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Place, Policy, and Health:  

Essays on the Intersection of Health Policy and Social Policy 

 

Abstract 

 The social safety net is vital to supporting the wellbeing of many people in the United 

States, but it is complex. In this dissertation, I examine factors influencing outcomes of those 

insured by Medicaid, and I study the relationships between the health system, other social service 

sectors, and the places in which people live. The goal of this dissertation is to contribute to the 

body of interdisciplinary research that can inform the design of policies to support health and 

wellbeing across different social service sectors.  

 In Chapter 1, I examine the relationship between health and housing instability. Using 

high-frequency data on residential location and health for Medicaid enrollees in New York City 

from 2010 to 2019, I test whether adverse health events can cause housing instability with an 

event study design. I find that health shocks generate an immediate increase of 8.8 to 15.3 

additional quarterly moves per 1,000 enrollees (a 15-25% relative increase), as well as increases 

in the risk of living in a shelter or on the street. I find that effects are smaller for those with 

access to subsidized housing, a usual source of outpatient care, greater social support, and higher 

quality inpatient care, suggesting potential areas for policy interventions to break the relationship 

between health problems and housing instability. These results demonstrate the ways in which 

people experiencing illness are uniquely vulnerable to housing instability. 

 In Chapter 2 (with Sherry A. Glied), we evaluate the impact of major transportation 

policy reform on the health of Medicaid enrollees. In 2014, New York City launched Vision 

Zero, a comprehensive traffic safety reform policy that included a citywide speed limit reduction, 
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roadway redesign, and traffic ticketing. We conduct difference-in-differences analyses to 

measure changes in traffic injuries and expenditures 2009-2021, comparing NYC to surrounding 

counties without traffic reforms. Vision Zero led to 77.5 fewer injuries per 100,000 person-years 

annually (a 30% relative reduction). We also observe marked reductions in severe injuries (brain 

injury, hospitalizations) and savings of $90.8 million in Medicaid expenditures. Effects were 

largest among Black residents. Impacts were reversed during the COVID-19 period, likely due to 

decreases in traffic ticketing. 

 In Chapter 3 (with Timothy J. Layton), we use a “movers” design to estimate causal 

effects of neighborhoods on pediatric mental health utilization. Neighborhood-level variation in 

childhood mental health has been widely documented. Yet, it is not clear how much of this 

variation is driven by compositional differences in the children who live in different areas versus 

features of these places themselves. Using national Medicaid data, we leverage children who 

move within their state between 2007 and 2014 with event studies and neighborhood fixed 

effects models. Upon moving, enrollees’ outpatient therapy use converges 39% of the way 

toward the destination neighborhood’s mean, acute mental health use converges 28% of the way 

toward the destination neighborhood’s mean, and psychiatric prescription use converges 8% of 

the way toward the destination neighborhood’s mean. The neighborhood-specific effects we 

estimate only modestly correlate with the set of area-level characteristics we tested, like 

economic disadvantage, supply of providers, or school attributes. As policymakers seek to 

respond to rising childhood mental health utilization, attention should be paid to neighborhood 

contexts, even down to the ZIP code level. 
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Chapter 1 

Health Shocks and Housing Instability among Urban Medicaid 

Enrollees 

 

Kacie L. Dragan 

Abstract   

Poor health and unstable housing are closely linked. The bulk of research in this area has 

focused on how housing shapes health outcomes, but little research has empirically examined 

whether and how health events can cause future housing instability. This paper uses high-

frequency data on residential location and health among Medicaid enrollees in New York City 

from 2010 to 2019 to test whether adverse health events trigger housing problems. I employ 

panel regression models in an event study design and find that health shocks – defined as 

hospitalizations after two hospital-free years – lead to an immediate increase in housing 

instability. Health shocks generate an increase of 8.8 to 15.3 additional quarterly moves per 

1,000 enrollees (a 15-25% relative increase) and a 0.10 to 0.23 percentage point increase in 

extreme mobility, defined as moving two or more times in a quarter (a 20-40% relative increase). 

I observe weaker, though still significant, increases in the probability of living in particularly 

unstable situations, such as in shelters or on the street. In heterogeneity analyses, I find that 

effects are smaller for those with access to subsidized housing, a usual source of outpatient care, 

greater social support, and higher quality inpatient care, suggesting potential areas for policy 

interventions to break the relationship between health problems and housing instability. People 

experiencing illness are uniquely vulnerable to housing instability, and reducing this risk may be 

a complementary objective of policies addressing access to affordable housing. 
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Introduction 

Housing and health are tightly linked: people experiencing residential instability or 

inadequate housing have been found to have higher rates of a range of mental and physical health 

conditions (Swope and Hernández 2019; Collinson et al. 2022; Pollack, Griffin, and Lynch 2010; 

Routhier et al. 2023; Meltzer and Schwartz 2016). The relationship between the two is widely 

speculated to be bidirectional and cyclical, yet the bulk of research in this area has focused on 

estimating how housing is a determinant of health. In contrast, little attention has been paid to the 

role of health events in shaping housing outcomes, in which adverse housing circumstances may 

be a consequence of adverse health events.  

This paper uses high-frequency housing and health data in quasi-experimental event 

study analyses to ask whether health events trigger housing problems for low-income New 

Yorkers. There is an acute need for this research, as understanding and addressing the causes of 

housing insecurity is a significant and growing policy priority across sectors. In recent years, 

rates of homelessness have been increasing, with up to 1.25 million Americans annually 

experiencing homelessness – or the state of sleeping in a shelter or on the street for at least one 

night (United States Interagency Council on Homelessness 2022). Many more Americans face 

other forms of housing instability, including the 60-80% of low-income Americans who are 

considered “housing cost burdened” and the one million families with school-aged children who 

are in hotels, motels, or doubled-up with relatives (Mateyka and Yoo 2023; Office of 

Community Planning and Development 2023). These housing-related challenges are occurring 

against the backdrop of a growing burden of long-term chronic diseases that can destabilize 

people’s lives and an increase in attention by health systems to social needs (Boersma, Black, 
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and Ward 2020; Horwitz et al. 2020). Understanding both directions of the housing-health 

relationship is critical to shaping cross-sector policies supporting low-income Americans.      

Housing costs – and scarcity of affordable housing – are the core drivers of residential 

instability in the United States (Shinn and Khadduri 2020; Colburn and Aldern 2022). Yet, 

within these harsh housing markets, there are a host of other component causes that may act as 

key tipping points into instability. One potential form of “insulation” against future housing 

instability – and one that health systems in particular have the tools to address – is a person’s 

health. Whether due to inadequate health system access, poor quality of care, social factors, or 

mere bad luck, health problems may kick off a broader downward wellbeing spiral (Mohanan 

2013; García-Gómez et al. 2013; Cutler, Meara, and Powell 2014). As a result, other domains of 

life – including securing or maintaining work or supportive relationships, and thus stable housing 

– become more challenging (National Health Care for the Homeless Council 2019). Indeed, in 

interview-based studies, up to half of people experiencing residential instability cite health 

problems as a contributor (Doran et al. 2019; Jarwala and Singh 2019; Kushel et al. 2023).   

This paper empirically tests whether sudden health events can act as tipping points into 

future housing instability and for whom this risk is highest. To do this, I use novel high-

frequency data that links residential move and address information to health information for 

Medicaid enrollees in New York City (NYC). I use a quasi-experimental event study approach to 

test whether there is a break in the trend of residential mobility and homelessness rates 

immediately after a “health shock,” defined as a sudden hospitalization following two hospital-

free years, in line with prior research. I then test for heterogeneity in the size of this relationship 

across several policy-relevant dimensions, including access to subsidized housing, quality of 

health care received, and measures of social support. 
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This approach has several strengths for answering the question of whether adverse health 

events can be tipping points into housing instability. First, prior research has largely relied on 

survey data with large gaps between survey waves, making it difficult to separate out the timing 

of adverse health events from adverse housing events. The real-time frequency of residential and 

health information in this paper overcomes this challenge. Additionally, this research uses data 

from NYC, which has high rates of instability, making this a salient setting with a large enough 

population to detect statistical relationships. Supplemental and publicly-available data from NYC 

agencies is also very rich, including the ability to link to characteristics like building quality, 

hospital quality, family composition, and subsidized housing status to understand effect 

heterogeneity. Finally, using data from a state with virtually no Medicaid cost-sharing allows for 

isolation of health itself on housing outcomes, separate from the direct financial impact of 

medical bills on a person’s ability to afford housing (Allen et al. 2019; Dobkin et al. 2018; Ali, 

Bradford, and Maclean 2024). Understanding how health events may make people uniquely 

vulnerable to housing instability – beyond the impact of medical costs – is important for 

policymakers, as many low-income people are already on zero-cost-sharing plans (or nearly so).  

I find that health shocks lead to an immediate increase in housing instability. Specifically, 

health shocks generate an immediate increase of 8.8 to 15.3 additional quarterly moves per 1,000 

enrollees (a 15-25% relative increase) and a 0.10 to 0.23 percentage point increase in extreme 

mobility, or the share moving two or more times per quarter (a 20-40% relative increase). 

Mobility rates persist above expected levels for over a year following the health event. I observe 

weaker, though still significant, effects of health shocks on the probability of living in 

particularly unstable situations (e.g., in shelters, on the street). Importantly, the effect size varies 

across several policy-relevant dimensions: the magnitude of housing instability following a 
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health shock is smaller for those with access to subsidized housing, a usual source of outpatient 

care, greater social support, and higher quality inpatient care, suggesting potential areas for 

policy interventions to break the relationship between health problems and housing instability. 

These findings fill two specific gaps in the literature. First, this paper complements the 

body of work that has sought to quantify the role of housing instability as a determinant of health 

(Routhier et al. 2023; Pollack, Griffin, and Lynch 2010; Collinson et al. 2022; Meltzer and 

Schwartz 2016) by using a quasi-experimental approach to examine the relationship in the 

opposite direction. Good health may be challenging to achieve when a person is facing housing 

insecurity, and this paper shows that stable housing may likewise be challenging to maintain 

when a person is facing a health crisis. While this analytic strategy cannot comment on the 

relative contribution of health events to housing instability versus other component causes, it 

does cleanly identify health events as one definite cause by documenting an immediate, 

substantial increase in instability after a health shock. Second, these findings also add to our 

understanding of the long tail of social and economic consequences of serious health events on 

people’s lives. Dobkin et al. (2018), Stephens Jr. and Toohey (2022), and García-Gómez et al. 

(2013) have previously documented the financial and labor market impacts of health events, and 

Allen et al. (2019) and Ali, Bradford, and Maclean (2024) have shown that changes in insurance 

coverage can affect evictions rates by reducing or exacerbating the financial toll of health events. 

This paper adds to this literature by showing that health shocks, even independent of any direct 

financial impact, can disrupt people’s housing stability as well. This paper documents how health 

events can affect a social outcome like residential stability, revealing a new dimension of the 

tightly entwined issues of housing and health among low-income populations and strengthening 

the call for cross-sector policy attention.  
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Background and Theory 

The bidirectional relationship between housing and health 

A large literature has built evidence for housing as a social determinant of health, among 

other social factors. Unaffordable housing has been linked to challenges paying for health-related 

or health-promoting goods; low-quality housing has been associated with increased exposure to 

environmental hazards like mold or pests which may harm physical health; and unstable housing 

or forced moves have been associated with increased levels of stress (Meltzer and Schwartz 

2016; Swope and Hernández 2019; Routhier et al. 2023; Pollack, Griffin, and Lynch 2010; 

Collinson et al. 2022). The smaller body of work studying “reverse” pathways between social 

factors and health, however, has largely focused on the relationship between health and future 

financial outcomes, rather than housing outcomes (Cutler, Lleras-Muney, and Vogl 2011; 

Stephens Jr. and Toohey 2022; García-Gómez et al. 2013; Mohanan 2013). Of particular note, 

Dobkin et al. (2018) recently documented the impact of negative health events on earnings, 

medical debt, and bankruptcy. Similarly, research in Scandinavia found long-lasting impacts to 

parental earnings following a health shock to one’s child (Eriksen et al. 2021; Breivik and Costa-

Ramón 2021). These findings imply the presence of a reverse pathway – and that health crises 

have broader-scale impacts beyond clinical outcomes. 

Some glimpses of the phenomenon of health selection into adverse housing situations 

have come from studies examining housing as a social determinant of health, which have 

incidentally noted a “run-up” of health problems before a housing problem (Collinson et al. 

2024; Treglia et al. 2019; Okuzono et al. 2023). However, these analyses have not attempted to 

estimate the causal relationship of health problems with subsequent housing issues, as this was 

peripheral to their research questions. Additionally, Arcaya et al. (2016) tested for health 
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selection at the neighborhood level by re-analyzing data from the experimental Moving to 

Opportunity study, finding families with sick children were unlikely to opt to move to a better 

neighborhood. Observational panel data among a broader population has reached similar 

conclusions (Rolheiser et al. 2022), implying poor health may constrain exits from residential 

poverty or induce moves into high-poverty areas.  

The small literature supporting the idea of health selection into adverse housing 

situations, like homelessness, largely relies on survey data with infrequent waves, making it 

difficult to comment on temporality between the two events with certainty. The literature that is 

best able to parse out temporality exclusively focuses on births as the health event. Curtis et al. 

(2013), Schwartz et al. (2021), and Gold and Wagner (2022) used the Fragile Families survey 

data to leverage births of children with congenital (or other) health problems as a plausibly 

random shock, finding these families were more likely to experience adverse housing outcomes 

like evictions and homelessness. Among adults, Houle and Keene (2015) and Leonard, Hughes, 

and Pruitt (2017) found associations between worsening health and instability, but could not 

isolate temporality due to gaps between survey waves. Recent research in Denmark used 

population registry data to document bidirectional risks between psychiatric diagnoses and 

homeless shelter stays (Nilsson et al. 2024). However, no studies have used high-frequency data 

in a quasi-experimental framework to clearly establish temporality and estimate causal effects of 

health shocks on instability across a range of conditions or among a diverse and broad population 

experiencing a range of health events. Further, most research has been limited to what is known 

as “literal homelessness” – or the state of sleeping on the street or in a shelter – yet the increasing 

rates of other forms of housing instability, like couch surfing and short-term arrangements, 

increase the urgency around understanding the role health events can play for housing instability 
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more generally. Finally, existing literature has been unable to isolate the role of the health event 

itself separate from the financial impact of medical bills – an important distinction, as many low-

income people are insured by Medicaid, which has little to no cost-sharing for enrollees. 

Pathways between a health event and subsequent housing instability 

There are three broad mechanisms that might drive larger or smaller relationships 

between a health shock and subsequent risk of housing instability, outside of the direct burden of 

medical bills. First, income or one’s ability to pay rent, may be disrupted during a health 

crisis, generating informal or formal evictions, landlord or roommate disputes, or desire to find 

cheaper housing. Policies that increase insurance coverage – thus reducing out-of-pocket costs – 

in particular have been shown to reduce eviction rates (Allen et al. 2019; Ali, Bradford, and 

Maclean 2024). However, little is known about whether health events, independent of their direct 

financial burden via cost-sharing and other medical expenses, matter for residential instability. 

Prior work has found that individuals who fall ill are more likely to lose their jobs, experience 

reduced wages, or be unable to return to work (Smalligan and Mudrazija 2019; Dobkin et al. 

2018; García-Gómez et al. 2013) and qualitative literature on this subject has documented how 

people experiencing illnesses can have trouble paying rent or meeting other lease conditions 

(Shinn and Khadduri 2020; Jarwala and Singh 2019; Doran et al. 2019), making this a plausible 

pathway.  

Second, assets like access to subsidized housing, a robust social support network, and 

usual sources of health care may boost resilience as “implicit insurance,” whereby the impact 

of disruptive health events is blunted by pre-existing supports enrollees can draw on. 

Health shocks have been shown to strain caregiver support networks (Gérain and Zech 2019) and 

the risks of social isolation for survival and recovery during health crises have been extensively 
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analyzed (e.g., in Klinenberg’s (2015) “autopsy” of the Chicago Heat Wave). The presence of – 

and access to – supportive institutions or social networks may offer protection in the face of 

adversity: those whose rent makes up a smaller share of their income through access to 

subsidized housing, those who live with others who can “pick up the slack” during a health 

emergency, or those who have strong, positive, pre-existing relationships with their health 

providers may be buoyed during crises in ways that those without such forms of resilience are 

not.   

Lastly, adequacy of safety net programs designed to “catch” or rehabilitate people in 

crisis may generate variation in the impact of health shocks on future residential instability. In 

theory, the social safety net should be most agile and responsive precisely in times of crisis. But 

inadequate, inefficient, or inaccessible social services may inhibit recovery. An inadequate safety 

net could include low quality of inpatient care during the crisis, poor follow-up care after the 

crisis, or the presence of housing policies that are not responsive to changes in tenant 

circumstances (e.g., rent payments that do not dynamically adjust based on income like 

municipal public housing typically does, or landlord discrimination or inflexibility after a tenant 

develops a new disability). Hospital quality is a major factor in recovery trajectories, including 

complications and re-admissions (Krumholz et al. 2017), which could destabilize individual’s 

lives more permanently than if they had received high quality care. Likewise, policies across the 

housing safety net vary in responsiveness and flexibility, which can have consequences for 

tenants in recovery (Preston and Reina 2021): if payments can’t be adjusted in response to 

income, the risk of eviction during a health crisis may be greater. Insufficient protections against 

discrimination by landlords is also a potential concern, as audit studies have documented that 

landlords are less likely to rent to or make accommodations for people with physical disabilities 
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(wheelchair use, hearing assistance) and mental health conditions (Levy et al. 2015; Hammel et 

al. 2017).   

Methods  

Sample  

 The data used in this analysis include NYC Medicaid claims, encounters, and 

demographic information from 2010-2019. I used all enrollees with a non-birth inpatient stay 

between 2012 and 2017, following a 2-year period of being hospitalization-free. The “exposure” 

is thus the date of hospitalization. This approach follows Dobkin et al. (2018) and is designed to 

establish clear temporality in the relationship between health and housing – the crux of this 

question – by isolating true “health shocks,” which can then be leveraged in an event study 

design. Enrollees were included if they were between the ages of 3 and 62 and continuously 

enrolled (10+ months enrolled over each 12-month period) for the 4 years around the shock. 

Birth-related hospitalizations were excluded, given that they are an anticipated event, and a 

birth’s role in mobility decisions likely operates via different processes and pathways than other 

health shocks (e.g., the “health shock” might actually be the pregnancy itself, rather than the 

delivery).  

Enrollees needed to report at least one address within NYC to be included in the analysis, 

as details about addresses (social service organization and shelter lists, housing quality data, etc.) 

are only available in NYC. Addresses were cleaned and collapsed to account for typographical 

errors and other errant administrative updates to avoid overcounting moves (Fecht et al. 2020) 

and were geocoded using an NYC-specific geocoder (NYCgbat) to obtain a unique “borough-

block-lot” (BBL) identifier to which all other building-level details are tied (NYC Department of 
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City Planning 2021). Addresses in the database are regularly updated when enrollees or 

caseworkers engage with Medicaid, managed care plans, or other State-administered social 

services, and at regular re-enrollment windows (annually/semi-annually). As NYS relies on 

physical mail, requires regular contact with enrollees to relay coverage information, and has 

implemented procedures for maintaining accurate contact information in partnership with 

managed care plans (The Coverage Learning Collaborative 2021), these fields are believed to 

have high fidelity. Research in other states has found high concordance between Medicaid 

addresses and self-identified housing status, like periods of homelessness (Vickery et al. 2018; 

Pourat et al. 2023). 

A matched comparison group of individuals with no hospitalization for at least two years, 

continuous enrollment for four years, and at least one address in NYC was constructed, with a 

randomly-chosen date as their “exposure.” This produced a large pool of potential comparators 

(or, virtually all long-term Medicaid enrollees in NYC who had a 2-year stretch of time without 

any hospitalizations), and an exact matching algorithm was used to select exact matches based 

on age (+/- 3 years), borough of residence as of one year prior to the “exposure” date, enrollee-

reported race/ethnicity, enrollee-reported sex, year of the shock (or “pseudo-shock” for 

comparators), and Medicaid eligibility category as of one year prior to the “exposure” date. All 

but 3% of enrollees were matched to a comparator. The 3% of unmatched enrollees were more 

likely to be male (49% in unmatched vs 43% in matched), more likely to be White (26% in 

unmatched vs 14% in matched), less likely to be Hispanic (20% in unmatched vs 29% in 

matched), and slightly older (median age 41.6 in unmatched vs 40.4 in matched). 

Reasons for admission were assigned clinical classification software (CCS) categories, 

which group specific diagnoses into analytic units like “asthma,” “mood disorders,” or 
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“myocardial infarction.” These categories were then further collapsed for some analyses into 

broader categories to encompass (1) injuries, (2) substance use disorder-related conditions, (3) 

mental health-related conditions, (4) cardiac or stroke-related admissions, (5) other urgent 

admissions (e.g., diabetes complications, appendicitis, seizures, etc.), and (6) non-urgent 

admissions (bariatric surgery, joint replacements, etc.). These groupings are shown in Appendix 

Table 1.A1.  

Outcomes 

 The primary outcome for this study is the quarterly number of reported address changes 

over 4 years around the shock. An address change was counted any time the enrollee’s BBL 

identifier changed (thus, a move is defined as changing buildings). This outcome captures the 

most encompassing definition of residential mobility, free from assumptions about the nature of 

the move. It also represents an advantage over prior work which has only been able to capture 

specific types of moves, like moves into shelters. However, several secondary outcomes were 

also measured to account for the fact that not all moves are “negative moves,” despite the reality 

that a large share of moves among low-income populations tend to be “negative” or forced 

(Desmond and Shollenberger 2015; Phinney 2013). For example, people experiencing illness 

might move in with family temporarily or might move to accommodations more suitable to their 

health condition (e.g., stair-free dwellings). As one way to quantify “negative” moves, I created a 

binary indicator flagging those with 2+ moves per quarter (between distinct addresses) as an 

indicator of extreme instability. Examining extreme mobility using high-frequency 

administrative data is highly policy-relevant, as these groups are the highly vulnerable to long-

term instability, are likely facing the largest barriers to securing more permanent housing, and 

have not been well-described in prior work relying on survey data with large gaps between 
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waves. As another indicator of negative moves, I calculated the share of people reporting an 

address linked to explicitly “unstable” situations (a known shelter based on public lists of shelter 

addresses; street homelessness based on validated address-based indicators like the word 

“undomiciled” or the addresses of the General Post Office locations used by individuals without 

an address; temporary “cluster” housing sites run by the city as supplements to the shelter 

system; headquarters of known social organizations; or jail). Finally, I also created an indicator 

of the number of housing violations per unit (data available 2014-19 from the NYC Department 

of Housing Preservation and Development). This indicator is created using public data that 

capture all city-issued violations at each BBL, including absence of heating and hot water, safety 

violations like broken windows and elevators, presence of mold and pests, and excessive or 

illegal construction or noise, among other problematic conditions. The annual count of violations 

per BBL is divided by the number of residential units and multiplied by 100, to obtain the rate of 

violations per 100 units. 

