factors such as high economic gains. Drug sellers may choose to operate 

continuously, even if perceived risk is higher, in order to benefit from the agglomeration 

economy of drug markets (Taniguchi et al., 2009).  

Another possible reason for seeing such an outcome is that large-scale methamphetamine 

seizures might have a selective deterrence effect. In other words, only some drug sellers might be 

deterred from selling drugs. For example, drug sellers who are less experienced or have not been 

arrested might be less deterred compared to more experienced drug sellers or those who have 

been arrested previously. An ethnographic study which interviewed drug sellers indicated that 

less experienced drug sellers were less risk averse; therefore, experienced drug sellers like to hire 

less experienced and less risk averse drug sellers to be their street-level dealers (Fader, 2016, pp. 

124-125). This finding supports the arguments on shortcomings of general deterrence effects in 

that those who have not been punished, less experienced drug sellers, are less likely deterred and 

more likely involved in risky drug sales. “[G]eneral and specific deterrence, as traditionally 

conceived, is that they are relevant only when punishment has occurred. Specific deterrence is 

relevant when self has been punished, whereas general deterrence is relevant when others have 

been punished ” (Paternoster & Piquero, 1995, p. 252). Therefore, the perception of the sanction, 

or the lack thereof, can shape drug sellers’ decision-making processes and actions (Jacques & 

Allen, 2014). Further, even if there is a shortage of drug sellers in the area, the remaining drug 

sellers unaffected by enforcement actions could relocate and serve customers nearby who lost 

suppliers.    

 In sum, large-scale drug seizures could have no impact on later methamphetamine crime 

incidents. Factors such as high economic gains from drug sales, the lack of deterrence impacts on 
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those drug sellers who have never been punished, and the overabundance of drug sellers all may 

contribute to this dynamic.  

Theoretical Rationales for Expecting an Increase in Crime 

Earlier, it was mentioned that one of the possible reasons for seeing a reduction in 

methamphetamine crime incidents later was related to drug could be sold in bulk, at cheaper 

prices, to a fewer clients, during an intervention period. This operational concept could be 

extended to explain an increase in later methamphetamine crime incidents. For example, if drug 

sellers are selling drugs at lower prices to many people during an enforcement intervention 

period, then it could increase later street-level methamphetamine crime incidents in the target 

location. If this occurs, this might increase street-level drug crime incidents. In addition, if drugs 

are being sold at lower prices, drug buyers could purchase larger amounts of drugs. The buyers 

might then turn into street-level drug sellers, hoping to profit by selling the surplus drugs in their 

possession. Buyers-turned sellers are most likely inexperienced in street-level drug sales. 

Therefore they are highly susceptible to detection and arrest by law enforcement (see Fader, 

2016) consequently increasing street-level methamphetamine arrests in the target location.   

Measurement, Analytic, Indicator Concerns 

One of the concerns regarding large-scale drug seizures is defining what amount should 

count as a large-scale drug seizure for specific types of drugs (e.g., methamphetamine, cocaine, 

and heroin). As stated earlier, large amount drug seizures range from more than a few grams to 

multiple ounces to multiple kilograms. In addition, the threshold amount for large-scale drug 

seizures could vary by geographic location. For example, the threshold amount for a large scale 
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drug seizures may be lower in remote rural areas of the US compared to busier areas such as the 

southwest border region.  

The studies referenced in this section primarily used US Drug Enforcement 

Administration’s (DEA) System to Retrieve Information from Drug Evidence (STRIDE) data. 

According to DEA, STRIDE data contains information on drugs that were sent to DEA 

laboratories by law enforcement agencies and it is “not a representative sample of drugs 

available in the United States, but reflects all evidence submitted to DEA laboratory for analysis” 

(US Drug Enforcement Administration, 2015, p. 2). Other than the Washington DC Metropolitan 

Police Department which sends all its drug seizures to the one of DEA drug laboratories (Arkes, 

Pacula, Paddock, Caulkins, & Reuter, 2008), most state and local law enforcement agencies do 

not send their drug seizures to a DEA drug laboratory for analysis. Therefore, using the drug 

seizure information from STRIDE to quantitatively define large-scale drug seizures raises 

concerns. 

Summary 

Based on the previous works focused on drug seizures, we do not know whether large-

scale drug seizures in the target location, particularly methamphetamine, affect later street-level 

drug crime incidents in the same location. In addition, we do not know whether the impacts of 

large-scale methamphetamine seizures on later street-level methamphetamine crime incidents 

differ depending on seizure amounts. Examining the impacts of large-scale methamphetamine 

seizures in the target location on later street-level methamphetamine crime incidents in the same 

location is a different way of approaching and understanding the dynamics between drug 

seizures and later drug crime incidents.  
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Impacts of Nearby Large-Scale Seizure Incidents on Later Drug Crime Incidents in the 

Target Location 

Introducing the Dynamics 

The second part of the second research question examines the dynamic linking earlier 

large-scale methamphetamine seizures in nearby areas of the target location and later 

methamphetamine crime incidents in the target location. The nearby areas were defined using the 

same method used to examine nearby small-scale methamphetamine seizure incidents on later 

methamphetamine crime incidents in the target location  

Theoretical Rationales for Expecting a Crime Reduction 

One possible reason for observing a decrease in methamphetamine crime incidents is that 

nearby large-scale methamphetamine seizures created a drug shortage in the target location. 

Previous works which focused on the modus operandi of drug sellers indicated drug sellers often 

use a stash location (Fader, 2016; Jacobs, 1996a). Given this finding, it is plausible to assume 

that drug sellers who possess large amounts of drugs may live or stash their drugs farther away 

from locations where frequent drug dealings occur to avoid detection and apprehension by police 

(Cho, 2018). Therefore, even large-scale drug seizures occurring in areas distant from the target 

location could suppress later methamphetamine crime incidents in the target location.  

Another possible reason for observing a decrease in methamphetamine crime incidents 

might be related to a spatial diffusion of benefits. Specific mechanisms associated with spatial 

diffusion of benefits mentioned earlier in this section, such as drug sellers’ unwillingness to 

venture into nearby areas because of associated danger, the lack of knowledge of the nearby 
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areas, and the expectation of intervention, or an increased enforcement effort, all might apply to 

the dynamics between large-scale drug seizures and street-level drug crime incidents. 

In addition, it is possible that large-scale methamphetamine seizures in nearby areas 

generate both general and restrictive deterrence effects, operating through a spatial diffusion of 

benefits.  

Theoretical Rationales for Expecting No Impacts 

Large-scale methamphetamine seizures in nearby areas could have no impacts on later 

methamphetamine crime incidents in the target location. Driving dynamics could include those 

stated earlier in this section: drug sellers primarily operating in or close to their residence located 

in the target location, thus do not perceive nearby enforcement action as a threat to their 

operation; failure to deter drug sellers; or a lack of spatially diffused benefits.  

Theoretical Rationales for Expecting an Increase in Crime 

Although the adjacency dynamic was introduced earlier as a possible reason for 

observing a reduction on later crime incidents, a different form of adjacency dynamic could 

increase target location methamphetamine crime incidents. When drug sellers with large amounts 

of drugs (i.e., large-scale seizures) get arrested, there is a chance that police can extract 

information about street-level drug sellers, including those operating in the target location, who 

were supplied by the arrestees. With newly obtained information on street-level drug sellers, 

police can identify, detect, and arrest additional drug sellers. This kind of intelligence-led 

narcotics investigation can potentially lead to a high number of drug arrests in many locations 

since police can quickly react to the information obtained from arrestees.     
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Measurement, Analytic, Indicator Concerns 

Concerns noted earlier in this section, such as using small or micro spatial scales to 

measure spatial diffusion of benefits or spatial displacement, and issues associated with 

categorizing drug seizure amounts into different classifications remain for this question.  

Summary 

To date, very little is known about whether large-scale drug seizures affect later street-

level drug crime incidents. One of the primary objectives of the present study is to examine the 

impacts of large-scale methamphetamine seizures on later street-level methamphetamine crime 

incidents. As noted earlier, for methamphetamine, this topic has not been examined previously. 

The outcomes of this study will address these gaps of previous drug crime studies. In addition, 

the outcomes of this study could compare the impacts which earlier small-scale 

methamphetamine seizures on later street-level methamphetamine crime incidents to the impacts 

which earlier large-scale methamphetamine seizures have on later street-level methamphetamine 

crime incidents.  

Further, the links between nearby large-scale methamphetamine seizures and later 

methamphetamine crime incidents in the target location may involve spatial or spatiotemporal 

dependencies which have not yet been explored. In terms of spatial scales, do large-scale 

methamphetamine seizures affect areas immediately adjacent or does the impact radiate farther 

away? Likewise, we do not know how the influence of large-scale methamphetamine seizures on 

later crime incidents depends on temporal scales.  
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Limitations of Previous Studies and How This Study Will Contribute 

How do small-scale methamphetamine seizure incidents and large-scale methamphetamine 

seizure incidents in and around target areas affect later methamphetamine crime incidents in the 

target locations? Previous works on drug crime enforcement provided some information, but 

they also are not without limitations. Further, the topics addressed here have not yet been 

examined in the case of methamphetamine enforcement.  

This subsection lists the following six limitations of previous drug crime studies as well as 

how the present study addresses them using four heuristic devices introduced earlier. 1. Most 

drug crime intervention evaluations or drug crime studies neither examined nor incorporated 

drug seizure amounts or drug crime incidents related to large-scale methamphetamine seizures. 

2. There is a lack of information on how disrupting indoor drug operations impact later street-

level drug crime incidents. 3. Previous drug crime studies used small-sized spatial scales to 

gauge spatial displacement and spatial diffusion of benefits. 4. Previous studies have not gauged 

how enforcement impacts depend on differing timeframes and spatial scales used, thus issues 

with controlling for the spatiotemporal effects. 5. Previous drug crime studies failed to examine 

the structure of the adjacency effects. 6. Previous drug crime studies have yet to examine 

methamphetamine enforcement actions. Specifically, the rest of this subsection discusses how 

this study addresses these limitations.  

The first limitation is that most of drug crime intervention evaluations neither examined 

nor incorporated drug seizure amounts into the analysis. In particular, impacts associated with 

large-scale methamphetamine drug seizure incidents on later street-level drug crime incidents 

could differ from the impacts associated with interventions implemented in previous drug crime 
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studies, at local and regional levels. For example, large-scale drug seizure incidents might 

significantly affect the volume of drugs available for sales at the retail level whereas small-scale 

drug seizure incidents or increased police presence around drug corners might generate 

restrictive deterrence (Fader, 2016; Jacobs, 1996a). In addition, compared to street-level drug 

crime incidents, large-scale drug seizure incidents could impact larger geographic scale as drug 

sellers in possession of large amounts of drugs may be located farther away from drug corners in 

order to avoid law enforcement detection (Cho, 2018).    

Examining the impacts of large-scale methamphetamine seizure incidents on later street-

level methamphetamine crime incidents addresses this limitation. The present study uses 

indicators of large-scale methamphetamine seizure amounts while controlling for total street-

level methamphetamine crime incidents, both from earlier time periods, to observe impacts on 

later street-level methamphetamine crime incidents. This is a new approach which previous drug 

crime studies have not used. The analysis generates both the theoretical and practical 

implications. For example, the findings of this study could capture the total impacts of 

methamphetamine control strategies.  

The second limitation to date is there is a lack of information on how disrupting or 

dismantling indoor drug sales operations might impact later street-level drug crime incidents. A 

substantial number of drug crime studies focused on street-level drug crime incidents which 

occurred in outdoor settings (Johnson & Ratcliffe, 2013; Lum, 2008, 2011) even though studies 

indicated that the majority of drug sellers get arrested in or near their residence (Eck, 1992; 

Johnson, 2016). This issue raises a concern since “theoretical frameworks, and empirical 

research, suggest that open-air drug markets are quantifiably different than drug markets 
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occurring in a private setting” (Taniguchi, Ratcliffe, & Taylor, 2011, p. 334). In addition, an 

ethnographic study which focused on drug actors indicated a declining trend of conducting 

street-level drug sales (Furst, Curtis, Johnson, & Goldsmith, 1999). This study revealed street-

level drug sales were being replaced by indoor drug sales and the use of middle men/women who 

will obtain drugs for drug buyers for a fee (Furst et al., 1999, p. 104). Further, based on the 

information that drug actors negotiate drug prices even if such negotiation generally results in a 

longer time to complete the transaction and therefore increasing the risk of being detected by law 

enforcement, Ouellet and Morselli (2014) inferred some drug transactions might occur in private 

settings.   

One of the ways to overcome this limitation is to focus on large-scale methamphetamine 

seizure incidents. As mentioned earlier, large-scale drug seizures are most likely associated with 

high-level drug enforcement actions (Yuan & Caulkins, 1998). High-level drug enforcement 

actions are most likely preplanned since they use different approaches, such as gathering drug-

related intelligence from informants and conduct physical and electronic surveillance. These 

investigative methods allow police to identify and execute search warrants at drug stash locations 

(see Benner & Samarkos, 2000), which will most likely result in large amounts of drug seizures. 

As noted earlier, by controlling for both the total number of street-level methamphetamine crime 

incidents and large-scale methamphetamine seizure incidents of an earlier time period, the 

analysis will reveal the impacts of large-scale seizure incidents on later street-level 

methamphetamine crime incidents.  

It should be noted, however, that large-scale seizure indicators may not be able to 

empirically differentiate indoor drug operations (i.e., selling drugs in a private setting) from drug 
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stash locations. This issue might have implications for later street-level drug crime incidents. For 

example, if large-scale drug seizures took place where indoor drug operations occurred, there 

may be less impact on later street-level drug crime incidents since most transactions took place 

indoors. On the other hand, if large-scale drugs were seized at stash locations, there may be a 

greater impact on later street-level drug crime incidents given a higher probability that stashed 

drugs were for street sales. 

The third limitation is many previous works used small spatial scales, such as corners or 

street blocks or census blocks or census block groups, in their analyses (Contreras & Hipp, 2019; 

McCord & Ratcliffe, 2007; Ratcliffe & Breen, 2011; Taniguchi et al., 2011; Weisburd et al., 

2006). Results from using small spatial scales to operationalize target locations and nearby areas 

may not reflect spatial dynamics at larger scales, such as regional-level diffusion or 

displacement. In addition, crime studies which used spatiotemporal analysis indicated the 

importance of examining the space-time interactions and analyzing the interactions at different 

scales as criminal activities are dynamic (Barnum, Campbell, Trocchio, Caplan, & Kennedy, 

2017; Caulkins & Reuter, 2017; Hipp, Wo, & Kim, 2017; Wooditch & Weisburd, 2016) Since 

larger scale (e.g., regional) dynamics have not yet been examined, we do not know how 

variations in spatial scale change impacts of co-located or adjacent predictors.  

The present study addresses this issue by using spatial scales of different sizes with a grid 

cell method.  To examine spatial scale variations, this study incorporates a range of spatial scales 

for defining units of analysis. The temporal scales vary inversely. Smaller spatial scales are used 

with large temporal scales and vice versa.   
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Analyses will reveal if impacts of methamphetamine seizures on later methamphetamine 

crime incidents vary across different spatial scales. More specifically, will adjacency effects 

vary? For example, do nearby small-scale methamphetamine seizures or nearby large-scale 

seizures matter if the spatial units are small? Does nearby, but farther away, only matter for 

large-scale seizures? Or does nearby matter only at certain spatial scales? These are some of the 

empirical questions which are answered in this study using the proposed analyses.  

A fourth limitation is that previous drug crime studies did not control completely for place 

and time effects. Neighborhood and structural characteristics affect crime rates (Kirk & Laub, 

2010; Morenoff, Sampson, & Raudenbush, 2001; Sampson, 2012). To control for neighborhood 

effects, previous works used a range of demographic variables (e.g., Braga & Weisburd, 2012; 

Contreras & Hipp, 2019). This method does not remove all place linked variation in the outcome. 

The present study addresses this by using fixed-effects models. The fixed-effects model controls 

for all spatial effects by using dummy variables for each spatial unit, save one.  

A temporal variation is controlled similarly. A dummy variable captures each period save 

one. In sum, the fixed-effects model controls for all time-invariant place factors and all place-

invariant factors time factors which may affect the outcomes (see Allison, 2009).  

A fifth limitation is that previous drug crime studies failed to examine the structure of the 

adjacency effect. There are two issues here. First, does increasing distance between the centroids 

of the adjacent area and target area alter enforcement impacts on later street-level 

methamphetamine crime incidents? Second, do adjacency effects only matter for nearby areas 

located immediately adjacent to the target location? Or, do non-adjacent nearby areas also have 

noticeable impacts on later street-level methamphetamine crime incidents?  
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Both aspects of proximity dynamics are examined here. The first examination is a natural 

product of using different size grid cells. The second examination relies upon comparing impacts 

from immediately adjacent neighbors with impacts from areas that are farther away, defined 

using second-order queen contiguity (e.g., next to next door neighbor). More in-depth adjacency 

analyses include examining the impacts of methamphetamine enforcement actions only on those 

higher-order neighboring areas (see Figure 1).   

The outcomes of the proposed adjacency analyses will have both theoretical and practical 

implications. For example, the outcomes will show how much influence methamphetamine 

seizures in different types of nearby areas have on later methamphetamine crime incidents in the 

target location. Moreover, the outcomes will show whether the spatial scale of the units of 

analysis affects the strength of impacts of methamphetamine seizure incidents in nearby areas. In 

sum, the outcomes will shed light on various spatial dynamics linking earlier methamphetamine 

seizures and later methamphetamine crime incidents.  

The last limitation in previous drug crime studies is their failure to examine how 

differences in methamphetamine seizure amounts (i.e., large-scale and small-scale seizures) 

affect street-level methamphetamine crime incidents. The present study examines impacts of 

these two specific types of methamphetamine seizure incidents using a range of spatial scale and 

temporal scales.  

Modeling Approach  

Regional Science Modeling of Spatial Spillover 

The current study uses a two-way fixed-effects (2WFE) spatial lag of X (SLX) model to 

measure spatial spillover. Researchers from regional science and spatial economics have shown a 
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great interest in spatial econometrics models since these models can empirically measure the 

“magnitude and significance of spatial spillovers” (Vega & Elhorst, 2013, p. 1). Here, spatial 

spillovers equate to adjacency effects. In general, spatial spillover is defined as impacts which 

nearby areas have on certain issues, such as crime, in the target area. Although there are more 

than one spatial econometric models for capturing spatial spillover9, the spatial lag of X (SLX) 

model was determined to be the “simplest… and it is recommendable to take this model as point 

of departure when having any empirical evidence that the observations in the sample are spatially 

dependent” (Vega & Elhorst, 2015, p. 347). Further, the SLX model is strongly recommended 

for those studies measuring spatial spillover within a defined “spatial arrangement of units in the 

sample” (i.e., spatial weights matrix – W) (Elhorst & Vega, 2017, p. 1).   

One advantage of the SLX model over other spatial econometric models is that W can be 

parameterized, neighbors and adjacency effects (e.g., weights) can be imposed, which allows 

researchers to define and modify W (Elhorst & Vega, 2017; Vega & Elhorst, 2015, p. 342). Some 

spatial econometric models, such as spatial error models (SEM) and spatial autoregressive 

combined (SAC) models, restrict W, and restricting W could affect potential spillover effects 

(Elhorst & Vega, 2017, p. 2). For example, Elhorst and Vega (2017, p. 2) stated “[i]n the [spatial 

autoregressive model] SAR and SAC models the ratio between the spillover effect and the direct 

effect is the same for every explanatory variable, while in the SEM the spillover effects are set to 

zero by construction.” In contrast, the SLX model allows the explanatory variables to vary by 

                                                 
9 Vega and Elhorst (2013, p. 2) listed the following four different models that are used mostly in examining 

or controlling for spillover effects: the spatial autoregressive model (SAR), the spatial error model (SEM), the 

spatial autoregressive combined model (SAC), and the spatial Durbin model (SDM).  
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weights allowing the model to measure both direct (i.e., unweighted) and differing indirect 

(weighted) effects. Another advantage of the SLX model is that this model can measure the level 

of spatial spillover for each independent variable by using a spatial lag method based on W (e.g., 

first-, second-order queen contiguity, inverse distance).  

Although the spatial Durbin model (SDM) measures both direct (i.e., unweighted 

explanatory variables) and spillover (i.e., weighted explanatory variables) effects just like the 

SLX model, the SLX model uses a simpler approach of focusing only on the exogenous effects. 

The SDM incorporates interaction effects among the dependent and independent variables in the 

model (Vega & Elhorst, 2015, p. 344). The present study aims to examine the spatial spillover 

effects of large-scale and small-scale methamphetamine seizure incidents in and around a target 

location on later methamphetamine crime incidents in that same target location. If the weighted 

dependent variable is included in the analysis, then it could potentially affect isolating and 

measuring the impacts of earlier enforcement actions as the model will then contain weighted 

later crime incidents along with both weighted and unweighted earlier methamphetamine 

enforcement actions. Concerns related to the spatial dependency of the dependent variable are 

addressed using a placed fixed-effects method. In addition, the SLX model is preferred over 

SDM since there are no omitted independent variables which may correlate with the independent 

variables selected for this study as this study uses a fixed-effects model (see Lacombe & LeSage, 

2013).  

Spatial Scaling 

According to community and environmental criminology, a spatial scale chosen for a 

study aligns with relevant theoretical dynamics (Askey, Taylor, Groff, & Fingerhut, 2018, p. 8). 
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Further, Hipp and Kim (2017, p. 625) noted when dealing with concentrated crime activities 

across different spatial scales, “care must be taken when striking a balance between the 

conceptual problem of defining crime too broadly and the statistical problem of measuring 

concentration when there are relatively few events.” With these two guidelines in mind, the 

present study uses a range of spatial scales from smaller-scale local areas to larger-scale regions 

which are examined independently. The proposed method of using multiple spatial scales is 

appropriate because the relevant spatial scale for enforcement dynamics remains unknown.  

There are tradeoffs with using larger versus smaller spatial units. Smaller units can 

minimize influences of environmental factors. In other words, the within-unit variance of 

dependent variable can be minimized and environmental factors remain homogeneous 

(Oberwittler & Wikström, 2009; Rengert & Lockwood, 2009). However, the disadvantage of 

smaller spatial scale is that there may not be enough events, such as crime activities, for analysis 

which in turn can affect statistical accuracy or lead to convergence issues of the statistical model 

(Oberwittler & Wikström, 2009). Larger spatial units provide more events per unit to analyze, 

but doing so potentially increases the within-unit variance of the dependent variable. 

A further advantage of using spatial units of different sizes is that researchers can examine 

spatial spillover dynamics more closely. Previous drug crime studies do not indicate whether 

spatial spillover of crimes or interventions operates similarly at the local and regional levels. 

Perhaps the spatial spillover of methamphetamine enforcement actions is greater at the local 

compared to regional level since a greater amount of resources may get allocated to tackle drug 

crime hot spots. It is also plausible to assume that the spatial spillover of methamphetamine 
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enforcement actions is lower at the regional compared to the local level because the spatial unit 

was so large the intervention effects were encapsulated within it.   

The spatial units for this study are generated using a fishnet grid cell method. The details 

about the range of grid sizes appear later. 

Fixed-Effects 

The two-way fixed-effects SLX model removes time-invariant impacts of each spatial 

unit by incorporating a dummy variable for each spatial unit except one. Similarly, the model 

removes the place-invariant impacts of each temporal unit by incorporating a dummy variable 

for each temporal units except one. This method controls for all time-invariant place effects and 

all place-invariant time effects (Allison, 2009). The fixed-effects model can be applied to both 

panel and time-series cross-sectional data set. 

Temporal Scaling 

We do not know how long it takes until we can observe impacts of large-scale and small-

scale methamphetamine seizure incidents in and around a target location on later 

methamphetamine crime incidents in that target location. Previous drug crime studies used 

various time units, ranging from a few weeks to a few months (Cohen, Gorr, & Singh, 2003; 

Corsaro & Brunson, 2013; Sherman et al., 1995; Weisburd & Green, 1995). A recent drug crime 

study by Contreras and Hipp (2019) used monthly units to examine how earlier drug activities 

affected later violent crime rates nearby. The authors stated the “velocity of change” of crime 

rates may not mirror the change rates of structural characteristics of community; the changes in 

crime rates may occur more rapidly (Contreras & Hipp, 2019, p. 190; see also Taylor, 2015, p. 
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166). Further, the authors argued changes in crime rates related to drug activity might occur 

within one month (Contreras & Hipp, 2019).  

Similar to spatial scales chosen for this study, this study uses month, quarter, and year as 

temporal scales. As noted earlier in this section, as the spatial units get smaller, the temporal 

units get longer so that there are sufficient numbers of cells with nonzero counts either for 

predictors or outcomes. Likewise, as the temporal units get shorter, the spatial units get larger for 

the same reason.  

Research Questions 

Based on the existing drug crime studies and theories used to explain multiple possible 

dynamics between drug enforcement actions and drug crime, this study proposes the following 

research questions and hypotheses: 

Research question 1: do small-scale methamphetamine seizure incidents in and around the target 

location depress later methamphetamine crime incidents in the target location? 

 Hypothesis 1a: earlier small-scale methamphetamine seizure incidents in and around the 

target location will be more likely to decrease later methamphetamine crime incidents in the 

target location. 

 Hypothesis 1b: earlier small-scale methamphetamine seizure incidents in and around the 

target location will have no impacts on later methamphetamine crime incidents in the target 

location. 
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 Hypothesis 1c: earlier small-scale methamphetamine seizure incidents in and around the 

target location will be more likely to increase later methamphetamine crime incidents in the 

target location. 

To date, little is known about the spatial reach and the impacts of earlier 

methamphetamine seizures on later methamphetamine crime incidents. One of the primary 

objectives which the present study seeks to accomplish is to measure the spatiotemporal spillover 

impacts of nearby small-scale methamphetamine seizure incidents and nearby large-scale 

methamphetamine seizure incidents on later methamphetamine crime incidents in the target 

location. Small-scale methamphetamine seizure incidents in and around the target location could 

show a decrease in later methamphetamine crime incidents in the target location through a 

deterrence effect (see Sherman, 1990). On the other hand, small-scale methamphetamine seizure 

incidents could show an increase in methamphetamine crime incidents later. Such an outcome 

could be driven by increased police presence. Although increased police presence could have a 

longer term deterrent effect that effect would probably appear after following a time of increased 

police activity. Therefore, the increased police presence or crime enforcement efforts in the form 

of treatment could generate a higher number of arrests of the targeted crime during the 

intervention period (Phillips et al., 2016; Sorg, Haberman, Ratcliffe, & Groff, 2013). Small-scale 

methamphetamine seizure incidents could have no impacts. The lack of impact of small-scale 

methamphetamine seizure incidents could be associated with factors such as a failure of 

deterrence. Although there may be many reasons for the failure of deterrence, substantial 

economic gain from crime could be one. In addition, an overabundance of drug sellers could 

influence this link as well. For example, since street-level sellers are easily replaceable (see 
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Reuter et al., 1990), an individual who oversees the drug operation in the target location could 

find someone else to fill the vacant spot.   

Research question 2: do large-scale methamphetamine seizure incidents in and around the target 

location depress later methamphetamine crime incidents in the target location? 

 Hypothesis 2a: earlier large-scale methamphetamine seizure incidents in and around the 

target location will be more likely to decrease later methamphetamine crime incidents in the 

target location. 

 Hypothesis 2b: earlier large-scale methamphetamine seizure incidents in and around the 

target location will have no impacts on later methamphetamine crime incidents in the target 

location. 

Hypothesis 2c: earlier large-scale methamphetamine seizure incidents in and around the 

target location will be more likely to increase later methamphetamine crime incidents in the 

target location. 

As aforementioned in this paper, there is a lack of information on the impacts of large-

scale methamphetamine seizure incidents on later methamphetamine crime incidents. Driven by 

the findings of the existing studies and theories, similar to small-scale methamphetamine seizure 

incidents, large-scale seizure incidents in and around the target location could show a decrease in 

later methamphetamine crime incidents. Previous studies indicated crime control actions 

generate a diffusion of crime control benefits. An example of deterrence operating through the 

spatial diffusion of benefits might be that both drug sellers and drug buyers are simply going to 

be stay out of the area until the intervention stops. In addition, large-scale methamphetamine 



50 

 

seizure incidents will likely cause drug shortage in the areas where drug enforcement actions 

took place. On the other hand, large-scale seizure incidents could show an increase in later 

methamphetamine crime incidents. Large-scale seizure incidents are most likely associated with 

preplanned drug enforcement actions. These preplanned drug enforcement actions involve 

investigative activities, such as undercover buys, wiretaps, and search warrants (Benner & 

Samarkos, 2000; Natarajan et al., 2015; Yuan & Caulkins, 1998). These can provide narcotics 

related intelligence to officers about drug sellers who operate in and around the target location. 

Based on the information gathered during narcotics investigations, officers can apprehend drug 

sellers who are located throughout their area of responsibility more efficiently and strategically. 

Lastly, large-scale seizure incidents in the target location could have no impacts on later 

methamphetamine crime incidents. They may not generate sufficient level of fear of 

apprehension to generate deterrence effect. Or, it could not be deterred because there are high 

profits. The intervention may deter some drug sellers but an overabundance of drug sellers could 

dilute the outcome. For those studies which indicated that drug enforcement actions did not 

change drug price, an overabundance of drug sellers in the area could be one of the reasons for 

such outcome (see DiNardo, 1993; Yuan & Caulkins, 1998). For example, if there are numerous 

drug sellers operating in the same area, drug sellers unaffected by drug enforcement actions 

could relocate and serve customers who lost their supplier. 

