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Abstract 

 

Drug control policies improve social welfare by curbing substance abuse or overdose. However, 

some of their potential unintended consequences, like the effects on drug-related crimes, remain 

underexplored. For instance, the existing literature has not established any causal relationships 

between those policies and domestic violence. As one of the largest state-level policies, the 

Mandatory Access (MA) Prescription Drug Monitoring Programs (PDMPs) have been shown to be 

effective at decreasing opioid use. This paper is the first to causally examine whether MA PDMPs 

impact the prevalence of intimate partner violence. Additionally, it complements the current 

literature by examining its effects on multiple types of child maltreatment crimes. I employ a 

difference-in-differences model on victim-level crime data and find that MA PDMPs significantly 

decrease intimate partner assaults as well as children involved in assault and intimidation. The 

results are robust under multiple robustness checks. 
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1. Introduction  

Domestic violence has been a major public health concern due to its meaningful adverse 

consequences and its prevalence, with statistics showing that 1 in 4 women and 1 in 9 men have 

suffered from some form of serious domestic violence.2 The costs of domestic violence exceed 

5.8 billion every year in terms of the medical and mental health care services (Department of 

Health and Human Services 2003), in addition to the economic output losses of their employers, 

victims’ emotional costs, as well as costs incurred by other government services such as criminal 

justice system. Besides the domestic violence towards the partner, child maltreatment is another 

serious issue highly co-occurring within households: “65% of adults that abuse their partner also 

physically and/or sexually abuse their children.”3 Furthermore, children can be harmed 

emotionally or physically from domestic violence even if they are not the intended targets. In the 

long run, children who suffered from abuse or exposed to domestic violence during childhood 

are more likely to perpetrate domestic violence to their partners. The previous literature has 

examined multiple socio-economic factors that can contribute to domestic violence, such as 

gender-specific income, social norms, and financial stress. Prior studies (Crane et al., 2014; El-

Bassenl et al., 2007; Smith et al., 2012; Stene et al., 2012; Subodh et al., 2014; Tran et al., 2014; 

Wuest et al., 2008) have also shown that people with substance abuse history are more likely to 

be engaged in intimate partner violence, but without establishing a causal relationship between 

them. I aim to fill this gap and investigate whether a policy intervention that decreases access to 

addictive substances lowers the prevalence of domestic violence and child maltreatment. 

Specifically, I focus on the Prescription Drug Monitoring Programs (PDMPs) that were introduced 

over decades to address the rising opioid crisis in the United States. PDMPs are electronic 

databases recording patients’ prescriptions of controlled substances, including opioids. When 

first introduced, none of state governments mandated the use of PDMPs, but since the utilization 

of these databases was low, starting from 2007, most states gradually switched to the Mandatory 

Access (MA) PDMPs, where checking patients’ prescription history is required for healthcare 

providers at the time when they provide their services. As one of the largest state-level programs 

 
2 https://ncadv.org/STATISTICS  
3 https://violence.chop.edu/domestic-violence-and-child-abuse  

https://ncadv.org/STATISTICS
https://violence.chop.edu/domestic-violence-and-child-abuse
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to curb the opioid epidemic, MA PDMPs were found to be effective in decreasing the utilization 

of opioids (Alpert et al., 2020; Buchmueller and Carey, 2018; Neumark and Savych, 2021; Sacks 

et al., 2021). I investigate whether the implementation of MA PDMPs had an effect on reducing 

the prevalence of domestic violence.  

There are several mechanisms through which this drug control policy could impact domestic 

violence. Theoretically, decreased exposure to opioids after the adoption of MA PDMPs could 

prevent criminal acts executed under the influence of opioids. However, opioids have been 

shown to not directly cause pharmacological violence, unlike other drugs such as cocaine (Boles 

and Miotto, 2003), so this is not likely to be a key mechanism. Instead, decreased access to 

expensive opioids could relax household financial distress both directly or more importantly, 

through improved job opportunities. Reduced access to opioids may also cease arguments about 

quitting opioids, lowering the likelihood of domestic violence. On the other hand, there are also 

channels through which MA PDMPs could increase domestic violence. Sudden restriction on 

opioids could lead to involuntary withdrawal process, which is strongly related to exaggerated 

aggressive behaviors. Additionally, MA PDMPs could have caused a substitution of opioids with 

other illicit drugs more likely to induce irritability or physical aggression, such as cocaine and 

heroin. Overall, the net effect on domestic violence is ex ante ambiguous.  

Exploiting the scattered implementation of MA PDMPs across states, I employ a difference-in-

differences model. The causal effect is estimated in the model by analyzing the variation of the 

level of domestic violence over time among the treated and control states determined by the 

adoption status of MA PDMPs. The implementation dates of MA PDMPs are following Sacks et 

al. (2021) in this paper. 

For my study I make use of the National Incident-Based Reporting System (NIBRS), which has 

detailed data on several crime categories including homicide, abuse, and sex offense, the three 

crimes I will focus on. Importantly, the dataset also indicates the relationship between victims 

and offenders, which I use to identify crimes that fall into the category of intimate partner 

violence and child maltreatment. 
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The results of my analysis show that the drug abuse prevention programs significantly decreased 

the intimate partner abuse as well as child maltreatment. 9% fewer victims suffer from intimate 

partner assault, mostly driven by the decline of simple assault after MA PDMPs; 13.6% fewer 

children suffered intimidation from their parents or grandparents. To check dynamic impacts 

over time, I plot the event study for four years before MA PDMPs and four years after. The plots 

suggest that the decline trends of domestic violence and child maltreatment start precisely upon 

implementation of the policy, while prior to MA PDMPs, the incidences of domestic violence and 

child maltreatment share similar trends and magnitude levels among the treated and control 

states.  

As a first robustness check, I overcome the known shortcoming of the DID estimation when 

multiple units are treated at different times, by applying the method from Callaway and 

Sant’Anna (2021), which addresses the incomparability between newly treated and already 

treated units. The results from this alternative model specification are quantitatively similar to 

those from the standard DID model. Additionally, I test the sensitivity of the results by controlling 

for dynamic unemployment rate and other opioid-related policies, as well as by checking the 

estimates when aggregating the crimes to the state level. The baseline results are robust from 

multiple model specifications. 

