
UC Berkeley
UC Berkeley Electronic Theses and Dissertations

Title
Essays in Applied Microeconomics

Permalink
https://escholarship.org/uc/item/13w3s0vn

ISBN
9798189270499

Author
Costantini, Sydney

Publication Date
2026-05-01
 
Peer reviewed|Thesis/dissertation

eScholarship.org Powered by the California Digital Library
University of California

https://escholarship.org/uc/item/13w3s0vn
https://escholarship.org
http://www.cdlib.org/


Essays in Applied Microeconomics

by

Sydney Costantini

A dissertation submitted in partial satisfaction of the
requirements for the degree of

Doctor of Philosophy

in

Economics

in the

Graduate Division

of the

University of California, Berkeley

Committee in charge:

Professor David Card, Chair
Professor David Chan

Professor Patrick Kline
Professor Christopher Walters

Spring 2026



Essays in Applied Microeconomics

© Copyright 2026
by

Sydney Costantini



Abstract
Essays in Applied Microeconomics

by Sydney Costantini

Doctor of Philosophy in Economics
University of California, Berkeley

Professor David Card, Chair

This dissertation presents three essays in applied microeconomics, studying how policy inter-
ventions and information affect health and political outcomes.

In Chapter 1, “Housing First or Treatment First? Evidence from the VA’s Homelessness Pro-
grams,” I study the impact of Housing First programs, in which subsidized housing is offered
unconditionally and immediately, relative to Treatment First interventions, which combine short-
term housing with treatment for issues like substance use. I construct a national sample of nearly
300,000 unhoused, mentally ill Veterans potentially eligible for the VA’s Housing First program
(HUD-VASH) or a Treatment First program. Using an instrumental variables design, I find that
enrolling in Housing First reduces three-year mortality by 4.6 percentage points relative to a no-
program counterfactual. In contrast, Treatment First has no long-term effects on health. Housing
First is also cost-saving, as it causes individuals to substitute away from lengthy inpatient stays.

Chapter 2, “How do mental health treatment delays impact long term mortality?,” studies how
clinic congestion affects mortality for veterans experiencing mental health emergencies. I find that
longer waiting times make it more likely that patients miss their follow-up mental health visit,
increasing the probability that they permanently disengage from care. A one standard deviation
increase in wait time between the ED visit and follow-up appointment (11.7 days) increases two-
year mortality by about 1.5%.

Chapter 3, “The Effect of Red Scare Propaganda on US Public Opinion: Evidence from the
Newspapers of William Randolph Hearst,” examines whether anti-redistributive sentiment has
long-run roots in Red Scare-era propaganda. In the 1930s and 40s, the media mogul William
Randolph Hearst espoused vehement anti-communist rhetoric in his newspapers. Fears of social-
ism went head to head with FDR’s New Deal, the first wide-scale federal spending program.Using
variation in newspaper penetration across US counties, I show that a 10 percentage point increase
in Hearst newspaper circulation per capita decreased support for FDR by 2.1 percentage points.
These effects persist over the long run, decreasing support for public healthcare and welfare pro-
grams through the late 20th century.
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Chapter 1

Housing First or Treatment First? Evidence
from the VA’s homelessness programs

1.1 Introduction
The number of unhoused individuals in the US reached a record high of 770,000 at the end of 2024
(Porter 2024). The visible presence of homeless people – many seemingly dealing with mental
health and/or substance abuse issues – is a source of vehement debate. Some advocates argue that
homelessness is, in fact, a housing problem, with permanent housing solutions required to help
those most in need. Others argue that those who are chronically unhoused have underlying mental
health or substance use issues that must be addressed first in order to make progress in reducing
homelessness.

In the 1990s, homelessness advocates developed the concept of Housing First, or that for
those most in need, highly-subsidized permanent housing should be given unconditionally and
immeditely. The philosophy relies on the idea that requiring pre-conditions to housing merely acts
as a barrier to seeking care, and that it is hard to address underlying mental health issues without
having a stable home first.

Housing First programs are pitted against more traditional programs that emphasize housing
readiness. In these models, individuals generally enter transitional housing, or temporary com-
munal housing in which substance use and mental health treatment are required, sometimes along
with sobriety. After a stay in these transitional homes, individuals eventually are deemed ready to
enter regular, generally unsubsidized housing. In this paper, I call transitional housing programs
“Treatment First” for simplicity.

RCTs analyzing Housing First programs have consistently demonstrated increases in housing
stability compared to outcomes for individuals not enrolled in the program (e.g.,Tsemberis and
Eisenberg 2000, Tsemberis et al. 2004, and Kertesz et al. 2009). But is housing stability the
appropriate goal for homelessness policy, or should homelessness programs focus on larger goals
of improved health and general well-being? Advocates of Treatment First or Housing Readiness
programs argue the latter, and point out that Housing First’s effects on mental and physical health
remain unclear (NASEM 2018). A related methodological concern is that Housing First stud-
ies typically compare a permanent housing subsidy to an ambiguous counterfactual, which may
include a combination of entry to Treatment First programs and no housing intervention at all.
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The Department of Veterans (VA) affairs is perhaps the ideal setting to shed light on this de-
bate. Veterans have been historically overrepresented in the population of unhoused individuals,
and eliminating Veteran homelessness specifically has been an important federal goal (Tsai and
Rosenheck 2015). Since the 1990s, the VA, along with the Department of Housing and Urban De-
velopment (HUD), have run a joint Housing First program. Known as HUD-VASH (VA Supportive
Housing), the program offers housing vouchers to chronically homeless Veterans in the same style
as Section 8. Concurrently, the VA has a large transitional housing program – called the Grant and
Per Diem (GPD) program – which contracts out third-party agencies, such as the Salvation Army,
to run short-term, Treatment First-style housing, where Veterans can stay up to two years.

In this paper, I evaluate the effects of Housing First versus Treatment First using a national
sample of nearly 300,000 unhoused Veterans with mental illness. Beginning with their initial intake
assessment, I follow these Veterans for three years, tracking program participation and long-term
health outcomes. To disentangle the effects of different program types, I explicitly define three
treatments: 1) housing voucher (HUD-VASH); 2) transitional housing (GPD); and 3) no housing
intervention.

Program enrollment in this setting is the result of a combination of factors: voucher availability,
caseworker recommendations, and Veteran choice. Thus, to address the endogeneity of treatment
assignment, I use an instrumental variables framework with two treatment options, relative to the
counterfactual of no treatment (Kirkeboen et al. 2016, Heinesen et al. 2022, Mountjoy 2022).
I consider arrival to the VA homelessness clinic to be the result of a random shock to housing
stability. This allows me to exploit two quasi-random sources of variation based on clinic arrival
time. First, for a given area and year, permanent housing vouchers are fixed according to HUD
allocations. These vouchers are notoriously in short supply, allowing me to exploit the length
of the voucher waiting list. Specifically, I define my first instrument as the leave-out percent of
individuals who receive a housing voucher in three months or less among those who arrive to the
same clinic within a 60-day window of one’s intake date. I show that this variable is strongly
predictive of the probability a Veteran is assigned to HUD-VASH, while also satisfying a wide
battery of orthogonality checks, conditional on time and location controls.

Secondly, when a Veteran arrives to the homelessness clinic, based on both staffing availability
and patient needs, they may be assessed by a generalist who triages them into different programs,
or they may be seen by a specialist who oversees a specific program they are interested in. In
particular, GPD liaisons are in charge of managing referrals to transitional housing. Those imme-
diately seen by a GPD liaison are far more likely to enter transitional housing, likely both due to
social worker encouragement and accelerated entry into a particular housing unit. As patients are
assigned to caseworkers based on need, I do not use direct social worker assignment; instead, I
exploit the availability of a transitional housing liaison at one’s time of arrival as an instrument.
Specifically, I define my second instrumental variable as an indicator for whether a transitional
housing liaison performs any intake assessment in the week of one’s arrival at the VA clinic. I
show that that this simple indicator is highly predictive of assignment to a transitional housing
program, while also satisfying a parallel set of orthogonality checks.

Using these two instrumental variables and a setup with two endogenous treatments, I find that
Housing First decreases three-year mortality by 4.6 percentage points (s.e.=1.7) relative to neither
program. In contrast, transitional housing has no statistically significant effect on mortality, with
point estimates very close to 0. In fact, I can statistically rule out that Treatment First is as effective
as Housing First at reducing mortality.
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Prior research has shown that 2SLS estimates with multiple endogenous treatments rely on a
no “essential heterogeneity” assumption, or treatment effect heterogeneity that is correlated with
selection into treatment (Heckman et al. 2006, Kirkeboen et al. 2016, Heinesen et al. 2022). More
specifically, to uncover interpretable and well-defined causal effects, complier groups induced into
different treatment statuses cannot have heterogeneous average treatment effects for a particular
treatment, ruling out models like selection-on-gains and other forms of heterogeneity that are cor-
related with behavior. I conduct some simple tests to check whether no essential heterogeneity is a
good approximation in my setting. First, I show that complier types all have similar mean predicted
mortality, implying that compliers who are induced into the voucher program have similar baseline
risk as compliers who are induced into transitional housing. Further, I use overidentification tests
to rule out treatment effect heterogeneity with respect to other important individual characteris-
tics. Next, I show that heterogeneous treatment effects across locations are uncorrelated with the
propensity to be treated, which is inconsistent with a Roy (1951) selection framework. Finally,
using worst-case scenario bounds, I show that I estimate coefficients very close to true treatment
effects even under small violations to no essential heterogeneity.

Why does Housing First have such a large effect on long term mortality, while Treatment First
appears to have no impact? To shed some light on mechanisms, I analyze housing stability over
time, engagement with VA homelessness and mental health services, and cause of death. First,
as echoed by other research, I find that Housing First increases long term housing stability. In
contrast, housing stability for transitional housing recipients starts high but declines over time.
Secondly, I find that both programs massively increase engagement with VA social workers. These
effects are permanent for the voucher program, and fading over time for transitional housing. Next,
I evaluate engagement with mental health care. Following the program philosophy of Treatment
First, I find that transitional housing increases engagement with mental health care in the short
term; however, effects fade to 0 as Veterans exit the program. In contrast, I find that Housing First
has no effect on mental health care utilization, ruling out that mortality effects come from mental
health treatment. Lastly, I show that voucher recipients are much less likely to die from extreme
heat or cold, violence, and infections caused by risky injection drug use behavior, such as needle
sharing. Overall, my results suggest that long term, stable housing improves health, with required
mental health treatment not compensating for the effects of permanent housing.

Even if housing improves health, critics have argued that it may not be cost effective. In rent
alone, HUD pays an estimated $581 per month for every HUD-VASH voucher (National Homeless
Information Project 2018). However, I find that Housing First substantially reduces inpatient length
of stays related to homelessness and mental health. Lower inpatient costs exceed program costs,
making Housing First cost-saving in the long term.

This paper contributes to both the literature on Housing First, as well as HUD-VASH specifi-
cally. Prior randomized control trials and other retrospective studies have found that HUD-VASH
leads to more stable housing, but researchers have generally found imprecise results for health
outcomes (Rosenheck et al. 2003, Montgomery et al. 2013, Evans et al. 2019). Other Housing
First studies for non-Veteran populations have found that offering permanent housing subsidies
to the unhoused reduces inpatient stays, ED visits, and incarceration rates, but has little effect on
employment (Basu et al. 2012, Stergiopoulos et al. 2015, Aubry et al. 2016, NASEM 2018, Evans
et al. 2019, Brounstein and Wieselthier 2024, Cohen 2024, Hanson and Gillespie 2024). Using the
largest sample to date to study the causal impact of Housing First, this paper is the first to show
that housing reduces long-term mortality.
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Additionally, this paper contributes to a scarce literature on transitional housing and other resi-
dential programs than emphasize mental health treatment. There is some limited quasi-experimental
evidence than transitional housing improves living conditions and reduces inpatient length of
stays even after program exit, but no evidence that it improves long term substance use outcomes
(Siskind et al. 2013). Expanding beyond unhoused individuals to those with substance use disor-
ders more broadly, residential rehabilitation programs also resemble Treatment First interventions
in that they bundle short term housing and behavioral therapy. However, there is also limited
empirical evidence that rehab has long-lasting health effects (Reif et al. 2014).

Most notably, this paper contributes to the literature on Housing First versus Treatment First.
Prior research typically compares Housing First interventions to “standard of care” treatment meth-
ods, which often includes a substantial number of individuals who receive no treatment at all.
These studies make it difficult to clearly delineate the impact of a Housing First versus Treatment
First intervention. A single RCT, the Family Options study, explicitly compares permanent hous-
ing subsidies to transitional housing (Gubits et al. 2018). Unfortunately, the authors can only
measure intention to treat effects, and there are low rates of program take up, especially for tran-
sitional housing. The authors find that permanent housing again increases housing stability and
financial wellbeing, but find no statistically significant impacts on health, which they measure us-
ing surveys. This study is the first to explicitly compare average treatment effects of Housing First
versus Treatment First.

1.2 Setting

1.2.1 VA Homelessness Services
The Department of Veterans Affairs (VA) operates over 1,000 facilities across the US that pro-
vide integrated healthcare and homelessness services to US Veterans. Veterans in need of housing
services can drop by any VA medical center or Community Resource and Referral Center – out-
patient clinics targeted towards unhoused Veterans – to be evaluated for various homelessness
interventions, including housing and case management. The VA fully centralized their intake and
referral process in April 2011 via the Homeless Operations Management and Evaluation System
(HOMES).

Every Veteran who contacts homelessness services is given an initial intake assessment, from
which they are referred to programs meeting their needs. Veterans with lower needs or those who
are merely at risk of homelessness may be offered interventions like case management or tem-
porary rental assistance. Chronically unhoused and mentally ill Veterans are typically referred to
longer-term housing interventions. The two largest programs serving this latter group of Veterans
are HUD-VASH and the Grant & Per Diem program. Veterans are assigned to particular programs
based on both social worker recommendation, Veteran choice, and program availability. Addi-
tionally, Veterans who are eligible for VA healthcare – which excludes those with a dishonorable
discharge – can be referred to VA primary care, behavioral health, or other relevant healthcare
services.
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1.2.2 Housing First: HUD-VASH
HUD-VASH is a national program that distributes vouchers to provide permanent housing to for-
merly unhoused Veterans, with around 100,000 vouchers currently in use. The program began in
1992 and was massively expanded by the Obama administration, with a goal of ending Veteran
homelessness. The program functions similarly to the Department of Housing and Urban Devel-
opment (HUD)’s Section 8 program (Chetty et al. 2016). Those admitted to HUD-VASH receive
a housing voucher and are able to choose their own apartment, subject to landlord approval. The
voucher pays all or the majority of rent; Veterans are only responsible for contributing 30% of their
income, which in many cases is de minimus.1

The budget and allocation of HUD-VASH vouchers is decided at the federal level each year.
Vouchers are distributed across cities to local public housing agencies (PHAs), who partner with
the VA. To qualify for the program, Veterans must be currently unhoused, with vouchers distributed
to those most in need if they are in short supply. More specifically, the VA guidelines prioritize
those who are chronically homeless – defined as those who have a mental or physical disability
and have been unhoused for over a year or experienced multiple bouts of homelessness. Due to
low voucher availability, wait times for the program are high. The median Veteran referred to
HUD-VASH typically waits three months to receive a voucher. While enrolled in the program,
Veterans must also agree to case management services, which can vary in frequency. Veterans can
keep their vouchers indefinitely, and voucher receipt is not contingent on sobriety or receipt of
any mental health services. In some cases, individuals may lose their voucher if they are evicted
from the apartment due to “serious lease violations,” such as excessive property damage or illegal
activity. Nevertheless, VA guidelines recommend that PHAs only consider voucher termination as
a last resort (National Housing Law Project 2008).

1.2.3 Treatment First: Grant & Per Diem
The VA’s Grant & Per Diem Program (GPD) is the VA’s largest transitional housing program, with
over 12,000 beds.2 The program awards grants to community partners, like the Salvation Army, to
provide temporary communal housing and supportive services to Veterans, notably mental health
and substance use treatment. Transitional housing facilities offer wrap around support services like
case management, counseling, and addiction treatment, with a goal of making clients “ready” for
permanent housing.

Given that third parties run transitional housing facilities, there is considerable variation across
locations – with some housing requiring sobriety in order to remain in the program. While all
programs have case workers, only some have licensed therapists on site; other sites may refer
individuals to VA clinics for mental health treatment. Veterans who enter GPD can stay up to
two years, after which the program helps find them a more permanent housing solution, whether
independent or subsidized. GPD targets a similar group of clients as HUD-VASH. Veterans may
choose to enroll in transitional housing rather than HUD-VASH due to client preference, social
worker recommendation, or low housing voucher availability.

1Some Veterans with a service-connected disability, like PTSD, receive disability payments from the VA, which
count towards the 30% income payment.

2While HUD-VASH vouchers can be permanent, GPD beds have high turnover, which is why bed numbers are
much smaller despite high participation in my sample.
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1.3 Data
Data on homelessness program participation comes from the VA’s Homelessness Registry, which
combines data from HOMES, the Homeless Management Information system (HMIS), and the
Corporate Data Warehouse (CDW) to comprehensively document participation in the VA’s home-
lessness programs, including entry and discharge dates. Relevant for my analysis, the registry
also tracks initial intake assessments, as well as the primary affiliation of the social worker who
completed one’s assessment.

I link these data to full clinical records in CDW, the VA’s detailed health record system, match-
ing on social security number. CDW contains detailed patient demographic data, as well as docu-
mentation of all inpatient and outpatient encounters occurring at any VA hospital or clinic. More-
over, the VA has reliable mortality data, combining data from the Veterans Benefits Administration
(VBA), Centers for Medicare and Medicaid Services (CMS), and Social Security Administration
(SSA). Validation studies suggest the sensitivity of the available indicator of death is 98% (i.e., the
fraction of true deaths that are accurately recorded is 98%). Matching on Social Security Num-
bers, I also link patient data from the VA with cause of death data, coded by ICD-10 code, from
the National Death Index.

Finally, via CDW, I am able to access full social worker and clinical notes for every Veteran that
meets with a VA-affiliated provider. To ascertain housing status over time, I process these clinical
notes using the Natural Language Processing algorithm ReHouSED, which categorizes each note
into “stably housed,” “unstably housed,” and “unknown” (Chapman et al. 2021). While use of
Large Language Models is not authorized for the VA’s clinical notes system, this rule-based NLP
algorithm far outperforms methods like keyword mentions by understanding sentence context. In
particular, the algorithm notes when mentions of housing are historical, hypothetical, or negated.3

I provide more details in Section 1.5.7.

1.4 Empirical Approach

1.4.1 Sample construction
The VA fully centralized their homelessness intake and referral process in April 2011. Veterans
who contact homelessness services complete an initial assessment, after which they are referred
to various homelessness services, including permanent and transitional housing. Thus, the sample
consists of all individuals who had an initial intake assessment with VA homelessness services
between April 2011 and February 2017, allowing me to follow all individuals for three years prior
to the start of the COVID-19 pandemic. For Veterans with multiple intake assessments during
this period, I use the date of their first assessment. To track Veterans’ health outcomes in CDW,
I restrict the sample to Veterans also enrolled in VA healthcare. Finally, as both programs target
unhoused Veterans with mental illness, I restrict the sample to those with a documented behavioral
health and/or substance use disorder. More specifically, the Veteran must have had some health-
care encounter in the prior year in which the provider noted that the patient had a mental health
condition, as documented via ICD-9 or ICD-10 codes.

3Compared to a human reading the notes, ReHouSED has a precision rate ( True positives
True positives+False positives ) of 65.3% and a

recall rate ( True positives
True positives+False negatives ) of 65.8% (Chapman et al. 2021).
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The final sample consists of 289,932 unhoused Veterans with mental illness. As shown in
Table 1.1, the sample is 90% male, 36% Black, 7% Hispanic, and has an average age of 50. Com-
paring these demographic characteristics with the general US population of unhoused individuals
(HUD 2024), my sample has a much higher percentage of men, a lower percentage of Hispanic
individuals, and excludes homeless children (Table A.1).

Many Veterans in my sample struggle with drug or alcohol use, with around 54% suffering from
a substance use issue. Moreover, around 62% of the sample suffers from a chronic physical condi-
tion, such as diabetes or heart disease. About 12% of the sample receives a HUD-VASH voucher
within three months of intake, and about 18% of the sample enrolls in transitional housing. Charac-
teristics of those enrolling in a housing intervention look similar to mean characteristics, with some
differences. Notably, transitional housing recipients are more likely to suffer from substance use
and more likely to have received mental health inpatient care, suggesting that transitional housing
may be targeted towards those particularly interested in addiction treatment.

1.4.2 Instrumental variables design
I analyze the effects of HUD-VASH and GPD through the lens of a potential outcomes model
with three mutually exclusive and exhausive treatment categories for individual 8: �8 ∈ {E, C,0}.
Let �8 (IE, IC) indicate potential treatments if the instruments take on values (IE, IC), �8 indicate
realized treatment, .:,8 describe potential outcomes given treatment : , and .8 describe realized
outcomes. I define E as receiving a HUD-VASH voucher within three months of one’s intake as-
sessment, C as entering transitional housing within three months, and 0 as entering neither program.
In the small share of cases where a Veteran enrolls in both HUD-VASH and transitional housing
within three months, I define their treatment status based on the program they enroll in first. Vet-
erans assigned one treatment status may eventually enter a different program. For instance, those
who initially receive no housing intervention could enter a transitional housing program a year
later. However, for simplicity, I define treatment here based on the initial program entered follow-
ing one’s intake assessment.4

Those assigned 0 may receive a non-housing intervention like case management services. In
rare cases – less than 3% of observations in the sample – Veterans may also receive rapid rehousing
or temporary rental assistance services via another VA program, Supportive Services for Veteran
Families (SSVF). Given that SSVF is given to a small percentage of the sample and is targeted
towards those with lower needs, I ignore this alternative treatment in the baseline analysis. How-
ever, in robustness checks, I drop individuals who immediately enroll in SSVF. Overall, one can
think of E, C, and 0 as representing Housing First, Treatment First, and no housing intervention,
respectively.

Initial treatment status is clearly non-random in this setting. Veterans may enroll in a particular
program as the result of a combination of factors, including voucher availability, caseworker rec-
ommendations, and Veteran choice. Thus, to address the endogeneity of treatment assignment, I
use an instrumental variables framework. Importantly, in contrast to settings with a single interven-
tion, this setting requires a second instrument to separately identify treatment effects for Housing
First and Treatment First margins.

I consider time of arrival to the VA homelessness clinic to be as good as random. Veterans

4I consider switching across programs in Section 1.5.6.
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likely seek out homelessness services after a shock to their housing stability, the timing of which
may be difficult to predict. This allows me to exploit two quasi-random sources of variation based
on clinic arrival time. First, for a given area and year, permanent housing vouchers are fixed
according to HUD allocations. These vouchers are coveted and in short supply, often resulting
in long wait times to enroll in the program. While one’s exact wait time may be correlated with
need, voucher availability at the time of clinic arrival may vary for quasi-random reasons (for
instance, due to unpredictable timing of other Veterans entering or exiting the program). Thus,
as my first instrument, I exploit a proxy for the length of the voucher waiting list. In particular,
let /E,8 be the (leave-out) percent of individuals who receive a housing voucher in three months
or less among those who arrive to the same clinic within a 60-day window of one’s intake date.
When the number of available vouchers is small, idiosyncratic timing in program entry and exit can
generate meaningful fluctuations in availability at the margin; this type of finite-sample variation
is analogous to cohort-to-cohort differences in group composition in small samples (e.g., Hoxby
2000).

Secondly, when a Veteran arrives to the homelessness clinic, based on both staffing availability
and patient needs, they may be assessed by a generalist social worker who triages them into differ-
ent programs, or they may be seen by a specialist who oversees a specific program. In particular,
GPD liaisons are in charge of managing referrals to transitional housing. If first seen by a gener-
alist, individuals must be referred to the liaison in order to be admitted to a particular transition
housing unit. Those immediately seen by a GPD liaison essentially bypass this step, resulting in
accelerated entry into the program. Moreover, liaisons likely have wider knowledge of transitional
housing availability and may encourage Veterans to enter a particular program. As patients are as-
signed to caseworkers based on need, direct caseworker assignment is non-random in this setting.
Thus, instead of using assigned social worker, I exploit the availability of a transitional housing
liaison at one’s time of arrival as my second instrument. Variation in liaison availability reflects
week-to-week differences in staffing schedules and demands placed on the liaison by Veterans al-
ready residing in GPD transitional housing, rather than on the characteristics of newly arriving
Veterans. This variation is similar to that of designs that exploit exogenous changes in provider
availability, where quasi-random timing of arrival interacts with staffing schedules to determine
treatment exposure (e.g., Chan and Chen forthcoming). As a proxy for availability, let /C,8 = 1 if a
transitional housing liaison performs any intake assessment in the week one arrives to the clinic.

More explicitly, I define the two instruments used in my setting below:

/E,8 =
1

|� 9 (8) | −1

∑
8′∈� 9 (8)

1(8′ ≠ 8)�E,8′ (1.1)

/C,8 = 1(Tr. liasion availableB(8)F(8)) (1.2)

where B(8) and F(8) refers to the individual’s VA station and week of arrival, respectively, � 9 (8) is the
set of patients who arrive within a 60-day time window of one’s intake date, and �E,8 = 1(�8 = E).
Across all regressions, I control for VA station × year and VA station × month, controlling for
any non-random variation in patient arrival, voucher availability, and staffing that varies across
clinic-years or due to seasonality. Additionally, in some cases, individuals may be referred to
homelessness services from an inpatient service related to mental health and/or homelessness,
particularly the VA’s long-term residential treatment programs for substance use. In these cases,
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patient arrival time may less random, as VA social workers may coordinate with inpatient staff to
manage the patient’s discharge plan. Thus, in the baseline analysis, I control for whether the patient
had an inpatient stay in the prior year related to mental health or homelessness. In robustness
checks, I also drop these patients.

Finally, in addition to standard IV assumptions, prior research has shown that 2SLS with multi-
ple endogenous treatments rely on a no essential heterogeneity assumption (Kirkeboen et al. 2016,
Heinesen et al. 2022). In other words, to uncover well-defined treatment effects, complier groups
induced by /E,8 and /C,8 into different treatment statuses must have the same average treatment ef-
fects. For example, 2SLS estimands may not be interpretable as causal effects if compliers induced
into Housing First have a larger treatment effect from voucher receipt compared to other complier
types. In Section 1.5.4, I discuss this assumption in more detail, as well as argue that no essential
heterogeneity is likely a reasonable model of treatment effects in my setting.

1.4.3 Understanding complier types
In order to assess the no essential heterogeneity condition, it is useful to define complier groups
in this setting. To do so, I assume treatment assignment adheres to a simple choice model, which
follows from program context. Individuals choose between a voucher, transitional housing, and
neither program based on a combination of offers and preferences. Based on both program avail-
ability and eligibility, social workers may give individuals an offer to enroll in a specific program.
After an individual is given offers, they can decide among programs according to their preferences.

Higher voucher availability and transition liaison availability increase the probability of receiv-
ing a voucher or transitional housing offer, respectively. Let $E,8 (/E,8) ∈ {0,1} be an indicator for
receiving a voucher offer, where$E,8 is weakly increasing with /E,8. Similarly, let$C,8 (/C,8) ∈ {0,1}
be an indicator for receiving a transitional housing offer, where $C,8 (1) ≥ $C,8 (0). An individual
has the following choice set:

F8 (/E,8, /C,8) =

{0} if ($E,8 (/E,8),$C,8 (/C,8)) = (0,0)
{0, E} if ($E,8 (/E,8),$C,8 (/C,8)) = (1,0)
{0, C} if ($E,8 (/E,8),$C,8 (/C,8)) = (0,1)
{0, E, C} if ($E,8 (/E,8),$C,8 (/C,8)) = (1,1)

After receiving offers, an individual can decide among programs according to his or her pref-
erences. I assume an individual derives utility *0,8 from enrolling in no program, *E,8 from the
voucher program, and *C,8 (/C,8) from transitional housing, where *C,8 (1) ≥ *C,8 (0). Notably, I
assume higher voucher availability only enters treatment choice by increasing the probability of
receiving a voucher offer. Alternatively, transitional liaison availability may affect both offers and
preferences for transitional housing, as the transitional liaison may encourage Veterans to enter the
program. I assume an individual chooses a program based on their set of offers as follows:

�8 (/E,8, /C,8) = argmax :∈F8 (/E,8 ,/C ,8)*:,8 (/C,8)

Following this choice framework, /E,8 induces individuals into the voucher program from a
counterfactual of either transitional housing or no housing intervention. Similarly, /C,8 induces
individuals into transitional housing from a counterfactual of either the voucher program or no
housing intervention. Figure 1.1 shows a schematic of how /E,8 and /C,8 induce individuals into
different treatment statuses. This specific model of treatment choice is not needed to uncover
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causal effects (Heinesen et al. 2022). However, it allows me to identify concrete complier types
based on behavior and will later allow me to identify complier characteristics, which will be useful
in assessing the no essential heterogeneity condition (Mountjoy 2022, Kirkeboen et al. 2016; see
Section 1.5.4.).

Individuals may choose a treatment state based on both the value of /E,8 and /C,8 they receive.
For example, someone who prefers vouchers over transitional housing may choose a voucher if
they are offered both programs, but transitional housing if they are not offered a voucher. To gain
intuition, consider binary versions of (/E,8, /C,8) ∈ {0,1}2, where /E,8 = 1 indicates high voucher
availability. Let D8 (IE, IC) = (�8 (0,0), �8 (1,0), �8 (0,1), �8 (1,1)) describe potential treatments
when (IE, IC) ∈ {0,1}2. In Table 1.2, I enumerate potential complier groups consistent with this
choice framework and potential behavioral responses to /E,8 and /C,8. In principle there are seven
such groups, depending on an individual’s potential treatment status when facing each of the four
possible values of the combination of /C,8 and discretized /E,8 . These include four single-instrument
compliers who only respond to one instrument (�E0 , �C0,�

C
E and �EC ) and three joint-instrument

compliers whose decisions depend on the joint realization of both instruments (�E+,C−0 ,�
E−,C+
0 , and

�E−C ).
Given these complier groups, propensity scores can be used to identify complier share mixtures.

For instance, −(Pr[�C,8 = 1| /E,8 = 1, /C,8 = 0] − Pr[�C,8 = 1|/E,8 = 0, /C,8 = 0]) gives the share of
individuals who are induced from C to E by /E,8, fixing /C,8 at 0. This group corresponds to the
combined share of �EC and �E−C compliers, according to behavioral responses in Table 1.2. Let
%(2) be the population share of 2 compliers. In Table A.2, I show how propensity scores map to
complier groups, and in Figure A.2, I provide more intuition.

Observed propensity score differences generally capture mixtures of complier types, since
changes in /E,8 and /C,8 can simultaneously move different complier groups across multiple treat-
ment boundaries. However, if changes in treatment shares are additive with respect to the two
instruments, complier shares can be point identified. Specifically, define instrument additivity as:

Pr[�:,8 = 1 | /E = 1, /C = 1] −Pr[�:,8 = 1 | /E = 1, /C = 0]
= Pr[�:,8 = 1 | /E = 0, /C = 1] −Pr[�:,8 = 1 | /E = 0, /C = 0]

This condition can be re-written as Pr[�:,8 = 1|/E = 1, /C = 1] −Pr[�:,8 = 1|/E = 0, /C = 0] =
(Pr[�:,8 = 1|/E = 1, /C = 0] −Pr[�:,8 = 1|/E = 0, /C = 0]) + (Pr[�:,8 = 1|/E = 0, /C = 1] −Pr[�:,8 =

1|/E = 0, /C = 0]), or the change in the share in : from (IE, IC) = (0,0) to (1,1) is equal to change
from (0,0) to (1,0) plus the change from (0,0) to (0,1). In words, this condition says the change
in voucher and transitional housing enrollment when /E,8 and /C,8 increase equals the sum of their
separate effects. In Appendix Figure A3, I provide a visualization of this condition in simplex
space (described in more detail in Appendix A.1).

Given my monotonic choice structure, where each instrument only increases the probability
of enrolling in a particular treatment, this condition implies that the two instruments shift disjoint
complier groups. Joint-instrument compliers therefore have zero probability, allowing the remain-
ing complier groups to be point identified. Intuitively, if individuals only respond to a single
instrument, the effect of /E,8 on treatment shares will be the same regardless of the value of /C,8,
and vice versa, which is precisely the additivity condition. Conversely, if joint compliers existed,
the effect of one instrument would depend on the value of the other. Formally, I show that the
following holds:
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Proposition 1 (Complier shares). Under the treatment choice model described above, if Pr[�:,8 =

1|/E = 1, /C = 1] −Pr[�:,8 = 1|/E = 1, /C = 0] = Pr[�:,8 = 1|/E = 0, /C = 1] −Pr[�:,8 = 1|/E = 0, /C =
0] ∀: , then:

%(�E+,C−0 ) = %(�E−,C+0 ) = %(�E−C ) = 0

The remaining complier shares can be point identified as follows:

%(�E0 ) = −(Pr[�0 = 1|/E = 1, /C = 0] −Pr[�0 = 1|/E = 0, /C = 0])

%(�C0) = −(Pr[�0 = 1|/E = 0, /C = 1] −Pr[�0 = 1|/E = 0, /C = 0])
%(�EC ) = −(Pr[�C = 1|/E = 1, /C = 0] −Pr[�C = 1|/E = 0, /C = 0])
%(�CE) = −(Pr[�E = 1|/E = 0, /C = 1] −Pr[�E = 1|/E = 0, /C = 0])

Proof. See Appendix A.2.1. �

Under this additivity condition, the shares of �E0 ,�
C
0,�

E
C , and �CE are fully identified. Conceptu-

ally, this is because only a single group is induced from treatment status : by / 9 ,8: �E0 compliers
are the only group induced by /E,8 from 0, �C0 compliers are the only group induced by /C,8 from
0, �EC compliers are the only group induced by /E,8 from C, and �CE compliers are the only group
induced by /C,8 from E.