As alluded earlier in this section, our current knowledge on this topic is limited. Therefore, 

an empirical examination of this topic will most likely provide strong insight regarding the 

various theoretical dynamics linking methamphetamine seizure incidents on methamphetamine 
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crime incidents. In-depth information on how these questions are tested and answered is 

provided in the method and results sections.  

Two-Way Fixed-Effects Regression Model (2WFE) 

One of the benefits of using a fixed-effects regression model is that it controls unobserved 

factors (Allison, 2009, p. 2). The importance of controlling for unobserved factors, or omitted 

effects, has been noted. For example, Vega and Elhorst (2015, p. 351) stated “most variables 

tend to increase and decrease together in different spatial units over time… if this common effect 

is not taken into account and thus not separated from the interaction effect among units, the latter 

effect might be overestimated.” The variables associated with the omitted effects can alter the 

outcome (LeSage & Pace, 2009, pp. 155-158).   

The omitted effects can be controlled by incorporating dummy variables. A dummy 

variable for each spatial unit, except one, controls for the average-over-time effects of each 

place, including omitted place effects. Likewise, a dummy variable for each temporal unit, 

except one, controls for the average-over-place of each period including any omitted effects. 

With respect to time fixed-effects, Vega and Elhorst (2015, p. 351) stated Monte Carlo 

simulation experiments by Lee and Yu (2010) revealed, “ignoring time-period fixed effects may 

lead to large upward biases (up to 0.45) in the coefficient of the spatial lag.” 

Consequently, any outcome changes attributed to independent variables are un-

confounded with average effects of each place or time. Based on these methodological findings, 

the present study incorporates a dummy variable for each spatial and temporal unit used in the 

analysis. Information on model selection and regression analyses using two-way fixed-effects is 

provided later.  
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Spatial Lag of X (SLX) Model   

The spatial lag of X (SLX) model is expressed in the following equation containing 

spatially lagged independent variables (Vega & Elhorst, 2015, p. 343):  

Y=𝛼𝛼ιN + Xβ + WXϴ + Є   

(Equation from Vega & Elhorst, 2015, p. 343) 

1. Y = N x 1 vector consisting of one observation on the dependent variable for every unit in 
the sample10

 

2. 𝛼𝛼 = constant term parameter 

3. ιN = N x 1 vector of ones associated with the constant term parameter 𝛼𝛼 
4. X = N x K matrix of explanatory variables, with the associated parameter β contained in 

a K x 1 vector 
5. W = weight matrix – WX exogenous spatial lags  
6. ϴ = K x1 vector of response parameter 
7. Є =  vector of independently and identically distributed disturbance terms with zero mean 

and variance 2 

 

One of the advantages of using SLX model is that the model “allows for the spatial 

weights matrix, W, to be parameterized” (Vega & Elhorst, 2015, p. 339). Based on the 

parameterization, values can be assigned to W to specify the spatial relationship between areas 

(StataCorp, 2019, p. 7). The ability to parameterize W based on the selected spatial scale is an 

important part of this study since one aim is to examine impacts of nearby methamphetamine 

enforcement actions on the target location. Because W can be parameterized, spatial spillover can 

be structured in different ways at the local and regional levels; W might incorporate first-, 

second-, or even higher-order neighbors when spatial units are small, but only first-order 

                                                 
10 Notations, 1 through 7, are from Vega and Elhorst (2015, p. 343). For simplicity of presentation, modifications to 

the equation to incorporate time parameters are omitted. 
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neighbors when spatial units are large. The W can be created in different ways depending on 

particular spatial scales used. 

In regard to the target location, it is not the objective of this study to focus on one or more 

specific drug crime hot spots. Instead, each grid cell is considered as a target location in the 

analysis which will encompass drug crime hot spots. Using this method reveals the differing 

levels of impacts of two different types of methamphetamine enforcement actions throughout the 

active study area. 

Conceptual Illustration 

 Conceptual illustrations of how W applies to this study are shown in Figure 5. Figure 5 

contains two hypothetical examples of two sets of grid cells. Each set of grid cells is 

parameterized but weighted differently. For example, all of the grid cells in the left matrix are 

weighted based on the degree of adjacency from the target location. The weighted values, which 

set potential spillovers, are assigned to each grid cell and decrease as the grid cells are located 

farther away from the target location (StataCorp, 2019, p. 13). Assigned values are based on 

where the grid cells are nested. Further, the grid cells that belong to the same neighboring area 

were given equal value (i.e., 1, 0.5, and 0.25) with the same ratio. According to StataCorp (2019, 

p. 12), “only ratios of elements in the matrix matter.”  

 The matrix on the right is an example of measuring the level of spatial spillover for grid 

cells only associated with areas delineated by the second-order queen contiguity method. This 

method assigned one as the value to the grid cells being examined while assigning zero for all of 

the other grid cells. This method allows researchers to determine whether there is a direct 
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spillover from areas that are next to next door neighbors of the target location if there is a 

theoretical reason to suspect a spillover between these locations.  

Figure 1. Conceptual illustrations of W 
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CHAPTER 3: METHODS 

Study Site – San Diego County, CA 

Western San Diego County, California (CA) was chosen as the study site for the 

following reasons (see Figure 6). (1) Western San Diego County, CA shares the US-Mexico 

border with Tijuana, Mexico. (2) There are two land port-of-entries (POEs), San Ysidro and 

Otay Mesa, with San Ysidro POE being is the busiest border-crossing POE in the world. (3) 

According to the invitational edge theory11 (Valdez & Kaplan, 2007), individuals who reside or 

work in the western San Diego County, CA are more likely to be tempted to get involved in drug 

smuggling and distribution.  

In addition, in 2017, the US Customs and Border Protection officers at the San Ysidro 

POE accommodated approximately 32.2 million total individual crossings and 23.9 million 

vehicle passengers crossing into the US (Becker & Armendariz, 2012; San Diego Association of 

Government, n.d.). The high volume of traffic is the result of the San Diego-Tijuana area being a 

“transborder metropolis,” generating approximately $11 billion, that people from both sides 

crossing the border to shop and continue their daily activities (Bae, 2005, pp. 463-464). This 

large scale economy in the San Diego-Tijuana area closely resembles the ongoing illicit 

economy in that same area, particularly illicit drug trafficking and distribution. A high volume of 

traffic heading northbound into the US is being exploited by transnational criminal 

organizations. For example, drug traffickers use various methods, including but not limited to 

                                                 
11 Valdez and Kaplan (2007, pp. 897-898) described the theory of “invitational edge to corruption” in the context of 

drug markets as when individuals, including the government agents, are tempted to take risks and get involve with 

drug market activities while conducting their day-to-day business for the purposes of gaining financial profits 
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vehicles and human couriers, to smuggle multi-kilograms of methamphetamine into the US (US 

Drug Enforcement Administration, 2018, p. 68). In 2017, approximately 16,131 kilograms of 

methamphetamine were seized by the US Customs and Border Protection, which is a 62 percent 

increase from the previous year (US Drug Enforcement Administration, 2018, p. 68). Moreover, 

members of drug trafficking organizations use other methods and devices, such as flying drones, 

to smuggle drugs into the US. The drones, controlled by drug traffickers, have been flown into 

the US to conduct air drops in areas close to the US-Mexico border (US Drug Enforcement 

Administration, 2017, 2018).  

Another important factor with respect to illicit drug activities in western San Diego 

County, CA are two major interstate highways, Interstate 5 and Interstate 15, which connect 

western San Diego County, CA to the northern part of the US. Interstate 5 connects Tijuana, 

Mexico to the US-Canada border at Blaine, Washington. Interstate 5 also passes through major 

metropolitan areas such as Los Angeles, Sacramento, Portland, Oregon, and Seattle, Washington 

(National Drug Intelligence Center, 2000, p. 2). There are other highways and state routes, such 

as Interstate 85, Interstate 54, and Interstate 125, that members of drug trafficking organizations 

use to transport illicit drugs into the continental US.  

 Aside from the amounts of drugs smuggled into the US from Mexico, San Diego County, 

CA is a member of southwest border regional partnerships which encompasses four states. 

Specifically, California Alliance Group covers both San Diego and Imperial counties and all 

municipalities therein (BOTEC Analysis Corporation, 2002, p. 38). Due to San Diego County’s 

participation in partnerships with other jurisdictions, there is a greater chance to obtain 

information to measure the effects of the southwest border on illicit drug activities. For example, 
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San Diego County’s Regional Planning Agency collects and maintains all crime data within its 

jurisdiction through the Automated Regional Justice Information System (ARJIS). ARJIS shares 

information with criminal justice agencies in San Diego and Imperial Counties (Sawyer & 

Tyworth, 2006).   

In sum, western San Diego County, CA is a unique region in the US where drug crime 

researchers can potentially capture the effects of the southwest border on illicit drug activities. 

Although eastern San Diego County also shares a border with Mexico, the majority of its land is 

either unincorporated or designated as Native Indian reservations. Therefore, the present study 

uses western San Diego County, CA as the study site.   

Figure 2. Municipal boundaries of San Diego County, CA 
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Data Sources – Types of Data and Time Frame 

The crime data obtained from ARJIS includes all of the methamphetamine crime incidents 

(i.e., arrests and citations) for the following State of California Health and Safety code (HS) 

violations: HS 11378 - Possession of Methamphetamine for Sale, HS 11377 - Possession of 

methamphetamine, and HS 11379 - Sale or Transportation of Methamphetamine (i.e., 

trafficking). The crime data covers from January 1, 2015 through December 31, 2020. For the 

present study, January 1, 2015, was chosen as the beginning date because the State of California 

passed Proposition 47, “The Safe Neighborhoods and Schools Act” in November 2014 (Judicial 

Council of California, 2015, 2019). According to the Judicial Council of California, Proposition 

47, which became effective on November 5, 2014, changed the HS code sections to make drug 

possession violations as misdemeanors from felonies (Judicial Council of California, 2019, para 

11).  

Automated Regional Justice Information System 

 This study uses crime data from the San Diego Association of Government’s (SANDAG) 

Automated Regional Justice Information System (ARJIS). ARJIS is a division of SANDAG 

which collects and maintains crime data from its member law enforcement agencies in San 

Diego and Imperial Counties, CA. “ARJIS has evolved into a complex criminal justice enterprise 

network used by 80+ local, state, and federal agencies in the two California counties that border 

Mexico… [ARJIS is responsible for] common validation codes and geo-services for data 

standardization [and] standardize[s] UCR classification and reporting” (Automated Regional 

Justice Information System, 2015; What is ARJIS, para 1-3).  
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The following law enforcement agencies are listed as core member law enforcement 

agencies of ARJIS: Carlsbad Police Department, Chula Vista Police Department, Coronado 

Police Department, El Cajon Police Department, Escondido Police Department, La Mesa Police 

Department, National City Police Department, Oceanside Police Department, San Diego Police 

Department, San Diego Harbor Police, and San Diego Sheriff’s Department. San Diego Sheriff’s 

Department provides law enforcement services to the following areas in the San Diego County: 

City of Del Mar, City of Encinitas, City of Imperial Beach, City of Lemon Grove, City of 

Poway, City of San Marcos, City of Santee, City of Solana Beach, City of Vista, and 

unincorporated areas of San Diego County (Automated Regional Justice Information System, 

2015; ARJIS Agencies, para 2-3 ).  

Data Handling 

The subsections below describe how crime data from ARJIS was handled. Specific data 

handling processes and geocoding verification are discussed in detail.   

Data Check: Data Accuracy and Duplicate Records 

The crime data obtained from ARJIS was examined for its accuracy. Each crime incident 

was examined based on recorded incident number as well as date and time of the incident (e.g., 

time stamp) for possible duplication of records. This process was accomplished by programming 

a function into the syntax which searched for duplicate records in statistical software (e.g., 

duplicate command in Stata 17). A duplicate records check was also performed using specific 

functions in Microsoft Excel which served as a confirmatory analysis.  

The crime data set from ARJIS contained a total of 136,439 methamphetamine crime 

incident records. Initial inspection of the data set based on the Health and Safety (HS) codes 
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revealed that there were 78 records of possession or purchase of phencyclidine (PCP) with intent 

to distribute (HS 11378.5), 80 records of possession or purchase of ketamine with intent to 

distribute (HS 11379.2), and 17 records of transportation (i.e., trafficking) of PCP (HS 

11379.5(a)). These records, a total of 175, were deleted from the data set since PCP and 

ketamine are different from methamphetamine. 

 Duplicate records checks of the remaining 136,264 records identified a total of 72,524 

duplicate records. There were two reasons for having a substantial number of duplicate records 

in the data set. First, arrestees were charged with multiple offenses for one arrest incident. For 

example, most arrestees charged with a transportation offense (i.e., trafficking) were also 

charged with possession of methamphetamine for sale and possession offenses. Likewise, most 

arrestees charged with a possession of methamphetamine for sale offense were also charged with 

a possession offense. Second, arrestees’ total number of charges were based on each 

methamphetamine found and seized by officers. For example, arrestees were charged with ten 

(10) possession charges, not including a possession of methamphetamine for sale or a 

transportation charge, if officers seized ten different bags containing methamphetamine at the 

time of their arrest. These practices resulted in charging arrestees with multiple (e.g., charged 

with all HS code violations for one methamphetamine crime incident) and duplicate offenses 

(e.g., charging arrestees with ten possession, ten possession for sale, and ten transportation 

offenses for one methamphetamine crime incident).  

The following approaches were used to delete duplicate records: if there were multiple 

charges for a single methamphetamine incident, then only the most serious charge (i.e., 

trafficking or distribution) was kept in the data set. If an arrestee was charged with both 
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trafficking and distribution charges, then only the trafficking charge was kept in the data set. 

Even though both trafficking and distribution charges are felony offenses and considered as a 

serious drug offense in the State of California, in general, if arrestees are charged a trafficking 

offense, then they are also charged with both possession and possession of methamphetamine for 

sale offenses as well. However, this is not true for the possession of methamphetamine for sale 

offense. All detected duplicate records were deleted. After deleting the duplicate records, 63,740 

records remained in the data set.  

Geocoding Checks 

All methamphetamine crime incidents in the data set were geocoded, and each geocoded 

location was checked for spatial accuracy. Geocoding checks showed 5,810 records were not 

geocoded12. However, ungeocoded records contained other types of location information such as 

San Diego County police beat and city. Although this information can be used infer where the 

incident might have occurred, the data set did not contain specific spatial identifiers that can be 

used to geocode the incident location. In order to maintain a high-level of spatial accuracy of the 

methamphetamine incident locations, these records were deleted. After deleting these non-

geocoded locations, 57,883 records remained in the data set. The geocoding rate was higher than 

the “minimum reliable geocoding rate” of 85 percent (Ratcliffe, 2004, p. 61).  

                                                 
12 The dataset obtained from ARJIS did not explain reasons regarding missing incident location information. 

Although unverified, it is assumed that missing incident location information might be associated with the nature or 

sensitivity of crime (e.g., targeting a high profile drug actor or the investigation was ongoing when the crime data 

was provided to ARJIS) or the participating law enforcement agency decided not to provide the incident location 

information to ARJIS.    
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Crime Incident Locations Outside of the Study Area 

A detailed spatial analysis of the methamphetamine incident locations identified a total of  

4,146 incidents occurred outside of the active part of the study area. These incidents were 

excluded from the analysis. A total of 53,737 methamphetamine crime incidents remained in the 

data set.  

Spatial Scaling – Spatial Unit of Analysis 

As described earlier, a spatial scale chosen for a study aligns with relevant theoretical 

dynamics (Askey et al., 2018, p. 8). The theoretical foundations of this study explain the 

mechanisms which may affect later crime rates. However, we do not know the spatial extent of 

the impacts of these mechanisms, particularly for methamphetamine crime. Using multiple 

spatial scales will reveal the relevant spatial scale for enforcement dynamics.  

The present study uses the following four (4) different spatial scales with differing sizes: 

1mi2 (1mi * 1mi), 4mi2 (2mi * 2mi), 9mi2 (3mi * 3mi), and 16mi2 (4mi * 4mi). These spatial 

scales with differing sizes were chosen based on previous works on drug sellers’ travel distance. 

In his study of calculating the travel distance of drug actors, Johnson (2016) found 2.79 miles 

was the average distance which drug sellers traveled to their arrest. Similarly, Fisher (2021) 

found 2.17 miles as the average travel distance of drug sellers from their home to the centroid of 

incident block. In addition, Eck’s (1992) work on drug sellers’ travel distance showed 

approximately 80 percent of drug sellers were arrested within 3 miles from their home. Driven 

by these findings, it was determined that the abovementioned spatial scales with differing sizes, 

which center on the average travel distance of drug sellers, are appropriate and cover a wide 

range of space-time combinations for analysis.     
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Specific Indicators  

Dependent Variable 

The dependent variable is the total number of street-level methamphetamine crime 

incidents in target locations, and each grid cell is considered as a target location in the analysis. 

As noted above, the methamphetamine crime incident variable is comprised of California Health 

and Safety code (HS) 11378 (Possession of Methamphetamine for Sale), HS 11377 (Possession 

of methamphetamine), and HS 11379 (Sale or Transportation of Methamphetamine in 

California). All methamphetamine related violations from January 1, 2015 through December 31, 

2020 are included. These three violations cover all street-level methamphetamine crime 

incidents. The data set contained a total of 47,650 HS 11377 violations, a total of 3,400 HS 

11378 violations, and a total of 2,687 HS 11379 violations.  

Prior to combining these three indicators into one variable, covariation checks were 

conducted. Fisher’s exact test showed all HS code combinations were significant at the .001 level 

(tables omitted). Pairwise correlation coefficients for all HS code combinations were significant 

at the .001 level as well. These HS codes were combined into one variable to serve as both the 

dependent and independent variable based on spatial (e.g., target locations and nearby target 

locations) and temporal (later and earlier methamphetamine crime incidents) scale.   

Descriptive Statistics of the Dependent Variable. The following descriptive statistics 

information is provided for the dependent variable: total number of street-level 

methamphetamine crime incidents, minimum, maximum, mean, standard deviation, skewness, 

and kurtosis. The descriptive statistics information will be provided for each spatial scale 
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selected for this study. Descriptive statistics information is provided for the four spatial scales 

with different sizes chosen for this study (see Table 1 through 4).  

Table 1. Methamphetamine crime incidents in 1mi2 grid cells by year 

  n sum min max mean sd se kurtosis 

Total meth crime incidents in 2015 (1mi2) 1097 5925 0 151 5.4010939 13.207203 0.39875629 30.428573 

Total meth crime incidents in 2016 (1mi2) 1097 8062 0 219 7.349134 17.800427 0.53743642 33.908473 

Total meth crime incidents in 2017 (1mi2) 1097 8515 0 250 7.7620784 19.955034 0.60248905 39.06242 

Total meth crime incidents in 2018 (1mi2) 1097 9527 0 303 8.6845943 22.942145 0.69267691 44.820209 

Total meth crime incidents in 2019 (1mi2) 1097 10321 0 403 9.4083865 26.121576 0.78867134 71.479472 

Total meth crime incidents in 2020 (1mi2) 1097 11387 0 480 10.380128 30.632899 0.92487873 77.638051 

 

Table 2. Methamphetamine crime incidents in 4mi2 grid cells by year 

  n sum min max mean sd se kurtosis 

Total meth crime incidents in 2015 (4mi2) 319 5925 0 320 18.573668 38.91371 2.1787495 18.69647 

Total meth crime incidents in 2016 (4mi2) 319 8062 0 349 25.272727 51.580226 2.8879382 14.895861 

Total meth crime incidents in 2017 (4mi2) 319 8515 0 362 26.69279 56.620881 3.1701607 15.734006 

Total meth crime incidents in 2018 (4mi2) 319 9527 0 482 29.865204 64.57654 3.6155921 16.974436 

Total meth crime incidents in 2019 (4mi2) 319 10321 0 573 32.354232 69.656637 3.9000229 20.048457 

Total meth crime incidents in 2020 (4mi2) 319 11387 0 747 35.695925 82.466832 4.6172561 30.228725 

 

Table 3. Methamphetamine crime incidents in 9mi2 grid cells by year 

  n sum min max mean sd se kurtosis 

Total meth crime incidents in 2015 (9mi2) 152 5925 0 347 38.980263 68.210666 5.5326156 8.6185414 

Total meth crime incidents in 2016 (9mi2) 152 8062 0 524 53.039474 92.457463 7.4992906 8.8962747 

Total meth crime incidents in 2017 (9mi2) 152 8515 0 592 56.019737 101.33686 8.2195045 9.8545512 

Total meth crime incidents in 2018 (9mi2) 152 9527 0 727 62.677632 116.25427 9.4294661 12.038772 

Total meth crime incidents in 2019 (9mi2) 152 10321 0 900 67.901316 127.63839 10.352841 15.366641 

Total meth crime incidents in 2020 (9mi2) 152 11387 0 ### 74.914474 149.63894 12.137321 17.499113 

 

Table 4. Methamphetamine crime incidents in 16mi2 grid cells by year 

  n sum min max mean sd se kurtosis 

Total meth crime incidents in 2015 (16mi2) 96 5925 0 533 61.71875 113.83133 11.617862 8.5003548 

Total meth crime incidents in 2016 (16mi2) 96 8062 0 724 83.979167 150.96964 15.408274 8.9597326 

Total meth crime incidents in 2017 (16mi2) 96 8515 0 836 88.697917 162.50565 16.585664 8.7494341 

Total meth crime incidents in 2018 (16mi2) 96 9527 0 928 99.239583 184.66799 18.847598 8.4855258 

Total meth crime incidents in 2019 (16mi2) 96 10321 0 1119 107.51042 203.49344 20.768962 9.881496 

Total meth crime incidents in 2020 (16mi2) 96 11387 0 1262 118.61458 233.59526 23.841216 11.523306 
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Spatial Displays of the Dependent Variable. At each spatial scale analyzed, the 

dependent variable is displayed on a quintile map. These maps show the overall spatial patterns. 

Figure 3 illustrates the quintile map based on the total number of methamphetamine crime 

incidents in the active part of the study area. The quintile map shows a higher-level of 

methamphetamine crime incidents in the city of San Diego, Chula Vista, La Mesa, and El Cajon. 

In addition to these cities, Oceanside and Vista, two cities that are located farther away from the 

city of San Diego, also showed higher incident counts. This is an interesting finding in that cities 

located between San Diego and Oceanside showed lower crime counts compared to Vista and 

Oceanside even though the total population and area size are similar (see also Figure 4).  
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Figure 3. Total methamphetamine crime incidents in the San Diego municipalities selected as 

active study area (normalized by area size) 
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Figure 4. Total methamphetamine crime incidents in the active study area by spatial scales 

(normalized by area size) 
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Figure 5 contains six quintile maps showing yearly variation of methamphetamine crime incident 

counts in the active study area. These maps revealed similar findings.  

Figure 5. Methamphetamine crime incidents in the San Diego municipalities selected as active 

study area by year (normalized by area size) 
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Graphical Display of the Dependent Variable – Charts Showing DV Over Time. 

Graphical displays of dependent variable changes over time are also generated. These charts 

reveal general patterns of dependent variable changes within the selected time frame. Figure 6 

shows a histogram of methamphetamine crime incidents by year. The histogram shows a steady 

increase of the methamphetamine crime incidents in the active study area each year without 

resembling any anomaly which merits additional attention. Figure 7 shows methamphetamine 

crime incidents by month for each year. Figure 7 shows a similar pattern of methamphetamine 

crime incidents between 2015 and 2019 even though the pattern shows some monthly variations. 

In contrast, the monthly variations are much more noticeable in 2020. For example, the graph 

shows a significant increase and decrease in methamphetamine crime incidents throughout the 

year. The total number of methamphetamine crime incidents in August 2020 is more than twice 

the number of the total number of methamphetamine crime incidents in June 2020.       

Figure 6. Methamphetamine crime incidents by year  
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Figure 7. Monthly variation of methamphetamine crime incidents by year 

 

Independent Variables 

There are three independent variables for this study: time-lagged (earlier) street-level 

methamphetamine crime incidents, time-lagged (earlier) small-scale methamphetamine seizure 

amounts, and time-lagged large-scale methamphetamine seizure incidents. Earlier street-level 

methamphetamine crime incidents in and around the target location is used as one of the 

independent variables while later street-level methamphetamine crime incidents in the target 

location is used as the dependent variable. As mentioned earlier, methamphetamine crime 

incidents are the same as street-level methamphetamine enforcement actions. However, they 

were renamed to reflect the change from a predictor (i.e., earlier arrests and citations) to the 

outcome measure (i.e., later arrests and citations). 
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Methamphetamine Seizure Amounts. The present study examines both 

methamphetamine seizure amounts and the number of seizure incidents to illustrate the seizure 

and methamphetamine crime incident patterns in the study site. One approach to the seizure 

pattern is to group seizure amounts by commonly used drug weight classification. This 

classification can range from less than an “eight ball”13 (e.g., approximately 3.5 gram), to an 

ounce (approximately 28 grams), to a quarter pound (approximately 113 grams), to larger units 

(e.g., a pound or more), depending on the distribution of drug seizure amounts in the dataset (see 

Tables 5 & 6).  

Table 5. Distribution of methamphetamine seizure amounts by year (in grams) 

Distribution of methamphetamine seizure amounts by year (in grams) 

year N Sum Min Max Mean SD 

2015 642 19157.63 0.006 9072.648 29.84054 377.4825 

2016 1141 38212.01 0.005 12000 33.48993 396.481 

2017 1265 128952.3 0.01 38500 101.9386 1374.034 

2018 1336 119186.4 0.01 21318.84 89.21137 1143.555 

2019 1310 595627.5 0.01 75296.33 454.6775 4523.531 

2020 1440 2277749 0.01 456540.7 1581.77 22575.25 

Total 7134 3178885 0.005 456540.7 445.5965 10369.9 
 

                                                 
13 The term “Eight ball” of methamphetamine, referring to approximately three grams of methamphetamine, is used 

commonly in street sales. Generally, an “eight ball” of methamphetamine is contained in a small clear plastic bag 

and is considered as amount for personal use.   
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Table 6. Distribution of methamphetamine seizure amounts by percentile by year (in grams)  

Methamphetamine seizure amounts by percentile by year (in grams) 

year mean p1 p5 p10 p25 p50 p75 p90 p95 p99 

2015 29.841  0.010  0.050  0.100  0.200  0.600  2.520  15.400  35.900  235.600  

2016 33.490  0.027  0.070  0.100  0.200  0.710  3.000  14.400  37.210  453.592  

2017 101.939  0.010  0.050  0.100  0.200  0.610  2.500  11.980  28.400  912.710  

2018 89.211  0.020  0.050  0.100  0.280  0.900  3.000  14.180  38.520  753.700  

2019 454.678  0.030  0.070  0.120  0.320  0.940  3.360  15.000  50.800  15141.648  

2020 1581.770  0.030  0.090  0.140  0.410  1.400  6.020  23.745  59.970  4535.924  
 

Table 7 provides descriptive statistics information for methamphetamine seizure amounts in the 

study area by year. The total and mean seizure amount in 2019 is nearly five times greater than 

the documented seizure amounts in 2017 and 2018, and much greater than five times when 

compared to the seizure amounts between 2015 through 2017. This finding merits attention. 

Although the total number of methamphetamine crime incidents has been increasing since 2015 

(see Figures 10 and 11), the percentage increase in methamphetamine crime incidents between 

2018 and 2019 is only about 8.33 percent. These findings might be indicating that law 

enforcement agencies in western San Diego County had conducted large-scale, preplanned, 

narcotics enforcement operations. The media that covers San Diego County, CA reported that the 

methamphetamine seizure has increased approximately 66 percent in fiscal year 2019 (80,548 

pounds) from 2018 (48,645 pounds) at the US-Mexico border (see Alvarez, 2020; Gibbons, 

2019).   
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Table 7. Methamphetamine seizure amounts in the study area by year (in grams) 

Methamphetamine seizure amounts in the study area by year (in grams) 

 n sum min max mean sd se kurtosis 
Total seizure 
amount 39  3178885  0  2084526.100  81509.878  339647.390  54387.110  32.716  
Total seizure 
amount in 2015  39  19158  0  9213.147  491.221  1613.141  258.309  23.810  
Total seizure 
amount in 2016  39  38212  0  17962.733  979.795  3048.263  488.113  26.277  
Total seizure 
amount in 2017  39  128952  0  57811.173  3306.469  11430.246  1830.304  16.677  
Total seizure 
amount in 2018  39  119186  0  64003.248  3056.061  10983.947  1758.839  25.934  
Total seizure 
amount in 2019  39  595628  0  224101.360  15272.500  48900.628  7830.367  12.721  
Total seizure 
amount in 2020  39  2277749  0  1759786.200  58403.830  289002.020  46277.360  32.540  
Note: all seizure amounts are in grams 

 

Tables 8 through 11 provide descriptive statistics information for methamphetamine seizure 

amounts in the selected spatial scales by year (all seizure amounts are in grams).  