This paper contributes to the growing literature by suggesting a potential factor that can impact 

the prevalence of domestic violence. It has been shown that the conditional and unconditional 

cash transfer programs (Angelucci, 2008; Bobonis et al., 2013; Haushofer et al., 2019), female 

employment (Anderberg et al., 2016; Erten and Keskin, 2021), lower gender wage gap (Aizer 

2010), unilateral divorce laws (Garcia-Ramos, 2021; Stevenson and Wolfers 2006), education 

(Erten and Keskin, 2018; Erten and Keskin, 2020), social norms (Gonzalez and Rodriguez-Planas, 

2020), the role of police demographics (Miller and Segal, 2019) as well as the timing of benefits 

disbursements (Carr and Packham, 2021) can affect the prevalence of intimate partner violence. 

Recently, more studies examined the effect of the “lockdown” policy during Covid-19 Pandemic 

on domestic violence (Bullinger et al., 2021; Leslie and Wilson, 2020). My paper provides the first 

evidence of the drug control policy decreasing the level of domestic violence.  
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Additionally, this paper extends the literature on investigating the spillover effects of drug control 

policies. The growing literature have studied the spillover effects of the drug abuse prevention 

programs on the use of more harmful drugs (Alpert et al., 2018; Evans et al., 2019; Mallatt, 2021), 

labor supply (Kaestner and Ziedan, 2019; Park and Powell, 2021), and the enrollment of disability 

programs (Park and Powell, 2021). I contribute to provide the first evidence of MA PDMPs 

decreasing the incidence of domestic violence. 

Finally, even though earlier research has exploited how MA PDMPs impact child welfare, the 

evidence has been mixed. Gihleb et al. (2019) finds that the MA PDMPs decrease foster care 

admissions, while Evans et al. (2020) shows that MA PDMPs increased child abuse and neglect 

among counties with a higher initial exposure to opioids prior to the intervention of the program. 

My research complements the literature on several dimensions. It directly measures the child 

maltreatment with multiple types of crimes, homicide, assault, and sex offense, rather than 

clustering them into one category of child abuse. The treatment effect is estimated with more 

rural-concentrated geographical locations comparing with the more urban focused sample from 

Evans et al. (2020). 

The rest of the paper is organized as follows. In section 2, I provide more detailed background for 

MA PDMPs and the relationship between domestic violence, child maltreatment and substance 

abuse. Section 3 describes data sources and the sample construction. The empirical strategy is 

presented in section 4; summary statistics and results are shown and discussed in section 5 and 

6, respectively. Section 7 concludes. 

 

2. Background 

2.1 Mandatory access PDMPs 

As electronic database, Prescription Drug Monitoring Programs (PDMPs) record detailed 

prescriptions history of controlled substances, which can reduce opioid use in several ways. First, 

checking a patient’s prescription history helps the physician identify whether the patient is at risk 

of overdoes and then adjust any inappropriate prescription. Second, the “opioid shopping” 

behavior (a patient intentionally visits multiple different doctors or pharmacies to have opioids) 
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can be theoretically restricted when patients’ whole prescription history is checked before 

physicians or pharmacists prescribing or filling opioids.  

Being the largest state-level program to combat opioid overdose epidemic, as of December 2019, 

PDMPs are legislatively authorized across all states in US except the state of Missouri4. So far, the 

PDMPs mentioned above are voluntary, meaning that the behavior of checking patients’ 

prescription history for prescribers or pharmacies is not legislatively required by state 

governments. The previous literature (Buchmueller and Carey, 2018; Meara et al., 2016; Grecu 

et al., 2019) have not find evidence that the voluntary PDMPs reduce opioid use or abuse. 

Buchmueller and Carey (2018) argue that the inefficiency of PDMPs is driven by the low take-up 

rate of PDMPs among the health-care providers when they can voluntarily choose to use it or 

not.  

In 2007, Nevada became the first state requiring prescribers and dispensers to query PDMPs 

before prescribing controlled substances. More states joined in the lists of “mandatory access” 

or the “must access” (MA) PDMPs subsequently. It has been documented that MA PDMPs were 

effective at decreasing the levels of opioid use both among users with prior prescriptions and 

among individuals who had not used opioids (Alpert et al., 2020; Buchmueller and Carey, 2018; 

Neumark and Savych, 2021; Sacks et al., 2021).  

The evidence of the decline utilization of opioids for both new and old users after the introduction 

of MA PDMPs suggests two pathways of how the programs affect domestic violence. On the one 

hand, for people who had not used opioids before, less exposure to opioid can decrease the 

probability of being abusers and consequentially decrease the occurrence of domestic violence 

related to opioids. On the other hand, it can decrease the influence of opioid on already users as 

described in the Introduction section. 

Multiple features make MA PDMPs unique among all drug abuse prevention programs. First of 

all, MA PDMPs effectively decrease the supply of all types of opioids (e.g., OxyContin, Vicodin, 

Morphine, Methadone, etc.), not limited to a particular type. Second, the impact of MA PDMPs 

 
4 http://pdaps.org/datasets/prescription-monitoring-program-laws-1408223416-1502818373. 

http://pdaps.org/datasets/prescription-monitoring-program-laws-1408223416-1502818373
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on the utilization of opioid is widely spread to the general population regardless of the patients’ 

drug use history. Third, the rules of MA PDMPs are applied to multiple players, including 

prescribers, pharmaceutical dispensers, as well as patients, making them the most widely 

monitoring programs to study.  

 

2.2 Domestic violence, substance abuse, and drug abuse prevention programs 

The results from the previous literature are mixed when it comes to how domestic violence is 

related to substance abuse. First of all, to the best of my knowledge, no literature studies whether 

drug abuse (marijuana, amphetamines, methamphetamines, cocaine, opioids, and so on) can 

cause domestic violence. The previous literature has only found evidence of a correlation–people 

with a history of drug abuse are more likely to perpetrate violent behavior towards an intimate 

partner (Crane et al., 2014; El-Bassenl et al., 2007; Subodh et al., 2014). While the other piece of 

evidence shows that victims of domestic abuse might also have problems with substance abuse 

(Smith et al., 2012; Stene et al., 2012; Tran et al., 2014; Wuest et al., 2008). In one word, 

substance abuse is positively correlated with the engagement of domestic violence. 