This additivity condition corresponds empirically to the absence of an interaction between /E,8
and /C,8 in the first stage.5 To test this empirically, I estimate the following regressions:

�:,8 = UE,:/E,8 +UC,:/C,8 +UEC,:/E,8/C,8 + Z:,B(8)H(8) +q:,B(8)<(8) + -8V: + n:,8 (1.3)

where �:,8 is an indicator for enrolling in treatment : , Z:,ℎ(8)H(8) are VA station × year fixed effects,
q:,ℎ(8)<(8) are VA station × month fixed effects, and -8 are the baseline controls, which includes
whether the patient had a prior inpatient stay related to homelessness or mental health. Across all
treatments �:,8, I find that the interaction coefficient, UEC,: , is close to 0 and statistically insignifi-
cant.6 According to the proposition above, this implies that joint-compliers have 0 share, and the
shares of �E0 , �C0,�

C
E and �EC are fully identified from first stage regressions. For complier shares

estimates, see Appendix A.2.2. I will return to these complier types when I describe and provide
evidence for the no essential heterogeneity assumption in Section 1.5.4.

5See Table A.2 for a full mapping of first stage coefficients to complier shares.
6These interaction terms are close to 0 and statistically insignificant whether /E,8 is used in its continuous version

or converted into a binary indicator (for high versus low values of the leave-out share assigned a HUD-VASH voucher).
Additionally, to assess whether there could be heterogeneity in the interaction between /E,8 and /C ,8 across the support
of /E,8 , I allow the first stage to vary flexibly across deciles of /E,8 . Of the 30 decile-by-/C ,8 interactions across the
first three stages, there is no consistent pattern and only two coefficients are statistically significant, consistent with
being due to chance. I thank Evan Rose for this suggestion.
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1.5 Results

1.5.1 First stage: how do /E,8 and /C,8, impact treatment status?
First, I evalute the relevance of the instruments, or whether /E,8 and /C,8 actually shift people across
treatments 0, E, and C. Returning to Eq. 4, in Table 1.3, I report coefficients UE,: and UC,: when
�:,8 ∈ {�E,8, �C,8, �0,8}, or indicators for enrolling in the voucher program, transitional housing,
and neither, respectively.7 I find that /E,8 and /C,8 strongly predict enrollment in the voucher pro-
gram and transitional housing, respectively (t-stat.= 30, 44). Specifically, a 10 percentage point
increase in voucher availability increases the probability of enrolling in the voucher program by
about 5.1 percentage points, and transitional housing liaison availability increases the probability
of enrolling in transitional housing by about 8.9 percentage points.

Given that treatments are mutually exclusive and exhaustive, it follows that /E,8 and /C,8 de-
crease the probability of enrolling in other treatments. In particular, /E,8 decreases the probability
that �8 = {C,0}, and /C,8 decreases the probability that �8 = {E,0}. Furthermore, /E,8 and /C,8 both
cause much larger decreases in the probability of receiving no intervention than the probability of
switching between interventions. In other words, while there is still significant switching between
treatment statuses C and E, a much larger share of compliers would have received no intervention
under the counterfactual than another housing intervention. For precise estimated complier shares,
see Appendix A.2.2. Finally, in column 4, I show reduced form estimates for the effect of /E,8 and
/C,8 on three-year mortality. I combine these first stage and reduced form estimates to obtain 2SLS
coefficients in Section 1.5.3.

1.5.2 Balance checks: are /E,8 and /C,8, correlated with individual character-
istics?

In order for /E,8 and /C,8 to be valid instruments, they must be as good as randomly assigned, con-
ditional on the baseline controls. Notably, certain VA stations and time periods may systematically
have longer wait times. In particular, HUD adjusts voucher allocations to particular areas yearly
based on homelessness counts and unmet Veteran need. Therefore, I control for any endogeneity
in wait time using detailed VA station × year and VA station × month fixed effects. The remaining
variation in residualized /E,8 represents random shocks to voucher availability not explained by
yearly HUD allocations or seasonality effects.

Secondly, when an individual arrives to a VA medical or referral center for homelessness in-
take, they may be referred to a particular social worker based on their needs and/or preferences. For
instance, those particularly interested in transitional housing may immediately meet with a transi-
tional housing liaison upon arrival. In order to adjust for any non-random assignment to particular
social worker types, in constructing /C,8, I instead rely on caseworker 0E08;018;8CH. Additionally,
as with /E,8, the detailed VA station × time controls account for any potential correlation between
patient demographics at particular stations and staffing.

To directly test whether /E,8 and /C,8 appear to be as good as random, conditional on the baseline
controls, I run the following set of regressions:

7Given the findings reported in the previous section, I exclude the /E,8/C ,8 interaction term from first stage and
2SLS regressions in the main text. As noted, all the interaction coefficients are close to 0 and insignificant.
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�8 = \E/E,8 + \C/C,8 + Z0,B(8)H(8) +q0,B(8)<(8) + -8V0 + n0,8 (1.4)

where �8 are relevant Veteran characteristics. In particular, if a given characteristic �8 is predictive
of mortality but uncorrelated with /E,8 and /C,8, this suggests that both high and low risk Veterans
are equally likely to be assigned high and low values of /E,8 and /C,8, indicating quasi-random as-
signment. In Figure 1.2, I show results from Eq. 5 using a wide-range of characteristics, including
key demographics such as age, race, and gender; mental health conditions including depression,
pychoses, substance use, and alcohol use; and physical health comorbidities. Moreover, in order
to create an aggregate measure of patient risk, I construct a predicted mortality for each patient,
.̂8, based on an OLS regression of three year mortality on all patient characteristics (Chan et al.
2023, Costantini 2025).8 I standardize all characteristics �8 so that coefficients can be interpreted
in terms of standard deviations.

I find that coefficients \E and \C are small and statistically insignificant for 33 of 35 individual
�8s for both \E and \C . For the other two characteristics, coefficients are marginally statistically
significant, consistent with this being due to random chance. Perhaps most importantly, for /E,8
and /C,8, the point estimates when .̂8 is on the left hand side are almost exactly 0, and results are
far from statistical significance. To more clearly visualize the magnitude of the coefficients on
.̂8, in Figure A.4, I plot both the relationship between .̂8 and the instruments (testing balance)
compared to .8, three year mortality, and the instruments (the reduced form relationship). I find
that the reduced form coefficient between /E,8 and .8 is more than twenty times the magnitude of
the balance coefficient. On the whole, these results provide compelling evidence that high risk
patients are not systematically assigned to particular values of /E,8 or /C,8.

1.5.3 Mortality effects
To determine how participation in the voucher program and transitional housing impact three year
mortality, I run the following 2SLS system:

�E,8 = cE/E,8 + cC/C,8 + Z1,B(8)H(8) +q1,B(8)<(8) + -8V1 + n1,8 (1.5)

�C,8 = WE/E,8 +WC/C,8 + Z2,B(8)H(8) +q2,B(8)<(8) + -8V2 + n2,8 (1.6)

.8 = VE�E,8 + VC�C,8 + Z3,B(8)H(8) +q3,B(8)<(8) + -8V3 + n3,8 (1.7)

where Eq. 6 and 7 are first stage regressions for the voucher program and transitional housing,
respectively, and Eq. 8 is the structural equation for the outcome .8 representing 3-year mortality,
estimated by replacing �E,8 and �C,8 with their predicted values from the first stage models.

2SLS results imply that enrollment in the voucher program decreases mortality by 4.6 percent-
age points (s.e.=1.7), relative to a no-program counterfactual (Table 1.3, column 2). In contrast, the
point estimate for the effect of transitional housing on mortality is close to 0. In fact, I can reject
that the voucher program and transitional housing have the same effect on mortality at conventional
significance levels (F = 4.06; p-value = 0.044). In Figure A.5, I show the mortality effect over time

8For the mortality prediction, I include age in 4-year buckets as separate fixed effects.
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for both programs. The effect of Housing First rises steadily over time, becoming statistically
significant around year two. On the other hand, effects for transitional housing consistently hover
near 0. On the whole, the voucher program appears to have a large and statistically significant
impact on long term mortality, while transitional housing likely has no or a very small, statistically
undetectable impact.

Comparing these estimates to the OLS results (Table 1.3, column 1), 2SLS estimates for VE and
VC have the same sign but are of larger magnitude. Recall that OLS coefficients are a combination
of the average treatment effect plus a selection bias term reflecting non-random enrollment in the
voucher and transitional housing programs. Those for whom �E,8 = 1 are a combination of voucher
always takers – or those who always enroll in the voucher program no matter what values of /E,8
and /C,8 they receive – and �E0 , �EC , and �CE complier groups. Similarly, �C,8 = 1 are a combination
of transitional housing always takers and �C0, �EC , and �CE complier groups. Finally, the excluded
category, �0,8 = 1, are a combination of never takers – those who never enroll in either program –
and �C0 and �E0 complier groups. In this setting, voucher and transitional housing always takers are
likely higher risk individuals: both programs target chronically unhoused, mental ill Veterans, and
higher need individuals in particular are given priority for HUD-VASH. Therefore, OLS results
are consistent with the selection bias term attenuating the effect of the voucher program, as always
takers likely have higher baseline mortality risk than never takers.9

In column 3, I show the IV results when I add all individual -8 control variables (the same vari-
ables shown in Figure 1.2). Results are nearly identical. Next, in the baseline analysis, I consider
three treatments: voucher, transitional housing, or neither. Conceptually, ’neither’ represents indi-
viduals who received no housing intervention. However, around 3% of individuals in my sample
receive another light touch housing intervention: Supportive Services for Veteran Families (SSVF),
which includes short term rental assistance and rapid rehousing programs. Individuals participating
in SSVF are unlikely to be compliers in my setting, as this program is targeting towards Veterans
with lower needs – in particular, those who are housed but are having trouble paying rent or were
recently evicted. However, to ensure that SSVF receipt does not change the results, I drop these
individuals in column 4. Finally, around 24.1% of my sample had an inpatient stay related to
homelessness or mental health at a VA hospital in the prior year. Social workers often coordinate
with VA inpatient staff if Veterans are identified as unhoused, leading to referrals to homelessness
intake. In these cases, patient arrival time may less random. In the baseline analysis, I control for
whether the patient had a prior inpatient stay. To further ensure that this issue does not bias my
results, in column 5, I drop these individuals entirely. Dropping those with prior inpatient stays
make the effects of the voucher program look even larger.

1.5.4 Evaluating no essential heterogeneity
Prior research has shown that in order to recover well-defined causal effects, 2SLS with multiple
endogenous treatments relies on restrictions on substitution patterns, a no essential heterogene-
ity assumption, or some combination of both (Kirkeboen et al. 2016, Kline and Walters 2016,
Heinesen et al. 2022, Bhuller and Sigstad 2024, Humphries et al. 2025). According to the choice

9In principle, OLS estimates could also reflect selection bias coming from different complier groups enrolling in E,
C, and 0. However, I argue in Section 1.5.4 that these groups look observably similar to each other in terms of mortality
risk.
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framework described in Section 1.4.3, I assume that /E,8 only affects treatment choice by increas-
ing the probability that individuals enroll in E(from a counterfactual of either 0 or C), and /C,8 only
affects treatment choice by increasing the probability that individuals enroll in C. Under these be-
havioral restrictions, Heinesen et. al (2022) show that to uncover interpretable and well-defined
causal effects, there also must be no essential heterogeneity. In other words, complier groups in-
duced by /E,8 and /C,8 into different treatment statuses also cannot have heterogeneous average
treatment effects for a particular treatment. Formally,

� [.:,8 −.0,8 |�8 = 2] = � [.:,8 −.0,8 |�8 = 2′] (1.8)

for all complier groups 2 and for treatment : ∈ {E, C}.10 .:,8 represents potential mortality for
individual 8 receiving treatment :. This model could be violated if those induced into E from 0
benefit more from vouchers than other complier types, for example. Eq. 8 rules out some, but not
all forms of selection-on-gains. Among compliers, individuals cannot select into Housing First or
Treatment First in way that is correlated with benefits. However, the condition does not impose
restrictions on treatment effects for always takers and never takers, who may have different baseline
mortality risk than compliers.

Intuitively, if different complier groups look very different from each other, this assumption is
more likely to be violated. For example, in a comparison of no college, community college, and
four-year college, Mountjoy (2022) finds that compliers on the margin between community college
and no college have much lower prior test scores than those on the margin between community
college and four year college, casting doubt on whether these different complier groups would
experience similar gains from attending a four year college. However, in this setting, treatments
are not “ordered;” instead, social workers assert that transitional housing and the voucher program
both target the most at risk individuals.

To more formally evaluate the no essential heterogeneity assumption in my setting, I conduct
three additional empirical tests. First, using additional instruments and overidentification tests, I
evaluate whether one can reject homogenous treatment effects across key observable characteris-
tics -8. If additional instruments are added to the model, one can conduct a J-test to reveal whether
different instruments yield different IV estimates, which may be suggestive of heterogeneous treat-
ment effects. In particular, by interacting /E,8 and /C,8 with characteristics -8, I can answer the
following question: if compliers were only those that had -8 = G, would estimated mortality effects
be the same? If the J-test fails to reject homogenous effects across key observable characteristics,
this would reassure the reader that there is no substantial treatment effect heterogeneity in general,
mitigating concern over essential heterogeneity.

In Table 1.4, I show overidentification test results when I interact /E,8 and /C,8 with a given
characteristic -8 and add these interactions as additional instruments to the 2SLS model. To ensure
instrument validity, in these regressions, I also control for the given characteristic -8 interacted
with the baseline station × time fixed effects. I include tests for demographic and mental health
characteristics, as well as high predicted mortality. Across all regressions, I fail to reject homoge-
nous treatment effects across observable characteristics.

As an additional test, I examine complier characteristics directly. If different complier groups

10If there are additional restrictions on substitution patterns, no essential heterogeneity is not needed. In particular,
if all compliers are induced from the same counterfactual treatment state, 2SLS has a causal interpretation even with
unrestricted heterogeneity (Heinesen et al. 2022, Bhuller and Sigstad 2024).
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have much higher baseline mortality risk .̂8, on average, than other complier groups, this would cast
doubt on the assumption that average treatment effects are equal across groups. In the former test,
I failed to reject homogenous treatment effects for compliers that have high versus low predicted
mortality (see Table 1.4). Nevertheless, to further reassure the reader that complier groups look
similar to each other, I evaluate complier characteristics using a similar approach to that of Abadie
(2003). For the case of binary instruments and no control variables, Mountjoy (2022) shows that
the following Wald estimator yields mean .̂8 for compliers who are induced by instrument / 9 ,8 into
treatment 9 from : , holding / 9 ′,8 fixed:

� [.̂8 |� 9

:
] =

� [.̂8�:,8 |/ 9 ,8 = 1, / 9 ′,8] −� [.̂8�:,8 |/ 9 ,8 = 0, / 9 ′,8]
� [�:,8 |/ 9 ,8 = 1, / 9 ′,8] −� [�:,8 |/ 9 ,8 = 0, / 9 ′,8]

(1.9)

This result follows from Proposition 1, where the denominator represents the negative of the com-
plier share, −%(� 9

:
), and the numerator is −� [.̂8 |� 9

:
]%(� 9

:
). Thus, dividing the two yields mean .̂8

for � 9

:
. Eq. 10 can be used to determine mean characteristics for �E0 ,�

C
0,�

E
C , and �CE compliers. In

practice, I empirically identify � [.̂8 |� 9

:
] by running 2SLS regressions where .̂8�:,8 is on the left

hand side and I instrument for �:,8 with / 9 ,8.
In Figure 1.3, I show complier mean predicted mortality across all groups. I cannot reject

that all groups have the same mean .̂8. In other words, all complier groups have similar baseline
mortality risk, on average, making it much more likely that they have the same average treatment
effects.

Another way of thinking about the no essential heterogeneity assumption is that treatment
effect heterogeneity must be unrelated to behavior. In other words, no essential heterogeneity does
not rule out all forms of heterogeneity; instead, it says that compliers cannot select into a certain
treatment in a way that is correlated with potential benefits. The most obvious model one may have
in mind here is that of Roy selection. If those who particularly benefit from the voucher program
are voucher compliers, no essential heterogeneity does not hold.

To test for evidence of selection-on-gains, I examine the relationship between estimated local
average treatment effects and the propensity to be treated (via the first stage). More specifically,
starting with the voucher program, I divide the sample into the VA’s Veteran Integrated Service
Networks (or VISNs), which are based on geographic area. I run first stage stage regressions
separately by VISN for the effect of /E,8 on �E,8. Then, I estimate the effect of the voucher program
on mortality for each VISN (via 2SLS regressions). Finally, I plot the relationship between the
first stage and 2SLS estimates. I repeat this process for transitional housing: by VISN, I estimate
both the effect of /C,8 on �C,8 and the LATE for the effect of transitional housing on mortality. I
show results in Appendix Figure A6. Although 2SLS estimates are noisy due to small sample
sizes, for both the voucher program and transitional housing, I find that VISN-specific LATEs
are uncorrelated with the first stage. In other words, in areas where treatment effects are larger,
individuals are not more likely to select into the program – ruling out Roy selection. On the
whole, these results suggest that even if there is unobservable treatment effect heterogeneity, this
heterogeneity is not correlated with the propensity to be treated.

Finally, what if there are small violations of no essential heterogeneity that are difficult to de-
tect? To evaluate the degree of potential bias, I use a bounding approach. In particular, Heinesen et
al. (2022) decompose the multi-instrument 2SLS coefficient into a LATE term and selection terms
that involve the difference in average treatment effects across complier groups. The weight of these
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selection terms depend on the share of compliers who switch between treatments – in my setting,
�EC and �CE compliers. Bhuller and Sigstad (2024) similarly argue that if these complier shares
are 0, 2SLS recovers a well-defined LATE. Following this logic, if both the share of �EC and �CE
compliers are small and there are only small violations to the no essential heterogeneity condition,
2SLS estimates will be close to true LATEs. In my setting, �EC and �CE compliers represent only
16.1% and 15.7% of all /E,8 and /C,8 compliers, respectively (see Table A.3). More rigorously, I can
precisely estimate bounds on the true LATE under the assumption that average treatment effects
across complier groups differ by a factor of n,or

|� [.:,8 −.0,8 |�8 = 2] −� [.:,8 −.0,8 |�8 = 2′] | < n (1.10)

In Appendix A.3, I derive analytical worst-case scenario bounds on !�)�E = � [.E,8 −.0,8 |�E0 ],
the LATE of Housing First (compared to no intervention) for �E0 compliers. The same logic can
be applied to derive bounds for !�)�C = � [.C,8 −.0,8 |�C0], the LATE of Treatment First for �C0
compliers. In Table 1.6, I show bounds on both LATEs under different values of n . I find that even
with an n as large as one percentage point, or around 20% of the size of the treatment effect, the
bounds remain tight: !�)�E ∈ (−0.049,−0.043) and !�)�C ∈ (−0.010,−0.004). In fact, !�)�E
and !�)�C have non-overlapping bounds as long as n < 0.06 p.p. These results suggest that VE and
VC are only far from true LATEs if there are large violations to Eq. 9, which is likely implausible
given the tests presented in this section.

1.5.5 Evaluating exclusion
Finally, in order for my instruments to be valid, they must influence mortality only by influencing
treatment status. In other words, voucher wait time and transitional liaison availability can only
have an impact on mortality by shifting individuals between treatments 0, C, and E. Most relevant
for this analysis, /E,8 and /C,8 cannot affect mortality by changing how individuals interact with the
homelessness system as a whole – for instance, by getting into care faster or increasing engagement
in alternative programs, such as case management services.

In Table 1.7, I test various additional concerns related to exclusion. First, one concern is that
homelessness wait times are correlated; in other words, if it takes longer to get a housing voucher,
this could be because homelessness services are backed up in general. Therefore, in column 2, I
add a control for the mean (leave-out) wait time (in days) to one’s follow up appointment with a
social worker (regardless of which homelessness program the patient enrolled in). IV results are
very similar, suggesting that the results are not driven by more efficient homelessness services in
general. Second, /C,8 relies on the availability of a transitional housing liaison, a specialty social
worker in VA homelessness clinics. This brings up a related concern: if a homelessness referral
center has a specialty staff member available, perhaps they are better staffed in general, which may
improve the referral process on the whole. To mitigate this concern, in column 3, I control for
the number of unique staff available at patient intake. Lastly, a final concern is that transitional
housing liaisons may do more than refer patients to GPD. Importantly, the VA also has emergency
housing and case management services. If transitional housing liaisons are more (or less) likely
than other social workers to refer individuals to these programs, that could bias mortality results.
Thus, in columns 4 and 5, I control for entering emergency housing and case management within
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three months of intake.11 Finally, as discussed in Section 1.5.3, in Table 1.3, I also drop individuals
who enroll in an alternative housing program, SSVF. Overall, the results are highly robust across
specifications.

1.5.6 Switching between treatment statuses
Until now, I have considered a static model of treatment status: individuals are in E, C, or 0 based
on the first program they enroll in within the first three months following intake. In practice,
individuals can switch between treatment statuses: someone initially enrolled in neither program
may receive a housing voucher at month six, or an individual in transitional housing might enroll
in HUD-VASH once they exit their transitional housing unit.12

Descriptively, only 7.8% of those in 0 – who initially enroll in neither program – receive a
housing voucher within a year following intake. In contrast, about 20.8% of those enrolled in tran-
sitional housing receive a housing voucher within a year. There are several possible explanations
for why rates are much higher for those in CA . First, compared to the broader sample population,
those who enroll transitional housing are likely more similar to HUD-VASH recipients, making
them more likely to qualify for and enroll in the program. Second, individuals originally inter-
ested in HUD-VASH may enroll in transitional housing while they wait for their housing voucher
to come through. Finally, this could partially be a treatment effect: part of the goal of transi-
tional housing is to help you secure more permanent housing following program exit, which could
include transitional housing social workers helping you sign up for HUD-VASH.

To ensure that my static model of treatment status does not impact the results, I run a series of
robustness checks related to switching between treatment statuses in Table A.4. First, I redefine
�E,8 as an indicator for ever receiving a housing voucher within a year of intake, even for those
who initially enroll in transitional housing. This helps address two concerns: 1) that the voucher
availability instrument may effect availability beyond three months, and 2) that some individuals
may only enroll in transitional housing for a short period while they await their voucher. In Table
A.5 column 1, I show the baseline first stage (with �E,8 as the dependent variable) for reference.
In column 2, I show the first stage when �E,8 is re-defined as receiving a housing voucher within
a year. Interestingly, the coefficient on /C,8 becomes insignificant in this model. In other words,
for those who would have received Housing First under the counterfactual – or �CE compliers –
transitional housing merely delays their entry into HUD-VASH.

In Table A.4 column 3, I show the baseline 2SLS mortality results for reference. In column
4, I show 2SLS results when I replace �E,8 with receiving a voucher within a year, which are
nearly identical. If anything, in this specification, the effect of transitional housing becomes a
more precise 0. Finally, in column 5, I simply drop individuals whose initial treatment status is 0
or CA but later enroll in the voucher program. Coefficients are also highly aligned with the baseline
results.

11A related concern is that case workers may refer individuals to an inpatient service related to homelessness and/or
mental health, notably the VA’s mental health residential treatment programs and domiciliary care. About 6.5% of the
sample enters one of these programs within three months of intake. I also control for referral to an inpatient service,
and coefficients are nearly identical to the baseline specification.

12Since individuals can keep housing vouchers permanently, this is less of a concern for people who initially enroll
in E.
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1.5.7 Mechanisms
Why does Housing First have such a large impact on long term mortality, but Treatment First has
little effect? In this section, I evaluate potential explanations. First, previous research has found
that offering unhoused individuals permanent, subsidized housing substantially reduces the num-
ber of days spent homeless compared to the status quo (Rosenheck et al. 2003, Montgomery et al.
2013). Thus, one potential explanation is that housing alone decreases mortality. Unsurprisingly,
Meyer et al. (2023) find that the unhoused population experiences 3.5 times the mortality risk of
those who are housed, controlling for demographic characteristics. Additionally, if individuals stay
enrolled in Housing First, they may become more attached to the homelessness support system,
especially compared to those enrolled in programs that are temporary in nature. Without monitor-
ing by social workers and other staff, Veterans who disappear from the system may be particularly
likely to experience poor outcomes. Finally, an alternative explanation, often espoused by Housing
First advocates, is that housing stability is a necessary pre-condition for individuals to seek the care
they need – particularly in addressing mental health and substance use. To shed light on this point,
I evaluate Veterans’ engagement with mental and physical healthcare over time.

Housing status over time

First, I evaluate Veterans’ housing status over the three year period following program enrollment.
Housing status is a particularly hard outcome to study in a non-RCT setting, as it is typically not
recorded systematically in clinical records. Additionally, there are no records of housing status for
those who disengage entirely from VA homelessness services, making full ascertainment difficult.

To partially address these issues, using the social worker and clinical notes available within
CDW, I analyze Veteran notes using the Natural Language Processing (NLP) algorithm ReHouSED.
Described and validated in detail by Chapman et. al (2021), this rule-based NLP algorithm classi-
fies individual clinical notes into “stably housed,” “unstably housed,” and “unknown” categories.
The algorithm outperforms methods like keyword matching by understanding sentence context – in
particular, it identifies cases where housing stability is hypothetical (e.g., “he would like to own his
own apartment”), negated (e.g., “he is not homeless”), or historical (e.g., the patient’s past medical
history lists a homelessness ICD code, which is no longer current). I customize the algorithm for
my context so that transitional housing is counted as stable housing, while shelter stays, doubling
up, and street homelessness count as unstable housing. Appendix Figure A7 provides examples
of how RehouSED interprets and classifies notes into stably housed and unstably housed. If the
algorithm sees no clear mention of stable or unstable housing, it classifies the note as unknown.

To employ RehouSED, I collect all clinical or social worker notes for Veterans in my sample,
identifying over 50 million clinical notes that include a housing keyword.13 After running Re-
houSED on these notes, I generate a month-level stable housing variable, which equals 1 if the
Veteran was ever identified as stably housed in that month. Then, I create a quarter level mean,
�@,8, or the percent of months during that quarter in which the Veteran was identified as stably
housed.14 If the Veteran had no mentions of housing status during that period, I classify them as

13Reducing the notes to those that include a housing keyword was necessary to reduce the computational intensity
of the algorithm.

14I exclude notes classified as “unknown” from this quarter-level mean if the individual had at least one documented
housing status during the quarter. In other words, if the patient was identified as stably housed in months 4 and 6 and
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having unknown housing status during that quarter with an indicator*@,8.
Maintaining the category of unknown housing status eliminates concern over attrition bias, as

those participating in no housing intervention are much less likely to have their housing status
recorded. Importantly, however, the interpretation of regression results is subtle in the setting:
stable housing essentially captures the joint outcome between having stable housing and having
housing status recorded – e.g., by meeting with a social worker or in some cases, a primary care
doctor.

After classifying housing status for all Veterans during the three year follow up period, I run
2SLS regressions where the outcome variables are either �@,8 or *@,8. I show the results in Figure
4. In quarter 1 (days 0-90), transitional housing recipients are more likely to be housed than HUD-
VASH recipients. These results reflect the fact that Treatment First compliers are able to enter
transitional housing units almost immediately. In contrast, Housing First recipients have to find an
apartment that accepts their voucher, a much slower process. Nevertheless, this trend reverses by
quarter 2. Housing First recipients maintain stable housing at a much higher rate throughout the
study period, with an effect size reaching its peak around 34 percentage points in quarter 3 (days
180 - 270). In contrast, transitional housing has an attenuating effect on housing stability over
time, with an effect size of only 9 p.p. by quarter 12 (days 990-1080). These results are also in
line with institutional details: while Housing First recipients can keep their vouchers forever, GPD
participants must find their own housing after a 6 month to 2 year stay in a transitional housing
unit.

Similarly, both programs make one less likely to have unknown housing status, but transitional
housing also has an attenuating effect over time. These results imply that social workers stay in
contact with and can much better track the whereabouts of those actively enrolled in HUD-VASH
or GPD. I further explore engagement with homelessness services in the next section. For more
details on housing status over time, including complier means, see Appendix A.4.

Engagement with homelessness services

Next, as implied in the prior section, enrollment in Housing First and transitional housing both
increase the probability that one engages with VA social workers. In particular, HUD-VASH par-
ticipants are required to participate in case management. Therefore, one channel for the mortality
effect is that VA caseworkers can keep track of where Veterans are and potentially intervene in a
crisis. To systematically track engagement with VA homelessness services over time, for each year
following intake, I create an indicator, (,8,H, for having a visit with a VA social worker during the
year.15 I then run 2SLS regressions with (,8,H for each year as the outcome variable. I show results
in Figure 1.5. Overall, Housing First participants are 40 percentage points more likely to stay in
contact with VA social workers, a result that is stable across the study period. Transitional housing
participants are also 30 percentage points more likely to stay engaged with homelessness services
in year one, with effects fading over time as Veterans exit GPD housing. However, the effect is still
persistent: by year three, transitional housing recipients are still nearly 20 percentage points more
likely to have a visit with a social worker compared to those in the no intervention group. Thus,

had unknown housing status in month 5, I count them as having 100% stable housing during that quarter.
15I exclude any visits in days 0-90, as Veterans must mechanically meet with a social worker in order to enroll in

HUD-VASH or GPD.
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given than transitional housing has no impact on mortality, it is unlikely that engagement with VA
social workers is a key mechanism in explaining the mortality effect.16

Engagement with mental and physical health services

Lastly, I evaluate the hypothesis that housing stability is a necessary pre-requisite to address other
issues, particularly substance use and mental health. This line of reasoning gets at the root of
the Housing First versus Treatment First debate: with Housing First, mental health and substance
use treatment is optional. However, proponents hypothesize that individuals are better able to
participate and comply with mental health treatment once they have a stable roof over their heads.
Alternatively, in Treatment First models, mental health treatment, and sometimes sobriety, are
typically required to stay enrolled in the program.

As all individuals in my sample were assigned a prior mental health diagnosis code, the ma-
jority previously attended at least one mental health visit. Thus, I construct two intensive margin
measures of engagement with mental health care over time. First, I construct a simple variable of
the count of mental health visits attended in year H. Secondly, as no shows are a big issue in mental
health care, I construct a no show rate for each year H, or the percentage of visits one did not attend
over the total number scheduled. As everyone in my sample has mental health or substance use
condition, I let the no show rate equal 100% if one did not schedule or attend any visits during year
H.

I show 2SLS regression results on use of mental health care in Figure 6. I find that transi-
tional housing both increases one’s use of mental health care in the first year and decreases the no
show rate, consistent with transitional housing programs often requiring mental health treatment.17

However, these effects are impermanent, fading to 0 by year 2 as Veterans exit GPD housing. In
contrast, Housing First appears to have no impact on engagement with mental health care.18 This
evidence suggests that the mortality effect is not driven by mental health treatment. However, I
cannot rule out that housing alone improves one’s mental health, even though Veterans are not
seeking more care once they are housed.19

Finally, in Figure A.9, I also show results for engagement with VA primary care over time. I
define engagement with primary care as attending any visit in year H, following general guidelines
for checkup frequency. I find that neither program has an impact on overall engagement with
primary care.

16One hypothesis is that social workers could help Veterans by increasing their disability compensation (Silver and
Zhang 2026). I find no evidence that enrolling in HUD-VASH or GPD increases the amount one receives in disability
benefits.

17Effects of transitional housing on use of mental health care are likely undermeasured here, as I can only observe
visits at the VA. While in transitional housing units, some Veterans may participate in in-house therapy delivered via
third party organizations.

18I find no effect of Housing First on mental health care utilization even for those with no prior specialty mental
health care engagement.

19My results on mental healthcare engagement contrast with the results of Hanson and Gillespie (2024), who find
that enrolling individuals in Housing First increases psychiatric office visits. Their setting differs from mine in that
everyone in my sample has a diagnosed mental health condition and has a prior attachment to VA healthcare services.
In contrast, in Hanson and Gillespie (2024), Housing First may facilitate access to outpatient mental health care
through the program’s embedded care coordination.
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1.5.8 Cause of death
Does housing alone explain the mortality effect, or do Veterans who recieve a housing voucher
also benefit from improved mental health and reduced substance use? To further illuminate mech-
anisms, I link my sample to National Death Index data on cause of death, dividing deaths into those
caused primarily by housing alone, those related to mental health or drug use, and those related to
other causes. I show 2SLS results on cause of death in Table 1.8.