Table 8. Methamphetamine seizure amounts in 1mi2 grid cells by year (in grams) 

  n sum min max mean sd se kurtosis 
Total seizure amount in 2015 (1mi2) 1097 19157.625 0 9072.6475 17.463651 289.68782 8.7463514 876.3717 
Total seizure amount in 2016 (1mi2) 1097 38212.013 0 12000 34.833193 421.77984 12.734518 610.04116 
Total seizure amount in 2017 (1mi2) 1097 128952.27 0 38559.289 117.54993 1689.4935 51.009751 366.32773 
Total seizure amount in 2018 (1mi2) 1097 119186.4 0 62768.527 108.64758 2009.3144 60.66589 871.42158 
Total seizure amount in 2019 (1mi2) 1097 595627.52 0 157852.34 542.96036 7201.9199 217.44277 385.41624 
Total seizure amount in 2020 (1mi2) 1097 2277749.4 0 913081.44 2076.344 39606.445 1195.811 441.71754 

 

Table 9. Methamphetamine seizure amounts in 4mi2 grid cells by year (in grams) 

  n sum min max mean sd se kurtosis 
Total seizure amount in 2015 (4mi2) 319 19157.625 0 9072.6475 60.055252 536.41866 30.033679 252.60293 
Total seizure amount in 2016 (4mi2) 319 38212.013 0 12000 119.78688 783.58185 43.872161 172.21371 
Total seizure amount in 2017 (4mi2) 319 128952.27 0 38578.84 404.2391 3181.2597 178.11635 103.31267 
Total seizure amount in 2018 (4mi2) 319 119186.4 0 62768.527 373.62507 3719.0806 208.22853 252.08644 
Total seizure amount in 2019 (4mi2) 319 595627.52 0 157853.41 1867.1709 13279.054 743.48427 111.15064 
Total seizure amount in 2020 (4mi2) 319 2277749.4 0 913093 7140.2801 73293.257 4103.6346 127.02398 
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Table 10. Methamphetamine seizure amounts in 9mi2 grid cells by year (in grams) 

  n sum min max mean sd se kurtosis 
Total seizure amount in 2015 (9mi2) 152 19157.624 0 9109.3965 126.037 777.00162 63.023153 119.63142 
Total seizure amount in 2016 (9mi2) 152 38212.013 0 12096.21 251.39482 1140.0472 92.470037 80.231472 
Total seizure amount in 2017 (9mi2) 152 128952.28 0 50035.684 848.37023 5442.32 441.43044 61.860259 
Total seizure amount in 2018 (9mi2) 152 119186.39 0 62768.527 784.12102 5371.9041 435.71896 119.12452 
Total seizure amount in 2019 (9mi2) 152 595627.5 0 157921.39 3918.602 19448.914 1577.5152 49.003052 
Total seizure amount in 2020 (9mi2) 152 2277749.3 0 913093 14985.193 105900.4 8589.6569 59.532022 

 

Table 11. Methamphetamine seizure amounts in 16mi2 grid cells by year (in grams) 

  n sum min max mean sd se kurtosis 
Total seizure amount in 2015 (16mi2) 96 19157.625 0 9123.0674 199.5586 980.44829 100.06658 73.285005 
Total seizure amount in 2016 (16mi2) 96 38212.013 0 12096.21 398.0418 1448.2307 147.80943 46.957289 
Total seizure amount in 2017 (16mi2) 96 128952.27 0 57177.227 1343.2528 7008.0566 715.25679 47.476797 
Total seizure amount in 2018 (16mi2) 96 119186.4 0 62768.527 1241.525 6737.3527 687.62818 74.545935 
Total seizure amount in 2019 (16mi2) 96 595627.52 0 159005.31 6204.4533 24353.494 2485.5681 30.31356 
Total seizure amount in 2020 (16mi2) 96 2277749.4 0 1738167.9 23726.556 182883.64 18665.483 82.48538 

 

The descriptive statistics information of the overall distribution of methamphetamine 

seizure amounts in four spatial scales by year indicate 2787.09 grams, approximately 6 pound, is 

the mean seizure amount.  

Spatial Displays of the Overall Seizure Amounts. The independent variables are 

displayed on different types of maps in order to provide variations in distribution using the same 

methods outlined for the dependent variable. Figure 8 is generated based on the total amount of 

methamphetamine seized in the active study area. The map shows large amounts of 

methamphetamine were seized in the city of San Diego and in a few cities surrounding San 

Diego. Figure 9 contains six quintile maps showing yearly variation in the amounts of 

methamphetamine seized in the active study area. These maps revealed similar findings. 
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Figure 8. Total amount of methamphetamine seized in the active study area (normalized by area 

size) 
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Figure 9. Amount of methamphetamine seized in the active study area by year (2015-2020). 

Normalized by area size. 
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The graphical displays of the overall seizure amounts show that large amounts of 

methamphetamine were seized in Spring Valley, CA and La Presa, CA. These are two census 

designated areas located adjacent to the city of San Diego. One possible explanation for this 

observation is ongoing methamphetamine trafficking activities between eastern and western San 

Diego County. Figure 17 shows a higher concentration of both freeways and major roads passing 

through Spring Valley and La Presa. In addition, there is only one freeway which leads travelers 

to the eastern portion of San Diego County from these locations. Based on these findings, it is 

reasonable to conclude that since the majority of methamphetamine being trafficked between 

eastern and western portion of San Diego County passes through Spring Valley and La Presa, 

there is a higher probability for law enforcement officers to detect and apprehend 

methamphetamine traffickers and seize their drugs in these areas.  

Graphical Display of the Overall Seizure Amounts – Charts Showing IV Over Time. 

The graphical displays of how the independent variables changed over time within the study area 

are provided using the same methods outlined for the dependent variable. The histogram shows a 

general pattern of yearly increase in the seizure amounts with a substantial increase in 2020 

(Figure 10). The noticeable increase in the seizure amounts in 2020 might be related to a change 

in drug smuggling method at the US-Mexico border while COVID-19 travel restrictions were in 

effect. The US government imposed travel restrictions at the northern and southern border, 

which prohibited non-essential pedestrians and passenger vehicles from entering and leaving the 

US14. Due to travel restrictions, drug trafficking organizations most likely used commercial 

                                                 
14 For additional information on travel restrictions imposed by the US government in 2020, see 

https://www.dhs.gov/news/2020/10/19/fact-sheet-dhs-measures-border-limit-further-spread-coronavirus 

https://www.dhs.gov/news/2020/10/19/fact-sheet-dhs-measures-border-limit-further-spread-coronavirus
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vehicles entering into the US for trade to smuggle bulk quantities of methamphetamine instead of 

smuggling drugs in smaller quantities using multiple passenger vehicles or pedestrians. 

Considering factors such as fewer vehicles passed through the US-Mexico border in 2020 and 

vehicles which concealed bulk quantities of drugs are more vulnerable to discovery at an 

inspection location as well as on major roads and freeways, law enforcement officers might have 

stopped a higher number of drug transporting vehicles loaded with large amounts of 

methamphetamine in 2020 compared to previous years.   

Another possible reason for observing a significant increase in the seizure amounts in 2020 

is law enforcement agencies might have conducted more specialized operations. Since law 

enforcement officers at the US-Mexico border checkpoints had a greater chance of identifying 

commercial vehicles transporting drugs in bulk, perhaps they conducted cold convoy or 

controlled delivery operations more frequently. Cold convoy operation refers to allowing a 

vehicle loaded with narcotics or contraband to pass through the border/checkpoint so that law 

enforcement could locate potential stash locations, arrest additional co-conspirators, and seize 

more illicit materials (Aldridge & Askew, 2017; US Customs and Border Protection, 2016). On 

the other hand, controlled delivery operation refers to delivering the seized contraband to its 

intended recipient by law enforcement officers instead of letting smugglers to transport and 

deliver the contraband. The objectives of controlled delivery operations are similar to cold 

convoy operations, however.  
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Although it is possible that law enforcement agencies seized much more drugs in 2020 

than previous years, it is also possible that law enforcement agencies documented seizure 

amounts in the incident reports more often than previous years for administrative purposes. For 

example, due to COVID-19 restrictions, many law enforcement officers might have given office 

assignments with administrative tasks which could have resulted in having more time to be more 

complete with record-keeping.  

Out of 53,737 selected methamphetamine crime incidents for this study, there are only 

7,134 incidents which documented the seizure amount. A detailed inspection of the seizure data 

revealed noticeably large amounts of seizures in the city of San Diego in June and November 

2020. In June 2020, approximately 37 percent of recorded seizure incidents (210 out of 568 total 

seizure incidents) occurred in the city of San Diego and the seizure amount was approximately 

99 percent (816,003.1 grams) of the total seizure amount. Likewise, in November 2020, the city 

of San Diego had the highest number of seizure incidents. Approximately 45 percent of the total 

seizure incidents (436 out of 977 total seizure incidents) occurred in the city of San Diego and 

the seizure amount was approximately 67 percent (929,455.4 grams) of the total seizure amount. 

Given that San Diego Police Department is the largest police department in western San Diego 

County, aside from San Diego Sheriff’s Department which primarily covers the unincorporated 

areas, it is likely that San Diego police officers arrests and give citations to a higher number of 

methamphetamine violators compared to officers of other police departments. Likewise, San 

Diego police officers will likely to seize a higher volume of methamphetamine in western San 

Diego County compared to officers of other police departments.    
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Figure 10. Amounts of methamphetamine seized by year (in grams) 

 

Figure 11. Monthly variation of amounts of methamphetamine seized by year (in grams) 
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Establishing the Threshold to Differentiate Small-Scale Seizure Amounts from Large-Scale 

Seizure Amounts 

One of the objectives of this study is to examine the impacts of earlier large-scale 

methamphetamine seizure incidents on later methamphetamine crime incidents. To assess such 

impacts, methamphetamine crime incidents and the associated seizure amount need to be 

grouped based on a threshold seizure amount. Since the threshold seizure amount will serve to 

differentiate small-scale seizure amounts from large-scale seizure amounts, it must be data and 

empirical evidence driven. As mentioned earlier, the overall distribution of methamphetamine 

seizure amounts in four spatial scales by year showed 2787.09 grams, approximately 6 pounds, is 

the mean seizure amount. Although using 2787.09 grams as the threshold amount to differentiate 

small-scale seizure amount from large-scale seizure amount appears to be a valid approach, there 

are concerns. First, it included all methamphetamine crime incidents which did not result in any 

seizures. These incidents were those during which officers found methamphetamine residues on 

paraphernalia or the seized drug was destroyed pursuant to a field narcotics test. The inclusion of 

these incidents with no seizure amount will skew the differentiating marker by making it lower 

than it should be. Second, since large-scale methamphetamine seizure incidents are most likely 

the products of preplanned investigations, it might be misleading if the analysis also includes 

those methamphetamine crime incidents which resulted in only a possession charge.  

With these issues in mind, the threshold for the line between small-scale and large-scale 

seizures was determined by using only those methamphetamine crime incidents which resulted in 

either HS 11378 – Possession of Methamphetamine for Sale or HS 11379 – Sale of 

Transportation of Methamphetamine with seizure amount greater than zero. The histogram 
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below provides information for methamphetamine crime incidents which met the aforementioned 

criteria (see Figure 12). Table 12 provides descriptive statistics information.  

 Figure 12. Methamphetamine charges selected to establish the threshold amount 

   

Table 12. Descriptive statistics of methamphetamine seizure amounts greater than zero grams 

for HS 11378 and HS 11379 

  n sum min max mean median sd se kurtosis 
Total seizure 
amounts 1082 3156814.1 0.03 456540.73 2917.5731 16.525 26501.94 805.6827 242.11056 

 

Table 12 shows the mean seizure amount, approximately 2917.57 grams, for those incidents 

which met the criteria is similar to the mean seizure amount of the overall distribution of 

methamphetamine seizure amounts in four spatial scales by year - 2787.09 grams. For this study, 

2917.57 grams is selected as the threshold seizure amount to differentiate small-scale seizures 

from large-scale seizures. Tables 13 and 14 provide descriptive statistics information for both the 

small-scale and large-scale methamphetamine seizures by selected spatial scales. 
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Table 13. Descriptive statistics for total small-scale methamphetamine seizure amounts by 

selected spatial scales 

  n sum min max mean sd se kurtosis 
Total small-scale seizure amounts (1mi2) 1097 133885.78 0 8124.5879 122.0472 581.9574 17.570652 83.500096 
Total small-scale seizure amounts (4mi2) 319 133885.78 0 9912.4531 419.70465 1261.0263 70.603917 26.87022 
Total small-scale seizure amounts (9mi2) 152 133885.78 0 13452.983 880.82753 2180.6804 176.87653 16.467566 
Total small-scale seizure amounts 
(16mi2) 96 133885.78 0 13102.294 1394.6436 2833.6739 289.21063 8.3360924 

 

Table 14. Descriptive statistics for total large-scale methamphetamine seizure amounts by 

selected spatial scales 

  n sum min max mean sd se kurtosis 
Total large-scale seizure amounts (1mi2) 1097 3044999.4 0 943018.56 2775.7515 40936.766 1235.9765 416.96886 
Total large-scale seizure amounts (4mi2) 319 3044999.4 0 946218.56 9545.4528 75722.382 4239.6394 120.2158 
Total large-scale seizure amounts (9mi2) 152 3044999.4 0 989692.25 20032.891 111798.16 9068.0283 57.240767 
Total large-scale seizure amounts 
(16mi2) 96 3044999.3 0 1796328.6 31718.743 190482.36 19441.024 78.680057 

 

A total of 49 methamphetamine crime incidents were linked to the seizure amounts greater than 

2917.57 grams15. 

 

 

                                                 
15 Robustness of the model outcomes were checked with using a different threshold amount. The different threshold 

amount was established after removing the seizure amounts outside of three standard deviations above the mean. 

The models which checked for the robustness showed similar patterns 
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Table 15 provides descriptive statistics information for those methamphetamine crime incidents 

linked to small-scale seizures. Likewise, Table 16 provides descriptive statistics information for 

those methamphetamine crime incidents linked to large-scale seizures.  

Table 15. Descriptive statistics for total small-scale methamphetamine crime incidents by 

selected spatial scales 

  n sum min max mean sd se kurtosis 

Total small-scale meth crime incidents (1mi2) 1097 53688 0 1806 48.940747 124.36712 3.7549335 53.069861 
Total small-scale meth crime incidents (4mi2) 319 53688 0 2697 168.30094 350.21797 19.608442 17.226375 
Total small-scale meth crime incidents (9mi2) 152 53688 0 4156 353.21053 636.33729 51.61377 11.883299 
Total small-scale meth crime incidents (16mi2) 96 53688 0 5402 559.25 1022.5118 104.35967 8.9979773 

 

Table 16. Descriptive statistics for total large-scale methamphetamine crime incidents by 

selected spatial scales 

  n sum min max mean sd se kurtosis 
Total large-scale meth crime incidents (1mi2) 1097 49 0 8 0.0446673 0.3806584 0.01149297 223.56093 
Total large-scale meth crime incidents (4mi2) 319 49 0 8 0.153605 0.734319 0.04111397 60.549738 
Total large-scale meth crime incidents (9mi2) 152 49 0 11 0.3223684 1.3051197 0.10585919 40.053067 
Total large-scale meth crime incidents (16mi2) 96 49 0 15 0.5104167 1.8973377 0.19364622 38.496517 

 

For the reasons mentioned earlier, Tables 17 through 20 provide descriptive statistics 

information for methamphetamine crime incidents associated with small-scale seizure seizures 

for each selected spatial scale by year. Tables 21 through 24 provide descriptive statistics 

information for methamphetamine crime incidents associated with large-scale seizures for each 

selected spatial scale by year.  
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Table 17. Small-scale methamphetamine seizure incidents in 1mi2 by year  

  n sum min max mean sd se kurtosis 
Small-scale incidents in 2015 (1mi2) 1097 5924 0 151 5.4001823 13.207265 0.39875817 30.429232 
Small-scale incidents in 2016 (1mi2) 1097 8060 0 219 7.3473108 17.800411 0.53743595 33.910472 
Small-scale incidents in 2017 (1mi2) 1097 8506 0 250 7.7538742 19.950247 0.60234452 39.100269 
Small-scale incidents in 2018 (1mi2) 1097 9521 0 303 8.6791249 22.942507 0.69268783 44.822559 
Small-scale incidents in 2019 (1mi2) 1097 10305 0 403 9.3938013 26.111389 0.78836377 71.599135 
Small-scale incidents in 2020 (1mi2) 1097 11372 0 480 10.366454 30.621314 0.92452893 77.750791 

 

Table 18. Small-scale methamphetamine seizure incidents in 4mi2 by year 

  n sum min max mean sd se kurtosis 
Small-scale incidents in 2015 (4mi2) 319 5924 0 320 18.570533 38.913958 2.1787634 18.697117 
Small-scale incidents in 2016 (4mi2) 319 8060 0 349 25.266458 51.581173 2.8879913 14.896356 
Small-scale incidents in 2017 (4mi2) 319 8506 0 362 26.664577 56.610251 3.1695655 15.739926 
Small-scale incidents in 2018 (4mi2) 319 9521 0 482 29.846395 64.579858 3.6157779 16.975003 
Small-scale incidents in 2019 (4mi2) 319 10305 0 573 32.304075 69.627434 3.8983879 20.07485 
Small-scale incidents in 2020 (4mi2) 319 11372 0 747 35.648903 82.446184 4.6161001 30.261133 

 

Table 19. Small-scale methamphetamine seizure incidents in 9mi2 by year 

  n sum min max mean sd se kurtosis 
Small-scale incidents in 2015 (9mi2) 152 5924 0 347 38.973684 68.202945 5.5319893 8.6227512 
Small-scale incidents in 2016 (9mi2) 152 8060 0 524 53.026316 92.461408 7.4996105 8.8961721 
Small-scale incidents in 2017 (9mi2) 152 8506 0 592 55.960526 101.32159 8.2182662 9.8626306 
Small-scale incidents in 2018 (9mi2) 152 9521 0 727 62.638158 116.26936 9.4306902 12.036431 
Small-scale incidents in 2019 (9mi2) 152 10305 0 900 67.796053 127.58248 10.348306 15.398218 
Small-scale incidents in 2020 (9mi2) 152 11372 0 1066 74.815789 149.57451 12.132095 17.536583 

 

Table 20. Small-scale methamphetamine seizure incidents in 16mi2 by year 

  n sum min max mean sd se kurtosis 
Small-scale incidents in 2015 (16mi2) 96 5924 0 533 61.708333 113.81813 11.616514 8.5044623 
Small-scale incidents in 2016 (16mi2) 96 8060 0 724 83.958333 150.97807 15.409135 8.9591474 
Small-scale incidents in 2017 (16mi2) 96 8506 0 836 88.604167 162.47542 16.582578 8.7524451 
Small-scale incidents in 2018 (16mi2) 96 9521 0 928 99.177083 184.68807 18.849647 8.4852115 
Small-scale incidents in 2019 (16mi2) 96 10305 0 1119 107.34375 203.35366 20.754696 9.9030721 
Small-scale incidents in 2020 (16mi2) 96 11372 0 1262 118.45833 233.53255 23.834816 11.539804 
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Table 21. Large-scale methamphetamine seizure incidents in 1mi2 by year 

  n sum Min max mean sd se kurtosis 
Large-scale incidents in 2015 (1mi2) 1097 1 0 1 0.0009116 0.0301923 0.00091158 1095.0009 
Large-scale incidents in 2016 (1mi2) 1097 2 0 1 0.0018232 0.0426789 0.00128858 546.50183 
Large-scale incidents in 2017 (1mi2) 1097 9 0 3 0.0082042 0.1381782 0.00417192 408.67902 
Large-scale incidents in 2018 (1mi2) 1097 6 0 3 0.0054695 0.1044938 0.00315491 638.42009 
Large-scale incidents in 2019 (1mi2) 1097 16 0 4 0.0145852 0.1648009 0.00497572 343.2616 
Large-scale incidents in 2020 (1mi2) 1097 15 0 8 0.0136737 0.2612346 0.00788728 804.38271 

 

Table 22. Large-scale methamphetamine seizure incidents in 4mi2 by year 

  n sum min max mean sd se kurtosis 
Large-scale incidents in 2015 (4mi2) 319 1 0 1 0.0031348 0.0559893 0.0031348 317.00314 
Large-scale incidents in 2016 (4mi2) 319 2 0 1 0.0062696 0.0790562 0.0044263 157.50631 
Large-scale incidents in 2017 (4mi2) 319 9 0 3 0.0282132 0.2554198 0.01430076 117.59947 
Large-scale incidents in 2018 (4mi2) 319 6 0 3 0.0188088 0.1933416 0.01082505 184.59518 
Large-scale incidents in 2019 (4mi2) 319 16 0 4 0.0501567 0.3030116 0.01696539 99.5345 
Large-scale incidents in 2020 (4mi2) 319 15 0 8 0.0470219 0.4961952 0.0277816 212.98304 

 

Table 23. Large-scale methamphetamine seizure incidents in 9mi2 by year 

  n sum min max mean sd se kurtosis 
Large-scale incidents in 2015 (9mi2) 152 1 0 1 0.006579 0.0811107 0.00657895 150.00662 
Large-scale incidents in 2016 (9mi2) 152 2 0 1 0.0131579 0.1143274 0.00927318 74.013333 
Large-scale incidents in 2017 (9mi2) 152 9 0 7 0.0592105 0.578117 0.04689148 138.5976 
Large-scale incidents in 2018 (9mi2) 152 6 0 3 0.0394737 0.2791088 0.02263871 87.191733 
Large-scale incidents in 2019 (9mi2) 152 16 0 4 0.1052632 0.4480701 0.03634328 43.16956 
Large-scale incidents in 2020 (9mi2) 152 15 0 8 0.0986842 0.7165024 0.05811602 100.74287 

 

Table 24. Large-scale methamphetamine seizure incidents in 16 mi2 by year 

  n sum min max mean sd se kurtosis 
Large-scale incidents in 2015 (16mi2) 96 1 0 1 0.0104167 0.1020621 0.01041667 94.010526 
Large-scale incidents in 2016 (16mi2) 96 2 0 1 0.0208333 0.1435759 0.01465365 46.021277 
Large-scale incidents in 2017 (16mi2) 96 9 0 5 0.09375 0.5996161 0.06119806 53.605694 
Large-scale incidents in 2018 (16mi2) 96 6 0 3 0.0625 0.349812 0.03570254 54.540062 
Large-scale incidents in 2019 (16mi2) 96 16 0 4 0.1666667 0.5743035 0.05861461 24.717067 
Large-scale incidents in 2020 (16mi2) 96 15 0 10 0.15625 1.0694625 0.10915156 76.889596 
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Spatially-Lagged Meth Crime Incident Counts and Small-Scale Seizure Amounts  

Since time-lagged (earlier) methamphetamine crime incidents is an independent variable in 

the SLX model of this study, an analysis was conducted to check for spatial autocorrelation of 

methamphetamine crime incident counts. The analysis showed a higher-level of spatial 

autocorrelation of the total number of methamphetamine crime incident counts by selected 

spatial scales (see Table 25).  

Table 25. Moran’s Index and pseudo p value 

  
Moran's 

I pseudo p value 
Total small-scale meth seizure/incidents (1mi2) 0.551186 0.0001 
Total small-scale meth seizure/incidents (4mi2) 0.490311 0.0001 
Total small-scale meth seizure/incidents (9mi2) 0.51273 0.0001 
Total small-scale meth seizure/incidents (16mi2) 0.442471 0.0001 

   
Total large-scale meth seizure/incidents (1mi2) 0.108664 0.0001 
Total large-scale meth seizure/incidents (4mi2) 0.337776 0.0001 
Total large-scale meth seizure/incidents (9mi2) 0.30508 0.0001 
Total large-scale meth seizure/incidents (16mi2) 0.321018 0.0001 

 

Spatial lag variables were generated for the total methamphetamine crime incident counts and 

methamphetamine crime incident counts by year using first-order and second-order queen 

contiguity method (see Andresen, 2011) for all selected spatial scales that overlapped with the 

active part of the study area. Two additional spatial lag variables were generated using inverse 

distance weighted method and by combining the areas defined using first- and second-order 

queen contiguity.  
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Geographic and Temporal Concerns 

Exclusion Zones 

A large portion of eastern San Diego County, CA is excluded from this study. According 

to the SanGIS (2012 para. 1), “[t]he people of San Diego County live in 18 incorporated cities, 

18 Indian reservations, 16 significant naval and military locations or 64 unincorporated areas.” 

According to the US Census, the 64 unincorporated areas contain census designated places that 

are listed as incorporated. The majority of these census designated places are located in western 

San Diego County, neighboring one or more of 18 incorporated cities or other census designated 

places (see Figure 13).  

In this study, all areas other than those 18 incorporated cities and census designated 

places with a neighbor(s) are excluded as those areas pose analytical problems. The excluded 

areas also include military installations and Native Indian reservations. The naval and military 

installations as well as Indian reservations are considered special jurisdictions. State and local 

law enforcement agencies are not authorized to enter these areas for the purposes of conducting 

law enforcement activities unless requested.  
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Figure 13. Municipalities and census designated places 

      

Active Part of the Study  

The active parts of the present study were chosen based on the factors mentioned in the 

earlier subsection, Exclusion zones, in conjunction with other factors such as whether the 

municipalities and census-designated places located within western San Diego County, CA are 

incorporated. In addition, a visual examination of the San Diego County, CA was performed to 

make sure all of the selected places located within the active part of this study have a 

neighbor(s). The geographic data obtained from San Diego Geographic Information Source 
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(SanGIS)16 and the US Census17 show that, excluding the naval and military installations and 

Native Indian reservations, there are 52 incorporated municipalities and census-designated 

incorporated places in San Diego County, CA (see Figure 13). A visual inspection of those 52 

incorporated municipalities show that a total of 39 municipalities and census-designated 

incorporated places have at least one neighbor.   

The active part of the study site was further examined cartographically to better 

understand the aforementioned areas. Figure 14 contains two maps. The map on the top shows 

census block groups of varying sizes for both the selected and non-selected sites. Census block 

groups are noticeably smaller in western San Diego County compared to eastern San Diego 

County, CA. Based on the sizes of the census block groups in eastern San Diego County, CA, it 

is reasonable to assume that population is more spread out in this area. This suggests that the 

total number of street-level methamphetamine crime incidents and methamphetamine seizure 

incidents in eastern San Diego County, CA may be substantially lower compared to western San 

Diego County, CA. The map on the bottom shows all freeways and major roads located in San 

Diego County, CA. The map shows that the nearly all freeways are located within the active part 

of the study area, including those that travel east and west. There is only one freeway which 

connects western San Diego County, CA to eastern San Diego County, CA. Areas colored in 

yellow and blue are active study areas. These areas are included in the analysis. Areas colored in 

red are non-active study areas. These areas are excluded in the analysis. 

                                                 
16 SanGIS is part of The San Diego Association of Government (SANDAG). https://www.sangis.org/index.html 

17 US Census data obtained from https://www2.census.gov/geo/tiger/GENZ2017/shp/ 

https://www.sangis.org/index.html
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Figure 14. Census block groups and freeways and major roads in San Diego County, CA 
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Space-Time Combinations  

The present study uses different space-time combinations, each providing sufficient 

outcome variation. The space-time combinations cannot be so small that the outcome variable 

scores zero in almost all places. In order to assess which space-time combination might be viable 

for analyses, different types of tests were performed. As mentioned in spatial scaling and 

temporal scaling subsections of this paper, 1mi2, 4mi2, 9mi2, and 16mi2 are chosen as spatial 

scales and month, quarter, and year are chosen as temporal scales. Using multiple space-time 

combinations will reveal spatial spillover of earlier methamphetamine seizure incidents on later 

methamphetamine crime incidents in the target location at various levels, including both local 

and regional levels.  

Constructing the W Matrix 

The W matrix was constructed based on the conceptual illustrations provided in the 

Conceptual illustration subsection (see Figure 1). As illustrated earlier, the W matrix was 

constructed in the following two ways: the first W matrix used weighting based on inverse 

distance between the target location and nearby areas. The nearby areas were generated by first- 

and second-order queen contiguity method. As nearby areas get farther away from the target 

location, weights decreased. The second W matrix examines the spatial spillover between the 

target location and different neighboring zones separately. For example, the first analysis weights 

first-order queen contiguity neighbors one, and all else zero. Different W matrices will reveal 

how nearby influences work. The second analysis weights second-order queen contiguity 

neighbors one, and all else zero. 
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Edge Effects 

A potential problem associated with spatial analyses is the edge effects. Edge effects 

“manifest when the boundaries of the study area affect a given spatial measurement and lead to 

the distortion of estimates” (Gao, Kihal, Le Meur, Souris, & Deguen, 2017, p. 2). Generally, 

study areas are bounded by administrative boundaries (e.g., census and land borders) as well as 

certain types of landscapes (e.g., oceans) which make edge effects unavoidable. The present 

study’s study site, western San Diego County, CA, is surrounded by the Pacific Ocean to the 

west, unincorporated areas and county borders (Riverside and Orange Counties) to the east and 

north, and the US-Mexico border to the south. Therefore, edge effects need attention.   

To mitigate edge effects, the present study incorporated two dummy variable. One dummy 

variable controlled for all grid cells that touch a land border (e.g., US-Mexico border) and while 

the other dummy variable controlled for all grid cells that touch a sea border – the Pacific Ocean. 

For example, for those grid cells that are located right along the edge would have a dummy 

variable with an assigned value of one. This method would allow the dummy variable to pick up 

the incompleteness of the study site. 