Investigating how opioid abuse affects domestic violence is challenging because some 

unobserved factors, such as mental health condition, may both be related with opioid abuse and 

domestic violence. Failing to control them will bias the estimates. In addition, as mentioned 

above, the substance abusers might be crime perpetrators or victims, indicating that the reverse 

causality can be another issue.  

Rather than investigating the effect of opioid use on domestic violence, as drug abusers are more 

likely to be involved in domestic violence, the goal of this article is to measure how the supply 

shock of opioids, performed from drug abuse intervention programs, affects domestic abuse 

among the group who relied on opioids. Putting it more specifically, I study the effect of the 

introduction of the MA PDMP on DV. As the history of substance use for both offenders and 

victims cannot be identified from data, I measure the intent-to-treatment effect in this paper.  
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2.3 Child maltreatment and drug abuse prevention programs 

The adverse effect of drug use on child welfare has been substantially documented in the 

literature. Exposure to opioids in the womb before birth is more likely to cause the neonatal 

abstinence syndrome, the conditions when a baby is forced to withdraw from the substances. In 

addition, the risk of being neglected or maltreated increases for children when their parents 

abuse opioid. 

The effect of substance abuse intervention policies on child maltreatment is hardly studied in the 

literature and the existing studies have multiple limitations. First, in most of the studies, child 

maltreatment is indirectly measured by the admissions in foster care system, which only captures 

a proportion of the effect since the group of children who are removed from the family are a 

subset of children who suffer from child maltreatment. Second, the inaccessible individual level 

data makes the previous research rely more on the aggregated county- or state- level summaries. 

These restrictions make it hard to exploit the precise effect of drug abuse prevention programs 

on child maltreatment. 

 

3. Data 

The dataset on crime activity at multi-city level across the US, which is aggregated at the police 

agency level, that is used in this analysis is National Incident-Based Reporting System (NIBRS). 

Under the administration of the Federal Bureau of Investigation, police agencies report crimes at 

the incident level with detailed information such as the incident date, location, the number and 

characteristics of victims and offenders, whether weapons or property are involved in crimes, 

and most importantly to this study, the relationships between offenders and victims. In general, 

NIBRS data is structured into six segment levels: administrative, offense, property, victim, 

offender, and arrestee. 

The NIBRS raw datasets are poorly organized — data are stored in multiple single files, varying in 

length and layout across segment levels. To ease the use of NIBRS, the National Archive of 

Criminal Justice Data created a well-organized, clean version for the public. The full information 
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of NIBRS is stored in four files in the organized dataset—crime incident, victim, offender, and 

arrestee; each file is composed of the segment levels mentioned above. To simplify the 

complexity, up to three records for each segment level are reported in each of the four files. For 

instance, the victim level file has information on all victims reported by police agencies, while 

each victim has at most three records from other segment levels (e.g., offenders, arrestees, etc.). 

For instance, if five offenders attacked one victim for one incident at the same time, only three 

offenders would be recorded in this clean version of the dataset; if the victim suffered from 

several types of crimes (more than three) at the same time, only three of them would be recorded 

in the dataset. This recording limitation also applies to all other segment levels.  

The choice of dataset depends on the goal of the project. As a measure of the prevalence of 

partner violence or child maltreatment in a geographical unit, I use the number of victims, which 

is information extracted from the victim-level dataset. The advantage of using victim-level data 

rather than the incident-level data is obvious – it guarantees that I do not miss any single victim 

and can better measure the intensity of domestic violence. It might be the case that two children 

suffer from abuse by the same offender within the same household. I can only know one incident 

of child maltreatment happened when using the incidence-level dataset, comparing with the two 

victims, to the intensive margin of the severity of the crime, reported from the victim-level crime 

data. It is also worth mentioning that the tracking identifier for victims is not provided in the 

dataset, which means that a victim is treated as a new observation in the analysis whenever an 

incidence of domestic violence of child maltreatment occurred, even if some victims suffered 

from domestic violence or child maltreatment several times between 2007 and 2016. 

One disadvantage of the NIBRS data is that police agencies are not mandated to report the crime 

incidences. Each police agency can voluntarily start and stop reporting cases independently. It 

might be the case that some police agencies reported crimes for one single month and cease to 

update the reporting system afterwards. As the cumulative number of victims is used to quantify 

domestic violence, the number of agencies reporting crime is positively correlated with the 

prevalence of domestic violence shown in the data. In other words, police agencies’ unexpected 

starting or ceasing reporting time can cause measurement error and an unbalanced sample. To 
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alleviate this concern, I check the reporting history and select police agencies that keep showing 

up in the system for every single month over the entire study period.  

As the dataset is publicly available until 2016, the final study period is fiscal years 2007—2016, 

which is the tradeoff between a longer time spectrum and a more representative sample showing 

from the reported number of police agencies.  

I aggregate the police agency-level data to the annual city-level number of victims for all following 

analyses. Another concern comes from the comparability of total number of victims across cities 

or agencies. Even though city-level population data is accessible from other sources, it might be 

the case that only a proportion of the agencies report the crime data within a city. If this is the 

case, one cannot compare the number of victims across cities directly. This study benefits from 

police agencies reporting the corresponding population they covered, therefore, I am able to 

compute the number of victims per 100,000 population to make it comparable. 

Sample selection: As mentioned above, the voluntary reporting system in NIBRS may induce the 

measurement error. To alleviate this concern, only agencies that consistently report incidences 

each month across the study periods are included in the sample. When aggregated to the city 

level, it ended up with 2024 cities located in 31 states in the sample. 

Besides individuals, there are many types of victims, for example, business and financial 

institutions. Since I only examined the effect of MA PDMPs on domestic abuse in this research, 

the non-individual victims are dropped. One of the key characteristics of domestic violence is that 

the crime is conducted by intimate partner, meaning that usually one perpetrator corresponds 

to one victim. This is also reflected from the NIBRS dataset that more than 88% of victims who 

suffer from intimate partner violence corresponds to only one offender. For this reason, I restrict 

the sample to only one offender for each victim. I use a larger sample to include more than one 

offender for each victim for the robustness check. 