First, I investigate potential causes of death primarily explained by housing alone. Individuals
who lack housing – particularly those who live on the streets – are more exposed to the elements,
making them particularly vulnerable to extreme heat or cold. In Table 1.8 column 1, I find that
voucher recipients much less likely to die from exposure to the elements. Secondly, without a safe
place to call home, unhoused individuals are much more likely to subject to violence or assault.
In column 2, I also find evidence that voucher recipients are much less likely to die from assault.
These two outcomes demonstrate clearly that shelter alone lowers mortality risk.

Next, I investigate causes of death primarily related to mental health or substance use. Most
intuitively, if mental health is improving and substance use is declining among Housing First re-
cipients, one may expect suicide or overdose rates to decline. In column 3, I show some sug-
gestive, though underpowered evidence that voucher recipients have lower rates of suicide and
overdose. Lastly, I investigate a cause of death closely linked to both substance use and homeless-
ness: HIV/AIDS, Hepatitis B, and Hepatitis C infections. Transmitted via blood, these infections
are often spread among people who inject drugs via sharing needles or other injection drug use
equipment. According to NASEM (2018), unhoused injection drug users are particularly likely to
contract these viruses, as they often lack places to cleanly and safely inject drugs. In column 4, I
also find that voucher recipients are at much lower risk of dying from HIV, Hepatitis B (HBV), or
Hepatitis C (HCV). Decomposing this coefficient further, I find that HCV deaths explain around
76% of the effect.

The interpretation of this result is more subtle. While individuals often contract these viruses
via unsafe injection practices, one can often survive many years with these conditions even if left
untreated. However, HIV weakens the immune system, making one much more vulnerable to new
infections. Similarly, viral hepatitis weakens the liver over time, leading to increased mortality risk
from new infections or alcohol binges. Thus, cause of death here is multifaceted: first, it could sug-
gest decreased drug or alcohol use, as well as safer injection practices. Prior descriptive research
on people who inject drugs find a strong correlation between homelessness and risky injection be-
haviors, such as syringe and equipment sharing (Hotton et al. 2021). This mechanism is closely
connected to “harm reduction” philosophy of addiction treatment, which espouses that even if
drug use continues, safe injection practices – such as providing individuals sterile needles via nee-
dle exchanges – can help reduce drug use’s harmful effects. Second, among those with pre-existing
infections, it could suggest decreased risk of contracting non-drug related infections. For example,
those who lack housing often have poorer hygiene, leading to skin or soft tissue infections. Finally,
mortality reductions could be caused by improved adherence to antiviral medications. I find some
weak evidence of this phenomenon: Housing First makes one 2.5 p.p. (s.e.=1.5) more likely to fill
an antiviral medication for HIV, HCV, or HBV during the study period. Overall, causes of death
ostensibly related to homelessness, mental health, or both explain about half of the mortality effect.
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1.5.9 Comparison to other studies
Two US-based studies have linked prior RCT evidence on Housing First with administrative data
on mortality (Raven et al. 2020, Hanson and Gillespie 2024). These studies both find imprecise
results for the effect of Housing First on mortality, with confidence intervals that include both
meaningful reductions and increases.

Both Raven et al. (2020) and Hanson and Gillespie (2024) look at mortality effects at shorter
time horizons and report intention-to-treat effects. To compare my results more directly with these
studies, in Table A.5, I report two-year mortality treatment-on-the treated estimates for my study
compared to these benchmarks, scaling Raven et al. and Hanson and Gillespie by their reported
first stages: 50% and 82%, respectively. This latter statistic is likely an overestimate of the true first
stage, as Hanson and Gillespie do not report what percent of the control group received some alter-
native housing assistance, which was nearly 36% in Raven et al. (2020). Nevertheless, I marginally
fail to reject any difference between my estimate and that of these alternative studies when I use
the same time horizon (p-values=0.16, 0.051). Secondly, as Hanson and Gillespie targeted individ-
uals with a high number of prior jail stays, I construct an alternative sample defined as individuals
who completed a homelessness intake assessment where they indicidated they had spent over a
month in jail in their lifetime (not restricting to those with a prior mental health condition as in the
primary sample). Here, I find that estimates are even more aligned with Hanson and Gillespie (p-
value=0.31).20 Taken together, these comparisons suggest that differences between my results and
prior US studies are likely explained by differences in estimands, follow-up horizons, and sample
composition.

1.5.10 Policy implications and cost effectiveness
Are any types of transitional housing effective?

Transitional housing at the VA is administered by third party agencies, who differ in both services
provided and program requirements (such as requiring weekly therapy or even sobriety to stay
enrolled). In fact, the VA explicitly defines different transitional housing types, which may be more
or less service-intensive. This raises the question: are any types of transitional housing effective,
and if so, what lessons can be learned from them? In particular, critics argue that transitional
housing with strict requirements may merely increase barriers to obtaining a permanent home. In
the extreme case, an individual may be kicked out their transitional housing unit and lose both
immediate housing and social worker support.

Thus, one potential hypothesis is that transitional housing may be more effective if it: 1) does
not have strict program requirements, and 2) primarily emphasizes placing individuals in long term
housing. Two types of VA transitional housing fall more closely under this model: “low demand”
and “bridge housing.” In the “low demand” model, mental health treatment is offered, but explicitly
not required, and services are focused on finding permanent housing. Similarly, the “bridge” model
emphasizes very short term stays in transitional housing units, with the focus being on securing
permanent housing. While I cannot observe the program type that individuals enroll in, I can

20This provides some evidence of treatment effect heterogeneity in this alternative sample at a 2-year time horizon.
Nevertheless, when I interact prior jail status with /E,8 and /C ,8 and conduct a J-test using my primary sample, I cannot
reject homogenous treatment effects at a three-year time horizon.
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observe the percent of transitional housing beds in each VISN that are classified as low demand
and/or bridge. To examine program heterogeneity, I divide VISNs into those with above and below
median shares of low demand/bridge beds. Then, I rerun the mortality IV regressions separately
for the above and below median samples. I show results in Table A.6. Though treatment effects
are noisy, I find suggestive evidence that low demand and bridge housing may be more effective
than other transitional housing types.

Is Housing First worth funding?

Even if Housing First programs improve health, are they worth paying for? One way to think about
cost-effectiveness in this setting is to consider housing to be a health intervention. In public health
research, medical interventions in the US – such as a new cancer treatment – are generally consid-
ered cost-effective if they cost less than $100,000 - $150,000 per year of life saved. In deciding
what programs are worth funding, researchers construct incremental cost-effectiveness ratios (or
ICERs), comparing a given intervention against this benchmark. To assess cost-effectiveness, I
consider the ICER of HUD-VASH (compared to no intervention) over the three year study period
as:

ICER =
Δcost

Δlife years
(1.11)

On the cost side, I first document if/when an individual in my sample received housing through
HUD-VASH. I conservatively assume that once an individual obtains housing, they continue to
use their HUD-VASH voucher throughout the remainder of the study period. Then, I run 2SLS
regressions where the outcome variable is the number of months the individual used a housing
voucher. I find that HUD-VASH enrollment causes one to use a housing voucher for 23.0 (s.e.=0.7)
additional months over the study period. Excluding the cost of case management, HUD pays an
estimated $581 per month for every HUD-VASH voucher (National Homeless Information Project
2018). Thus, estimated housing costs per treated individual are approximately $13,380.

Next, I estimate the additional costs of social worker visits compared to those who receive no
housing intervention. I approximate the cost of social worker visits using the VA’s Health Eco-
nomics Resource Center (HERC), which estimates costs to the VA using Medicare reimbursement
rates. Using the total cost of social worker visits as the left hand side variable in regressions, I
estimate an additional cost for those who enroll in HUD-VASH of $9,667 (s.e.=885).

I also assess changes in healthcare and homelessness services utilization that could lead to cost-
savings among HUD-VASH recipients. First, I find that enrolling in the voucher program leads to
an average of 7.9 (s.e.=2.98) less days of VA emergency shelter use over the study period. I
estimate the average daily cost of a shelter stay to be $31 (HUD 2010),21 leading to a cost savings
of $246. Finally, and most significantly, the VA operates various inpatient treatment programs
related to homelessness and mental health, including residential rehabilitative treatment programs
and domiciliary care. I find that enrolling in Housing First substantially decreases the length of stay
in one of these programs by 12.57 days (s.e.=4.77) over the study period.22 According to HERC

21This estimate averages the daily cost across various shelter types.
22In contrast, I find that transitional housing has no effect on inpatient length of stay (coeff=0.91; s.e.=4.00).
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estimates, this decline in length of stay translates to a cost-saving of $41,734 (s.e.=$16,429).23,24

This result is consistent with descriptive studies from the medical literature, which find both
very large healthcare spending among homeless individuals, as well as substantial cost differences
once these individuals are housed. For chronically homeless individuals with alcohol use – a
similar population to that of this paper – a study from Seattle finds that average total healthcare
spending prior to housing was $15,072 per year. This number declined to $8,592 in the year fol-
lowing housing, translating to $19,440 in healthcare cost savings over three years (Larimer et al.
2009). A study from Massachussets finds that healthcare costs were around $32,331 per year for
unsheltered homeless individuals, compared to only $9,648 for those with shelter, with the primary
difference coming from inpatient costs (Koh et al. 2022). This translates to $68,049 in healthcare
cost-savings over three years. Relatedly, other descriptive studies have noted that homeless indi-
viduals have longer hospital stays than non-homeless individuals. A study from New York City
finds that homeless patients stay around 4.1 extra days in the hospital per discharge, with the ma-
jority of these stays being related to substance use or mental illness (Salit et al. 1998). Physicians
reported delaying patients’ discharge due to lack of housing and worry about compliance with fol-
low up care. Considering these massive cost savings from shorter hospitalizations, one could think
of Housing First as a diversion program – keeping individuals out of costly psychiatric care.

On the whole, due to a substantial reduction in inpatient costs, I find that Housing First is ac-
tually cost-saving over the three-year study period: compared to those who enrolled in no housing
intervention, HUD-VASH saved $18,931 per participant. Thus, even if the intervention incurred
no health benefit, it would be worth funding purely from a cost perspective. I summarize these
findings in Table 1.9. This cost analysis should be interpreted as the costs incurred by either the
VA or HUD, which is what I can observe. However, I likely underestimate broader cost-savings of
HUD-VASH due to reduced use of other public services. For example, Housing First may reduce
incarceration rates (Cohen 2024). In addition, I cannot observe non-VA emergency shelter use or
Medicaid or Medicare spending.

Given that HUD-VASH incurs lower costs and has higher benefits than no housing interven-
tion, from the ICER perspective, Housing First is a dominant intervention. Thinking about costs
and benefits from an ICER perspective is also closely connected to the public finance literature on
the Marginal Value of Public Funds (see Hendren and Sprung-Keyser 2020) in cases where fiscal
externalities are close to 0. Although I am unable to observe employment for Housing First partici-
pants, Brounstein and Wieselthier (2024) estimate minimal labor supply effects from enrollment in
permanent housing, likely due to large rates of unemployment among this population. Thus, if par-
ticipants have any positive willingness to pay for improved quality of life and increased longevity
due to permanent housing, the marginal value of public funds in this setting is infinite.

23Importantly, I replicate the RCT result from Rosenheck et al. (2003), which finds no effect of HUD-VASH on the
number of inpatient stays. However, cost estimates change substantially once length of stay and visit-specific HERC
cost estimates are calculated.

24I do not find any other significant effects on healthcare utilization, including outpatient mental health, primary
care, ED visits, and hospitalizations related to physical health.
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1.6 Discussion
This study is not only the first to show that Housing First unequivocably reduces mortality, but it is
the first to explicitly show that Housing First far outperforms Treatment First type interventions in
terms of both long term housing stability and health outcomes. My results add to a growing body
of evidence that the primary solution to homelessness is housing, and that psychosocial issues do
not need to be addressed prior to addressing issues of housing instability (e.g., Rosenheck et al.
2003, Gubits et al. 2018, Montgomery et al. 2013). Moreover, echoing descriptive results from
the medical literature, I find that Housing First is cost-saving due to large reductions in psychiatric
hospitalization length of stay.

However, my results cast doubt on the narrative that Housing First models provide the stabil-
ity needed for individuals with mental health issues to begin to address them. Despite high rates
of mental health treatment non-attendance in this population, Housing First does not lead to an
increase in mental health treatment nor improve the rate of appointment attendance. In contrast,
Treatment First models do improve adherence to mental health treatment in the short term, but
effects are short-lasting and do not seem to translate into large health gains. Thus, for the large
population of unhoused, mentally ill individuals, other interventions may be necessary to improve
long term engagement with mental health care. Despite having little impact on healthcare uti-
lization, Housing First has a large effect on overall health and wellbeing, as indicated by lower
mortality rates. In particular, permanent housing reduces deaths from extreme weather, violence,
and infections caused by unsafe drug injection. This latter result provides some suggestive evi-
dence that “harm reduction” in addiction treatment – or providing resources to allow individuals
to safely inject drugs – could reduce mortality.

Comparing outcomes from Housing First versus Treatment First interventions is of critical pol-
icy relevance. In an executive order from July 24, 2025, entitled “Ending Crime and Disorder on
America’s Streets,” the Trump administration officially ended federal support for Housing First
policies. Instead, the administration hopes to shift funding towards programs focused on mental
health and substance use treatment. Emphasizing high rates of behavioral health disorders and
addiction among the homeless, the Trump adminstration stated that Housing First policies “depri-
oritize accountability and fail to promote treatment, recovery, and self-sufficiency.” Despite the
adminstration’s promise to curb street homelessness, this study suggests that scaling back Housing
First initiatives will likely have the opposite of the desired effect.
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Table 1.1: Veteran characteristics

Full sample Voucher recipients Transitional housing enrollees
Male 0.90 0.84 0.92
Black 0.36 0.37 0.39
Hispanic 0.07 0.07 0.06
Age 50.0 49.0 50.7
Depression 0.66 0.67 0.63
Psychoses 0.13 0.11 0.13
Alcohol use 0.41 0.37 0.49
Drug use 0.40 0.37 0.49
Chronic physical disease 0.62 0.62 0.61
Prior inpatient - homelessness 0.12 0.10 0.15
Prior inpatient - mental health 0.23 0.18 0.31
Voucher receipt 0.12 1.0 0.0
Transitional housing 0.18 0.0 1.0
N 289,933 34,285 52,901

Note: This table shows mean characteristics for the full sample, voucher recipients, and transitional housing
recipients. Voucher and transitional housing refers to enrolling in that program within the first 3 months of
intake.
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Table 1.2: Complier groups

Complier
group

D8 (IE, IC) =
(�8 (0,0), �8 (1,0), �8 (0,1), �8 (1,1))Description

�E0 (0, E,0, E) Compliers who only respond to /E,8

�C0 (0,0, C, C) Compliers who only respond to /C,8

�
E+,C−
0 (0, E, C, E)

Compliers who respond to both, but
/E,8 is more compelling

�
E−,C+
0 (0, E, C, C)

Compliers who respond to both, but
/C,8 is more compelling

�EC (C, E, C, E)
Compliers who always respond to
/E,8, with a counterfactual of C

�E−C (C, E, C, C)

Compliers who respond to /E,8 only
when /C,8 = 0, with a counterfactual of
C

�CE (E, E, C, C)
Compliers who always respond to /C,8,
with a counterfactual of E

Note: This table defines allowed complier groups according to my treatment choice model. I convert both
instruments to binary variables for simplicity, but one can think of IE = 1 as high voucher availability.
Column 2 shows potential treatments for each complier group when IE and IC are both 0, when IE = 1
and IC = 0, when IE = 0 and IC = 1, and when both instruments equal 1. Column 3 provides a conceptual
description. Note that under this model, D8 (IE , IC ) = (E, E, C, E) is not a possible behavioral response pattern.
For these individuals, $E,8 (0) = 1 (given that they choose E when IE = 0). When (IE , IC ) = (0,1), they
choose C, which implies that argmax :∈{0,E,C }*:,8 = C. Thus, when (IE , IC ) = (1,1), they must also choose C,
as their choice set and preferences remain unchanged.

28



Table 1.3: First stage and reduced form

(1)
Voucher

(2)
Transitional

(3)
Neither

(4)
3-year

mortality
Perc. receiving voucher 0.510 -0.050 -0.460 -0.02316

(0.017) (0.016) (0.020) (0.00861)
Tr. liaison available -0.013 0.089 -0.076 -0.00004

(0.002) (0.002) (0.002) (0.00001)
Dep. var. mean 0.118 0.182 0.699 0.066
Observations 289,932 289,932 289,932 289,932

Note: This figure shows first stage (columns 1-3) and reduced form (column 4) regression coefficients for
/E,8 (perc. receiving voucher) and /C ,8 (tr. liaison available). In columns 1-3, indicators for enrolling in
the voucher program, transitional housing, or neither are the left-hand side variables. In column 4, 3-year
mortality is the left-hand side variable. Baseline controls include VA station × year, VA station × month,
and indicators for having a prior inpatient stay related to homelessness or mental health. Standard errors for
all regressions are clustered by VA station × year × month.
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Table 1.4: Effect of voucher and transitional housing on mortality

(1)
OLS

(2)
IV

(3)
All controls

(4)
Drop SSVF

(4)
Drop prior
inpatient

Voucher -0.013 -0.046 -0.046 -0.045 -0.058
(0.001) (0.017) (0.016) (0.018) (0.019)

Trans.
housing

-0.004 -0.007 -0.012 -0.012 -0.003

(0.001) (0.015) (0.014) (0.015) (0.019)
Dep. var.
mean

0.066 0.066 0.066 0.066 0.063

Observations 289,932 289,932 289,932 281,474 219,937

Note: This table shows the main results for the effect of the voucher program and transitional housing on
three-year mortality. Column 1 shows OLS results, and column 2 shows 2SLS IV results. Column 3 shows
2SLS regressions when I add all patient characteristics as control variables. Column 4 shows the estimates
when I drop patients who enroll in SSVF, or temporary rental assistance services. Finally, column 5 shows
results when I drop patients with a prior inpatient mental health or homelessness stay. Baseline controls
include VA station × year, VA station × month, and indicators for having a prior inpatient stay related to
homelessness or mental health. Standard errors for all regressions are clustered by VA station × year ×
month.
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Table 1.5: Overidentification tests

Additional instruments Voucher Transitional housing
Male ×/E,8 2SLS -0.044 -0.006
Male ×/C ,8 (0.017) (0.015)

First stage F 234 460
Overid. p-value 0.304

Black ×/E,8 2SLS -0.039 -0.007
Black ×/C ,8 (0.016) (0.015)

First stage F 248 465
Overid. p-value 0.279

Hispanic ×/E,8 2SLS -0.047 -0.007
Hispanic ×/C ,8 (0.017) (0.015)

First stage F 228 466
Overid. p-value 0.818

Depression ×/E,8 2SLS -0.044 -0.005
Depression ×/C ,8 (0.017) (0.015)

First stage F 227 462
Overid. p-value 0.585

Psychoses ×/E,8 2SLS -0.049 -0.007
Psychoses ×/C ,8 (0.017) (0.015)

First stage F 227 462
Overid. p-value 0.867

Alcohol use ×/E,8 2SLS -0.044 -0.011
Alcohol use ×/C ,8 (0.017) (0.015)

First stage F 227 475
Overid. p-value 0.463

Drug use ×/E,8 2SLS -0.048 -0.011
Drug use ×/C ,8 (0.018) (0.015)

First stage F 229 461
Overid. p-value 0.184

High .̂8 × /E,8 2SLS -0.047 -0.011
High .̂8 × /C ,8 (0.016) (0.015)

First stage F 230 465
Overid. p-value 0.153

All interactions 2SLS -0.039 -0.006
(16 additional (0.017) (0.016)
instruments) First stage F 54 97

Overid. p-value 0.592

Note: This table shows 2SLS and overidentification test (J-test) results when I add additional instruments
to the model. For a given characteristic -8 , I construct additional instruments as /E,8-8 and /C ,8-8 and add
these to the baseline 2SLS regressions. To maintain instrument validity in these specifications, I also interact
-8 with the baseline time × station controls. High .̂8 refers to above median predicted mortality.
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Table 1.6: 2SLS bounds under small violations to no essential heterogeneity

(1) (2)
Epsilon Voucher Transitional housing
0.010 (-0.049, -0.043) (-0.010, -0.004)
0.005 (-0.047, -0.045) (-0.008, -0.006)
0.001 (-0.046, -0.046) (-0.007, -0.007)

Note: This table shows estimated upper and lower bounds on true LATEs if there are small violations to
no essential heterogeneity, or under the condition that |� [.:,8 −.0,8 |�8 = 2] − � [.:,8 −.0,8 |�8 = 2′] | < n
for various values of epsilon. In column 1, I show bounds on !�)�E = � [.E,8 −.0,8 |�E0 ], the LATE of
Housing First (compared to no intervention) for �E0 compliers. In column 2, I show bounds on !�)�C =
� [.C ,8 −.0,8 |�C0], the LATE of Treatment First for �C0 compliers. I derive these bounds in Appendix A.3.
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Table 1.7: Exclusion restriction tests

(1)
Baseline

(2)
Number of

staff

(3)
Homelessness

services
speed

(4)
Emergency
housing use

(5)
Case

management

Voucher -0.046 -0.050 -0.049 -0.046 -0.046
(0.017) (0.019) (0.018) (0.017) (0.017)

Trans.
housing

-0.007 -0.011 -0.008 -0.007 -0.006

(0.015) (0.016) (0.015) (0.015) (0.015)
Dep. var.
mean

0.066 0.066 0.066 0.066 0.066

Observations 289,932 289,932 289,923 289,932 289,932
Note: This table shows the effect of the voucher program and transitional housing on three-year mortality
when I add additional controls related to exclusion. Column 1 shows the baseline result, column 2 controls
for the number of staff working at intake, and column 3 controls for the (leave out) average wait time to a
follow up appointment with a social worker. Next, column 4 controls for use of emergency housing, and
column 5 controls for use of case management. Baseline controls include VA station × year, VA station ×
month, and indicators for having a prior inpatient stay related to homelessness or mental health. Standard
errors for all regressions are clustered by VA station × year × month.
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Table 1.8: Cause of death

(1)
Exposure to
the elements

(2)
Violence/assault

(3)
Suicide or
overdose

(4)
HIV or

Hepatitis
B/C

(5)
Other

causes of
death

Voucher -0.0016 -0.0051 -0.0088 -0.0059 -0.0251
(0.0006) (0.0018) (0.0069) (0.0026) (0.0159)

Trans. housing -0.0006 -0.0005 0.0029 -0.0002 -0.0087
(0.0007) (0.0013) (0.0059) (0.0020) (0.0136)

Dep. var. mean 0.0001 0.0006 0.0098 0.0014 0.0537
Observations 289,932 289,932 289,932 289,932 289,932

Note: This table shows the mortality effect broken up by cause of death. HIV, Hepatitis B, and Hepatitis C
are often caused by injection drug users sharing needles. Exposure to the elements refers to extreme heat
or cold. Baseline controls include VA station × year, VA station × month, and indicators for having a prior
inpatient stay related to homelessness or mental health. Standard errors for all regressions are clustered by
VA station × year × month.
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Table 1.9: Housing First cost-benefit analysis

Program costs Program savings Total
Housing costs Social worker

visits
Shelter stays Inpatient stays

$13,380 $9,667 -$246 -$41,734 -$18,931
($407) ($885) ($92) ($16,429)

Note: This table shows the costs of funding HUD-VASH over the three year study period, including cost-
savings from reduced use of other programs. I include costs incurred by the VA and HUD, which is what I
can observe. Housing costs are based on the number of months HUD-VASH participants were actively using
a housing voucher, based on social worker documentation (compared to the no-intervention group). Social
worker visit costs and the cost of inpatient stays come from estimates from the VA’s Health Economics
Resource Center (HERC) and are based on Medicare reimbursement rates.
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Figure 1.1: Treatment flows induced by /E,8 and /C,8

A: Flows induced by /E,8

Voucher 
v

Transitional 
housing 

t

Neither
0

B: Flows induced by /C,8

Voucher 
v

Transitional 
housing 

t

Neither
0

Note: This figure shows allowed flows between treatment states induced by /E,8 and /C ,8 , according to my
treatment choice model.
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Figure 1.2: Balance tests

Deficiency anemia
Blood lood anemia

Fluid electrolyte disorders
Weight loss

Obesity
Coagulopathy

Rheumatoid arthritis
Tumor without metastatis

Metastatic cancer
Lymphoma

HIV
Peptic ulcer disease

Liver disease
Renal failure

Thyroid
Diabetes - complicated

Diabetes - uncomplicated
Chronic pulmonary disease
Other neurological disorder

Paralysis
Hypertension - complicated

Hypertension - uncomplicated
Peripheral vascular disorder

Pulmonary circulation disorder
Valvular disease

Cardiac Arrhytmias
Congestive heart failure

 Physical health                        
Drug use

Alcohol use
Psychoses
Depression

 Mental health                           
Hispanic

Black
Male
Age

 Demographics                         
Predicted mortality

Overall                                      

-.5 -.25 0 .25 .5
Coefficient (std. devs.)

 Zv,i

-.25 -.125 0 .125 .25
Coefficient (std. devs.)

 Zt,i

Note: This figure shows balance tests when a given characteristic -8 is the left hand side variable. Dots are point estimates, and bars show standard
errors. Results for /E,8 are shown in blue, and results for /C ,8 are shown in green. Predicted mortality comes from an OLS regression of 3-year
mortality on all characteristics -8 . Baseline controls include VA station × year, VA station × month, and indicators for having a prior inpatient stay
related to homelessness or mental health. Standard errors for all regressions are clustered by VA station × year × month.
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Figure 1.3: Mean predicted mortality across complier groups
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Note: This regression shows mean complier predicted mortality for �E0 ,�
C
0,�

E
C , and �CE compliers,

respectively.�E0 compliers are those induced into E from a counterfactual of 0, �C0 compliers are those
induced into C from a counterfactual of 0, �EC compliers are those induced from C to E, and �CE
compliers are those induced from E to C.
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Figure 1.4: Effect of voucher and transitional housing on housing status over time
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Note: This figure shows 2SLS regression results for the effect of the voucher program and transitional
housing on housing status over time. Housing status is broken into quarters from intake. Panel A shows
the effect on the probability of being stably housed within that quarter. Panel B shows the effect on the
probability of having unknown housing status that quarter, meaning that housing status was not clearly
recorded by a social worker. Results for the voucher program are shown in blue, and results for transitional
housing are shown in green. Dotted lines show upper and lower bounds.
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Figure 1.5: Engagement with VA homelessness services
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Note: This figure shows 2SLS regression results for the effect of the voucher program and transitional
housing on engagement with homelessness services in years 1, 2, and 3 following intake. The dependent
variable is having any visit with a social worker in that year. Results for the voucher program are shown in
blue, and results for transitional housing are shown in green. Dotted lines show upper and lower bounds.
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Figure 1.6: Engagement with VA mental health services
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Note: This figure shows 2SLS regression results for the effect of the voucher program and transitional
housing on engagement with mental health care. Panel A shows the effect on the number of attended mental
health visits. Panel B shows the effect on the no show rate, defined as the percent of visits not attended over
the total number scheduled. Results for the voucher program are shown in blue, and results for transitional
housing are shown in green. Dotted lines show upper and lower bounds.
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Chapter 2

How do mental health treatment delays
impact long term mortality?

2.1 Introduction
The mental health crisis is increasingly a point of concern in public discourse. Those suffering
from severe mental illness die an average of 10 to 20 years earlier than the general population (Liu
et al. 2017). Mental health treatment has been increasingly destigmatized in recent years, with
the number of patients seeking new therapy continuing to rise (APA 2021). Medical research has
shown that behavioral therapy and medication are successful at achieving their primary goal – re-
ducing depressive symptoms and improving general mental health (Cuijpers et al. 2016, Gartlehner
et al. 2017, Holmes et al. 2018) – but what if patients most in need have difficulty accessing care?

There continue to be reports of a major shortage of mental healthcare providers across geo-
graphic regions in the US, often resulting in long appointment delays for patients seeking care
(Weiner 2022). Provider shortages are exacerbated by a healthcare system that has traditionally
put physical health before mental health. In 2008, the US government passed the Paul Wellstone
and Pete Domenici Mental Health Parity and Addiction Equity Act, intended to address treatment
disparities between mental and physical health conditions, especially related to insurance cover-
age. Nevertheless, patients continue to report more difficulty accessing in network providers for
mental health treatment, resulting in either higher copayments or longer wait times (Xu et al. 2019,
Caron 2021). Given this context, waiting times for mental health treatment are of notable policy
concern. The National Committee for Quality Assurance (NCQA) collects data on mental health
wait times following ED visits – the setting of my analysis – considering them to be a key quality
metric.

Issues surrounding access to and engagement with mental health services are particularly per-
tinent to veterans, who suffer in high rates from PTSD, substance use disorder (SUD), and other
related issues. Of all government sponsored healthcare programs, the Department of Veterans
Affairs (VA) provides the most comprehensive mental health services; treatment is free for the ma-
jority of low-income veterans. Despite comprehensive insurance covering mental health, veterans
still report difficulty accessing behavioral therapy, notably due to long wait times (NASEM 2018).
With its detailed demographic data and large patient population vulnerable to mental health crises,
VA data provide a unique opportunity to study the impact of mental health treatment delays on
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long term mortality.
In this paper, I study patients who arrive at any Emergency Department (ED) across the VA

system with a mental health-related condition. I collect wait times for these patients, defined as the
difference between their ED visit date and their first follow-up psychology or psychiatry appoint-
ment. A patient’s actual wait time is likely to be correlated with other characteristics affecting
survival – notably, the patient’s severity level and willingness to schedule future appointments.
Thus, in order to isolate the causal effect of treatment delays, I do not use a patient’s own wait time
directly. Instead, I construct an exogenous measure for each patient: the “leave-out” mean wait
time – the average wait time of all other patients who arrive in same two-week period and hospital
as a given patient and were assigned the same type of follow up appointment (psychiatry, psychol-
ogy, substance use disorder clinic, etc.).1 As mean wait time is assigned conditionally based on
hospital, time, and appointment type, I control for time in two-week intervals, mental health clinic
type, and hospital × year-month fixed effects in all analyses.

Conceptually, one can think of mean wait time as a measure of mental health clinic congestion,
which affects both providers’ and patients’ ability to schedule timely follow up visits. I first show
that mean wait time is highly correlated with a patient’s actual wait time, even after controlling
for the design controls. Moreover, using leave-out mean wait time rather than a patient’s own
wait time eliminates the potential concerns that either 1) patients play some role in appointment
scheduling, or 2) physicians schedule follow up appointments based on a patient’s risk level, rather
than just appointment availability. I find that mean wait time has a very small and statistically
insignificant correlation with predicted patient mortality. In other words, patients who have higher
and lower predicted mortality are equally likely to be assigned a high mean wait time, indicating
quasi-random assignment.

As mean wait time is uncorrelated with patient risk, my measure of congestion enables me to
isolate the causal impact of mental health treatment delays on long term mortality. I show that a one
standard deviation increase in mean wait time increases two-year mortality by 0.113 percentage
points (s.e. = 0.0041), or about 1.5% of baseline mortality risk. This effect is highly robust to
controlling for a detailed range of patient characteristics – including demographics, ICD-9 codes
from the ED visit, and prior mental health utilization, among others. Moreover, the mortality
effect is long-lasting, persisting for at least five years after the index ED visit. The results are
almost entirely driven by patients with substance use disorders (SUD) or psychosis, rather than
those with anxiety, depression, or PTSD.

How do relatively small treatment delays have a impact on long term mortality? Prior research
has shown that those who are placed into timely mental health care are more likely to stay in
consistent treatment (Kreyenbuhl et al. 2009). Similarly, I find that my measure of congestion,
mean wait time, strongly predicts whether a patient attends their follow up mental health visit:
a one standard deviation increase in mean wait time (11.7 days) leads to a 2.0 percentage point
reduction in the probability of attending one’s follow up appointment (t=24). Thus, I argue that the
mortality effect is primarily driven by patients’ engagement with mental health treatment.

However, I also consider competing explanations. I first show that mean (mental health) wait
time is not correlated with other hospital wait times or mortality of non-mental health patients.
These results imply that my measure of mental health clinic congestion only affects health out-

1The VA often has separate clinics and providers for different types of specialty mental health appointments.
Therefore, patient-specific wait times are highly dependent on appointment type.
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comes via mental health care itself, rather than being correlated with overal hospital quality or
crowding. Additionally, I find that mental health clinic congestion does not predict the length of
follow up appointments, indicating that patients do not receive more rushed care when appoint-
ments are delayed.

Nevertheless, I do find some changes in care patterns on the supply side, which may also con-
tribute to the mortality effect. First, patients who arrive when mental health clinics are congested
are assigned providers with slightly lower experience. Moreover, physicians do appear to be aware
of and respond to clinic congestion. They compensate for appointment delays by prescribing more
mental health drugs at the ED visit itself; a one standard deviation increase in leave-out wait time
(11.7 days) increases the probability of being prescribed a drug at the ED visit by 1.2 percentage
points (s.e.=0.08) or 4.0%. As prescriptions mitigate mortality risk, prescribing patterns at the ED
partially counteract the impact of missing future behavioral therapy appointments.