Statistical analysis 

As the primary specification, I measured the immediate break in trend using segmented 

regression models in the panel data to capture the change in the intercept directly after the health 

shock, accounting for any pre-existing trends. Quarters are calculated as 3-month periods relative 

to the date of the health shock (i.e., they do not necessarily correspond to calendar-based 

quarters) and are treated in this specification as continuous. The quarters are centered on the date 

of the shock as time 0, and a binary indicator captures the period after the shock. This binary 

indicator is then also interacted with the quarters term. The jump at the event (𝛼2 below) 

represents the immediate impact of the hospitalization on housing, while the interaction captures 

any change in slope after the event. Alternative functional forms (e.g., quadratic) were also tested 
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for robustness whenever figures suggested non-linear patterns. The general form of the main 

segmented regression equation I use is: 

𝑦𝑖𝑡 = 𝛼0 +  𝛼1𝑄𝑢𝑎𝑟𝑡𝑒𝑟𝑡 + 𝛼2𝑃𝑜𝑠𝑡𝑡 + 𝛼3𝑄𝑢𝑎𝑟𝑡𝑒𝑟𝑡 ∗ 𝑃𝑜𝑠𝑡𝑡 +  𝛼4𝐶𝑎𝑙𝑌𝑒𝑎𝑟𝑡 + 𝜖𝑖𝑡 

An indicator for calendar year is the only control variable, as the use of a continuously-enrolled 

panel means that only time-varying confounders could introduce bias (i.e., it is a within-person 

analysis). The calendar-year effect absorbs NYC-wide time-varying confounders, like general 

fluctuations in rent prices or changes to the administrative data collection methods or address 

data quality. Errors are clustered at the enrollee level to account for autocorrelation. 

Comparative analysis 

  I also ran a comparative event study model using a group of enrollees who did not 

experience a hospitalization. Having similar baseline levels is not necessary in this analytic 

framework, as the approach is using the comparators as a frame of reference for the expected 

trend in instability over the course of a typical enrollee’s life and nets out the baseline differences 

in the computation. The intuition is identical to that of a difference-in-differences analysis, but 

models the immediate break in the time series trend of residential mobility, rather than averaged 

pre/post summary measures. The analysis still uses segmented regression models to estimate the 

jump in the outcomes at the time of the shock, but the key coefficient is now 𝛼5, which captures 

the immediate effect of the shock, net of any jump experienced by the comparators (which is 

expected to be 0, as there is no reason to believe the general Medicaid-enrolled population would 

experience sudden jumps in their trends of housing stability). Interactions between group 

membership and quarter; quarter and the post indicator; and quarter, group membership, and the 

post indicator allow the trends to vary for the groups and the pre/post-shock periods, with the 
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identifying assumption being that the evolution of the difference between groups would be 

constant in absence of the shock (Fry and Hatfield 2021).   

𝑦𝑖𝑡 = 𝛼0 +  𝛼1𝑄𝑢𝑎𝑟𝑡𝑒𝑟𝑡 + 𝛼2𝑃𝑜𝑠𝑡𝑡 + 𝛼3𝐺𝑟𝑜𝑢𝑝𝑖 + 𝛼4𝑄𝑢𝑎𝑟𝑡𝑒𝑟𝑡 ∗ 𝐺𝑟𝑜𝑢𝑝𝑖 + 𝛼5𝐺𝑟𝑜𝑢𝑝𝑖 ∗ 𝑃𝑜𝑠𝑡𝑡

+ 𝛼6𝑃𝑜𝑠𝑡𝑡 ∗ 𝑄𝑢𝑎𝑟𝑡𝑒𝑟𝑡 + 𝛼7𝐺𝑟𝑜𝑢𝑝𝑖 ∗ 𝑃𝑜𝑠𝑡𝑡 ∗ 𝑄𝑢𝑎𝑟𝑡𝑒𝑟𝑡 + 𝛼8𝐶𝑎𝑙𝑌𝑒𝑎𝑟𝑡 +  𝜖𝑖𝑡 

 The comparative analysis is used as a supplemental specification to shed light on the 

expected trends in housing instability for a typical Medicaid population and to confirm the effect 

size estimated in the primary specification. The moderation and heterogeneity analyses described 

below are only conducted among individuals who actually experienced a health shock, as those 

analyses often leverage features of the hospitalization itself – diagnosis, length of stay, etc. – as 

the characteristic of interest. 

Sensitivity analyses 

The central advantage of using administrative data for this research is the novel use of 

address data to capture residential instability rates. However, as a sensitivity test, I also tested an 

alternative measure of housing instability that does not rely on the administrative addresses. This 

exercise is useful for ruling out administrative data artifacts as an explanation for the findings. 

For example, if people are simply engaging with health care providers more during and after a 

health event, and thus those providers are more regularly asking the patient to verify their 

address, a sudden increase in “moves” might appear, even though the reported “moves” are 

merely due to administrative actions. A sensitivity analysis described below controls for the total 

number of visits the enrollee had each quarter to address this concern, but corroborating the main 

outcome’s validity with an alternate outcome from an entirely different source is valuable. For 

the later years of the data in this study, I am able to do this by leveraging newly available 
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diagnostic codes that capture housing insecurity by counting “housing instability” diagnostic 

codes on medical claims, sometimes referred to as “Z-codes.” Because these codes only exist 

from 2015 onward, I only run this sensitivity analysis for health shocks occurring in 2017 to 

afford two years of data before and after the shock. While these housing-related Z-codes are 

known to be vastly under-coded and can only be observed in claims data if individuals are 

actively utilizing care (Pourat et al. 2023), seeing a similar break in trend to the address-based 

outcome would lend credibility to the main results. These housing-related diagnostic codes 

would be recorded on a claim if a patient told their provider that they were experiencing housing-

related problems, acting as a measure of hosing instability that has high specificity (i.e., few false 

positives). This analysis controlled for the total number of diagnoses a person received per 

quarter, to account for the fact that a change in health induces more visits and diagnoses to be 

recorded in general. 

I conducted several other sensitivity analyses to assess the robustness of the main result. 

First, I excluded individuals admitted for pre-planned or other non-urgent admissions like 

bariatric surgery or joint replacements. These individuals might be thought of as a placebo, in 

that the role of the health event would not necessarily be expected to generate a change in 

housing stability. Therefore, removing them from the overall model may reflect a more accurate 

sense of health shocks’ impacts. Second, I tested the model when limiting analyses to those that 

arrived via emergency transport only, to further isolate true shocks from other, less urgent 

inpatient stays. I also re-estimated effects excluding moves to and from health care facilities 

(e.g., nursing homes, inpatient psychiatric facility), as these moves may simply reflect something 

about the health event directly rather than capturing the consequences of a health event to one’s 

actual housing stability. Finally, I re-estimated the model controlling for the total number of 
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health care interactions the enrollee had per quarter, to account for the fact that people’s 

addresses may be more likely to be updated if they are interacting with Medicaid more 

frequently, simply due to administrative processes. Controlling for this variable is imperfect and 

likely underestimates the effect of true effect of health shocks on moving rates, because it also 

effectively “controls away” some of the genuine effect of worse health on residential mobility; 

thus, I use it to characterize a the lower bound of the effect, rather than as the primary 

specification. 

I also tested whether the requirement of continuous enrollment introduced bias or 

external validity concerns by examining whether health shocks induced differential Medicaid 

disenrollment patterns. If health shocks cause disenrollment, the bias introduced could go in 

either direction. If people who remain on Medicaid after a health shock are also more likely to 

experience subsequent housing instability than those who disenroll, then this approach relying on 

continuous enrollment may overestimate the impact of health shocks on housing instability. 

Conversely, if people remaining on Medicaid are less likely to experience subsequent housing 

instability than those who disenroll, then this approach may underestimate the impact of health 

shocks on housing instability. I cannot observe the housing stability rates for those who disenroll, 

but testing whether the health shock alters the mean months enrolled 2 years later – relative to a 

comparator group – is one test of whether the shock itself is influencing the ability to observe 

outcomes of interest. 

Heterogeneity and mechanisms 

To examine effect heterogeneity and test theories about mechanisms, I again used an 

interaction term between the post-shock indicator and group indicator in the segmented 

regression model, similar to the comparative event study specification. Here, the “comparators” 
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are subgroups of the given characteristic (e.g., diagnosis category), which can capture the 

difference in effect size for difference levels of the characteristic of interest. In these descriptive 

results of heterogeneity, I only interact the post indicator with the group indicator without 

controlling for any other factors. The characteristics I examine in these unidimensional 

heterogeneity tests include reason for admission (by diagnosis category), age, race/ethnicity, type 

of pre-shock housing (subsidized vs market rate), and length of stay in the hospital. 

In analyses examining potential policy mechanisms (rather than just describing 

heterogeneity by demographics), I additionally control for confounders. In this case, confounders 

could be time-invariant or time-varying characteristics associated with the mechanism of interest 

and the outcome. I adjust for them by including additional interactions of the post-shock 

indicator and confounder. For example, a person who secures subsidized housing may differ 

from a person who lives in market-rate housing in a number of ways, including age and 

race/ethnicity. These characteristics might also be associated with propensity to fall into 

residential instability during a health shock, confounding the estimate of the differential 

protection or risk from the characteristic of interest (here, subsidized housing) with the influence 

of the other characteristics (here, race/ethnicity or age). Therefore, despite using continuously 

enrolled groups which will allow us to recover a causal effect within each group that is free from 

time invariant confounding, the estimate of the difference in that effect between these two groups 

may be impacted by time invariant confounders.  

Results 

 Overall, 326,078 enrollees experienced a health shock. Table 1.1 shows that the group 

was demographically diverse, with 9% Asian, 26% Black, 29% Hispanic, and 14% White 

enrollees, and 21% were children. Because the comparators (n=326,078) were exact-matched (or 
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nearly exact-matched, for continuous variables) on demographic characteristics, they did not 

meaningfully differ on any characteristics (Table 1.1). The comparators’ role is to simply 

identify the overall “expected” instability trends over the course of an average enrollee’s 

Medicaid tenure. Therefore, alignment on time-invariant confounders is not technically 

necessary, and any time-invariant differences are already netted out for in the comparative event 

study equation. However, the close alignment on these observed time-invariant characteristics 

builds the case that there are likely few time-varying confounders that may be unaccounted for. 

 Reasons for admission during the health shocks varied widely, with no single CCS 

category accounting for more than 5% of admissions overall across the whole sample. Among 

children, reasons for admission were more concentrated, with asthma admissions alone 

accounting for 13% of all health shocks. Among adults, however, the top five causes together 

accounted for only 19% of all admissions. Approximately 16% of all adult admissions were 

mental health- or SUD-related. Bariatric surgery – the vast majority of cases with a primary 

diagnosis of “morbid obesity” and other weight-related diagnoses – was relatively common, 

comprising 4% of adult admissions. Because procedures like this may not be “shocks,” I 

excluded them in sensitivity analyses. 
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Table 1.1: Demographic characteristics 

  Experienced a Health Shock No Shock 

  
Overall 

 

Children 

(3 to 17) 

Adults 

(18 to 64) 

 Comparators 

(Overall) 

 
N 326,078 

 
68,456 257,622  326,078 

 
Subgroup % 

  
21.0 79.0   

Demographics 
    

  

 
Race/eth (%) 

    
  

 
Asian 8.6 

 
7.0 9.1  8.6 

 
Black 26.0 

 
23.6 26.7  26.0 

 
Hispanic 29.0 

 
30.9 28.5  29.0 

 
White 14.2 

 
9.7 15.4  14.2 

 
Other 6.1 

 
3.8 6.7  6.1 

 
Unknown 16.1 

 
25.2 13.7  16.1 

 
Sex (%) 

    
  

 
Female 57.0 

 
46.3 62.0  57.0 

 
Male 43.0 

 
53.7 38.0  43.0 

 
Age (median) 

    
  

 

Median Age  

   (IQR) 

40.4  

(21.2 – 53.2) 
 

10.4 

(6.1 - 14.6) 

46.8 

(33.6 – 55.3) 

 40.3 

(21.0 – 53.2) 

Top 5 Reasons for Admission (%) 

 
1 Mood disor. (5) 

 
Asthma (13) Schizophren. (5)   

 
2 Asthma (4) 

 
Mood disor. (9) Mood disor. (4)   

 
3 Schizophren. (4) 

 
Appendicit. (2) Weight-rel (4)   

 
4 Weight-rel (4) 

 
Epilepsy (2) Subst. Use (3)   

 
5 Skin/tiss. inf. (3) 

 
Pneumonia (2) Septicemia (3)   

 

Notes: Table 1.1 shows demographic characteristics of the Medicaid enrollees included in the 

study. Sex and race/ethnicity are self-reported by enrollees or case workers upon enrollment. The 

reasons for admission are based on AHRQ CCS categories and the abbreviations are as follows: 

Mood disor = Mood disorders; Schizophren = Schizophrenia; Appendicit = Appendicitis; 

Weight-rel = Weight-related (often bariatric surgery); Subst. Use = Substance Use Disorder; 

Skin/tiss. inf = skin or tissue infection  
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Model results 

 The estimate of the jump in total quarterly moves following a shock is 8.8 per 1000 

enrollees (95% CI: 7.8, 9.8), or a 17% increase. As shown in the coefficients in Table 1.2 and 

point estimates in Figure 1.1, the quarterly move rate immediately jumps to a higher level and 

remains above baseline for over a year before returning to the pre-shock trend. Likewise, the 

share who are extremely mobile (making 2+ moves/quarter) increases by 0.16 percentage points 

(pp) (95% CI: 0.14, 0.18), or a 36% increase. There is some indication of an increase in the 

extreme mobility rate in the quarter before the health shock, suggesting that modeling the 

counterfactual as linear may not be the most appropriate specification. Therefore, in a 

specification allowing quadratic trends, the impact is more conservative but still well above the 

expected rate, at a 0.10 pp increase (95% CI: 0.06, 0.15), or 20% higher than expected. It 

similarly remains elevated for several quarters.  

 There is moderate evidence of an increase in the share of people in particularly acute 

housing situations (reporting living in shelters or on the street), although the magnitude is only a 

0.13 (95% CI: 0.06, 0.21) to 0.29 (95% CI: 0.23, 0.33) pp increase, depending on the functional 

form used. This represents only a 2% to 6% increase from the expected trend. There is no 

evidence of a break in trend in quality of housing (measured as building violation rates), 

suggesting that even though the numbers of moves increase, the moves are not disproportionately 

toward worse housing (-0.1 fewer violations/100 units; 95% CI: -0.6, 0.4). This variable can only 

be calculated for people living in a building with at least one residential unit, so individuals 

moving to or from shelters or the street are not included. 
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 Including a comparison group results in similar estimates of the trend break (Table 1.2). 

This is expected, as there is no reason to believe the comparators would see sharp breaks in 

stability. It confirms that the downward trend in instability in the pre-period is a normal 

phenomenon for this population. This downward trend is likely due to the continuous enrollment 

condition, as enrollees often enter Medicaid at a time of new or acute poverty and gradually see 

their lives stabilize. What the analysis with the comparators emphasizes is that this trend toward 

improved stability is substantially interrupted when a health crisis strikes. Notably, the levels of 

housing instability in the two groups are different, despite being matched on observable 

demographics; however, this difference is netted out in the analysis.   

 

Figure 1.1: Quarterly outcome values versus counterfactual estimate 

  

  

Notes: Figure 1.1 shows the adjusted rates for each outcome in the quarters before and after the health shock, 

estimated from Equation 1. Standard errors are clustered at the enrollee level. 
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Sensitivity results 

 Results from all of the sensitivity analyses are summarized in Appendix Table 1.A2. As 

expected, the impact of health shocks was larger in the ambulance-only specification and when 

removing pre-planned procedures like bariatric surgery and joint replacements (ambulance-only: 

13.1 additional moves per 1000 enrollees, 95% CI: 10.8, 15.4; excluding non-urgent admissions: 

15.3 additional moves per 1000 enrollees, 95% CI: 14.0, 16.7). Excluding moves to and from 

health facilities showed similar relative increases following shocks as the main analysis. These 

results confirm the primary finding that genuine health shocks are meaningful tipping points into 

residential instability.  

 When using a definition of housing instability based on the new housing instability 

diagnostic codes rather than addresses, I found a larger increased risk following the shock, and 

the effect persists longer than when using the address-based metric (0.44 additional instability 

diagnoses per 100 people, 95% CI: 0.13, 0.75; 54% relative increase). Even though the model 

adjusts for the quarterly number of all diagnoses received, individuals may use different types of 

health care after the shock, providing different opportunities for the code to be recorded. 

Nonetheless, the similar pattern in housing instability between this analysis and the primary 

outcome supports the main results and similarly suggests persistence of some degree of 

instability over time. The time series graph of this result is available in Appendix Figure 1.A1.  

I also examined whether post-shock enrollment patterns differed for people who 

experience a health shock and those who do not. This analysis included any enrollees with 2 

years of continuous enrollment prior to the shock (or randomly-selected date for comparators), 

which is a broader group of enrollees than the main analyses, as I am relaxing the post-shock 

continuous enrollment requirement. In a model adjusting for race, sex, and age, the total number 
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of months enrolled 2 years after the shock was very slightly lower for those who experienced a 

health shock versus a comparator group who did not: 10.2 versus 10.5 months enrolled (out of 

12), or a -3.5% difference (95% CI: -3.6, -3.5). While statistically significant, this difference is 

unlikely to be of a large enough magnitude to be substantially biasing the main findings. 

Additionally, disenrollment would need to be correlated with post-shock mobility for this bias to 

manifest. Because disenrollment is likely associated with more residential mobility rather than 

less residential mobility (e.g., people whose lives are so dramatically disrupted by the health 

event that they fall out of the safety net altogether), any bias from this small disenrollment 

difference is likely to be leading to an underestimate of the true effect of health shocks on 

housing instability, rather than an overestimate.  

Heterogeneity and moderator analyses 

 While the primary results indicate health events increase risk of housing instability for 

New York Medicaid enrollees overall, this relationship likely varies in magnitude (i.e., is 

modified) by household and policy factors. Figure 1.2 shows unidimensional heterogeneity 

across several characteristics, obtained by simply interacting each characteristic with the main 

effect term in the segmented regression equation. Those of Asian race/ethnicity or in subsidized 

housing saw virtually no relationship between health shocks and housing instability, while long 

lengths of stay (LOS) and stays for injuries, SUD, and mental health showed larger effects. 

However, this unidimensional variation alone does not isolate potentially influential policy 

mechanisms. As described in the Methods, these analyses may be confounded. 
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I therefore also tested heterogeneity across three categories of policy-relevant factors, by 

controlling for confounders in each analysis to better isolate the heterogeneity or by leveraging 

instrumented versions of variables to try to better isolate random variation. These categories are 

described in the Background section and include (1) income or rent disruptions, (2) implicit 

insurance conferring resilience, and (3) adequacy of the safety net. The following sections 

investigate each of these buckets in detail, and the findings are summarized in Figure 1.3. 

Income/rent disruption. First, I tested whether individuals receiving supplemental 

security income (SSI) saw a smaller impact on housing instability than those without SSI. 

Because SSI replaces income for those with disabilities who cannot work, recipients should not 

be impacted by income loss. However, even after controlling for admission category (mental 

Figure 1.2: Heterogeneity in Effect Size by Unidimensional Characteristics 

 

Notes: Figure 1.2 shows simple heterogeneity estimates for each of the listed characteristics and 

the change in the trend at the time of the health shock. They are estimated by interacting the 

given characteristic with the term estimating the change in intercept at the time of the health 

shock (post*quarter*characterisitc). 
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health, injury, etc.) and age, SSI recipients did not see a blunted impact of health shocks on 

housing stability (interaction: -1.10 moves per 1000 people; 95% CI: -3.10, 0.91).  

 Second, I tested whether increased length of stay (LOS) was associated with worse 

impact, hypothesizing that being kept longer would translate to lost days of work and risk of 

missing rent. Because long stays may simply indicate severity of the condition or other 

unmeasured patient-specific characteristics, I used a proxied version with a “leave-one-out” 

instrumental variable (or jackknife instrumental variables estimation – JIVE) (Angrist, Imbens, 

and Krueger 1999). Rather than using observed LOS for an individual, the proxy calculates the 

average LOS for all other patients with the same diagnosis at the same hospital, and then uses 

Figure 1.3: Heterogeneity in Effect Size by Policy-Relevant Mechanisms 

 

Notes: Figure 1.3 shows heterogeneity estimates for each of the listed characteristics from more 

complex models controlling for potential confounders associated with both the policy-relevant 

characteristic and the risk of housing instability. Each model is described in the Results section. In 

the case of length of stay (LOS), jacknife instrumental variable estimation is used.  
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this average as the “prediction” for each patient’s LOS. This value is then used as the variable in 

the main moderation model to understand heterogeneity in effect size by length of stay. This 

proxied LOS is theoretically exogenous to the impact of health shocks on housing stability 

(unlike the patient’s own LOS), although this assumption cannot be empirically tested. This 

approach can better isolate variation in hospital-level tendencies to keep patients for more or less 

time – a policy-relevant characteristic – from a given patients’ own severity. In practice, the 

mean LOS at a given hospital for a given primary diagnosis was highly associated with one’s 

own LOS, making it a strong instrument (beta = 0.97, 95% CI: 0.97, 0.98; i.e., a one-day 

increase in the hospital-level mean LOS is associated with a 0.97-day increase in one’s own 

LOS). Using this proxied LOS, each additional day kept in a hospital led to 0.75 more moves per 

1000 people (95% CI: 0.61, 0.91) – or, a 9% increase in effect per day.  

 Finally, I tested whether the magnitude of the effect varied by whether the person was 

hospitalized over the first day of the month, when most landlords collect rent. Someone admitted 

on the 29th may be more likely to miss rent or see a breakdown in their landlord relationship than 

someone admitted on the 5th. After controlling for admission category, age, and LOS, an 

admission overlapping with the first was not associated with effect size (interaction: -0.46 moves 

per 1,000 people; 95% CI: -2.89, 1.97).  

 Implicit insurance. To examine whether “implicit insurance” conferred resilience against 

a health shock, I first examined whether subsidized housing was associated with smaller impact 

sizes. In the face of unstable income or other vulnerabilities, subsidized housing is perhaps the 

strongest protection available, with more eviction oversight and payments responsive to 

fluctuating income (Preston and Reina 2021). Controlling for admission category, race/ethnicity, 

and age, subsidized housing showed substantial protection: the effect was 7.71 moves per 1,000 
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people lower than the effect among market-rate housing tenants (95% CI: -9.63, -5.78), virtually 

eliminating any increase in instability after the health shock.  

 Next, I examined whether having two or more working-aged adults in a household 

resulted in smaller effects, hypothesizing that a second earner or caregiver might blunt the 

impact of a health shock. Households with 2+ working-aged adults saw an effect -3.00 moves 

per 1,000 people lower than singles or families with one adult (95% CI: -5.17, -0.80), suggesting 

that this form of social support may confer protection. However, I only observe households 

sharing a Medicaid case: if someone is on a different case (i.e., financially separate) or not on 

Medicaid, they are not counted. Given that most Medicaid eligibility is determined at the 

household level (and therefore most related adults in a family would be evaluated at the 

household level for eligibility), this metric is likely still picking up a meaningful signal. 

 Finally, I tested whether having a usual source of outpatient care prior to the shock – 

defined as at least two outpatient visits to the same primary care or specialist outpatient 

physician in the two years prior to the shock – was associated with a smaller effect, after 

controlling for admission category and age. Having a usual source of care resulted in the health 

shock having a smaller effect on instability, at 5.90 moves per 1,000 people lower than those 

without (95% CI: -7.73, -4.07).  

 Safety net adequacy. While certain programs – like subsidized housing and outpatient 

care – may build resilience against disruptions health shocks bring, it is also possible that quality 

of the very safety net designed to catch people during and after a crisis also matters. First, I 

tested whether quality of inpatient care was associated with instability risk. Using CMS’s star-

rating system, I tested whether enrollees admitted to higher-quality hospitals, after controlling for 

ZIP, age, and diagnosis, experienced a blunted impact of the event on housing instability, 
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hypothesizing that higher-quality care helps patients get on their feet (i.e., home/to work) quickly 

or connects them with ancillary services necessary for rapid recovery and avoiding instability. 