Variables: As the relationships between offenders and victims are in the dataset, I count an 

instance of domestic violence when the relationship between a victim and the offender belongs 

to one of the following: spouse, common-law spouse, boyfriend or girlfriend, homosexual 

relationship, and ex-spouse. On the other hand, the instance of child maltreatment is counted 
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when the relationship of victim to the perpetrator belongs to one of the following: child, 

grandchild, stepchild, child of the offender’s boyfriend or girlfriend.  

Based on the definition from the dataset, I use information on three types of crimes for analysis: 

homicide, assault, and sex offense. Since assault and sex offense are more prevalent across 

crimes, they are further subcategorized in the NIBRS dataset into simple assault, aggravated 

assault and intimidation, as well as forcible sex offense and non-forcible sex offense. The detailed 

definition of the crimes is from the NIBRS dataset and is shown in Table A1. An instance of DV is 

counted when one of the mentioned crimes was conducted by an intimate partner, similarly, the 

incident of child maltreatment happens when the relationship between victims and offenders 

are one of the mentioned above. With the victim-level crime data, the prevalence of domestic 

violence and child maltreatment in a geographical location is measured by the number of victims 

reported at the city-year level. 

 

4. Identification strategy 

Exploiting the scattered implementation of MA PDMPs across states, I use the difference-in-

differences (DID) estimation method following equation (1) to identify the causal effect of the 

implementation of MA PDMPs on the outcome variables of interest.  

𝑌𝑐𝑠𝑡 = 𝛽𝑀𝐴_𝑃𝐷𝑀𝑃𝑠𝑠𝑡 + 𝛾𝑐 + 𝛿𝑡 + 휀𝑐𝑠𝑡  (1) 

Where 𝑌𝑐𝑠𝑡 is the number of victims per 100,000 population from the type of domestic abuse or 

child maltreatment in city 𝑐 located in state 𝑠 and in year 𝑡. 𝑀𝐴_𝑃𝐷𝑀𝑃𝑠𝑠𝑡 is a treatment variable 

which is set to be 1 if the located state 𝑠 of city 𝑐 has MA PDMPs in year 𝑡. 𝛾𝑐 and 𝛿𝑡 are city and 

year fixed effects, which capture the underlying differences across cities and the common trend 

on domestic violence or child maltreatment for cities over time, respectively.  

Since MA PDMPs are implemented at the state level, the robust standard errors are clustered at 

the state level. The estimates are weighted by the covering city population reported in NIBRS. 

The parameter of interest, 𝛽, estimates the impact of MA PDMPs on the corresponding outcome 

variables.  
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Recent literature (Goodman-Bacon, 2020; Callaway and Sant’Anna, 2021) have raised some 

concerns with the two-way fixed effects DID model when multiple units are treated at different 

time periods. The main concern is that the when the earlier treated units are compared with the 

late treated units, the treatment effect dynamics will be included in the parameter of interest, 

making it hard to capture the clean causal effect. To address this concern, I check for the 

robustness of the method by applying the method proposed by Callaway and Sant’Anna (2021). 

 

Event study 

The most important requirement of using DID is that the treated units and untreated units should 

follow parallel trends over time had the exogenous shock never happened. To check whether the 

assumption holds in this context, I conduct the event study following the equation (2).  

𝑌𝑐𝑠𝑡 = ∑𝑗=−4
4 𝛽𝑗𝐷𝑠,𝜏+𝑗 + 𝛾𝑐 + 𝛿𝑡 + 휀𝑐𝑠𝑡  (2) 

Where 𝑌𝑐𝑠𝑡 is the outcome variables exploiting in this paper, and the city and year fixed effects 

are also controlled in the event study. While in equation (2), the dummy variable 𝑀𝐴_𝑃𝐷𝑀𝑃𝑠𝑠𝑡 

is replaced with a vector of dummies which captures 4 years before and 4 years after 

corresponding to the legislation year 𝜏 in state 𝑠. The legislation year 𝜏 is considered as the first 

year exposed to the MA PDMPs. The estimation is normalized at the last year without MA PDMPs, 

which is the omitted baseline year. The estimation is weighted by the city covered population in 

NIBRS and the robust standard errors are clustered at the state level.  
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5. Summary statistics 

Table 1 and Table 2 provide summary statistics stratified by the treatment status of MA PDMPs 

in the analytic sample. There are 1161 cities that did not implement the mandatory required 

PDMPs between 2007 and 2016, which constitute the control group. Since cities that had already 

implemented the MA PDMP at the beginning of our study period were dropped from the sample, 

the control group does not contain the already implemented cities before 2007. The treatment 

group is composed of 863 cities that adopted MA PDMPs during 2007-2016. The characteristics 

of the cities are subcategorized into column (2) and column (3) based on the implementation 

time of MA PDMPs. 

Table 1 shows the descriptive statistics for all crimes (homicide, assault, and sex offense) studied 

in this context for both intimate partner violence and child maltreatment. They are measured by 

the number of victims per 100,000 population when aggregated to the city-year level. As assault 

and sex offense are more prevalent, I look at the subcategories of the crimes. 

In general, within the treatment group, the prevalence of intimate partner violence decreases 

with regard to homicide and assault, and increases in terms of sex offense after the adoption of 

MA PDMPs, even though the pattern is not perfectly consistent in the subcategories of assault 

and sex offense. As for child maltreatment, the severity of homicide decreases while that of 

assault and sex offense increases after the MA PDMPs.
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Table 1 Summary Statistics (Crimes) 

 (1)  
Control: Never MA PDMPs 

(2)  
Treatment: Before MA PDMPs 

(3)  
Treatment: After MA PDMPs 

 Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

   Dependent variables:    
Intimate partner violence       

Homicide 0.470 2.708 0.441 1.923 0.395 2.005 

Assault 342.982 381.655 365.138 304.778 333.759 273.756 

  Aggravated assault 43.650 67.671 40.638 51.264 45.747 63.341 

  Simple assault 258.867 321.279 257.579 222.424 229.341 199.281 

  Intimidation  40.465 63.888 66.921 109.236 58.671 81.603 

Sex offense 9.697 21.462 5.662 9.553 6.041 10.379 

  Forcible sex-offense 7.574 19.936 4.030 7.504 4.518 8.445 

  Non-forcible sex-offense 2.123 7.040 1.632 5.428 1.522 5.483 

       