Rather than being the result of a single missed appointment, the mortality effect is likely a
product of disengagement from the mental health care system as whole. In fact, patients with
higher mean wait times are far more likely to permanently disengage from both outpatient and
inpatient mental health care in the long run. Overall, my results suggest that shorter hospital wait
times can be vital in nudging patients into appointment attendance, and that missing a single mental
health visit can influence long run engagement with therapy and consequently, mortality.

This study contributes to the literature on the effects of mental health treatment. Previous
research has considered outcomes such as employment and career earnings (Biasi et al. 2020,
Bhat et al. 2022), high school completion and human capital development (Cuellar and Dave
2015, Angelucci and Bennett 2022), crime (Blattman et al. 2022), suicide (Lang et al. 2013),
and mortality (Holliday 2018). Most similar to this paper, a recent medical study finds that quasi-
random decreases in mental health staffing increases suicide rates among VA patients (Feyman
et al. 2022). These results hint at the issues congestion may cause; however, the authors cannot
identify the downstream effects of low provider supply. I show that delays to care have a direct
impact on whether patients stay engaged with mental health services. Additionally, in investigating
all-cause mortality, rather than suicide alone, this study takes a broader look at the way mental
health treatment delays can influence one’s overall health status.

Moreover, this study contributes to work addressing the efficiency effects of longer wait times
in the health care system. In exploiting quasi-random variation in wait times, I build on a similar
empirical strategy as that of Williams and Bretteville-Jensen (2022) and Gı̈¿œdoy et al. (forthcom-
ing), who study wait times in SUD treatment and orthopedic surgery, respectively. Wait times are
a common rationing mechanism for healthcare; unsurprisingly, there is evidence that delays have
negative impacts on health outcomes (e.g., Reichert and Jacob 2018, Gruber et al. 2018, Singh
and Venkataramani 2022, Turner et al. 2022). Concerns over rationing care may be particularly
relevant in cases where cost-sharing is low, as reduced cost barriers to accessing healthcare may
tip demand for healthcare services to exceed supply. Low cost sharing is both relevant to the VA,
where care is essentially free for low income veterans, as well as for public, single payer health-
care systems, such as the National Health Service (NHS) in the United Kingdom. Cutler (2002)
describes how this creates a trade off between efficiency and equity: although removing financial
incentives likely improves access for low income patients, it may lead to longer waiting times and
more inefficient healthcare delivery. This study provides additional evidence that longer wait times
as a result of clinic crowding worsens health outcomes.

Related to the use of wait time as a rationing tool in healthcare is the broader idea that non-price

44



ordeals affect targeting. In the healthcare system, both longer wait times and higher copays can
both potentially act as a demand-reducing mechanism; however, these mechanisms likely deter
different types of patients from seeking care. In in a preventative health context, Dupas et al.
(2016) actually show a case where increasing nonmonetary costs actually improves targeting. In
contrast, Deshpande and Li (2023) find that closing Social Security field offices, thus increasing
the nonmonetary costs of applying for disability, has negative effects on targeting. Analagously, in
the VA setting, clinic congestion deters those on the margin from seeking care, even though these
patients may see large health benefits from attending mental health treatment.

The rest of this paper proceeds as follows: Section 2.2 describes the setting and data. Section
2.3 describes the empirical approach. Section 2.4 presents the results, including examining the
validity of the wait time measure, as well as exploring heterogeneity and mechanisms. Section 2.5
concludes.

2.2 Setting and Data

2.2.1 The Department of Veterans Affairs
The US Department of Veterans Affairs (VA) is the only public, fully integrated healthcare system
in the US, acting as both an insurer and provider of healthcare. The agency provides low-cost
medical care to veterans meeting certain criteria, including those with low incomes and/or a a
service-connected disability. Veterans are a unique patient population with specific needs. Notable
for this study, veterans suffer in high rates from substance use disorder, post-traumatic stress disor-
der (PTSD), and other mental health conditions. Moreover, veterans face a suicide risk more than
50% higher than that of the general population (VA Office of Mental Health and Suicide Preven-
tion 2022). Veterans are also more likely to suffer from chronic diseases such obesity, diabetes,
and heart disease compared to non-veterans, even when controlling for age (Betancourt 2023).

Mental health treatment is free for all veterans with a behavioral health condition connected
to their service; all other veterans pay small copays for treatment. Thus, fees generally are not
a barrier for this population. However, wait times for mental health treatment are perceived as a
signficant obstacle, with less than half of veterans requesting urgent appointments reporting being
able to get appointments when they requested. A 2015 VA policy aims to get all new patients
seeking behavioral therapy an appointment within a 30-day time frame (NASEM 2018).

2.2.2 Patient encounter, characteristics, and mortality data
The Corporate Data Warehouse, the VA’s detailed health record system, contains patient informa-
tion on all inpatient and outpatient encounters, International Classification of Diseases Clinical
Modification, 9th Revision (ICD-9) diagnosis codes connected with each appointment, and de-
mographic characteristics such as date of birth, race, ethnicity, and gender. Relevant to my study
design, the VA also records all appointment scheduling requests, and whether these appointments
were ultimately cancelled or no-showed.

The primary outcome measure for this study is two-year mortality. Data on mortality from
the VA is particularly reliable in that it combines data from the Veterans Benefits Administration
(VBA), Centers for Medicare and Medicaid Services (CMS), and Social Security Administration
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(SSA) for a combined estimated sensitivity of 98%. Since the effect of treatment may take longer
to appear than that of other medical interventions, using a longer time horizon to assess mortality
is typical of mental health studies (Appleby et al. 1999, Bjorkenstam et al. 2011). Matching on
Social Security Numbers, I also link patient data from the VA with cause of death data, coded
by ICD-9 or ICD-10 code, from the National Death Index. As intermediate outcomes, I assess
prescriptions for mental health drugs as well long term engagement with both mental and physical
health services, as falling out of care is a major concern for this population of interest (Nosı̈¿œ et
al. 2003, Kreyenbuhl et al. 2009).

2.3 Empirical approach

2.3.1 Sample selection
The primary sample consists of all patients with a VA Emergency Department (ED) visit for a
mental health condition between January 1, 2001 and February 28, 2015, allowing me to follow
all patients up to five years prior to the start of the COVID-19 pandemic. I define a mental health
ED visit as any ED visit assigned a mental health diagnosis code (ICD-9 code). Reasons for
visiting the emergency room range from thoughts of hurting oneself to an upper GI bleed due
to alcohol use. The most common mental health diagnoses at the ED in my sample are general
depressive disorder (19% of cases), general anxiety (16% of cases), alcohol use (14% of cases),
and adjustment reaction (10% of cases). Additionally, 39.9% of the sample also has a physical
health diagnosis connected to their ED visit, the most common of which are hypertension, sleep
disturbances, and respiratory distress. Some of these may be directly connected to mental health –
for instance, those with anxiety may experience breathing issues or difficulty sleeping.

In order to follow patients over a long time horizon, I use only the first ED mental health visit
for each patient. Additionally, I drop patients who have no scheduled mental health visit within
90 days of their initial ED visit, my definition of a follow up appointment.2 These patients are
dropped as a result of the empirical design, where mean wait time (described in Section 2.3.2)
is constructed according to follow up appointment type (psychiatry, psychology, etc.). Appendix
Table B.1 describes patients with no scheduled follow up appointments in more detail, who are
have higher rates of SUD and have less prior attachment to VA mental health services. In Table
2.2 and Appendix Section A3.1, I also perform robustness checks where I add these patients back
to the sample using a slightly modified version of the main treatment variable and controls.

Figure 2.1 describes the sample selection process. The baseline analytical sample consists of
621,289 patients across 128 hospitals.

2.3.2 Measuring congestion
To measure mental health clinic congestion, I collect wait times for all patients with a mental health
ED visit. I define a patient’s wait time as the time between their initial ED visit and their follow
up mental health appointment. I define a follow up appointment as the patient’s first scheduled

2In VA data, outpatient encounters with mental health services are not explicitly linked to ED visits as follow ups.
Thus, follow ups are likely measured with some error using this time window definition.
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encounter with a mental health specialist following their initial ED visit. All appointments within
a 90 day window are considered follow up appointments.3

While there is likely variation in scheduling practices across clinics, ED doctors work directly
with scheduling staff to coordinate follow up appointments. These appointments may be scheduled
on site before a patient is discharged from the ED, or they may be scheduled with outpatient
scheduling staff via phone following their index visit. The length of time between a patient’s ED
visit and their follow up appointment date is likely a product of various factors, including provider
availability, patient scheduling preferences, and patient severity level. Thus, to construct a measure
of clinic congestion orthogonal to a given patient’s risk level, I do not use a patient’s own wait time.
Instead, I group together patients at the same hospital who arrive during the same two-week period
and are assigned the same type of follow up appointment (psychology, psychiatry, substance use
disorder clinic, etc.). Wait times are appointment specific in that different specialty mental health
clinics treat different types of patients, and thus, congestion is specific to appointment type. I
assign each patient a mean wait time value, ,−8, according to the mean leave-out wait time of
all patients in their respective hospital-time-appointment type group, excluding the patient’s own
wait time. More formally, for patient 8 and hospital-time-appointment group 9 , ,−8 is defined as
follows:

,−8 =
1

|� 9 (8) | −1

∑
8′∈� 9 (8)

1(8′ ≠ 8),8′ (2.1)

where,8 is a patient’s wait time and � 9 (8) is the set of patients in the same hospital-time-appointment
type group as patient 8. ,−8 is a measure of mental health clinic congestion at the time of a patient’s
arrival to the ED. To more accurately reflect congestion, rather than restricting to the first visit for
each patient (as is the case for the primary sample; see Figure 2.1), I use all mental health ED
visits and their corresponding wait times to form ,−8. The average cell size of 9 (8) is 22 patients;
mean ,−8 is 17.7 days (standard dev. = 11.7 days). I standardize ,−8 in regression analyses so
that coefficients can be interpreted as the impact of a one-standard deviation increase in mean wait
time.4

While a patient’s own wait time may be influenced by patient specific-scheduling factors that
are correlated with risk level, mean wait time captures potential appointment delays purely due to
congestion. Mean wait time is assigned conditionally based on hospital, time, and mental health
clinic type. Thus, I control for two-week period, year-month × hospital fixed effects, and ap-
pointment type in all analyses. Additionally, I add four-year age buckets to the baseline controls,
necessary to achieve balance (see Section 2.4.1). With these baseline controls, the standard devia-
tion of residualized mean wait time is approximately 7.2 days. Across analyses, I cluster standard
errors by hospital-month.

Ultimately, the study design relies on the assumption that conditional on the design controls,
particularly the detailed time × hospital controls, the level of congestion a given mental health

3In other words, if the patient’s first mental health encounter following their ED visit occurs after 90 days, I consider
this visit to not be a true follow up appointment.

4Note that I use only patients with an ED mental health visit to form ,−8 . Although there are many patients with
scheduled mental health visits who do not have an ED visit, my definition of wait time relies on calculating the number
of days between the ED visit and follow up visit date. Moreover, timing of follow ups for emergent patients are more
likely to reflect congestion, whereas visits for non-emergent patients engaged with behavioral therapy are more likely
to follow a recurrent schedule.
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clinic experiences is as good as random. More specifically, for a given patient that arrives to
the ED when mental health clinic congestion is particularly high, I compare outcomes for this
patient with other patients who arrive to the same ED in the same month (e.g., the Palo Alto
VA in November 2013), accounting for patient selection to certain hospitals in particular months.
Moreover, I use two-week period fixed effects to adjust for the fact that particular time periods
may be systematically busier. Finally, certain appointment types (such as psychiatry) may tend to
have both sicker patients and longer wait times. Thus, I control for appointment type indicators
to adjust for any systematic correlation between patient selection and type. I further reassure the
reader that selection into certain appointment types does not drive the results in Section 2.4.3.

2.4 Results

2.4.1 Design validity
Does mean wait time predict actual wait time?

In order for ,−8 to be a useful measure of mental health treatment delays, it must be highly cor-
related with a patient’s actual wait time. To assess the relationship between mean wait time and
patient-specific wait time, in Figure 2.2 Panel A, I show a binned scatterplot of the relationship
between ,8 and ,−8, conditional on the baseline controls. I run the following regression to assess
the predictive power of the treatment variable:

,8 = c1,−8 + Z1,C (8) +q1,0(8) +W1,ℎ(8)<(8) +X8X1 + n1,8 (2.2)

where ,8 is actual wait time, ,−8 is mean wait time, Z1,C (8) are two-week period fixed effects,5

q1,0(8) are appointment type fixed effects, W1,<(8)ℎ(8) are hospital × year-month fixed effects, and
X8 are additional patient demographic controls, which include age buckets (in four-year intervals)
in the baseline specification. Appointment types are categorized as follows: general mental health
visit (individual, group, or phone visit), psychiatry, psychology, SUD specialty clinic (individual
or group), PTSD specialty clinic (individual or group), mental health integrated care, or other
specialty clinic type.6 Excluding reference categories, there are 19,137 hospital-year-month fixed
effects, 368 two-week period fixed effects, 10 appointment type fixed effects, and 20 age buckets.7

Even with the design controls, which should eliminate non-random correlation between,8 and
,−8 due to shared hospital, appointment type, and time period, I find that ,8 and ,−8 are highly
correlated: a one standard deviation increase in mean wait time (11.7 days) increases actual wait
time by about 1.44 days (s.e.=0.046), with a t=32. A patient’s own wait time depends on various
factors – including patient scheduling preferences and health severity, in addition to congestion
levels. Thus, one should not expect mean wait time to perfectly predict patient-specific wait time.
Nevertheless, the above analysis demonstrates that ,−8 is able to pick up mental health crowding
that is highly predictive of true patient treatment delays.

5These refer to exact two-week period, e.g. the first two weeks of January, 2011.
6In Section 2.4.3, for simplicity, I group these into general, psychiatry, PTSD, SUD, or other. My baseline results

hold using both the more and less granular versions of the appointment type categories (for both the construction of
,−8 and controls); see Section 2.4.3 for details.

7There are no observations in some hospital-year-month bins due to emergency departments not operating in those
locations at particular times.
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Is mean wait time as good as random?

Next, I assess independence, or whether ,−8 appears to be quasi-randomly assigned, conditional
on the baseline controls. Importantly, since the main outcome is mortality, high and low risk pa-
tients must be equally likely to be assigned a high mean wait time. Following Chan et al. (2022),
I construct a predicted mortality for each patient, .̂8, using detailed patient characteristics and en-
counter information available in the VA data. Specifically, .̂8 is formed using a logistic regression
with the following covariates: age, gender, race, ethnicity, 3-digit ICD-9 diagnosis codes associ-
ated with the ED visit, high risk for suicide flag,8 priority status,9 whether the patient arrived by
ambulance, prior Elixhauser comorbidities,10 mental health utilization in the prior year, including
prior inpatient and outpatient visits, no shows, and cancellations, and physical health utilization
in the prior year, including prior primary care visits, prior specialty appointments, and prior hos-
pitalizations for physical disease. To assess the quality of my mortality prediction, in Figure 3,
I plot coefficients and standard errors when I run a logistic regression of two-year mortality on
these characteristics.11 I report a chi-squared statistic of 72,008 and a psuedo-'2 of 0.210. As age
is controlled for in my baseline analysis, I also report a partial '2 (after conditioning on age) of
0.0704.12 Secondly, in Appendix Figure B.1, I show a binscatter plot of observed versus predicted
mortality. The model is able to predict a mortality risk of over 40% for the top 5% of observations
and a mortality risk of over 20% for the subsequent 5%.

I then run the following regression to assess balance:

.̂8 = c2,−8 + Z2,C (8) +q2,0(8) +W2,ℎ(8)<(8) +X8X2 + n2,8 (2.3)

I find no relationship between .̂8 and /8, with ĉ2 = 0.00014 (0.00011) (t = 1.22). In other words,
leave-out wait time is uncorrelated with a patient’s risk level, indicating quasi-random assignment.

As the VA flags patients deemed high risk for suicide, a natural alternative balance test is
whether this high risk flag is correlated with ,−8. Using this flag as the left hand side variable,
I again find no relationship with ,−8. Additionally, another, broader metric indicative of patient
severity is whether a patient has a prior hospitalization. Let �8 be an indicator that a patient was
hospitalized in the year prior to the index ED visit (for any cause). With �8 as the dependent vari-
able, I again find that the coefficient on ,−8 is reverse-signed and insignficant; Appendix Section
B.2 and Figure A2 provide further details.

8Suicide coordinators at the VA can assign patients this flag if patients are screened as being high risk for suicide.
Patients deemed high risk for suicide receive specialized review and care at the VA (Veterans Health Administration
2008).

9Priority status is a system the VA uses to determine eligibility for VA healthcare and copay responsibilities, based
on both disability status and income.

10This a standard way of grouping health comorbidities (see Elixhauser et al. 1998).
11One interesting note here is that Black patients actually have a lower mortality risk than white patients in this

population. This finding has been replicated in other work on mortality for patients with severe mental illness (Das-
Munshi et al. 2017).

12Note that one would not expect a very high psuedo-'2 here, as 2-year mortality is a binary 0/1 variable and
mortality predictions are probabilities between 0 and 1.
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2.4.2 Mortality effect
Baseline effect

I run the following reduced form regression to determine the relationship between ,−8 and .8, or
two-year mortality:

.8 = c3,−8 + Z3,C (8) +q3,0(8) +W3,ℎ(8)<(8) +X8X3 + n3,8 (2.4)

I find a strong positive relationship, with ĉ3 = 0.00113 (0.00041). In other words, a one standard
deviation increase in mean mental health wait time increases mortality by 0.11 percentage points,
or 1.5% of baseline risk. In Figure 2.2 Panel B, I show binned scatterplots of the balance and
reduced form relationships (corresponding to Equations 3 and 4), residualizing by the baseline
controls. Not only is the balance coefficient insignficant, but the mortality effect is an order of
magnitude larger.

Table 2.1 Panel A displays the baseline mortality results. In column 1, I show mortality effect
estimate only using baseline controls. In columns 2 through 4, I show the estimate when I add ad-
ditional patient controls, including gender, race, mental health diagnosis codes associated with the
ED visit, and prior mental health utilization. Finally, column 5 shows the estimate when I control
for characteristics of other patients who form a given patient’s value of ,−8, including (leave-out)
mean age, mean prior visits, and mean predicted mortality. The rationale behind these latter con-
trols is as follows: leave-out mean wait time should be uncorrelated with patient characteristics,
which could be violated if similar types of patients arrive at the hospital at similar times. The
baseline results are highly stable across a wide range of controls; I discuss additional robustness
checks in more detail in Section 2.4.4.

Additionally, in Panel B, I show heterogeneity results by mental health condition, using mental
health ICD-9 diagnosis codes attached to the index ED visit.13 The effects are by and large driven
by patients with SUD or psychosis, such as schizophrenia – the two groups that also have the
highest baseline mortality risk.

Finally, in Figure 2.4, I plot the mortality effect over the five years following the ED visit.
Given that a course of therapy often lasts several months, intuitively, the coefficient at 30 days
is essentially 0 (coeff. = 0.00013 (0.00010)). However, the effect accrues over time, reaching
0.00141 percentage points (s.e.=0.00055) five years after the initial ED visit.

2.4.3 Endogeneity concerns
Is follow up appointment type endogenous?

As described in Section 2.3.2, ,−8 conditions on what type of follow up appointment the patient
is assigned. Visit types include general mental health, which can be a visit with a social worker or
psychologist, psychiatry, and specialized SUD and PTSD clinics. This conditioning is necessary
to capture true queue lengths, which can vary substantially by appointment type: the mean wait
time for a psychiatry appointment is 24.5 days, while the mean wait time for a SUD specialty ap-
pointment is 12.0 days. However, one potential concern with this specification is that appointment

13Visits at the ED are always assigned ICD-9 diagnosis codes. These codes represent the reason for the ED visit,
rather than necessarily being a new diagnosis for the patient.
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type is endogenous in cases where a patient may be appropriate for various types of care.
Since I control for appointment type in the baseline specification, my analysis accounts for

the fact that certain types of patients select into certain appointment types, on average. However,
the correlation between appointment type and patient severity could still present an issue for the
analysis if ED staff adjust referral decisions based on queue length–in other words, if selection into
a given appointment type varies with residualized,−8. In this case, quasi-random variation in wait
times could also induce variation in the types of patients assigned appointment type 0, leading to
a correlation between,−8 and a patient’s health status.

More concretely, if wait times are particularly high for appointment type 0 in a given hospital-
time period, are ED staff more or less likely to assign high risk patients to that appointment type?
It is not clear which direction the bias may go: on the one hand, patients with higher severity may
be most appropriate for appointment types with high wait times (notably, psychiatry). If this match
effect drives the selection of appointment type, high risk patients may be more likely to assigned
a longer wait time. On the other hand, if ED staff know that a patient has particularly urgent
needs, they may decide to send the patient to a provider with shorter wait times, regardless of that
provider’s specialty.

To directly test whether there is time-varying selection into appointment type that also varies
with,−8, I run the following specification:

1(08 = :) = V1,̃:,−8 + V2.̂8 + V3,̃:,−8 × .̂8 + n8 (2.5)

where 1(08 = :) is an indicator for patient 8 choosing appointment type : , ,̃:,−8 is the residualized
mean wait time for appointment type : (for all patients arriving in the same hospital-two-week
period as patient 8),14 and .̂8 is predicted mortality. The key coefficient is V3, which answers the
question: if wait times for a given appointment type are (randomly) higher, do high risk patients
select into or out of appointment type :?

In Appendix Table B.2, I show results for V1 and V3 across appointment type categories. Co-
efficients on V1 are consistently negative, implying that when the queue is particularly high for a
specific appointment type, patients are less likely to be assigned that appointment category. This
may either be due to physicians responding to wait times by rushing patients to providers with
higher availability, or it may be mechanical: if a patient is referred to multiple providers, they will
mechanically be assigned the appointment type he attends first. More importantly, V3 is either
negative or statistically insignificant for all appointment types. These negative coefficients suggest
some “reverse-selection”: if the queue is especially long for a general mental health visit, high
risk patients are assigned to other appointment types. Since I find that high wait times increase
mortality, this reverse-sorting suggests that if anything, my baseline results are an underestimate
of the true effect of treatment delays.15

Nevertheless, to ensure the reader that selection into appointment type is not an important
driver of my results, in Table 2.2 Panel A, I show results for two alternative versions of the baseline
specification, both of which are plausibly more exogenous. First – in the “saturated” specification
– I control for hospital × appointment type and appointment type × two-week period, accounting

14I residualize,:,−8 by all baseline controls, excluding appointment type.
15For simplicity, Table B.2 shows results separated into five major appointment categories: general, psychiatry,

PTSD, SUD, and other. These results also hold qualitatively with the more granular appointment type categories used
in the main specification, as described in Section 2.4.1.
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for more granular selection into appointment type within hospital and time period. Second, as a
truly exogenous measure, I create a new, predicted measure of congestion – ,̂−8 – which does not
rely on assigned appointment type at all. Instead, I predict appointment type for these patients
using a multinomial logit model. I run predictions hospital-by-hospital, as different hospitals are
likely to have different assignment mechanisms to appointment types. Within each hospital, I use
the following characteristics to predict appointment type: an indicator for the patient having a prior
mental health visit, indicators for most common prior mental health visit type (e.g., if the patient
saw the psychiatrist twice in the last year and no other mental health specialist, he would receive
a psychiatrist indicator), and indicators for ICD-9 diagnosis code. Using this model, I extract p8, a
vector of the probabilities of being assigned each appointment type.

Then, I use a given patient’s vector of predicted appointment types to construct a weighted
average predicted leave-out wait time, ,̂−8, as:

,̂−8 =
∑
0

?0,8,̄0,ℎ(8)C (8) (2.6)

where ?0,8 is the probability that patient 8 is assigned appointment type 0 and ,̄0,ℎ(8)C (8) is the
(leave-out) mean wait time for patients arriving at the same hospital and in the same two-week
period as patient 8 who are assigned appointment type 0.

Both the aforementioned specifications remove some of the predictive power of the congestion
measure. Thus, to improve power in these specifications, in lieu of hospital × year-month controls,
I use slightly less granular hospital × year × quarter controls. Additionally, to lessen the com-
putational intensity of the prediction, I group appointment types into major categories – general,
psychiatry, SUD, PTSD, and other. In Table 2.2 column 1, I show the baseline mortality result. In
column 2, I show the baseline result when I use the slightly less granular hospital × time and ap-
pointment type categories; the coefficient is nearly identical.16 Finally, in columns 3 and 4, I show
the saturated and predicted specifications, respectively. Although these specifications are slightly
noisier, they yield coefficients highly aligned with the baseline results.

Do patients have discretion over which VA hospital they visit?

Another potential concern with the main regression specification is that patients may use discretion
in which hospital they visit. Therefore, conditioning on hospital in the construction of,−8 may be
an issue if hospital choice is also endogenous to crowding. However, in constructing,−8, hospitals
are only divided into broad geographic regions (such as the Cleveland VA), known as VA stations.
These stations are usually comprised of a main medical center with an ED, as well as several
affiliated outpatient clinics. Patients are highly unlikely to travel to an entirely different geographic
region for medical appointments, especially for an emergency visit. Thus, one should think of
assigned hospital as the general geographic catchment area for the patient (e.g., Los Angeles,
Chicago, etc.), for which there is an associated ED and outpatient clinics; ,−8 captures the mean
mental health clinic congestion in that region. Secondly, I construct ,−8 based on ED location.
Therefore, if initial ED facility choice is unrelated to congestion, even if patients adjust which
outpatient clinic they attend in response to wait times, ,−8 will still be orthogonal to this future
optimization.

16I also reconstruct,−8 using these less granular appointment type categories in this specification.
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2.4.4 Additional robustness
In Table 2.2 Panel B, I consider whether sample selection choices are driving my results. In
constructing the sample (described in Section II.A), I exclude patients with no scheduled follow up
visit, as ,−8 depends on type of appointment scheduled. To eliminate concern that dropping these
patients has implications for my findings, in column 2, I add these patients back to the sample,
increasing the sample size to 935,843. This larger sample has a somewhat higher mean two-year
mortality of 9.6%. I provide more details on sample characteristics in comparison to the baseline
sample in Appendix Section B.1.2 and Table B.1.

Since patients with no scheduled follow up appointment do not have an assigned appointment
type, I let ,−8 = ,̂−8 for these patients, as described in Section 2.4.3.17 One can think of ,̂−8 as
a weighted average mean wait time, weighted by the probability of the patient being assigned a
particular appointment type. As appointment type is also a baseline control in my main analysis,
in this specification, I control for either appointment type directly (for the baseline sample) or the
predicted probability of being assigned each appointment type (for patients with no appointment
type). In Table B.4, I also show additional robustness checks using this larger sample; results are
very similar to those of the baseline analysis sample.

Moving to column 3, about 34% of the sample is immediately admitted as an mental health
inpatient following the ED visit. These patients are likely to see a mental health specialist during
their inpatient stay (which is considered to be their follow up appointment in the main sample
specification). However, due to inconsistencies in the definition of follow up between these patients
and others, I modify the definition of a follow up appointment (in both the definition of ,−8 and
regressions) to only include true outpatient encounters. In this specification, I essentially consider
one’s inpatient stay to be a “long” ED visit. Following this logic, I define a patient’s first outpatient
mental health visit following discharge as their follow up appointment.18

Relevant to inpatient stays, a small literature touches on the implications of the decline in in-
patient psychiatric beds overtime (Gibbons et al. 2017, McBain et al. 2022). In hospitals across
the US, including at the VA, mental health care has primarily shifted from inpatient to outpatient
care, and the consequent decline in beds has been of some policy concern (Raphelson 2017). Re-
latedly, in this analysis, higher psychiatric capacity could potentially shift patients from outpatient
to inpatient care. However, I find that excluding inpatient mental health stays has little effect on
the reduced form coefficient, implying that this mechanism is not a primary driver of my results.

In column 4, I remove patients with non-VA insurance, which I describe in more detail in Sec-
tion 2.4.5. Finally, in Appendix Figure B.3 and Table B.5 I perform various additional robustness
checks of interest. These include adding additional control variables and considering alternative
forms of clustering, among others. I find that the mortality effect is highly robust.

17,−8 for observations also in the baseline sample are held fixed in these analyses.
18In this specification, wait time is more naturally defined as the difference between the discharge date and follow

up appointment date for those with inpatient stays.
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2.4.5 Follow up appointment attendance
Impact of treatment delays on follow up appointment attendance

Why do mental health treatment delays have a long term impact on mortality? One explanation is
that patients with severe mental illness often have difficulty staying engaged with treatment, which
can be exacerbated by treatment delays. In a meta-analysis, Nosı̈¿œ et al. (2003) find that an
estimated 24% of patients with psychosis do not attend mental health visits as scheduled. In the
VA setting, Fischer et al. (2008) show that in a cohort of veterans with schizophrenia or bipolar
disorder, almost one quarter of the cohort drop out of care for over a year during a 5-year follow up
window. Similarly, attrition from mental health care is a major concern among those in my sample.
While all patients in my sample have a scheduled follow up visit, the no show or cancellation rate
for these appointments is about 37%.

In a population who has difficulty staying engaged with care, small system-based nudges have
been associated with improved attendance. Specifically, Klinkenberg and Calsyn (1996) find that
minimizing wait time to the first appointment following ED discharge is associated with higher
engagement with therapy – the exact setting of my analysis. This pattern appears to hold in my
sample as well: in Figure 2.5 Panel A, I show the CDF of actual wait times, separating patients
who do and do not attend their follow up appointment. Those who attend their appointments tend
to have shorter wait times on average.

To formally evaluate whether appointment delays have a causal effect on appointment atten-
dance, I assess whether mean wait time is correlated with the probability patients attend their
follow up mental health visit. I run the following regression:

1(+8 = 0) = c4,−8 + Z4,C (8) +q4,0(8) +W4,ℎ(8)<(8) +X8X4 + n4,8 (2.7)

where +8 is an indicator for attending a follow up mental health appointment. I find a large and
significant relationship, with ĉ1 = 0.0203 (0.0008), suggesting that a one standard deviation ap-
pointment delay (11.7 days) increases the probability of missing one’s follow up visit by 2.0 per-
centage points or 5.6% (t=24). Figure 2.5 Panel B shows a binned scatterplot of the probability
of attending a follow up mental health visit versus mean wait time, or ,−8, residualizing by the
baseline controls.

Overall, my analysis suggests that mental health treatment delays have a major impact on
follow up appointment attendance, which I consider to be the primary mechanism driving the
mortality effect. Thus, one way to think about these results is to consider treatment delays to
be an instrument for attending mental health treatment. Conceptually, patients who arrive during
busy periods may have longer delays to obtaining a follow up appointment, pushing those on
the margin of returning for a follow up visit (“compliers”) to disengage from mental health care.
In turn, disengagement from mental health services impacts long term mortality. Specifically,
in an instrumental variables framework, c4 from Eq. 6 acts as the first stage, and c3 from Eq.
4 – or the effect of mean wait time on mortality – acts as the reduced form. Then, uing the
jacknifed-instrumental variables estimator, the causal effect of not attending a mental health follow
up appointment on two-year mortality is given by V̂�+ = ĉ3/ĉ4. With the baseline controls, I find
that V̂�+ = 0.056 (0.020); in other words, not attending a follow up mental health visit increases
2-year mortality by 5.6 percentage points.

In this setting, both providers and patients may adjust on other margins in response to treatment
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delays – in other words, there may be violations to the exclusion restriction that make using mean
wait time as an instrument imperfect. Therefore, I consider this IV analysis to primarily function as
a scaling exercise, giving the reader a sense of how detrimental congestion may be for compliers
who disengage from mental health care. In Section 2.4.7, I further evaluate how missing one’s
first follow up visit affects intermediate outcomes, particularly engagement with long run therapy.
First, however, in Section 2.4.6, I consider alternative explanations for the mortality effect.

Could patients be attending mental health services outside the VA?

One important note in interpreting the prior results is that my data only captures patient encoun-
ters at VA hospitals. This fact leads to the natural question: could patients be attending mental
health services outside the VA? If so, this complicates the counterfactual: patients who miss their
appointment at the VA could still be seeing a therapist at another hospital.

Since healthcare in the US is incredibly expensive, it would be unusual and likely infeasible for
veterans in my sample to get mental health treatment at another, private hospital without outside
insurance. Overall, about 30.3% of the baseline sample has some kind of outside insurance, 55.4%
of which is Medicare coverage (Appendix Table B.1). Medicare is public insurance provided by
the federal government for all those about 65, as well as individuals who qualify due to disability
status (including mental illness).

To assess whether the 30.3% of patients with outside insurance could be driving result, I drop
these patients from the baseline sample to create a no-insurance subsample. Described in Appendix
Table B.1, this sample is demographically similar to the main sample with a few differences: 1)
the mean age is slightly lower, and 2) two-year mean mortality is lower. These latter two facts are
consistent with these patients being non-Medicare recipients, so they are likely to be younger and
suffer from less severe mental illness. I find that ,−8 is also highly predictive of missing a follow
up visit for this subsample, with a similarly-sized coefficient of 0.022 (0.001). Additionally, in
Table 2.2 Panel B and Appendix Table B.4, I rerun all primary specifications for this sample. The
baseline mortality effect is 0.075 p.p. (s.e.=0.044) or 1.4% of the mean for this sample– highly
consistent with the baseline effect. On the whole, these results suggest that substitution to the
private sector is not an important channel in my analysis.