Star rating was strongly associated with effect size: each additional star corresponded to a 

decrease of 1.39 moves per 1,000 people (95% CI: -2.20, -0.58). Likewise, having a hospital-

acquired condition (e.g., incompatible blood product, surgical infection) was associated with a 

much larger, though noisily-estimated, impact on housing instability (31.5 additional moves per 

1,000; 95% CI: 3.3, 59.7) after controlling for diagnosis and age. 

 Finally, I investigated whether design of the housing safety net mattered by testing 

whether municipally-owned affordable housing was more protective than more diffuse forms of 

subsidized housing (e.g., section 8 vouchers). While both types of programs provide generous 

rent subsidies, typically capping rent at 30% of income or less, municipal housing may offer 

additional protections against discrimination or eviction due to greater oversight, versus a private 

landlord overseeing a building or units where Section 8 vouchers are used. Instead, these forms 

of housing policy were equally protective, with both virtually eliminating the relationship 

between health shocks and instability (interaction: 0.33 moves per 1,000; 95% CI: -3.60, 4.25).  

Discussion 

This paper provides new evidence disentangling the bidirectional relationship between 

health and housing by isolating major health events as one cause of housing stability. Using 

high-frequency health data linked to residential addresses among a broad population in an 

unforgiving urban housing market, I found that health shocks – or a sudden hospitalization after 

two hospital-free years – generated a 17-25% increase in total quarterly moves, a 20-50% 

increase in extreme instability, and a 2-11% increase in risk of going into particularly unstable 

situations (e.g., street, shelter). Further, I found a similar magnitude and pattern in housing 
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instability after a health shock when defining instability using diagnostic codes for “problems 

with housing” as the outcome rather than the address-based metric, strengthening the validity of 

the findings and supporting the use of address changes for measuring housing instability in 

administrative data. These impacts were observed even among a well-insured population of New 

York Medicaid enrollees who face little to no cost-sharing for their health care, indicating that 

the health event itself, beyond financial impacts of medical bills, can trigger these cascading 

social effects. For individuals without sufficient health insurance coverage, the impacts of health 

events on housing instability would likely be compounded by the impact of medical bills (Ali, 

Bradford, and Maclean 2024; Allen et al. 2019).  

While this paper shows that health events can be a tipping point into residential 

instability, I found no evidence of a relationship between health shocks and the quality of 

housing that people were moving into, as measured by average rates of building maintenance 

violations. In other words, there is no strong evidence that health events cause people to move 

into worse or more dangerous housing. For people experiencing instability, prior literature has 

shown that the destinations of their moves are often short stints with better-off friends or 

relatives – e.g., couch surfing or other temporary agreements – or unconventional locations like 

week-to-week motels (Office of Community Planning and Development 2023). Because of this, 

or because the quality of low-income housing in NYC is simply uniformly poor, a null effect of a 

health shock on the quality of housing people move to may not be particularly surprising. 

Variation in the size of the relationship was seen across several dimensions in simple 

heterogeneity analysis, including by race and ethnicity, primary reason for admission, and length 

of stay. Long stays, which likely capture more severe health shocks, and admissions for mental 

health, SUD, and injury-related led to particularly large impacts on housing instability. However, 
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meaningful increases in instability were seen across all types of hospitalizations, with the 

exception of planned or non-urgent admissions. This finding is an important contribution of this 

analysis to the literature, as most prior work has only focused on a single type of health shock 

(e.g., traffic injuries, births of children with congenital conditions, or mental health events). 

Another noteworthy finding from the unidimensional heterogeneity analyses was the striking 

similarity in effect sizes for children and adults. Prior work has documented the spillover of 

health events to other members of a family, including impacts to parental labor market outcomes 

following a health shock to a child and income loss among relatives of adults who experience 

major health shocks (Breivik and Costa-Ramón 2021; García-Gómez et al. 2013). The fact that 

health shocks to any member of a family – adult or child – generate a similar increase in housing 

instability tracks with this existing evidence and points to the importance of considering the 

entire family unit when designing policies and programs to address the social consequences of 

major health events. 

This paper also sought to isolate potential policy-relevant characteristics that were 

driving variation in the effect size in analyses that controlled for confounders or used 

instrumented versions of variables to isolate the true variation due to a given policy-relevant 

characteristic. In these analyses, I found a smaller effect for those with subsidized housing, 

shorter lengths of stay, higher quality of care, greater social support, and consistent outpatient 

relationships. These policy moderation analyses, which are explored more below, shed light on 

the potential mechanisms by which health problems may increase risk of housing problems and 

can inform future pilot interventions to attempt to disrupt the relationship between health crises 

and housing instability.  
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For the first hypothesized group of mechanisms – income or rent disruptions – I found 

surprisingly little evidence, with neither SSI nor admission over the 1st of the month (i.e., rent 

due date) substantially altering the effect size. It is possible that income and rent disruptions are 

simply not as salient of mechanisms as theorized. However, there are a few more nuanced 

potential explanations for this finding. First, while SSI payments are supposed to persist if 

necessary to maintain housing, the default is for SSA to limit payments during hospitalizations 

unless contacted by the recipient to request continuation (Social Security Administration 2023). 

Second, SSI recipients, by definition, are disabled, and may face discrimination by landlords or 

experience other hardships following a health decline, counteracting protective effects. 

Numerous randomized audit studies have documented landlord discrimination against people 

with physical disabilities or mental health conditions (Levy et al. 2015; Hammel et al. 2017), and 

prior qualitative and legal studies have documented the same (Shinn and Khadduri 2020; Jarwala 

and Singh 2019). Finally, SSI payments are low, and family members who may supplement 

housing expenses for the recipient may have to reduce work or income to be caregivers 

following the event, resulting in income- or rent-related disruptions anyway. Likewise, we might 

not see variation in the effect by the day of the month of the admission if low-income individuals 

are not always on 1st-of-the-month schedules (week-to-week leases or motels). In other words, 

there may be too much heterogeneity in individuals’ work and rent situations to detect clear or 

consistent evidence of disruptions to rent and income as a pathway by which health shocks 

generate housing instability. Future analyses should seek to incorporate data on employment, 

wages, and rent to better understand this potential pathway, as Medicaid data alone may not 

contain sufficient detail to fully understand this potential mechanism. 
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However, I do observe substantial variation in the relationship between health shocks and 

housing instability by the amount of time a patient is kept in the hospital, even after isolating the 

random variation in length of stay from the patient’s own severity using a leave-one-out proxied 

measure of length of stay, which assigns an enrollee the average length of stay at their admitting 

hospital for their primary diagnosis. This result provides some support for the idea that being 

kept in a hospital longer may disrupt individuals’ lives more permanently, whether that is 

through missing excessive days of work, disruptions to their family’s lives or work, or other 

pathways. Low-wage workers and other precariously employed people are known to have fewer 

protections against legal or illegal employment dismissal, including less awareness of policies 

like paid family leave that they are entitled to (Rossin-Slater 2018). Further, prior research in the 

Netherlands has documented negative spillover effects from major health events onto the 

earnings of family members, suggesting that some broader disruption to work and income at the 

family-level could be an explanation for the length of stay result (García-Gómez et al. 2013). 

This is an area that warrants exploration in future work; if providers can help patients return to 

their usual lives quickly – or promote uptake of policies like paid leave or other accommodations 

like medical-legal partnerships that can advise families during their health event – more 

permanent destabilization to people’s lives during and following health events may be avoided. 

Enhancing access to forms of “implicit insurance” and other supportive structures prior to 

a health shock may hold the greatest potential for breaking the relationship between health 

shocks and housing instability. Subsidized housing conferred one of the most powerful 

protective effects in this analysis, virtually eliminating the relationship between health problems 

and subsequent instability. This is consistent with research showing the powerful protection 

subsidized housing confers against stressors for low-income people (Dragan, Ellen, and Glied 
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2019). Likewise, the presence of two working aged adults in a household conferred substantial 

protection, as did the presence of a regular outpatient relationship prior to the shock. Regular 

outpatient care in particular may be valuable for establishing trust and familiarity within the 

social service system, such that during crises, patients have experience navigating assistance or 

treatments and can readily obtain referrals to resources (Starfield, Shi, and Macinko 2005). These 

findings may, in part, be simply picking up selection of “better off” patients who would have 

been less likely to experience instability after a major health event anyway (e.g., more health-

conscious, savvier at navigating social services). However, the magnitude of these protective 

effects from subsidized housing, social support, and regular outpatient care suggests a potential 

area for future pilot interventions to be developed to help buoy families in advance of a health 

crisis. 

Finally, the quality of the health care safety net itself is another important area for future 

attention. Low-quality inpatient care during the health shock was strongly linked to the 

magnitude of the effect: patients going to higher-quality hospitals were far less likely to 

experience housing instability after the health shock, even after accounting for patient 

characteristics and condition severity. While there are many reasons to advocate for improved 

quality of inpatient care, especially for Medicaid enrollees who often lack access to high-quality 

hospitals, the increased risks of adverse housing outcomes can be added to that list. More 

fundamentally, this study design showed that the health shocks disrupted a general trend toward 

increased housing stability for long-term Medicaid enrollees. Ensuring that Medicaid enrollees 

have appropriate access to care that can help them avoid hospitalization events in the first place 

may allow them to continue on a trajectory of improved housing stability.  
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While these results quantify the risk of housing instability induced by health problems, it 

is important to remember that insufficient affordable housing – above any other factor – is the 

primary driver of residential instability in the United States and will ultimately require large-

scale zoning and affordability reforms (Bailey 2022; Shinn and Khadduri 2020; Colburn and 

Aldern 2022). Interventions for people already experiencing homelessness, like Housing First 

and supportive housing – evidence-based programs to provide people experiencing homelessness 

with housing and social resources, but without eligibility preconditions tied to work, health, or 

sobriety – will always be essential to reducing homelessness. However, large-scale housing 

reform will take immense political will, resources, and time. In the short run, understanding 

health events as key tipping points into residential instability for currently-housed populations 

living in unforgiving housing markets like NYC is important information for the design of rapid 

cross-sector preventive efforts.  

In particular, this work contributes to the debate around health systems’ roles in non-

health domains. While some think health systems and insurers should become more active in 

actively building housing or offering insurance reimbursement of housing costs for patients, 

others worry about the consequences of health systems attempting to become housing providers 

themselves, including the misdirection or “pass through” of public dollars that could be used 

more efficiently by the housing sector (Gondi, Beckman, and McWilliams 2020; Glied and 

D’Aunno 2023; Butler 2022). This paper approaches this issue from a different angle, by 

offering evidence for how health systems might use their existing skills, strengths, and 

comparative advantage to support patients on the precipice of housing instability, by protecting 

them from disruptive health events in the first place or offering high-quality, patient-centered 

care when they do fall ill.   



38 
 

The heterogeneity analyses in this study revealed two particularly salient aspects of 

health care that are likely to matter: (1) the presence of outpatient relationships prior to the 

shock, and (2) amount of time kept in hospital and the quality of inpatient care received there. 

Hospitals that keep patients for longer, on average, as well as those that are rated as having lower 

quality care, see their patients experiencing larger disruptions to housing stability following the 

health event than higher quality hospitals. It is difficult to know from this analysis alone 

precisely what, if any, interventions from health systems might be deployed to break the 

relationship between health events and housing instability. However, future pilot programs could 

test interventions like medical-legal partnerships during inpatient stays that can improve patients’ 

access to legal advocates to help with both housing (eviction) and health (quality of care) issues; 

assistance applying for paid leave, subsidized housing, emergency rent assistance, or disability 

accommodations prior to discharge; or upstream interventions to improve access to outpatient 

care and associated outpatient resources, including interventions like community health workers 

or other initiatives to bring outpatient care directly to people. More broadly, it is possible that 

improving quality of care for low-income people generally – e.g., through improved access to 

evidence-based and gold-standard care like novel depression treatments, highly effective and 

well-tolerated medications for conditions like diabetes, HIV, and hepatitis, buprenorphine for 

opioid use disorder, and preventive care like PrEP – might protect marginal patients from falling 

into housing instability by simply reducing risk of health crises and hospitalization in the first 

place. Understanding how health policies can impact non-health outcomes and broader social 

welfare is an important area for future study. 

However, any recommendations for health system action on this issue must be situated 

among cross-sector partnerships to tackle housing instability. Indeed, this analysis also points to 
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subsidized housing as a highly influential ingredient of resilience in the face of health crises. 

Likewise, families with more social support were also protected from housing consequences of 

health events. Policies promoting community cohesion or flexibility for single-headed 

households to maintain income or access resources crucial to housing – flexible sick leave, 

weekend/evening access to health and social resources – may offer complementary protection. 

Prevention of residential instability will require cross-sectoral action.  

Limitations 

While this analysis leverages a large amount of high-frequency data to establish health 

crises as one likely cause of housing instability, and the results are robust to many sensitivity 

analyses, it still has limitations. First, this analysis cannot comment on the relative contribution 

of health events to the risk of housing instability as compared with other potential component 

causes. Any given case of housing instability is likely the result of multiple factors – housing 

costs chief among them. This analysis isolates health problems as one component cause, but 

health problems may not be part of the story for a substantial share of people experiencing 

housing instability. More comprehensive high-frequency longitudinal data capturing many more 

risk factors – marriages and divorces, employment status and income changes, and housing 

market conditions, to name a few – would be required to contextualize the relative contribution 

of health problems to housing instability amidst other component causes. Second, the capture of 

moves is likely imperfect and may lead to a misestimation of the effect. While NYS has 

dedicated substantial resources and incentives to keeping addresses up to date, it is possible some 

moves are missed or that reporting of moves is incorrectly dated. However, the fact that the 

result is replicated when using a completely different source of housing instability information – 

diagnostic codes for housing problems – builds confidence that the primary analysis is picking 
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up the true relationship, and the flexibility of the address-based data to measure a range of 

housing-related outcomes is a major advantage over survey data used in prior work, despite 

potential drawbacks.   

Third, the policy mechanism analyses, which attempt to isolate policy-relevant 

characteristics that generate larger or smaller effect sizes, may still be confounded by factors 

associated with both the given characteristic and the likelihood of being tipped into instability. 

While the analyses control for the most obvious sources of confounding, these results should be 

viewed as exploratory and would ideally be confirmed in the future by intervention trials or other 

analyses that test actual health system or housing system interventions to break this relationship. 

Finally, one of the most relevant potential mechanisms – lost wages or work – cannot be 

measured well in Medicaid data alone. Measuring whether individuals who lost work during and 

after a health crisis also saw greater impacts to their housing instability would be valuable 

information for intervention design, like improved awareness of, compliance with, and access to 

paid leave policies. 

Conclusion 

There are a host of potential causes of housing instability, with insufficient access to 

affordable housing being the most important. However, health events are a tipping point 

particularly amenable to health system action and relevant to providers seeking to engage in this 

area using their comparative advantage. Health organizations are becoming increasingly 

interested and involved in developing interventions to break the housing-health cycle, yet, 

despite good intentions, many such initiatives to date have been constrained by regulations about 

what health dollars can be used for or have shown mixed impacts (Horwitz et al. 2020; Courtin et 

al. 2020). In the face of this, health systems can and should continue to advocate for affordable 
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housing policies that can reduce the population-level risk of housing instability. At the same 

time, understanding which patient populations are uniquely vulnerable to housing instability 

induced by health events – and the health system factors that modify risk, like quality of care – 

will be key to informing rapid intervention design and efficiently bringing resources from all 

sectors to bear to combat the problem of residential instability.  

This analysis suggests health systems can play a meaningful role in such cross-sector 

solutions for housing instability, by doing what they are designed to do – improving and 

protecting health of patients – to the highest standard. Given longstanding evidence of 

inequitable outcomes for Medicaid-insured populations, this finding strengthens the call to 

reduce those inequities, for reasons beyond clinical outcomes. Further, this analysis used well-

insured Medicaid enrollees who do not face cost-sharing for care, which highlights that insurance 

alone – while important for closing the medical debt channel by which housing instability may 

result – is not the full story. If health systems fail in their objective of protecting health, they also 

risk negative impacts on patients’ broader social welfare. In turn, the revolving door of housing 

problems and health problems will continue, with consequences in both domains. People 

experiencing illness are clearly vulnerable to housing instability, and reducing this risk should be 

a complementary objective of policies addressing access to affordable housing. 
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Chapter 2 

Major Traffic Safety Reform and Road Traffic Injuries among 

Low-Income New York Residents, 2009-2021 

 

Kacie L. Dragan and Sherry A. Glied 

Abstract   

Objective. To evaluate the effects of a comprehensive traffic safety policy – New York City’s 

2014 Vision Zero – on the health of Medicaid enrollees.  

Methods. We conducted difference-in-differences analyses using individual-level New York 

Medicaid data to measure traffic injuries and expenditures 2009-2021, comparing NYC to 

surrounding counties without traffic reforms (n=65,585,568 person-years).  

Results. After Vision Zero, injury rates among NYC Medicaid enrollees diverged from those of 

surrounding counties, with a net impact of 77.5 fewer injuries per 100,000 person-years annually 

(95% CI: -97.4, -57.6). We observed marked reductions in severe injuries (brain injury, 

hospitalizations) and savings of $90.8 million in Medicaid expenditures over the first five years. 

Effects were largest among Black residents. Impacts were reversed during the COVID-19 period. 

Conclusions. Vision Zero resulted in substantial protection for socioeconomically disadvantaged 

populations known to face heightened risk of injury, but the policy’s effectiveness declined 

during the pandemic period.  

Policy implications. Many cities have recently launched Vision Zero policies and others plan to 

do so.  This research adds to the evidence on how and in what circumstances comprehensive 

traffic policies protect public health.  
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Introduction   

Numerous studies have shown persistent disparities in traffic-related injuries – and 

unintentional injuries broadly – by income and race (Cubbin and Smith 2002; Fung and 

Conderino 2017). Low-income people are more likely to experience and die from unintentional 

injuries and face long-term sequelae (Kruithof et al. 2017). They are also more likely to live in 

areas with roadways conducive to crashes, with low-income Black Americans being especially 

likely to live in high-crash areas (Morency et al. 2012; Raifman and Choma 2022). Despite this, 

little is known about how metropolitan-area-wide transportation policies affect these populations.    

This study uses New York State (NYS) Medicaid data to evaluate the impact of New 

York City’s (NYC) Vision Zero traffic policy on low-income residents. Vision Zero included a 

package of over 100 interventions: speed limit reduction from 30 to 25 MPH; physical 

modifications like protected bike lanes; vehicle mandates like trailer sideguards; educational 

campaigns; and traffic law enforcement (City of New York 2022). Mayor de Blasio implemented 

the policy in early 2014 through six agencies. Modeled on a program established in Sweden in 

1997 (Kim, Muennig, and Rosen 2017), Vision Zero policies have since been adopted in dozens 

of U.S. cities, including Boston, Los Angeles, and Seattle. The majority of road safety 

professionals advocate Vision Zero strategies (Evenson, LaJeunesse, and Heiny 2018). 

Traffic-related injuries continue to be a major policy priority, as public concern grows 

(Staples et al. 2021; Susaneck 2023). Two meta-analyses concluded that roadway design and 

traffic calming can reduce traffic-related risks,(Bunn et al. 2003; Retting, Ferguson, and McCartt 

2003) and several studies of standalone interventions including speed humps (Tester et al. 2004), 

red light cameras (Mountain, Hirst, and Maher 2005), and signal timing (Zegeer, Opiela, and 

Cynecki 1982) have also found positive impacts. However, not all Vision Zero packages have 
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proven successful in practice (Nelson 2018; The Globe and Mail Editorial Board 2018; Leber 

2017).  In NYC, reports by City agencies showed initial decreases in fatalities, with a 26% 

reduction through 2019, yet gains appeared greatest in the earlier years and have stagnated or 

been uneven for subpopulations like cyclists since (Vision Zero Task Force 2019; Fitzsimmons 

2019). In the years since COVID-19 in particular, reduced law enforcement and riskier driving 

have raised concerns that NYC may lose any gains from Vision Zero (U.S. Government 

Accountability Office 2022; Guse 2022). In other U.S. cities, commentators have questioned 

Vision Zero’s effectiveness, citing fundamental cultural and technological differences with the 

European cities that saw success (Zipper 2022). 

Even if Vision Zero is effective in U.S. cities like NYC as a whole, it is a non-targeted 

policy, so benefits may not accrue equitably. Some worry Vision Zero may increase inequity if 

high-need, low-income areas are overlooked for interventions, and a 2017 analysis showed that 

interventions were less likely to be NYC’s low-income neighborhoods, despite having the 

highest fatality rates at baseline (Armlovich 2017). Tracking injuries in Medicaid can shed light 

on how Vision Zero affects low-income New Yorkers and, by extension, whether city-wide 

policies can address injury disparities. Medicaid data provide several other advantages. Most 

analyses have relied on police reports and Department of Transportation (DOT) data to quantify 

changes in crashes (Vision Zero Task Force 2019), limiting our understanding of unreported 

injuries, injury severity or sequelae, and costs (The Centers for Disease Control and Prevention 

2014). Our data capture injuries of varying severity and longer-term consequences, including 

follow-up care like physical therapy and medications. Medicaid data enable measurement of 

medical expenditures, offering an aggregated metric of impact.  
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 Crucially, Medicaid data allow us to construct a compelling comparison group of similar 

low-income individuals living nearby NYC – a design that has not been implemented in 

evaluations to date. While a recent paper comparing NYC streets subjected to the speed limit 

reduction to those exempt from it found meaningful declines in crashes, it could not comment on 

the broader impact of the Vision Zero package, given that even areas exempt from speed 

reduction still saw redesign, enforcement, and educational interventions (Mammen, Shim, and 

Weber 2020). The period over which interventions were rolled out also coincided with other 

state and national safety initiatives, potentially confounding single-group time series analyses in 

prior studies. For instance, the public spotlight on traffic fatalities has put pressure on 

manufacturers to improve safety through back-up cameras, collision alert systems, and safer 

phone integration. Using a comparison group of Medicaid enrollees in nearby areas allows us to 

isolate Vision Zero’s influence from many confounding explanations. 

 Methods  

We used NYS Medicaid claims from 2009 to 2021. The sample encompassed individuals 

who were enrolled in Medicaid least one month between 2009 and 2021 and had a home address 

in NYC or the six surrounding counties generally considered NYC’s suburbs (Appendix Exhibit 

2.A1). Race/ethnicity, biological sex, and county were self-reported by enrollees.  

Outcomes  

International Classification of Disease (ICD) E-codes were used to identify crash-related 

claims (Ferdinand et al. 2015). We included the E81 series under ICD-9, as well as several codes 

indicating traffic-related incidents of “unspecified” circumstances, and ICD-10 equivalents. The 

codes encompass injuries involving cars, motorcycles, pedestrians, or bicyclists (Appendix 
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Exhibit 2.A2) and capture inpatient and outpatient visits. To measure traumatic brain injuries 

(TBI), we modified the Agency for Healthcare Research and Quality’s clinical classification 

category for “intracranial injury” by excluding “late effects” and “history of” head injury and 

including “head injury unspecified.” Any given traffic injury claim does not necessarily indicate 

the crash happened that day, as the visit may be a follow-up. To reduce risk of false positives, we 

implemented a 45-day washout: if we found another traffic-related claim up to 45 days prior, we 

counted only the first. Because Medicaid is the payer of last resort, traffic-related claims may be 

denied if an automobile insurer is responsible for payment. We therefore included denied claims 

to reduce false negatives. 