Child maltreatment       

Homicide 0.215 2.799 0.169 1.573 0.138 1.598 

Assault 52.871 56.357 61.331 61.717 61.516 64.048 

  Aggravated assault 9.263 18.343 8.317 16.915 9.442 18.186 

  Simple assault 39.836 47.959 40.846 40.990 37.773 41.843 

  Intimidation  3.773 11.420 12.168 35.581 14.301 37.676 

Sex offense 12.573 19.048 7.618 12.192 8.092 12.419 

  Forcible sex offense 11.220 17.548 6.336 11.257 7.348 12.092 

  Non-forcible sex offense 1.353 6.902 1.282 4.655 0.744 3.121 

       
N Cities 1161  863  863  
N Observations 11610  6220  2410  

Note: Data is obtained from 2007—2016 NIBRS. The variables as well as sample selection are described in Section 3. Crimes are measured using the number of 
victims per 100,000 population at the city-year level. Column (1) reports the summary statistics for the cities that never adopted MA PDMPs across the study 
periods. Column (2) and column (3) display the statistics for cities that implemented MA PDMPs between 2007 and 2016, while they are separately by the 
implementation time.
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Table 2 reports the aggregated city-year level characteristics of victims and offenders. The control 

group and treatment group share similar characteristics of victims and offenders. For example, 

in all three groups, around 73 percent of victims are female and 77 percent of offenders are male. 

In addition, the age of offenders is marginally older than the age of victims.  

Table 2 Summary Statistics (Individual characteristics) 

 (1)  
Control: Never MA PDMPs 

(2)  
Treatment: Before MA PDMPs 

(3)  
Treatment: After MA 

PDMPs 
 Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

       
Individual characteristics: 

Victim       
Age  31.590 4.270 32.949 4.002 33.265 4.434 
Female  0.729 0.100 0.732 0.087 0.725 0.089 
White  0.855 0.209 0.850 0.192 0.862 0.184 
Black  0.122 0.204 0.142 0.192 0.125 0.177 
Offender        
Age  33.054 3.354 33.657 3.059 33.944 3.116 
Female  0.228 0.097 0.230 0.087 0.235 0.093 
White  0.827 0.220 0.818 0.203 0.831 0.194 
Black  0.148 0.217 0.174 0.203 0.157 0.189 
       
N Cities 1161  863  863  
N Observations 11610  6220  2410  

Note: Data is obtained from 2007—2016 NIBRS. The variables as well as sample selection are described in Section 
3. The top panel shows the victim characteristics and the bottom panel displays offender characteristics. Column 
(1) reports the summary statistics for the cities that never adopted MA PDMPs across the study periods. Column 
(2) and column (3) display the statistics for cities that implemented MA PDMPs between 2007 and 2016, while they 
are separately by the implementation time. 
 

6. Results 

6.1 Domestic Violence 

Table 3 shows the effect of MA PDMPs on domestic abuse. Column (1) indicates that the MA 

PDMPs decrease the number of victims of homicide by their partners by 0.074 per 100,000 

population, which is equal to 16.4 percent. In addition, it decreases the total number of assault 

victims by around 31 per 100,000 population at the city-year level, corresponding to a decline of 

9 percent. No significant results are found for other types of crimes.  
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To investigate the effect to the intensive margin, I distinguish between two types of prevalent 

crimes – assault (simple assault, aggravated assault, and intimidation) as well as sex offense 

(forcible sex offense and non-forcible sex offense). As shown from the rest of the columns, on 

average, 28.14 fewer people (per 100,000 population) suffer from intimate partner simple assault 

after the adoption of MA PDMPs per city per year, which is equivalent to 11 percent. On the other 

hand, no effect on forcible sexual offense or non-forcible sex offense is found.  

Table 3 The effect of MA PDMPs on Intimate Partner Violence 

 (1) (2) (3) (4) (5) (6) (7) (8) 
Dependent 

Variable: 
Homicide  Assault  Sex 

offense 
Aggravated 

assault 
Simple 
assault 

Intimidation Forcible 
sex 

offense 

Non-
forcible 

sex 
offense 

         
MA_PDMPs -0.0751* -31.34** 0.0932 0.649 -28.71*** -3.277 0.0227 0.0704 

 (0.0409) (13.32) (0.328) (3.758) (8.853) (4.958) (0.296) (0.203) 
         

Observations 20,240 20,240 20,240 20,240 20,240 20,240 20,240 20,240 
R-squared 0.154 0.938 0.505 0.821 0.928 0.827 0.461 0.376 

Mean 0.452 348.7 8.022 42.97 255 50.76 6.121 1.901 
Percent -0.166 -0.0899 0.0116 0.0151 -0.113 -0.0645 0.00371 0.0371 

p-val 0.0760 0.0254 0.778 0.864 0.00290 0.514 0.939 0.731 
Note: Data is obtained from 2007—2016 NIBRS. The variables as well as sample selection are described in Section 
3. Crimes are measured using the number of victims per 100,000 population at the city-year level. Regressions are 
estimated using the DID model in Equation (1). Robust clustered standard errors are reported in parenthesis. 
***p < 0.01, **p < 0.05, *p < 0.10. 
 

As indicated from Table 3, MA PDMPs significantly decrease the prevalence of intimate partner 

homicide, assault and simple assault on average. To observe the dynamic impacts on the three 

crimes, following equation (2), I plot the event study graphs in Figure 1. The plots show some 

common characteristic among the three crimes prior to the adoption of MA PDMPs: the 

differences on the number of victims suffering from crimes conducted by intimate partners are 

close to zero, indicating that the parallel trend assumption holds in this context.  

Panel (a) suggests a noisy pattern for the post periods estimates of intimate partner homicide. 