2.4.6 Alternative explanations
Are mental health wait times correlated with general crowding?

An alternative explanation for the mortality effect is that congestion is not specific to mental health
visits; in other words, mental health appointment delays may also predict delays throughout the
hospital or clinic, indicating poorer overall quality. Notably, Feyman et al. (2022) find significant
correlation in waiting times across specialties at the VA. Thus, one hypothesis is that those with
high ,−8 receive poorer overall medical care, and this is driving the mortality effect. Note that
while certain VA hospitals are likely always more crowded (for example, VAs in dense metropoli-
tan areas) and that certain time periods may also be associated with higher crowding across spe-
cialties, my baseline controls guarantee that all congestion comparisons are done within hospital-
year-month. In other words, I control for the fact that some hospitals are more crowded overall at

55



certain times, and instead isolate congestion not explained by these controls, which I argue reflect
some randomness.

Beyond controlling for these baseline differences in crowding across hospital-time, I conduct
two additional tests to assess whether there could still be correlation between ,−8 and general
delays in care across other specialties. First, I directly plot wait times for other common types of
ED follow up visits versus residualized,−8, residualizing by the baseline controls. This approach
allows me to determine whether the “quasi-random” component of mental health clinic congestion
is correlated with other clinic wait times. Second, as a more downstream test, I construct a placebo
sample of patients who arrive to the ED with non mental health diagnoses and assess whether,−8
predicts mortality for this group. If ,−8 can neither predict wait times directly nor mortality of
non mental-health patients, these tests suggest,−8 has an impact on mortality only through mental
health treatment itself, rather than through care delivered at the hospital in other specialties.

First, I document the five most common specialties visited following an ED visit: primary
care, labs or pathology, podiatry, opthamology, and internal medicine.19 Then, I calculate mean
wait times (as the time between the ED visit date and the follow up visit date) for each of these
specialties within hospital-two-week bins.20 Next, I assign these wait times to ,−8 by matching
on hospital-two-week period. Finally, in Figure 2.6 Panel A, I plot a binscatter of these other
wait times versus residualized ,−8. I find that all five non-mental health speciality wait times are
uncorrelated with residualized ,−8, confirming the fact that my measure of mental health clinic
congestion does not predict general crowding across specialties.

As a second test, I construct a new analytical sample of 1,377,834 patients who visit the ED
during the same time period as the primary sample, but are diagnosed with a circulatory condition
at their ED visit, such as stroke or heart attack.21 I assign these patients a value of,−8 according to
their time and hospital of arrival.22 This alternative sample acts as a placebo test, as the mortality of
stroke and heart attack patients should not be affected by mental health clinic congestion. However,
if mental health clinic congestion indicates poorer overall hospital quality as a result of crowding,
the leave-out wait time measure should also predict higher mortality for this group of patients.

In Figure 2.6 Panel B, I show a binned scatterplot of,−8 versus two-year mortality, residualiz-
ing by two week period, year-month × hospital fixed effects, and age buckets. I find no significant
relationship between ,−8 and mortality for this placebo sample of non-mental health ED patients.
Overall, I conclude that ,−8 is only a measure of mental health clinic congestion and is not corre-
lated with general delays in care.

19ED visits are identified by an ED visit code plus an ICD-9 diagnosis code, while outpatient follow up visits may
only be identified by a specialty visit code (since a patient only receives a diagnosis if they attend their appointment).
Therefore, it is not straightforward to link all ED visits to follow up visits using a combination of specialty codes and
diagnosis codes. Instead, I use a simpler definition of follow up here: the outpatient appointment must be scheduled
on the same day as the ED visit.

20This level of variation is equivalent to the variation of ,−8 , except that ,−8 also varies by mental health clinic
type.

21Patients in this sample must have a diagnosed mental health condition during the study period in order to be a part
of the initial sample construction (in the VA data request). However, these patients arrive to the ED with a circulatory
condition, rather than a mental health condition.

22As patients in this alternative sample do not have a follow up mental health visit, I group together all appointment
types to assign them a mean wait time.
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Do longer wait times affect the quality of mental health care?

While the prior tests suggest that,−8 is not associated with non-mental health quality of care, what
about quality of care within the mental health clinic itself? For example, if appointments are more
delayed due to high congestion, it is possible that physicians are either more rushed or stack more
appointments closer together in time. Thus, crowding could lead to poorer outcomes independent
of appointment attendance.

To assess this hypothesis, I precisely calculate the length of follow up mental health visits using
treating provider identifiers. Specifically, I document the psychologist or psychiatrist assigned to
a given patient for their follow up appointment and the precise start time of their visit (up to the
minute). Then, I follow the same physician to their next appointment with a new patient and
again document this visit’s start time. I define the difference between these two start times as
the follow up appointment length. Using this method, I censor any appointment lengths that are
greater than six hours, as I assume this captures the doctor ending and starting a new shift. With
censoring, I capture 299,958 appointment lengths (of 394,292 patients who attended their follow
up appointment).

The median appointment length is exactly 60 minutes, while the 5th and 95th percentile lengths
are 7 minutes and 223 minutes, respectively. This method for calculating appointment lengths is
likely noisy: a provider may see multiple patients in the same time window or could have a shift
break of only a few hours. Therefore, I assume any extreme outliers are data errors and either
1) focus on the median appointment length within ,−8 bins or 2) winsorize observations at the
5th and 95th percentiles. In Appendix Figure B.4, I show a binscatter of either the winsorized
mean or median follow up appointment length versus,−8, residualizing by the baseline controls. I
find that appointment length is uncorrelated with ,−8 in both cases, mitigating some concern that
congestion also leads to rushed care.

Finally, one concern with the above analysis is that I can only capture appointment lengths
for those who attend their follow up visit. As demonstrated in Section 2.4.5, visit attendance is
non-random and is highly correlated with ,−8. Thus, one story is that those who did not attend
their appointment due to high congestion also would have had a shorter appointment, and I cannot
observe this fact in the prior regressions. To address this non-random attrition problem, I use
a Lee bounds approach. Since those with high ,−8 are essentially censored here, Lee (2009)
recommends censoring either the left tail or right tail appointment lengths of patients assigned low
,−8 to construct worst-case scenario bounds.23 Using median appointment lengths and worst-case
bounds, I can still reject appointment lengths shorter than two minutes for those with mean wait
times longer by one standard deviation.

Although I do not find evidence of more rushed care, it is possible that crowding changes de-
livery of mental health treatment in more subtle ways. For instance, perhaps crowding leads to
treatment by lower-skill providers or worsens match quality between provider and patient if cer-
tain providers fill appointment slots more quickly. I do find some evidence of this phenomenon: as
a second test of the quality of mental health care, I match treating providers (for follow up visits)
to number of years of experience that provider has at the VA. Using provider experience as the
left-hand side variable, I find that a one stand. dev. increase in wait time decreases provider expe-

23Since Lee conceptualizes the problem using a binary control and treatment group, for simplicity, I convert,−8 to
an indicator for above and below median to censor observations.

57



rience by about 0.16 years (s.e.=0.023), or about 1.5% of the mean.24 Does provider experience
contribute to the mortality effect? Although not a causal analysis, in an OLS regression, I find that
two-year mortality is uncorrelated with provider experience, conditional on the baseline controls
(coeff.=0.000059; s.e.=0.000044). Nevertheless, I cannot rule out that other components of mental
health treatment are changing when clinics are more congested. In fact, in the next section, I find
evidence that providers marginally adjust treatment decisions in response to crowding. Thus, while
I argue that appointment delays primarily affect long term health outcomes via patient behavior –
by increasing the likelihood of missing their follow up visits – supply-side adjustments may also
play a role in contributing to the mortality effect.

Do ED doctors anticipate delays with compensatory behaviors?

What if higher,−8 is actually correlated with better mental health care delivery? This could be the
case if there is any compensatory behavior; in other words, physicians are aware that mental health
treatment delays could lead to poor patient outcomes, and therefore, they are compensating for
these delays by modifying other care practices. In this case, lower appointment attendance among
those with high wait times may be mitigated by improved care delivery.

One potential way to compensate for longer appointment delays is to prescribe mental health
medications at the ED visit itself, rather than waiting for a follow up consultation. Overall, 30.2%
of patients are prescribed a mental health drug on the day of the ED visit, 54.5% of which are
antidepressants. Interestingly, a one standard deviation increase in mean wait time increases the
probability of being prescribed a drug by 1.2 percentage points (s.e.=0.08) or 4.0% (Table 2.3).
Specifically, lithium, antidepressants, analgesics, and anticonvulsants all appear to be marginal
drugs, with physicians being more likely to prescribe them if one’s follow up appointment is de-
layed.

About 64% of patients were prescribed a mental health drug in the year prior to their index
ED visit. Thus, another interpretation of the correlation between mean wait time and increased
precriptions are that patients come to the ED to refill or update their prescriptions, and may be
especially likely to do so if it difficult to get an outpatient mental health appointment. Notably,
among the 30% of patients prescribed a drug at the ED visit, about 61% of prescriptions are for
repeat drug classes (e.g., the patient had been prescribed an antidepressant in the prior year and
are again prescribed one at the ED). Thus, to shed light on this interpretation, in column 2, I
show that around half of the effect comes from prescriptions in entirely new drug classes, which
is inconsistent with a patient requesting a refill. Secondly, I drop patients who were prescribed a
mental health drug in the prior year from the main reduced form analysis; the resulting mortality
effect is 0.00130 (0.00063), highly consistent with the baseline results.

Given the compensatory behavior of physicians, an additional concern is that wait time and
prescriptions are jointly determined; for example, patients who are prescribed a drug at the ED
may be able to wait longer for a follow up appointment if they are already receiving treatment
through their medication. Since I am not using a patient’s wait time directly,,−8 is not influenced
by whether patient 8 himself is actually prescribed a mental health drug. However, other patients’
wait times, which are used to form a given patient’s ,−8, may be affected by prescribing patterns.

24Similar to the analysis on appointment durations, I cannot link visits that were no showed or cancelled to a specific
provider. Using a conservative Lee bounds approach to correct for attrition, I cannot rule out that treating provider
experience is lower or higher for those with high wait times (lower bound: -0.52; upper bound: 0.42).
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This in turn could bias results if the rate of prescriptions differs when the ED is crowded. To
address this, I drop patients that are prescribed a drug at the ED visit from the construction of,−8.
The resulting mortality effect is similarly 0.00130 (0.00039).

These results provide some indication that physicians are of aware of and compensating for
appointment delays with more immediate treatment at the ED. Drugs prescribed at the ED could
potentially have long run effects: the average days’ supply for a given medication is 26 days, with
an average of one refill allowed. Beyond refills, even if patients do not return to mental health
care, primary care providers may re-prescribe medications to these patients. Since medications
should mitigate mortality risk, prescribing patterns at the ED likely partially counteract the impact
of missing future behavioral therapy appointments. As evidence of this point, returning to the IV
specification in Section 2.4.5, I directly control for whether a mental health drug was prescribed at
the ED visit itself. As expected, this increases the coefficient to 0.063 (0.020), making the effects
of therapy attendance look even larger.

2.4.7 Intermediate outcomes
Engagement with mental health care

In Section 2.4.5, I showed evidence that mental health treatment delays make patients more likely
to miss their follow up appointment. What services are patients actually missing as a result of ap-
pointment non-attendance, and how does congestion then affect long term engagement with mental
health care? First and foremost, in my sample, 61% of follow up appointments are for general be-
havioral therapy, 15% are for addiction-related treatment, 7% are psychiatry appointments, 6%
are for specialized PTSD treatment, and 11% are other specialty appointment types (such as men-
tal health integrated care). During the two year follow up window, patients engage in a range of
treatments, from medication to group therapy to long-term residential stays.

In Table 2.4 Panel A, I first evaluate how congestion affects long run engagement with behav-
ioral therapy. Not only are patients with high mean wait time far more likely to miss their first
follow up visit (column 1), as described in Section 2.4.5, but they are far more likely to disengage
entirely from mental health care in the two years following the index ED visit. In column 2, I show
that a one standard deviation increase in mean wait time following the ED visit makes patients
0.67 percentage points (s.e.=0.04) less likely to attend any outpatient mental health appointment
up to two years following the ED visit. Moreover, in column 3, I show that higher mean wait time
decreases the likelihood patients attend any inpatient form of mental health health treatment, in-
cluding long term residential stays. One interpretation of this latter result is that outpatient therapy
attendance may be an important mechanism in connecting patients with more intensive forms of
treatment.

Another potential explanation for lack of future mental health engagement is a competing risks
model, where patients die before they are able to attend therapy appointments. However, this
concern is mitigated by the fact that the majority of the mortality benefit appears only over a long
time horizon (see Figure 2.4). On the whole, my results imply that treatment delays following an
ED visit have effects that go far beyond a single appointment – instead, they have a long run impact
on future engagement with mental health care.

What about medications? The vast majority of patients – around 91% – take some kind of men-
tal health drug during the two-year follow up window. Medications for substance use specifically
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are somewhat less common, as some disorders do not have FDA-approved medications – notably
stimulant use disorder. However, for opioid and alcohol use, medications are recommended as
first-line treatments. Among my substance use subsample, around 54% of patients are prescribed a
drug related to alcohol or drug use specifically, such as suboxone or naltrexone. Prescriptions may
not go hand in hand with therapy attendance – only physicians, not psychologist or social workers,
can prescribe medications. While psychiatrists have traditionally prescribed mental health drugs,
in the current mental health landscape, primary care providers are increasingly writing these pre-
scriptions (Faghri et al. 2010).

In Appendix Figure B.5, I show results on the effect of mean wait time on use of mental
health drugs over time. As described in Section 2.4.6, those with high mean wait time are about
1.2 percentage points more likely to be prescribed a drug at the ED visit itself, which I argue is a
compensatory response to treatment delays. While this effect lessens over time as more patients are
prescribed drugs at follow up visits, those with high mean wait time are actually still marginally
more likely to be using mental health drugs in the long term (including both prescriptions and
refills).25

With these results, I can rule out that those with high wait times are less likely to take mental
health drugs overall. Although patients with high ,−8 are more likely to drop out of specialty
mental health care, they are also more likely to attend a primary care appointment during the
follow up period (see evidence in Section 2.4.7). Thus, these results suggest that those with high
wait times are more likely to be prescribed drugs by non-mental health specialists (or primary care
providers). I cannot rule out that medications play no role in the mortality effect: one potential
story is that primary care providers are less skilled at prescribing appropriate drugs to patients with
severe behavioral health needs. This explanation is in line with evidence from Currie and MacLeod
(2020), who show wide variation in provider skill in prescribing antidepressants. I comment more
extensively on the role of primary care doctors in mental health care in Section III.G.iv.

Cause of death

A natural question is whether the mortality effect is being driven by mental health casues of death,
such as suicide and overdose, or whether effects are driven by physical disease, which can be
exarcerbated by poor mental health (APA 2014). Using standard ICD-10 code classifications for
suicide from the National Death Index, I find that only 4.8% of deaths in my sample are directly
attributable to suicide (Cornes et al. 2021). If I include drug overdose and suspected suicide
events, this percentage increases to 9.6%. There is evidence that suicide deaths may be highly
undercounted in both the veteran population and in general, likely due to both stigma and financial
incentives related to life insurance policies (Ellis 2022, Snowdon and Choi 2020).

However, to get at the distinction between physical diseases and suicide or overdose-related
causes of death, in Appendix Table B.6, I divide deaths into those caused by physical disease
versus those caused by accident, suicide, or overdose. Within physical disease, I further divide
diseases into major categories, such as heart disease, respiratory diseases, and cancer. Let "8 be
an indicator for mortality due to a specific cause. To determine cause-specific death rates among
those with high wait time, I run regressions with "8 as the left-hand side variable as follows:

25The slight increase in medication use holds true for both all mental health drugs and substance use drugs specifi-
cally.
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"8 = c5,−8 + Z5,C (8) +q5,0(8) +W5,ℎ(8)<(8) +X8X5 + n5,8 (2.8)

Then, "̄8 + ĉ5, where "̄8 is the mean death rate, yields the cause-specific death rate for those with
a mean wait time one stand. dev. above the mean (“high wait time patients”). Overall, I find that
6.5% of the sample died from a physical health condition, while only 1.0% died from other causes.
This decomposition is similar among those with high wait times, with over 87% of deaths being
due to physical causes. Specifically, the primary cause of death among those with high mean wait
time is heart disease; these patients have a 1.69% chance of dying from heart disease, about a 3.4%
increase from the sample mean of 1.63%. Moreover, high mean wait time patients have increased
risk of dying from respiratory diseases, liver disease, and infections.

While perhaps surprising, these results corroborates previously established relationships in the
medical and psychology literature. Those with poorer mental health are likely to also suffer from
poorer physical health, and severe mental illness can worsen the course of chronic disease (APA
2014). Notably, the fact that most preventable deaths among the severely mentally ill are due to
physical rather than mental conditions is consistent with existing evidence (Kisely et al. 2013,
Liu et al. 2017). The medical literature has specifically documented the association between psy-
chiatric conditions and excess mortality due to heart disease, respiratory diseases, and infections
(Lawrence et al 2003, Newcomer and Hennekens 2007, Liu et al. 2017).

Moreover, one might expect that death from physical disease is particularly likely for those
suffering from substance use disorder. Prior research has shown that addiction treatment is as-
sociated with decreased incidence and progression of alcohol-associated liver disease (Vannier et
al. 2022). In addition, illicit opioid use is associated with a range of physical diseases, including
chronic obstructive pulmonary disease, HIV, endocarditis, and viral hepatitis, which can also lead
to liver disease (Lewer et al. 2021, Nishimura et al. 2019).

In a similar vein to this study, Kisley et al. (2013) find that patients with orders to attend
psychiatric treatment had an all-cause mortality risk nearly half that of the control group at two
years, with the strongest effects being for death from physical diseases. Analagously, I find that
higher clinic congestion leads to disengagement from mental health care, also resulting in higher
death rates from physical disease.

Engagement with non-mental health medical care

Increased mortality from physical causes could have various underlying mechanisms: first, those
who do not seek mental health care may be more likely to become detached from the healthcare
system at large, and lack of engagement with physical health may be driving the mortality result.
For simplicity, call this the “physical health engagement” channel. Alternatively, improved men-
tal health alone could result in improved physical health, without being driven specifically by use
of other types of medical care. For simplicity call this the “mental health engagement” channel.
Finally, an intermediary between these two mechanisms could be contributing to the mortality
effect: those with untreated mental illness could engage differently, and perhaps less effectively,
with physical health care, even if they continue attending appointments. For example, those with
untreated mental illness may have more difficulty adhering to lifestyle changes associated with
improved cardiovascular and respiratory health, such as diet, exercise routines, and smoking ces-
sation. Alternatively, physical health providers may have more difficulty diagnosing and treating
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physical health conditions in patients with untreated mental illness (Liu et al. 2017). Call this the
“physical-mental intersection” channel.

As a point of reference, my sample is actually comprised of a highly VA-attached population:
97% of the sample returns to a VA hospital for at least some type of appointment within the
two-year follow up period, and 84% return for a primary care appointment. Therefore, very few
individuals lose contact with the VA system following the index ED visit.

To directly test the physical health care engagement channel, in Table 4 Panel B, I show that
those with high mean wait time are actually more likely to attend a primary care appointment
during the follow up period. Why is this the case? There are two potential explanations: first,
patients may be substituting between mental and physical health care. If it is hard to get a speedy
mental health appointment, they may show up to the primary care doctor instead. In fact, the APA
suggests that high usage of primary care due to mental distress may be common, with up to 70%
of primary care visits being driven by behavioral health (APA 2014). As primary care doctors treat
both physical and behavioral health conditions, those who attend primary care more often may
be receiving additional physical or mental health care, though delivered by a generalist. I explore
delivery of mental health care by primary care doctors in the subsequent section.

Secondly, since my results suggest that high mean wait time patients also exhibit deteriorating
physical health, these patients may simply be in more need of medical care. To provide additional
evidence that these patients have declining physical health, in column 2, I show suggestive, though
underpowered evidence that those with high mean wait time are more likely to be admitted as an
inpatient for a physical health condition. Moreover, in column 3, I show that those with a one stand.
dev. higher mean wait time are 0.19 p.p. (s.e.=0.08) or 0.3% more likely to be diagnosed with a
new physical Elixhauser comorbidity. As these comorbidities are long term, chronic conditions
that can worsen over time, it is likely that existing comorbidities, in addition to new diagnoses,
contribute to the mortality effect.

In Appendix Table B.7, I also break down engagement with mental and physical health care
for SUD patients, as they an important driver of death in my sample (see Table 2.1). For these
patients, results on hospitalizations for physical health and new physical comorbidities are even
stronger. These results are aligned with the medical evidence surrounding cause of death for SUD
patients, where untreated addiction is highly associated with physical health decline.

Overall, I demonstrate that although patients stay attached to the medical system as a whole,
they exhibit declining physical health. Thus, I can rule out the “physical health engagement”
channel, in which mental health care helps patients stay connected to physical health providers.
However, both the “mental health engagement” and “physical-mental intersection” channels may
play a role in contributing to the mortality effect.

The role of experts in healthcare

Those with high mean wait times, despite being far more likely to disengage from specialized
mental health treatment, are likely to both continue taking mental health medications and continue
attending primary care. So why are these patients so much worse off? One way to think about the
results is that patients disengage from specialty mental health care. However, they may continue
attending primary care for mental health conditions, and non-specialist providers may continue
prescribing them mental health drugs.

To further elucidate delivery of mental health care by primary care providers, I define any
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primary care visit with an associated mental health ICD-9 diagnosis code as a primary care ap-
pointment for mental health.26 In my sample, about 65.6% of patients attend at least one primary
care visit for mental health. Of these patients, about 3.6% attend only primary care for their mental
health needs; in other words, they drop out of mental health specialty care. Those with high wait
times are far more likely to fully substitute to primary care: a one stand. dev. increase in mean
wait time increases the probability of receiving mental health treatment only via primary care by
0.27 percentage points (s.e.=0.03), or about 11.4%.

How often do patients receive any type of mental health treatment, whether via specialists or
not? To get at this question, I redefine “returning” to mental health care from Table 2.4 as attending
1) a mental health specialty clinic appointment or 2) attending a primary care appointment with a
mental health diagnosis code. Using this broader definition of mental health care, I find that those
with high wait times are still less likely to receive any type of mental health care during the two
year follow up window. A one stand. dev. increase in mean wait time decreases the probability of
returning to any type of mental health care by 0.39 percentage points (s.e.= 0.03), about half of the
effect size as that of specialty care alone (shown in Table 2.4). These results imply that patients at
least partially substitute to primary care to treat their mental health conditions.

Lastly, how much does disengagement from specialty mental health care, as opposed to all
forms of mental health care, contribute to the mortality effect? To shed light on this question, I
exploit variation in care practices across hospitals. Notably, some hospitals may utilize primary
care providers for mental health treatment more often than others. Moreover, there may be system-
atic variation in patient engagement across hospitals, even conditional on wait times. For instance,
different administrations may have better systems to remind patients to attend appointments, and
transportation may be more accessible in certain VA locations. To categorize hospitals, I first run
the following set of regressions hospital by hospital:

�B?,8 = UB?,ℎ(8),−8 + Z1,ℎ(8)C (8) +q1,ℎ(8)0(8) +X8X1,ℎ(8) +[1,8 (2.9)

�0;;,8 = U0;;,ℎ(8),−8 + Z2,ℎ(8)C (8) +q2,ℎ(8)0(8) +X8X2,ℎ(8) +[2,8 (2.10)

where �B?,8 is an indicator for disengaging from specialty mental health care (attending 0 visits)
in the two years following the ED visit, and �0;;,8 is an indicator for disengaging from all mental
health treatment (or both primary and specialty care). For each hospital ℎ, I collect estimated
coefficients ÛB?,ℎ(8) and Û0;;,ℎ(8) . I then categorize values of ÛB?,ℎ(8) and Û0;;,ℎ(8) above the 75th
percentile as “high disengagement” hospitals. Conceptually, a high value of Uℎ(8) means that at
that hospital, congestion makes patients particularly likely to disengage from mental health care.
In particular, high UB?,ℎ(8) indicates high disengagement from specialty mental health care, while
high U0;;,ℎ(8) indicates high disengagement from all forms of mental health care.

Finally, to determine what type of mental health care matters for the mortality effect, I run the
following regression:

.8 = c�,−8 ×�ℎ(8) + c!,−8 × !ℎ(8) + ZC (8) +q0(8) +Wℎ(8)<(8) +X8X+ n8 (2.11)

where �ℎ(8) and !ℎ(8) are indicators for high and low disengagement hospitals, respectively. I run

26This is a relatively broad definition of mental health care, and includes any visit where mental health is addressed.
This could include prescribing a mental health drug, checking in on an existing prescription, or psychotherapy.
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this regression twice, first forming �ℎ(8) and !ℎ(8) using values of ÛB?,ℎ(8) , and then using values
of Û0;;,ℎ(8) . c� and c! represent the mortality effect for high and low disengagement hospitals,
respectively. The intuition behind including these interactions is as follows: if disengagement
from all forms of mental health care is an important driver of the mortality effect, c� should be
high when �ℎ(8) is formed using Û0;;,ℎ(8) . Alternatively, if disengagement from specialty mental
health care specifically is important, c� should be high when �ℎ(8) is formed using ÛB?,ℎ(8) .

I show regression results from Eq. 10 in Table 2.5. I find that hospitals with high disengagement
from specialty care have very large mortality effects. In fact, ĉ� is about 10 times the magnitude
of ĉ! when hospitals are categorized based on specialty care alone (column 1). Alternatively, I
find little to no heterogeneity when hospitals are categorized based on all forms of mental health
care, including primary care (column 2). On the whole, these results suggest that disengagement
from specialty mental health care specifically is a key driver of the mortality effect.

Overall, my analysis provides suggestive evidence that primary care may not be sufficient to
meet patients’ mental health needs. In other words, mental health expertise is useful. These results
may be particularly policy relevant in the current US mental health landscape: there is a growing
shortage of mental health specialists, and primary care providers are increasingly responsible for
treating patients’ psychiatric conditions (Faghri et al. 2010).

2.5 Discussion
This paper is the first to evaluate the causal impact of mental health treatment delays on long term,
all-cause mortality. For patients with emergent mental health conditions, I find that delaying follow
up appointments by just one standard deviation – about 11.7 days – increases 2-year mortality by
1.5%. Moreover, in analyzing the downstream effects of high wait times, I identify a key barrier
to healthcare system engagement: I find that those whose appointments were initially delayed are
not only more likely to miss their first follow up visit, but they are far more likely to never engage
with mental health services at the VA again.

On the whole, my results suggest that reducing clinic wait times could have important down-
stream effects on patients’ wellbeing. One way to illustrate this point is as follows: if mean wait
times across VA clinics fell from 17.7 days (as in the baseline sample) to about 10 days, or about a
0.66 standard deviation reduction, the reduced form results suggest that mortality would decrease
by 0.073 percentage points, or about 1% of mean mortality. This effect size may represent an
upper bound relative to other patient settings: given the urgent nature of their conditions, these
veterans have two-year mortality rates higher than other veterans with mental illness. For instance,
Bowersox et al. (2012) finds that VA patients with psychosis have a two-year mortality rate of
4.6%; the mortality rate among psychosis patients in my sample is 11.3%. Moreover, compared
to non-veterans, these patients have unique provider accessibility, with veterans often paying no
copay for treatment.

Appointment cancellations and no shows are an important issue not only in this setting, where
the combined non-attendance rate was 37%, but among low income and vulnerable populations in
general (Sharp and Hamilton 2001). Remarkedly, this study demonstrates that modifying schedul-
ing practices may not only have behavioral implications for a single appointment, but may affect
how patients interact with the healthcare system long term. In areas such as mental health, where
going lost to follow up from care is a major concern, determining practices that can nudge pa-
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tients to attend appointments may be key. Preliminary research has shown that massed visits, or
scheduling appointments closer together in time (such as triweekly instead of weekly), increases
treatment completion rates (Yamokoski 2020). Additionally, incentives to attend therapy sessions,
such as vouchers or monetary rewards, are already in use at some VA facilities. These types of
interventions have been shown to be highly effective in improving treatment adherence, at least
while incentives continue; a randomized-control trial from 2020 finds that financial rewards of just
$2-7 per week increase adherence to antidepressents by 21% (Marcus et al. 2020). In comparison,
about 63.5% of patients in my sample attend their follow up appointment, and a decrease in wait
time of about 12 days increases this probability by 2.0 percentage points – about a 3% increase.

Finally, my results underscore the importance of expertise in medicine. I find that those with
long wait times – who are far more likely to disengage from specialty mental health care – are
actually more likely to have primary care appointments during the two year follow up period,
suggesting that primary care cannot substitute for mental health care. With patients increasingly
turning to primary care to treat their mental health conditions, these results further highlight the
need for more mental health specialists.

While my analysis provides suggestive evidence of the downstream effects of provider short-
ages, further research is needed to confirm the mechanisms driving my results. First and foremost,
this study did not randomize delivery of mental health care by specialists versus generalists, which
would provide more concrete evidence on the effects of mental health experts. Specifically, why
do specialists perform better – is it due to differential prescribing patterns, more effective therapy,
or some combination of the above? Lastly, this study is limited to mental health patients; future
research could investigate whether waiting times have similar effects for patients suffering from
physical health conditions.