To estimate financial impact, we calculated Medicaid expenditures associated with the 

crash and subsequent year of care. Expenditures are calculated as the sum of all payments to 

providers, including fee-for-service payments made by the State and plan-reported payments to 

providers (for managed care enrollees). It is difficult to determine exactly which health system 

utilization is related to the injury and which would have occurred even in an injury’s absence; 

therefore, we included expenditures from all categories of care in the 12 months following the 

injury and leveraged the difference-in-differences methodology (described below) to “wash out” 

unrelated expenditures (e.g., routine care).  

Statistical analyses 

The dataset was analyzed at the person-year level: every eligible enrollee had a row for 

each year, with variables indicating the injury count, injury details, demographics, and months 

enrolled. We tested for the policy’s effectiveness using difference-in-differences (DID) Poisson 

regression models, with an offset term to account for months enrolled.  
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We controlled for age, race/ethnicity, and sex to account for time-varying compositional 

differences between the areas. An interaction term between a location indicator (NYC vs. 

suburbs) and a pre/post policy indicator provided the age-, race/ethnicity-, and sex-adjusted 

estimate of the policy’s impact. We then computed the marginal effects from the interaction 

coefficient to report absolute risk differences in the outcomes per 100,000 person-years due to 

Vision Zero, relative to the comparison areas. This DID effect estimate can be interpreted as the 

policy-induced change in injuries, net of any unrelated trend changes (Wing, Simon, and Bello-

Gomez 2018). Standard errors were clustered by ZIP to account for varying exposure to different 

elements of the policy that may lead to non-independence of errors. Given the pandemic’s 

influence on traffic patterns, enrollment, and utilization, we calculated an effect estimate 

excluding pandemic years (post-period=2014-2019), as well as one including pandemic years 

(post-period=2014-2021).  

The DID design requires the comparison group be on a similar trend prior to the 

intervention but does not require equivalent levels, although we control for age, race/ethnicity, 

and sex in the event that enrollee composition evolves differentially. To build the case that the 

suburbs are an appropriate counterfactual, we test the coefficients for each year of the pre-period 

(2009-2013) in a model using dummy variables for each year (rather than a single pre/post 

indicator) interacted with the region indicator. Pre-policy coefficients close to 0 would 

demonstrate that the groups were on similar trajectories.  

Because we do not have crash location, we used home address as a proxy. While some 

crashes occur outside one’s neighborhood, crashes are most likely to occur near home (Fung and 

Conderino 2017; Burdett, Starkey, and Charlton 2017). This measurement error would only 

impact crashes occurring outside of NYC for NYC residents (and vice versa). If a Bronx resident 
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was injured in Manhattan, it would not influence the estimate. To approximate the extent of this 

bias, we calculated the share of emergency injuries were sent to a hospital within the enrollee’s 

county of residence (assuming that emergencies will be taken to a hospital near the crash). 

We conducted several robustness checks. First, we focused on two NYC boroughs where 

cars are more common and compared them with the suburban counties closest to them: Queens 

was compared with Long Island, and the Bronx was compared with counties north (Westchester, 

Putnam, Orange, Rockland). Several other forces were at play around the time of Vision Zero. 

Most notably, Uber and Lyft rideshares grew in popularity within NYC, increasing the number 

of cars; rideshares remained illegal in suburbs until 2017. Second, NYC established a bikeshare 

program (Citibike) in 2013 that increased the number of cyclists and changed streetscapes. To 

account for rideshares, we added the number of vehicles registered by county to our model. To 

account for Citibike, we ran a model excluding enrollees living south of 59th Street in Manhattan 

and in western Brooklyn where most Citibike stations existed during this period. Finally, to 

address the fact that we cannot perfectly identify new, unique injuries for people enrolled in 

Medicaid for brief stints, we re-ran the model limited to people enrolled 10+ months. 

Results 

 The number of unique enrollees totaled 10,999,419 (65,585,568 person-years). We 

identified 180,664 unique traffic-related injuries (168,715 individuals) from 2009 to 2021. NYC 

and its suburbs differed demographically: NYC enrollees were less likely to be White, more 

likely to be Asian, Black, or Hispanic, and had a median age 2 years older than non-NYC 

enrollees (Table 2.1). Those involved in a crash (in either area) were more likely to be Black and 

less likely to be female. Subsequent models control for race/ethnicity, sex, and age to account for 

demographic differences that may vary across the areas over time and be associated with injury 
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risk. People were highly likely to be injured within their region of residence: of people with an 

emergency injury, 88.3% in NYC and 86.7% in the suburbs were sent to a hospital within their 

home region. This indicates that most crashes occurred close to home, and any attenuation bias 

from geographic misclassification is minimal. 

Table 2.1: Medicaid enrollee demographics in NYC vs suburbs (comparison 

counties), 2009-2021 

 All enrollees  

Enrollees with a traffic-

related injury 

 NYC Suburbs  NYC Suburbs 

Total person-years 51,866,126 13,719,442  140,486 40,178 

Unique enrollees 8,585,528 2,413,891  135,244 33,471 

      
Race/Ethnicity, %      

Asian 12.8 4.4  6.4 2.7 

Black 18.5 12.7  26.1 19.6 

Hispanic 18.0 10.6  17.8 8.7 

White 13.8 30.6  11.5 28.8 

Other / Unknown 36.9 41.8  38.1 40.3 

      

Median age in years  

(IQR) 

30.5 

(14.1, 52.4) 

28.3  

(12.2, 49.2)  

30.9 

(20.8, 46.2) 

30.3  

(20.5, 45.3) 

      
Sex, %      

Female 53.9 54.6  44.4 49.1 

      
Median annual months 

enrolled 

 (IQR) 

12 

(10, 12) 

12 

(9, 12)  

12 

(12, 12) 

12 

(12, 12) 

 

Table 2.1 summarizes demographic information for Medicaid enrollees included in the 

analysis for those living in NYC versus the surrounding (comparison) counties, from 

2009-2021. Data come from NYS Medicaid claims and encounter data. Race/ethnicity and 

sex are self-reported on enrollment in Medicaid.  

 

Figure 2.1 shows adjusted injury rates among Medicaid enrollees in NYC versus 

surrounding counties (unadjusted estimates showing similar results are in Appendix Exhibit 

2.A3). Rates in the two areas tracked one another very closely prior to Vision Zero, and the DID 

coefficients for these years (Year*Region coefficients) are effectively 0 (p>0.05; Appendix 
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Exhibit 2.A4), suggesting that these counties are an appropriate comparison. Figure 2.1 shows 

that the yearly covariate-adjusted rates of traffic-related injuries among NYC Medicaid enrollees 

were slightly higher than those in nearby counties until 2014 (Vision Zero’s rollout), when 

NYC’s rate dropped significantly below the non-NYC rate. This difference persisted until the 

onset of COVID-19 in 2020, when NYC’s rate converged back to the suburbs’ rate, reversing the 

gains from the first six years of the policy.  

The DID estimate excluding the pandemic years (post-period=2014-2019) indicates that 

NYC had 77.5 fewer traffic-related injuries per 100,000 person-years than otherwise would have 

2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021

Surrounding 

counties
256 307 271 287 286 306 354 367 412 433 390 311 349

NYC 277 312 294 319 296 266 288 286 341 349 326 293 354

Rates are adjusted for individual age, race/ethnicity, and sex in a Poisson model with an offset 

term for enrolled months. The counterfactual line is estimated from the DID regression model 

described in the Statistical Analyses section: in the absence of Vision Zero, injury rates in NYC 

would be expected to be 77.5 (95% CI: 57.6, 97.4) injuries per 100,000 person-years higher 

than the observed rate. If the pandemic period is included in the DID estimation model, the 

counterfactual rate would be 62.5 (95% CI: 42.2,82.8) injuries per 100,000 person-years higher 

than the observed rate. 

 

Figure 2.1: Adjusted traffic-related injury rate among Medicaid enrollees 

in NYC vs surrounding counties, 2009-2021  
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been expected in the years after Vision Zero’s launch (95% CI: -97.4, -57.6; p<0.001). This 

represents a 30% reduction from baseline. Including the pandemic years in the DID estimate 

(post-period=2014-2021) gives a total decrease of 62.5 fewer injuries per 100,000 person-years 

(95% CI: -82.8, -42.2; p<0.001) – a lower effect estimate, which reflects the reversal of Vision 

Zero’s progress during the pandemic. Appendix Exhibit 2.A6 shows full regression output. 

 We examined subtypes of traffic-related injuries to assess whether particularly severe 

crashes declined. Figure 2.2 shows the adjusted trends for traffic-related hospitalization rates, 

and Appendix Exhibit 2.A5 shows the adjusted trends for TBI. Both show the same pattern as the 

overall rate: a parallel trend prior to Vision Zero, followed by a relative decrease in NYC after 

the policy until COVID-19. The impact for both outcomes also reversed during the pandemic. 

The DID model estimates a reduction of 3.8 hospitalizations per 100,000 person-years (95% CI: 

-6.3, -1.3; p<0.001) and a reduction of 4.0 TBIs per 100,000 person-years (95% CI: -6.3, -1.7; 

p=0.004) for the model excluding the pandemic (Appendix Exhibit 2.A6). These impacts 

represent 18% and 34% declines from baseline, respectively. In the model including the 

pandemic, we estimate a reduction of 1.8 hospitalizations per 100,000 person-years (95% CI: -

4.4, 0.8; p=0.05) and a reduction of 2.8 TBIs per 100,000 person-years (95% CI: -5.1, 0.5; 

p=0.11). 

Prior to Vision Zero, total care in the 12 months following crash injuries in NYC resulted 

in around $100-125 million expenditures annually, or around $30 per enrollee ([total spending in 

the 12-months after crashes for NYC enrollees] / [all NYC Medicaid enrollees]). Our DID model 

estimates that Vision Zero led to savings of $4.34 per enrollee in annual Medicaid expenditures 

(95% CI: -8.14, -0.53; p=0.026) (Appendix Exhibit 2.A6), amounting to savings of $90.8 million 

total over the first five years (2014-2018). That is, had NYC continued to match the trend of the 
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suburbs, total expenditures in the year following a crash would have been $762M for crashes 

from 2014-2018; instead, actual post-crash expenditures over this window were $671M.   

 Given prior evidence of racial/ethnic disparities (Raifman and Choma 2022), we stratified 

the model by race/ethnicity to obtain group-specific estimates (controlling for age and sex, and 

clustering errors by ZIP). These race/ethnicity-specific estimates show a substantially larger 

reduction in injuries among Black enrollees (-195.6 [95% CI: -237.0, -154.2]) than all other 

racial/ethnic groups (-59.4 [95% CI: -82.2, -36.5], -62.5 [95% CI: -87.4, -37.6], and -26.9 [95% 

CI: -57.6, 3.8] for White, Hispanic, and Asian enrollees respectively).    

Figure 2.2: Adjusted traffic-related hospitalization rate among Medicaid 

enrollees in NYC vs surrounding counties, 2009-2021  

Rates are adjusted for individual age, race/ethnicity, and sex in a Poisson model with an offset 

term for enrolled months. The counterfactual line is estimated from the DID regression model 

described in the Statistical Analyses section: in the absence of Vision Zero, hospitalization 

rates in NYC would be expected to be 3.8 (95% CI: 1.3, 6.3) per 100,000 person-years higher 

than the observed rate. If the pandemic period is included, the counterfactual rate would be 1.8 

(95% CI: -0.8, 4.4) injuries per 100,000 person-years higher than the observed rate. 

 

2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021

Surrounding 

counties
28.8 30.0 26.4 26.4 26.4 30.0 26.4 25.2 26.4 30.0 26.4 22.8 27.6

NYC 20.4 21.6 19.2 20.4 19.2 16.8 16.8 14.4 18.0 16.8 15.6 20.4 21.6
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 To understand the reversal of Vision Zero’s gains in 2020, we created a person-month 

version of the dataset. If the gap between the regions was already closing before the pandemic, 

this would suggest the reversal was unrelated to the pandemic and may be due to other factors, 

like the launch of traffic policies in the suburbs or pre-pandemic declines in the policy’s 

effectiveness in NYC. Figure 2.3 confirms that NYC’s reductions in injuries persisted up until 

February 2020 (15-20% below the suburbs’ rate), at which point NYC’s rate immediately 

converged to the suburbs’ rate at the pandemic’s onset. NYC never regains its pre-pandemic 

achievements (through the latest data in 2021), suggesting that Vision Zero did not operate 

effectively during the pandemic. This is further confirmed by Appendix Exhibit 2.A7, which 

uses ticketing data to show that, on average, NYC had 9,771 more monthly tickets than the 

suburbs prior to the pandemic, but had 9,715 fewer monthly tickets than the suburbs during the 

pandemic (DID estimate: -25.4% greater reduction in NYC; 95% CI: -25.7, -25.2). 

In robustness checks focusing on Queens versus Long Island and the Bronx versus the 

northern suburbs, we observed effect sizes nearly identical to the main analysis (Appendix 

Exhibit 2.A8). To account for rideshares, we added the number of vehicles registered by county 

to our model. The number of vehicles in NYC increased 12.2% between 2009 and 2017, while 

the number of vehicles in nearby counties increased by just 5.6% (Appendix Exhibit 2.A9). 

However, after controlling for vehicle registrations, our DID estimates remain nearly identical, 

suggesting that growth in vehicles was not confounding the estimate (Appendix Exhibit 2.A8). 

We also obtain nearly identical estimates when excluding areas with high Citibike participation, 

suggesting that Citibike infrastructure was not driving the effect. We also obtain a similar 

estimate when limiting to a continuously-enrolled sample (10+ months/year) (Appendix Exhibit 

2.A8).   
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Discussion 

Injuries are an important driver of socioeconomic and racial disparities. We find evidence 

that in the first six years of NYC’s city-wide traffic safety policy, Vision Zero, the rate of traffic-

related injuries among low-income New Yorkers, and low-income Black New Yorkers in 

particular, fell relative to trends in surrounding counties. Given that low-income and Black 

Americans are more likely to live and work in places with unsafe roadways and face injuries 

(Morency et al. 2012; Raifman and Choma 2022; Cottrill and Thakuriah 2010), these findings 

suggest that Vision Zero-style reforms are promising for reducing disparities. One concern with 

traffic policies is that they affect only the low-hanging fruit (i.e., fender-benders) while having 

little influence on severe crashes. Our data suggest that this was not the case; residents saw 

reductions in severe injuries, including Traumatic Brain Injury (TBI) or hospitalization. These 

reductions may have contributed to declines in Medicaid expenditures. We estimate that Vision 

Zero saved Medicaid roughly $90.8Mtotal over the first five years.  

Our most striking finding is that the trend in NYC stayed persistently lower than the trend 

in nearby counties, up until the pandemic, despite growth in crash incidence in non-NYC areas. 

This finding persists even in the boroughs of NYC that are most like the suburbs, making Vision 

Zero the most plausible explanation. We explored other potential confounding explanations, 

including the introduction of rideshare and bikeshare services. Rideshares and bikeshares might 

increase crash risk, by increasing the number of vehicles and vulnerable riders (Barrios, 

Hochberg, and Yi 2020), while other evidence suggests that these innovations might reduce risk 

due to “safety in numbers” or traffic slowing (Getman et al. 2017). However, our results 

persisted even after including the number of vehicles registered as a covariate and when omitting 

areas with high bikeshare penetration. 
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Notably, Vision Zero only had positive impacts in the period before COVID-19. In 2020 

and 2021, gains from Vision Zero reversed, with NYC’s injury rate converging back toward that 

of surrounding counties. This is not especially surprising, given upheavals to NYC’s priorities 

and density during COVID-19. Two possible reasons include increases in unsafe driving 

behavior and decreases in traffic enforcement in NYC. Reckless driving during the pandemic –

related to increases in driving under the influence or decline of  “safety in numbers” in the less-

dense pandemic-era city – has been documented (U.S. Government Accountability Office 2022; 

Getman et al. 2017). Despite this, NYPD issued traffic violations at a lower rate than usual in 

2020-2021, due to a shift in NYPD’s priorities during the pandemic and smaller workforce (Guse 

2022). Using ticketing data, we found a 25% greater reduction in traffic ticketing during the 

pandemic in NYC relative to the suburbs, lending credibility to this explanation. This is also 

consistent with prior research suggesting that speed limit reductions and traffic enforcement may 

be particularly critical pieces of Vision Zero (Mammen, Shim, and Weber 2020). Our analyses 

demonstrate that Vision Zero was highly effective in the pre-pandemic world for which it was 

designed; whether it can be effectively adapted to the post-pandemic era, and what changes are 

needed to recapture those gains, remains to be seen. 

To our knowledge, the comparison counties did not undergo comprehensive reform, 

although the NYS Department of Transportation signed the Complete Streets Act in 2011, 

requiring projects involving state funds explicitly “consider safe, convenient access” in design of 

new roadways (New York State Department of Transportation 2022). Cities in four of the 

comparison counties made local-level “Complete Streets” pledges for construction involving 

municipal funds. However, these pledges do not change speed limits or require proactive 

redesign of roadways, as Vision Zero does. If anything, Complete Streets pledges in some 
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comparison counties would bias our estimate toward the null, only understating Vision Zero’s 

impact.  

 While our data are comprehensive and the difference-in-differences approach is strong, 

this study has limitations. First, we do not know exact location of crashes and rely on patients’ 

addresses. We found that 9 in 10 emergency injuries were sent to a hospital within their region of 

residence, indicating that bias from geographic misclassification is minimal. Still, future work 

should leverage better geographic information, both to minimize geographic misclassification 

and better understand relative contributions of each specific Vision Zero intervention 

(intersection modification, protected bike lanes, speed reduction) across neighborhoods. Second, 

we are likely missing some injuries due to insurance laws in which automobile insurance is the 

sole payer. Third, while we adjust for major demographic characteristics, it is possible that 

unmeasured time-varying differences in enrollees between NYC and the suburbs could still bias 

our estimate. Finally, claims-based coding is subject to undercounting, as traffic injuries are only 

indicated if providers use “E-codes,” which not all providers consistently do (Conderino et al. 

2017). 

Public Health Implications 

Our analyses provide evidence of a substantial impact of Vision Zero on traffic injuries 

among a disadvantaged population and imply healthcare savings. As a cornerstone piece of 

NYC’s recent agenda, Vision Zero generated considerable media attention, and dozens of U.S. 

cities launched their own Vision Zero plans. NYS’s Governor Hochul recently signed state-wide 

laws making it easier for cities to lower speed limits and increasing fines for hit-and-runs, 

building on momentum from NYC’s Vision Zero (The New York State Governor’s Office 2022). 
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NYC has also recently committed to increasing traffic enforcement to pre-pandemic levels, 

suggesting the potential for NYC to realize gains from Vision Zero once more (Guse 2022). 

While NYC and other cities continue to face challenges in reaching the goal of zero 

fatalities (Staples et al. 2021; Zipper 2022), our finding that Vision Zero policy bent an otherwise 

upward trend in injuries supports the idea that comprehensive traffic reform can make a 

meaningful dent in injury incidence, despite cultural and technological differences with 

European Vision Zero cities. This evaluation can guide efficient use of resources as the policy 

evolves and support conversations about why Vision Zero was less effective during the 

pandemic. Finally, it provides support for traffic reform as a strategy for enhancing health equity 

by reducing injuries among groups who are particularly vulnerable to the consequences and are 

at risk of being overlooked in citywide, non-targeted interventions.  
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Chapter 3 

How Do Neighborhoods Shape Pediatric Mental Health Utilization? 

Evidence from Within-State Movers in Medicaid  

Kacie L. Dragan and Timothy J. Layton 

Abstract   

The prevalence of pediatric mental health conditions is growing, and cross-sectional 

variation across neighborhoods has been widely documented. Yet, it is not clear how much of 

this variation is driven by compositional differences in the children who live in different areas 

versus features of these places themselves. We use a quasi-experimental “movers” design to 

estimate causal effects of neighborhoods on pediatric mental health utilization, leveraging 

Medicaid-enrolled children from eight states who move within their state between 2007 and 

2014. We use event study models to estimate the degree to which movers converge toward their 

destination neighborhood’s mean utilization upon moving, and we use individual and ZIP code 

fixed effects to isolate neighborhood-specific effects. We find evidence of neighborhood effects 

on pediatric mental health use. Upon moving, enrollees’ outpatient therapy use converges 39% of 

the way toward the destination neighborhood’s mean, acute mental health use converges 28% of 

the way toward the destination neighborhood’s mean, and psychiatric prescription use converges 

8% of the way toward the destination neighborhood’s mean. The neighborhood-specific effects 

correlate only modestly with the set of area-level characteristics we tested, like economic 

disadvantage, supply of providers, or school attributes. As policymakers seek to respond to rising 

prevalence of childhood mental health conditions and use of mental health care, attention should 

be paid to neighborhood contexts, even down to the ZIP code level.  
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Introduction   

 In 2022, the White House’s Council of Economic Advisers issued a report bringing 

attention to the rise in depression and other mental health conditions among America’s young 

people over the last 15 years (Council of Economic Advisers 2022). This brief echoed a growing 

literature documenting increases in symptoms and diagnoses of mental health conditions 

(Lebrun-Harris et al. 2022; Keyes et al. 2019), use of therapy and psychiatric medications 

(Olfson, Druss, and Marcus 2015; Chua et al. 2024), and acute mental health-related utilization 

(Lo et al. 2020; Arakelyan et al. 2023; Hoffmann et al. 2019) among children and adolescents 

since the early 2000s. The share of high school students who experience persistent feelings of 

sadness has increased by up to 58% since 2011, with a similar relative increase in the share 

contemplating suicide. As of 2021, one in three female adolescents had contemplated suicide 

(The Centers for Disease Control and Prevention 2023). Among younger children, diagnoses like 

Attention-Deficit Hyperactivity Disorder (ADHD) have grown 42% since 2003 (Li et al. 2023).  

Pediatric mental health is becoming a national policy priority, yet there is substantial 

geographic variation in reported need and utilization, even down to the neighborhood level 

(Alegría et al. 2015; Winckler et al. 2023; Graves et al. 2023; Xue et al. 2005; Butler et al. 2012; 

Cook, Zuvekas, et al. 2017). Concerns about both over- and under-diagnosis of childhood mental 

health conditions and use of psychiatric treatments make understanding the role of 

neighborhoods central to informing policies in this area (Freedman et al. 2024; U.S. Government 

Accountability Office 2012). A decades-long literature documenting cross-sectional associations 

between neighborhood characteristics and outcomes suggests a range of potential mechanisms by 

which neighborhoods might shape the wellbeing of low-income residents – including access to 

high-quality care or schools, or exposure to crime, pollution, concentrated poverty, or peer 
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influences (Sharkey and Faber 2014; Diez Roux 2016). However, non-random sorting of people 

into different areas has complicated the ability to make causal conclusions. People “sort” into 

particular neighborhoods for a range of reasons, including cultural preferences, weather and 

climate, resource constraints, labor markets, and historical policies like redlining. At the same 

time, there is growing policy interest in responding to geographic variation in wellbeing, through 

policies that promote mobility to seemingly higher-opportunity areas (Bergman et al. 2024; 

Reeves and Pocinki 2015). Thus, separating the causal impact of living in certain places (place 

effects) from the underlying compositional differences of residents in those places (person-

specific factors people carry with them from place to place) can point to more effective ways 

policymakers might craft place-based legislation to improve child mental health. 