The incidence of intimate partner homicide significantly drops right after MA PDMPs. Even 

though the trend stays around a similar magnitude level for over four years, the magnitude of 
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standard errors is growing over time. Panel (b) and Panel (c) display the dynamic impact for 

assault and simple assault, respectively. The two plots show a similar pattern: the decline begins 

right at the time of MA PDMPs and continues four years after the programs. Additionally, impacts 

are statistically significant for every single post period. 

 
Figure 1 Event Study for Intimate Partner Violence from City-level Sample 

 

Robustness checks 

As domestic abuse can be affected by unemployment status (Anderberg et al., 2016), I control 

for the dynamic unemployment rate in the model. The ideal scenario is to control the city-level 

unemployment rate as the analysis and estimation are conducted at the city level. However, 

limited to the data accessibility, I control for the state dynamic unemployment rate obtained 

from the U.S. Bureau of Labor Statistics. Additionally, although controlling for city-level 

demographics would be preferred, considering the inaccessible data issue and that the rarely 

changed city-level demographics could be roughly captured by city fixed effect, I still control for 
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city and year fixed effects. As shown from table 4, the impact of MA PDMPs on assault, homicide, 

and simple assault are still robust when controlling for state-level unemployment rate.  

Table 4 The effect of MA PDMPs on Intimate Partner Violence (with Unemployment 
Rate Control) 

 (1) (2) (3) (4) (5) (6) (7) (8) 
Dependent 

Variable: 
Homicide  Assault  Sex 

offense 
Aggravated 

assault 
Simple 
assault 

Intimidation Forcible 
sex 

offense 

Non-
forcible 

sex 
offense 

         
MA_PDMPs -0.0741* -31.01** 0.106 0.486 -28.14*** -3.357 0.00489 0.101 

 (0.0415) (13.02) (0.336) (3.557) (8.807) (5.019) (0.295) (0.191) 
         

Unemployment 
Rate Yes  Yes  Yes  Yes  Yes  Yes  Yes  Yes  

Observations 20,240 20,240 20,240 20,240 20,240 20,240 20,240 20,240 
R-squared 0.154 0.938 0.505 0.821 0.928 0.827 0.461 0.376 

Mean 0.452 348.7 8.022 42.97 255 50.76 6.121 1.901 
Percent -0.164 -0.0889 0.0132 0.0113 -0.110 -0.0661 0.000798 0.0531 

p-val 0.0847 0.0237 0.755 0.892 0.00328 0.509 0.987 0.602 
Note: Data is obtained from 2007—2016 NIBRS. The variables as well as sample selection are described in Section 
3. Crimes are measured using the number of victims per 100,000 population at the city-year level. Regressions are 
estimated using the DID model in Equation (1) when controlling for state dynamic unemployment rate. Robust 
clustered standard errors are reported in parenthesis. 
***p < 0.01, **p < 0.05, *p < 0.10. 
 

As one type of count data, the distribution of crime data also suffer from the common right-

skewed issue. To limit the influence of extreme outliers, I apply the log transformation as the 

second robustness check. By using the log value of the number of victims plus one as the 

dependent variable, table 5 reports that the MA PDMPs significantly decrease the victims 

suffering from homicide and assault from the intimate partner. Consistent with the baseline 

results, the decreased assault is mainly driven by the decline on the subcategory of simple 

assault. 

 

Table 5 The effect of MA PDMPs on Intimate Partner Violence (log) 

 (1) (2) (3) (4) (5) (6) (7) (8) 
Dependent Homicide  Assault  Sex Aggravated Simple Intimidation Forcible Non-
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Variable: offense assault assault sex 
offense 

forcible 
sex 

offense 

         
MA_PDMPs -0.0339* -0.085*** 0.00330 0.0208 -0.168*** -0.0987 0.0157 0.0146 

 (0.0168) (0.0277) (0.0311) (0.0671) (0.0572) (0.0904) (0.0389) (0.0504) 
         

Observations 20,240 20,240 20,240 20,240 20,240 20,240 20,240 20,240 
R-squared 0.243 0.899 0.534 0.770 0.831 0.768 0.512 0.515 

Note: Data is obtained from 2007—2016 NIBRS. The variables as well as sample selection are described in Section 
3. Crimes are measured using the number of victims per 100,000 population at the city-year level. Regressions are 
estimated using the DID model in Equation (1) when taking the log transformation of dependent variable plus 1. 
Robust clustered standard errors are reported in parenthesis. 
***p < 0.01, **p < 0.05, *p < 0.10. 
 

As discussed in the Introduction, the belief of MA PDMPs can affect the level of domestic violence 

is built on a fact of the decreasing access to opioids after the introduction of MA PDMPs. There 

are many policies may have had an effect on the supply or the usage of opioid, for example, 

OxyContin reformulation and pill mill laws. Theoretically, if the implementation of other opioid-

related policies is not nearly perfectly correlated with that of MA PDMPs, the estimates from 

equation (1) should capture the effect of MA PDMPs on domestic violence or child maltreatment. 

To exploit more neat impact of MA PDMPs on intimate partner abuse, I add two indicators for 

OxyContin Reformulation and pill mill laws5. As shown from table 6, the coefficients are all 

consistent with the baseline results (with only city and year fixed effects) both in terms of 

magnitude and statistical power. 

 

 

 

 

 

 
5 The legislation time for pill mill laws follows Mallatt (2021). 
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Table 6 The effect of MA PDMPs on Intimate Partner Violence (control for other 
policies) 

 (1) (2) (3) (4) (5) (6) (7) (8) 
Dependent 

Variable: 
Homicide  Assault  Sex 

offense 
Aggravated 

assault 
Simple 
assault 

Intimidation Forcible 
sex 

offense 

Non-
forcible 

sex 
offense 

         
MA_PDMPs -0.0935** -26.16** 0.394 -0.432 -22.75*** -2.985 0.127 0.267 

 (0.0417) (12.41) (0.314) (3.425) (8.130) (4.150) (0.265) (0.188) 
         

Observations 20,240 20,240 20,240 20,240 20,240 20,240 20,240 20,240 
R-squared 0.154 0.938 0.505 0.821 0.928 0.827 0.461 0.376 

Mean 0.452 348.7 8.022 42.97 255 50.76 6.121 1.901 
Percent -0.207 -0.0750 0.0492 -0.0101 -0.0892 -0.0588 0.0208 0.140 

p-val 0.0324 0.0434 0.218 0.900 0.00890 0.478 0.634 0.166 
Note: Data is obtained from 2007—2016 NIBRS. The variables as well as sample selection are described in Section 
3. Crimes are measured using the number of victims per 100,000 population at the city-year level. Regressions are 
estimated using the DID model in Equation (1) when controlling for other opioid related policies such as OxyContin 
Reformulation and pill mill laws. Robust clustered standard errors are reported in parenthesis. 
***p < 0.01, **p < 0.05, *p < 0.10. 
 