In addition to using border dummy variables to control for the potential edge effects, this 

study uses inverse buffer method as well to control for the edge effects and to check the 

robustness of the findings. Inverse buffer method uses values from all grid cells to generate 

spatial lag variables but excludes the two outer most grid cells from the edge in the analysis. 

Using the inverse buffer method most likely negates the edge effects completely. The general 

patterns of findings which used the border dummy variables are comparable to the findings 
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which used the inverse buffer method. Therefore, this study has proven that the potential edge 

effects have been neutralized.  

Sequence of Models  

A series of models are used to examine the impacts of large-scale and small-scale 

methamphetamine seizures in and around the target location on later methamphetamine crime 

incidents in that same target location. These models are designed in such a way that any changes 

on methamphetamine crime incidents in the target location between Time1 and Time2 can be 

attributed to the impacts of earlier methamphetamine seizure incidents. 

Model A examines the total lagged impacts of earlier (Time1) methamphetamine seizure 

incidents (small-scale and large-scale) in target location on later (Time2) methamphetamine 

crime incidents in that same location.  

Model B examines whether methamphetamine seizure incidents (small-scale and large-

scale) in adjacent areas at Time1 have a statistically significant relationship with 

methamphetamine crime incidents in the target location at Time2.  

Model C examines whether methamphetamine seizure incidents (small-scale and large-

scale) in areas defined by using second-order queen contiguity method at Time1 have a 

statistically significant relationship with methamphetamine crime incidents in the target location 

at Time2.  

Model D examines whether methamphetamine seizure incidents (small-scale and large-

scale) in inverse distance weighted nearby areas defined by first- and second-order queen 

contiguity method at Time1 have a statistically significant relationship with methamphetamine 
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crime incidents in the target location at Time2. Assigned values are based on where the grid cells 

are nested. Areas defined by using first-order queen contiguity method are assigned with value of 

one (1) and areas defined by using second-order queen contiguity method are assigned with 

value of half of one (0.5).    

Mode E examines whether methamphetamine seizure incidents (small-scale and large-

scale) in all nearby areas at Time1 have a statistically significant relationship with 

methamphetamine crime incidents in the target location at Time2. All nearby areas combined are 

assigned with value of one (1) irrespective to where the grid cells are nested.  
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Figure 15. Sequence of models: small-scale methamphetamine seizure incidents  

Models A through E (small-scale seizure incidents/small-scale seizures) 
 Predictor(s) Outcome 

Model A small-scale seizure incidents and small-scale seizures in the 
target location (time 1) 

total meth crime incidents in target 
location (time 2) 

Model B nearby small-scale seizure incidents and small-scale seizures 
(time 1), controlling for mea in the target location (time 1) 

total meth crime incidents in target 
location (time 2) 

Model C 
farther away nearby small-scale seizure incidents and small-
scale seizures (time 1), controlling for mea in the target 
location (time 1) 

total meth crime incidents in target 
location (time 2) 

Model D 
small-scale seizure incidents and small-scale seizures in 
inverse distance weighted nearby areas (time 1), controlling 
for mea in the target location (time 1) 

total meth crime incidents in target 
location (time 2) 

Model E 
small-scale seizure incidents and small-scale seizures in all 
nearby areas combined (time 1), controlling or mea in the 
target location (time 1) 

total meth crime incidents in target 
location (time 2) 

 

Figure 16. Sequence of models: large-scale methamphetamine seizure incidents 

Models A through E (large-scale seizure incidents) 
 Predictor(s) Outcome 

Model A large-scale seizure incidents in the target location (time 1) total meth crime incidents in target 
location (time 2) 

Model B nearby large-scale seizure incidents (time 1), controlling for 
mea in the target location (time 1) 

total meth crime incidents in target 
location (time 2) 

Model C farther away nearby large-scale seizure incidents (time 1), 
controlling for mea in the target location (time 1) 

total meth crime incidents in target 
location (time 2) 

Model D 
large-scale seizure incidents in inverse distance weighted 
nearby areas (time 1), controlling for mea in the target 
location (time 1) 

total meth crime incidents in target 
location (time 2) 

Model E large-scale seizure incidents in all nearby areas combined 
(time 1), controlling or mea in the target location (time 1) 

total meth crime incidents in target 
location (time 2) 
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CHAPTER 4: RESULTS 

This study examined the following two main research questions using the methods 

outlined in Section 7: (1) Do small-scale methamphetamine seizure incidents in and around the 

target location depress later methamphetamine crime incidents in the target location? (2) Do 

large-scale methamphetamine seizure incidents in and around the target location depress later 

methamphetamine crime incidents in the target location? These questions were designed to 

measure the potential spatiotemporal spillover effects of earlier nearby methamphetamine 

enforcement actions in the form of large-scale and small-scale seizure incidents on later 

methamphetamine crime incidents in the target location. 

Model Selection 

As outlined in Section 6, this study needed to use two-way fixed-effects models (2WFE) 

to control for all time-invariant place effects and all place-invariant time effects (Allison, 2009). 

Controlling for the aforementioned effects through 2WFE attributed any observed changes in the 

outcome to the independent variables. Given that the dependent variable of this study is a count 

variable, total number of methamphetamine crime incidents in the target location, both 2WFE 

negative binomial regression and 2WFE Poisson regression were considered. The initial 

inspection of the dispersion of the dependent variable using Stata’s nbvargr command suggested 

that negative binomial regression was preferred over Poisson regression.  

 Although negative binomial regression was preferred over Poisson regression, there were 

inherent problems associated with fixed-effects negative binomial regressions using panel data. 

The existing studies which focused on count models indicated conditional fixed-effects negative 

binomial regression is not a true fixed-effects model in that the model may not control for the 



98 

 

individual fixed-effects (Guimaraes, 2008; Wooldridge, 1999). Simulation tests by Guimaraes 

(2008) using count panel data indicated individual fixed-effects were not controlled for in 

models with a small time value. As a workaround, Allison and Waterman (2002, p. 247) 

proposed using an unconditional negative binomial model which incorporates dummy variables 

as a method to impose fixed-effects (see also Allison, 2009). However, studies have shown that 

unconditional negative binomial fixed-effects models suffer from incidental parameters problem 

(i.e., incidental parameters bias), an issue when error terms are correlated with independent 

variables (Baltagi & Baltagi, 2008; Blackburn, 2015; Green, 2007; Williams, Allison, & Moral-

Benito, 2016).  

 Due to these issues, literature on count panel data and econometrics compared fixed-

effects negative binomial models to fixed-effects Poisson models to assess the suitability of 

using fixed-effects Poisson models for count panel data. For example, Blackburn (2015) 

compared both models (i.e., fixed-effects negative binomial and fixed-effects Poisson) and 

concluded that there was no evidence suggesting negative binomial models outperformed 

Poisson models. More specifically, Blackburn (2015, p. 615) stated, “Use of Poisson estimator 

should not be avoided or criticized when overdispersion is apparent… Even when the data are 

actually NB1 [under or constantly dispersed dependent variable], the estimator is not robust to 

how a fixed effect enters the variance function. Use of an unconditional NB2 [overdispersed 

dependent variable] estimator is also not suggested, especially when the time-series dimension is 

short. The Poisson estimator appears the most robust choice here.”  

Similar to Blackburn’s (2015) conclusion, Wooldridge (1999) also stated fixed-effects 

Poisson models with robust standard errors provide more consistent estimates (see also Lee, O, 
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& Eck, 2021). In addition, this approach is robust to overdispersed dependent variable, 

heteroscedasticity, and serial correlation. More importantly, this approach does not require 

variance-mean relationship and controls for the individual fixed-effects (Wooldridge, 1999). 

Based on the findings of these existing studies, 2WFE Poisson regression with robust standard 

error was chosen for analysis. 

2WFE, PPMLHDFE and Conditional Poisson Models 

The series of models for this study were analyzed using 2WFE Poisson pseudo-likelihood 

regression with robust standard errors using ppmlhdfe command and conditional 2WFE Poisson 

regression with robust standard errors using xtpoisson command in Stata 17. The ppmlhdfe, 

Poisson pseudo-likelihood regression with multiple levels of fixed effects, command traces its 

root to generalized linear model (GLM) – family Poisson. Similar to GLM – family Poisson, it 

drops observations that “do not convey relevant information for the estimation process” or the 

predictors that showed collinearity (Correia, Guimarães, & Zylkin, 2020, p. 102). Thus, “[t]he 

estimator employed is robust to statistical separation and convergence issues (Correia, n.d, para. 

1).” Based on this mechanism, the ppmlhdfe command was designed to optimize estimating 

Poisson regressions with multi-way fixed-effects and the models could even use “factorial 

variables to control for fixed effects” (Correia et al., 2020, p. 98). In addition, ppmlhdfe models 

do not suffer from incidental parameters problem (Santos Silva & Tenreyro, 2022).  

For these reasons, this study used ppmlhdfe command with robust standard errors as the 

main estimator for the analysis. To confirm the robustness of the findings, this study checked the 

outcomes using conditional fixed-effects Poisson regression with robust standard errors (i.e., 

fixed-effects xtpoisson). The outcomes were presented in incident rate ratio (IRR) form. The 
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IRRs are the exponentiated coefficients which can be used to calculate the percentage changes in 

the dependent variable (Long & Freese, 2006). The mean variation influence factor (VIF) of all 

predictors across all model were less than 2, which were below the recommended value of 4 (see 

Taylor, 1994).  

Results for Each Space-Time Combination 

The following subsections provide findings for each space-time combination used in this 

study. The measured impacts of both small-scale methamphetamine seizure incidents /small-

scale seizures and large-scale methamphetamine seizure incidents across all spatial scales (i.e., 

1mi2, 4mi2, 9mi2, and 16mi2 grids cell) are organized by temporal scales (yearly, quarterly, and 

monthly). The impact sizes of main predictors are shown for each analysis in IRR form for ease 

of illustration and interpretation. In addition, the summary subsections provide brief synopsis of 

the comparative analysis of findings for each space-time combination.   

1mi2, 4mi2, 9mi2, 16mi2 Grid Cells by Year: Small-Scale Seizure Incidents/Small-Scale 

Seizures 

The yearly time-lagged small-scale methamphetamine seizure incident and small-scale 

methamphetamine seizure independent variables calculating expected count of yearly total 

methamphetamine crime incidents in the target location net of the control variables for 1mi2 grid 

cells are shown in Table 26. Model A18 (Table 26) shows that each additional one-unit increase 

                                                 
18 Model A for small-scale methamphetamine seizure incidents (the total lagged impacts of earlier small-scale 

methamphetamine seizure incidents in target area on later methamphetamine crime incidents in the same location) 

did not include the earlier total number of methamphetamine crime incidents in the target location as one of the 

control variables because it was highly correlated with small-scale methamphetamine seizure incident predictor.  
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in the yearly time-lagged small-scale methamphetamine seizure incident in the target location 

was found to be linked to approximately 0.33 percentage increase in the expected count of yearly 

total number of methamphetamine crime incidents in that same location a year later (IRR = 

1.003287, p < 0.001).  

Model B (Table 26) shows that each additional one-unit increase in the yearly time-

lagged small-scale methamphetamine seizure incident in the adjacent area defined by using first-

order queen contiguity was found to be linked to approximately 0.58 percentage increase in the 

expected count of yearly total number of methamphetamine crime incidents in the target location 

a year later (IRR = 1.005794, p < 0.01).  

Model D (Table 26) shows that each additional one-unit increase in the yearly time-

lagged small-scale methamphetamine seizure incident in the inverse distance weighted 

neighboring areas defined by first-order (weighted as 1) and second-order (weighted as 0.5) 

queen contiguity was found to be linked to approximately 0.91 percentage increase in the 

expected count of yearly total number of methamphetamine crime incidents in the target location 

a year later (IRR = 1.009053, p < 0.01).  

Lastly, Model E (Table 26) shows that each additional one-unit increase in the yearly 

time-lagged small-scale methamphetamine seizure incident in the combined nearby areas defined 

by using first- and second-order queen contiguity with the same spatial weight value was found 

to be linked to approximately 0.94 percentage increase in the expected count of yearly total 

number of methamphetamine crime incidents in the target location a year later (IRR = 1.009441, 

p < 0.01).  
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 The yearly-time lagged total methamphetamine crime incidents in the target location 

control variable was found to be linked to the expected count of yearly total number of 

methamphetamine crime incidents in the target location. Each additional one-unit increase of this 

control variable in Model B, Model C, Model D, and Model E was found to be linked to 

approximately 0.19, 0.31, 0.21, and 0.24 percentage increase in the expected count of yearly total 

number of methamphetamine crime incidents in the target location a year later, respectively 

(Model B: IRR = 1.0019, p < 0.05; Model C: IRR = 1.003198, p < 0.001; Model D: IRR = 

1.00214, p < 0.01; Model E: IRR = 1.002442, p < 0.001).  
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Table 26. Impacts of yearly time-lagged small-scale seizure incidents/small-scale seizures on 
later total methamphetamine crime incidents in the target location for 1mi2 grid cells 

Earlier small-scale seizure incidents/small-scale seizures on later total meth crime incidents  
(1mi2 by year) 

 Model A Model B Model C Model D Model E 

 IRR (SE) IRR (SE) IRR (SE) IRR (SE) IRR (SE) 

Meth crime incidents . . . . . 
Time-lagged mea (TL) 1.003287***     

 (0.000468)     
Time-lagged small-scale meth seizures in TL 1.000002     

 (0.000036)     
Time-lagged mea in FQ  1.005794**    

  (0.001988)    
Time-lagged s. seizures in FQ  1.000086    

  (0.000082)    
Time-lagged mea in SQ   1.006060   

   (0.003783)   
Time-lagged s. seizures in SQ   1.000148   

   (0.000187)   
Time-lagged mea in FQ & SQ (IDW)    1.009053**  

    (0.003110)  
Time-lagged s. seizures in FQ & SQ (IDW)    1.000211  

    (0.000177)  
Time-lagged mea in combined FQ & SQ     1.009441** 

     (0.003570) 
Time-lagged s. seizures in combined FQ & SQ     1.000239 

     (0.000219) 
Time-lagged total meth crime incidents in TL  1.001900* 1.003198*** 1.002140** 1.002442*** 

  (0.000788) (0.000449) (0.000692) (0.000609) 
Constant 31.999634*** 29.066990*** 28.638728*** 27.249394*** 26.993430*** 

 (0.929569) (1.244234) (2.053770) (1.524910) (1.719691) 
Observations 3,685 3,685 3,685 3,685 3,685 
Place FE Yes Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes Yes 
Robust SE eform in parentheses 
*** p<0.001, ** p<0.01, * p<0.05 
Notes: mea = small-scale seizure incidents; TL = target location; FQ = first-order queen contiguity; SQ = second order queen 
contiguity; IDW = inverse distance weighted; s. seizures = small-scale seizures; FE = fixed-effect. Due to collinearity with time 
and place fixed-effects, the model omitted border indicator variables (sea border and land border) controlling for potential 
edge effects and COVID-19 indicator variable. 
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 The models in Table 27 show that the yearly time-lagged small-scale methamphetamine 

seizure incident and small-scale seizure independent variables calculating expected count of 

yearly total methamphetamine crime incidents in the target location net of the control variables 

for 4mi2 grid cells. Model A (Table 27) shows that each additional one-unit increase in the yearly 

time-lagged small-scale methamphetamine seizure incident in the target location was found to be 

linked to approximately 0.2 percentage increase in the expected count of yearly total number of 

methamphetamine crime incidents in that same location a year later (IRR = 1.002033, p < 0.001). 

None of the other models revealed any statistically significant relationship.  

The yearly-time lagged total methamphetamine crime incidents in the target location 

control variable was found to be linked to the expected count of yearly total number of 

methamphetamine crime incidents in the target location. Each additional one-unit increase of this 

control variable in Model B, Model C, Model D, and Model E was found to be linked to 

approximately 0.16, 0.21, 0.18, and 0.19 percentage increase in the expected count of yearly total 

number of methamphetamine crime incidents in the target location a year later, respectively 

(Model B: IRR = 1.001551, p < 0.001; Model C: IRR = 1.002055, p < 0.001; Model D: IRR = 

1.001784, p < 0.001; Model E: IRR = 1.001913, p < 0.001). 
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Table 27. Impacts of yearly time-lagged small-scale methamphetamine seizure incidents/small-
scale seizures on later total methamphetamine crime incidents in the target location for 4mi2 
grid cells  

Earlier small-scale seizure incidents/small-scale seizures on later total meth crime incidents  
(4mi2 by year) 

 Model A Model B Model C Model D Model E 

 IRR (SE) IRR (SE) IRR (SE) IRR (SE) IRR (SE) 

Meth crime incidents . . . . . 

 (.) (.) (.) (.) (.) 
Time-lagged mea (TL) 1.002033***     

 (0.000236)     
Time-lagged s. seizures in TL 1.000006     

 (0.000026)     
Time-lagged mea in FQ  1.002288    

  (0.001629)    
Time-lagged s. seizures in FQ  1.000036    

  (0.000078)    
Time-lagged mea in SQ   1.000748   

   (0.002636)   
Time-lagged s. seizures in SQ   1.000006   

   (0.000102)   
Time-lagged mea in FQ & SQ (IDW)    1.002707  

    (0.002567)  
Time-lagged s. seizures in FQ & SQ (IDW)    1.000053  

    (0.000127)  
Time-lagged mea in combined FQ & SQ     1.002330 

     (0.002821) 
Time-lagged s. seizures in combined FQ & SQ     1.000048 

     (0.000134) 
Time-lagged total meth crime incidents in TL  1.001551*** 1.002055*** 1.001784*** 1.001913*** 

  (0.000462) (0.000237) (0.000404) (0.000338) 
Constant 80.835636*** 72.484441*** 77.590775*** 70.033544*** 71.176754*** 

 (2.968491) (5.755495) (11.007926) (8.624361) (9.869564) 
Observations 1,230 1,230 1,230 1,230 1,230 
Place FE Yes Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes Yes 

Robust SE eform in parentheses      
*** p<0.001, ** p<0.01, * p<0.05      
Notes: mea = small-scale seizure incidents; TL = target location; FQ = first-order queen contiguity; SQ = second order queen 
contiguity; IDW = inverse distance weighted; s. seizures = small-scale seizures; FE = fixed-effect. Due to collinearity with time and 
place fixed-effects, the model omitted border indicator variables (sea border and land border) controlling for potential edge effects 
and COVID-19 indicator variable.  
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The models in Table 28 show the yearly time-lagged small-scale methamphetamine 

seizure incident and small-scale seizure independent variables calculating expected count of 

yearly total methamphetamine crime incidents in the target location net of the control variables 

for 9mi2 grid cells. Model A (Table 28) shows that each additional one-unit increase in the yearly 

time-lagged small-scale methamphetamine seizure incident in the target location was found to be 

linked to approximately 0.12 percentage increase in the expected count of yearly total number of 

methamphetamine crime incidents in that same location a year later (IRR = 1.001208, p < 0.001). 

None of the other models revealed any statistically significant relationship.  

The yearly-time lagged total methamphetamine crime incidents in the target location 

control variable was found to be linked to the expected count of yearly total number of 

methamphetamine crime incidents in the target location. Each additional one-unit increase of this 

control variable in Model B, Model C, Model D, and Model E was found to be linked to 

approximately 0.12, 0.12, 0.12, and 0.12 percentage increase in the expected count of yearly total 

number of methamphetamine crime incidents in the target location a year later, respectively 

(Model B: IRR = 1.001159, p < 0.001; Model C: IRR = 1.001170, p < 0.001; Model D: IRR = 

1.001193, p < 0.001; Model E: IRR = 1.001204, p < 0.001). 
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Table 28. Impacts of yearly time-lagged small-scale methamphetamine seizure incidents/small-
scale seizures on later total methamphetamine crime incidents in the target location for 9mi2 
grid cells  

Earlier small-scale seizure incidents/small-scale seizures on later total meth crime incidents  
(9mi2 by year) 

 Model A Model B Model C Model D Model E 

 IRR (SE) IRR (SE) IRR (SE) IRR (SE) IRR (SE) 

Meth crime incidents . . . . . 
Time-lagged mea (TL) 1.001208***     

 (0.000193)     
Time-lagged s. seizures in TL 1.000007     

 (0.000022)     
Time-lagged mea in FQ  1.000597    

  (0.001251)    
Time-lagged s. seizures in FQ  1.000026    

  (0.000077)    
Time-lagged mea in SQ   0.998853   

   (0.001620)   
Time-lagged s. seizures in SQ   0.999919   

   (0.000112)   
Time-lagged mea in FQ & SQ (IDW)    1.000381  

    (0.001509)  
Time-lagged s. seizures in FQ & SQ (IDW)    1.000014  

    (0.000129)  
Time-lagged mea in combined FQ & SQ     1.000026 

     (0.001567) 
Time-lagged s. seizures in combined FQ & SQ     0.999986 

     (0.000144) 
Time-lagged total meth crime incidents in TL  1.001159*** 1.001170*** 1.001193*** 1.001204*** 

  (0.000221) (0.000210) (0.000197) (0.000193) 
Constant 143.8671*** 133.7656*** 162.9354*** 138.39344*** 144.5436*** 

 (6.675454) (21.230193) (25.476240) (23.503658) (24.390587) 

      
Observations 635 635 635 635 635 
Place FE Yes Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes Yes 

Robust SE eform in parentheses      
*** p<0.001, ** p<0.01, * p<0.05      
Notes: mea = small-scale seizure incidents; TL = target location; FQ = first-order queen contiguity; SQ = second order queen 
contiguity; IDW = inverse distance weighted; s. seizures = small-scale seizures; FE = fixed-effect. Due to collinearity with time 
and place fixed-effects, the model omitted border indicator variables (sea border and land border) controlling for potential 
edge effects and COVID-19 indicator variable.  
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The models in Table 29 show the yearly time-lagged small-scale methamphetamine 

seizure incident and small-scale seizure independent variables calculating expected count of 

yearly total methamphetamine crime incidents in the target location net of the control variables 

for 16mi2 grid cells. Model A (Table 29) shows that each additional one-unit increase in the 

yearly time-lagged small-scale methamphetamine seizure incident in the target location was 

found to be linked to approximately 0.10 percentage increase in the expected count of yearly 

total number of methamphetamine crime incidents in that same location a year later (IRR = 

1.001048, p < 0.001).  

Model C (Table 29) shows that each additional one-unit increase in the yearly time-

lagged small-scale methamphetamine seizure incident in the adjacent area defined by using 

second-order queen contiguity was found to be linked to approximately 0.0039 percentage 

decrease in the expected count of yearly total number of methamphetamine crime incidents in 

that same location a year later (IRR = 0.996196, p < 0.001).  

Mode E (Table 29) shows that each additional one-unit increase in the yearly time-lagged 

small-scale methamphetamine seizure incident in the combined nearby areas defined by using 

first- and second-order queen contiguity with the same spatial weight value was found to be 

linked to approximately 0.0029 percentage decrease in the expected count of yearly total number 

of methamphetamine crime incidents in that same location a year later (IRR = 0.997144, p < 

0.05). Models B and E did not revealed any statistically significant relationship. 

The yearly-time lagged total methamphetamine crime incidents in the target location 

control variable was found to be linked to the expected count of yearly total number of 

methamphetamine crime incidents in the target location. Each additional one-unit increase of this 
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control variable in Model B, Model C, Model D, and Model E was found to be linked to 

approximately 0.11, 0.1, 0.11, and 0.11 percentage increase in the expected count of yearly total 

number of methamphetamine crime incidents in the target location a year later, respectively 

(Model B: IRR = 1.001056, p < 0.001; Model C: IRR = 1.000960, p < 0.001; Model D: IRR = 

1.001080, p < 0.001; Model E: IRR = 1.001067, p < 0.001).  
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Table 29. Impacts of yearly time-lagged small-scale methamphetamine seizure incidents/small-
scale seizures on later total methamphetamine crime incidents in the target location for 16mi2 
grid cells 

Earlier small-scale seizure incidents/small-scale seizures on later total meth crime incidents  
(16mi2 by year) 

 Model A Model B Model C Model D Model E 

 IRR (SE) IRR (SE) IRR (SE) IRR (SE) IRR (SE) 

Meth crime incidents . . . . . 
Time-lagged mea (TL) 1.001048***     

 (0.000238)     
Time-lagged s. seizures in TL 0.999999     

 (0.000016)     
Time-lagged mea in FQ  0.999761    

  (0.000938)    
Time-lagged s. seizures in FQ  0.999994    

  (0.000052)    
Time-lagged mea in SQ   0.996196***   

   (0.001014)   
Time-lagged s. seizures in SQ   1.000143   

   (0.000075)   
Time-lagged mea in FQ & SQ (IDW)    0.998155  

    (0.001173)  
Time-lagged s. seizures in FQ & SQ (IDW)    1.000047  

    (0.000095)  
Time-lagged mea in combined FQ & SQ     0.997144* 

     (0.001292) 
Time-lagged s. seizures in combined FQ & SQ     1.000092 

     (0.000119) 
Time-lagged total meth crime incidents in TL  1.001056*** 1.000960*** 1.001080*** 1.001067*** 

  (0.000237) (0.000189) (0.000220) (0.000215) 
Constant 208.94649*** 218.28453*** 331.26477*** 271.26779*** 305.63953*** 

 (18.069630) (41.206618) (55.285921) (61.448232) (74.258728) 
Observations 425 425 425 425 425 
Place FE Yes Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes Yes 
Robust SE eform in parentheses      
*** p<0.001, ** p<0.01, * p<0.05      
Notes: mea = small-scale seizure incidents; TL = target location; FQ = first-order queen contiguity; SQ = second order queen 
contiguity; IDW = inverse distance weighted; s. seizures = small-scale seizures; FE = fixed-effect. Due to collinearity with time and 
place fixed-effects, the model omitted border indicator variables (sea border and land border) controlling for potential edge effects 
and COVID-19 indicator variable.  
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1mi2, 4mi2, 9mi2, 16mi2 Grid Cells by Year: Large-Scale Seizure Incidents 

The yearly time-lagged large-scale methamphetamine seizure incident independent 

variable calculating expected count of yearly total methamphetamine crime incidents in the 

target location net of the control variables for 1mi2 grid cells are shown in Table 30. Model A 

(Table 30) shows that each additional one-unit increase in the yearly time-lagged large-scale 

methamphetamine seizure incident in the target location was found to be linked to approximately 

10.1 percentage decrease in the expected count of yearly total number of methamphetamine 

crime incidents in that same location a year later (IRR = 0.898670, p < 0.01).  

Model B (Table 30) shows that each additional one-unit increase in the yearly time-

lagged large-scale methamphetamine seizure incident in the adjacent area defined by using first-

order queen contiguity was found to be linked to approximately 53.3 percentage decrease in the 

expected count of yearly total number of methamphetamine crime incidents in the target location 

a year later (IRR = 0.466518, p < 0.001).  

Model D (Table 30) shows that each additional one-unit increase in the yearly time-

lagged large-scale methamphetamine seizure incident in the inverse distance weighted 

neighboring areas defined by first-order (weighted as 1) and second-order (weighted as 0.5) 

queen contiguity was found to be linked to approximately 69 percentage decrease in the expected 

count of yearly total number of methamphetamine crime incidents in the target location a year 

later (IRR = 0.306638, p < 0.001).  

Lastly, model E (Table 30) shows that each additional one-unit increase in the yearly 

time-lagged large-scale methamphetamine seizure incident in the combined nearby areas defined 

by using first- and second-order queen contiguity with the same spatial weight value was found 



112 

 

to be linked to approximately 66.3 percentage decrease in the expected count of yearly total 

number of methamphetamine crime incidents in the target location a year later (IRR = 0.337290, 

p < 0.01). Model C (Table 30) did not reveal any statistically significant relationship.  

 The yearly-time lagged total methamphetamine crime incidents in the target location 

control variable was found to be linked to the expected count of yearly total number of 

methamphetamine crime incidents in the target location. Each additional one-unit increase of this 

control variable in Model A, Model B, Model C, Model D, and Model E was found to be linked 

to approximately 0.33, 0.33, 0.33, 0.34 and 0.34 percentage increase in the expected count of 

yearly total number of methamphetamine crime incidents in the target location a year later, 

respectively (Model A: IRR = 1.003278, p < 0.001; Model B: IRR = 1.003315, p < 0.001; Model 

C: IRR = 1.003301, p < 0.001; Model D: IRR = 1.003350, p < 0.001; Model E: IRR = 1.003350, 

p < 0.001). 
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Table 30.  Impacts of yearly large-scale methamphetamine seizure incidents on later total 
methamphetamine crime incidents in the target location for 1mi2 grid cells 

Earlier large-scale seizure incidents on later total meth crime incidents  
(1mi2 by year) 

 Model A Model B Model C Model D Model E 

 IRR (SE) IRR (SE) IRR (SE) IRR (SE) IRR (SE) 

Meth crime incidents . . . . . 
Time-lagged MEA (TL) 0.898670**     

 (0.029794)     
Time-lagged MEA in FQ  0.466518***    

  (0.095648)    
Time-lagged MEA in SQ   0.774591   

   (0.292194)   
Time-lagged MEA in FQ & SQ (IDW)    0.306638***  

    (0.095911)  
Time-lagged MEA in combined FQ & SQ     0.337290** 

     (0.128463) 
Time-lagged total meth crime incidents in TL 1.003278*** 1.003315*** 1.003301*** 1.003350*** 1.003350*** 

 (0.000471) (0.000486) (0.000462) (0.000460) (0.000452) 
Constant 32.070252*** 32.162168*** 32.043770*** 32.200862*** 32.171739*** 

 (0.911613) (0.939199) (0.892431) (0.893648) (0.878732) 
Observations 3,685 3,685 3,685 3,685 3,685 
Place FE Yes Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes Yes 

Robust SE eform in parentheses      
*** p<0.001, ** p<0.01, * p<0.05      
Notes: MEA = high-level meth enforcement action; TL = target location; FQ = first-order queen contiguity; SQ = second order queen 
contiguity; IDW = inverse distance weighted; FE = fixed-effect. Due to collinearity with time and place fixed-effects, the model 
omitted border indicator variables (sea border and land border) controlling for potential edge effects and COVID-19 indicator 
variable.  
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The models in Table 31 show that the yearly time-lagged large-scale methamphetamine 

seizure incident independent variable calculating expected count of yearly total 

methamphetamine crime incidents in the target location net of the control variables for 4mi2 grid 

cells. Model A (Table 31) shows that each additional one-unit increase in the yearly time-lagged 

large-scale methamphetamine seizure incident in the target location was found to be linked to 

approximately 13 percentage decrease in the expected count of yearly total number of 

methamphetamine crime incidents in that same location a year later (IRR = 0.868612, p < 0.001).  