This paper uses a within-person quasi-experimental “movers” research design that 

leverages Medicaid-enrolled children in eight states who moved ZIP codes within their state to 

disentangle the portion of variation that is due to person-specific factors from the genuine effects 

of the new neighborhood itself on their mental health utilization and outcomes. This movers 

framework has been applied extensively in Medicare data as a tool for separating person and 

place effects in geographic variation research (Finkelstein, Gentzkow, and Williams 2016; 2021; 

Ding 2023; Deryugina and Molitor 2020), but research on neighborhood effects for Medicaid 

enrollees or low-income children – a population that may be particularly sensitive to early life 

place-specific exposures and experiences – has largely remained limited to cross-sectional 

analyses of standalone neighborhood characteristics and health. The quality and accessibility of 

care financed by Medicaid can vary greatly, even within a single state, in part due to low 

reimbursement rates limiting how many and what type of providers accept Medicaid. Likewise, 

unequal exposure to risk, opportunity, or resources across geographic areas has been found to 
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vary widely across the United States, with some regions offering a far greater chance for 

intergenerational mobility to low-income children than others (Chetty et al. 2014). Mental health 

within low-income populations may be an important mechanism by which we can understand 

variation in opportunities, general wellbeing, and life outcomes. Applying a quasi-experimental 

movers approach to the question of geographic variation in pediatric mental health, and 

particularly among low-income Medicaid enrollees, represents an important step toward 

clarifying the causal role of neighborhoods in shaping Medicaid children’s mental health. 

We find that places play a meaningful role in shaping pediatric mental health utilization, 

with 39% of outpatient therapy utilization, 28% of acute mental health use, and 8% of 

psychotropic prescription utilization being attributable to places rather than person-specific 

factors. Overall, the neighborhood characteristics we tested were only somewhat correlated with 

the place effects. There is modest evidence that neighborhood deprivation (poverty and crime) is 

associated with smaller place effects for outpatient use and larger place effects for inpatient use, 

while provider supply is linked to an increase in all types of utilization. Continuing to identify 

specific mechanisms that are likely explanations of the place effects will be an important area of 

future inquiry. 

Prior literature and theory 

 The most compelling evidence on the role of neighborhoods in shaping the mental health 

of low-income children comes from the Moving to Opportunity randomized controlled trial in 

the 1990s, in which families were randomized to receive a voucher to move out of low-income 

neighborhoods. A large body of MTO research has concluded that moving to higher-opportunity 

areas generated only very small changes or mixed effects in the short-run (Orr et al. 2003), with 

some meaningful improvements in the health of adult participants in the long-run (Ludwig et al. 
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2013). However, the mental health of children seemed to be an especially crucial case study of 

the influence of one’s destination neighborhood and has been the subject of several follow-up 

MTO analyses: for example, female youth experienced a number of improvements in mental 

health when moving to a lower poverty area, while male youth experienced no change in – or 

even worse – mental health across a number of dimensions (Kling, Liebman, and Katz 2007; 

Sanbonmatsu et al. 2011; Ludwig et al. 2013). While analyses did not point to any single clear 

mechanism to explain these effects, some of the qualitative data suggested that the experience of 

integrating into one’s new neighborhood and features of one’s new social environment were 

likely influential (e.g., a lack of community “father figures” for boys in the new lower-poverty 

neighborhoods; a lower probability of being introduced to drugs and fewer experiences of 

violence among girls in their new lower-poverty neighborhoods) (Clampet-Lundquist et al. 

2011). On the whole, the MTO evidence suggests that neighborhood environments, particularly 

the cultural and social aspects of neighborhoods, may causally shape youth mental health. 

However, this evidence is specific to moving from a high-poverty neighborhood to a low-poverty 

one. Less is known about moves between other types of neighborhoods, or other (non-economic) 

features of neighborhoods that might drive geographic variation in youth mental health.  

Non-experimental evidence has also contributed to our understanding of the potential role 

of neighborhoods in child mental health and wellbeing. For example, Chetty and co-authors 

(2014) used tax records for all American families over several decades to study geographic 

variation in intergenerational mobility, finding that some cities afforded low-income children a 

much better chance of climbing the socioeconomic ladder than others. Characteristics that 

predicted high-opportunity neighborhoods included factors potentially relevant to child mental 

health, including better school quality, higher rates of family stability, and less segregation and 
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income inequality. Longitudinal studies of gentrification – or, rapid economic changes due to the 

movement of more college-educated or higher-income people into formerly high-poverty areas – 

have also provided a lens through which to understand neighborhood effects on child mental 

health: anxiety and depression among young children increased as the economic environment 

changed, likely due to the associated cost-of-living or financial pressures their parents felt 

(Dragan, Ellen, and Glied 2019). Several meta-analyses have found persistent associations 

between neighborhood attributes, especially crime rates and area-level economic deprivation, 

and child mental health, building a case for studying the causal role of these neighborhoods 

(Arcaya, Ellen, and Steil 2024; Baranyi et al. 2021), and a recent natural experiment using 

randomization to public housing complexes in Denmark found compelling evidence of a causal 

relationship between exposure to local economic deprivation and worse mental health (Boje-

Kovacs, Greve, and Weatherall 2023). School environments may play an influential role, with 

recent quasi-experimental evidence suggesting that schools can meaningfully influence ADHD 

diagnosis rates (Freedman et al. 2024), suicide attempt rates (Hansen, Sabia, and Schaller 2024), 

and outpatient mental health service use (Golberstein et al. 2024).  

Beyond the potential cultural or economic influences of neighborhoods, prior literature 

has also supported the idea that variation in access to health care providers – or the ways in 

which providers deliver care – can play an important role in shaping utilization or outcomes at 

the neighborhood level. Provider access, beliefs, and behavior may be a channel through which 

over-diagnosis or inappropriate treatment (e.g., overuse of antipsychotics in pediatric 

populations) may arise. Though Medicaid is a relatively generous program in terms of benefits 

available to enrollees, low reimbursement rates constrain the number of providers willing to see 

patients. A growing body of work has examined the high prevalence of “phantom” providers, 
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who claim to accept Medicaid, but in reality do not see Medicaid patients (Zhu et al. 2022; 

Ludomirsky et al. 2022), and audit studies have found that Medicaid patients are deprioritized 

even when practices are accepting patients (Hsiang et al. 2019). Community- and practice-level 

variation in diagnostic and prescribing rates of pediatric mental health providers – due to 

provider preference, training, or quality – has also been extensively documented (Mayne et al. 

2016; Cook, Zuvekas, et al. 2017; Alegría et al. 2015; Ellis et al. 2012). Thus, the mental health 

care delivery system, including availability of providers, acceptance of Medicaid, providers’ 

experience with treating low-income children, and provider behavior more generally, may be a 

mechanism driving pediatric place-based variation in Medicaid mental health utilization. 

The key implicit theory underpinning much of this literature is that something about 

neighborhoods themselves generates differences in mental health symptoms, diagnoses, and 

utilization. However, the majority of work on neighborhoods and health has relied on cross-

sectional data, which correlates mental health metrics measured at a single point in time with a 

snapshot of neighborhood characteristics. Even after controlling for observable confounders, it is 

difficult to conclude that remaining variation is solely due to neighborhood effects, rather than 

the factors that people with different preferences, risk factors, or comorbidities carry with them 

into different neighborhoods. In fact, prior evidence has documented such “sorting” or “steering” 

processes along many dimensions (Arcaya et al. 2016; Christensen and Timmins 2022; Arcaya et 

al. 2014; Rolheiser et al. 2022). The neighborhoods people are located in are therefore likely 

characterized by the attributes of the people who “sorted” (or were steered) there.  

Study aims 

To decompose the portion of geographic variation attributable to neighborhood factors 

(e.g., inadequate access to care, exposure to crime, pollution, area-level deprivation, or social 
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environments) versus person-specific factors (e.g., better baseline health, underlying risk, or 

preferences for treatment), social scientists have been employing quasi-experimental “movers” 

designs in longitudinal administrative data (Finkelstein, Gentzkow, and Williams 2021; Song et 

al. 2010; Johnson and Biniek 2021; Ding 2023; Finkelstein, Gentzkow, and Williams 2016). This 

approach measures the degree to which a person’s utilization patterns evolve to look more like 

the mean utilization in their destination neighborhood upon moving. By taking repeated 

measures of the outcome of interest before and after the move, these studies can show how 

quickly and to what extent utilization (or other metrics) converge toward the mean in the new 

neighborhood, ultimately recovering the portion of utilization attributable to the places 

themselves (rather than underlying factors the people moving there carry with them). 

Additionally, fixed effects models among the movers – which include both individual and 

neighborhood fixed effects – can recover the causal place effect for each neighborhood by 

absorbing time-invariant person-level variation (e.g., preferences, genetic predispositions, pre-

study health status, parenting styles). Applications of this approach in Medicare and 

commercially-insured populations have estimated that about half of health care utilization is 

attributable to places rather than to person-specific factors (Finkelstein, Gentzkow, and Williams 

2016; Johnson and Biniek 2021). However, this method has not been applied to children – for 

whom moves may be even less endogenous to their health – nor to Medicaid patients, for whom 

neighborhoods might affect health through different mechanisms. Additionally, these analyses 

have typically used long-distance moves (e.g., between Hospital Referral Regions), while 

something like pediatric mental health might be sensitive to hyper-local school, community, peer, 

and provider networks in shorter-range moves, such as those between ZIP codes. 
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This paper answers three questions on the role of places in shaping the wellbeing of 

Medicaid-enrolled children by applying the movers framework to enrollees with a within-state 

move in eight different states. First, it tests the key assumption of the movers design, which is 

that enrollees’ utilization trends prior to the move are not correlated with the type of move itself 

(i.e., the particular destination-origin differential) by using event study analyses to plot utilization 

in the years prior to and immediately after the ZIP code change. Second, it estimates place-

specific causal effects for each ZIP code using models that absorb time-invariant individual-level 

characteristics and recover a ZIP-specific causal effect for each place. Finally, it assesses the 

correlation of neighborhood features – including concentrated disadvantage, school 

characteristics, and supply of providers – with the causal place effects to examine potential 

mechanisms by which neighborhoods influence outpatient therapy use, acute mental health use, 

and psychiatric prescription use.  

Methods 

Data 

We used Medicaid Analytic eXtract (MAX) data from the Centers for Medicare and 

Medicaid Services (CMS), which contains Medicaid utilization and enrollment data for all states 

through 2014. MAX data is submitted directly by state Medicaid programs to CMS and is known 

to vary greatly in quality both between states and within states over time (Schpero 2022; Ruttner 

et al. 2015). States included in the analyses were therefore screened for having eight complete 

years of data availability (2007-2014); having reliably and consistently measured inpatient, 

outpatient, and prescription data (per prior studies using MAX data and our own examination of 

rates of the dependent variables over time); and having 5-digit ZIP codes for all enrollees, 
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necessary to define moves. Eight states met these strict criteria: Arkansas, Iowa, Michigan, 

Minnesota, New Jersey, New York, North Carolina, and Oregon (Appendix Figure 3.A1).  

Enrollees were included if they were enrolled in Medicaid for at least three consecutive 

years between 2007 and 2014 and were between the age of 1 and 18 at the time of their move (or 

the midpoint of their enrollment window, for non-movers). Movers were defined as individuals 

who reported a change in residential ZIP code within the same state between years, which is 

measured in MAX as the address at the end of the calendar year. For example, an enrollee who 

reported being at one ZIP code in 2010 (e.g., Brooklyn), followed by reporting a different ZIP 

code in the same state in 2011 and 2012 (e.g., Buffalo), would be categorized as having moved in 

2011. Per this definition, all moves happened between 2008 and 2013. We limited the sample of 

movers to those with within-state moves because of the wide variation in Medicaid policy across 

states, as it is a state-administered program. Additionally, coding and reporting norms vary by 

state in MAX, and any changes in utilization for moves across states may simply reflect 

differences in reimbursement policies or recordkeeping norms rather than genuine changes in 

utilization or health status. We used an unbalanced panel, allowing enrollees to contribute as 

many years before and after the move as were available, as long as the year before the move, the 

year of the move, and the year after the move were available.  

The cross-sectional ZIP-level utilization rates used in some analyses to characterize each 

ZIP code (as described below) were calculated using all non-movers who met the inclusion 

criteria, averaged across all years of the data. Neighborhood-level characteristics linked at the 

ZIP code (ZCTA) level came from a variety of sources, and data from 2012 – or the closest 

possible year to 2012 – was obtained to be contemporary to the MAX data. The share of 

households on public assistance and the share of adults with less than a high school education 
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came from the American Community Survey (accessed via the National Neighborhood Data 

Archive), using the 5-year estimates from 2008-2012 (American Community Survey 2024). The 

2012 rate of mental health providers per capita came from the National Establishment Time 

Series Database accessed through the National Neighborhood Data Archive (National 

Establishment Time Series Database 2024). The number of inpatient psychiatric beds per capita  

(as of 2020) came from the Area Health Resources Files from the U.S. Human Resources & 

Services Administration (Health Resources & Services Administration 2024) and was at the 

county level to account for the wider geography at which people obtain inpatient care and due to 

data availability. The 2020 rate of school psychologists per student came from the National 

Center for Education Statistics’ Common Core of Data (National Center for Education Statistics 

2024). Data on school discipline rates (suspensions/expulsions) for the 2011-2012 school year 

came from the Office for Civil Rights at the U.S. Department of Education (Office of Civil 

Rights 2024). City-level crime data for 2012 was obtained from the Criminal Justice Information 

Services Division of the U.S. Department of Justice (Criminal Justice Information Services 

Division 2012). 

Outcomes 

 We measured three dimensions of pediatric mental health utilization. First, we captured 

the annual sum of outpatient mental health care, which included all codes for psychotherapy (and 

for initial diagnostic evaluation for psychotherapy treatment). The full list of procedure codes is 

available in Appendix Table 3.A1, and it includes individual, group, and family psychotherapy 

modalities. These procedure codes include therapy delivered via telehealth, when available per 

state Medicaid policies. Outpatient therapy visits are important for understanding neighborhood 

effects on youth mental health, because psychotherapy is seen as an essential and effective 
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element of mental health treatment, especially among children (Hoagwood et al. 2001). 

Psychotherapy can be delivered by a range of providers, including psychiatrists, psychologists, 

and social workers, who can be located in community settings accessible to children and 

adolescents. It has a low barrier to induction – virtually anyone can seek psychotherapy for 

transient or chronic mental health concerns – and no medical side effects like pharmacotherapy. 

Yet local provider referral behavior, Medicaid acceptance rates, cultural norms around therapy, 

and exposure to social conditions that may adversely affect the need for therapy likely vary by 

neighborhood, making it an important outcome to capture.   

 Second, we measured the annual sum of acute mental health use, defined as emergency 

department (ED) visits or hospitalizations with a primary mental health diagnosis code that fell 

into one of the AHRQ Clinical Classification Software mental health or substance use disorder 

categories, including adjustment disorders, anxiety disorders, attention-deficit/conduct/disruptive 

behavior disorders, delirium/dementia, developmental disorders, impulse control disorders, mood 

disorders, personality disorders, psychotic disorders, alcohol-related disorders, substance-related 

disorders, suicidality/self-harm, and miscellaneous mental disorders (full list of diagnostic codes 

is available in Appendix Table 3.A2). Utilization of acute care services for a mental health 

diagnosis may be an indicator of mental health need in a community, as the condition is severe 

enough to require emergency attention (Lo et al. 2020). Whether due to worse outpatient 

management or a genuine higher level of severity, documenting whether living in certain 

neighborhoods causes an increase in acute mental health service use is useful for interpreting 

neighborhood effects.  

Finally, we measured psychiatric medication use, using the National Drug Classification 

(NDC) codes for all central nervous system (CNS) agents, including antidepressants, 
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antiepileptics, antipsychotics, anxiolytics/benzodiazepines, and stimulant medications (a full list 

of the generic names of the medications is in Appendix Table 3.A3). This outcome was the sum 

of all such medications filled at a pharmacy by an enrollee in each year. Psychotropic medication 

use among pediatric populations is an important issue, as both under-utilization and over-

utilization of these medications in children and adolescents is of policy concern. While there is 

evidence of over-utilization among some low-income pediatric populations – e.g., in cases where 

antipsychotic medications are used inappropriately to subdue or control children – there is also 

evidence that some low-income children are being under-prescribed mental health medications 

that may help them cope with a higher burden of mental health conditions (U.S. Government 

Accountability Office 2012; Merikangas et al. 2013; Currie, Kurdyak, and Zhang 2024; Cook, 

Carson, et al. 2017). Understanding whether neighborhoods causally affect medication use is 

therefore an important aspect of geographic variation in mental health utilization. 

Statistical approach 

Our statistical approach relies on children who move ZIP codes within their state, under 

the assumption that a child’s utilization trends prior to a move are not systematically related to 

the differential in the cross-sectional utilization rates of their destination-origin pair. In other 

words, we assume that in the years leading up to the move, the child’s utilization will not be 

converging toward or away from their destination’s mean utilization, relative to their own origin 

neighborhood’s mean utilization. This assumption could be violated if families were suddenly 

deciding to make a particular type of move to seek out a school with more school psychologists 

because their child had just been diagnosed with a serious mental illness, for example. In that 

case, the change in utilization would be endogenous to the child’s mental health service use.  
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To visually inspect this assumption, we used ordinary least squares (OLS) estimation to 

model event studies with individual-level fixed effects in each year before and after the move. 

These event studies interact the relative year indicator with a variable capturing the difference 

between mean cross-sectional utilization in the child’s origin ZIP code and mean cross-sectional 

utilization in their destination ZIP code (as estimated from the non-movers). The coefficient on 

the interaction term captures movers’ convergence toward their destination’s mean utilization: if 

the coefficient were 1, it would indicate that utilization had fully converged toward the 

destination neighborhood’s mean utilization. Non-movers were included in this regression for the 

purposes of estimating covariates (e.g., general time trends), but did not contribute to the event 

study coefficients directly as they did not have variation in the relative time variable (i.e., all 

observations for non-movers are set to relative year 0). Errors were clustered at the individual 

enrollee level. Following Finkelstein, Gentzkow, and Williams (2016), this equation takes the 

following form:  

Equation 1: 

𝑦𝑖𝑡 = 𝛼𝑖 + 𝜃𝑟(𝑖,𝑡)𝛿𝑖  + 𝜏𝑡 + 𝑋𝑖𝑡𝛽 + 𝜖𝑖𝑗𝑡 

where 𝑦𝑖𝑡 is the utilization outcome (count of outpatient therapy, acute visits, or prescriptions). 

𝜃𝑟(𝑖,𝑡)𝛿𝑖   is the main quantity of interest and is the interaction between the relative year indicator 

and the destination-origin difference in mean area-level utilization (which is estimated from the 

non-movers). Time fixed effects were represented by 𝜏𝑡 and individual fixed effects by 𝛼𝑖. Time-

varying individual confounders (e.g., age categories and relative year main effects) were 

accounted for with 𝑋𝑖𝑡𝛽. The relative year main effects absorb the effect of moving itself on 

utilization common to all types of moves, allowing 𝜃𝑟(𝑖,𝑡)𝛿𝑖  to pick up only the change of 
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moving to different types of neighborhoods. As sensitivity analyses, we varied the sample 

inclusion criteria in several ways: (1) using a balanced panel with Medicaid enrollment for the 

full observation period, (2) removing children with disabilities due to their different utilization 

patterns and potentially more endogenous mobility decisions, (3) testing the models among only 

older children, and (4) iteratively excluding one of the eight states to test whether any single 

state’s estimate was having an outsized influence on the overall estimate. 

A second aim of this paper was to recover neighborhood-specific place effects for each 

ZIP code. To obtain these place effects, we used an OLS model regressing annual utilization on 

individual fixed effects and ZIP code fixed effects, as well as control variables capturing time-

varying characteristics like age category and relative year. By leveraging enrollees who move 

within states, the individual fixed effects enable a within-person analysis and account for fixed 

characteristics like race/ethnicity, innate preferences, parenting styles, or genetic risk that 

children carry with them from neighborhood to neighborhood; ZIP code fixed effects recover the 

“treatment” effect of moving to a given neighborhood; and relative time fixed effects account for 

the overall changes in utilization due to the act of moving, common to all move types. The 

equation was specified as follows: 

Equation 2: 

𝑦𝑖𝑡 = 𝛼𝑖 + 𝛾𝑗 + 𝜏𝑡 + 𝑋𝑖𝑡𝛽 + 𝜖𝑖𝑗𝑡  

where our main neighborhood-specific place effects of interest are represented by 𝛾𝑗 (i.e., 

dummies for each ZIP code, omitting one reference ZIP code from the middle of the 

distribution), time (calendar year) fixed effects are represented by 𝜏𝑡, and individual fixed effects 

by 𝛼𝑖. Time-varying individual confounders (e.g., age categories and relative year indicators) are 
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represented by 𝑋𝑖𝑡𝛽. Standard errors were clustered at the ZIP-code level. After obtaining the 

place effect coefficients, the estimated effects were re-centered at the mean and shrunk toward 

zero using Empirical Bayes shrinkage, which stabilizes noisy fixed effect estimates by 

accounting for sample size and variance of each fixed effect (McClellan and Staiger 2000; 

Sacarny 2015).  

These shrunken place effects were then correlated with various neighborhood 

characteristics using simple linear regressions to assess to what degree neighborhood 

disadvantage, supply of mental health providers, or school characteristics might be mechanisms 

explaining the place effects. The shrunken place effects for the three outcomes were also 

correlated with each other, to assess the degree to which a neighborhood that increases one type 

of utilization tends to increase (or decrease) a different type of utilization. ZIP-specific place 

effect estimation and shrinkage procedures were run separately within each state, given 

Medicaid’s high variability in coverage policies and reporting norms across states as discussed 

above (Schpero 2022; Ruttner et al. 2015). Results were pooled together for reporting.  

Results 

 Across all eight states, 1,567,587 unique children were included as “movers,” compared 

with 3,756,528 non-movers who otherwise met the inclusion criteria but did not move. As has 

been shown elsewhere in studies leveraging movers (Finkelstein, Gentzkow, and Williams 2016; 

2021; Ding 2023; Johnson and Biniek 2021), the movers differed demographically from non-

movers (Table 3.1). They were more likely to have a disability (per their Medicaid eligibility 

category) and more likely to be Black than non-movers. Both movers and non-movers were 

distributed across the eight states, with Iowa making up the smallest share of the sample (4.5% of 

movers and 4.0% of non-movers) and New York making up the largest share (28.2% of movers 
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and 34.7% of non-movers). The mean age of the sample was slightly over 8 years among both 

movers and non-movers. Pre-move utilization was higher among the movers, which indicates 

that moving in general is more likely among children in poorer health. After limiting to ZIP 

codes with at least 600 Medicaid enrollees (for data security and precision), place effects could 

be estimated for 3,901 ZIP codes across the eight states.  