There are 2024 cities located in 31 states in the sample. And it might be a concern that results 

are driven by some extreme outliers. To address this and check how the estimates of MA PDMPs 

on homicide, assault, and simple assault change, applying the “leave-one out” strategy, I rerun 

the regression with restricted samples when dropping clustered cities that belong to one state at 

one time. The coefficients are consistent with the baseline results. 

Using data at city level is a solution to the tradeoff between sample size and geographical area 

size. To verify the validity of our baseline results and check the impact from a bigger geographical 

area, I re-estimate equation (1) at state level: aggregating the number of victims at the state 

level, controlling for state fixed effect and cluster the robust standard error at the state level. 

Table 7 shows significant decrease on homicide and assault (especially simple assault) from 

intimate partners, which is marginally stronger than the city-level results. I also estimate the 

regressions with different sets of controls considered at city level as mentioned above in the state 

sample, and the results are consistent with what I get from the city sample. 
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Table 7 The effect of MA PDMPs on Intimate Partner Violence (state-level sample) 

 (1) (2) (3) (4) (5) (6) (7) (8) 
Dependent 

Variable: 
Homicide  Assault  Sex 

offense 
Aggravated 

assault 
Simple 
assault 

Intimidation Forcible 
sex 

offense 

Non-
forcible 

sex 
offense 

         
MA_PDMPs -0.0731* -34.15** 0.0741 0.858 -31.14*** -3.868 -0.00186 0.0759 

 (0.0425) (14.50) (0.311) (3.849) (9.579) (5.190) (0.277) (0.212) 
         

Observations 310 310 310 310 310 310 310 310 
R-squared 0.642 0.968 0.896 0.914 0.969 0.955 0.894 0.846 

Mean 0.499 389.9 9.266 45.75 298.6 45.59 7.018 2.248 
Percent -0.146 -0.0876 0.00799 0.0188 -0.104 -0.0848 -0.000265 0.0338 

p-val 0.0957 0.0252 0.813 0.825 0.00284 0.462 0.995 0.722 
Note: Data is obtained from 2007—2016 NIBRS. The variables as well as sample selection are described in Section 
3. Crimes are measured using the number of victims per 100,000 population at the city-year level. Regressions are 
estimated using the DID model in Equation (1) when aggregating each term to the state level. Robust clustered 
standard errors are reported in parenthesis. 
***p < 0.01, **p < 0.05, *p < 0.10. 
 

As shown by earlier literature (Callaway and Sant'Anna, 2021; Goodman-Bacon, 2021; Sun and 

Abraham, 2021), the two-way fixed effect DID model might be biased due to the incomparability 

of units not treated at the same time, especially the comparison between the earlier and later 

treated units. To check the validity of the estimates, as robustness check, I apply the method 

from Callaway and Sant'Anna (2021) with the did package for the event study graphs. The method 

addresses the incomparability between newly treated and already treated units. As shown in 

Figure 2, the results are similar with that obtained in the main analysis in terms of assault and 

simple assault, while they are slightly different in terms of homicide. 
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Figure 2 Event Study for Intimate Partner Violence from City-level Sample (Callaway and Sant’ 

Anna method) 

 

6.2 Child Maltreatment 

The extending study of the spillover effect of MA PDMPs on child maltreatment follows the same 

pattern as in intimate partner abuse. Table 8 shows the estimates using the traditional DID model 

when controlling for city and year fixed effects. The results show that MA PDMPs significantly 

decrease the number of children suffering from homicide and assault by 0.032 and 7.688 per 

100,000 population, separately, corresponding to 16.8 and 13.6 percent. When taking a closer 

look at the three subcategories of assault, I find the instances of both simple assault and 

intimidation decrease significantly.  
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Table 8 The effect of MA PDMPs on Child Maltreatment 

 (1) (2) (3) (4) (5) (6) (7) (8) 
Dependent 

Variable: 
Homicide  Assault  Sex 

offense 
Aggravated 

assault 
Simple 
assault 

Intimidation Forcible 
sex 

offense 

Non-
forcible 

sex 
offense 

         
MA_PDMPs -0.0322* -7.688** -0.510 -0.116 -5.320** -2.251* 0.176 -0.686 

 (0.0179) (3.536) (0.555) (0.489) (2.563) (1.176) (0.359) (0.673) 
         

Observations 20,240 20,240 20,240 20,240 20,240 20,240 20,240 20,240 
R-squared 0.122 0.777 0.509 0.647 0.738 0.742 0.511 0.357 

Mean 0.191 56.50 10.52 8.993 39.90 7.606 9.258 1.259 
Percent -0.168 -0.136 -0.0485 -0.0129 -0.133 -0.296 0.0190 -0.545 

p-val 0.0822 0.0377 0.366 0.814 0.0466 0.0651 0.627 0.316 
Note: Data is obtained from 2007—2016 NIBRS. The variables as well as sample selection are described in Section 
3. Crimes are measured using the number of victims per 100,000 population at the city-year level. Regressions are 
estimated using the DID model in Equation (1). Robust clustered standard errors are reported in parenthesis. 
***p < 0.01, **p < 0.05, *p < 0.10. 
 