Model B (Table 31) shows that each additional one-unit increase in the yearly time-

lagged large-scale methamphetamine seizure incident in the adjacent area defined by using first-

order queen contiguity was found to be linked to approximately 31 percentage decrease in the 

expected count of yearly total number of methamphetamine crime incidents in the target location 

a year later (IRR = 0.686783, p < 0.05). Model C, Model D, and Model E did not reveal any 

statistically significant relationship.  

The yearly-time lagged total methamphetamine crime incidents in the target location 

control variable was found to be linked to the expected count of yearly total number of 

methamphetamine crime incidents in the target location. Each additional one-unit increase of this 

control variable in Model A, Model B, Model C, Model D, and Model E was found to be linked 

to approximately 0.21, 0.2, 0.2, 0.2 and 0.2 percentage increase in the expected count of yearly 

total number of methamphetamine crime incidents in the target location a year later, respectively 

(Model A: IRR = 1.002081, p < 0.001; Model B: IRR = 1.002016, p < 0.001; Model C: IRR = 

1.001984, p < 0.001; Model D: IRR = 1.001967, p < 0.001; Model E: IRR = 1.001958, p < 

0.001).  
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Table 31. Impacts of yearly large-scale methamphetamine seizure incidents on later total 
methamphetamine crime incidents in the target location for 4mi2 grid cells 

Earlier large-scale seizure incidents on later total meth crime incidents  
(4mi2 by year) 

 Model A Model B Model C Model D Model E 

 IRR (SE) IRR (SE) IRR (SE) IRR (SE) IRR (SE) 

Meth crime incidents . . . . . 
Time-lagged MEA (TL) 0.868612***     

 (0.030189)     
Time-lagged MEA in FQ  0.686783*    

  (0.105870)    
Time-lagged MEA in SQ   0.769309   

   (0.287650)   
Time-lagged MEA in FQ & SQ (IDW)    0.568192  

    (0.172430)  
Time-lagged MEA in combined FQ & SQ     0.587354 

     (0.222890) 
Time-lagged total meth crime incidents in TL 1.002081*** 1.002016*** 1.001984*** 1.001967*** 1.001958*** 

 (0.000248) (0.000234) (0.000265) (0.000247) (0.000256) 
Constant 80.794942*** 82.071582*** 82.160231*** 83.098511*** 83.115075*** 

 (2.941871) (2.856012) (3.640492) (3.271658) (3.539412) 
Observations 1,230 1,230 1,230 1,230 1,230 
Place FE Yes Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes Yes 

Robust SE eform in parentheses      
*** p<0.001, ** p<0.01, * p<0.05      
Notes: MEA = high-level meth enforcement action; TL = target location; FQ = first-order queen contiguity; SQ = second order queen 
contiguity; IDW = inverse distance weighted; FE = fixed-effect. Due to collinearity with time and place fixed-effects, the model 
omitted border indicator variables (sea border and land border) controlling for potential edge effects and COVID-19 indicator 
variable.  
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The models in Table 32 show the yearly time-lagged large-scale methamphetamine 

seizure incident independent variable calculating expected count of yearly total 

methamphetamine crime incidents in the target location net of the control variables for 9mi2 grid 

cells. Model A (Table 32) shows that each additional one-unit increase in the yearly time-lagged 

large-scale methamphetamine seizure incident in the target location was found to be linked to 

approximately 8.3 percentage decrease in the expected count of yearly total number of 

methamphetamine crime incidents in that same location a year later (IRR = 0.916986, p < 0.01).  

Model C (Table 32) shows that each additional one-unit increase in the yearly time-

lagged large-scale methamphetamine seizure incident in the neighboring areas located farther 

away from the target location defined by using second-order queen contiguity was found to be 

linked to approximately 41.3 percentage decrease in the expected count of yearly total number of 

methamphetamine crime incidents in the target location a year later (IRR = 0.587248, p < 0.05). 

None of the other models revealed any statistically significant relationship.  

The yearly-time lagged total methamphetamine crime incidents in the target location 

control variable was found to be linked to the expected count of yearly total number of 

methamphetamine crime incidents in the target location. Each additional one-unit increase of this 

control variable in Model A, Model B, Model C, Model D, and Model E was found to be linked 

to approximately 0.12, 0.12, 0.11, 0.11 and 0.11 percentage increase in the expected count of 

yearly total number of methamphetamine crime incidents in the target location a year later, 

respectively (Model A: IRR = 1.001195, p < 0.001; Model B: IRR = 1.001177, p < 0.001; Model 

C: IRR = 1.001136, p < 0.001; Model D: IRR = 1.001139, p < 0.001; Model E: IRR = 1.001116, 

p < 0.001).  
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Table 32. Impacts of yearly large-scale methamphetamine seizure incidents on later total 
methamphetamine crime incidents in the target location for 9mi2 grid cells 

Earlier large-scale seizure incidents on later total meth crime incidents  
(9mi2 by year) 

 Model A Model B Model C Model D Model E 

 IRR (SE) IRR (SE) IRR (SE) IRR (SE) IRR (SE) 

Meth crime incidents . . . . . 
Time-lagged MEA (TL) 0.916986**     

 (0.024402)     
Time-lagged MEA in FQ  0.892179    

  (0.148580)    
Time-lagged MEA in SQ   0.587248*   

   (0.143686)   
Time-lagged MEA in FQ & SQ (IDW)    0.707202  

    (0.198063)  
Time-lagged MEA in combined FQ & SQ     0.598493 

     (0.184714) 
Time-lagged total meth crime incidents in 
TL 1.001195*** 1.001177*** 1.001136*** 1.001139*** 1.001116*** 

 (0.000194) (0.000202) (0.000202) (0.000206) (0.000206) 
Constant 145.6320*** 146.5328*** 151.1362*** 149.9302*** 152.1217*** 

 (6.918442) (7.981832) (8.146952) (8.935820) (9.173572) 
Observations 635 635 635 635 635 
Place FE Yes Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes Yes 

Robust SE eform in parentheses      
*** p<0.001, ** p<0.01, * p<0.05      
Notes: MEA = high-level meth enforcement action; TL = target location; FQ = first-order queen contiguity; SQ = second order 
queen contiguity; IDW = inverse distance weighted; FE = fixed-effect. Due to collinearity with time and place fixed-effects, the 
model omitted border indicator variables (sea border and land border) controlling for potential edge effects and COVID-19 
indicator variable.  
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The models in Table 33 show that the yearly time-lagged large-scale methamphetamine 

seizure incident independent variable calculating expected count of yearly total 

methamphetamine crime incidents in the target location net of the control variables for 16mi2 

grid cells. Model C (Table 33) shows that each additional one-unit increase in the yearly time-

lagged large-scale methamphetamine seizure incident in the neighboring areas located farther 

away from the target location defined by using second-order queen contiguity was found to be 

linked to approximately 32.3 percentage decrease in the expected count of yearly total number of 

methamphetamine crime incidents in the target location a year later (IRR = 0.677115, p < 0.05).  

Model D (Table 33) shows that each additional one-unit increase in the yearly time-

lagged large-scale methamphetamine seizure incident in the inverse distance weighted 

neighboring areas defined by first-order queen contiguity (weighted as 1) and second-order 

queen contiguity (weighted as 0.5) was found to be linked to approximately 31.3 percentage 

decrease in the expected count of yearly total number of methamphetamine crime incidents in the 

target location a year later (IRR = 0.686736, p < 0.05).  

Model E (Table 33) shows that each additional one-unit increase in the yearly time-

lagged large-scale methamphetamine seizure incident in the combined nearby areas defined by 

using first- and second-order queen contiguity with the same spatial weight value was found to 

be linked to approximately 41.1 percentage decrease in the expected count of yearly total number 

of methamphetamine crime incidents in the target location a year later (IRR = 0.589241, p < 

0.05). None of the other models revealed any statistically significant relationship.  

The yearly-time lagged total methamphetamine crime incidents in the target location 

control variable, was found to be linked to the expected count of yearly total number of 
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methamphetamine crime incidents in the target location. Each additional one-unit increase of this 

control variable in Model A, Model B, Model C, Model D, and Model E was found to be linked 

to approximately 0.10, 0.10, 0.11, 0.099 and 0.10 percentage increase in the expected count of 

yearly total number of methamphetamine crime incidents in the target location a year later, 

respectively (Model A: IRR = 1.001049, p < 0.001; Model B: IRR = 1.001009, p < 0.001; Model 

C: IRR = 1.001075, p < 0.001; Model D: IRR = 1.000990, p < 0.001; Model E: IRR = 1.001004, 

p < 0.001). 
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Table 33. Impacts of yearly large-scale methamphetamine seizure incidents on later total 
methamphetamine crime incidents in the target location for 16mi2 grid cells 

Earlier large-scale seizure incidents on later total meth crime incidents  
(16mi2 by year) 

 Model A Model B Model C Model D Model E 

 IRR (SE) IRR (SE) IRR (SE) IRR (SE) IRR (SE) 

Meth crime incidents . . . . . 
Time-lagged MEA (TL) 0.945209     

 (0.044837)     
Time-lagged MEA in FQ  0.899010    

  (0.105964)    
Time-lagged MEA in SQ   0.677115*   

   (0.111681)   
Time-lagged MEA in FQ & SQ (IDW)    0.686736*  

    (0.126122)  
Time-lagged MEA in combined FQ & SQ     0.589241* 

     (0.122737) 
Time-lagged total meth crime incidents in 
TL 1.001049*** 1.001009*** 1.001075*** 1.000990*** 1.001004*** 

 (0.000246) (0.000241) (0.000213) (0.000229) (0.000219) 
Constant 210.3005*** 214.4559*** 214.7621*** 222.1483*** 224.26330*** 

 (20.246944) (20.969596) (18.274160) (20.888281) (20.353016) 
Observations 425 425 425 425 425 
Place FE Yes Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes Yes 

Robust SE eform in parentheses      
*** p<0.001, ** p<0.01, * p<0.05      
Notes: MEA = high-level meth enforcement action; TL = target location; FQ = first-order queen contiguity; SQ = second order queen 
contiguity; IDW = inverse distance weighted; FE = fixed-effect. Due to collinearity with time and place fixed-effects, the model 
omitted border indicator variables (sea border and land border) controlling for potential edge effects and COVID-19 indicator 
variable.  

 

Summary: Yearly Time-Lagged Predictors on Expected Count of Methamphetamine Crime 

Incidents in the Target Location 

Both the yearly time-lagged small-scale methamphetamine seizure incident predictor and 

the yearly time-lagged total methamphetamine crime incidents in the target location control 

variable were found to be linked to the increase in the expected count of yearly total number of 

methamphetamine crime incidents in the target location. For example, models B, D, and E of 

Table 26 show that earlier small-scale methamphetamine seizure incidents in the neighboring 
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areas increased later methamphetamine crime incidents in the target location for 1mi2 grid cells, 

indicating the presence of spatial displacement of methamphetamine crime. However, the impact 

sizes were small (less than one percent) and such outcomes were not found in larger spatial 

scales (i.e., 4mi2 and 9mi2).  

Table 33, which illustrated the impacts of predictors in 16mi2 grid cells, shows while 

earlier small-scale methamphetamine seizure incidents in the target location was found to be 

linked to the increase in the expected count of yearly total number methamphetamine crime 

incidents in that same location (Model A), opposite outcomes were found in Model C and Model 

E. Since similar results were not found in other spatial scales (e.g., 4mi2 and 9mi2), it is possible 

that the outcomes associated with Model C and Model E might have been statistical artifacts. On 

the other hand, such outcomes could be related to the travel distance of people who commit 

methamphetamine crime. For example, those individuals who have pending methamphetamine 

related charges might have been moved to a location under a different law enforcement 

jurisdiction in an effort to reduce the risk of getting apprehended or to continue to commit crime 

in areas where law enforcement officers do not have criminal information about them (e.g., from 

San Diego to Chula Vista or Carlsbad). When this occurs, spatial displacement of 

methamphetamine crime could be observed in nearby areas. However, if law enforcement 

agencies are focusing on a larger geographic area to suppress methamphetamine crime, then the 

outcomes could show the decrease in crime as the area of focus would most likely cover the 

geographic locations where people who commit crime might have decided to move as well.   

The models which found a statistical significance of the large-scale methamphetamine 

seizure incidents showed that the yearly time-lagged large-scale methamphetamine seizure 
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incident predictor was linked to the decrease in the expected count of yearly total number of 

methamphetamine crime incidents in the target location, indicating the presence of spatial 

diffusion of benefits. With respect to the impact sizes of the predictors, the yearly time-lagged 

large-scale methamphetamine seizure incident was noticeably greater than the yearly time-lagged 

small-scale methamphetamine seizure incident on yearly total number of methamphetamine 

crime incidents in the target location. A close examination of the models, across all spatial 

scales, revealed that the statistical significance of the yearly time-lagged large-scale 

methamphetamine seizure incidents in and nearby the target location, defined by using first-order 

queen contiguity, disappeared as size of the spatial scale grew. In contrast, this same predictor 

was found to be statistically significant when occurred in the nearby areas defined by using 

second-order queen contiguity and nearby areas defined by combining areas generated by using 

first- and second-order queen contiguity.  

A rationale which can explain such outcome is that the spatial diffusion of benefits might 

be spatial scale dependent. For example, the spatial diffusion of benefits is likely to occur from 

areas located adjacent to the target location when the size of a spatial scale is small. In contrast, 

the spatial diffusion of benefits is likely to occur from areas located father away when the size of 

a spatial scale is large. Explaining theoretically, the observed outcomes of earlier large-scale 

methamphetamine seizure incidents in areas located immediately adjacent to the target location 

decreasing later methamphetamine crime incidents in the target location for 1mi2 might be the 

outcome of deterrence operating through the spatial diffusion of benefits. People who commit 

crime might have seen, heard, or were subjected to the high-level methamphetamine enforcement 

action. On the other hand, earlier large-scale seizure incidents in the areas located farther away 
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decreasing later methamphetamine crime incidents in the target location for 9mi2 and 16mi2 

might be the outcome of apprehending high-level methamphetamine suppliers who live or stash 

drugs farther away from locations where frequent drug dealings occurred. Future drug crime 

studies focusing on spatial dynamics of enforcement actions on later crime incidents could be 

developed using these findings. 

Table 34 provides an overview of the impacts associated with yearly time-lagged small-

scale methamphetamine seizure incidents in and around the target location on methamphetamine 

crime incidents in the target location. Likewise, Table 35 provides an overview of the impacts 

associated with yearly time-lagged large-scale methamphetamine seizure incidents in and around 

the target location on methamphetamine crime incidents in the target location.  

Table 34. Summary - significant results of yearly time-lagged small-scale seizure 
incidents/small-scale seizures 

Significant results of yearly time-lagged small-scale seizure incidents/seizures 
  1mi2 4mi2 9mi2 16mi2 
Model A 0.33% increase 0.2% increase  0.12% increase  0.10% increase 
Model B 0.58% increase - - - 
Model C - - - 0.39% decrease 
Model D 0.91% increase  - - - 
Model E 0.94% increase - - 0.29% decrease 
Note: The reported outcomes are the expected approximate changes in later (Time 2) meth crime incidents in the target locations linked to 
the earlier seizure incidents (Time 1).  

Table 35. Summary - significant results of yearly time-lagged large-scale seizure incidents 

Significant results of yearly time-lagged large-scale seizure incidents 
  1mi2 4mi2 9mi2 16mi2 
Model A 10.1% decrease 13% decrease 8.3% decrease - 
Model B 53.3% decrease 31% decrease - - 
Model C - - 41.3% decrease 32.3% decrease 
Model D 69% decrease - - 31.3% decrease 
Model E 66.3% decrease - - 41.1% decrease 
Note: The reported outcomes are the expected approximate changes in later (Time 2) meth crime incidents in the target locations linked to 
the earlier seizure incidents (Time 1).  
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1mi2, 4mi2, 9mi2, 16mi2 Grid Cells by Quarter: Small-Scale Seizure Incidents/Small-Scale 

Seizures 

The quarterly time-lagged small-scale methamphetamine seizure incident and small-scale 

methamphetamine seizure independent variables calculating expected count of quarterly total 

methamphetamine crime incidents in the target location net of the control variables for 1mi2 grid 

cells are shown in Table 36. Model A (Table 36) shows that each additional one-unit increase in 

the quarterly time-lagged small-scale methamphetamine seizure incident in the target location 

was found to be linked to approximately 1.32 percentage increase in the expected count of 

quarterly total number of methamphetamine crime incidents in that same location quarter of a 

year later (IRR = 1.013218, p < 0.001).  

Model B (Table 36) shows that each additional one-unit increase in the quarterly time-

lagged small-scale methamphetamine seizure incident in the adjacent area defined by using first-

order queen contiguity was found to be linked to approximately 1.28 percentage increase in the 

expected count of quarterly total number of methamphetamine crime incidents in the target 

location quarter of a year later (IRR = 1.012829, p < 0.01).  

Model C (Table 36) shows that each additional one-unit increase in the quarterly time-

lagged small-scale methamphetamine seizure incident in the neighboring areas located farther 

away from the target location defined by using second-order queen contiguity was found to be 

linked to approximately 1.3 percentage increase in the expected count of quarterly total number 

of methamphetamine crime incidents in the target location quarter of a year later (IRR = 

1.013044, p < 0.001).  
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Model D (Table 36) shows that each additional one-unit increase in the quarterly time-

lagged small-scale methamphetamine seizure incident in the inverse distance weighted 

neighboring areas defined by first-order queen contiguity (weighted as 1) and second-order 

queen contiguity (weighted as 0.5) was found to be linked to approximately 1.97 percentage 

increase in the expected count of quarterly total number of methamphetamine crime incidents in 

the target location quarter of a year later (IRR = 1.019660, p < 0.001).  

Lastly, model E (Table 36) shows that each additional one-unit increase in the quarterly 

time-lagged small-scale methamphetamine seizure incident in the combined nearby areas defined 

by using first- and second-order queen contiguity with the same spatial weight value was found 

to be linked to approximately 2.08 percentage increase in the expected count of quarterly total 

number of methamphetamine crime incidents in the target location quarter of a year later (IRR = 

1.020782, p < 0.001). None of the small-scale seizure variables revealed any statistical 

significance in the models.  

The quarterly time-lagged total methamphetamine crime incidents in the target location 

control variable was found to be linked to the expected count of quarterly total number of 

methamphetamine crime incidents in the target location. Each additional one unit increase of this 

control variable in Model B, Model C, Model D, and Model E was found to be linked to 

approximately 0.67, 1.3, 0.79, and 0.93 percentage increase in the expected count of quarterly 

total number of methamphetamine crime incidents in the target location quarter of a year later, 

respectively (Model B: IRR = 1.006671, p < 0.01; Model C: IRR = 1.012976, p < 0.001; Model 

D: IRR = 1.007949, p < 0.01; Model E: IRR = 1.009339, p < 0.001). 
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Table 36. Impacts of quarterly time-lagged small-scale methamphetamine seizure 
incidents/small-scale seizures on later total methamphetamine crime incidents in the target 
location for 1mi2 grid cells 

Earlier small-scale seizure incidents/small-scale seizures on later total meth crime incidents  
(1mi2 by quarter) 

 Model A Model B Model C Model D Model E 

 IRR (SE) IRR (SE) IRR (SE) IRR (SE) IRR (SE) 

Meth crime incidents . . . . . 
Time-lagged mea (TL) 1.013218***     

 (0.002404)     
Time-lagged s. seizures in TL 1.000050     

 (0.000041)     
Time-lagged mea in FQ  1.012829***    

  (0.001569)    
Time-lagged s. seizures in FQ  0.999962    

  (0.000058)    
Time-lagged mea in SQ   1.013044***   

   (0.002671)   
Time-lagged s. seizures in SQ   0.999971   

   (0.000103)   
Time-lagged mea in FQ & SQ (IDW)    1.019660***  

    (0.002014)  
Time-lagged s. seizures in FQ & SQ (IDW)    0.999941  

    (0.000112)  
Time-lagged mea in combined FQ & SQ     1.020782*** 

     (0.001603) 
Time-lagged s. seizures in combined FQ & SQ     0.999952 

     (0.000107) 
Time-lagged total meth crime incidents in TL  1.006671** 1.012976*** 1.007949** 1.009339*** 

  (0.002483) (0.002214) (0.002469) (0.001296) 
Constant 7.437984*** 5.492460*** 5.822308*** 4.906162*** 4.870777*** 

 (0.300934) (0.387986) (0.330708) (0.305755) (0.169800) 
Observations 17,273 17,273 17,273 17,273 17,273 
Place FE Yes Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes Yes 
Robust SE eform in parentheses      
*** p<0.001, ** p<0.01, * p<0.05      
Notes: mea = small-scale seizure incidents; TL = target location; FQ = first-order queen contiguity; SQ = second order queen 
contiguity; IDW = inverse distance weighted; s. seizures = small-scale seizures; FE = fixed-effect. Due to collinearity with time 
and place fixed-effects, the model omitted border indicator variables (sea border and land border) controlling for potential 
edge effects and COVID-19 indicator variable.  
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The models in Table 37 show that the quarterly time-lagged small-scale 

methamphetamine seizure incident and small-scale seizure independent variables calculating 

expected count of quarterly total methamphetamine crime incidents in the target location net of 

the control variables for 4mi2 grid cells. Model A (Table 37) shows that each additional one-unit 

increase in the quarterly time-lagged small-scale methamphetamine seizure incidents in the 

target location was found to be linked to approximately 0.77 percentage increase in the expected 

count of quarterly total number of methamphetamine crime incidents in that same location 

quarter of a year later (IRR = 1.007745, p < 0.001).  

Model B (Table 37) shows that each additional one-unit increase in the quarterly time-

lagged small-scale methamphetamine seizure incident in the adjacent area defined by using first-

order queen contiguity was found to be linked to approximately 0.5 percentage increase in the 

expected count of quarterly total number of methamphetamine crime incidents in the target 

location quarter of a year later (IRR = 1.005048, p < 0.0001).  

Model D (Table 37) shows that each additional one-unit increase in the quarterly time-

lagged small-scale methamphetamine seizure incident in the adjacent area defined by using 

defined by first-order queen contiguity (weighted as 1) and second-order queen contiguity 

(weighted as 0.5) was found to be linked to approximately 0.56 percentage increase in the 

expected count of quarterly total number of methamphetamine crime incidents in the target 

location quarter of a year later (IRR = 1.005590, p < 0.01).  

Lastly, model E (Table 37) shows that each additional one-unit increase in the quarterly 

time-lagged small-scale methamphetamine seizure incident in the combined nearby areas defined 

by using first- and second-order queen contiguity with the same spatial weight value was found 
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to be linked to approximately 0.44 percentage increase in the expected count of quarterly total 

number of methamphetamine crime incidents in the target location quarter of a year later (IRR = 

1.004440, p < 0.05). On the other hand, the small-scale seizure predictor for Model E (Table 37) 

shows that each additional one (1) gram increase in the quarterly time-lagged small-scale seizure 

was found to be linked to the decrease in the expected count of quarterly total number of 

methamphetamine crime incidents in the target location quarter of a year later (IRR = 0.999679, 

p < 0.05). Due to very small in size, arguably, its impact may be negligible. Models C did not 

revealed any statistically significant relationship.  

The quarterly-time lagged total methamphetamine crime incidents in the target location 

control variable was found to be linked to the expected count of quarterly total number of 

methamphetamine crime incidents in the target location. Each additional one-unit increase of this 

control variable in Model B, Model C, Model D, and Model E was found to be linked to 

approximately 0.54, 0.75, 0.65, and 0.7 percentage increase in the expected count of quarterly 

total number of methamphetamine crime incidents in the target location quarter of a year later, 

respectively (Model B: IRR = 1.005433, p < 0.001; Model C: IRR = 1.007538, p < 0.001; Model 

D: IRR = 1.006510, p < 0.001; Model E: IRR = 1.007066, p < 0.001).  
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Table 37. Impacts of quarterly time-lagged small-scale methamphetamine seizure 
incidents/small-scale seizures on later total methamphetamine crime incidents in the target 
location for 4mi2 grid cells 

Earlier small-scale seizure incidents/small-scale seizures on later total meth crime incidents  
(4mi2 by quarter) 

 Model A Model B Model C Model D Model E 

 IRR (SE) IRR (SE) IRR (SE) IRR (SE) IRR (SE) 

Meth crime incidents . . . . . 
Time-lagged mea (TL) 1.007745***     

 (0.001209)     
Time-lagged s. seizures in TL 0.999997     

 (0.000023)     
Time-lagged mea in FQ  1.005048***    

  (0.001092)    
Time-lagged s. seizures in FQ  1.000002    

  (0.000067)    
Time-lagged mea in SQ   0.999580   

   (0.001937)   
Time-lagged s. seizures in SQ   0.999648***   

   (0.000102)   
Time-lagged mea in FQ & SQ (IDW)    1.005590**  

    (0.001807)  
Time-lagged s. seizures in FQ & SQ (IDW)    0.999829  

    (0.000119)  
Time-lagged mea in combined FQ & SQ     1.004440* 

     (0.002047) 
Time-lagged s. seizures in combined FQ & SQ     0.999679* 

     (0.000133) 
Time-lagged total meth crime incidents in TL  1.005433*** 1.007538*** 1.006510*** 1.007066*** 

  (0.001542) (0.001095) (0.001493) (0.001352) 
Constant 19.163807*** 13.889638*** 20.573596*** 14.075110*** 15.482802*** 

 (0.936433) (1.139981) (2.428775) (1.553698) (1.895880) 
Observations 5,773 5,773 5,773 5,773 5,773 
Place FE Yes Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes Yes 
Robust SE eform in parentheses      
*** p<0.001, ** p<0.01, * p<0.05      
Notes: mea = small-scale seizure incidents; TL = target location; FQ = first-order queen contiguity; SQ = second order queen 
contiguity; IDW = inverse distance weighted; s. seizures = small-scale seizures; FE = fixed-effect. Due to collinearity with time and 
place fixed-effects, the model omitted border indicator variables (sea border and land border) controlling for potential edge effects 
and COVID-19 indicator variable.  
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The models in Table 38 show the quarterly time-lagged small-scale methamphetamine 

seizure incident and small-scale seizure independent variables calculating expected count of 

quarterly total methamphetamine crime incidents in the target location net of the control 

variables for 9mi2 grid cells. Model A (Table 38) shows that each additional one-unit increase in 

the quarterly time-lagged small-scale methamphetamine seizure incident in the target location 

was found to be linked to approximately 0.53 percentage increase in the expected count of 

quarterly total number of methamphetamine crime incidents in that same location quarter of a 

year later (IRR = 1.005331, p < 0.001). Aside from Model A, none of the other models revealed 

any statistically significant relationship.   