Table 3.1: Summary Statistics: Movers vs Non-Movers 

 Movers Non-Movers 

N 1,567,587 3,756,528 
 

  
State, %   
Arkansas 8.4 7.4 

Iowa 4.5 4.0 

Michigan 20.6 16.9 

Minnesota 8.6 5.3 

New Jersey 9.1 12.6 

New York 28.2 34.7 

North Carolina 15.5 14.9 

Oregon 5.0 4.3 
 

  
Demographic characteristics   

Age in years at move, mean (SD) 
8.1  

(4.8) 

8.3  

(5.2) 

Disabled (per eligibility cat.), % 8.1 5.6 

Female, % 48.7 48.6 
 

  
Asian, % 3.2 4.8 

Black, % 33.0 23.1 

Hispanic, % 11.5 13.3 

White, % 38.3 41.0 

Other, % 14.0 17.8 
 

  
Baseline mental health utilization – Annual   

Outpatient therapy, mean (SD) 
0.77  

(4.84) 

0.45  

(3.49) 

Acute mental health use (ED & inpatient), mean 

(SD) 

0.017  

(0.207) 

0.008  

(0.129) 

Mental health prescription use, mean (SD) 
1.17 

 (5.10) 

0.80  

(3.96) 

 

Notes: Table 1 shows the descriptive statistics for the sample of movers and non-movers 

used in the event study and ZIP-specific place effect estimate analyses. Race and sex are 

self-reported by enrollees or their parents upon enrollment in Medicaid. 
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Event studies 

The event studies from Equation 1 for all outcomes showed a sharp change in utilization 

at the year of move, following a steady coefficient around prior to the move (Figure 3.1). This 

confirms that the key assumption of this approach is likely met: pre-move utilization was not 

systematically trending toward or away from the destination ZIP’s mean. The post-move 

coefficients are interpreted as how much enrollees converged toward their new neighborhood’s 

mean. For example, the post-move coefficients for the therapy effects are around 0.4, indicating 

movers covered about 40% of the spread between their origin’s mean and destination’s mean 

upon moving – or, that 40% of therapy utilization is attributable to places rather than person-

specific factors. The coefficients for acute care are around 30%, and the coefficients for mental 

health prescriptions are around 8%. These models include the main effects of the relative year 

indicators, which absorb the general impact of moving common across all moves. Sensitivity 

analyses using a balanced panel, limiting to children without disabilities or older children, and 

iteratively excluding each state resulted in largely similar results, although the estimates became 

more variable as the sample decreases (Appendix Tables 3.A4 and 3.A5). 

Another way to estimate and depict movers’ convergence toward their destination 

neighborhood’s utilization is to plot the mean change in movers’ utilization against the area-level 

destination-origin difference in mean utilization. The slope of the resulting scatterplot should 

roughly correspond to the coefficient obtained in the event studies. For example, a slope of 0.75 

would indicate that a 1-unit increase in mean utilization in the destination neighborhood relative 

to the origin neighborhood corresponds to a 0.75-unit increase utilization in a movers’ utilization 

upon making that move (or, that 75% of utilization is attributable to places rather than person-

specific factors). Higher coefficients would imply places explain a large portion of geographic 
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variation, while coefficients close to zero would imply that person-specific factors explain a 

large portion of geographic variation. This plot can also show whether there is symmetry in the 

effect of moving from a low-utilization place to a high-utilization place and vice versa.  

Figure 3.2 shows these plots for each of the outcomes, using binned points to aggregate 

the data into 500 groups for visualization. These plots are descriptive in nature and intended to 

orient readers to the data, and they do not control for any covariates included in Equations 1 or 2. 

However, the slope of the plots roughly aligns with the estimate of the portion of variation due to 

place estimated in the event studies above, which we would expect. These plots show that a 

Figure 3.1: Event studies of all outcomes 

Notes: Figure 3.1 shows event study coefficients estimated from Equation 1, with the year of 

the move (rel_year = 0) held out as the reference. The coefficients come from the interaction 

of the relative year indicators and the difference between the enrollee’s destination ZIP’s cross-

sectional mean and the origin ZIP’s cross-sectional mean. Standard errors are clustered at the 

enrollee level. 
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move to a ZIP code with a 1-unit higher outpatient therapy utilization rate corresponded to a 

0.39-unit change in therapy use for movers (95% CI: 0.37, 0.41); a move to a ZIP code with a 1-

unit higher acute mental health utilization rate corresponded to a 0.28-unit change in acute 

mental health use (95% CI: 0.23, 0.32); and a move to a ZIP code with a 1-unit higher mental 

health prescription utilization rate corresponded to a 0.08-unit change in prescription use (95% 

CI: 0.07, 0.09). The place effects for prescription use show a less linear or symmetric pattern 

than the other outcomes. Specifically, moves toward places with lower cross-sectional 

prescription use do not seem to dampen utilization by the same degree that moves to higher-

utilization places increase utilization. 

Figure 3.2: Change in Utilization by Size of Move 

Notes: Figure 3.2 plots the mean change in the cross-sectional means between enrollees’ 

destination and origin ZIPs against the movers’ own mean change in utilization. These figures 

bin points into 500 groups for easier visualization. 
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The dose-response nature of the place effects, in which moves from high-utilization to 

low-utilization neighborhoods result in relative drops in utilization and vice versa, can also be 

shown by categorizing the cross-sectional area-level utilization rates into quartiles and estimating 

the increase or decrease in movers’ utilization for each type of move (e.g., Q1-Q4 move, Q4-Q1 

move, etc.), relative to a “stable” move (e.g., a Q2-Q2 move).  These estimates are shown in 

Appendix Figure 3.A2. These figures, which come from a model controlling for the same 

covariates as Equation 1, suggest more symmetry for prescription utilization.  

ZIP-specific place effect estimates  

 To obtain the ZIP-specific place effects, we estimated Equation 2, which fits an OLS 

model with individual and ZIP-code fixed effects and stabilizes the resulting ZIP effects using 

Empirical Bayes shrinkage. For outpatient therapy, place effects across the ZIP codes ranged 

from -0.82 fewer (1st percentile) to 1.14 additional (99th percentile) therapy visits upon moving to 

the given neighborhood (SD: 0.32), off of a mean baseline rate of 0.77 visits. For acute mental 

health use, place effects ranged from -0.029 fewer to 0.041 additional acute visits upon moving 

(SD: 0.012), off of a mean baseline rate of 0.017 visits. For mental health prescription use, place 

effects ranged from -0.81 fewer to 1.05 additional prescription fills upon moving (SD: 0.34), off 

of a mean baseline rate 1.17 fills. The distributions of place effects within each state are 

visualized as overlayed histograms in Figure 3.3. Even though the effects were shrunk toward the 

mean to stabilize them due to the relatively small number of movers to or from any ZIP, they 

take on a wide range, including up to double the baseline mean. This indicates that places can 

both causally increase utilization and causally dampen utilization by meaningful margins.  

The associations between the place effects for each pair of outcomes (outpatient, acute, 

and prescription) were positive, indicating that different types of mental health care may be 
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complements rather than substitutes among children on Medicaid, at least to some degree. These 

relationships are shown in Figure 3.4. A ZIP that had a 1-visit greater place effect for therapy 

corresponded to a 0.005-visit higher acute care place effect (95% CI: 0.004, 0.007) and a 0.26-

unit higher place effect for prescriptions (95% CI: 0.23, 0.29). A 1-visit greater mental health 

prescription place effect corresponded to a 0.010-visit higher therapy place effect (95% CI: 

0.008, 0.011).  

 

Correlates of the place effects 

We tested correlations between the place effects and a range of other area-level 

characteristics to generate hypotheses about potential mechanisms driving the place effects 

estimated above. Figure 3.5 shows correlations between the place effects for each outcome with 

measures of neighborhood disadvantage (share on public assistance, share of adults without a 

Figure 3.3: Distributions of ZIP code place effects 

Notes: Figure 3.3 shows histograms of the ZIP-specific place effects estimated from Equation 

2. The place effects were estimated within each state and the shrunk toward the mean using 

Empirical Bayes shrinkage.  
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high school degree, and crime rates), measures of access to mental health care (total mental 

health providers per capita and inpatient psychiatric beds per capita), and measures of the school 

environment (discipline rates and school psychologists per student). All correlates and the place 

effects themselves were standardized to have a mean 0 and SD of 1 for this exercise, for ease of 

interpretation and uniform comparison across correlates, following the methods of prior movers 

analyses (Finkelstein, Gentzkow, and Williams 2016; Ding 2023).  

The first correlation in each panel of Figure 3.5 shows the relationship between the place 

effects and the cross-sectional estimates of utilization from non-movers (i.e., the rates many 

studies would use to characterize neighborhood variation). This is useful for assessing how 

Figure 3.4: Correlations between the place effects estimated for the three outcomes 

Notes: Figure 3.4 shows correlations between the place effects estimated from Equation 2 for 

each of the pairs of outcomes (therapy vs prescription use, therapy vs acute use, and 

prescription vs acute use). The plots bin points into 100 groups for easier visualization. 
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closely simple cross-sectional geographic variation tracks with the causal portion of place-based 

variation, and it provides some context for the size of a relationship that might be a practical 

“upper bound” for other correlates, as it is unlikely that any correlate or mechanism would be 

more closely associated with the place effects than the cross-sectional rates themselves.  

This exercise shows that a 1-standard deviation increase in an area’s cross-sectional 

therapy utilization was associated with a 0.33 SD increase in the therapy place effect (95% CI: 

0.30, 0.36). The therapy place effects were modestly negatively correlated with some measures 

of neighborhood disadvantage, like the share on public assistance and the share of adults with 

less than a high school education, but uncorrelated with city-level violent crime. Therapy place 

effects were modestly positively associated with the supply of mental health professionals, 

school psychologists, and psychiatric beds. They were uncorrelated with school discipline rates.  

For acute care mental health use, a 1-standard deviation increase in an area’s cross-

sectional acute care use was associated with a 0.17 SD increase in the acute care place effect 

(95% CI: 0.14, 0.20). The acute care place effects were slightly positively associated with the 

share on public assistance and the city-level violent crime rate. Like place effects for therapy, the 

acute care place effects were modestly positively associated with the supply of mental health 

professionals and psychiatric inpatient beds, yet they were negatively associated with the rate of 

school psychologists. The acute care place effects were uncorrelated with school discipline rates. 

For mental health prescription use, a 1-standard deviation increase in an area’s cross-

sectional prescription utilization was associated with a 0.15 SD increase in the prescription place 

effect (95% CI: 0.13, 0.19). The prescription place effects were largely uncorrelated with any 

neighborhood characteristics, although both school environment characteristics (school 

discipline and school psychologists) showed a moderately positive association.  
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Discussion 

The mental health of children and adolescents in the U.S. is a growing concern among 

policymakers, parents, and health care providers, and prior literature has described vast 

geographic variation across places. This variation would imply that neighborhoods may play a 

Figure 3.5: Correlations between the place effects and neighborhood characteristics 

Notes: Figure 3.5 shows correlations between the place effects estimated from Equation 2 with 

neighborhood characteristics. See Methods for information on data sources. 
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causal role in shaping youth mental health utilization, diagnosis rates, and outcomes, through 

channels like school environments, provider access and quality, or neighborhood deprivation. 

Yet, simple cross-sectional rates comparing utilization or outcomes across places cannot shed 

light on how much of mental health utilization is actually driven by factors specific to the places 

themselves, versus how much is a result of the preferences, baseline health, risk profile, or health 

behaviors people carry with them as they move from place to place.  

This paper leveraged a quasi-experimental “movers” design to test whether places 

themselves shape pediatric mental health utilization, by following Medicaid-enrolled children in 

eight states who moved neighborhoods within their state between 2007 and 2014. By examining 

the extent to which their mental health utilization and outcomes changed to look more like the 

average utilization in their new neighborhood upon moving, we can decompose the share of 

utilization attributable to places and the share attributable to person-specific factors. If places 

were entirely responsible for variation in youth mental health, we would expect movers’ 

utilization to quickly change to look very similar to the mean in their destination neighborhood; 

in contrast, if places played no role in driving variation, we would expect utilization to move 

very little toward the mean of their destination neighborhood upon moving.  

The core findings of this paper demonstrate that neighborhoods do play a causal role in 

youth mental health utilization, particularly with respect to outpatient therapy use, for which 

39% of utilization is driven by places. Places drive a slightly smaller share of acute mental health 

use (28%) and a much smaller share of mental health prescription medication use (8%). This 

suggests that a relatively large share of variation for medication use in particular is attributable to 

person-specific factors, which would likely generate similar medication use patterns no matter 

where those children lived (e.g., due to family environment and parenting styles, personal 
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preferences or cultural beliefs about mental health, genetic profile and baseline health). The 

larger role of place effects on outpatient mental health utilization relative to psychotropic 

medication use is consistent with recent evidence from a Medicare (older adult) population (Ding 

2023) and may be due to the greater degree of “habit formation” with something like medication 

use. However, the fact that detectable neighborhood effects exist for all three of these mental 

health utilization metrics suggests that there are likely place-based policies that can improve 

child wellbeing. These effects may reflect that neighborhoods cause an increase in need for 

mental health care (pure demand), an increase in utilization among children with a preexisting 

need for mental health care (e.g., through better access), or a combination of the two. These 

different explanations will be explored in more detail below. 

The place effects captured in this study had a number of notable features that might 

inform how policymakers respond to place-based differences in youth mental health. First, the 

place effects were generally symmetric, in that moving to a high-utilization neighborhood 

generally increased utilization and moving to a low-utilization neighborhood generally 

dampened utilization. As discussed in other papers leveraging the movers design (Finkelstein, 

Gentzkow, and Williams 2016), symmetry in the place effects generally suggests that health 

system use is fairly mutable and not hugely shaped by factors like habit formation. If children 

simply got into the habit of attending weekly therapy visits like they did sports practice or 

homework assignments, for example, we would expect patterns to not change much even when 

moving to a very low-utilization place. Rather, it appears that neighborhood-specific factors can 

influence the utilization of even those children who moved from high- to low-utilization places. 

The evidence of symmetry was somewhat weaker for prescription use, which may be somewhat 

“stickier”: people moving from high- to low-utilization places did not see as much of a decrease 
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in utilization as would be expected based on the pattern of utilization increases for people going 

from low- to high-utilization areas. What mechanisms drive the place effects, especially for 

therapy and acute care use, is less clear from this analysis, but future work should explore factors 

like differential exposure to events that could trigger a need for therapy visits or emergency care 

(e.g., less bullying), less accessibility of Medicaid-accepting therapists or hospitals, or different 

standards or norms of local therapists around appropriate frequency of pediatric therapy visits or 

referral tendencies.  

 In general, the place effects for all three metrics in this study – outpatient therapy, acute 

(ED and inpatient) mental health use, and mental health prescriptions – were only modestly 

correlated with neighborhood characteristics that might be expected to influence pediatric mental 

health. For example, economically deprived neighborhoods had modestly lower place effects for 

therapy use and prescription use, while crime rates were modestly positively correlated with 

acute mental health use. Though the correlations are somewhat small in magnitude, these 

findings nonetheless confirm the popular (and common-sense) perception that neighborhood 

deprivation and safety may be reasonable areas to focus on in policy efforts to improve child 

mental health. Recent quasi-experimental analyses have identified school settings as particularly 

important for child mental health, operating via access to school-based mental health resources 

(Golberstein et al. 2024) and exposure to bullying (Hansen, Sabia, and Schaller 2024). Obtaining 

better measures of school environments to test as correlates of the place effects would improve 

our understanding of the role schools play in shaping neighborhood effects. 

All three types of utilization were moderately correlated with the supply of mental health 

care in a neighborhood. This could suggest either that (1) providers are locating themselves in 

places with the greatest need, or (2) some portion of utilization is driven by providers being more 
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accessible or eager to treat (e.g., due to provider beliefs, insurance acceptance, or treatment 

styles). Given the high burden of un- or under-treated mental illness to children, families, and 

society (Arias, Saxena, and Verguet 2022; Centers for Disease Control and Prevention 2022; 

Taylor et al. 2023; Glied and Pine 2002), better access to care may be valuable, assuming that 

providers are offering high-value and appropriate services. The presence of more mental health 

professionals in the inpatient, outpatient, and school settings in a community may also reflect 

general cultural acceptance of mental health care, provider beliefs about treating childhood 

mental illness, acceptance of Medicaid, and a lower level of mental health stigma, resulting in 

more utilization of care in certain neighborhoods, even if need is relatively constant. 

Alternatively, if the correlation between more providers and more utilization is simply reflecting 

that providers are locating themselves in areas of greatest need, this implies that supply is 

appropriately aligning with variation in pure underlying demand. Better data on provider 

behavior, beliefs, and acceptance of Medicaid insurance, as well as better data on symptoms or 

underlying “need” for mental health care beyond what is reflected in claims data, will be helpful 

to understanding the relationship between concentration of mental health providers and pediatric 

use of mental health care. 

Interestingly, the place effects for all three forms of utilization also tended to track 

together: areas with high place effects for therapy also tend to be the same places with high place 

effects for acute care use and prescription use. This finding suggests that these different types of 

adolescent mental health utilization are probably complements rather than substitutes, at least to 

some degree. This result is unsurprising for therapy and prescription use: for most mental health 

conditions requiring medication, especially among children, dual treatment with therapy is 

typically recommended and expected (Guideline Development Panel for the Treatment of 
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Depressive Disorders 2019). This result may be somewhat more surprising for acute care use, as 

it is reasonable to expect that areas that generate more therapy utilization might have better 

“outcomes” – i.e., averted acute care use for mental health diagnoses. Whether outpatient care 

can prevent (and thus “offset”) inpatient care is a subject of continued debate (Newhouse 2023; 

Henke et al. 2021; Olfson, Sing, and Schlesinger 2018; Chandra, Gruber, and McKnight 2010). 

However, as discussed above, it is possible that these neighborhoods with high therapy and high 

acute care place effects are simply the places with the most risk factors that generate the greatest 

need among the children who live there, due to factors unrelated to the health system (e.g., peer 

influences and bullying, deprivation or lack of opportunity). This need could then manifest itself 

as either outpatient utilization or inpatient utilization, or both, depending on the child – but might 

ultimately just be reflected as more total utilization at the population level. While none of the 

neighborhood characteristics tested in this analysis showed extremely strong correlations with 

the place effects, it is likely that there are many other unmeasured mechanisms that could 

simultaneously drive increased need for both therapy and inpatient mental health use (e.g., 

bullying) and support this explanation. Alternatively, the positive correlation between these place 

effects may also simply reflect greater acceptance of Medicaid insurance, beliefs about mental 

health diagnosis and treatment in general, or different referral networks in these areas, as 

explained above. Disentangling this finding with better area-level measures of the provider and 

social environments will be an important area for future work.  

The main goal of this analysis was to separate out the causal portion of geographic 

variation from the portion due to person-specific factors as people with different needs, risk 

factors, and preferences sort into different geographic areas. This is an advantage over much of 

the literature on geographic variation in pediatric mental health, which use point-in-time cross-
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sectional estimates and risk conflating both the person-specific influence and a place’s influence. 

However, the goal of this analysis is not to say that such cross-sectional rates across geographic 

areas are not worth computing, mapping, and publishing. Although they may not truly reflect the 

influence of the neighborhoods themselves on utilization, such analyses are nonetheless essential 

for resource allocation, disease surveillance, and planning. Whether due to causal place effects or 

not, the knowledge that a certain neighborhood has unusually high rates of teen depression or 

ADHD, or alarming rates of childhood antipsychotic use, or frequent admissions for suicidality 

can be essential for local providers and policymakers to take swift action to meet the urgent 

needs of those populations. At the same time, identifying neighborhoods and neighborhood 

characteristics that actively generate worse or better pediatric mental health or actively generate 

different treatment rates in a causal sense is essential for longer-term policy design. Creating 

neighborhoods that foster opportunity, promote healthy behaviors, keep children safe, and ensure 

equitable access to high-quality, appropriate mental health care are policy activities that can be 

better-informed by estimating the causal place effects of neighborhoods. 

This study represents a step forward in bringing more nuance to the discussion of 

geographic variation in pediatric mental health by decoupling person-specific factors from place 

effects. However, it has a number of limitations. First, estimating causal effects at the ZIP code 

level is useful for commenting on the highly local scale at which places can matter. However, 

ZIP codes are small geographies, and any given ZIP code only has a relatively small number of 

people moving to or from it, causing the place-specific estimates to be relatively noisy with large 

variance. Using the Empirical Bayes shrinkage method helps stabilize these estimates, but 

increasing sample sizes – e.g., by incorporating information from other payers, or having more 

years of data – would ultimately improve the estimation of ZIP-specific place effects. 
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Additionally, comparing the place effects from ZIP-to-ZIP moves to those from moves between 

other geographies would be an informative future area of work.  

Another major limitation of this analysis is that only health care services reimbursed by 

Medicaid are observable in these data. Children may be receiving formal or informal therapy or 

mental health treatment through channels that do not bill Medicaid, including community 

programs or school services outside Medicaid’s purview. Likewise, these utilization metrics 

alone do not lend themselves to a single clear interpretation. For example, they cannot tell us 

whether more utilization is positive or negative for child wellbeing, given concerns of over-

diagnosis or over-utilization of certain conditions and medications, like ADHD or antipsychotics 

(Freedman et al. 2024; U.S. Government Accountability Office 2012). It is also possible these 

measures may, to some degree, be simply picking up differences in coding behavior rather than 

real differences in utilization, as coding has been shown to vary by provider even within states 

(Corredor-Waldron and Currie 2024; Dragan et al. 2022). Even a metric that might in theory be 

an indicator of need and severity, like acute mental health use, may be reflecting provider referral 

styles, Medicaid access, or other factors unrelated to true severity of mental health. 

Finally, the neighborhood characteristics available to use as correlates are limited. Few 

data sets are available at the ZIP code level or similar geographic scale, requiring some 

characteristics to have to be assigned at larger geographies (e.g., city-level crime rates). This 

introduces measurement error, as all ZIPs within a city will be assigned the same crime rate, 

when the ZIP-level crime rates within that city likely actually meaningfully differ. Similarly, the 

data available to capture the characteristics is often only a proxy for the construct we are actually 

interested in. For provider supply, for instance, we are unable to capture how many providers 

actually accept Medicaid patients and instead use the total number of mental health professionals 
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or inpatient psychiatric beds as a proxy. Recent evidence has shown that, even when providers 

claim to accept Medicaid, few actually see Medicaid patients (Ludomirsky et al. 2022), 

suggesting that obtaining accurate measures of “access” for Medicaid patients is fraught. 

Likewise, while it would be ideal to have comprehensive data on schools (e.g., bullying), such 

data are incomplete and inconsistently measured. We instead rely on discipline 

(expulsion/suspension) rates as a proxy. Collecting better data that more closely captures policy-

relevant constructs would be a valuable step forward.  

Conclusion 

This paper adds new clarity around the role of neighborhoods in generating geographic 

variation in pediatric mental health utilization by documenting that places account for 39% of 

ZIP code variation in therapy use and 28% of variation in acute mental health use. The rest of the 

variation in these outcomes, as well as a great majority of variation in mental health prescription 

use, is likely due to person-specific factors that may generate similar utilization regardless of the 

place. Policies addressing under- or over-diagnosis rates or appropriate or inappropriate use of 

mental health care can be better informed when policymakers, patients, and providers understand 

what forms of utilization are heavily shaped by the places where people live, rather than the 

underlying compositional differences of people living in different geographic areas. Childhood 

therapy utilization and acute mental health care use may be issues where place-based policies 

might be especially relevant. High-quality data on features of neighborhoods at fine geographic 

resolutions – e.g., bullying rates, Medicaid acceptance – will be essential to future work 

understanding the particular neighborhood-level mechanisms at play.  



104 
 

References 

Alegría, Margarita, Jennifer Greif Green, Katie A. McLaughlin, and Stephen Loder. 2015. 

“Disparities in Child and Adolescent Mental Health and Mental Health Services in the 

U.S.” William T. Grant Foundation Inequality Papers. New York, NY: William T Grant 

Foundation. http://cfs.cbcs.usf.edu/projects-

research/_docs/Disparities_in_child_and_adolescent_health.pdf. 

American Community Survey. 2024. “Socioeconomic Status and Demographic Characteristics.” 

National Neighborhood Data Archive. 

https://nanda.isr.umich.edu/project/socioeconomic-status-and-demographic-

characteristics/. 