With mental health treatment making headlines from recent gun legislation to policies sur-
rounding veteran suicide, improving access to and engagement with behavioral therapy is of no-
table policy relevance. Major new initiatives aim to make mental health care more accessible, both
at the VA and at large: in 2022, the VA proposed to eliminate outpatient copayments for veterans
flagged high risk for suicide. More broadly, in summer 2022, the US launched 988, an emergency
number for those experiencing mental health emergencies. My results suggest that timely care, in
addition to more affordable care, may be a key part of the puzzle.
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Figure 2.1: Sample selection

All patients with a mental-health ED visit between 
January 1st, 2001 and February 28, 2015

Visits: 3,462,249
Unique patients: 969,546

Keep 1st visit for each patient
(N = 969,546)

Data cleaning: 
Drop patients with age < 18 or > 100

(N = 961,845) 

Drop patients with data errors (days until death < 0) 
(N = 961,433) 

Drop patients with no scheduled follow up mental 
health visit 

(N = 646,700) 

Drop patients with missing mean wait time 
(N = 621,471) 

Final 
regression 

sample: 
N = 621,289Regressions exclude 

singleton observations 
(N = 621,289)

Note: This figure shows the sample selection process using encounter data and patient information from the
VA. Patients have a missing mean wait time value if no other patients are in the same hospital-two-week
period-appointment type group as the index patient.
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Figure 2.2: Relevance, balance, and reduced form

A: Correlation between mean wait time and actual wait time
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B: Balance and reduced form
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Reduced form coeff. = 0.00113 (0.00041)
Balance coeff. = 0.00014 (0.00011)

Note: Panel A shows a binned scatterplot of actual wait time (in days) versus mean wait time (standardized),
or ,−8 , residualizing by the baseline controls. This represents relationship described in Equation 2. Panel
B shows a binned scatterplot of two-year mortality or predicted mortality versus ,−8 , residualizing by the
baseline controls. These represent the balance and reduced form relationships described in Equations 3 and
4. Predicted mortality is plotted using green hollow circles, and mortality is plotted using solid blue circles.
Baseline controls include two-week period, year-month × hospital, appointment type, and age buckets.
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Figure 2.3: Mortality prediction
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Weight loss
50-53
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54-57
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Note: This figure plots regression coefficients and standard errors for a logistic regression of two-year
mortality on patient characteristics used to form .̂8 . Physical diagnoses are based on conditions patients were
treated for at the VA in the prior year and are divided into Elixhauser comorbidity groups. The excluded
group are white males aged 42 to 45 with depression in Priority group 8. The partial R-squared reports the
marginal contribution of all other variables after removing the effects of age.68



Table 2.1: Effect of mental health wait times on mortality

A: Overall Sample
2-year mortality

(1) (2) (3) (4) (5)
Mean wait time 0.00113 0.00104 0.00107 0.00113 0.00093

(0.00041) (0.00041) (0.00041) (0.00041) (0.00041)
Outcome mean 0.0746 0.0746 0.0746 0.0746 0.0746
Observations 621,289 621,289 621,289 621,289 621,289
Baseline controls Yes Yes Yes Yes Yes
Demographics No Yes Yes Yes Yes
Prior utilization No No Yes Yes Yes
Diagnosis codes No No No Yes Yes
Leave out controls No No No No Yes

B: Major Diagnosis Category
2-year mortality

Substance
use

Psychosis Mood
disorders

Anxiety PTSD

Mean wait time 0.00186 0.00360 0.00048 0.00030 0.00048
(0.00081) (0.00208) (0.00074) (0.00114) (0.00107)

Outcome mean 0.0707 0.1130 0.0527 0.0527 0.0360
Observations 175,721 52,600 184,812 71,895 60,178

Note: In Panel A, I show the baseline mortality results. Column 1 shows the main estimate, only using
baseline controls. Column 2 shows the estimate when I add demographic controls, including gender and
race. Column 3 shows the estimate when I also add controls for prior mental health utilization, and column
4 adds 3-digit ICD-9 diagnosis codes (from the ED visit). Finally, column 5 shows the estimate when I
control for characteristics of other patients who form a given patient’s value of ,−8 , including (leave-out)
mean age, mean prior visits, and mean predicted mortality. In Panel B, I show mortality results in diagnosis
group subsamples (based on ICD-9 codes from the ED visit). Baseline controls include month-year ×
hospital, appointment type, and age buckets. Standard errors are clustered by hospital-month.
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Figure 2.4: Mortality effect over time
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Note: This figure plots the mortality effect over time. Solid lines show point estimates, and dashed lines
show 95% confidence intervals. The vertical dashed line indicates the main mortality estimate at 2 years.
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Table 2.2: Robustness checks

A: Accounting for selection into appointment type
(1)

Baseline
(2)

Less granular
controls

(3)
Saturated

(4)
Predicted wait

time
Mean wait time 0.00113 0.00124 0.00090 0.00092

(0.00041) (0.00041) (0.00043) (0.00047)
Outcome mean 0.0746 0.0746 0.0746 0.0746
Observations 621,289 621,289 621,289 621,289
Appointment types 11 5 5 5
Hospital × time controls Year × month Year × quarter Year × quarter Year × quarter

B: Alternative samples
(1)

Baseline
(2)

+ Patients
with no

scheduled
follow up

(3)
Exclude

inpatient visits

(4)
Only VA
insurance

Mean wait time 0.00113 0.00118 0.00129 0.00075
(0.00041) (0.00035) (0.00041) (0.00044)

Outcome mean 0.0746 0.0956 0.0746 0.0528
Observations 621,289 935,843 621,289 432,863

Note: Panel A shows regression results that account for appointment type endogeneity. Column 1 shows the
baseline estimate from Table 2.1, column 1. Column 2 shows the estimate with less granular controls: hospi-
tal × year × quarter controls (in lieu of hospital × year ×month controls) and less granular appointment type
categories (general, psychiatry, PTSD, SUD, and other). In this specification, I also re-construct ,−8 using
these larger appointment type categories. Still using the less granular fixed effects, column 3 adds controls
for hospital × appointment type and hospital × 2-week period. Finally, column 4 predicts appointment type
instead of using assigned appointment type. Panel B shows the mortality effect using alternative versions
of the sample. Column 2 adds back patients with no scheduled follow up visit, column 3 excludes inpatient
mental health encounters from the universe of mental health follow up visits, and column 4 excludes patients
with outside insurance.
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Figure 2.5: Treatment delays and follow up appointment attendance

A: CDFs of actual wait times
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Note: Panel A plots the CDF of actual wait time (in days) for patients who did (green) and did not attend
(blue) their follow up appointment. Panel B shows a binned scatterplot of the probability of not attending a
follow up mental health visit versus leave-out wait time, or,−8 , residualizing by the baseline controls. This
represents the relationship described in Equation 6.
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Figure 2.6: Correlation between mean wait time and quality of non-mental health
care

A: Other hospital wait times
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Note: Panel A shows a binned scatterplot of various other specialty wait times versus residualized,−8 . All
wait times are calculated as the mean number of months between a patient’s ED visit and their follow up
appointment day for a given specialty. Panel B shows a binned scatterplot of two-year mortality versus,−8
for a placebo sample of patients with circulatory conditions, residualizing by the baseline controls. This is
analagous with the reduced form relationship for the main sample described in Equation 4. Baseline controls
for this sample include two-week period, year-month × hospital, and age buckets.
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Table 2.3: Effect of mean wait time on prescriptions at the ED

(1)
Prescription

(overall)

(2)
New

prescriptions

(3)
Anticonvulsants

(4)
Antidepressants

Mean wait time 0.0120 0.0058 0.0014 0.0088
(0.0008) (0.0005) (0.0003) (0.0006)

Percent increase 4.0% 5.0% 4.6% 5.3%
Outcome mean 0.3016 0.1162 0.0306 0.1643
Observations 621,289 621,289 621,289 621,289

(5)
Analgesics

(6)
Sedatives or
hypnotics

(7)
Anti-psychotics

(8)
Lithium

Mean wait time 0.0022 0.0022 0.0015 0.0003
(0.0004) (0.0005) (0.0003) (0.0001)

Percent increase 4.6% 2.1% 2.8% 7.4%
Outcome mean 0.0476 0.1033 0.0516 0.0042
Observations 621,289 621,289 621,289 621,289

Note: This table shows the effect of mean wait time on the likeliness of being prescribed a mental health
drug at the ED visit. Baseline controls include two-week period, month-year × hospital, appointment type,
and age buckets. Standard errors are clustered by hospital-month.

74



Table 2.4: Effect of mean wait time on intermediate outcomes

A: Mental health outcomes
(1)

No follow up
visit

(2)
Returned to

mental health
care

(3)
Mental health

inpatient
treatment

Mean wait time 0.0203 -0.0067 -0.0099
(0.0008) (0.0004) (0.0008)

Outcome mean 0.3652 0.9333 0.3153
Observations 621,289 621,289 621,289

B: Physical health outcomes
(1)

Primary care visit
(2)

Inpatient visit -
non-mental

health

(3)
New physical
comorbidity

Mean wait time 0.0032 0.0012 0.0019
(0.0006) (0.0007) (0.0008)

Outcome mean 0.8404 0.2114 0.6208
Observations 621,289 621,289 621,289

Note: This table presents reduced form results for various intermediate outcomes, following patients for
730 days after the ED visit. Panel A shows results for engagement with mental health care. Returned to
mental health care refers to attending any oupatient appointment. Mental health inpatient treatment refers
to any mental health inpatient visit, including residential stays (excluding admissions within one day of the
initial ED visit). Panel B presents results for non-mental health outcomes. The first column looks at whether
a patient attended a primary care appointment, the second column looks at non-mental health inpatient
admissions, and the third column looks at whether the patient had any new Elixhauser comorbidity (only
including physical conditions) during the two-year follow up period.
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Table 2.5: Heterogeneity by level of disengagement from mental health care

2-year mortality
(1)

Specialty
disengagement

(2)
Full disengagement

Mean wait time × high disengagement 0.0031 0.0013
(0.0007) (0.0008)

Mean wait time × low disengagement (0.0003) 0.0011
(0.0005) (0.0005)

Outcome mean 0.0746 0.0746
Observations 621,289 621,289

Note: This table shows heterogeneity results for VA hospitals with high and low levels of disengagement
from mental health care. “High disengagement” is an indicator for being in the top 25th percentile of
hospitals, while “low disengagement” in an indicator for being in the bottom 75th percentile (based on
values of Ûℎ (8) from Eqs. 8 and 9). In column 1, I show heterogeneity results for VA hospitals based on
the probability of disengaging from specialty mental health care. In column 2, I show heterogeneity results
for VA hospitals based on probabilities of disengaging from all mental health care, including specialty and
primary care visits. Disengagement from mental health care is defined as not attending any mental health
appointment in the two years following the ED visit. Mental health primary care is defined as a primary care
visit assigned a mental health ICD-9 diagnosis code.
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Chapter 3

The effect of Red Scare propaganda on US
public opinion:
Evidence from the newspapers of William
Randolph Hearst

3.1 Introduction
Does newspaper slant simply reflect what readers want to hear? If newspapers are profit driven, this
should be the case: since consumers have a preference for reading like-minded news, successful
newspapers should aim to match political views of readers, rather than views of owners. Leading
research corroborates this view: Gentzkow and Shapiro (2011) find that readers explain far more
of the variation in slant across US newspapers than owners, and Gentzkow, Shapiro, and Sinkinson
(2011) find that explicitly partisan newspapers have little to no effect on voting outcomes. But what
if owners are not only ideologically driven, but possess extreme beliefs? As the largest case study
in American history, William Randolph Hearst’s media empire may be the prime example of the
importance of both newspaper ownership and ideology in shaping American political discourse,
with ramifications to the present day.

Following the 1917 Bolshevik Revolution in the Soviet Union, the subsequent witchhunt against
anyone with suspected communist sympathies in the US marked a period known as the “Red
Scare.” In historical memory, the face of the Red Scare was Senator Joseph McCarthy, who
crusaded to rid the US government of “communist infiltrators” in the 1950s. However, twenty
years prior to McCarthy’s rise, media mogul William Randolph Hearst may have been the main
progenitor of anti-communist discourse. In the 1920s and 30s, Hearst owned the largest media
conglomerate in the world, inheriting the San Francisco Examiner from his father and buying an
additional twenty-eight newspapers across the US. A staunch anti-communist who often promoted
his own political views with sensationalized headlines, Hearst reached the height of his influence
in the mid-1930s, with his newspapers obtaining a circulation of 20 million. As journalist Jim Tuck
states, “If Senator Joe McCarthy was the best-known individual representative of the post–World
War II heresy hunt, its leading media representative was the Hearst publishing empire” (Tuck 1995,
preface).
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American’s distaste for socialism, ostensibly due to its link with autocratic regimes historically,
has propagated in political debates from the Red Scare era to the present day. Policy proposals
advocating for increased public funding for social institutions are often met with strong pushback
– from Medicare in the 1960s to the Affordable Care Act in the early 2000s. The US remains an
outlier among wealthy nations with regards to both inequality and policies towards redistribution.
While many Western European countries have both universal healthcare and education, public
opinion surrounding similar policies in the US continue to be divisive. No prior research, however,
has sought to relate public debate surrounding redistribution with Red Scare politics.

This paper seeks to connect Red Scare propaganda campaigns, specifically anti-communist
rhetoric espoused by William Hearst, with both short and long-run political attitudes towards re-
distribution. My main results examine the effect of Hearst’s reporting on political support for
Franklin Delano Roosevelt (FDR) across presidential elections. In the 1930s, FDR launched the
New Deal, the widest-scale federal spending program in US history. The New Deal aimed to fa-
cilitate recovery from the Great Depression via financial reforms and regulation, as well via the
introduction of social programs to help the unemployed, farmers, children, and the elderly. No-
tably, FDR created the Social Security Administration in 1935, the large scale social program that
provides retirement benefits to the elderly. With the rise of the Red Scare, FDR was increasingly
labeled as a socialist by right-wing critics.

As Hearst was known for promoting his own staunch anti-communist views, the political slant
of his papers was plausibly exogenous to the populations they served. Moreover, Hearst began his
career as a Democrat and only split from the party in the mid-1930s, after he had already acquired
all of his newspapers. Consequently, it is unlikely that the locations where he chose to purchase
papers had any correlation with prior anti-communist or anti-redistributive political sentiment. No-
tably, Hearst actually supported FDR in the 1932 presidential election, only becoming vehemently
anti-communist and anti-FDR in the mid-1930s. Therefore, I consider FDR vote share in the 1932
election to be prior to treatment, allowing me to examine the change in vote share across elections.

Exploiting Hearst’s sharp change in political attitudes in the mid-1930s in a difference-in-
difference design, I find that an increase of 10 percentage points in Hearst circulation per capita
decreased support for FDR by 2.14 percentage points (s.e.=0.77), a 3.6% decrease. Since Hearst’s
papers were primarily located in large cities, across various specifications, I exclude areas with-
out local papers and rural areas from the control group, as well as control for detailed county
characteristics interacted with year. I show that results are robust to controlling for non-Hearst
newspaper readership, as well as presence of other politically-affiliated newspapers in a county.
Moreover, I show that the results hold under various alternative specifications. This includes using
a propensity-score matched control group, matching on detailed county characteristics, as well as
employing the approach proposed by Callaway Sant’Anna (2021), which avoids potential issues
with negative weights in standard difference-in-difference analyses (see Borusyak et al. 2024,
Chaisemartin and D’Haultfoeuille 2020).

Beyond historical election results, I also examine the persistence of anti-socialist views through
the end of the 20th century using data on public opinion from the American National Election Sur-
vey (ANES). Tracking Hearst newspaper entry and exit, I compare respondents in the same county
who were directly exposed to Hearst’s reporting as an adult, those who were children but grew
up in a Hearst county, and those who were unexposed to Hearst. Aggregating survey responses
between 1970 and 1994, I find that those directly exposed to Hearst as adults continue to harbor
more anti-redistributive beliefs: they are more opposed to a public healthcare system and feel more

78



negatively about welfare programs. These results are robust to controlling for a wide array of re-
spondent characteristics, including flexible age and cohort controls, as well as limiting the sample
to those old enough to be exposed to Hearst. However, children who grew up in a Hearst county
do not share these beliefs, suggesting that anti-redistributive attitudes were not passed down from
parents to children.

This study contributes to several strands of literature. First, this paper is not the first to study
the effect of Hearst’s reporting; Listokin and Snyder (2010) also study the effects of the Hearst
media empire on voting outcomes. However, they study an earlier period, 1880-1938, the major-
ity of which Hearst identified as a Democrat. Exploiting the entry of a Hearst newspaper into a
given county, the authors find a clear null effect on overall voting behavior, results that are consis-
tent with Hearst’s fraught relationship with the Democratic party throughout this period. Though
Hearst nominally remained a Democrat until the mid-1930s, he increasingly found himself at odds
with the Democratic establishment and eventually sharply diverged to the right (Nasaw 2000). In
contrast, I study the effects of Hearst media empire from the 1930s onwards, when Hearst became
increasingly radicalized, right-wing, and consistent in his opposition to the Democratic party.

Second, this study contributes to an emerging literature on the effect of media persuasion on
public opinion (e.g., Adena et al. 2015, Dellavigna and Kaplan 2007, Enikolopov et al. 2011).
Prior studies have shown that media personalities espousing strong political views can influence
voting behavior (Wang 2021), and that even subtle changes in language used in newspaper report-
ing has political ramifications (Djourelova 2021).

Moreover, this study weighs in on how ownership may shape media slant. Gentzkow and
Shapiro (2011) conceive of newspapers as a market in which both preferences of readers and
owners may influence political bias in newspaper reporting. Using a model of newspaper demand,
they argue that slant is actually primarily driven by consumers, who have a preference for like-
minded news. Hearst’s newspapers actually offer a counterexample to this framework: historians
assert that Hearst’s papers printed his own, often controversial political views, even leading to a
decline in circulation as Hearst veered sharply to the right (Nasaw 2000). Thus, this paper provides
some initial evidence that ideology, in addition to profit, may drive media supply.

Finally, this paper contributes to the literature on what drives preferences towards redistri-
bution. Previous literature has considered explanations such as belief in equal opportunity and
fairness of social competition (Alesina and Ferrara 2005, Alesina and Angeletos 2005), racial
discordance between the rich and poor (Alesina et al. 2001), personal history of hardship, and
historical circumstances (Alesina and Giuliano 2011, Bazzi et al. 2020). The paper provides ad-
ditional evidence that exposure to specific historical events may have long run effects on political
attitudes.

3.2 Historical background

3.2.1 The Red Scare, the Depression, and FDR
In 1917, the Bolsheviks overthrew the Russian monarchy, establishing a socialist government in
its place. In turn, the success of the Bolsheviks spurred a wave of other communist revolutions
throughout Europe and beyond. As international politics surrounding the threat of communist
overthrow intensified, American politicians warned the public that there could be a communist
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plot within the US itself. These fears sparked a domestic witchhunt against anyone with supposed
communist or socialist sympathies, including those more broadly on the economic left. This period
in US history is famously referred to as the “Red Scare,” with red signifying allegiance to the Soviet
flag.

While American capitalism boomed during the 1920s, the stock market crash in 1929 marked
the start of the Great Depression. Unemployment levels reached a peak of nearly 25% in 1933
(Bureau of Labor Statistics). Franklin Delano Roosevelt, then the governor of New York, won the
Democratic party nomination in 1932, pledging to bring America out of the Depression. Bringing
small farmers, Southern whites, northern Blacks, Catholics, Jews, labor unions, and intellectuals
into his coalition, FDR won the presidential election in 1932 by a landslide, with 57% of the
popular vote (Clubb et al. 1987).

In his first days in office, FDR began a series of federal policies and programs that became
known as the New Deal, aimed at combatting the Depression. Early initiatives included monetary
policy and banking reform. Roosevelt also established organizations to improve public infras-
tructure and employ the unemployed, including the Public Works Administration and the Civilian
Conservation Corps. Other legislation provided relief for farmers and support for home ownership.

Programs enacted 1935 and later were dubbed the “Second New Deal,” as they were both more
liberal and met with stronger pushback. Notably, with the passage of the Social Security Act
in 1935, Roosevelt established the first widespread social safety net program for the elderly, the
unemployed, and families with single mothers. The National Labor Relations Act, also passed in
1935, gave workers the right to collective bargaining. Concurrently, FDR increased both individual
and corporate tax rates to raise revenue for these projects. These later policies attracted criticism
from both the business community and right-wing politicians, with some labeling the New Deal as
state-sponsored socialism (Shrecker 2021, Roosevelt 1992, p.51).

3.2.2 Newspapers in the early 20th century
Before both the advent of television and widespread popularity of radio, newspapers were the
most important source of information on politics and current events. By 1932, there were nearly
2,000 daily newspapers, encompassing over 1,000 US counties. Combined, these papers had a
total circulation of nearly 38 million (Gentzkow et al. 2011). Newspapers were often highly
partisan, both declaring explicit party affiliations, as well as endorsing political candidates during
elections. Moreover, newspaper distribution was highly local; news hawkers or delivery boys
distributed papers within a given city, usually either by selling individual copies on downtown
streets or delivering newspapers to subscribers’ front porches. As newspaper readership grew,
papers were increasingly acquired by large chains – the largest and most famous being the Hearst
media empire. Concurrently, newspapers faced rising competition from radio, with around 80% of
American households having a radio in their home by 1940 (Treisman 2025).

3.2.3 William Randolph Hearst
Two decades before Senator Joseph McCarthy became the face of America’s anti-communist cru-
sade, media mogul William Randolph Hearst captured readers across the US with his so-called
“yellow journalism,” characterized by sensationalized, exaggerated reporting. Hearst was born in
San Francisco in 1863 to millionaire mining engineer George Hearst, who passed down ownership
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of the San Francisco Examiner to his son in 1887. With plans to create a large newspaper chain, by
the mid-1920s, Hearst had purchased a string of 28 newspapers across the country, including Los
Angeles Examiner, theı̈¿œBoston American, theı̈¿œAtlanta Georgian, theı̈¿œChicago Examiner,
and theı̈¿œDetroit Times. At its peak, readership of the Hearst papers reached 20 million (Nasaw
2000, p. xiv, ch. 24).

Hearst began his political career as a Democrat, serving as a member of the U.S. House of Rep-
resentatives from 1903 to 1907. He was originally a champion of the working class, continuing to
support FDR through the 1932 election. However, as the Red Scare re-entered political discourse,
Hearst became increasingly conservative and turned against FDR’s later New Deal policies, split-
ting from the party in the mid-1930s (Nasaw 2000, Schrecker 2021).

Hearst exerted tight control over his papers, printing his own political opinions and dictating
the way news should be presented. As historian David Nasaw writes in his biography of Hearst,
“The Hearst newspapers had always spoken with one voice, Hearst’s” (Nasaw 2000, p.484). He
often used bombastic, alarmist rhetoric. In particular, Hearst made connections between the Soviet
Union, labor unrest in the US, and New Deal policies, accusing FDR of being a communist. Hearst
continued his anticommunist vitriol and attacks against FDR despite declining profits – with his
newspaper circulation declining by 8 to 10% in major cities between 1933 and 1937 (Nasaw 2000,
ch. 33).

Figure 3.1 displays a San Francisco Examiner headline from 1936 which directly implicates
FDR with the “Alien Reds.” Similarly, Figure C.1 displays other illustrative Hearst newspaper
clippings. In addition to calling FDR a communist, Hearst painted the New Deal as both an attack
on the American system of government and a recipe for federal waste. His newspapers reported
that the New Deal was a result of “flirtation with alien ideas” and that its supporters wanted “to
terminate the American system, and subtly put some totalitarian substitute in its place” (Pitts-
burgh Sun-Telegraph, August 23, 1939, Pittsburgh Sun-Telegraph, September 22, 1944). On an
economic front, Hearst argued that the New Deal would increase debt and taxation while exacer-
bating poverty, and that FDR’s policies had led only to “waste, extravagance, and squandering”
(Pittsburgh Sun-Telegraph, August 23, 1939, San Francisco Examiner, November 2, 1936).

In 1943, Hearst stepped down as president of the Hearst Corporation, his newspaper conglom-
erate. Nevertheless, his legacy continued to flourish. With rising Cold War tensions, Hearst’s
denunciations seemed increasingly credible. His successor as head of the Hearst Corporation,
Richard Berlin, continued unabashed Hearst’s red-baiting practices. Soon, the much younger Mc-
Carthy would enter the scene, announcing that he possessed a list of communists in the State
Department (Schrecker 2021, Tuck 1995). The Hearst papers not only championed McCarthy’s
cause, but volunteered to disclose their own files on supposed Communist sympathizers to Mc-
Carthy’s staff (Nasaw 2000).

3.3 Data

3.3.1 Newspaper data
To determine which newspapers were owned by William Randolph Hearst in the 1930s, I use the
Library of Congress US Newspaper directory. Derived via data collection during the United States
Newspaper Program (1982-2011), a national effort to catalogue historical papers, the directory
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contains detailed descriptions of historical papers, including ownership. I search the directory
with the keyword “Hearst” and date range 1900-1950. I then check all search results by hand,
confirming Hearst ownership with a secondary online source. Additionally, I note dates that a
given newspaper was bought, sold, and/or ceased publication. In total, I identify all twenty-eight
daily papers owned and operated by William Randolph Hearst in 1932. These newspapers were
located in twenty-two unique US counties.1

Broader data on daily newspapers comes from Gentzkow, Shapiro, and Sinkinson’s (2011)
American Newspaper Panel (ICPSR 30261). This dataset contains information on every daily
newspaper across US cities starting from 1869. Relevant to this study, data from 1932 and onwards
come from the Editor and Publisher Yearbook, a monthly trade magazine covering the newspaper
industry. Gentzkow and coauthors collect information on individual papers by county, including
circulation, political affiliation, and presidential candidate endorsements. I link my hand-coded
dataset on Hearst’s papers to this larger newspaper panel by matching on newspaper title and city,
with an 100% match rate.

Lastly, to explore newspaper text data directly, I locate Hearst and relevant control newspapers
available in either Newspapers.com or NewspaperArchive.com, the two sources with the largest
historical coverage (Beach and Hanlon 2022). While coverage of the Hearst papers is incomplete,
I locate six Hearst newspapers and eighteen newspapers in propensity-score matched counties (see
Section 3.4.2) available within these databases during the 1930s and 40s. To capture Hearst’s
growing focus on anti-communism directly within news coverage, I scrape the count of total men-
tions of the word “communist” for each newspaper-year using the Optical Character Recognition
(OCR) software within these databases. To approximate coverage during these years, I compare
these mentions to mentions of a neutral word, as suggested by Beach and Hanlon (2022).

3.3.2 Public opinion and county characteristics
To analyze public opinion towards redistributive policy, I use both voting data and survey data on
public opinion. My primary dependent variable for the baseline results is support for FDR. Follow-
ing Wang (2021), I use Clubb, Flanigan, and Zingale’s data on electoral elections (ICPSR 8611)
to determine vote shares for FDR by county in the 1932-1944 elections. Additionally, to assess
balance in the pre-period, I collect county-level vote shares for the Democratic party between 1912
and 1928. I match these data to the Newspaper Panel by FIPS county code. As additional control
variables, I collect 1930 county demographic information from the ICPSR 2896 dataset (Haines
and ICPSR 2010), which collapses decennial census data to the county level.

An alternative way to assess balance would be to look at public opinion surveys in treated and
control counties in the years prior to Hearst’s switch in political ideology. Unfortunately, the first
US public opinion poll, conducted by Gallup, was not administered until 1935. Thus, I rely on
both prior vote shares, as well as demographic characteristics, to construct a valid control group.

For longer run data on public opinion, I use the American National Election Studies (ANES)
Survey, a nationally representative survey on public opinion first conducted in 1948. Published
every two to four years, the survey interviews respondents about attitudes towards elected officials
as well as pressing political topics of the day. As individual surveys have only around 1,000

1Since Hearst owned multiple newspapers in New York City, I consider all five New York City buroughs to be
treated in the baseline specification.
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respondents, I focus on questions asked across a wide range of years. The survey contains county
information for each respondent, as well as respondent demographics such as race, age, education,
and economic status. Additionally, starting in 1968, the survey began asking respondents how long
they have lived in a given county, allowing me to track whether respondents were directly exposed
to Hearst.

3.4 Sample selection

3.4.1 What predicts Hearst owning a newspaper in a given county?
One relevant concern for the empirical design is why Hearst decided to purchase papers in par-
ticular counties. As noted by Gentzkow and Shapiro (2011), newspaper slant is both supply and
demand driven; slant could merely reflect what readers want to hear. The idea that slant is demand
driven is less concerning in this case study: historical accounts repeatedly emphasize that Hearst’s
papers reflected his own, often controversial political views, even resulting in a decline in circu-
lation among his working class, pro-labor readers as he became increasingly right wing (Nasaw
2000). Moreover, as Hearst’s political views sharply changed over the 1930s, some years after he
had acquired all of his papers, the location of Hearst’s papers are unlikely to be correlated with
prior attitudes towards communism or redistribution.

Nevertheless, even if slant is driven by owners, rather than readers, Hearst counties may look
fundamentally different than non-Hearst counties. Hearst purchased papers for both business and
political motives, seeking to both create a newspaper empire and increase his prominence in the
Democratic party in the early 20th century. Starting with his home city of San Francisco, this
primarily brought him to the biggest cities in the country, starting with New York (1895), Chicago
(1900), and Los Angeles (1903). In Figure C.2, I more closely examine what characteristics predict
Hearst operating in a certain county in 1932 by running the following bivariate regressions:

1[Hearst8] = _-8+n8 (3.1)

where 1[HearsC8] is an indicator for Hearst operating in county 8 in 1932 and -8 is a standardized
county characteristic. I find that Hearst counties have the largest population sizes, have the highest
land value, and are the most urban. These results are consistent with Hearst seeking out the biggest,
richest cities to increase his power and influence. Importantly, Hearst’s presence in a county is
entirely uncorrelated with FDR vote share in 1932, with a coefficient of -0.00003 (0.0003).

Although Hearst ownership is unrelated to political attitudes in the pre-period, there is still
concern that Hearst counties, which are densely populated and highly urban, are likely to be on
different time trends than smaller, rural counties. To account for this concern, I control for detailed
county characteristics interacted with year, as well as construct various versions of the control
group that become increasingly more similar to Hearst counties; see section 3.4.2 for details.
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3.4.2 Constructing a comparable control group
I start with a sample of all US counties that had at least one daily paper in 1932.2 Although
newspaper circulation during this time was locally concentrated, there is some concern that nearby
counties were partially treated. For example, those in a nearby county could have travelled to the
city center to purchase a paper from a newspaper stand. Thus, I exclude 55 contiguous border
counties from the control group.3 Table 3.1 compares baseline 1930 demographic characteristics
of Hearst vs. non-Hearst counties. Echoing results from Figure C.1, Hearst counties were highly
urban, large, and had a higher share of immigrants than other counties.

Thus, to ensure differences in county characteristics are not driving the results, I control for
a detailed array of county characteristics interacted with year, as described in Section 3.6.2. In
particular, since Hearst counties are particularly large, I flexibly control for log total population
interacted with year (using ventile indicators for county size). Additionally, I include the following
demographic characteristics: log population located in cities, percent urban, percent Black, percent
immigrant, percent farmers, percent illiterate (above the age of 10), percent unemployed, retail
sales per capita, log land value per acre, share of farmland with tenant farmers, and whether the
county is located in the South.4

Demographic × year controls may be particularly relevant given the political context. The
positions of the Democratic party underwent major changes between the late 19th to mid 20th
century, with the party initially opposing the abolition of slavery and often promoting laissez-faire
capitalism. According to historians and political scientists, the party went through a major re-
alignment in the 1928 presidential election, when Democrats nominated progressive candidate Al
Smith (Clubb and Allen 1969). Al Smith was a liberal who promoted policies such as workers’
rights and racial equality, bringing Blacks, urban blue collar workers, and immigrants into his
coalition–voting blocks that would form the basis of support for FDR and the New Deal. Thus,
county characteristic × year controls in this setting allow different demographic groups to have
election-specific effects, accounting for any demographic-based realignment in response to the
New Deal.

Moreover, radio became an increasingly popular source of political coverage in the 1930s.
Thus, to adjust for potential differences in exposure to radio, in my analyses, I add controls for the
percent of individuals who own a radio in their household, as well as exposure to Father Coughlin,
a prominent right-wing radio host in the 1930s and 40s (Wang 2021).

In addition to employing detailed county controls, I confirm that results hold using alternative
versions of the control group that more closely resemble Hearst counties. First, since Hearst’s
papers were located in large cities, in column 3 of Table 3.1, I restrict the sample to counties where
the total population is above the 75th percentile of counties. Moreover, to more closely replicate
characteristics of Hearst counties, I also show results using a propensity-score matched sample,
matching on all characteristics in Table 3.1. Because of the large number of control counties
compared to Hearst counties, I match the twenty nearest neighbors (with replacement) to a given

2For analyses at the newspaper level, I analogously use the sample of all US daily papers.
3I add these counties back to the sample in a robustness check.
4Log population located in cities captures the interaction between log population and percent urban. I include this

set of control variables as demographic characteristics, such as percent Black and immigrant, are highly predictive of
voting outcomes. Additionally, I include county characteristics and economic variables that are predictive of attitudes
towards the Depression and New Deal policies (such as the share unemployed and the share of tenant farmers). On the
whole, this set of control variables allow for pre-period balance in the event study design.
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Hearst county. In column 4 of Table 3.1, I show that the matched sample more closely resembles
the treated sample across baseline characteristics. In Figure 3.2, I show a visual map of treated and
control counties for both the sample of large counties and the propensity-score matched sample.
For newspaper text analyses, to lessen the computational intensity of the data mining procedure, I
focus on text data from newspapers in propensity-score matched counties.

Finally, in Appendix C.4, I also construct a synthetic control for Hearst counties using the
method proposed by Abadie (2003). In this approach, I select counties based on the CA4=3 in
Democratic vote share in the pre-period, with the algorithm minimizing the distance between
Democratic vote share across time in each Hearst county compared to a weighted average of con-
trol counties. In Figure C.5, I show that the synthetic control nearly exactly matches the trend in
Democratic vote share of Hearst counties prior to 1936.

3.5 Documenting the shift in Hearst newspaper reporting

3.5.1 Did Hearst’s political views affect newspaper endorsements?
To validate the historical narrative regarding Hearst’s changing political allegiances and to demon-
strate that these views were replicated in his papers, I use Gentzkow et al. (2011) data on which
candidate a given paper endorsed for all presidential years between 1932 and 1968. I define a
Hearst paper as any paper owned and operated by William Randolph Hearst in 1932. My endorse-
ment measure, �=C , takes on a value of 1 if the newspaper endorsed a Republican candidate in that
election year, 0 if they endorsed an independent, and -1 if they endorsed a Democrat.5 In the raw
data, I find that all Hearst papers that reported a party endorsement in 1932 endorsed FDR, consis-
tent with the historical record. Moreover, in every election from 1936-1956, all papers operated by
the Hearst Corporation endorsed Republican presidential candidates. Finally, historians generally
consider the death of Senator McCarthy in 1957 as marking the end of the Red Scare (Sabin 1999,
p.5). Newspapers formerly tightly controlled by Hearst became much less consistently right wing
in these later years, endorsing candidates from all parts of the political spectrum.

To formally test whether Hearst paper’s exhibited stronger political biases than other newspa-
pers at the time, I run the following specification to examine the effect of Hearst ownership on
party endorsement:

�=C =

1968∑
g=1932

XgHearst=g +UC + n=C (3.2)

where = indicates newspaper, C indicates election year, Hearst=g is an indicator for being a Hearst
paper in year g, and UC are year fixed effects. To improve power, I bin the endpoint year to include
newspaper endorsements from 1960, 1964, and 1968.6 All standard errors are clustered at the
newspaper level.

Results are shown in Figure 3.3. As demonstrated in the raw data, Hearst newspapers were
much more likely than other newspapers to endorse FDR, the Democrat, in 1932; however, in all

5Any newspaper with no endorsement reported in that election year is treated as missing.
6As many Hearst papers either ceased publication or merged with other newspapers in the mid-20th century, data

on endorsements for papers formerly owned by Hearst are more sparse for later years.
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years between 1936-1956, Hearst papers were far more likely to endorse a Republican. These
results confirm that Hearst exhibited a sharp change in political attitudes in the mid 1930s, and that
his own political views were reflected in the slant of his papers. Finally, in years 1960 and onwards,
following both Hearst’s death and the end of the Red Scare, these same papers were neither more
or less likely to endorse Republican political candidates. This null effect confirms that treatment
was confined to a historically distinct period.