The dynamic impacts of MA PDMPs on child maltreatment are presented in Figure 3. As indicated 

from the average treatment effect results, child maltreatment is decreased on the crimes of 

homicide, assault, simple assault and intimidation. Thus, I only plot the graphs for the four types 

of crimes. In the pre-periods, an increasing number of children suffering from homicide 

(statistically insignificant) is observed, even though it declined the year before MA PDMPs. The 

post-period estimates for child homicide are noisy: an immediate decrease is shown at the time 

when MA PDMPs were implemented, lasting for two years; however, the difference between 

treated group and control group returns back to zero afterwards. The plots for assault, simple 

assault, as well as intimidation follow similar patterns in pre- and post- periods: prior to MA 

PDMPs, little evidence is found for any systematic trend; the occurrence of the three crimes 

decreases immediately following the adoption of MA PDMPs. 
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Figure 3 Event Study for Child Maltreatment from City-level Sample 

 

To check the robustness of the results, following the same format, I first add the dynamic state 

unemployment rate and find consistent results in Table 9. Furthermore, to avoid the impact of 

extreme values from the crime count data, I use the log transformation of the type of child 

maltreatment plus one as the dependent variable. As displayed in Table 10, significant declines 

on assault and intimidation are found. When aggregating the police agency-level crime to the 

state level, I find stronger effect on assault and consistent result on intimidation. As the last 

robustness check for the validity of the traditional two-way fixed effect DID model, I apply the 

did package from Callaway and Sant'Anna (2021) to examine the dynamic estimates. As shown 

in Figure 4, similar dynamic trends are shared by assault, simple assault and intimidation: prior 

to MA PDMPs, the difference of child maltreatment crimes is close to zero between the treated 

and control states; after the implementation of MA PDMPs, fewer children suffer from assault, 

simple assault and intimidation. The results on homicide are more complicated. An increasing 

pre-trend is observed on homicide and the impacts are noisy after MA PDMPs. Similar dynamic 

trends are also found from the state-level dataset.  
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Table 9 The effect of MA PDMPs on Child Maltreatment (with Unemployment Rate 
Control) 

 

 (1) (2) (3) (4) (5) (6) (7) (8) 
Dependent 

Variable: 
Homicide  Assault  Sex 

offense 
Aggravated 

assault 
Simple 
assault 

Intimidation Forcible 
sex 

offense 

Non-
forcible 

sex 
offense 

         
MA_PDMPs -0.0299* -7.780** -0.501 -0.151 -5.337* -2.292* 0.206 -0.707 

 (0.0169) (3.591) (0.573) (0.483) (2.613) (1.173) (0.350) (0.691) 
         

Unemployment 
Rate Yes  Yes  Yes  Yes  Yes  Yes  Yes  Yes  

Observations 20,240 20,240 20,240 20,240 20,240 20,240 20,240 20,240 
R-squared 0.122 0.777 0.509 0.647 0.738 0.742 0.511 0.357 

Mean 0.191 56.50 10.52 8.993 39.90 7.606 9.258 1.259 
Percent -0.156 -0.138 -0.0476 -0.0168 -0.134 -0.301 0.0223 -0.562 

p-val 0.0862 0.0383 0.389 0.756 0.0500 0.0601 0.560 0.314 
Note: Data is obtained from 2007—2016 NIBRS. The variables as well as sample selection are described in Section 
3. Crimes are measured using the number of victims per 100,000 population at the city-year level. Regressions are 
estimated using the DID model in Equation (1) when controlling for state dynamic unemployment rate. Robust 
clustered standard errors are reported in parenthesis. 
***p < 0.01, **p < 0.05, *p < 0.10. 
 

Table 10 The effect of MA PDMPs on Child Maltreatment (log)  

 (1) (2) (3) (4) (5) (6) (7) (8) 
Dependent 

Variable: 
Homicide  Assault  Sex 

offense 
Aggravated 

assault 
Simple 
assault 

Intimidation Forcible 
sex 

offense 

Non-
forcible 

sex 
offense 

         
MA_PDMPs -0.00593 -0.101** -0.0341 -0.0445 -0.0786 -0.105** 0.0357 -0.176 

 (0.00957) (0.0450) (0.0392) (0.0404) (0.0530) (0.0384) (0.0679) (0.172) 
         

Observations 20,240 20,240 20,240 20,240 20,240 20,240 20,240 20,240 
R-squared 0.173 0.697 0.569 0.643 0.671 0.695 0.585 0.439 

Note: Data is obtained from 2007—2016 NIBRS. The variables as well as sample selection are described in Section 
3. Crimes are measured using the number of victims per 100,000 population at the city-year level. Regressions are 
estimated using the DID model in Equation (1) when taking the log transformation of dependent variable plus 1. 
Robust clustered standard errors are reported in parenthesis. 
***p < 0.01, **p < 0.05, *p < 0.10. 
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Figure 4 Event Study for Child Maltreatment from City-level Sample (Callaway and Sant’ Anna 

method) 

 

7. Conclusion 

The consequences of opioid abuse curbing interventions have been well-documented in multiple 

areas, including illicit drug use, labor supply, social security programs, as well as child welfare. 

However, little evidence is pointed that it might affect domestic violence, which I contribute to 

fill in this gap. Additionally, this paper complements the research on child welfare by investigating 

several types of crimes and using the victim-level dataset that concentrated more on rural areas.  

Benefiting from the largest state-level drug abuse prevention programs, MA PDMPs, I examine 

the effect using the DID method and find the programs significantly decrease total number of 

victims suffering from intimate partner assault by around 8% and 13.6% fewer children suffering 

from assault. The results are robust under multiple checks and the newly developed did package 

for staggered treated DID method.  
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More research can be done to generalize the results with a more nationally representative 

dataset. It should be worth exploiting the mechanisms under how MA PDMPs decrease the 

occurrence of intimate partner abuse and child maltreatment, especially disentangling the effect 

from positive and negative channels. It is also worth investigating whether the impact continues 

to be present in the long run as more harmful drugs substituting opioid gradually.     
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Appendix  

 

Table A1 Definition of Crimes 
 

Note: The categories of crimes are obtained from NIBRS.  
 

Crimes 
Homicide Assault Forcible Sex Offenses Non-forcible Sex Offenses 

    
Murder/ Nonnegligent 
Manslaughter  Simple Assault Sexual Assault with An Object  Statutory Rape 
Justifiable Homicide Intimidation Forcible Rape Incest 
Negligent Manslaughter Aggravated Assault Forcible Fondling  

  Forcible Sodomy  