Arakelyan, Mary, Seneca Freyleue, Divya Avula, Jennifer L. McLaren, A. James O’Malley, and 

JoAnna K. Leyenaar. 2023. “Pediatric Mental Health Hospitalizations at Acute Care 

Hospitals in the US, 2009-2019.” JAMA 329 (12): 1000–1011. 

https://doi.org/10.1001/jama.2023.1992. 

Arcaya, Mariana C., Ingrid Gould Ellen, and Justin Steil. 2024. “Neighborhoods And Health: 

Interventions At The Neighborhood Level Could Help Advance Health Equity.” Health 

Affairs 43 (2): 156–63. https://doi.org/10.1377/hlthaff.2023.01037. 

Arcaya, Mariana C., Corina Graif, Mary C. Waters, and S. V. Subramanian. 2016. “Health 

Selection into Neighborhoods Among Families in the Moving to Opportunity Program.” 

American Journal of Epidemiology 183 (2): 130–37. https://doi.org/10.1093/aje/kwv189. 

Arcaya, Mariana C., S. V. Subramanian, Jean E. Rhodes, and Mary C. Waters. 2014. “Role of 

Health in Predicting Moves to Poor Neighborhoods among Hurricane Katrina Survivors.” 

Proceedings of the National Academy of Sciences 111 (46): 16246–53. 

https://doi.org/10.1073/pnas.1416950111. 

Arias, Daniel, Shekhar Saxena, and Stéphane Verguet. 2022. “Quantifying the Global Burden of 

Mental Disorders and Their Economic Value.” eClinicalMedicine 54 (December). 

https://doi.org/10.1016/j.eclinm.2022.101675. 

Baranyi, Gergő, Martín Hernán Di Marco, Tom C. Russ, Chris Dibben, and Jamie Pearce. 2021. 

“The Impact of Neighbourhood Crime on Mental Health: A Systematic Review and 

Meta-Analysis.” Social Science & Medicine 282 (August): 114106. 

https://doi.org/10.1016/j.socscimed.2021.114106. 

Bergman, Peter, Raj Chetty, Stefanie DeLuca, Nathaniel Hendren, Lawrence F. Katz, and 

Christopher Palmer. 2024. “Creating Moves to Opportunity: Experimental Evidence on 

Barriers to Neighborhood Choice.” American Economic Review Forthcoming. 

https://doi.org/10.1257/aer.20200407. 

Boje-Kovacs, Bence, Jane Greve, and Cecilie D. Weatherall. 2023. “Neighborhoods and Mental 

Health—Evidence from a Natural Experiment in the Public Social Housing Sector.” 



105 
 

Journal of Population Economics 36 (2): 911–34. https://doi.org/10.1007/s00148-022-

00922-0. 

Butler, Ashley M., Marc Kowalkowski, Heather A. Jones, and Jean L. Raphael. 2012. “The 

Relationship of Reported Neighborhood Conditions with Child Mental Health.” 

Academic Pediatrics 12 (6): 523–31. https://doi.org/10.1016/j.acap.2012.06.005. 

Centers for Disease Control and Prevention. 2022. “Data and Statistics on Children’s Mental 

Health.” Centers for Disease Control and Prevention. June 3, 2022. 

https://www.cdc.gov/childrensmentalhealth/data.html. 

Chandra, Amitabh, Jonathan Gruber, and Robin McKnight. 2010. “Patient Cost-Sharing and 

Hospitalization Offsets in the Elderly.” The American Economic Review 100 (1): 193–

213. https://doi.org/10.1257/aer.100.1.193. 

Chetty, Raj, Nathaniel Hendren, Patrick Kline, and Emmanuel Saez. 2014. “Where Is the Land 

of Opportunity? The Geography of Intergenerational Mobility in the United States *.” 

The Quarterly Journal of Economics 129 (4): 1553–1623. 

https://doi.org/10.1093/qje/qju022. 

Christensen, Peter, and Christopher Timmins. 2022. “Sorting or Steering: The Effects of Housing 

Discrimination on                         Neighborhood Choice.” Journal of Political Economy 

130 (8): 2110–63. https://doi.org/10.1086/720140. 

Chua, Kao-Ping, Anna Volerman, Jason Zhang, Joanna Hua, and Rena M. Conti. 2024. 

“Antidepressant Dispensing to US Adolescents and Young Adults: 2016–2022.” 

Pediatrics 153 (3): e2023064245. https://doi.org/10.1542/peds.2023-064245. 

Clampet-Lundquist, Susan, Kathryn Edin, Jeffrey R. Kling, and Greg J. Duncan. 2011. “Moving 

Teenagers Out of High-Risk Neighborhoods: How Girls Fare Better than Boys.” 

American Journal of Sociology 116 (4): 1154–89. https://doi.org/10.1086/657352. 

Cook, Benjamin L., Nicholas J. Carson, E. Nilay Kafali, Anne Valentine, Juan David Rueda, 

Sarah Coe-Odess, and Susan Busch. 2017. “Examining Psychotropic Medication Use 

among Youth in the U.S. by Race/Ethnicity and Psychological Impairment.” General 

Hospital Psychiatry 45 (March): 32–39. 

https://doi.org/10.1016/j.genhosppsych.2016.12.004. 

Cook, Benjamin L., Samuel H. Zuvekas, Jie Chen, Ana Progovac, and Alisa K. Lincoln. 2017. 

“Assessing the Individual, Neighborhood, and Policy Predictors of Disparities in Mental 

Health Care.” Medical Care Research and Review 74 (4): 404–30. 

https://doi.org/10.1177/1077558716646898. 

Corredor-Waldron, Adriana, and Janet Currie. 2024. “To What Extent Are Trends in Teen 

Mental Health Driven by Changes in Reporting?: The Example of Suicide-Related 

Hospital Visits.” Journal of Human Resources 59 (2). https://doi.org/10.3368/jhr.0423-

12854R1. 



106 
 

Council of Economic Advisers. 2022. “Reducing the Economic Burden of Unmet Mental Health 

Needs.” The White House. May 31, 2022. https://www.whitehouse.gov/cea/written-

materials/2022/05/31/reducing-the-economic-burden-of-unmet-mental-health-needs/. 

Criminal Justice Information Services Division. 2012. “Offenses Known to Law Enforcement.” 

U.S. Department of Justice. https://ucr.fbi.gov/crime-in-the-u.s/2012/crime-in-the-u.s.-

2012/tables/8tabledatadecpdf/table_8_offenses_known_to_law_enforcement_by_state_b

y_city_2012.xls/view. 

Currie, Janet, Paul Kurdyak, and Jonathan Zhang. 2024. “Socioeconomic Status and Access to 

Mental Health Care: The Case of Psychiatric Medications for Children in Ontario 

Canada.” Journal of Health Economics 93 (January): 102841. 

https://doi.org/10.1016/j.jhealeco.2023.102841. 

Deryugina, Tatyana, and David Molitor. 2020. “Does When You Die Depend on Where You 

Live? Evidence from Hurricane Katrina.” American Economic Review 110 (11): 3602–

33. https://doi.org/10.1257/aer.20181026. 

Diez Roux, Ana V. 2016. “Neighborhoods and Health: What Do We Know? What Should We 

Do?” American Journal of Public Health 106 (3): 430–31. 

https://doi.org/10.2105/AJPH.2016.303064. 

Ding, Hui. 2023. “Geographic Variation in Mental Health Treatment Utilization: Evidence from 

Migration.” SSRN Scholarly Paper. Rochester, NY. 

https://doi.org/10.2139/ssrn.4487660. 

Dragan, Kacie L., Sunita M. Desai, John Billings, and Sherry A. Glied. 2022. “Association of 

Insurance Mix and Diagnostic Coding Practices in New York State Hospitals.” JAMA 

Health Forum 3 (9): e222919. https://doi.org/10.1001/jamahealthforum.2022.2919. 

Dragan, Kacie L., Ingrid Gould Ellen, and Sherry A. Glied. 2019. “Gentrification And The 

Health Of Low-Income Children In New York City.” Health Affairs 38 (9): 1425–32. 

https://doi.org/10.1377/hlthaff.2018.05422. 

Ellis, Wendy R., Colleen Huebner, Ann Vander Stoep, and Michelle A. Williams. 2012. 

“Washington State Exhibits Wide Regional Variation In Proportion Of Medicaid-Eligible 

Children Who Get Needed Mental Health Care.” Health Affairs 31 (5): 990–99. 

https://doi.org/10.1377/hlthaff.2011.0747. 

Finkelstein, Amy, Matthew Gentzkow, and Heidi Williams. 2016. “Sources of Geographic 

Variation in Health Care: Evidence from Patient Migration.” The Quarterly Journal of 

Economics 131 (4): 1681–1726. https://doi.org/10.1093/qje/qjw023. 

———. 2021. “Place-Based Drivers of Mortality: Evidence from Migration.” American 

Economic Review 111 (8): 2697–2735. https://doi.org/10.1257/aer.20190825. 

Freedman, Seth, Kelli Marquardt, Dario Salcedo, Kosali Simon, and Coady Wing. 2024. 

“Societal Disruptions and Childhood ADHD Diagnosis During the COVID-19 



107 
 

Pandemic.” Journal of Human Resources 59 (2). https://doi.org/10.3368/jhr.1222-

12708R2. 

Glied, Sherry, and Daniel S. Pine. 2002. “Consequences and Correlates of Adolescent 

Depression.” Archives of Pediatrics & Adolescent Medicine 156 (10): 1009–14. 

https://doi.org/10.1001/archpedi.156.10.1009. 

Golberstein, Ezra, Irina Zainullina, Aaron Sojourner, and Mark A. Sander. 2024. “Effects of 

School-Based Mental Health Services on Youth Outcomes.” Journal of Human 

Resources 59 (2). https://doi.org/10.3368/jhr.1222-12703R2. 

Graves, Janessa M., Demetrius A. Abshire, Jessica L. Mackelprang, Julia A. Dilley, Solmaz 

Amiri, Christina M. Chacon, and Anne Mason. 2023. “Geographic Disparities in the 

Availability of Mental Health Services in U.S. Public Schools.” American Journal of 

Preventive Medicine 64 (1): 1–8. https://doi.org/10.1016/j.amepre.2022.09.003. 

Guideline Development Panel for the Treatment of Depressive Disorders. 2019. “APA Clinical 

Practice Guideline for the Treatment of Depression Across Three Age Cohorts.” 

Washington, D.C.: American Psychological Association. 

https://doi.apa.org/doi/10.1037/e505892019-001. 

Hansen, Benjamin, Joseph J. Sabia, and Jessamyn Schaller. 2024. “In-Person Schooling and 

Youth Suicide: Evidence from School Calendars and Pandemic School Closures*.” 

Journal of Human Resources 59 (2). https://doi.org/10.3368/jhr.1222-12710R2. 

Health Resources & Services Administration. 2024. “Area Health Resources Files.” HRSA Data 

Warehouse. https://data.hrsa.gov/topics/health-workforce/ahrf. 

Henke, Rachel Mosher, Michael A. Head, Jessica Camacho-Cook, Janice R. Lin, and 

Christopher D. Carroll. 2021. “Cost Offsets of Treatment for Serious Mental Illness and 

Substance Use Disorder.” Psychiatric Services 72 (9): 1006–11. 

https://doi.org/10.1176/appi.ps.201900445. 

Hoagwood, Kimberly, Barbara J. Burns, Laurel Kiser, Heather Ringeisen, and Sonja K. 

Schoenwald. 2001. “Evidence-Based Practice in Child and Adolescent Mental Health 

Services.” Psychiatric Services 52 (9): 1179–89. 

https://doi.org/10.1176/appi.ps.52.9.1179. 

Hoffmann, Jennifer A., Anne M. Stack, Mihail Samnaliev, Michael C. Monuteaux, and Lois K. 

Lee. 2019. “Trends in Visits and Costs for Mental Health Emergencies in a Pediatric 

Emergency Department, 2010–2016.” Academic Pediatrics 19 (4): 386–93. 

https://doi.org/10.1016/j.acap.2019.02.006. 

Hsiang, Walter R., Adam Lukasiewicz, Mark Gentry, Chang-Yeon Kim, Michael P. Leslie, 

Richard Pelker, Howard P. Forman, and Daniel H. Wiznia. 2019. “Medicaid Patients 

Have Greater Difficulty Scheduling Health Care Appointments Compared With Private 

Insurance Patients: A Meta-Analysis.” Inquiry: A Journal of Medical Care Organization, 



108 
 

Provision and Financing 56 (April): 0046958019838118. 

https://doi.org/10.1177/0046958019838118. 

Johnson, William C., and Jean Fuglesten Biniek. 2021. “Sources of Geographic Variation in 

Health Care Spending Among Individuals With Employer Sponsored Insurance.” 

Medical Care Research and Review 78 (5): 548–60. 

https://doi.org/10.1177/1077558720926095. 

Keyes, Katherine M., Dahsan Gary, Patrick M. O’Malley, Ava Hamilton, and John Schulenberg. 

2019. “Recent Increases in Depressive Symptoms among US Adolescents: Trends from 

1991 to 2018.” Social Psychiatry and Psychiatric Epidemiology 54 (8): 987–96. 

https://doi.org/10.1007/s00127-019-01697-8. 

Kling, Jeffrey R., Jeffrey B. Liebman, and Lawrence F. Katz. 2007. “Experimental Analysis of 

Neighborhood Effects.” Econometrica 75 (1): 83–119. 

Lebrun-Harris, Lydie A., Reem M. Ghandour, Michael D. Kogan, and Michael D. Warren. 2022. 

“Five-Year Trends in US Children’s Health and Well-Being, 2016-2020.” JAMA 

Pediatrics 176 (7): e220056. https://doi.org/10.1001/jamapediatrics.2022.0056. 

Li, Yanmei, Xiaofang Yan, Qishan Li, Qian Li, Guifeng Xu, Jinhua Lu, and Wenhan Yang. 

2023. “Prevalence and Trends in Diagnosed ADHD Among US Children and 

Adolescents, 2017-2022.” JAMA Network Open 6 (10): e2336872. 

https://doi.org/10.1001/jamanetworkopen.2023.36872. 

Lo, Charmaine B., Jeffrey A. Bridge, Junxin Shi, Lorah Ludwig, and Rachel M. Stanley. 2020. 

“Children’s Mental Health Emergency Department Visits: 2007–2016.” Pediatrics 145 

(6): e20191536. https://doi.org/10.1542/peds.2019-1536. 

Ludomirsky, Avital B., William L. Schpero, Jacob Wallace, Anthony Lollo, Susannah Bernheim, 

Joseph S. Ross, and Chima D. Ndumele. 2022. “In Medicaid Managed Care Networks, 

Care Is Highly Concentrated Among A Small Percentage Of Physicians.” Health Affairs 

41 (5): 760–68. https://doi.org/10.1377/hlthaff.2021.01747. 

Ludwig, Jens, Greg J Duncan, Lisa A Gennetian, Lawrence F Katz, Ronald C Kessler, Jeffrey R 

Kling, and Lisa Sanbonmatsu. 2013. “Long-Term Neighborhood Effects on Low-Income 

Families: Evidence from Moving to Opportunity.” American Economic Review 103 (3): 

226–31. https://doi.org/10.1257/aer.103.3.226. 

Mayne, Stephanie L., Michelle E. Ross, Lihai Song, Banita McCarn, Jennifer Steffes, Weiwei 

Liu, Benyamin Margolis, et al. 2016. “Variations in Mental Health Diagnosis and 

Prescribing Across Pediatric Primary Care Practices.” Pediatrics 137 (5): e20152974. 

https://doi.org/10.1542/peds.2015-2974. 

McClellan, Mark, and Douglas Staiger. 2000. “Comparing the Quality of Health Care 

Providers.” In Frontiers in Health Policy Research, Volume 3, edited by Alan M. Garber, 

113–36. MIT Press. https://www.nber.org/books-and-chapters/frontiers-health-policy-

research-volume-3/comparing-quality-health-care-providers. 



109 
 

Merikangas, Kathleen R., Jian-ping He, Judith Rapoport, Benedetto Vitiello, and Mark Olfson. 

2013. “Medication Use in US Youth With Mental Disorders.” JAMA Pediatrics 167 (2): 

141–48. https://doi.org/10.1001/jamapediatrics.2013.431. 

National Center for Education Statistics. 2024. “Common Core of Data.” National Center for 

Education Statistics. https://nces.ed.gov/ccd/elsi/. 

National Establishment Time Series Database. 2024. “Health Care Services.” National 

Neighborhood Data Archive. https://nanda.isr.umich.edu/project/health-care-services/. 

Newhouse, Joseph P. 2023. “The Design of the RAND Health Insurance Experiment: A 

Retrospective.” Evaluation Review 47 (1): 39–70. 

https://doi.org/10.1177/0193841X20976520. 

Office of Civil Rights. 2024. “Civil Rights Data.” U.S. Department of Education. 

https://civilrightsdata.ed.gov/data. 

Olfson, Mark, Benjamin G. Druss, and Steven C. Marcus. 2015. “Trends in Mental Health Care 

among Children and Adolescents.” New England Journal of Medicine 372 (21): 2029–38. 

https://doi.org/10.1056/NEJMsa1413512. 

Olfson, Mark, Merrile Sing, and Herbert J. Schlesinger. 2018. “Mental Health/Medical Care Cost 

Offsets: Opportunities For Managed Care.” Health Affairs, December. 

https://doi.org/10.1377/hlthaff.18.2.79. 

Orr, Larry, Judith D. Feins, Robin Jacob, Erik Beecroft, Lisa Sanbonmatsu, Lawrence F Katz, 

Jeffrey Liebman, and Jeffrey Kling. 2003. “Moving to Opportunity Interim Impacts 

Evaluation.” Washington, D.C.: U.S. Department of Housing and Urban Development  

Office of Policy Development & Research. 

https://www.huduser.gov/publications/pdf/mtoexec.pdf. 

Reeves, Richard V., and Allegra Pocinki. 2015. “Space, Place, Race: Six Policies to Improve 

Social Mobility.” Brookings (blog). June 2, 2015. https://www.brookings.edu/blog/social-

mobility-memos/2015/06/02/space-place-race-six-policies-to-improve-social-mobility/. 

Rolheiser, Lyndsey, Meghan Zacher, S. V. Subramanian, and Mariana C. Arcaya. 2022. “Do 

Health Trajectories Predict Neighborhood Outcomes? Evidence of Health Selection in a 

Diverse Sample of U.S. Adults.” Health & Place 73 (January): 102713. 

https://doi.org/10.1016/j.healthplace.2021.102713. 

Ruttner, Laura, Rosemary Borck, Jessica Nysenbaum, and Susan Williams. 2015. “Guide to 

MAX Data.” Medicaid Policy Briefs. Princeton, NJ: Mathematica Policy Research and 

the Centers for Medicare & Medicaid Services. https://www.cms.gov/Research-Statistics-

Data-and-Systems/Computer-Data-and-

Systems/MedicaidDataSourcesGenInfo/Downloads/MAX_IB21_MAX_Data_Guide.pdf. 

Sacarny, Adam. 2015. “Programs: Empirical Bayes Shrinkage Estimator.” 2015. 

http://sacarny.com/programs/. 



110 
 

Sanbonmatsu, Lisa, Jens Ludwig, Lawrence F Katz, Lisa A Gennetian, Greg J Duncan, Ronald C 

Kessler, Emma Adam, Thomas W. McDade, and Stacy Tessler Lindau. 2011. “Moving to 

Opportunity for Fair Housing Demonstration Program - Final Impacts Evaluation.” 

Washington, D.C.: U.S. Department of Housing and Urban Development. 

https://www.huduser.gov/publications/pdf/MTOFHD_fullreport_v2.pdf. 

Schpero, William L. 2022. “Catalyzing the Future of Medicaid Research: The T-MSIS Analytic 

Files – ASHEcon.” ASHEcon Newsletter (blog). February 2022. 

https://www.ashecon.org/newsletter/catalyzing-the-future-of-medicaid-research-the-t-

msis-analytic-files/. 

Sharkey, Patrick, and Jacob W. Faber. 2014. “Where, When, Why, and For Whom Do 

Residential Contexts Matter? Moving Away from the Dichotomous Understanding of 

Neighborhood Effects.” Annual Review of Sociology 40 (1): 559–79. 

https://doi.org/10.1146/annurev-soc-071913-043350. 

Song, Yunjie, Jonathan Skinner, Julie Bynum, Jason Sutherland, John E. Wennberg, and Elliott 

S. Fisher. 2010. “Regional Variations in Diagnostic Practices.” New England Journal of 

Medicine 363 (1): 45–53. https://doi.org/10.1056/NEJMsa0910881. 

Spivack, Steven B., Genevra F. Murray, Hector P. Rodriguez, and Valerie A. Lewis. 2021. 

“Avoiding Medicaid: Characteristics Of Primary Care Practices With No Medicaid 

Revenue: Study Examines Primary Care Practices with No Medicaid Revenue.” Health 

Affairs 40 (1): 98–104. https://doi.org/10.1377/hlthaff.2020.00100. 

Taylor, Heather L., Nir Menachemi, Amy Gilbert, Jay Chaudhary, and Justin Blackburn. 2023. 

“Economic Burden Associated With Untreated Mental Illness in Indiana.” JAMA Health 

Forum 4 (10): e233535. https://doi.org/10.1001/jamahealthforum.2023.3535. 

The Centers for Disease Control and Prevention. 2023. “Youth Risk Behavior Survey Data 

Summary & Trends Report: 2011-2021.” Atlanta, GA: The Centers for Disease Control 

and Prevention. https://www.cdc.gov/healthyyouth/data/yrbs/pdf/yrbs_data-summary-

trends_report2023_508.pdf. 

U.S. Government Accountability Office. 2012. “Concerns Remain about Appropriate  Services 

for Children in Medicaid and Foster Care.” Washington, D.C.: U.S. GAO. 

https://www.gao.gov/assets/gao-13-15.pdf. 

Winckler, Britanny, Margaret Nguyen, Manaswitha Khare, Aarti Patel, Brent Crandal, Willough 

Jenkins, Erin Fisher, and Kyung E. Rhee. 2023. “Geographic Variation in Acute Pediatric 

Mental Health Utilization.” Academic Pediatrics 23 (2): 448–56. 

https://doi.org/10.1016/j.acap.2022.07.026. 

Xue, Yange, Tama Leventhal, Jeanne Brooks-Gunn, and Felton J. Earls. 2005. “Neighborhood 

Residence and Mental Health Problems of 5- to 11-Year-Olds.” Archives of General 

Psychiatry 62 (5): 554–63. https://doi.org/10.1001/archpsyc.62.5.554. 



111 
 

Zhu, Jane M., Christina J. Charlesworth, Daniel Polsky, and K. John McConnell. 2022. 

“Phantom Networks: Discrepancies Between Reported And Realized Mental Health Care 

Access In Oregon Medicaid.” Health Affairs 41 (7): 1013–22. 

https://doi.org/10.1377/hlthaff.2022.00052. 