3.5.2 Did Hearst’s anticommunism affect newspaper reporting?
While Section 3.5.1 demonstrates that Hearst’s papers were much less likely to endorse a Democrat
after his political views veered to the right, how much did anticommunist sentiment actually affect
reporting? To analyze the content of Hearst papers directly, I use newspaper text data and OCR
software within Newspapers.com and NewspaperArchive.com, the two sources with the largest
historical coverage (Beach and Hanlon 2022). While coverage of the Hearst papers is incom-
plete, I locate six Hearst newspapers (The San Francisco Examiner, The Oakland Post Enquirer,
Pittsburgh Sun-Telegraph, Washington Times, Washington Herald, and San Antonio Light) and
eighteen newspapers in propensity-score matched counties available within these databases during
the 1930s and 40s.7

To capture Hearst’s growing focus on anti-communism directly within news coverage, I scrape
the count of total mentions of the word “communist” for each newspaper-year.8 In all analyses, I
include newspaper fixed effects to control for the average length and content of a given newspaper.
Moreover, as some newspapers might not have full coverage within these directories for a particular
year, I compare the number of mentions of “communist” to mentions of a neutral word, either
Monday or rain, as suggested by Beach and Hanlon (2022). Let #=C = Mentions of ”communis”t

Mentions of ”Monday” for a
given newspaper-year. The mean number of communist mentions per year in a given newspaper is
493, compared to 5,424 mentions of Monday.

I run the following regression to assess newspaper content related to communism:

#=C =

1944∑
g=1929

XgHearst=g +UC + Z= + n=C (3.3)

where = indicates newspaper, C indicates election year, Hearst=g is an indicator for being a Hearst
paper in year g, UC are year fixed effects, and Z= are newspaper fixed effects. For ease of inter-
pretation, I scale #=C by the mean so that regression coefficients can be interpreted as the percent
increase in communist mentions relative to the sample average.

In Figure 3.4 Panel A, I show estimates of each X̂g, as well as a pooled estimate where I replace
yearly indicators with indicators for Hearst× pre-1934 and Hearst× post-1934.9 The reference
year is 1932. I find that Hearst ownership had no effect on mentions of “communist” prior to 1934,
with an average coefficient of -7.5% (s.e.=4.0%). In contrast, in the post-period, Hearst ownership

7I drop Washington Times and Washington Herald from the analysis between 1940-1944, as these newspapers were
sold by Hearst in 1939.

8Using word mentions as a proxy for political content is an approach commonly used in this literature. For instance,
see Ferrara et al. (2022) and Ottinger and Winkler (2020).

9In this specification, I estimate the effect in 1934 separately, as I consider this to be the transition year in which
Hearst began veering to the right.
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predicts a 36.4% (s.e.= 14.8%) increase in communist mentions. In Figure C.3, I show estimates
of X̂g when I replace the word “Monday” with another neutral word, “rain.” The results are very
similar.

Next, were Hearst newspaper even more anticommunist than other Republican newspapers of
the time? To get at this question, I divide control newspapers in propensity score matched counties
to those with a Republican political affiliation (seven papers) and those with a Democratic or Inde-
pendent political affiliation (eleven papers). I then rerun the content analysis for each group of con-
trols. Results are shown in Figure C.4. I find some evidence of effect heterogeneity: Hearst papers
were particularly more likely to contain the word “communist” after 1934 than non-Republican
papers. However, Hearst papers were also more likely to mention the word “communist” than
other Republican papers, corroborating the historical evidence that Hearst papers were particularly
anticommunist.

Lastly, did Hearst explicitly link communism with FDR? In Figure 3.1, I show anecdotal evi-
dence from an issue of The San Francisco Examiner, which declares, “Neither is the shameful act
to be denied that COMMUNISTS are supporting Franklin D. Roosevelt for re-election in 1936.” In
Figure 3.4 Panel B, I test this more systematically by exploring how often the words “Roosevelt”
and “communist” appear together on the same page.10 To adjust for both newspaper coverage
in that year as well the likeliness that two words randomly appear together on the same page, I
normalize joint mentions of “Roosevelt” and “communist” by joint mentions of “Monday” and
“rain.” Then, I rerun Eq. 3, redefining #=C = Mentions of “communist” AND ”Roosevelt”

Mentions of “Monday” AND ”rain” . I again find that
Hearst ownership had no effect in the pre-period, with a coefficient of 13.4% (s.e.=10.3%). How-
ever, as Hearst turned against FDR, he increasingly implicated him with communism: after 1935,
Hearst ownership increased the probability of “Hearst” and “Roosevelt” being mentioned together
by 53.4% (s.e.=24.7%).

Although coverage of the Hearst papers is incomplete within these archives, the above anal-
ysis provides suggestive evidence that the Hearst papers disportionately reported on communism
compared to other newspapers in the same year, as well as disportionately implicated FDR with
communism. On the whole, the prior two sections demonstrate that 1) Hearst papers were much
more likely to endorse a Republican after 1936 and 2) reporting on communism sharply increased
concurrently with this change in endorsements. This evidence provides support for the historical
narrative that Hearst turned against FDR in the mid-1930s, and that his turn to the right was driven
by anticommunist sentiment.

3.6 Empirical approach

3.6.1 Measuring Hearst penetration
My baseline analysis examines the effect of Hearst newspaper penetration on support for FDR in
the 1936, 1940, and 1944 elections. I define my primary Hearst exposure variable as circulation

population , or
Hearst circulation per capita. One concern here is that circulation is likely endogenous within a
given market, as more residents will subscribe to a newspaper when it matches their own political

10The current OCR software available within Newspapers.com and NewspaperArchive.com cannot differentiate
between a word appearing in the same article versus on the same page. Thus, this is likely a noisy proxy of Roosevelt’s
name being directly mentioned in reference to communism.
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views. Thus, I use circulation data from 1932, before Hearst became staunchly anticommunist
and anti-FDR. Therefore, Hearst penetration captures how popular his papers were before they
began printing anti-communist rhetoric, eliminating the potential of political sentiment in the mid-
1930s to influence my independent variable. Among Hearst counties, the mean value of Hearst
circulation per capita is 0.25, with a standard deviation of 0.13.

As further robustness checks, I use another measure of Hearst penetration: newspaper share,
or the count of Hearst papers over total number of daily papers within a county. Within Hearst
counties, there were an average of 10.3 daily newspapers operating in 1932 (s.e.=9.0), with a mean
of 1.59 (s.e.=0.5) Hearst papers. This alternative measure is plausibly more exogenous, as it does
not use circulation data at all. However, my primary measure, Hearst circulation per capita, best
reflects how much influence these papers had within individual counties.

3.6.2 Difference-in-difference design
To examine the effect of Hearst penetration on support for FDR, I use a difference-in-difference
design. Since Hearst’s anticommunist rhetoric began in the mid-1930s, I consider FDR vote share
in the 1932 election to be prior to treatment, allowing me to examine the change in vote share over
time.

The benefits of difference-in-difference is that it does not require control and treatment groups
to be randomly assigned; instead, it requires parallel trends in the absence of treatment. Although
the geographic location of Hearst’s papers are unrelated to counties’ support for FDR in 1932, all
of his daily papers were located in highly urban areas, which are not representative of all counties
across the US. To account for potential violations in parallel trends, I control for county fixed
effects as well as detailed county characteristics interacted with year, allowing these characteristics
to have differential effects over time.

Finally, in some specifications, I control for political persuasion of newspapers more broadly.
This includes controlling for total newspaper circulation per capita (excluding the circulation of
Hearst papers), reflecting how popular newspapers were within a given county. Additionally, I
control for the (leave-out) share of newspaper circulation where the newspaper had a Republi-
can political affiliation, as well as the share of newspaper circulation where the newspaper had a
Democratic political affiliation.

My main empirical specification is as follows:

.8C = V�8 ×PostC +X0
8CW +[C + Z8 + Y8C (3.4)

where .8C is vote share for FDR, �8 is Hearst circulation per capita in county i, PostC is an indicator
for post-1932, [C are year fixed effects, Z8 are county fixed effects, and X0

8C
are baseline county

controls interacted with year. Baseline controls include log total population (in ventiles), log pop-
ulation located in cities, percent urban, percent unemployed, percent Black, percent immigrant,
percent farmers, percent illiterate (above the age of 10), percent who own a radio in their house-
hold, retail sales per capita, log land value per acre, share of farmland with tenant farmers, and
whether the county is located in the South. V̂ is the estimated difference-in-difference coefficient,
which represents the effect of Hearst newspaper penetration on the change in vote share for FDR.
I show standard OLS standard errors clustered by county,11 as well as wild-bootstrap standard er-

11I cluster all New York City counties together, as they are essentially one treatment cluster.
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rors, which often perform better with a small number of treated clusters (Cameron, Gelbach, and
Miller 2008, Canay, Shaikh, Santos 2021).

Additionally, I use an event study approach, where I replace �8 ×PostC with interactions be-
tween Hearst circulation and year, extracting separate coefficients for all elections. I generalize .8C
to represent Democrat vote share in a given presidential year. This latter approach allows me to
both assess parallel trends, as well as determine whether Hearst’s reporting had a longer run effect
on support for the Democratic party.

3.6.3 Within-county design for long run public opinion
Finally, to assess whether anti-redistributive attitudes persisted among those exposed to Hearst,
I collect survey data from ANES. I use responses to two survey questions asked across multiple
years that are highly related to redistributive beliefs: support for public healthcare and attitudes
towards social welfare programs. First, for survey years 1970-1994, ANES asks respondents on
a seven-point scale whether the government should provide health insurance for all (1) or health
insurance should be fully private (7). I transform responses of 3 or below on the 7-point scale to
be indicators that the respondent supports public healthcare. Additionally, from 1992-1994, ANES
asked respondents whether spending on welfare programs should be reduced, stay the same, or
increase, and from 1976-1994, how negatively respondents feel about those on welfare, from 0
(very negative) to 100 (very positive). To improve power, I combine these latter two variables to
create a composite “negative towards welfare” variable, equal to 1 if respondents either feel welfare
spending should be reduced or feel negatively towards those on welfare (below the 25th percentile
of respondents).

Next, using current county of the respondent and how many years the respondent has been
in a said county, I create an indicator, ExposedA , indicating that the respondent was exposed to a
Hearst newspaper. I consider one exposed to Hearst if they resided in a Hearst county while the
papers were actively owned by Hearst and promoting anticommunist rhetoric. Based on my prior
analysis of newspaper content, I consider this exposure window to start in 1935. For newspapers
sold or closed down before 1957, I consider the end exposure year to be the year of sale or closure.
Otherwise, I consider the last year of exposure to be 1957, considered to be the end of the Red
Scare.12 I run the following regression:

.AC = U0ExposedA ×AdultA +U1ExposedA ×ChildA +XACc + Z2(A) +WC +[AC (3.5)

where .AC is the survey response of interest, AdultA is an indicator for being exposed to Hearst for
at least one year as an adult, ChildA is an indicator for being exposed to Hearst only as a child,
Z2(A) are county fixed effects, WC are survey year fixed effects, and XAC are respondent characteris-
tics, including birth cohort in ten-year bins, age in five-year bins, gender, race, income binned in
percentile buckets,13 urban, suburban, or rural residence, education buckets (less than high school,
high school, some college, or college or higher), major religious group (Protestant, Catholic, Jew-

12ANES asks respondents how long they have been in their current county but not for a list of all counties they
have lived in. Thus, due to data limitations, I cannot track individuals who were exposed to Hearst but then moved to
another county.

13As defined by ANES, these are 0-16th, 17th-33rd, 34th-67th, 68th-95th, and 96th-100th.
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ish, or other), occupation category14, and whether the respondent considers themselves to be work-
ing, middle, or upper middle class. Importantly, this specification compares respondents in the
same county who were exposed or unexposed to Hearst, absorbing any other characteristics spe-
cific to counties that affect voting outcomes. Moreover, by controlling for detailed age buckets and
survey year, I account for the fact that older respondents or respondents surveyed in earlier years
may hold generally more conservative beliefs. Again, all standard errors are clustered by county.

3.7 Results

3.7.1 Support for FDR
Table 3.2 shows estimates of V̂, the effect of Hearst circulation on vote share for FDR in elections
1936 and later. Column 1 shows results for the full sample with baseline controls, column 2
shows results with additional newspaper controls (for other newspapers operating within a given
county), column 3 shows results for the sample of large counties, and column 4 shows results for
the propensity-score matched sample. Column 2 suggests that a 10 percentage point increase in
Hearst circulation decreased FDR vote share by 2.14 percentage points (s.e.=0.77), or 3.6% of the
mean vote share for FDR. This result is robust to using more and more selective versions of the
control group, as shown in columns 3 and 4. In particular, the point estimate using the propensity-
score matched sample is highly aligned with the baseline results, but slightly noisier due to the
much smaller sample size.

3.7.2 Event study
In Figure 3.5, I show the results of the event study specification, where the outcome of interest
is Democratic vote share over time.15 I show balance in the pre-period, with coefficients prior to
1932 close to 0 and statistically insignificant across all years. In contrast, I show that coefficients on
�8 ×1936, �8 ×1940, and �8 ×1944 are consistently negative and statistically significant, showing
that Hearst influenced voting outcomes in all three FDR elections following his turn to the right.
This shift in voting outcomes exactly mirrors Hearst’s shift in both political endorsements and
reporting on communism, as shown in Figures 3 and 4.

Moreover, though the Red Scare died down at the end of the 1950s, I also show some sug-
gestive evidence of persistence: I find that point estimates remain consistently negative–though
are insignificant– through 1972. In Section 3.7.5, I directly relate this persistent effect on voting
outcomes with attitudes towards redistribution among those exposed to Hearst.

One concern with the event study design are the small number of potentially distinct treated
counties. Thus, in the Appendix, I also use a synthetic control design (Abadie and Gardeazabal
2003, Abadie et al. 2010). Rather than relying on parallel trends, this approach matches prior
trends in Democratic vote share using a weighted average of control counties, which make up the
“synthetic” control. The method relies on the assumption that each Hearst county would have

14These are defined by ANES as: 1) professional/managerial, 2) clerical/sales, 3) skilled, semi-skilled, and service
workers, 4) laborers, 5) farmers, and 6) homemakers or no occupation.

15To improve power in these specifications, I use the full sample of counties with daily papers, but include all control
variables, including newspaper controls.
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followed the same voting trajectory as its respective synthetic control under the counterfactual of
no shift in Hearst’s ideology. I find that the synthetic control closely matches the voting pattern of
Hearst counties in the pre-period, and I find similar qualitative results to that of the event study.
See Appendix C.4 for details.

However, one particular advantage of the event study and difference-in-differences approaches
is that they allow me to include detailed county characteristic × year interactions, enabling the
effect of a given demographic group to vary in each presidential election. Demographic × year
controls may be particularly revelant in this setting, as the New Deal coalition was distinct from
that of prior presidential elections, and demographic voting patterns may be correlated with Hearst
presence. Most notably, Hearst counties have a very high share of immigrants, as documented
in Table 3.1. Prior to the 1928 voter re-alignment, immigrants were far ;4BB likely to vote for a
Democrat; following 1928, they were far more likely. Thus, using the full sample as a control
group without these detailed county controls, I would have have falsely concluded that Hearst had
no effect (Table C.1 column 1). Limiting the sample to only large counties, I estimate an effect
much closer to the baseline estimate (Table C.1 column 3). Nevertheless, adding demographic
× year interactions makes the estimate slightly larger and more precise (Table C.1 column 4). I
perform additional robustness checks of interest in the following section.

3.7.3 Concerns regarding omitted variable bias
The primary concern with comparing Hearst and non-Hearst counties is that Hearst counties are
fundamentally distinct from non-Hearst counties. As shown in Table 3.1, Hearst counties are
larger and have a higher share of immigrants than non-Hearst counties. Although both the large
county sample and propensity-score matched sample have characteristics that more closely resem-
ble Hearst counties, Hearst bought newspapers in the largest US cities, making finding a compara-
ble control group difficult. In other words, despite the detailed county by year controls used in the
analysis, there is still a concern over omitted variable bias.

Although the reader should be reassured by the lack of pre-trends in the event study analysis,
I discuss any remaining concerns below. One notable point is that any remaining omitted variable
bias is likely to be reverse-signed: FDR was particularly popular among urban voters, and Hearst
counties had a much higher share of immigrants, Jews, and Catholics, all of whom were much
more likely to support FDR. This point is demonstrated clearly in Table C.1, where I show the
results with and without the county characteristic × year controls. The effect of Hearst circulation
on vote share for FDR is actually A4E4AB4 signed without these control variables (column 1), and
the effect only becomes stronger as I add additional controls (column 2). Moreover, in columns 3
and 4, I show the result with and without controls for the large county sample, which are almost
identical. These latter results provide reassurance that these alternative samples – which more
closely resemble Hearst counties – suffer from minimal omitted variable bias.

Moreover, I conduct several additional tests to mitigate concerns over omitted variable bias.
First, in Table 3.4 (see the subsequent section), I drop the largest Hearst counties from the analysis,
and results remain highly robust. Perhaps most convincingly, in Figure 6, I run a placebo test. First,
I drop true treated Hearst counties from the analysis. Instead, I consider “treated” counties to be
the largest US counties that Hearst did not operate in. I assign these counties artificial values of
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Hearst circulation per capita based on those of true treated counties16, and then I rerun the baseline
event study specification. The placebo test answers the question: does Hearst circulation actually
have no effect, but instead something about differential trends between large and non-large US
counties bias my results? I find insignificant coefficients across the board in the post-period for the
placebo sample. This test should reassure the reader that the effect is not driven by Hearst counties
being large and urban.

3.7.4 Additional robustness checks
One potential concern with analysis is that newspaper circulation is not exogenous, as it may reflect
political opinions of readers. Although readers likely played a smaller role in Hearst’s decision to
purchase a given paper, an individual chooses whether to have a particular paper delivered. To
account for this problem, in the main specification, I use circulation share data from 1932, before
Hearst became a hardline anticommunist. Moreover, I use an alternative measure of Hearst pene-
tration: newspaper share, or number of Hearst newspapers in a county over total daily papers in that
county. This measure is plausibly more exogenous, as it does not use circulation data. I display
results using this alternative definition of the treatment variable in Table 3.3. Treatment effects
using newspaper share are highly aligned with the primary results; increasing Hearst newspaper
share by 10% decreases support for FDR by 2.02 percentage points (s.e.=0.72).

Secondly, recent innovations to the literature have demonstrated that OLS estimates of difference-
in-difference coefficients may place negative weights on event time specific treatment effects, par-
ticularly in cases of staggered treatment adoption and treatmet effect heterogeneity (Borusyak et
al. 2024, Callaway and Sant’Anna 2021, Chaisemartin and D’Haultfoeuille 2020). In this analysis,
the treatment group is fixed and all treatment begins in 1936, making this issue less of a concern
here. Nethertheless, to ensure that negative weights are not affecting my results, I employ the
method proposed by Callaway and Sant’Anna (2021). I show results in Table C.2 and provide
more details in Appendix C.1. The estimates are very similar across approaches.

In Table 3.4, I perform miscellaneous relevant robustness checks. First, one potential concern
is that the largest US counties – Manhattan, Cook (Chicago), and Los Angeles county, all of which
Hearst operated in – may be fundamentally incomparable to all potential control counties. To
eliminate this concern, I drop these counties in column 2.17 Second, Wang (2021) showed that
Father Coughlin, another large media personality in the 1930s and 40s, also influenced vote shares
for FDR via his radio program, with Coughlin also turning against FDR in later elections. Thus,
to eliminate concern that Coughlin radio signal and Hearst newspaper circulation were spatially
correlated, I control for Coughlin radio signal × post-1932 in column 3.18 Finally, to account for
the fact that error terms may be geographically correlated, I cluster at both the state level (column
4) and report Conley standard errors (column 5), which adjust for spatial correlation (Conley 1999).
In Table C.3, I perform various additional robustness checks (see Appendix C.2). These include
adding back contiguous border counties to the sample, as well as including more granular control
variables, including state × year fixed effects and controls related to the strength of the Depression

16I assign the largest placebo county the value of Hearst circulation per capita corresponding to the largest Hearst
county, and then continue matching in order of county size, for a total 22 treated placebo counties.

17The results are robust if I also drop all New York City outer boroughs.
18I also confirm that my results hold using Wang’s group of control counties, which excludes regions in the geo-

graphic South.
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and New Deal spending. The results are highly aligned and statistically significant across all
specifications.

Finally, another relevant question is whether Hearst’s other media holdings had an influence on
voters. In particular, in the late 1920s, Hearst began to take an interest in radio, buying up local
stations to compliment his newspapers. I geolocate these radio stations and add radio exposure
as a treatment variable in Appendix C.3 and Table C.4. I find some weak evidence that radio, in
addition to newspaper circulation, affected voting outcomes.

3.7.5 Long run outcomes
In Figure 3.6, I plot Û0 and Û1, estimated from Equation 5. Across all survey years, 45.9% of
respondents stated that they support public healthcare, while 38.1% of survey respondents an-
swered that they feel negatively towards welfare; Hearst-exposed respondents hold even more
anti-redistributive beliefs. I find that those exposed to Hearst as adults are less likely to support
public healthcare and are more likely to feel negatively towards welfare programs or recipients.
Specifically, I find that being exposed to Hearst decreases support for public healthcare by 4.4 per-
centage points (s.e.=1.3 p.p.), or 9.6% of baseline support, and increases negative attitudes towards
welfare by 5.1 percentage points (s.e.= 1.7 p.p.), or 13.4% of baseline. I cannot reject no effects
across the board for those exposed to Hearst as children, suggesting that attitudes were not passed
from parents to children.

One concern with the prior analysis is that those exposed to Hearst tend to be older than those
not exposed to Hearst, and results could be reflecting that older respondents tend to be more conser-
vative. Additionally, those in older cohorts could hold more conservative views, even accounting
for age. In Table C.5, I show regression results from Equation 4. In Panel A, I show the base-
line results, which controls for detailed respondent characteristics, including five-year age buckets
and birth cohorts in ten-year buckets. In Panel B, I restrict the analysis to those old enough to be
potentially exposed to Hearst as adults. Finally, as the Red Scare faded out gradually rather than
ending abruptly in 1957, in Figure C.6, I conservatively redefine the last year of potential exposure
to Hearst-era propaganda as 1960. I find very similar results across all specifications.

3.7.6 Why did Hearst have such a large impact?
Compared with other studies of the media’s impact, I find that Hearst had a particularly large
effect on public opinion. For instance, Dellavigna and Kaplan (2007) find that the entry of Fox
News increased Republican vote share by only 0.4-0.7 percentage points. On the other hand, I find
that a 10% increase in Hearst circulation per capita decreased vote share for FDR by 2.1 percentage
points. With a mean Hearst circulation per capita of 25% across treated counties, this implies that
Hearst presence in a county decreased vote share by about 8 percentage points. However, my
estimates are highly aligned with that of Enikolopov et al. (2011), who find that access to the only
non-government run TV channel in 1999 Russia decreased support for the party in power by 8.9
percentage points.

What could explain the difference in magnitude between these different settings? One potential
explanation is the lack of presence of other media sources. In particular, Durante and Knight (2012)
find that highly partisan media causes readers to substitute towards more like-minded news sources,
mitigating any potential effects of a single media source. In the case of the Russian media market,
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in many regions, all other sources of media were run by the government. Similarly, perhaps more
limited competition during the FDR era, both due to media consolidation and lack of alternative
forms of news coverage, could help explain the large influence of the Hearst papers.

Following this logic, in counties with little alternative sources of news coverage, one should
expect Hearst papers to have had more influence. To test this theory directly, I examine effect
heterogeneity by the presence of other media in each county. First, during this era, radio was
gaining increasing popularity. Thus, I divide the sample into counties with above and below median
radio ownership (defining the median based on Hearst counties). Second, I test the diversification
of the newspaper market directly by dividing the sample into counties with an above and below
median number of (non-Hearst) newspapers. I show results in Table 3.5. The results are striking:
in diversified media markets, Hearst newspapers seem to have had no impact at all. Thus, this table
provides convincing evidence that the impact of the media highly depends on market concentration
and individuals’ ability to sustitute to alternative forms of coverage.

3.8 Discussion
The rise of the Soviet Union spurred a domestic Red Scare in the US in the early to mid-20th cen-
turies, with real political ramifications. From William Randolph Hearst’s “yellow journalism,” to
McCarthy’s effort to purge communists from government, to fear of the atomic bomb, anti-Soviet
and anticommunist sentiment played a prominent role in American political discourse for decades.
This paper examines how this rhetoric influenced American households, particularly in their voting
behavior and support for redistributive policy, which is frequently associated with socialism. I find
that exposure to Red Scare propaganda via the newspapers of William Randolph Hearst decreased
support for FDR in the 1936-1944 presidential elections. Moreover, I find evidence that these ef-
fects are persistent, decreasing support for public healthcare and welfare programs through the late
20th century.

In contrast with previous work which finds little effect of media ownership, this case study
offers insight on when owners may be important in shaping both partisan slant and political out-
comes. In particular, Hearst possessed extreme beliefs, controlled up to 60% of newspaper circu-
lation in the areas he purchased papers, and ruthlessly promoted his own ideology even when it
nearly led to bankruptcy. In line with my results, Larcinese et al. (2011) and Durante and Knight
(2012) also provide case studies where ideologically-motivated owners played a key role in shap-
ing news coverage. However, Durante and Knight (2012) find that highly partisan media causes
readers to substitute towards more like-minded news sources, mitigating ownership effects. My re-
sults add to the evidence that in low substitutability markets, individuals owners have more power
to influence voters.

The widespread and long-lasting influence of Hearst’s anticommunist rhetoric adds strong sup-
port to the growing evidence that both media personalities and newspaper slant can influence public
opinion, with real effects on voting behavior. Thus, this study has important implications with re-
gards to populists’ use of media in contemporary elections. In fact, Hearst is sometimes described
as the originator of fake news, publishing afactual, sensationalized stories that corroborated his
personal viewpoints. Ultimately, this paper both emphasizes the role of journalism in influencing
political outcomes, as well as demonstrates the long run legacy of anticommunist sentiment in
American politics.
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Figure 3.1: Article from the San Francisco Examiner, October 9, 1936

Source: Schrecker (2021), PBS.
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Table 3.1: Population characteristics for Hearst and non-Hearst counties

Hearst
counties

Non-Hearst counties

All
counties

with daily
papers

Large
counties

Matched
counties

Log Population 13.47 10.59 11.78 12.39
Urban 0.92 0.46 0.65 0.75
Black 0.06 0.08 0.09 0.05
Unemployed 0.06 0.04 0.05 0.06
Immigrant 0.19 0.06 0.09 0.17
Farmer 0.02 0.32 0.14 0.07
Male 0.50 0.51 0.50 0.51
Native white 0.72 0.84 0.81 0.75
Above 65 0.05 0.06 0.06 0.06
Catholic 0.22 0.10 0.15 0.27
Occupational income score 0.11 0.08 0.09 0.11
Manufacturing 0.25 0.17 0.27 0.28
Agriculture 0.02 0.30 0.13 0.06
Illiterate 0.03 0.03 0.03 0.03
Own a radio 0.55 0.33 0.41 0.48
Log farm size 0.06 0.07 0.07 0.07
Log land value per acre 0.06 0.04 0.04 0.05
Tenant farmers 0.30 0.32 0.28 0.22
South 0.09 0.26 0.22 0.15
Democratic news share 0.05 0.20 0.14 0.06
Republican news share 0.11 0.19 0.19 0.19
Newspaper circulation per capita 0.53 0.51 0.61 0.60
FDR vote share 1932 0.62 0.63 0.57 0.57
Counties 22 940 216 22
Newspapers 28 1,595 607 93

Note: This table compares sample characteristics for Hearst versus non-Hearst counties. Column
1 shows sample means for Hearst counties, column 2 shows sample means for all non-Hearst
counties with daily papers, column 3 shows sample means for non-Hearst counties with daily pa-
pers where the total population is above the 75th percentile, and column 4 shows means for the
propensity-score matched sample. In column 1, newspapers is a count of newspapers owned by
Hearst (although there are also non-Hearst papers in those counties). In column 4, I list unique
counts of newspapers and counties, but matching is done with replacement. Democratic and Re-
publican news shares do not sum to 1, as many newspapers were either politically unaffialiated or
listed their political affiliation as Independent.
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Figure 3.2: Map of Hearst and control counties

A: Large counties

Control counties
Hearst counties

B: Propensity-score matched counties

Control counties
Hearst counties

Note: This figure shows treatment and control counties used for the difference-in-difference anal-
ysis. The counties in dark blue are treated Hearst counties, while the counties in light blue are
control counties. Panel A shows control counties for the sample of large counties. Panel B shows
control counties for the propensity-score matched sample. Matching is done with replacement, so
a control county may be matched to several treated counties.
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Figure 3.3: Effect of Hearst ownership on presidential party endorsement

Pre-period FDR-era Red Scare continues Post-Hearst era
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Note: This figure shows the effect of a newspaper being owned by Hearst on the likeliness of that
paper endorsing a Republican (or Democratic) candidate for president. 1 indicates endorsing the
Republican, 0 endorsing an Independent, and -1 endorsing a Democrat. Dots show coefficients
on Hearst × year interactions, and dashed lines show 95% confidence intervals. The endpoint is
binned to include years 1960, 1964, and 1968. I control for election year, and standard errors are
clustered at the newspaper level.
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Figure 3.4: Effect of Hearst ownership on mentions of “communist”

A: Mentions of “communist”
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B: “Communist” and “Roosevelt” appearing together
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Note: Panel A shows the effect of Hearst ownership on newspaper mentions of the word “commu-
nist” each year relative to “Monday” (a neutral word). The dependent variable is the word count
ratio between communist and Monday for that year. Panel B shows the effect of Heart ownership
on joint mentions of “communist” and “Roosevelt” (relative to joint mentions of “Monday” and
“rain”). In both panels, I divide the dependent variable by the sample mean so that coefficients
represent the percent increase in mentions. Red dots show yearly point estimates, and the black
lines show the average effect between 1929 and 1933 (the pre-period) and 1935 and 1944 (the
post-period). The reference year is 1932. Dotted lines show 95% confidence intervals for the mean
pre- and post-period effects.
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Table 3.2: Effect of Hearst newspaper circulation on support for FDR

FDR vote share post-1932
(1) (2) (3) (4)

Hearst circulation per capita
× post-1932

-0.211 -0.214 -0.177 -0.209

(0.075) (0.077) (0.080) (0.098)
Wild bootstrap confidence
interval

[-0.436,
-0.079]

[-0.418,
-0.076]

[-0.373,
-0.018]

[-0.389,
-0.018]

Outcome mean 0.596 0.594 0.584 0.579
Observations 3,861 3,757 940 168
Controls

County fixed effects Yes Yes Yes Yes
County char. × year Yes Yes Yes Yes
Newspaper char × year No Yes Yes Yes

Sample Full Full
Large

counties Matched

Note: The table shows difference-in-difference regression results, where row 1 displays V̂, the effect
of Hearst circulation on vote share for FDR in elections 1936 and later. Column 1 is a regression on
the full sample using baseline controls, column 2 is a regression on the full sample using additional
newspaper controls, column 3 is a regression on the sample of large counties, and column 4 is a
regression on the propensity-score matched sample. I show standard errors clustered by county (in
parentheses), as well as wild bootstrap confidence intervals. Sample sizes slightly differ between
columns (1) and (2) due to missing newspaper circulation data in some counties.
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Figure 3.5: Effect of Hearst newspaper circulation on Democratic vote share over
time
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Note: This figure shows regression coefficients from the event study specification, where Demo-
cratic vote share is the dependent variable. Dots show point estimates, and dashed lines show 95%
confidence intervals. I use the full sample of counties with daily papers, and controls include base-
line county controls interacted with year and newspaper controls interacted with year. Standard
errors are clustered by county.
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Figure 3.6: Placebo treatment counties event study
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Note: This figure shows regression coefficients from the placebo analysis, where I consider
“treated” counties to be the largest US counties that Hearst did not operate in. I assign these
counties artificial values of Hearst circulation per capita based on those of true treated counties,
and then I rerun the baseline specification. Hearst counties are excluded from the analysis. Dots
show point estimates, and dashed lines show 95% confidence intervals.
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Table 3.3: Effect of Hearst newspaper share on support for FDR

FDR vote share post-1932
(1) (2) (3) (4)

Hearst newspaper share ×
post-1932

-0.191 -0.202 -0.186 -0.218

(0.073) (0.072) (0.068) (0.101)
Wild bootstrap confidence
interval

[-0.354,
-0.046]

[-0.346,
-0.068]

[-0.317,
-0.046]

[-0.430,
-0.032]

Outcome mean 0.596 0.594 0.584 0.579
Observations 3,861 3,757 940 168
Controls

County fixed effects Yes Yes Yes Yes
County char. × year Yes Yes Yes Yes
Newspaper char × year No Yes Yes Yes

Sample Full Full
Large

counties Matched

Note: This table shows difference-in-difference regression results using the newspaper share mea-
sure of Hearst penetration. Newspaper share is defined as the count of Hearst papers over total
number of daily papers within a county. Column 1 is a regression on the full sample using baseline
controls, column 2 is a regression on the full sample using additional newspaper controls, column
3 is a regression on the sample of large counties, and column 4 is a regression on the propensity-
score matched sample. I show standard errors clustered by county (in parentheses), as well as wild
bootstrap confidence intervals.
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Table 3.4: Robustness checks

FDR vote share post-1932

(1)
Baseline

(2)
Drop large

Hearst
counties

(3)
Control for
Coughlin

signal

(4)
Cluster by

state

(5)
Spatial

clustering

Hearst
circulation per
capita ×
post-1932

-0.214 -0.218 -0.211 -0.214 -0.214

(0.077) (0.076) (0.078) (0.070) (0.052)
Outcome mean 0.594 0.594 0.594 0.594 0.594
Observations 3,757 3,745 3,757 3,757 3,757

Note: This table shows difference-in-difference regression results under various alternative spec-
ifications. Column 1 shows the baseline estimate using the full sample and all baseline control
variables, including newspaper circulation variables. In column 2, I drop Manhattan, Cook, and
Los Angeles counties. In column 3, I control for an indicator of Coughlin’s radio signal strength ×
post-1932, from Wang (2021). In column 4, I cluster standard errors by state, and in column 5, I
report Conley (1999) spatial standard errors.
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Figure 3.7: Effect of Hearst exposure on long run attitudes
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Note: This figure shows the effect of exposure to Hearst as either a child or an adult on attitudes
towards government spending and redistribution. The blue bars plot Û0, and the lavender bars plot
Û1 (both from Equation 5). Gray lines show 95% confidence intervals. “Support public healthcare”
comes from ANES survey years 1970-1994, and “Disapprove of welfare” comes from 1976-1994
and is a combined measure of either wanting to reduce spending on welfare or feeling negatively
towards those on welfare. All standard errors are clustered by county.
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Table 3.5: Heterogeneity by presence of other media

FDR vote share post-1932

(1)
Baseline

(2)
High radio
presence

(3)
Low radio
presence

(4)
High

newspaper
presence

(5)
Low

newspaper
presence

Hearst newspaper
circulation ×
post-1932

-0.214 0.030 -0.253 -0.039 -0.459

(0.077) (0.125) (0.088) (0.110) (0.112)
Outcome mean 0.594 0.495 0.601 0.570 0.597
Observations 3,757 256 3,501 460 3,297

Note: This table shows heterogeneity in the effect of Hearst circulation on vote share for FDR
based on the presence of other media in the county. In column 1, I show the baseline estimate. In
columns 2 and 3, I divide the sample into counties with above and below median shares of radio
ownership (with the median defined based on Hearst counties). In columns 4 and 5, I divide the
sample into counties with an above and below median number of non-Hearst newspapers.
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Appendix A

Appendix to Chapter 1

A.1 Visualizing treatment shares under instrument additivity
Figure A.3 visualizes treatment shares and the additivity condition in simplex space for the case of
simple binary instruments (/E,8, /C,8) ∈ {0,1}2. Let p(IE, IC) = (?E (IE, IC), ?C (IE, IC), ?0(IE, IC))′, a
point on the simplex, represent the shares of individuals in E, C, and 0 based on the realized values
of the instruments. For instance, p(0,0) represents treatment shares when both instruments are off.
Further, let Δp(IE, IC) = p(IE, IC)−p(0,0), or the change in treatment shares from (/E,8, /C,8) = (0,0)
to (IE, IC), represented by an arrow on the simplex. Under this notation, I can rewrite Eq. 3 as
follows:

Δp(1,1) = Δp(1,0) +Δp(0,1).
Under additivity, the four points p(0,0),p(1,0),p(0,1), and p(1,1) must form a parallelogram

— that is, the change in treatment shares induced by /E,8 is the same regardless of the value of /C,8,
and vice versa. This geometric condition is equivalent to requiring that the two instruments shift
disjoint complier groups (see Proposition 1).