The quarterly-time lagged total methamphetamine crime incidents in the target location 

control variable was found to be linked to the expected count of quarterly total number of 

methamphetamine crime incidents in the target location. Each additional one-unit increase of this 

control variable in Model B, Model C, Model D, and Model E was found to be linked to 

approximately 0.50, 0.52, 0.52, and 0.53 percentage increase in the expected count of quarterly 

total number of methamphetamine crime incidents in the target location quarter of a year later, 

respectively (Model B: IRR = 1.005013, p < 0.001; Model C: IRR = 1.005196, p < 0.001; Model 

D: IRR = 1.005190, p < 0.001; Model E: IRR = 1.005264, p < 0.001).  
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Table 38. Impacts of quarterly time-lagged small-scale methamphetamine seizure incidents 
/small-scale seizures on later total methamphetamine crime incidents in the target location for 
9mi2 grid cells 

Earlier small-scale seizure incidents/small-scale seizures on later total meth crime incidents  
(9mi2 by quarter) 

 Model A Model B Model C Model D Model E 

 IRR (SE) IRR (SE) IRR (SE) IRR (SE) IRR (SE) 

Meth crime incidents . . . . . 
Time-lagged mea (TL) 1.005331***     

 (0.000958)     
Time-lagged s. seizures in TL 0.999989     

 (0.000020)     
Time-lagged mea in FQ  1.001343    

  (0.000822)    
Time-lagged s. seizures in FQ  0.999920    

  (0.000062)    
Time-lagged mea in SQ   0.999145   

   (0.001146)   
Time-lagged s. seizures in SQ   0.999919   

   (0.000077)   
Time-lagged mea in FQ & SQ (IDW)    1.001423  

    (0.001264)  
Time-lagged s. seizures in FQ & SQ (IDW)    0.999837  

    (0.000095)  
Time-lagged mea in combined FQ & SQ     1.000952 

     (0.001352) 
Time-lagged s. seizures in combined FQ & SQ     0.999814 

     (0.000097) 
Time-lagged total meth crime incidents in TL  1.005013*** 1.005196*** 1.005190*** 1.005264*** 

  (0.001012) (0.001001) (0.000956) (0.000946) 
Constant 32.591708*** 28.085013*** 35.969845*** 28.955732*** 30.799328*** 

 (2.080451) (3.348844) (4.872094) (4.474643) (4.888219) 
Observations 2,944 2,944 2,944 2,944 2,944 
Place FE Yes Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes Yes 
Robust SE eform in parentheses      
*** p<0.001, ** p<0.01, * p<0.05      
Notes: mea = small-scale seizure incidents; TL = target location; FQ = first-order queen contiguity; SQ = second order queen 
contiguity; IDW = inverse distance weighted; s. seizures = small-scale seizures; FE = fixed-effect. Due to collinearity with time and 
place fixed-effects, the model omitted border indicator variables (sea border and land border) controlling for potential edge effects 
and COVID-19 indicator variable.  
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The models in Table 39 show the quarterly time-lagged small-scale methamphetamine 

seizure incident and small-scale seizure independent variables calculating expected count of 

quarterly total methamphetamine crime incidents in the target location net of the control 

variables for 16mi2 grid cells. Model A (Table 39) shows that each additional one-unit increase 

in the quarterly time-lagged small-scale methamphetamine seizure incidents in the target location 

was found to be linked to approximately 0.43 percentage increase in the expected count of 

quarterly total number of methamphetamine crime incidents in that same location quarter of a 

year later (IRR = 1.004307, p < 0.001).  

Model B (Table 39) shows that each additional one (1) gram increase in the quarterly 

time-lagged small-scale seizure in the adjacent area defined by using first-order queen contiguity 

was found to be linked to a very small decrease in the expected count of quarterly total number 

of methamphetamine crime incidents in the target location quarter of a year later (IRR = 

0.999842, p < 0.01). Likewise, Model D and Model E showed similar results (Model D: IRR = 

0.999787, p < 0.01; Model E: IRR = 0.999836, p < 0.05). Due to a very small impact size, 

arguably, the findings might be negligible. The small-scale methamphetamine seizure incidents 

for Models B, D, and E (Table 39) were found to be statistically insignificant.  

Model C (Table 39) shows that each additional one-unit increase in the quarterly time-

lagged small-scale methamphetamine seizure incidents in the neighboring areas located farther 

away from the target location defined by using second-order queen contiguity was found to be 

linked to 0.20 percentage decrease in the expected count of quarterly total number of 

methamphetamine crime incidents in the target location quarter of a year later (IRR = 0.997961, 

p < 0.01).  
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The quarterly-time lagged total methamphetamine crime incidents in the target location 

control variable was found to be linked to the expected count of quarterly total number of 

methamphetamine crime incidents in the target location. Each additional one-unit increase of this 

control variable in Model B, Model C, Model D, and Model E was found to be linked to 

approximately 0.41, 0.39, 0.42, and 0.41 percentage increase in the expected count of quarterly 

total number of methamphetamine crime incidents in the target location quarter of a year later, 

respectively (Model B: IRR = 1.004138, p < 0.001; Model C: IRR = 1.003897, p < 0.001; Model 

D: IRR = 1.004156, p < 0.001; Model E: IRR = 1.004100, p < 0.001).  
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Table 39. Impacts of quarterly time-lagged small-scale methamphetamine seizure 
incidents/small-scale seizures on later total methamphetamine crime incidents in the target 
location for 16mi2 grid cells 

Earlier small-scale seizure incidents/small-scale seizures on later total meth crime incidents  
(16mi2 by quarter) 

 Model A Model B Model C Model D Model E 

 IRR (SE) IRR (SE) IRR (SE) IRR (SE) IRR (SE) 

Meth crime incidents . . . . . 
Time-lagged mea (TL) 1.004307***     

 (0.000657)     
Time-lagged s. seizures in TL 0.999998     

 (0.000010)     
Time-lagged mea in FQ  1.000273    

  (0.000648)    
Time-lagged s. seizures in FQ  0.999842**    

  (0.000052)    
Time-lagged mea in SQ   0.997961**   

   (0.000730)   
Time-lagged s. seizures in SQ   1.000091   

   (0.000074)   
Time-lagged mea in FQ & SQ (IDW)    0.999238  

    (0.001099)  
Time-lagged s. seizures in FQ & SQ (IDW)    0.999787**  

    (0.000079)  
Time-lagged mea in combined FQ & SQ     0.998445 

     (0.001180) 
Time-lagged s. seizures in combined FQ & SQ     0.999836* 

     (0.000081) 
Time-lagged total meth crime incidents in TL  1.004138*** 1.003897*** 1.004156*** 1.004100*** 

  (0.000592) (0.000653) (0.000600) (0.000633) 
Constant 47.962102*** 49.368296*** 63.052855*** 59.631268*** 65.657295*** 

 (3.326747) (6.330768) (8.450450) (11.190687) (13.061764) 
Observations 1,978 1,978 1,978 1,978 1,978 
Place FE Yes Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes Yes 
Robust SE eform in parentheses      
*** p<0.001, ** p<0.01, * p<0.05      
Notes: mea = small-scale seizure incidents; TL = target location; FQ = first-order queen contiguity; SQ = second order queen 
contiguity; IDW = inverse distance weighted; s. seizures = small-scale seizures; FE = fixed-effect. Due to collinearity with time and 
place fixed-effects, the model omitted border indicator variables (sea border and land border) controlling for potential edge effects 
and COVID-19 indicator variable.  
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1mi2, 4mi2, 9mi2, 16mi2 Grid Cells by Quarter: Large-Scale Seizure Incidents 

The following four tables (Table 40, Table 41, Table 42, and Table 43) show that none of 

the quarterly time-lagged large-scale methamphetamine seizure incidents was found to be linked 

to the expected count of quarterly total number of methamphetamine crime incidents in the target 

location.  

Table 40 shows the quarterly time-lagged total methamphetamine crime incidents in the 

target location control variable was found to be linked to the expected count of quarterly total 

number of methamphetamine crime incidents in the target location. Each additional one-unit 

increase of this control variable in Model A, Model B, Model C, Model D, and Model E was 

found to be linked to approximately 1.33 percentage increase in the expected count of quarterly 

total number of methamphetamine crime incidents in the target location quarter of a year later, 

respectively (Model A: IRR = 1.013307, p <  0.001; Model B: IRR = 1.013309, p < 0.001; 

Model C: IRR = 1.013294.16, p < 0.001; Model D: IRR = 1.013286, p < 0.001; Model E: IRR = 

1.013281, p < 0.001). 
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Table 40. Impacts of quarterly time-lagged large-scale methamphetamine seizure incidents on 
later total methamphetamine crime incidents in the target location for 1mi2 grid cells 

Earlier large-scale seizure incidents on later total meth crime incidents  
(1mi2 by quarter) 

 Model A Model B Model C Model D Model E 

 IRR (SE) IRR (SE) IRR (SE) IRR (SE) IRR (SE) 

Meth crime incidents . . . . . 
Time-lagged MEA (TL) 0.953350     

 (0.085771)     
Time-lagged MEA in FQ  0.770435    

  (0.159535)    
Time-lagged MEA in SQ   0.895255   

   (0.390721)   
Time-lagged MEA in FQ & SQ (IDW)    0.618272  

    (0.241558)  
Time-lagged MEA in combined FQ & SQ     0.662361 

     (0.309515) 
Time-lagged total meth crime incidents in TL 1.013307*** 1.013309*** 1.013294*** 1.013286*** 1.013281*** 

 (0.002429) (0.002431) (0.002431) (0.002428) (0.001347) 
Constant 7.441143*** 7.444155*** 7.443340*** 7.451163*** 7.450533*** 

 (0.303266) (0.303773) (0.304958) (0.304768) (0.165658) 
Observations 17,273 17,273 17,273 17,273 17,273 
Place FE Yes Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes Yes 

Robust SE eform in parentheses      
*** p<0.001, ** p<0.01, * p<0.05      
Notes: MEA = high-level meth enforcement action; TL = target location; FQ = first-order queen contiguity; SQ = second order 
queen contiguity; IDW = inverse distance weighted; FE = fixed-effect. Due to collinearity with time and place fixed-effects, 
the model omitted border indicator variables (sea border and land border) controlling for potential edge effects and COVID-
19 indicator variable.  

 

Table 41 shows the quarterly time-lagged total methamphetamine crime incidents in the 

target location control variable was found to be linked to the expected count of quarterly total 

number of methamphetamine crime incidents in the target location. Each additional one-unit 

increase of this control variable in Model A, Model B, Model C, Model D, and Model E was 

found to be linked to approximately 0.77 percentage increase in the expected count of quarterly 

total number of methamphetamine crime incidents in the target location quarter of a year later, 

respectively (Model A: IRR = 1.007747, p <  0.001; Model B: IRR = 1.007732, p < 0.001; 
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Model C: IRR = 1.007728, p < 0.001; Model D: IRR = 1.007716, p < 0.001; Model E: IRR = 

1.007714, p < 0.001).  

Table 41. Impacts of quarterly time-lagged large-scale methamphetamine seizure incidents on 
later total methamphetamine crime incidents in the target location for 4mi2 grid cells 

Earlier large-scale seizure incidents on later total meth crime incidents  
(4mi2 by quarter) 

 Model A Model B Model C Model D Model E 

 IRR (SE) IRR (SE) IRR (SE) IRR (SE) IRR (SE) 
Meth crime incidents . . . . . 
Time-lagged MEA (TL) 0.967230     

 (0.054731)     
Time-lagged MEA in FQ  0.961121    

  (0.152976)    
Time-lagged MEA in SQ   0.915976   

   (0.106013)   
Time-lagged MEA in FQ & SQ (IDW)    0.866413  

    (0.217757)  
Time-lagged MEA in combined FQ & SQ     0.846095 

     (0.185877) 
Time-lagged total meth crime incidents in TL 1.007747*** 1.007732*** 1.007728*** 1.007716*** 1.007714*** 

 (0.001210) (0.001210) (0.001211) (0.001212) (0.001213) 
Constant 19.162340*** 19.174213*** 19.185435*** 19.203617*** 19.209267*** 

 (0.934158) (0.937579) (0.938885) (0.945221) (0.945469) 
Observations 5,773 5,773 5,773 5,773 5,773 
Place FE Yes Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes Yes 

Robust SE eform in parentheses      
*** p<0.001, ** p<0.01, * p<0.05      
Notes: MEA = high-level meth enforcement action; TL = target location; FQ = first-order queen contiguity; SQ = second order queen 
contiguity; IDW = inverse distance weighted; FE = fixed-effect. Due to collinearity with time and place fixed-effects, the model 
omitted border indicator variables (sea border and land border) controlling for potential edge effects and COVID-19 indicator 
variable.  

 

Table 42 shows the quarterly time-lagged total methamphetamine crime incidents in the 

target location control variable was found to be linked to the expected count of quarterly total 

number of methamphetamine crime incidents in the target location. Each additional one-unit 

increase of this control variable in Model A, Model B, Model C, Model D, and Model E was 

found to be linked to approximately 0.53 percentage increase in the expected count of quarterly 
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total number of methamphetamine crime incidents in the target location quarter of a year later, 

respectively (Model A: IRR = 1.005297, p <  0.001; Model B: IRR = 1.005319, p < 0.001; 

Model C: IRR = 1.005330, p < 0.001; Model D: IRR = 1.005310, p < 0.001; Model E: IRR = 

1.005312, p < 0.001).  

Table 42. Impacts of quarterly time-lagged large-scale methamphetamine seizure incidents on 
later total methamphetamine crime incidents in the target location for 9mi2 grid cells 

Earlier large-scale seizure incidents on later total meth crime incidents  
(9mi2 by quarter) 

 Model A Model B Model C Model D Model E 

 IRR (SE) IRR (SE) IRR (SE) IRR (SE) IRR (SE) 
Meth crime incidents . . . . . 
Time-lagged MEA (TL) 0.959785     

 (0.028642)     
Time-lagged MEA in FQ  0.983601    

  (0.101275)    
Time-lagged MEA in SQ   0.881513   

   (0.152173)   
Time-lagged MEA in FQ & SQ (IDW)    0.903444  

    (0.170926)  
Time-lagged MEA in combined FQ & SQ     0.855400 

     (0.191208) 
Time-lagged total meth crime incidents in TL 1.005297*** 1.005319*** 1.005330*** 1.005310*** 1.005312*** 

 (0.000954) (0.000957) (0.000952) (0.000956) (0.000955) 
Constant 32.640247*** 32.570230*** 32.599417*** 32.638847*** 32.664817*** 

 (2.079980) (2.089620) (2.067981) (2.099497) (2.095320) 
Observations 2,944 2,944 2,944 2,944 2,944 
Place FE Yes Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes Yes 

Robust SE eform in parentheses      
*** p<0.001, ** p<0.01, * p<0.05      
Notes: MEA = high-level meth enforcement action; TL = target location; FQ = first-order queen contiguity; SQ = second order queen 
contiguity; IDW = inverse distance weighted; FE = fixed-effect. Due to collinearity with time and place fixed-effects, the model 
omitted border indicator variables (sea border and land border) controlling for potential edge effects and COVID-19 indicator 
variable.  

 

Table 43 shows the quarterly time-lagged total methamphetamine crime incidents in the 

target location control variable was found to be linked to the expected count of quarterly total 

number of methamphetamine crime incidents in the target location. Each additional one-unit 



139 

 

increase of this control variable in Model A, Model B, Model C, Model D, and Model E was 

found to be linked to approximately 0.43 percentage increase in the expected count of quarterly 

total number of methamphetamine crime incidents in the target location quarter of a year later, 

respectively (Model A: IRR = 1.004303, p <  0.001; Model B: IRR = 1.004316, p < 0.001; 

Model C: IRR = 1.004316, p < 0.001; Model D: IRR = 1.004296, p < 0.001; Model E: IRR = 

1.004289, p < 0.001). 

Table 43. Impacts of quarterly time-lagged large-scale methamphetamine seizure incidents on 
later total methamphetamine crime incidents in the target location for 16mi2 grid cells 

Earlier large-scale seizure incidents on later total meth crime incidents  
(16mi2 by quarter)  

Model A Model B Model C Model D Model E 
 

IRR (SE) IRR (SE) IRR (SE) IRR (SE) IRR (SE) 

Meth crime incidents . . . . . 

Time-lagged MEA (TL) 1.007536 
    

 (0.022020) 
    

Time-lagged MEA in FQ 
 

1.036967 
   

 
 

(0.061154) 
   

Time-lagged MEA in SQ 
  

0.846477 
  

 
  

(0.131003) 
  

Time-lagged MEA in FQ & SQ (IDW) 
   

0.957569 
 

 
   

(0.150757) 
 

Time-lagged MEA in combined FQ & SQ 
    

0.881338 

 
    

(0.188979) 

Time-lagged total meth crime incidents in TL 1.004303*** 1.004316*** 1.004316*** 1.004296*** 1.004289*** 

 (0.000650) (0.000659) (0.000659) (0.000654) (0.000653) 
Constant 47.939032*** 47.834371*** 48.094508*** 48.050622*** 48.194773***  

(3.322377) (3.393442) (3.313389) (3.380436) (3.348421) 
Observations 1,978 1,978 1,978 1,978 1,978 
Place FE Yes Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes Yes 

Robust SE eform in parentheses 
     

*** p<0.001, ** p<0.01, * p<0.05 
     

Notes: MEA = high-level meth enforcement action; TL = target location; FQ = first-order queen contiguity; SQ = second order queen 
contiguity; IDW = inverse distance weighted; FE = fixed-effect. Due to collinearity with time and place fixed-effects, the model 
omitted border indicator variables (sea border and land border) controlling for potential edge effects and COVID-19 indicator 
variable.  
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Summary: Quarterly Time-Lagged Predictors on Expected Count of Methamphetamine Crime 

Incidents in the Target Location 

Both the quarterly time-lagged small-scale methamphetamine seizure incident predictor 

and the quarterly time-lagged total methamphetamine crime incidents in the target location 

control variable were found to be linked to the increase in the expected count of quarterly total 

number of methamphetamine crime incidents in the target location. Except for the 16mi2 grid 

cell spatial scale, earlier small-scale methamphetamine seizure incidents in the neighboring areas 

were found to be linked to the increases in later methamphetamine crime incidents in the target 

location, indicating the presence of spatial displacement of crime. The significance of time-

lagged small-scale methamphetamine seizure incident predictor disappeared as the spatial scale 

grew larger, however.  

Similar to the yearly time-lagged small-scale methamphetamine seizure incidents, while 

earlier small-scale seizure incidents in the target location were found to be linked to the increase 

in the expected count of yearly total number methamphetamine crime incidents in that same 

location (Model A), opposite outcomes were found in Model C in 16mi2 grid cells. Interestingly, 

the quarterly time-lagged small-scale methamphetamine seizure incident predictor in 16mi2 grid 

cells is shown to be linked to the decreases in the expected count of quarterly total number of 

methamphetamine crime incidents in the target location.  

Since the findings which used quarter as a temporal unit were similar to the models which 

used year as a temporal unit, the possible reasons for observing specific patterns of outcomes for 

the yearly time-lagged small-scale methamphetamine seizure incidents mentioned earlier could 

be extended to here.  
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The quarterly time-lagged large-scale methamphetamine seizure incident predictor was 

found to be statistically insignificant in all models across all spatial scales. The quarterly time-

lagged total methamphetamine crime incidents in the target location control variable was found 

to be linked to the increase in the expected count of quarterly total number methamphetamine 

crime incidents in that same location. The impact sizes of this control variable decreased as 

spatial scale grew larger.  

Table 44 provides an overview of the impacts associated with quarterly time-lagged 

small-scale methamphetamine seizure incidents in and around the target location on 

methamphetamine crime incidents in the target location. 

Table 44. Summary - significant results of quarterly time-lagged small-scale seizure 

incidents/small-scale seizures.  

Significant results of quarterly time-lagged small-scale seizure incidents/small-scale seizures 
  1mi2 4mi2 9mi2 16mi2 
Model A 1.32% increase 0.77% increase 0.53% increase 0.43% increase 
Model B 1.28% increase 0.5% increase - - 
Model C 1.3% increase - - 0.20% decrease 
Model D 1.97% increase 0.56% increase - - 
Model E 2.08% increase 0.44% increase - - 
Note: The reported outcomes are the expected approximate changes in later (Time 2) meth crime incidents in the target locations linked to 
the earlier seizure incidents (Time 1).  
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1mi2, 4mi2, 9mi2, 16mi2 Grid Cells by Month: Small-Scale Seizure Incidents/Small-Scale 

Seizures. 

The monthly time-lagged small-scale methamphetamine seizure incident and small-scale 

methamphetamine seizure independent variables calculating expected count of monthly total 

methamphetamine crime incidents in the target location net of the control variables for 1mi2 grid 

cells are shown in Table 45. Model A (Table 45) shows that each additional one-unit increase in 

the monthly time-lagged small-scale methamphetamine seizure incident in the target location 

was found to be linked to approximately 3.13 percentage increase in the expected count of 

monthly total number of methamphetamine crime incidents in that same location a month later 

(IRR = 1.031314, p < 0.001). 

Model B (Table 45) shows that each additional one-unit increase in the monthly time-

lagged small-scale methamphetamine seizure incident in the adjacent area defined by using first-

order queen contiguity was found to be linked to approximately 7.24 percentage increase in the 

expected count of monthly total number of methamphetamine crime incidents in the target 

location a month later (IRR = 1.072374, p < 0.01). 

Model C (Table 45) shows that each additional one-unit increase in the monthly time-

lagged small-scale methamphetamine seizure incident in the neighboring areas located farther 

away from the target location defined by using second-order queen contiguity was found to be 

linked to approximately 9.72 percentage increase in the expected count of monthly total number 

of methamphetamine crime incidents in the target location a month later (IRR = 1.097239, p < 

0.001).  
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Model D (Table 45) shows that each additional one-unit increase in the monthly time-

lagged small-scale methamphetamine seizure incident in the inverse distance weighted 

neighboring areas defined by using first-order queen contiguity (weighted as 1) and second-order 

queen contiguity (weighted as 0.5) was found to be linked to approximately 13.43 percentage 

increase in the expected count of monthly total number of methamphetamine crime incidents in 

the target location a month later (IRR = 1.134258, p < 0.001). 

Model E (Table 45) shows that each additional one-unit increase in the monthly time-

lagged small-scale methamphetamine seizure incident in the combined nearby areas defined by 

using first- and second-order queen contiguity with the same spatial weight value was found to 

be linked to approximately 15.19 percentage increase in the expected count of monthly total 

number of methamphetamine crime incidents in the target location a month later (IRR = 

1.151918, p < 0.001). None of the small-scale seizure variables revealed any statistical 

significance in the models.  

The monthly time-lagged total methamphetamine crime incidents in the target location 

control variable was found to be linked to the expected count of monthly total number of 

methamphetamine crime incidents in the target location. Each additional one-unit increase of this 

control variable in Model B, Model C, Model D, and Model E was found to be linked to 

approximately 2.30, 3.10, 2.34, and 2.50 percentage increase in the expected count of monthly 

total number of methamphetamine crime incidents in the target location a month later, 

respectively (Model B: IRR = 1.022969, p < 0.01; Model C: IRR = 1.030690, p < 0.001; Model 

D: IRR = 1.023383, p < 0.01; Model E: IRR = 1.025081, p < 0.001). 
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Table 45. Impacts of monthly time-lagged small-scale methamphetamine seizure incidents/small-
scale seizures on later total methamphetamine crime incidents in the target location for 1mi2 
grid cells 

Earlier small-scale seizure incidents/small-scale seizures on later total meth crime incidents  
(1mi2 by month) 

 Model A Model B Model C Model D Model E 

 IRR (SE) IRR (SE) IRR (SE) IRR (SE) IRR (SE) 

Meth crime incidents . . . . . 
Time-lagged mea (TL) 1.031314***     

 (0.005896)     
Time-lagged s. seizures in TL 0.999958     

 (0.000078)     
Time-lagged mea in FQ  1.072374***    

  (0.007774)    
Time-lagged s. seizures in FQ  0.999983    

  (0.000160)    
Time-lagged mea in SQ   1.097239***   

   (0.016620)   
Time-lagged s. seizures in SQ   0.999619   

   (0.000264)   
Time-lagged mea in FQ & SQ (IDW)    1.134258***  

    (0.013066)  
Time-lagged s. seizures in FQ & SQ (IDW)    0.999717  

    (0.000291)  
Time-lagged mea in combined FQ & SQ     1.151918*** 

     (0.016321) 
Time-lagged s. seizures in combined FQ & 
SQ     0.999566 

     (0.000305) 
Time-lagged total meth crime incidents in TL  1.022969*** 1.030690*** 1.023383*** 1.025081*** 

  (0.005568) (0.005534) (0.005550) (0.005570) 
Constant 2.574837*** 2.221632*** 2.219025*** 2.037133*** 2.003444*** 

 (0.087977) (0.098174) (0.077808) (0.086315) (0.078538) 

      
Observations 53,392 53,392 53,392 53,392 53,392 
Place FE Yes Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes Yes 
Robust SE eform in parentheses      
*** p<0.001, ** p<0.01, * p<0.05      
Notes: mea = small-scale seizure incidents; TL = target location; FQ = first-order queen contiguity; SQ = second order queen 
contiguity; IDW = inverse distance weighted; s. seizures = small-scale seizures; FE = fixed-effect. Due to collinearity with time 
and place fixed-effects, the model omitted border indicator variables (sea border and land border) controlling for potential 
edge effects and COVID-19 indicator variable.  
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The models in Table 46 show the monthly time-lagged small-scale methamphetamine 

seizure incident and small-scale seizure independent variables calculating expected count of 

monthly total methamphetamine crime incidents in the target location net of the control variables 

for 4mi2 grid cells. Model A (Table 46) shows that each additional one-unit increase in the 

monthly time-lagged small-scale methamphetamine seizure incident in the target location was 

found to be linked to approximately 1.89 percentage increase in the expected count of monthly 

total number of methamphetamine crime incidents in that same location a month (IRR = 

1.018889, p < 0.001). 

 Model B (Table 46) shows that each additional one-unit increase in the monthly time-

lagged small-scale methamphetamine seizure incident in the adjacent areas defined by using 

first-order queen contiguity was found to be linked to approximately 3.19 percentage increase in 

the expected count of monthly total number of methamphetamine crime incidents in the target 

location a month later (IRR = 1.031856, p < 0.001).  

 Model D (Table 46) shows that each additional one-unit increase in the monthly time-

lagged small-scale methamphetamine seizure incident in the inverse distance weighted 

neighboring areas defined by using first-order queen contiguity (weighted as 1) and second-order 

queen contiguity (weighted as 0.5) was found to be linked to approximately 3.81 percentage 

increase in the expected count of monthly total number of methamphetamine crime incidents in 

the target location a month later (IRR = 1.038069, p < 0.001).  

 Model E (Table 46) shows that each additional one-unit increase in the monthly time-

lagged small-scale methamphetamine seizure incidents in the combined nearby areas defined by 

using first- and second-order queen contiguity with the same spatial weight value was found to 
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be linked to approximately 2.97 percentage increase in the expected count of monthly total 

number of methamphetamine crime incidents in the target location a month later (IRR = 

1.029683, p < 0.05). Model C (Table 46) and monthly time-lagged small-scale 

methamphetamine seizure predictor was found to be statistically insignificant across all models.  

 The monthly time-lagged total methamphetamine crime incidents in the target location 

control variable was found to be linked to the expected count of monthly total number of 

methamphetamine crime incidents in the target location. Each additional one-unit increase of this 

control variable in Model B, Model C, Model D, and Model E was found to be linked to 

approximately 1.54, 1.88, 1.68, and 1.78 percentage increase in the expected count of monthly 

total number of methamphetamine crime incidents in the target location a month later, 

respectively (Model B: IRR = 1.015375, p < 0.001; Model C: IRR = 1.018802, p < 0.001; Model 

D: IRR = 1.016794, p < 0.001; Model E: IRR = 1.017786, p < 0.001). 
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Table 46. Impacts of monthly time-lagged small-scale methamphetamine seizure incidents/small-
scale seizures on later total methamphetamine crime incidents in the target location for 4mi2 
grid cells 

Earlier small-scale seizure incidents/small-scale seizures on later total meth crime incidents  
(4mi2 by month) 

 Model A Model B Model C Model D Model E 

 IRR (SE) IRR (SE) IRR (SE) IRR (SE) IRR (SE) 

Meth crime incidents . . . . . 
Time-lagged mea (TL) 1.018889***     

 (0.002595)     
Time-lagged s. seizures in TL 0.999962     

 (0.000029)     
Time-lagged mea in FQ  1.031856***    

  (0.006211)    
Time-lagged s. seizures in FQ  0.999923    

  (0.000110)    
Time-lagged mea in SQ   0.992730   

   (0.011229)   
Time-lagged s. seizures in SQ   0.999804   

   (0.000127)   
Time-lagged mea in FQ & SQ (IDW)    1.038069***  

    (0.010515)  
Time-lagged s. seizures in FQ & SQ (IDW)    0.999785  

    (0.000188)  
Time-lagged mea in combined FQ & SQ     1.029683* 

     (0.012215) 
Time-lagged s. seizures in combined FQ & SQ     0.999721 

     (0.000192) 
Time-lagged total meth crime incidents in TL  1.015375*** 1.018802*** 1.016794*** 1.017786*** 

  (0.002694) (0.002543) (0.002788) (0.002748) 
Constant 6.700195*** 5.644786*** 6.942119*** 5.554164*** 5.815800*** 

 (0.238915) (0.309259) (0.436281) (0.359322) (0.397035) 
Observations 17,821 17,821 17,821 17,821 17,821 
Place FE Yes Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes Yes 
Robust SE eform in parentheses      
*** p<0.001, ** p<0.01, * p<0.05      
Notes: mea = small-scale seizure incidents; TL = target location; FQ = first-order queen contiguity; SQ = second order queen 
contiguity; IDW = inverse distance weighted; s. seizures = small-scale seizures; FE = fixed-effect. Due to collinearity with time 
and place fixed-effects, the model omitted border indicator variables (sea border and land border) controlling for potential 
edge effects and COVID-19 indicator variable.  
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Table 47 shows the monthly time-lagged small-scale methamphetamine seizure incident 

and small-scale seizure independent variables calculating expected count of monthly total 

methamphetamine crime incidents in the target location net of the control variables for 9mi2 grid 

cells. It shows that the small-scale methamphetamine seizure incident and small-scale 

methamphetamine seizure predictors were found to be statistically significant only in Model A. 