 

 

 

  



112 
 

Appendix for Chapter 1 

 
Appendix Table 1.A1: Mapping of CCS Categories to Analytic Groupings 

   

Category 

CCS 

Category CCS Label 

Mental Health 

650 Adjustment disorders 

651 Anxiety disorders 

652 Attention-deficit conduct and disruptive behavior disorders 

653 Delirium dementia and amnestic and other cognitive disorders 

654 Developmental disorders 

655 Disorders usually diagnosed in infancy childhood or adolescence 

656 Impulse control disorders NEC 

657 Mood disorders 

658 Personality disorders 

659 Schizophrenia and other psychotic disorders 

662 Suicide and intentional self-inflicted injury 

670 Miscellaneous disorders 

Substance Use 

Disorders  

660 Alcohol-related disorders 

661 Substance-related disorders 

Injury 

225 Joint disorders and dislocations; trauma-related 

226 Fracture of neck of femur (hip) 

227 Spinal cord injury 

228 Skull and face fractures 

229 Fracture of upper limb 

230 Fracture of lower limb 

231 Other fractures 

232 Sprains and strains 

233 Intracranial injury 

234 Crushing injury or internal injury 

235 Open wounds of head; neck; and trunk 

236 Open wounds of extremities 

239 Superficial injury; contusion 

240 Burns 

244 Other injuries and conditions due to external causes 

Cardiac Event 

or Stroke 

96 Heart valve disorders 

97 Peri-; endo-; and myocarditis; cardiomyopathy  

98 Essential hypertension 

99 Hypertension with complications and secondary hypertension 

100 Acute myocardial infarction 

101 Coronary atherosclerosis and other heart disease 

102 Nonspecific chest pain 

103 Pulmonary heart disease 

104 Other and ill-defined heart disease 

105 Conduction disorders 
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106 Cardiac dysrhythmias 

107 Cardiac arrest and ventricular fibrillation 

108 Congestive heart failure; nonhypertensive 

109 Acute cerebrovascular disease 

110 Occlusion or stenosis of precerebral arteries 

111 Other and ill-defined cerebrovascular disease 

112 Transient cerebral ischemia 

113 Late effects of cerebrovascular disease 

114 Peripheral and visceral atherosclerosis 

117 Other circulatory disease 

Other Urgent 

Diagnoses 

2 Septicemia 

5 HIV infection (including complications) 

49 Diabetes mellitus without complication 

50 Diabetes mellitus with complications 

51 Other endocrine disorders 

61 Sickle cell anemia 

76 Meningitis 

77 Encephalitis 

83 Epilepsy; convulsions 

115 Aortic; peripheral; and visceral artery aneurysms 

116 Aortic and peripheral arterial embolism or thrombosis 

122 Pneumonia 

127 Chronic obstructive pulmonary disease and bronchiectasis 

128 Asthma 

130 Pleurisy; pneumothorax; pulmonary collapse 

131 Respiratory failure; insufficiency; arrest (adult) 

142 Appendicitis and other appendiceal conditions 

153 Gastrointestinal hemorrhage 

157 Acute renal failure 
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Appendix Figure 1.A1: Using Housing Instability Diagnostic Code as Outcome  
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Appendix for Chapter 2 

 
New York Residents, 2009-2021 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

Exhibit 2.A1: Map of NYC counties vs suburban comparison counties 

included in the analysis 

 



117 
 

 

Exhibit 2.A2: Diagnostic codes used to define traffic-related injuries 

 

ICD-9 

Codes beginning with the following stems: E81, E8260, E8261, E8262, E8264, E8268, E8269, E8290, E8294, E8298, 

E8299, E9685, E9885 

OR the presence of code E8495 (Unspecified street or highway as place of external cause) with no other code indicating 

a particular non-traffic circumstance on the same day 

ICD-10 

Codes beginning with the following stems: V0110X, V0111X, V0112X, V0119X, V0190X, V0191X, V0192X, 

V0199X, V0210X, V0211X, V0212X, V0219X, V0290X, V0291X, V0292X, V0299X, V0310X, V0311X, V0312X, 

V0319X, V0390X, V0391X, V0392X, V0399X, V0410X, V0411X, V0412X, V0419X, V0490X, V0491X, V0492X, 

V0499X, V0510X, V0511X, V0512X, V0519X, V0590X, V0591X, V0592X, V0599X, V0610X, V0611X, V0612X, 

V0619X, V0691X, V0692X, V0699X, V0920X, V0921X, V0929X, V093XX, V099XX, V103XX, V104XX, V105XX, 

V109XX, V113XX, V114XX, V115XX, V119XX, V123XX, V124XX, V125XX, V129XX, V133XX, V134XX, 

V135XX, V139XX, V143XX, V144XX, V145XX, V149XX, V153XX, V154XX, V155XX, V159XX, V164XX, 

V165XX, V169XX, V173XX, V174XX, V175XX, V179XX, V183XX, V184XX, V185XX, V189XX, V1940X, 

V1949X, V1950X, V1959X, V1960X, V1969X, V1988X, V199XX, V203XX, V204XX, V205XX, V209XX, 

V213XX, V214XX, V215XX, V219XX, V223XX, V224XX, V225XX, V229XX, V233XX, V234XX, V235XX, 

V239XX, V243XX, V244XX, V245XX, V249XX, V253XX, V254XX, V255XX, V259XX, V263XX, V264XX, 

V265XX, V269XX, V273XX, V274XX, V275XX, V279XX, V283XX, V284XX, V285XX, V289XX, V2940X, 

V2949X, V2950X, V2959X, V2960X, V2969X, V2981X, V2988X, V299XX, V304XX, V305XX, V306XX, V307XX, 

V309XX, V314XX, V315XX, V316XX, V317XX, V319XX, V324XX, V325XX, V326XX, V327XX, V329XX, 

V334XX, V335XX, V336XX, V337XX, V339XX, V344XX, V345XX, V346XX, V347XX, V349XX, V354XX, 

V355XX, V356XX, V357XX, V359XX, V364XX, V365XX, V366XX, V367XX, V369XX, V374XX, V375XX, 

V376XX, V377XX, V379XX, V384XX, V385XX, V386XX, V387XX, V389XX, V3940X, V3949X, V3950X, 

V3959X, V3960X, V3969X, V3981X, V3989X, V399XX, V404XX, V405XX, V406XX, V407XX, V409XX, 

V414XX, V415XX, V416XX, V417XX, V419XX, V424XX, V425XX, V426XX, V427XX, V429XX, V4341X, 

V4342X, V4343X, V4344X, V4351X, V4352X, V4353X, V4354X, V4361X, V4362X, V4363X, V4364X, V4371X, 

V4372X, V4373X, V4374X, V4391X, V4392X, V4393X, V4394X, V444XX, V445XX, V446XX, V447XX, V449XX, 

V454XX, V455XX, V456XX, V457XX, V459XX, V464XX, V465XX, V466XX, V467XX, V469XX, V474XX, 

V4751X, V4752X, V4761X, V4762X, V477XX, V4791X, V4792X, V484XX, V485XX, V486XX, V487XX, 

V489XX, V4940X, V4949X, V4950X, V4959X, V4960X, V4969X, V4981X, V4988X, V499XX, V504XX, V505XX, 

V506XX, V507XX, V509XX, V514XX, V515XX, V516XX, V517XX, V519XX, V524XX, V525XX, V526XX, 

V527XX, V529XX, V534XX, V535XX, V536XX, V537XX, V539XX, V544XX, V545XX, V546XX, V547XX, 

V549XX, V552XX, V554XX, V555XX, V556XX, V557XX, V559XX, V564XX, V565XX, V566XX, V567XX, 

V569XX, V574XX, V575XX, V576XX, V577XX, V579XX, V584XX, V585XX, V586XX, V587XX, V589XX, 

V5940X, V5949X, V5950X, V5959X, V5960X, V5969X, V5981X, V5988X, V599XX, V604XX, V605XX, V606XX, 

V607XX, V609XX, V614XX, V615XX, V616XX, V617XX, V619XX, V624XX, V625XX, V626XX, V627XX, 

V629XX, V634XX, V635XX, V636XX, V637XX, V639XX, V644XX, V645XX, V646XX, V647XX, V649XX, 

V654XX, V655XX, V656XX, V657XX, V659XX, V664XX, V665XX, V666XX, V667XX, V669XX, V674XX, 

V675XX, V676XX, V677XX, V679XX, V684XX, V685XX, V686XX, V687XX, V689XX, V6940X, V6949X, 

V6950X, V6959X, V6960X, V6969X, V6981X, V6988X, V699XX, V704XX, V705XX, V706XX, V707XX, 

V709XX, V714XX, V715XX, V716XX, V717XX, V719XX, V724XX, V725XX, V726XX, V727XX, V729XX, 

V734XX, V735XX, V736XX, V737XX, V739XX, V744XX, V745XX, V746XX, V747XX, V749XX, V754XX, 

V755XX, V756XX, V757XX, V759XX, V764XX, V765XX, V766XX, V767XX, V769XX, V774XX, V775XX, 

V776XX, V777XX, V779XX, V784XX, V785XX, V786XX, V787XX, V789XX, V7940X, V7949X, V7950X, 

V7959X, V7960X, V7969X, V7981X, V7988X, V799XX, V8021X, V8031X, V8032X, V8041X, V8042X, V8051X, 

V8052X, V8061X, V8062X, V80710, V80711, V80720, V80721, V80730, V80731, V8082X, V80910, V80920, 

V811XX, V8182X, V8183X, V821XX, V827XX, V828XX, V829XX, V830XX, V831XX, V832XX, V833XX, 

V840XX, V841XX, V842XX, V843XX, V850XX, V851XX, V852XX, V853XX, V8601X, V8602X, V8603X, 

V8604X, V8609X, V8611X, V8612X, V8613X, V8614X, V8619X, V8621X, V8622X, V8623X, V8624X, V8629X, 

V8631X, V8632X, V8633X, V8634X, V8639X, V8643X, V8644X, V870XX, V871XX, V872XX, V873XX, V874XX, 

V875XX, V876XX, V877XX, V878XX, V879XX, V892XX, V893XX, V899XX, Y020XX, Y030XX, Y038XX, 

Y32XXX 

OR the presence of code Y92410 (Unspecified street or highway as place of external cause) with no other code 

indicating a particular non-traffic circumstance on the same day 
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Exhibit 2.A3: Unadjusted trends in outcomes, 2009-2021, NYC vs surrounding counties 
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Exhibit 2.A4: Test of parallel pre-trends for all outcomes (interaction coefficient for Year 

dummies and Region indicator) 

  
Total injuries Hospitalizations TBIs Expenditures 

  

Coefficient 

(SE)  

Coefficient 

(SE)  

Coefficient 

(SE)  

Coefficient 

(SE)  
Year(ref=2013)*Region(ref=Suburbs) 

P
re

-P
o
li

cy
 y

ea
rs

 2009 0.040  -0.050  -0.08  -5.97  

 (0.08)  (0.11)  (0.14)  (4.4)  

2010 -0.020  -0.020  0.03  -9.10 * 
 (0.08)  (0.11)  (0.14)  (4.42)  

2011 0.040  0.000  -0.12  -9.72 * 
 (0.07)  (0.11)  (0.15)  (4.34)  

2012 0.070  0.060  -0.09  -1.28  

 
 (0.05)  (0.12)  (0.14)  (3.46)  

          

          

P
o
st

-P
o
li

cy
 y

ea
rs

 

2014 -0.190 *** -0.240 * -0.25 * -13.33 *** 
 (0.04)  (0.1)  (0.12)  (3.48)  

2015 -0.240 *** -0.160  -0.22  -6.42  

 (0.04)  (0.1)  (0.12)  (3.52)  

2016 -0.290 *** -0.260 ** -0.33 ** -11.75 ** 
 (0.05)  (0.1)  (0.12)  (3.98)  

2017 -0.230 *** -0.090  -0.23  -10.14 ** 
 (0.05)  (0.11)  (0.13)  (3.58)  

2018 -0.250 *** -0.270 ** -0.22  -12.04 ** 
 (0.06)  (0.1)  (0.13)  (3.42)  

2019 -0.220 ** -0.200  -0.26 * -3.68  

 
 (0.06)  (0.11)  (0.14)  (3.24)  

 Robust standard errors in parentheses, clustered at ZIP level 

 *** p<0.001, ** p<0.01, * p<0.05 

 

Poisson regression was used for the count outcomes and linear regression was used for the 

expenditure outcome 

A lack of significant differences for the years in the pre-policy period indicates that the two 

areas were moving on similar trajectories prior to the policy roll-out, supporting the parallel 

trends assumption of the Difference in Differences approach. 
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Appendix Exhibit 2.A5: Adjusted traffic-related traumatic brain injury (TBI) rate 

among Medicaid enrollees in NYC vs surrounding counties, 2009-2021  

 

Rates are adjusted for individual age, race/ethnicity, and sex in a Poisson model with an offset 

term for enrolled months. The counterfactual line is estimated from the DID regression model 

described in the Statistical Analyses section: in the absence of Vision Zero, injury rates in NYC 

would be expected to be 4.0 (95% CI: 1.7, 6.3) injuries per 100,000 person-years higher than 

the observed rate. If the pandemic period is included in the DID estimation model, the 

counterfactual rate would be 2.8 (95% CI: -0.5, 5.1) injuries per 100,000 person-years higher 

than the observed rate. 
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Exhibit 2.A6: All coefficients for difference-in-differences models, all outcomes 

  

Total injuries Hospitalizations TBIs 
Traffic-related 

Expenditures 

  

Coefficient 

(SE)  

Coefficient 

(SE)  

Coefficient 

(SE)  

Coefficient 

(SE)  
Race/ethnicity 

(ref=Hispanic/Latino) 
   

    

 Asian -0.637 *** -0.674 *** -0.358 *** -25.108 *** 

 
 (0.115)  (0.091)  (0.108)  (1.959)  

 Black 0.398 *** 0.142 *** 0.117 ** 12.587 *** 

 
 (0.038)  (0.075)  (0.086)  (1.776)  

 White -0.081 * 0.070  0.117 * 3.123  

 
 (0.075)  (0.093)  (0.100)  (2.312)  

 Other 0.070 ** -0.098  -0.017  -1.700  

 
 (0.042)  (0.102)  (0.111)  (1.917)  

 Unknown 0.070 ** -0.094 ** -0.006  -15.799 *** 

 
 (0.04)  (0.067)  (0.080)  (1.088)  

Sex (ref=male) 
        

 Female -0.362 *** -1.080 *** -0.947 *** -20.837 *** 

 
 (0.026)  (0.047)  (0.055)  (1.185)  

Age (continuous) 
        

 Years 0.000  0.008 *** 0.002 *** 0.417 *** 

 
 (0.001)  (0.001)  (0.001)  (0.025)  

Location (ref=non-NYC) 

 NYC 0.062  -0.308 *** -0.410 *** -8.051 ** 

 
 (0.084)  (0.119)  (0.135)  (2.330)  

Period (ref=pre-policy) 

 Post-policy 0.300 *** 0.001  0.210  2.696  

 
 (0.059)  (0.083)  (0.105)  (1.717)  

Diff-in-Diff 
        

 NYC*Post -0.264 *** -0.207 *** -0.194 ** -4.335 * 

 
 (0.066)  (0.100)  (0.131)  (1.938)  

 
         

Marginal Effect 

(policy-induced 

change in outcome in 

original scale) 

-77.5 / 

100K py 

(10.2) 

*** 

-3.8 / 100K 

py 

(1.3) 

*** 

-4.0 / 100K 

py 

(1.2) 

** 
-$4.34 / py 

(1.94) 
* 

 Observations 54,252,362   54,252,362   54,252,362   54,252,362   

 Robust standard errors in parentheses, clustered at ZIP level 

 *** p<0.001, ** p<0.01, * p<0.05 

 

Poisson regression was used for the count outcomes and linear regression was used for the expenditure 

outcome. Coefficients are not exponentiated. The marginal effect is recovered using the margins 

command in Stata 
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Appendix Exhibit 2.A7: Traffic Ticketing in NYC versus Surrounding Counties, 2019-

2022 

Ticketing numbers are publicly available at https://data.ny.gov/widgets/q4hy-kbtf. Police precincts were 

assigned their respective counties. Ticket counts are unadjusted for any factors.  

https://data.ny.gov/widgets/q4hy-kbtf
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Exhibit 2.A9: Annual count of vehicles registered by county, 2009-2018 (in thousands) 

 
County/Borough 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 

Bronx 249 249 247 251 255 262 272 284 289 290 

Brooklyn 442 447 449 453 467 481 498 512 521 525 

Manhattan 248 248 248 251 252 252 254 256 255 250 

Queens 749 754 753 759 775 793 808 831 842 837 

Staten Island 264 265 265 265 268 269 274 279 283 284 

Nassau 965 972 973 974 988 997 1,010 1,018 1,022 1,027 

Suffolk 1,205 1,212 1,213 1,222 1,236 1,247 1,265 1,277 1,284 1,293 

Orange 285 285 283 284 285 287 292 294 296 300 

Rockland 210 211 211 213 214 216 219 221 222 222 

Westchester 649 650 649 653 658 663 672 677 678 680 

Putnam 90 90 90 90 90 90 92 92 92 93 

           
NYC 1,952 1,962 1,961 1,978 2,016 2,057 2,107 2,162 2,189 2,186 

Non-NYC 3,404 3,420 3,419 3,437 3,471 3,500 3,549 3,579 3,596 3,616 

           
Increase in NYC, 2009-2017: 12.2% 

Increase in non-NYC, 2009-2017: 5.6% 
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Appendix for Chapter 3 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

Appendix Figure 3.A1: Map of States included in the analyses 
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Table 3.A1: Procedure codes to capture outpatient therapy use 
  

Code Description 

90792 Diag eval (medical eval) 

90802 Diag eval (medical eval) 

90791 Diag eval (no medical eval) 

90801 Diag eval (no medical eval) 

90846 Family psychotherapy 

90847 Family psychotherapy 

90849 Family psychotherapy 

90853 Group psychotherapy 

90804 Individual Psychotherapy (20 min) 

90816 Individual Psychotherapy (20 min) 

90806 Individual Psychotherapy (45 min) 

90818 Individual Psychotherapy (45 min) 

90808 Individual Psychotherapy (75 min) 

90821 Individual Psychotherapy (75 min) 

90805 Individual Psychotherapy with E&M (20 min) 

90817 Individual Psychotherapy with E&M (20 min) 

90807 Individual Psychotherapy with E&M (45 min) 

90819 Individual Psychotherapy with E&M (45 min) 

90809 Individual Psychotherapy with E&M (75 min) 

90822 Individual Psychotherapy with E&M (75 min) 

90857 Interactive group psychotherapy 

90810 Interactive Psychotherapy (20 min) 

90823 Interactive Psychotherapy (20 min) 

90812 Interactive Psychotherapy (45 min) 

90826 Interactive Psychotherapy (45 min) 

90814 Interactive Psychotherapy (75 min) 

90828 Interactive Psychotherapy (75 min) 

90811 Interactive Psychotherapy with E&M (20 min) 

90824 Interactive Psychotherapy with E&M (20 min) 

90813 Interactive Psychotherapy with E&M (45 min) 

90827 Interactive Psychotherapy with E&M (45 min) 

90815 Interactive Psychotherapy with E&M (75 min) 

90829 Interactive Psychotherapy with E&M (75 min) 

90845 Psychoanalysis 

90832 Psychotherapy (30 min) 

90834 Psychotherapy (45 min) 

90837 Psychotherapy (60 min) 

90839 Psychotherapy for crisis 

90840 Psychotherapy for crisis 

90833 Psychotherapy w/ E&M (30 min) 

90836 Psychotherapy w/ E&M (45 min) 

90838 Psychotherapy w/ E&M (60 min) 
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Table 3.A2: ICD-9 diagnostic codes to capture acute mental health visits  
3090,  3091,  30922,  30923,  30924,  30928,  30929,  3093,  3094,  30982,  30983,  30989, 3099, 29384,  

30000,  30001,  30002,  30009,  30010,  30020,  30021,  30022,  30023,  30029, 3003,  3005, 30089,  3009,  

3080,  3081,  3082,  3083,  3084,  3089,  30981,  3130, 3131,  31321,  31322, 3133,  31382,  31383,  31200,  

31201,  31202,  31203,  31210,  31211, 31212,  31213,  31220,  31221, 31222,  31223,  3124,  3128,  31281,  

31282,  31289,  3129, 31381,  31400,  31401,  3141,  3142, 3148,  3149,  2900,  29010,  29011,  29012,  

29013, 29020,  29021,  2903,  29040,  29041,  29042, 29043,  2908,  2909,  2930,  2931,  2940, 2941,  29410,  

29411,  29420,  29421,  2948,  2949, 3100,  3102,  3108,  31081,  31089, 3109,  3310,  3311,  33111,  33119,  

3312,  33182,  797, 3070,  3079,  31500,  31501, 31502,  31509,  3151,  3152,  31531,  31532,  31534,  31535,  

31539, 3154,  3155,  3158, 3159,  317,  3180,  3181,  3182,  319,  V400,  V401,  29900,  29901, 29910,  

29911, 29980,  29981,  29990,  29991,  30720,  30721,  30722,  30723,  3073,  3076,  3077, 30921, 31323,  

31389,  3139,  31230,  31231,  31232,  31233,  31234,  31235,  31239,  29383,  29600, 29601,  29602,  29603,  

29604,  29605,  29606,  29610,  29611,  29612,  29613,  29614,  29615, 29616, 29620,  29621,  29622,  

29623,  29624,  29625,  29626,  29630,  29631,  29632,  29633, 29634,  29635, 29636,  29640,  29641,  

29642,  29643,  29644,  29645,  29646,  29650,  29651, 29652,  29653,  29654, 29655,  29656,  29660,  

29661,  29662,  29663,  29664,  29665,  29666, 2967,  29680,  29681,  29682, 29689,  29690,  29699,  3004,  

311,  3010,  30110,  30111, 30112,  30113,  30120,  30121,  30122, 3013,  3014,  30150,  30151,  30159,  

3016,  3017, 30181,  30182,  30183,  30184,  30189,  3019, 29381,  29382,  29500,  29501,  29502,  29503, 

29504,  29505,  29510,  29511,  29512,  29513,  29514, 29515,  29520,  29521,  29522,  29523, 29524,  

29525,  29530,  29531,  29532,  29533,  29534,  29535, 29540,  29541,  29542,  29543, 29544,  29545,  

29550,  29551,  29552,  29553,  29554,  29555,  29560, 29561,  29562,  29563, 29564,  29565,  29570,  

29571,  29572,  29573,  29574,  29575,  29580,  29581, 29582,  29583, 29584,  29585,  29590,  29591,  

29592,  29593,  29594,  29595,  2970,  2971,  2972, 2973, 2978, 2979,  2980,  2981,  2982,  2983,  2984,  

2988,  2989,  2910,  2911,  2912, 2913, 2914, 2915,  2918,  29181,  29182,  29189,  2919,  30300,  30301,  

30302,  30303,  30390, 30391, 30392,  30393,  30500,  30501,  30502,  30503,  3575,  4255,  53530,  53531,  

5710,  5711, 5712,  5713,  76071,  9800,  2920,  29211,  29212,  2922,  29281,  29282,  29283,  29284, 29285, 

29289,  2929,  30400,  30401,  30402,  30403,  30410,  30411,  30412,  30413,  30420, 30421,  30422, 30423,  

30430,  30431,  30432,  30433,  30440,  30441,  30442,  30443,  30450, 30451,  30452,  30453, 30460,  

30461,  30462,  30463,  30470,  30471,  30472,  30473,  30480, 30481,  30482,  30483,  30490, 30491,  

30492,  30493,  30520,  30521,  30522,  30523,  30530, 30531,  30532,  30533,  30540,  30541, 30542,  

30543,  30550,  30551,  30552,  30553,  30560, 30561,  30562,  30563,  30570,  30571,  30572, 30573,  

30580,  30581,  30582,  30583,  30590, 30591,  30592,  30593,  64830,  64831,  64832,  64833, 64834,  

65550,  65551,  65553,  76072, 76073,  76075,  7795,  96500,  96501,  96502,  96509,  V6542, E9500,  
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Appendix Figure 3.A2: Utilization changes from different quartile-to-quartile moves 

Therapy Place Effects (versus a Q2-Q2 move) 

Acute Care Place Effects (versus a Q2-Q2 move) 

Mental Health Prescription Effects (versus a Q2-Q2 move) 