Model A (Table 47) shows that each additional one-unit increase in the monthly time-lagged 

small-scale methamphetamine seizure incident in the target location was found to be linked to 

approximately 1.39 percentage increase in the expected count of monthly total number of 

methamphetamine crime incidents in that same location a month later (IRR = 1.013857, p < 

0.001). In contrast, in the same model, each additional one (1) gram increase in the monthly 

time-lagged small-scale seizure in the target location was found to be linked to a very small 

percentage decrease in the expected count of monthly total number of methamphetamine crime 

incidents in that same location (IRR = 0.999977, p < 0.05).  

 The monthly time-lagged total methamphetamine crime incidents in the target location 

control variable was found to be linked to the expected count of monthly total number of 

methamphetamine crime incidents in the target location. Each additional one-unit increase of this 

control variable in Model B, Model C, Model D, and Model E was found to be linked to 

approximately 1.33, 1.38, 1.36, and 1.38 percentage increase in the expected count of monthly 

total number of methamphetamine crime incidents in the target location a month later, 

respectively (Model B: IRR = 1.013341, p < 0.001; Model C: IRR = 1.013801, p < 0.001; Model 

D: IRR = 1.013592, p < 0.001; Model E: IRR = 1.013758, p < 0.001). 
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Table 47. Impacts of monthly time-lagged small-scale methamphetamine seizure incidents/small-
scale seizures on later total methamphetamine crime incidents in the target location for 9mi2 
grid cells 

Earlier small-scale seizure incidents/small-scale seizures on later total meth crime incidents  
(9mi2 by month) 

 Model A Model B Model C Model D Model E 

 IRR (SE) IRR (SE) IRR (SE) IRR (SE) IRR (SE) 

Meth crime incidents . . . . . 
Time-lagged mea (TL) 1.013857***     

 (0.002250)     
Time-lagged s. seizures in TL 0.999977*     

 (0.000012)     
Time-lagged mea in FQ  1.007940    

  (0.004662)    
Time-lagged s. seizures in FQ  0.999888    

  (0.000076)    
Time-lagged mea in SQ   0.998331   

   (0.007629)   
Time-lagged s. seizures in SQ   1.000164   

   (0.000106)   
Time-lagged mea in FQ & SQ (IDW)    1.010523  

    (0.007581)  
Time-lagged s. seizures in FQ & SQ (IDW)    0.999902  

    (0.000136)  
Time-lagged mea in combined FQ & SQ     1.008893 

     (0.008540) 
Time-lagged s. seizures in combined FQ & SQ     0.999994 

     (0.000155) 
Time-lagged total meth crime incidents in TL  1.013341*** 1.013801*** 1.013592*** 1.013758*** 

  (0.002260) (0.002251) (0.002261) (0.002257) 
Constant 11.247431*** 10.351619*** 11.356308*** 10.203174*** 10.381728*** 

 (0.573378) (0.842230) (0.914254) (0.969295) (1.003859) 
Observations 9,088 9,088 9,088 9,088 9,088 
Place FE Yes Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes Yes 
Robust SE eform in parentheses      
*** p<0.001, ** p<0.01, * p<0.05      
Notes: mea = small-scale seizure incidents; TL = target location; FQ = first-order queen contiguity; SQ = second order queen 
contiguity; IDW = inverse distance weighted; s. seizures = small-scale seizures; FE = fixed-effect. Due to collinearity with time and 
place fixed-effects, the model omitted border indicator variables (sea border and land border) controlling for potential edge effects 
and COVID-19 indicator variable.  
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Table 48 shows the monthly time-lagged small-scale methamphetamine seizure incident 

and small-scale seizure independent variables calculating expected count of monthly total 

methamphetamine crime incidents in the target location net of the control variables for 16mi2 

grid cells. It shows that the small-scale methamphetamine seizure incident predictor was found to 

be statistically significant only in Model A. Model A (Table 48) shows that each additional one-

unit increase in the monthly time-lagged small-scale methamphetamine seizure incident in the 

target location was found to be linked to approximately 1.11 percentage increase in the expected 

count of monthly total number of methamphetamine crime incidents in that same location a 

month later (IRR = 1.011071, p < 0.001).  

 The monthly time-lagged total methamphetamine crime incidents in the target location 

control variable was found to be linked to the expected count of monthly total number of 

methamphetamine crime incidents in the target location. Each additional one-unit increase of this 

control variable in Model B, Model C, Model D, and Model E was found to be linked to 

approximately 1.11, 1.06, 1.11, and 1.09 percentage increase in the expected count of monthly 

total number of methamphetamine crime incidents in the target location a month later, 

respectively (Model B: IRR = 1.011080, p < 0.001; Model C: IRR = 1.010635, p < 0.001; Model 

D: IRR = 1.011055, p < 0.001; Model E: IRR = 1.010943, p < 0.001). 
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Table 48. Impacts of monthly time-lagged small-scale methamphetamine seizure incidents/small-
scale seizures on later total methamphetamine crime incidents in the target location for 16mi2 
grid cells 

Earlier small-scale seizure incidents/small-scale seizures on later total meth crime incidents  
(16mi2 by month) 

 Model A Model B Model C Model D Model E 

 IRR (SE) IRR (SE) IRR (SE) IRR (SE) IRR (SE) 

Meth crime incidents . . . . . 
Time-lagged mea (TL) 1.011071***     

 (0.001675)     
Time-lagged s. seizures in TL 1.000003     

 (0.000016)     
Time-lagged mea in FQ  0.999890    

  (0.004363)    
Time-lagged s. seizures in FQ  0.999850    

  (0.000079)    
Time-lagged mea in SQ   0.991798   

   (0.005349)   
Time-lagged s. seizures in SQ   1.000072   

   (0.000096)   
Time-lagged mea in FQ & SQ (IDW)    0.996183  

    (0.007344)  
Time-lagged s. seizures in FQ & SQ (IDW)    0.999814  

    (0.000137)  
Time-lagged mea in combined FQ & SQ     0.993192 

     (0.007979) 
Time-lagged s. seizures in combined FQ & SQ     0.999875 

     (0.000147) 
Time-lagged total meth crime incidents in TL  1.011080*** 1.010635*** 1.011055*** 1.010943*** 

  (0.001650) (0.001678) (0.001645) (0.001654) 
Constant 16.836205*** 16.954431*** 18.637264*** 17.866227*** 18.530135*** 

 (1.021598) (1.574225) (1.565028) (2.081065) (2.202352) 
Observations 6,106 6,106 6,106 6,106 6,106 
Place FE Yes Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes Yes 
Robust SE eform in parentheses      
*** p<0.001, ** p<0.01, * p<0.05      
Notes: mea = small-scale seizure incidents; TL = target location; FQ = first-order queen contiguity; SQ = second order queen 
contiguity; IDW = inverse distance weighted; s. seizures = small-scale seizures; FE = fixed-effect. Due to collinearity with time and 
place fixed-effects, the model omitted border indicator variables (sea border and land border) controlling for potential edge effects 
and COVID-19 indicator variable.  
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1mi2, 4mi2, 9mi2, 16mi2 Grid Cells by Month: Large-Scale Seizure Incidents 

Similar to the quarterly time-lagged large-scale seizure incidents, the monthly time-

lagged large-scale seizure incident predictor was found to be statistically insignificant across all 

models (Table 49, Table 50, Table 51, and Table 52).  

Table 49 shows the monthly time-lagged total methamphetamine crime incidents in the 

target location control variable was found to be linked to the expected count of monthly total 

number of methamphetamine crime incidents in the target location. Each additional one-unit 

increase of this control variable in Model A, Model B, Model C, Model D, and Model E was 

found to be linked to approximately 3.12 percentage increase in the expected count of monthly 

total number of methamphetamine crime incidents in the target location a month later, 

respectively (Model A: IRR = 1.031224, p <  0.001; Model B: IRR = 1.031202, p < 0.001; 

Model C: IRR = 1.031209, p < 0.001; Model D: IRR = 1.031189, p < 0.001; Model E: IRR = 

1.031192, p < 0.001). 
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Table 49. Impacts of monthly time-lagged large-scale methamphetamine seizure incidents on 
later total methamphetamine crime incidents in the target location for 1mi2 grid cells 

Earlier large-scale seizure incidents on later total meth crime incidents  
(1mi2 by month) 

 Model A Model B Model C Model D Model E 

 IRR (SE) IRR (SE) IRR (SE) IRR (SE) IRR (SE) 

Meth crime incidents . . . . . 
Time-lagged MEA (TL) 0.970048     

 (0.064248)     
Time-lagged MEA in FQ  0.653320    

  (0.247342)    
Time-lagged MEA in SQ   0.847626   

   (0.500788)   
Time-lagged MEA in FQ & SQ (IDW)    0.476306  

    (0.271854)  
Time-lagged MEA in combined FQ & SQ     0.518048 

     (0.328217) 
Time-lagged total meth crime incidents in TL 1.031224*** 1.031202*** 1.031209*** 1.031189*** 1.031192*** 

 (0.005978) (0.005973) (0.005975) (0.005974) (0.005975) 
Constant 2.574947*** 2.576100*** 2.575367*** 2.576969*** 2.576731*** 

 (0.088347) (0.088412) (0.088528) (0.088590) (0.088623) 
Observations 53,392 53,392 53,392 53,392 53,392 
Place FE Yes Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes Yes 

Robust SE eform in parentheses      
*** p<0.001, ** p<0.01, * p<0.05      
Notes: MEA = high-level meth enforcement action; TL = target location; FQ = first-order queen contiguity; SQ = second order 
queen contiguity; IDW = inverse distance weighted; FE = fixed-effect. Due to collinearity with time and place fixed-effects, 
the model omitted border indicator variables (sea border and land border) controlling for potential edge effects and COVID-
19 indicator variable.  
 
 

Table 50 shows the monthly time-lagged total methamphetamine crime incidents in the 

target location control variable was found to be linked to the expected count of monthly total 

number of methamphetamine crime incidents in the target location. Each additional one-unit 

increase of this control variable in Model A, Model B, Model C, Model D, and Model E was 

found to be linked to approximately 1.88 percentage increase in the expected count of monthly 

total number of methamphetamine crime incidents in the target location a month later, 

respectively (Model A: IRR = 1.018847, p <  0.001; Model B: IRR = 1.018836, p < 0.001; 
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Model C: IRR = 1.018841, p < 0.001; Model D: IRR = 1.018820, p < 0.001; Model E: IRR = 

1.018822, p < 0.001). 

Table 50. Impacts of monthly time-lagged large-scale methamphetamine seizure incidents on 
later total methamphetamine crime incidents in the target location for 4mi2 grid cells 

Earlier large-scale seizure incidents on later total meth crime incidents  
(4mi2 by month) 

 Model A Model B Model C Model D Model E 

 IRR (SE) IRR (SE) IRR (SE) IRR (SE) IRR (SE) 
Meth crime incidents . . . . . 
Time-lagged MEA (TL) 0.993595     

 (0.092848)     
Time-lagged MEA in FQ  0.894287    

  (0.263558)    
Time-lagged MEA in SQ   0.791369   

   (0.228896)   
Time-lagged MEA in FQ & SQ (IDW)    0.670158  

    (0.271384)  
Time-lagged MEA in combined FQ & SQ     0.633194 

     (0.228060) 
Time-lagged total meth crime incidents in TL 1.018847*** 1.018836*** 1.018841*** 1.018820*** 1.018822*** 

 (0.002588) (0.002587) (0.002591) (0.002591) (0.002592) 
Constant 6.696194*** 6.699319*** 6.701696*** 6.706687*** 6.707826*** 

 (0.238104) (0.238180) (0.239409) (0.239544) (0.239970) 
Observations 17,821 17,821 17,821 17,821 17,821 
Place FE Yes Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes Yes 

Robust SE eform in parentheses      
*** p<0.001, ** p<0.01, * p<0.05      
Notes: MEA = high-level meth enforcement action; TL = target location; FQ = first-order queen contiguity; SQ = second order 
queen contiguity; IDW = inverse distance weighted; FE = fixed-effect. Due to collinearity with time and place fixed-effects, 
the model omitted border indicator variables (sea border and land border) controlling for potential edge effects and COVID-
19 indicator variable.  

Table 51 shows the monthly time-lagged total methamphetamine crime incidents in the 

target location control variable was found to be linked to the expected count of monthly total 

number of methamphetamine crime incidents in the target location. Each additional one-unit 

increase in this control variable in Model A, Model B, Model C, Model D, and Model E was 
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found to be linked to approximately 1.38 percentage increase in the expected count of monthly 

total number of methamphetamine crime incidents in the target location a month later, 

respectively (Model A: IRR = 1.013819, p <  0.001; Model B: IRR = 1.013813, p < 0.001; 

Model C: IRR = 1.013835, p < 0.001; Model D: IRR = 1.013819, p < 0.001; Model E: IRR = 

1.013830, p < 0.001). 

Table 51. Impacts of monthly time-lagged large-scale methamphetamine seizure incidents on 
later total methamphetamine crime incidents in the target location for 9mi2 grid cells 

Earlier large-scale seizure incidents later total meth crime incidents  
(9mi2 by month) 

 Model A Model B Model C Model D Model E 

 IRR (SE) IRR (SE) IRR (SE) IRR (SE) IRR (SE) 
Meth crime incidents . . . . . 
Time-lagged MEA (TL) 0.920523     

 (0.049340)     
Time-lagged MEA in FQ  0.917623    

  (0.147884)    
Time-lagged MEA in SQ   0.926600   

   (0.217646)   
Time-lagged MEA in FQ & SQ (IDW)    0.805291  

    (0.206166)  
Time-lagged MEA in combined FQ & SQ     0.781070 

     (0.221494) 
Time-lagged total meth crime incidents in TL 1.013819*** 1.013813*** 1.013835*** 1.013819*** 1.013830*** 

 (0.002242) (0.002243) (0.002232) (0.002234) (0.002229) 
Constant 11.250427*** 11.250776*** 11.243195*** 11.258566*** 11.257615*** 

 (0.573324) (0.576238) (0.570808) (0.575761) (0.573955) 
Observations 9,088 9,088 9,088 9,088 9,088 
Place FE Yes Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes Yes 

Robust SE eform in parentheses      
*** p<0.001, ** p<0.01, * p<0.05      
Notes: MEA = high-level meth enforcement action; TL = target location; FQ = first-order queen contiguity; SQ = second order queen 
contiguity; IDW = inverse distance weighted; FE = fixed-effect. Due to collinearity with time and place fixed-effects, the model 
omitted border indicator variables (sea border and land border) controlling for potential edge effects and COVID-19 indicator 
variable.  
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Table 52 shows the monthly time-lagged total methamphetamine crime incidents in the 

target location control variable was found to be linked to the expected count of monthly total 

number of methamphetamine crime incidents in the target location. Each additional one-unit 

increase in this control variable in Model A, Model B, Model C, Model D, and Model E was 

found to be linked to approximately 1.11 percentage increase in the expected count of monthly 

total number of methamphetamine crime incidents in the target location a month later, 

respectively (Model A: IRR = 1.011085, p <  0.001; Model B: IRR = 1.011072, p < 0.001; 

Model C: IRR = 1.011105, p < 0.001; Model D: IRR = 1.011075, p < 0.001; Model E: IRR = 

1.011089, p < 0.001). 
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Table 52. Impacts of monthly time-lagged large-scale methamphetamine seizure incidents on 
later total methamphetamine crime incidents in the target location for 16mi2 grid cells 

Earlier large-scale seizure incidents on later total meth crime incidents  
(16mi2 by month) 

 Model A Model B Model C Model D Model E 

 IRR (SE) IRR (SE) IRR (SE) IRR (SE) IRR (SE) 

Meth crime incidents . . . . . 
Time-lagged MEA (TL) 1.025444     

 (0.049245)     
Time-lagged MEA in FQ  0.925940    

  (0.101571)    
Time-lagged MEA in SQ   0.851949   

   (0.181192)   
Time-lagged MEA in FQ & SQ (IDW)    0.768988  

    (0.133711)  
Time-lagged MEA in combined FQ & SQ     0.716244 

     (0.146652) 
Time-lagged total meth crime incidents in TL 1.011085*** 1.011072*** 1.011105*** 1.011075*** 1.011089*** 

 (0.001672) (0.001677) (0.001675) (0.001676) (0.001675) 
Constant 16.823698*** 16.851626*** 16.843629*** 16.881891*** 16.884998*** 

 (1.021060) (1.027741) (1.022336) (1.030548) (1.029466) 
Observations 6,106 6,106 6,106 6,106 6,106 
Place FE Yes Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes Yes 

Robust SE eform in parentheses      
*** p<0.001, ** p<0.01, * p<0.05      
Notes: MEA = high-level meth enforcement action; TL = target location; FQ = first-order queen contiguity; SQ = second order queen 
contiguity; IDW = inverse distance weighted; FE = fixed-effect. Due to collinearity with time and place fixed-effects, the model 
omitted border indicator variables (sea border and land border) controlling for potential edge effects and COVID-19 indicator 
variable.  

Summary: Monthly Time-Lagged Predictors on Expected Count of Methamphetamine Crime 

Incidents in the Target Location 

Both the monthly time-lagged small-scale methamphetamine seizure incident predictor and 

the monthly time-lagged total methamphetamine crime incidents in the target location control 

variable were found to be linked to the increase in the expected count of monthly total number of 

methamphetamine crime incidents in the target location. The outcome patterns were similar to 

those models which used quarter as a temporal scale, except for models which used 16mi2 as a 
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spatial scale. The statistical significance of the monthly time-lagged small-scale 

methamphetamine seizure incident predictor disappeared as the spatial scale grew larger. The 

findings also revealed that the monthly temporal unit showed the highest level of spatial 

displacement of methamphetamine crime compared to those models which used quarter of a year 

or year as a temporal unit.  

The monthly time-lagged large-scale methamphetamine seizure incident predictor was 

found to be statistically insignificant in all models, across all spatial scales. The monthly time-

lagged total methamphetamine crime incidents in the target location control variable was found 

to be linked to the increase in the expected count of monthly total number methamphetamine 

crime incidents in that same location. Similar to those models which used quarter as a temporal 

unit, the impact sizes of this control variable decreased as the spatial scale grew larger.  

Table 53 provides an overview of the impacts associated with monthly time-lagged small-

scale methamphetamine seizure incidents in and around the target location on methamphetamine 

crime incidents in the target location.  

Table 53. Summary - significant results of monthly time-lagged small-scale seizure 
incidents/small-scale seizures 

Significant results of monthly time-lagged small-scale seizure incidents/small-scale seizures 
  1mi2 4mi2 9mi2 16mi2 
Model A 3.13% increase 1.89% increase 1.39% increase 1.11% increase 
Model B 7.24% increase 3.19% increase - - 
Model C 9.72% increase - - - 
Model D 13.43% increase 3.81% increase - - 
Model E 15.19% increase 2.97% increase - - 
Note: The reported outcomes are the expected approximate changes in later (Time 2) meth crime incidents in the target locations linked to 
the earlier seizure incidents (Time 1).  



159 

 

Independence of Errors (Spatial Dependency Test for Model Residuals) 

As mentioned earlier, 2WFE models in this study controlled for all time-invariant place 

effects and all place-invariant time effects (Allison, 2009). In other words, it is assumed that the 

potential endogenous effects and spatial dependence should have been eliminated. However, 

there is lack of evidence indicating the inherent properties of fixed-effects regression applies to 

spatial panel models or to the residuals of such models (Arbia & Piras, 2004). If the test shows 

spatial dependency among model residuals, then model estimates were incorrect or misleading.  

The model residuals of this study were obtained using the ppmlhdfe with robust cluster 

standard errors regression. The comparison of the model residuals between ppmlhdfe and fixed-

effects GLM - family Poisson - showed the same results except the ppmlhdfe with robust 

standard errors disregarded extremely small residual values (e.g., 0.0000000001). 

Potential Issues with Using Moran’s I and Lagrange Multiplier (LM) Tests for Spatial Panel 

Data 

Since the introduction of applying Moran’s I principle to model residuals as a way to test 

for spatial autocorrelation (see Cliff & Ord, 1972), Moran’s I test has become a dominating 

diagnostic tool to check for spatial dependency (Anselin & Florax, 1995, p. 21). However, as 

Moran’s I statistic is designed for single cross-sectional data, calculating spatial dependency of 

model residuals using Moran’ I statistic might not be a suitable option for those using spatial 

panel data. Since non-linear panel data regression provides a residual value for each time period 

used in the model except for the one which was used as a base, the existing studies used 

alternative approach to calculate spatial dependency. For example, previous studies calculated 
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Moran’s I across the study area over time to detect the presence of spatial autocorrelation (Arbia 

& Piras, 2004; Kojima, Parcell, & Cain, 2016).  

Although this seems to be a valid approach to calculate spatial dependency of residuals, 

these studies neither provided information on whether an overall Moran’s I test was performed, 

comprised of the Moran’s I value associated with each time period, or such test is possible, or 

how to address issues related to partial spatial dependence. In examining the GDP growth across 

the European regions, Arbia and Piras (2004, p. 22) calculated Moran’s I for model residuals 

over time and reported that some showed spatial dependency while the rest did not. Based on this 

finding, the authors suggested including the spatially-lagged dependent variable in the model as a 

method to control for spatial dependency. To date, there is a lack of information on how to 

address partial spatial dependency. Stata has xtmoran command which purports to calculate 

Moran’s I for panel data. However, based on the existing literature on spatial econometrics, it 

appears this command has not been tested rigorously and therefore its validity could be open to 

question. 

 With respect to using the spatially-lagged dependent variable in a model to control for the 

spatial dependency, a specific regression model such as the spatial Durbin model (SDM) has 

been used in spatial econometrics (see Vilalta, Lopez-Ramirez, & Fondevila, 2021). However, 

this method is not always suitable. For example, this study aimed to examine potential spatial 

spillover of earlier methamphetamine enforcement actions in and around the target location on 

later methamphetamine crime incidents in the target location. If SDM is used, then the model 

cannot isolate the spatiotemporal spillover impacts of earlier methamphetamine enforcement 

actions as the predictor will be influenced by the spatially-lagged dependent variable.  
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In addition to calculating Moran’s I over time, researchers developed alternative tests 

based on the principle of Lagrange Multiplier (LM) test to check for spatial dependence 

(Anselin, Bera, Florax, & Yoon, 1996; Anselin & Florax, 1995; Baltagi & Yang, 2013; Breusch 

& Pagan, 1980). LM test and its modified versions specifically designed to test for 

autoregression and spatial autoregression of model residuals have been tested in applied spatial 

econometrics studies (see Astaiza-Gómez, 2020 for example). These studies showed diagnostic 

statistics based on the LM test principle have limited applicability because they required a large 

N (cross-sectional units) and small T (time) in the panel data set. Otherwise, it “exhibits 

substantial size distortions” (De Hoyos & Sarafidis, 2006, p. 484).   

Pesaran’s Cross-Section Dependence (CD) Test 

In addition to the LM test, error cross-section dependence (CD) test is another diagnostic 

tool which can be used to test whether the error terms exhibit spatial dependence (Pesaran, 

2021). For non-spatial panel data, the presence of cross-sectional dependence in the model 

residuals is indicating “common unobserved factors, may be plausibly explained by social 

norms, neighborhood effects, herd behavior, and genuinely interdependent preferences” became 

part of the error term which could affect not only the standard errors but also the effect sizes of 

explanatory variables (De Hoyos & Sarafidis, 2006, pp. 482-483). The CD test for non-spatial 

panel data does not incorporate spatial order of the cross-sectional units. On the other hand, the 

CD test for spatial panel data incorporates a specific order of cross-sectional units, also known as 

spatial matrix or connection matrix in spatial statistics literature (see Kelejian & Prucha, 2001). 

The presence of cross-sectional dependence in spatial panel data based model residuals is 
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indicating the presence of spatial dependence19 as well as possibly “common unobserved 

factors”20 (De Hoyos & Sarafidis, 2006; Driscoll & Kraay, 1998).  

 First introduced in 2004 as a scaled LM test, Pesaran (2021) proposed a general CD test 

(i.e., Pesaran’s CD test). According to Pesaran (2021, pp. 13-15), the general CD test uses “pair-

wise correlation coefficients of the [ordinary least squares] OLS residuals from the individual 

regressions in the panel and can be used to test for cross-sectional dependence of any fixed order 

p [pth order spatial dependence test, where CD for p=N-1].” In other words, if cross-sectional 

units are ordered based on the spatial matrix designed for the analysis, then the general CD test 

can be used to test for the spatial dependence, “known as spatial autocorrelation in the spatial 

literature,” of model residuals as well as for specific variables (Pesaran, 2021, p. 17). For 

nonlinear panel regression, the same procedure applies except the model residuals are based on 

“deviations of the observed dependent variable from its expected value” (Hsiao, Pesaran, & Pick, 

2007, p. 1). The general CD test was proven to be a flexible way to check for the spatial 

dependency among cross-sectional units (Guliyev, 2020) and spatial matrix based general CD 

test was proven to have a greater statistical power (Pesaran, 2021). Unlike the LM test, the 

general CD test can be used with any N and T combination (Hsiao et al., 2007; Pesaran, 2021). In 

addition, studies show that the general CD test is more suitable when both N and T are finite in 

the data set (Baltagi, Feng, & Kao, 2012).  

                                                 
19 Within the context of spatial panel data, Driscoll and Kraay (1998) used the term cross-sectional dependence and 

spatial dependence to refer to a similar diagnostic. 
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 Although a few additions were made to the general CD test so that it can be tailored to 

examine different types of models, the present study used the general CD test introduced in 2004 

as the rationales for using a modified version of the general CD test did not apply to this study. 

The following defined the general CD test which examines the spatial dependence based on the 

spatial weights matrix (Equation from Pesaran, 2021, pp. 18, 25):  

Local CD test of order 𝑝𝑝 = CD(𝑝𝑝) test 

𝐶𝐶𝐶𝐶(𝑝𝑝) = �
2𝑇𝑇
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1. 𝑝𝑝 = cross-sectional order where 𝑝𝑝 =1, 2, …, N-1 
2. 𝑇𝑇 = time dimension 
3. 𝑁𝑁 = cross-sectional dimension  
4. 𝜌𝜌�𝑖𝑖 = sample estimate of the pair-wise correlation of the residuals (it is 𝜌𝜌�𝑖𝑖𝑖𝑖 in the LM test) 
5. 𝑖𝑖 = cross-section unit (𝑝𝑝𝑡𝑡ℎ order neighbor can be defined as the 𝑖𝑖𝑡𝑡ℎ cross section unit can be 

defined as the 𝑖𝑖 + 𝑝𝑝 and the 𝑖𝑖 − 𝑝𝑝 cross section units) 

(see also Pesaran, Ullah, & Yamagata, 2008 for additional details) 

 

 In this study, the general CD tests for model residuals were conducted using xtcdf and 

xtcd2 with cdw commands in Stata 17. The xtcdf command performed the general CD test based 

on a pre-specified spatial matrix. The xtcd2 with cdw command performed the same test except it 

applied Rademacher weights to each model residual based on cross-sectional units to control for 
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the potential biased estimates associated with fixed-effects models (Ditzen, 2018; Juodis & 

Reese, 2021). The outcomes of these two tests revealed that there is no spatial dependency in all 

model residuals.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



165 

 

CHAPTER 5: DISCUSSION 

This study is designed to address two research questions. (1) Do small-scale 

methamphetamine seizure incidents in and around the target location depress later 

methamphetamine crime incidents in the target location? (2) Do large-scale methamphetamine 

seizure incidents in and around the target location depress later methamphetamine crime 

incidents in the target location? The main objective of this study is to measure the spatiotemporal 

spillover impacts of methamphetamine enforcement actions in the form of large-scale and small-

scale seizure incidents. Based on the results detailed in chapter 4, this section begins with 

discussing possible explanations for the observed results and patterns of findings followed by 

theoretical and practical implications. While this study addresses limitations of previous drug 

crime studies and makes contributions to this field, this study is not without its own limitations. 

Followed by the implications, this section discusses limitations and strengths of the present 

study. The last subsection provides a summary the present study.  

The Overall Pattern of Findings  

As detailed in chapter 4 of this paper, in general, time-lagged small-scale 

methamphetamine seizure incidents are found to be linked to higher methamphetamine crime 

incidents in the target location. This pattern holds true across different spatial and temporal 

scales. On the other hand, time-lagged large-scale methamphetamine seizure incidents are found 

to be linked to lower methamphetamine crime incidents in the target location. Unlike small-scale 

methamphetamine seizure incidents, however, statistical significance is found for only those 

models which examined yearly time-lagged large scale methamphetamine seizure incidents.  
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Although most of the model outcomes have shown these general patterns, there are three 

specific model outcomes associated with small-scale methamphetamine seizure incidents that 

need to be mentioned. As shown in Table 29, yearly-time lagged small-scale methamphetamine 

seizure incidents in locations defined by using the second-order queen contiguity method (Model 

C) as well as locations which combined the areas generated by first- and second-order queen 

contiguity method (Model E) are linked to lower methamphetamine crime incidents in the target 

location. Similarly, Table 37 shows quarterly-time lagged small-scale methamphetamine seizures 

in locations defined by using the second-order queen contiguity method (Model C) are linked to 

lower methamphetamine crime incidents in the target location as well.  

There are at least two possible explanations for observing such outcomes. First, it is 

possible that these outcomes are caused by Type I error. The present study examines a total of 

120 2WFE ppmlhdfe models, using six predictors for small-scale methamphetamine seizure 

incident/small-scale seizure models and five predictors for large-scale methamphetamine seizure 

models. Since more than 100 analytical models are examined, with two predictors imposing 

additional conditions for 2WFE, it is possible that the significance shown in these models 

occurred by chance.  

Second possible explanation for observing such outcomes, also related to Type I error, is 

that these outcomes are unrelated to the small-scale methamphetamine seizures. Tables 29 and 

37 show that these findings are associated with models which examined potential spillover 

impacts from nearby areas located farther away from the target location using 16mi2 as a spatial 

unit. While large-scale methamphetamine seizure incidents incorporate a theoretical component 

that such enforcement actions could stop or prevent multijurisdictional methamphetamine 
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trafficking, small-scale seizures do not. Given that small-scale seizure incidents and small-scale 

seizures are mainly focused on smaller-scale geographic areas and that western San Diego 

County has many small-sized police departments, using 16mi2 as a spatial unit to examine the 

spillover impacts of small-scale seizure incidents or small-scale seizures might not be 

appropriate. In other words, earlier small-scale methamphetamine seizure incidents or small-

scale seizures by a police department located 16mi2 or 32mi2 away from the target location are 

not likely to have a spatiotemporal impact on later methamphetamine crime incidents in the 

target location.  

Even though these three model outcomes must be interpreted with caution for the reasons 

explained above, as mentioned earlier, the general patterns of findings and the outcomes of all 

other models show consistency in direction and size of impacts of small-scale and large-scale 

methamphetamine seizure incidents.  

The Impact Sizes of Small-Scale and Large-Scale Methamphetamine Seizure Incidents 

Another important point to discuss regarding the model outcomes is the impact sizes of 

seizure incidents. As shown in the summary tables (Tables 34, 35, 44, and 53), the impact sizes 

are spatiotemporal dependent. For small-scale methamphetamine seizure incidents, the outcome 

patterns show that the impact sizes grew larger as temporal scale got shorter. For example, 

Model B for yearly-time lagged, quarterly-time lagged, and monthly-time lagged small-scale 

seizure incidents show approximately 0.58 percentage increase in methamphetamine crime 

incidents in the target location, 1.28 percentage increase in methamphetamine crime incidents in 

the target location, and 7.24 percentage increase in methamphetamine crime incidents in the 

target location, respectively. These patterns held true for all models across all spatiotemporal 
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scales for small-scale methamphetamine seizure incidents. The statistical significance is only 

found in yearly-time lagged models for large-scale methamphetamine enforcement actions.   

On the other hand, the impact sizes became smaller as spatial scale grew larger for both 

small-scale and large-scale methamphetamine seizure incidents. For example, Model B for 

small-scale methamphetamine seizure incidents show that the impact size is reduced by nearly 

half when the spatial scale is increased from 1mi2 to 4mi2.  In addition, based on the findings, 

earlier small-scale methamphetamine seizure incidents in a target location will be most likely 

lead to a higher number of methamphetamine crime incidents in that same location later 

compared to the spatial displacement of methamphetamine crime from nearby areas.  

With respect to large-scale methamphetamine seizure incidents, the impacts of earlier 

large-scale seizure incidents in the target location is much greater than the spatial diffusion of 

benefits from nearby areas on later methamphetamine crime incidents in the target location. To 

put it in perspective, seizing large amounts of methamphetamine within a problem area will more 

likely to result in a higher-level of methamphetamine crime suppression in that same area later 

compared to nearby large-scale seizures.     

In sum, the general patterns of findings show that earlier small-scale methamphetamine 

seizure incidents, in and around the target location, are linked to the increase in later 

methamphetamine crime incidents in the target location. In contrast, the findings show that 

earlier large-scale methamphetamine seizure incidents, in and around the target location, are 

linked to the decrease in later methamphetamine crime incidents in the target location. In 

addition to these findings, the model outcomes show that the level of impacts associated with 

these two types of methamphetamine seizure incidents are spatiotemporal scale dependent. 
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Theoretical Implications 

A number of researchers used theories of deterrence, spatial displacement, and spatial 

diffusion of benefits to explain how policing efforts changed the patterns of drug crime incidents 

and drug sellers’ modes of operations (Fader, 2016; Jacobs, 1996a, 1996b; Weisburd & Green, 

1995; Weisburd et al., 2006). However, these theories have yet to be used to explain how 

specific drug enforcement actions, such as large-scale drug seizure incidents, could impact later 

drug crime pattern. Further, there is a lack of information on the applicability of these theories in 

explaining street-level methamphetamine crime incident patterns at both local and regional scale. 

Therefore, the overarching intent of the present study is to assess the impacts of earlier 

methamphetamine enforcement actions in the form of small-scale and large-scale seizure 

incidents on later street-level methamphetamine crime incidents. In particular, this study focuses 

on the varying levels of spatiotemporal spillover impacts of small-scale and large-scale 

methamphetamine seizure incidents. The outcomes may have important implications for the 

theory of deterrence, spatial displacement of crime, and spatial diffusion of benefits related to 

methamphetamine enforcement actions.  

Theoretical Implications for Small-Scale Seizure Incidents/Small-Scale Seizures 

The finding shows that, in general, earlier small-scale methamphetamine seizure incidents 

and small-scale seizures in and around target location actually increased the expected count of 

later methamphetamine crime incidents in the target location. This is an important finding 

because it may be suggesting that small-scale seizure incidents do not generate general, specific, 

or restrictive deterrence. Further, the finding may be suggesting that deterrence do not operate 

through small-scale seizure incidents or street-level methamphetamine enforcement actions. 
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Regarding the spatial spillover impacts, the finding supports spatial displacement of crime 

instead of spatial diffusion of benefits which contradicts the findings of recent drug crime studies 

(Guerette & Bowers, 2009; Weisburd et al., 2006).  

The underlying mechanisms involved in deterrence effect are complex. Therefore, it is 

difficult to determine whether small-scale seizure incidents did not generate any deterrence 

effects. For example, specific policing strategies and their outcomes, such as increased police 

presence leading to a higher number of arrests (Lawton et al., 2005) and increased community 

policing efforts leading to a higher number of calls for police service (Mazerolle et al., 2000), 

might have influenced the findings. In addition, since it has been proven that street-level drug 

sellers are easily replaceable (Reuter et al., 1990), the vacuum of drug sellers created by 

deterrence effects might have been filled by drug sellers from other areas. Lastly, it is also 

possible that this study is unable to capture and measure the deterrence effects linked to small-

scale seizure incidents. For example, deterred by small-scale seizure incidents or street-level 

enforcement actions, drug sellers might have sold methamphetamine at lower prices to many 

people in order to dispose the product as quickly as they can. When this occurs, it will most 

likely increase the street-level drug crime incidents. On the other hand, deterred drug sellers 

might have sold methamphetamine at lower prices to fewer buyers. Drug buyers who are able to 

obtain more products for the same price could become drug sellers to make some profits. These 

opportunistic drug sellers are most likely inexperienced in selling drugs, and therefore highly 

susceptible to detection and arrest by law enforcement. 

In addition to the failure of deterrence, the adjacency dynamics associated with small-scale 

seizure incidents could have attributed to the increase in the expected count of methamphetamine 
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crime incidents in the target location. For example, earlier drug crime linked violence and other 

types of crimes could have attracted law enforcement officers not only to the target area but to 

the surrounding areas. Moreover, law enforcement officers could change their enforcement 

objectives from handling various types of crimes to only drug and violence. When this occurs, it 

is highly likely that law enforcement officers will encounter drug offenders in the target location, 

thereby leading to a higher number of street-level drug arrests.   

The outcome patterns show that the spatial displacement of methamphetamine crime is 

spatiotemporal dependent. The crime displacement is found to be spatially extensive for those 

models that used smaller spatial scales (1mi2 and 4mi2). This makes sense considering small-

scale seizure incidents generally suppress drug crime at local level. Regarding temporal scales, 

the findings showed that the effect sizes of methamphetamine crime displacement decreased as 

temporal units get longer. This also makes sense considering any changes made to the ecology of 

drug crime hot spots driven by small-scale seizures would most likely be accepted and adapted 

quickly by remaining drug sellers and drug buyers.    

Theoretical Implications for Large-Scale Seizure Incidents 

The findings show that earlier large-scale methamphetamine seizure incidents in and 

around the target location decreased the expected count of later methamphetamine crime 

incidents in the target location. In other words, unlike small-scale seizure incidents, large-scale 

seizure incidents might have generated deterrence in areas where the enforcement actions 

occurred and the earlier enforcement actions in nearby areas generated spatial diffusion of 

benefits. Further, it is also possible that deterrence might have operated through spatially 

diffused benefits.  
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Large-scale methamphetamine seizure incidents might have deterred drug sellers in nearby 

areas from venturing into target area to sell drugs because they are aware of the associated risks 

of getting apprehended by law enforcement following large-scale drug seizure incidents. Drug 

sellers may know that the majority of large-scale drug seizure incidents do not occur by chance 

but most likely through a long-term investigation targeting multiple individuals. Thinking that 

the investigation had not ended, drug sellers might have purposely avoided areas where large-

scale seizure incidents occurred.  

Another possible reason for seeing such outcomes is deterred drug sellers are selling drugs, 

in bulk, at cheaper prices to fewer clients to reduce their chances of getting detected by law 

enforcement. This is a form of restrictive deterrence in that drug sellers are altering their drug 

selling method of operation to avoid law enforcement detection. Another form of restrictive 

deterrence which might have resulted in these outcome patterns is that drug sellers are using 

multiple stash locations (Fader, 2016; Jacobs, 1996a). Previous drug crime studies which focused 

on drug sellers indicated that street-level drug sellers keep only certain amounts of drugs on 

person or close nearby for immediate sales (Fader, 2016), while keeping large amounts of drugs 

farther away from the location where frequent drug sales occur. For example, large amounts of 

methamphetamine might be stashed away in a different neighborhood in an effort to reduce the 

chances of getting detected by law enforcement officers.  

Lastly, it is possible that a substantial amount of methamphetamine was supplied by 

individuals who resided farther away from where frequent drug dealing occurred. Upper-level 

drug distributors would likely to avoid areas known to law enforcement as drug crime hot spots 

in order to reduce the risk of apprehension and drug seizures. Therefore, even those large-scale 
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drug seizures that occurred in areas distant from target location could suppress later street-level 

methamphetamine crime incidents in the target location.   

 Similar to the outcome patterns of small-scale methamphetamine seizure incidents, the 

outcome patterns for large-scale methamphetamine seizure incidents show that the spatially 

diffused benefits are distance dependent. At local level (1mi2), a crime reduction is shown across 

all delineated nearby areas except those nearby areas generated by using second-order queen 

contiguity method. Therefore, the theoretical implication is that, at local level, the spatial 

diffusion of benefits of methamphetamine enforcement actions are spatially extensive. 

Theoretical implications also follow that adjacency dynamics depend on the spatial scale of the 

units analyzed as those models which used larger spatial units (9mi2 and 16mi2) do not show any 

impacts from areas located immediately next to the target area. Small-scale seizure incidents also 

do not show the adjacency dynamics when these larger spatial units were used. Drawing from 

these findings, the spatial spillover effects are most likely encapsulated within the areas where 

the enforcement actions occurred.  

  One last point to note regarding the spatial spillover of methamphetamine enforcement 

actions is that the spatial reach of the spillover effects for large-scale methamphetamine seizure 

incidents is greater than small-scale methamphetamine seizure incidents at regional level. The 

theoretical reasons for observing such outcome might be linked to the ones mentioned earlier, 

such as drug sellers practicing restrictive deterrence. 

The majority of previous drug crime studies only focused on a small spatial scale diffusion 

of benefits (Green, 1995; Weisburd & Green, 1995; Weisburd et al., 2006). Analyzing the 

impacts of methamphetamine enforcement actions at a regional level and considering multiple 
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orders of nearest neighbors using different size spatial units is a new approach not seen in 

previous drug crime studies. Therefore, different outcomes derived from the present study have 

both direct theoretical and practical implications which can be implemented in policing 

methamphetamine crime. 

Policy Implications 

From a policing policy and practice standpoint, the outcomes of the present study have 

direct implications for targeting and suppressing methamphetamine crime more effectively. 

More specifically, findings related to the spatial spillover of methamphetamine enforcement 

actions on later methamphetamine crime incidents in target locations can provide guidance on 

developing both short- and long-term tactical strategies for suppressing methamphetamine crime.  

Policy Implications for Small-Scale Seizure Incidents and Street-Level Methamphetamine 

Enforcement Actions 

Street-level methamphetamine crime suppression remains to be a challenging task for law 

enforcement agencies. The overall outcome patterns which show earlier enforcement action in 

and around the target location actually increased later methamphetamine crime incidents in the 

target location might be indicating that current policing policies are ineffective in reducing 

methamphetamine crime incidents at both local and regional level. For example, the passage of 

Proposition 47 in November 2014 which changed drug possession violations to misdemeanors 

from felonies might have reduced the level of deterrence effects that law enforcement have on 

drug offenders. Drug sellers who used to get arrested for possession or possession with intent to 

distribute methamphetamine might get released from the scene with a misdemeanor citation. 

Even if law enforcement officers arrest drug sellers for distribution of methamphetamine, 
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California Superior Court may reduce criminal charges to misdemeanor possession of 

methamphetamine and release them with a fine or place them on a work release program. The 

adjudication outcomes such as these would less likely deter drug offenders from committing 

crime.  

On the other hand, it is possible that the findings related to small-scale methamphetamine 

seizure incidents might not be related to the existing drug crime control policies but related to 

mechanisms associated with crime suppression strategies such as the adjacency dynamics. 

However, since descriptive statistics for methamphetamine crime incidents show increasing 

trend by year from 2015 through 2020, it is reasonable to assume that the existing policies, 

including Proposition 47, are attributing to the current level of methamphetamine crime incidents 

in the western San Diego County region. Therefore, even if the existing drug crime control 

policies might have achieved administrative or legislative goals, for the purposes of suppressing 

drug crime, they should be re-evaluated.   

Even though the findings related to small-scale methamphetamine seizure incidents are 

unfavorable, this study does not recommend reducing the level of street-level enforcement 

actions. It is possible that the underlying drug crime control mechanisms associated with street-

level methamphetamine enforcement actions could be the main driving force behind large-scale 

methamphetamine seizure incidents or high-level methamphetamine enforcement actions. Such 

links between these two enforcement actions might have resulted in favorable outcomes 

observed for large-scale seizure incidents. For example, law enforcement could gather narcotics 

related intelligence by interviewing those who got arrested for drug violations or stopped but not 

arrested (see Ratcliffe, 2008). In addition, since previous drug crime studies indicate that drug 
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offenders use cellular devices to negotiate drug transactions (see Fader, 2016), examining the 

contents of cellular devices seized from street-level drug sellers pursuant to a search warrant 

could produce tangible information which can be used to identify additional co-conspirators and 

stash locations. Moreover, it can help law enforcement to locate upper-level drug sellers which in 

turn could result in large-scale drug seizures.  

Narcotics intelligence-based policing, gathered through street-level methamphetamine 

enforcement actions, could be one of the reasons for observing increased methamphetamine 

crime incidents in the target location. For example, based on the intelligence obtained, law 

enforcement can identify newly emerged drug crime hot spot and apprehend those who operate 

in these locations more efficiently. Intelligence-driven narcotics enforcement actions will most 

likely result in arresting more drug offenders with using less manpower and resources.    

 Lastly, street-level methamphetamine enforcement actions could lead to not only 

gathering historical intelligence for certain individuals or criminal organizations of interest but 

they can also serve as a first step to recruit and develop human intelligence for future drug crime 

suppression efforts (Miller, 2011). For example, law enforcement can convert arrestees to 

confidential informants. Confidential informants can provide up-to-date information on ongoing 

illicit drug activities, identify and locate drug actors, and infiltrate criminal organizations (Dorn, 

Murji, & South, 1991). It is less likely for those who get arrested as a result of high-level 

methamphetamine enforcement actions to become a confidential information since most of them 

will receive imprisonment as a sentence.     

On the face of it, street-level methamphetamine enforcement actions appear to be an 

ineffective drug crime suppression method. Although the statistical findings of this study 
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supports this perception, concluding them as such based on the results of this single study could 

be a misguided understanding of an important function of policing drug crime. When evaluating 

the effectiveness of street-level methamphetamine enforcement actions, law enforcement 

agencies should not rely solely on a total number crime incidents. Instead, this study proposes 

that police executives should consider those aforementioned other relevant factors, such as the 

type and quality of narcotics intelligence obtained from street-level enforcement actions, the 

links between street-level and high-level enforcement actions, a total number of street-level 

enforcement action led large-scale seizures or high-level enforcement actions, and a total number 

of newly recruited confidential informants who are actively assisting law enforcement, in their 

evaluation before thinking about making any changes to street-level methamphetamine 

enforcement actions.  

Policy Implications for Large-Scale Seizure Incidents and High-Level Methamphetamine 

Enforcement Actions  

The evidence shows that yearly time-lagged large-scale methamphetamine seizure 

incidents in and around the target location substantially depress methamphetamine crime 

incidents in the target location. Based on this finding, law enforcement agencies should 

reallocate their resources with the objective of seizing large quantities of drugs from more stash 

locations and conveyances involved in large-scale drug trafficking. Large-scale seizure incidents 

from these places will have a substantial impact on later street-level drug crime incidents given a 

higher probability that stashed drugs are for street sales. This can be achieved by placing more 

officers in investigative units where officers conduct more preplanned methamphetamine 

enforcement actions compared to street-level methamphetamine enforcement actions.   



178 

 

Although this appears to be a straightforward approach, it may be easier said than done as 

many law enforcement agencies are operating with limited operational funding and resources. 

For example, smaller-sized police departments may not have enough funding to purchase 

equipment needed for long-term narcotics investigations. These departments may also not have 

enough number of officers to reallocate them to investigative units. In addition, some police 

departments might be more focused on the types of crimes which require more patrol officers, 

such as looting, driving under the influence, and domestic violence. If crime trends show an 

increase in overall crime rates, then police departments may place more officers on patrol units 

compared to investigative units in order to suppress crime in progress. Therefore, policy 

implications need to be specific, applicable, and achievable.  

Police departments should make an effort to create an open channel of communication 

between the patrol division and the narcotics unit to share information. As mentioned earlier, 

street-level drug enforcement actions could serve as a critical source of information for later 

high-level drug enforcement actions. Even though narcotics investigators are able to search for 

all incident reports in their record system, the information obtained by patrol officers, which can 

be relevant to ongoing drug investigations, do not get forwarded to specialized units 

automatically. If police departments develop a system that forwards all drug violation reports 

generated by patrol officers to narcotics investigators on a regular basis, then investigators can 

use that information to potentially develop their investigation, generate new leads, or link their 

target subjects to other narcotics co-conspirators. 

Externally, police departments should make an effort to collaborate with other law 

enforcement agencies, such as the county probation department and the state parole department, 
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when tackling methamphetamine crime. The different functions and specific objectives entailed 

to these agencies could aid police departments’ goal of suppressing drug crime. For example, in 

an effort to reduce recidivism rates probation officers and parole agents maintain contacts with 

their clients. These officers and agents also conduct home visits and find out criminal associates 

of their clients who are drug and violent offenders. During these processes, officers and agents 

could gather drug related information which may not be available to narcotics investigators, such 

as the criminal influence of high-ranking gang members and upper-level drug traffickers who are 

incarcerated (Valdez, 2000; Valdez, 2005). Moreover, probation officers and parole agents get a 

notification when an individual is scheduled to be released from prison. This information, if 

shared, can be used to law enforcements’ advantage on drug crime suppression. If a high-ranking 

member of a criminal street-gang or a drug trafficking organization is scheduled to be released 

from prison, then law enforcement officers can plan ahead for any changes which may occur in 

their area of responsibility and come up with a crime prevention strategy. 

From a crime analysis perspective, police departments should make an effort to implement 

geographically-focused high-level methamphetamine enforcement strategies based on spatial and 

statistical analyses. The findings of this study show that large-scale methamphetamine seizure 

incidents generate deterrence effects as well as spatially diffused benefits. Even though this study 

uses larger spatial scales to examine the impacts of methamphetamine enforcement actions in the 

form of small-scale and large-scale methamphetamine seizure incidents, each police department 

could modify the spatial units of analysis based on the size of its jurisdiction and by the locations 

of identified drug crime hot spots to maximize the benefits. If police departments use narcotics 

intelligence to plan for and conduct high-level methamphetamine enforcement actions in areas 



180 

 

that are delineated as drug crime hot spots as well as those areas that are nearby, then they will 

most likely observe a substantial reduction in methamphetamine crime incidents later. 

Developing a new policing strategy to combat methamphetamine related crime could be a 

challenging task for police executives. Often, they need to consider various factors in their 

decision-making process to make sure that the existing system remains intact while a newly 

implemented program produces fruitful results. Reallocating officers between divisions or 

obtaining outside funds to combat methamphetamine related crime will be most likely a 

temporary solution for most police departments. The policy and practical implications proposed 

in this study could be implemented permanently. Since these suggestions require minimal 

changes, if any, or additional trainings for officers, police executives will be less likely to get 

political and cultural resistance within their own department. In sum, driven by the findings of 

this study, the aforementioned policy and practical implications could generate a substantially 

favorable impacts on methamphetamine crime incidents.  

Study Limitations 

The present study uses official police data. Previous crime studies, particularly drug crime 

studies, raised issues associated with using official police data (Baumer, 1994; Beckett, Nyrop, 

& Pfingst, 2006; Beckett, Nyrop, Pfingst, & Bowen, 2005; Blumstein, 1993; Currie, 1994; 

Mosher, 2001; Tonry, 1995). However, Warner and Coomer (2003, p. 126) stated official drug 

arrest data proved to be “reasonably valid indicators” of illicit drug activities occurring in their 

area of focus. Further, the outcomes showed the official police drug arrest data closely resembled 

the outcomes of the survey completed by the neighborhood residents (see also Rosenfeld & 
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Decker, 1999, p. 133; Warner & Coomer, 2003). Therefore, these arrest data present a reasonable 

first approach for gauging the dynamics of interest.  

Another issue related to using official police data is that there may be a problem of under-

reporting, or under-documenting, street-level methamphetamine crime incidents by law 

enforcement agencies. State of California’s Proposition 47, which was passed by voters in 

November 2014,   “reclassified drug possession offenses under Health and Safety Code 

sections… as strictly misdemeanors punishable by up to one year in county jail” (Judicial 

Council of California, 2019, para 11). Since Proposition 47 does not provide a clear guideline on 

what amount of methamphetamine is considered for personal use, many methamphetamine 

offenders receive a citation for their methamphetamine related offenses (Sandberg, 2018). 

Because this study uses fixed effects for time, this shift is not an issue.   

With respect to the data, this study could not control for the potential impacts associated 

with enforcing other types of drug on methamphetamine crime incidents. The dataset obtain from 

ARJIS only contained methamphetamine crime incidents. Even though the current study could 

not control for this issue completely, the 2WFE models used in this study restricted the potential 

impacts which unobserved variables could have on the outcome variable. According to the 

publicly accessible information provided by the San Diego County, CA government21, 

Methamphetamine Strike Force is the only drug task force which is designed to tackle a specific 

type of narcotic. In addition, since law enforcements’ initiative to interdict or intervene other 

types of drugs is most likely enforced for a short period of time, it is reasonable to assume that 

                                                 
21 https://www.sandiegocounty.gov/content/sdc/home.html 
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the outcomes from such initiatives might not have a substantial impact on the overall 

methamphetamine crime incidents. 

Another limitation related to the crime data used for this study is that the dataset did not 

indicate the type of enforcement action (e.g., traffic or pedestrian stop, search warrant) 

associated with methamphetamine seizure incidents. Therefore, we do not know whether all 

small-scale seizures were associated with non-preplanned enforcement actions or all large-scale 

seizures were associated with high-level enforcement actions. However, in their analysis of all 

traffic stops conducted by the Arizona Department of Public Safety between January 1, 2006 

through December 31, 2006, Engel, Cherkauskas, Smith, Lytle, and Moore (2007, p. 115) 

indicated only about 16.4 percent of drug seizures pursuant to traffic stops met the threshold 

amount for sales or the occupant(s) of the vehicle was in possession of packaging materials 

during search. Another study which analyzed drug seizures from traffic stop throughout the 

Midwest from January 1, 2015 to September 30, 2016 indicated the seizure amounts for 

methamphetamine ranged from five (5) ounces to 7.9 pounds (Messbarger, 2017). Although the 

geographic focus of these studies are different from the study site of this research, it is 

reasonable to conclude that traffic stops most likely do not result in seizing large amounts of 

methamphetamine.   

Aside from the potential issues related to the crime data, the spatial and temporal scales 

the present study proposes to use could raise concerns. First, using month as a temporal unit may 

not be appropriate to examine “temporal granularity with regard to the timing of drug-related 

incidents” (Contreras & Hipp, 2019, p. 19). Conceptually, crime data can be analyzed in smaller 

temporal units, such as days or weeks. However, using these smaller temporal units will limit 
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researchers from simultaneously using a smaller spatial unit since using both smaller spatial and 

temporal units reduce outcome variations. Moreover, although we do not know how long it will 

take to see the effect of spillover from the nearby areas into the target location (see Taylor, 

2015), smaller temporal units such as days or weeks may be too small to accurately capture or 

show the spillover effect.  

Second, similar to the issues related to selecting the appropriate temporal unit, there are 

issues related to selecting the appropriate spatial units. One of the criteria in selecting a spatial 

unit for crime study is “to construct regions so that the variance in the dependent variable is 

minimized within the bounded region and maximized between the regions” (Rengert & 

Lockwood, 2009, p. 110). Using multiple space-time combinations, as described earlier in this 

paper, allows looking at a range of spatial units. However, given that larger spatial units (e.g., 9 

mi2 and 16mi2) generated relatively fewer number of grid cells spatially overlaid on the study 

area compared to smaller spatial units (e.g., 1mi2 and 4mi2), there might be an issue related to the 

lack of degrees of freedom. The lack of degrees of freedom could pose a problem as it affects the 

distribution test, if normal distribution tests are used without knowing the distribution of the 

dependent variable, and the standard error testing statistical significance (Gill & Weisburd, 2013, 

p. 148).  

To mitigate this potential problem, this study checked the robustness of the findings using 

a different threshold value by removing the methamphetamine seizure amounts that were outside 

of three standard deviations above the mean. The models which checked for the robustness of 

findings showed similar patterns. In addition, ppmlhdfe estimator with robust standard errors 

adjusts for potentially biased standard errors for each grid cell for all models. Lastly, even if 
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there is a loss of degrees of freedom, the total number of methamphetamine crime incidents 

examined in this study was large enough to detect the impacts of predictors (Farrington, 1983). 

Although the loss of degrees of freedom due to the differences in sizes of spatial units remains to 

be a limitation, potential consequences were mitigated. In addition, spatial spillover impacts of 

the predictors could not have been examined at the regional level without limiting their 

variability by using larger spatial units. The findings and limitations of this study will serve as a 

building block for future drug crime studies using spatial econometric models.   

Study Strengths 

The present study builds on previous works on drug crime studies, particularly those drug 

crime studies which used spatial analyses to explain crime patterns. The review of the existing 

theoretical and empirical literature on this topic revealed limitations and gaps. The present study 

uses existing theories - deterrence, spatial diffusion of benefits, and spatial displacement - to 

explain the impacts of methamphetamine enforcement actions on later street-level 

methamphetamine crime incidents. Both the modeling and methodological approaches for the 

present study were refined based on previous works as well.  

Using multiple spatial scales and different types of adjacency refine theories of spatial 

diffusion of benefits and spatial displacement. Patterns of impacts observed offer new valuable 

information. With respect to spatial spillover, results may expand our current knowledge about 

nearby methamphetamine enforcement actions impact.  

Methodologically, the present study is different from previous works in that it uses a 

different approach to examine the impacts of methamphetamine enforcement actions. The 

present study controlled for the place and time effects by using a fixed-effects SLX model 
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instead of using census data. Even though this method does not address neighborhood or 

structural effects on street-level methamphetamine crime incidents, any changes in the 

methamphetamine crime incidents are attributable to the methamphetamine seizure amounts 

believed to be associated with different types of methamphetamine enforcement actions. Using 

different types of spatial and temporal units to develop different types of neighboring areas and 

analytical models to measure the spatial spillover of methamphetamine enforcement actions on 

later methamphetamine incidents in the target location is also a different approach from previous 

works. Hopefully, future drug crime studies can benefit from the methodological and modeling 

approaches used in this study to advance the field of drug crime studies.   

Summary 

The dissertation systemically examines whether small-scale methamphetamine seizure 

incidents and large-scale methamphetamine seizure incidents, in and around a target location, 

suppress later methamphetamine crime incidents in that same target location. The findings were 

explained using the refined theories of deterrence, spatial diffusion of benefits and spatial 

displacement.  

The outcomes of this study have implications for both drug crime researchers and policing 

practitioners concerned with methamphetamine crime in following ways. 1. Understanding the 

theoretical dynamics linking methamphetamine crime incidents and methamphetamine seizure 

incidents at various geographic levels. 2. Understanding the spatiotemporal dimension of 

suppressing methamphetamine crime. 3. Understanding the impacts of small-scale 

methamphetamine seizure incidents and large-scale methamphetamine seizure incidents in and 

around a target location on later street-level methamphetamine crime incidents in that same 
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target location. 4. Developing counter-methamphetamine strategies which can suppress street-

level methamphetamine crime more effectively and cost-efficiently.  
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