A.2 Understanding complier types: detail

A.2.1 Proof of Proposition 1
Proof. Let:

Pr[�:,8 = 1|/E = 1, /C = 1] −Pr[�:,8 = 1|/E = 1, /C = 0]
= Pr[�:,8 = 1|/E = 0, /C = 1] −Pr[�:,8 = 1|/E = 0, /C = 0]

∀: ∈ {0, E, C}. Adding and subtracting terms in this expression, the following equalities all must
hold (see Table A.2):

Pr[�0 = 1|/E = 1, /C = 0] −Pr[�0 = 1|/E = 0, /C = 0]︸                                                                 ︷︷                                                                 ︸
−(%(�E0 )+%(�

E+,C−
0 )+%(�E−,C+0 ))

= Pr[�0 = 1|/E = 1, /C = 1] −Pr[�0 = 1|/E = 0, /C = 1]︸                                                                 ︷︷                                                                 ︸
−%(�E0 )
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Pr[�E = 1|/E = 0, /C = 1] −%[�E |/E = 0, /C = 0]︸                                                           ︷︷                                                           ︸
−%(�CE )

= Pr[�E = 1|/E = 1, /C = 1] −Pr[�E = 1|/E = 1, /C = 0]︸                                                                 ︷︷                                                                 ︸
−(%(�E−,C+0 )+%(�CE )+%(�E−C ))

Pr[�C = 1|/E = 1, /C = 0] −Pr[�C = 1|/E = 0, /C = 0]︸                                                                ︷︷                                                                ︸
−(%(�EC )+%(�E−C ))

= Pr[�C = 1|/E = 1, /C = 1] −Pr[�C = 1|/E = 0, /C = 1]︸                                                                ︷︷                                                                ︸
−(%(�E+,C−0 )+%(�EC ))

These equations imply the following equalities hold for complier shares:

%(�E0 ) +%(�
E+,C−
0 ) +%(�E−,C+0 ) = %(�E0 )

%(�CE) = %(�E−,C+0 ) +%(�CE) +%(�E−C )

%(�EC ) +%(�E−C ) = %(�E+,C−0 ) +%(�EC )

These three equalities can only hold if %(�E+,C−0 ) = %(�E−,C+0 ) = %(�E−C ) = 0. The remaining
complier groups are then point identified from propensity scores as:

%(�E0 ) = −(Pr[�0 = 1|/E = 1, /C = 0] −Pr[�0 = 1|/E = 0, /C = 0])

%(�C0) = −(Pr[�0 = 1|/E = 0, /C = 1] −Pr[�0 = 1|/E = 0, /C = 0])

%(�EC ) = −(Pr[�C = 1|/E = 1, /C = 0] −Pr[�C = 1|/E = 0, /C = 0])

%(�CE) = −(Pr[�E = 1|/E = 0, /C = 1] −Pr[�E = 1|/E = 0, /C = 0])
�

A.2.2 Empirical complier shares
Following Proposition 1, to empirically estimate complier shares, I run the following first stage
regressions using a binary version of /E,8:

�0,8 = UE/E,8 +UC/C,8 +UEC/E,8/C,8 + Z0,ℎ(8)H(8) +q0,ℎ(8)<(8) + -8V0 + n0,8 (A.1)

�E,8 = cE/E,8 + cC/C,8 + cEC/E,8/C,8 + Z1,ℎ(8)H(8) +q1,ℎ(8)<(8) + -8V1 + n1,8 (A.2)

�C,8 = kE/E,8 +kC/C,8 +kEC/E,8/C,8 + Z2,ℎ(8)H(8) +q2,ℎ(8)<(8) + -8V2 + n2,8 (A.3)
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where �0,8, �E,8, and �C,8 are indicators for receiving no intervention, the voucher program, and
transitional housing, respectively. In practice, let discrete /E,8 = 1 if (residualized) voucher avail-
ability is above the 90th percentile. Conditional on the baseline controls, these coefficients yield
various complier share mixtures, as described in Table A.2.

In Table A.3, I show coefficient estimates. In all three regressions, the interaction term coef-
ficient is close to 0 and statistically insignificant, implying that the joint values of /E,8, /C,8 do not
affect treatment choice (see proof in Appendix A.2.1). In other words, %(�E+,C−0 ) = %(�E−,C+0 ) =
%(�E−C ) = 0. This leaves four complier groups that are actually present empirically: �E0 ,�

C
0,�

C
E,and

�EC . The shares of these groups are given by −UE,−UC ,−cC , and −kE, respectively, corresponding
to the equivalent propensity score differences in Proposition 1.

A.3 2SLS bounds with multiple instruments

A.3.1 Decomposing 2SLS
Below, I decompose the 2SLS coefficient, VE, into a well-defined LATE and selection terms. This
proof follows closely those of Heinesen et al. (2022) and Mountjoy (2022). For simplicity, I ignore
control variables -8 and consider the case of two binary instruments, /E,8 and /C,8.

First, following the notation in Appendix A2.2:

� [�E,8 |Z8] = c0 + cE/E,8 + cC/C,8 (A.4)

� [�C,8 |Z8] = k0 +kE/E,8 +kC/C,8 (A.5)

Similarly, for .8:

� [.8 |Z8] = W + VE �̂E,8 + VC �̂C,8 (A.6)

where VE is the 2SLS coefficient for the effect of housing first, and �̂E,8 and �̂C,8 are predicted from
first stage models.

Plugging in Eq. A4 and A5:

� [.8 |Z8] = W + VE (c0 + cE/E,8 + cC/C,8) + VC (k0 +kE/E,8 +kC/C,8)

= (W + c0VE +k0VC) + (VEcE + VCkE)︸           ︷︷           ︸
ZE

/E,8 + (VEcC + VCkC)︸          ︷︷          ︸
ZC

/C,8

I can then solve for VE as a function of cE, cC ,kE,kC , UE, and UC as:

VE =
kCZE −kEZC
cEkC −kEcC

(A.7)

Now, reduced form coefficients ZE and ZC can be represented as a weighted sum of LATEs and
complier shares, as follows:

ZE = � [.E,8 −.0,8 |�E0 ]%(�
E
0 ) +� [.E,8 −.C,8 |�

E
C ]%(�EC ) (A.8)
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as /E,8 induces �E0 compliers from 0 to E and �EC compliers from C to E. Similarly,

ZC = � [.C,8 −.0,8 |�C0]%(�
C
0) +� [.C,8 −.E,8 |�

C
E]%(�CE) (A.9)

Plugging these definitions into Eq. A7:

VE =
kC (� [.E,8−.0,8 |�E0 ]%(�

E
0 )+� [.E−.C |�

E
C ]%(�EC ))−kE (� [.C ,8−.0,8 |�C0]%(�

C
0)+� [.C−.E |�

C
E ]%(�CE ))

cEkC−kEcC

Based on Table A.2, we also know that cE = %(�E0 ) + %(�
E
C ), cC = −%(�CE), kE = −%(�EC ), and

kC = %(�C0) +%(�
C
E). Plugging these in:

VE =
(%(�C0)+%(�

C
E )) (� [.E,8−.0,8 |�E0 ]%(�

E
0 )+� [.E−.C |�

E
C ]%(�EC ))+%(�EC ) (� [.C ,8−.0,8 |�C0]%(�

C
0)+� [.C−.E |�

C
E ]%(�CE ))

(%(�E0 ) +%(�
E
C )) (%(�C0) +%(�

C
E)) −%(�CE)%(�EC )︸                                                           ︷︷                                                           ︸

,

We can interpret � [.E,8 −.0,8 |�E0 ] as the local average treatment effect of housing first (com-
pared to no intervention) for�E0 compliers. To isolate this term, add and subtract ,

,
� [.E,8−.0,8 |�E0 ]:

VE = � [.E,8 −.0,8 |�E0 ] +
%(�EC )%(�C0)

,︸          ︷︷          ︸
�

(� [.E,8 −.C,8 |�EC ] −� [.E,8 −.0,8 |�E0 ] +� [.C,8 −.0,8 |�C0])

+
%(�EC )%(�CE)

,︸          ︷︷          ︸
�

(� [.E,8 −.C,8 |�EC ] +� [.C,8 −.E,8 |�CE])

Re-expressing the above in terms of a LATE term and selection terms, I have:

VE = � [.E,8 −.0,8 |�E0 ]︸              ︷︷              ︸
LAT�E

+�(� [.E,8−.0,8 |�EC ]−� [.E,8−.0,8 |�E0 ])+�(� [.C,8−.0,8 |�C0]−� [.C,8−.0,8 |�EC ])

(A.10)

+�(� [.E,8 −.0,8 |�EC ] −� [.E,8 −.0,8 |�CE]) +�(� [.C,8 −.0,8 |�CE] −� [.C,8 −.0,8 |�EC ])

A.3.2 Defining worst case scenario bounds
Returning to Eq. 11 in the main text, assume |� [.:,8 −.0,8 |�8 = 2] −� [.:,8 −.0,8 |�8 = 2′] | < n for
all complier groups 2. Therefore, if all average treatment effects for complier groups differ by at
most n , the difference between the true LATE and VE can be characterized as:

|LAT�E − VE | ≤ 2�n +2�n

This equation implies I can define bounds on the true LATE as (VE −2�n −2�n, VE +2�n +2�n).
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A.4 Housing status over time: complier means
To gain a fuller picture of housing status over time across complier groups, I follow the logic of
Eq. 9 in the main text to generate complier potential outcomes. I run the following regressions:

�@,8�0,8 = f@�0,8 +U@/C,8 + Z8,B(8)H(8) +q8,ℎ(8)<(8) + -8V8 + n8,8 (A.11)

�@,8�0,8 = d@�0,8 +W@/E,8 + Z9,ℎ(8)H(8) +q9,ℎ(8)<(8) + -8V9 + n9,8 (A.12)

where I instrument for �0,8 with /E,8 in Eq. A11 and with /C,8 in Eq. A12. The coefficients
f@ and d@ give the mean housing rate in quarter q, �̄@, for �E0 and �C0 compliers who receive
no intervention, respectively. Then, to calculate mean housing rates for these compliers when
they recieve a voucher or transitional housing, I add each respective treatment effect (as shown in
Figure 1.4) to the means under no intervention.1 I repeat this analysis for unknown housing status,
replacing the outcome with*@,8�0,8. Finally, I compute the percent of compliers who are unstably
housed in a given quarter as 1− �̄@ −*̄@.

I show means over time for �E0 and �C0 complier groups in Figure A.8. Echoing results from
Figure 1.4, �C0 compliers who enroll in transitional housing have the highest rates of stable housing
in quarter 1 (days 0-90), as they can immediately enter transitional housing units. Meanwhile, �E0
compliers who receive a HUD-VASH voucher have high rates of unstable housing in quarter 1,
likely reflecting them searching for an apartment that accepts their voucher. Nevertheless, these
compliers have the highest long term rates of stable housing. Compliers who recieve no interven-
tion have very high rates of having unknown housing status, consistent with them dropping out
of the VA homelessness support system. While some of these individuals likely find their own
independent housing and thus may not need social worker services, others may be at particularly
high risk of mortality.

1It is not possible to separately identify these means using complier characteristic regressions alone, as running
regressions with �@,8�E,8 as the left hand side variable would yield a mixture between �E0 and �EC compliers, as both
of these complier groups are induced into E by /E (see Table A.2 and Mountjoy 2022). However, following the logic
of Eq. 9, Eq. A11 and A12 yield untreated potential outcome means.
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Table A.1: Unhoused Veteran characteristics compared to US unhoused popula-
tion

HUD statistics Veteran sample
Veterans 0.04 1.00
Children 0.19 0.00
Male 0.60 0.90
Black 0.32 0.36
Hispanic 0.31 0.07

Note: This table compares the characteristics of Veterans in my sample to HUD statistics for the US un-
housed population in 2024.
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Table A.2: First stage coefficients and propensity scores interpretation

Coefficient Interpretation Complier shares

UE

Pr[�0 = 1|/E = 1, /C = 0]−Pr[�0 = 1|/E =
0, /C = 0] −(%(�E0 ) +%(�

E+,C−
0 )+%(�E−,C+0 ))

UC

Pr[�0 = 1|/E = 0, /C = 1]−Pr[�0 = 1|/E =
0, /C = 0] −(%(�C0) +%(�

E+,C−
0 )+%(�E−,C+0 ))

UE +UEC
Pr[�0 = 1|/E = 1, /C = 1]−Pr[�0 = 1|/E =

0, /C = 1] −%(�E0 )

UC +UEC
Pr[�0 = 1|/E = 1, /C = 1]−Pr[�0 = 1|/E =

1, /C = 0] −%(�C0)

cE

Pr[�E = 1|/E = 1, /C = 0]−Pr[�E = 1|/E =
0, /C = 0]

%(�E0 ) +%(�
E+,C−
0 )+%(�E−,C+0 ) +

%(�EC ) +%(�E−C )

cC

Pr[�E = 1|/E = 0, /C = 1]−Pr[�E = 1|/E =
0, /C = 0] −%(�CE)

cE + cEC
Pr[�E = 1|/E = 1, /C = 1]−Pr[�E = 1|/E =

0, /C = 1] %(�E0 ) +%(�
E+,C−
0 )+%(�EC )

cC + cEC
Pr[�E = 1|/E = 1, /C = 1]−Pr[�E = 1|/E =

1, /C = 0] −(%(�E−,C+0 ) +%(�CE) +%(�E−C ))

kE

Pr[�C = 1|/E = 1, /C = 0]−Pr[�C = 1|/E =
0, /C = 0] −(%(�EC ) +%(�E−C ))

kC

Pr[�C = 1|/E = 0, /C = 1]−Pr[�C = 1|/E =
0, /C = 0]

%(�C0) +%(�
E+,C−
0 )+%(�E−,C+0 ) +
%(�CE)

kE +kEC
Pr[�C = 1|/E = 1, /C = 1]−Pr[�C = 1|/E =

0, /C = 1] −(%(�E+,C−0 ) +%(�EC ))

kC +kEC
Pr[�C = 1|/E = 1, /C = 1]−Pr[�C = 1|/E =

1, /C = 0] %(�C0) +%(�
E−,C+
0 )+%(�CE) +%(�E−C )

Note: This table interprets the coefficients from saturated first stage regressions (Eqs. A1, A2, and A3)
and maps propensity scores to complier shares. Column 2 interprets the coefficient in terms of propensity
scores, and column 3 shows what complier shares these propensity scores correspond to. Complier groups
are defined in Table 1.2.
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Table A.3: First stage coefficient estimates

Coefficient Estimate
UE -0.052 (0.005)
UC -0.075 (0.003)
UEC -0.009 (0.007)
cE 0.062 (0.005)
cC -0.014 (0.002)
cEC 0.008 (0.007)
kE -0.010 (0.003)
kC 0.089 (0.002)
kEC 0.001 (0.005)

Note: This figure shows the results of the saturated first stage regressions (Eqs. A1 - A3). Standard errors
are shown in parentheses. Given that all interaction terms are close to 0 and statistically insignificant, under
my treatment choice model, the shares of�E0 ,�

C
0,�

C
E ,and�EC compliers are given by −UE ,−UC ,−cC , and −kE ,

respectively.
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Table A.4: Robustness related to switching between treatment statuses

First stage 3-year mortality
Voucher

(Baseline)
Voucher in
12 months

Baseline Treatment:
voucher in
12 months

Drop those
dual-

enrolled
Voucher -0.046 -0.046 -0.049

(0.017) (0.018) (0.017)
Transitional
housing

-0.007 0.001 -0.014

(0.015) (0.014) (0.017)
Perc. receiving
voucher (/E,8)

0.510 0.445

(0.017) (0.019)
Tr. liaison
available (/C,8)

-0.013 -0.003

(0.002) (0.002)
0.118 0.209 0.066 0.066 0.067

Observations 289,932 289,932 289,932 289,932 263,559
Note: This table shows robustness checks related to individuals switching between treatment statuses across
time. In column 1, I show the baseline first stage results when �E,8 – or initial voucher program enrollment
– is the dependent variable. In column 2, I show the first stage when I re-define �E,8 as receiving a housing
voucher within 12 months of intake. In column 3, I show the baseline 2SLS results. In column 4, I show
2SLS results when I re-define �E,8 as receiving a housing voucher within 12 months. In column 5, I drop
those who initially enroll in 0 or CA who also receive a housing voucher within a year.
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Table A.5: Comparison of effects to other US studies

(1)
Hanson

and
Gille-
spie

(2)
Raven

(3)
Primary
Sample

(4)
Primary
Sample

(5)
Prior
Jail

Sample

(6)
Prior
Jail

Sample

ITT effect 2.0 3.9
(1.8) (3.6)

TOT effect 2.4 7.7 -0.046 -0.028 -0.043 -0.011
(2.2) (7.3) (0.017) (0.015) (0.032) (0.027)

Time horizon 2 years 2 years* 3 years 2 years 3 years 2 years
Observations 721 423 289,932 289,932 123,371 123,371
p-value (vs.
Hanson and
Gillespie)

0.051 0.31

p-value (vs.
Raven)

0.16 0.26

Note: This table compares my mortality effects with those of Hanson and Gillespie (2024) (column 1) and
Raven (2020) (column 2). Column 3 shows the results for the primary sample, and column 4 shows the
results for the primary sample at a 2 year time horizon. Column 5 shows results for an alternative sample
of individuals seeking homelessness services who had been incarcerated for more than one month in their
lifetime. Column 6 shows results for this sample at a 2-year horizon. TOT standard errors are approximated
as ˆ(� �)) /ĉ, treating the first stage as fixed. For two year mortality estimates, I show p-values of the
difference between the coefficients I estimate and those of Hanson and Gillespie (2024) and Raven (2020).
*In Raven (2020), individuals are followed anywhere from 0 to 4 years, so I consider the average time
horizon.

128



Table A.6: Heterogeneity by low demand/bridge transitional housing

(1)
Baseline

(2)
Above median

low
demand/bridge

(3)
Below median

low
demand/bridge

Trans.
housing

-0.007 -0.020 0.002

(0.015) (0.024) (0.019)
Dep. var.
mean

0.066 0.068 0.063

Observations 289,932 138,527 151,405
Note: This table shows the effect of transitional housing on mortality based on whether GPD beds are
classified as low demand and/or bridge. VISNs are classified into above and below median based on the
percent of their GPD beds that are low demand and/or bridge. Column 1 shows the baseline IV estimate,
column 2 shows the estimate for above median VISNs, and column 3 shows the estimate for below median
VISNs. Baseline controls include VA station × year, VA station × month, and indicators for having a prior
inpatient stay related to homelessness or mental health. Standard errors for all regressions are clustered by
VA station × year × month.
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Figure A.1: Sample selection

Veterans with an intake assessment 
between April 2011 – February 2017

N = 463,730

Drop those ineligible for VA healthcare
N = 451,560

Drop those without a prior mental health 
diagnosis

N = 290,298

Regressions drop singleton observations
N = 289,932

Note: This figure shows the sample selection process.

130



Figure A.2: Change in treatment status given IE, IC for 7 complier groups

A: Treatment status given IE, IC
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B: Effect of change in IE, IC from (0,0) to (1,0)
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Note: This figure duplicates information provided in Table 1.2, highlighting how treatment status changes
as values of the instrument change. Rows 1, 2, 3, and 4 show potential treatments for each complier group
when IE and IC are both 0, when IE = 1 and IC = 0, when IE = 0 and IC = 1, and when both instruments equal
1, respectively. Panel B illuminates the effect of a change in (IE , IC ) from (0,0) to (1,0). With this change,
�E0 , �E+,C−0 , and �E−,C+0 compliers are induced from 0 to E, and �EC and �E−C compliers are induced from C to
E.
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Figure A.3: Simplex visualization of instrument additivity

A: Treatment shares at (IE, IC) = (0,0) C: Treatment shares at (IE, IC) = (0,1)
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B: Treatment shares at (IE, IC) = (1,0) D: Treatment shares at (IE, IC) = (1,1) given instrument
additivity
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Note: This figure visualizes treatment shares and the additivity condition in simplex space for the case of simple binary instruments (/E,8, /C ,8) ∈
{0,1}2. Let p(IE , IC ) = (?E (IE , IC ), ?C (IE , IC ), ?0(IE , IC )) ′, a point on the simplex, represent the shares of individuals in E, C, and 0 based on the realized
values of the instruments. For instance, p(0,0) represents treatment shares when both instruments are off. Further, let Δp(IE , IC ) = p(IE , IC ) −p(0,0),
or the change in treatment shares from (/E,8, /C ,8) = (0,0). Across all panels, the x-axis of the simplex shows the share of the population in E, and the
y-axis shows the share of the population in C. Shaded in blue is the share of the population in E, shaded in green is the share of the population in C, and
in white is the share of the population in 0. Panel A visualizes hypothetical treatment shares at p(0,0). Panel B visualizes the change in shares when
/E,8 is turned on, and Panel C visualizes the change in shares when /C ,8 is turned on. Finally, Panel D shows where p(1,1) must lie under instrument
additivity (Eq. 3).
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Figure A.4: Reduced form and first stage for /E,8 and /C,8

A: /E,8
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B: /C,8

.06

.062

.064

.066

.068

.07

(P
re

di
ct

ed
) m

or
ta

lit
y 

at
 2

 y
ea

rs

-.5 0 .5 1 1.5
Transitional liasion available

Mortality
Predicted Mortality

Reduced form coeff. = 0.00021 (0.00039)
Balance coeff. = -0.00004 (0.00128)

Note: This figure plots the relationship between .̂8 (predicted mortality) and the instruments as a balance test,
as well as the relationship between .8 (actual mortality) and the instruments (the reduced form relationship).
Panel A shows the relationship for /E,8 , and Panel B shows the relationship for /C ,8 . Coefficients on the
instruments when .̂8 and .8 are the left hand side variables are shown in the upper left-hand corner.
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Figure A.5: Mortality effect over time
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Note: This figure shows 2SLS regression results for the effect of the voucher program and transitional hous-
ing on mortality over time. Results for the voucher program are shown in blue, and results for transitional
housing are shown in green. Dotted lines show upper and lower bounds.
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Figure A.6: Treatment effect heterogeneity by propensity to be treated

A: LATE vs. first stage for housing first
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B: LATE vs. first stage for transitional housing
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Note: This figure shows heterogeneity in 2SLS estimates for the effect of the voucher program on mortality
(Panel A) and the effect of transitional housing on mortality (Panel B). In Panel A, I run first stage regressions
for the voucher program separately by Veteran Integrated Service Network (VISN), collecting coefficients
for the effect of /E,8 on �E,8. Then, I estimate the LATE (for the effect of the voucher program on mortality)
for each VISN, and plot the relationship between them. Similarly, for Panel B, I run the first stage for
transitional housing separately by VISN and collect coefficients for the effect of /C ,8 on �C ,8 . Then, I
estimate the LATE (for the effect of the transitional housing on mortality) for each VISN, and plot the
relationship. Dotted lines show the overall sample first stage estimate (x-axis) and the overall sample 2SLS
estimate (y-axis). The bottom right corner of each panel shows the regression coefficient for the relationship
between IV estimates and first stages.
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Figure A.7: Natural language processing algorithm examples

A: Example note for stable housing

B: Example note for unstable housing

Note: This figure shows two example patient notes processed by the ReHouSED NLP algorithm. The
algorithm highlights words either related to housing (“was homeless”) or that provide context (such as being
hypothetical or historical). Panel A is a note categorized as stably housed, and Panel B is a note categorized
as unstably housed. Chapman et al. (2021) provides more precise rules on the logic of the NLP algorithm.
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Figure A.8: Housing status over time for compliers

A: �E0 compliers who receive a voucher C: �C0 compliers who receive transitional housing
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B: �E0 compliers who receive no intervention D: �C0 compliers who receive no intervention
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Note: This figure shows mean potential housing status over time for �E0 and �C0 compliers who do and do not receieve the intervention. Green
indicates the share of compliers who are unstably housed in the quarter, red indicates the share that are stably housed, and grey indicates unknown
housing status.
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Figure A.9: Engagement with primary care over time
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Note: This figure shows 2SLS regression results for the effect of the voucher program and transitional
housing on engagement with primary care in years 1, 2, and 3 following intake (each year corresponds to
one dot in the figure). Results for the voucher program are shown in blue, and results for transitional housing
are shown in green. Dotted lines show upper and lower bounds.
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Appendix B

Appendix to Chapter 2

B.1 Alternative Samples

B.1.1 Patients with no outside insurance
In Section 2.4.5, I discuss a potential issue with the interpretability of my results: what if patients
also receive mental health care outside of the VA? To address this issue, I create a subsample of
patients who have no outside or non-VA insurance, making it highly likely that they receive care
only at the VA. This subsample comprises 69.7% of patients in the primary sample. In Table B.1,
I show that across characteristics, the no insurance subsample is highly analagous to the main
sample, with two exceptions. First, the mean age is slightly younger compared to that of the main
sample. Second, two-year mortality in this subsample is 5.3%, as opposed to 7.5% in the main
sample. Both of these facts likely reflect the fact that most patients with outside insurance have
Medicare, which is only available for patients above 65 or for those who qualify due to disability
status.

Mortality results for this sample are presented in Table B.4.

B.1.2 Patient without scheduled follow up visits
In the sample selection described in Section 2.3.1, I exclude patients with no scheduled follow
up visit, as ,−8 depends on type of appointment scheduled. Since this group is comprised of
a substantial 314,554 patients, in Table B.1, I also compare characteristics of patients with no
scheduled follow up appointments with those of the main sample. As expected, I find that these
patients have much lower prior attachment to VA mental health services and are more likely to
have Medicare, implying that more of these patients are using care outside of the VA. Additionally,
patients with no follow up appointment are older and are much more likely to be diagnosed with
SUD, suggesting that these types of patients may be particularly unlikely to return for mental health
services.

Finally, these patients have slightly higher mean wait time than that of the main sample. This
fact implies that those who arrive during more congested times may be less likely to have a follow
up appointment scheduled at all. As this presents a potential non-random attrition problem that
could bias results, I add these patients back to the main sample in Appendix Section B.3.1.
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B.2 Additional balance checks
As the VA flags patients considered to be high risk for suicide, a natural additional balance test
is to see whether these high risk patients are just as likely to be assigned low and high values
of ,−8. I restrict to patients flagged as high risk before the ED visit, as being assigned this flag
at the ED visit itself could potentially be endogeous to my experiment. Overall, only 0.3% of
patients in my sample are assigned the high risk flag before the ED visit. In Figure B.2 Panel A, I
show a binscatter of percent of patients assigned the high risk flag versus,−8, residualizing by the
baseline controls. I find a small and statisitically insignificant coefficient, providing more evidence
that mean wait time is approximately randomly assigned.

Secondly, another key metric indicative of patient severity is whether a patient has a prior
hospitalization. Let �8 indicate that a patient was hospitalized in the year prior to the index ED
visit (for any cause). In Figure B.2 Panel B, I show a binscatter of �8 versus ,−8, residualizing
by the baseline controls. I find that the coefficient on ,−8 is both reverse-signed and insignificant,
providing further evidence that,−8 is uncorrelated with patient severity.

B.3 Additional robustness checks

B.3.1 Patients without scheduled follow up appointments
To eliminate concern that dropping these patients has implications for my findings, I add pa-
tients with no scheduled follow up appointments back to the sample, increasing the sample size to
935,843. This combined sample has a somewhat higher mean two-year mortality of 9.6%.

As the primary construction of ,−8 and controls rely on assigned appointment type, I make a
few modifications to the design in order to run regressions using this larger sample. First, since
patients with no scheduled follow up do not have an assigned appointment type, I use two alterna-
tive approaches to approximate congestion levels for these patients. I start with a simple average
approach: I group all appointment types together during two-week-hospital periods to construct
,−8 for these patients. Alternatively, I let ,−8 = ,̂−8, as described in Section 2.4.3. of the main
text.1 In this latter approach, ,̂−8 is essentially a weighted average mean wait time, weighted by
the probability of the patient being assigned a particular appointment type. As appointment type
is also a baseline control in my main analysis, in both specifications, I control for either appoint-
ment type directly (for the baseline sample) or the predicted probability of being assigned each
appointment type (for patients with no appointment type).

In Table B.3, I show regression results using both of the aforementioned methods. I show
results both with the baseline controls and all additional controls used in Table 2.1; results are both
robust and very similar to those of the baseline analysis sample.

B.3.2 Miscellaneous robustness checks
In Figure B.3, I show that the baseline results are stable when both 1) detailed patient controls
are added, and 2) sensible modifications to the sample or treatment variable are made. Under
“Additional controls,” I first show the main result with the baseline controls– two-week periods,

1,−8 for observations also in the baseline sample are held fixed in these analyses.
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year-month × hospital, appointment type, and age buckets. Then, I incrementally add groups of
additional controls (the next row adds demographics controls, the following row adds demographic
and prior utilization controls, etc.).2 Demographic controls include sex, race, and ethnicity. Prior
utilization controls includes count of inpatient and outpatient mental health visits in the previous
year, count of mental health appointment cancellations, and count of no shows. Diagnosis controls
are 3-digit ICD-9 diagnosis codes associated with the ED visit. Priority status refers to a patient’s
eligibility for VA healthcare and responsibility for paying copays, which depends on both disability
status and income. The second to last row in this section adds leave-out mean characteristics of
patients who form a given patient’s mean wait time. Leave-out characteristics include mean age,
mean prior visits, and mean predicted mortality. Finally, the last row controls for first half versus
second half of the month indicators. The motivation behind these final controls is that different
types of patients could arrive to the hospital during the beginning or end of the month, perhaps
driven by holidays, paychecks, or benefit schedules.3

Under “Sample changes”, I consider some possible reasonable modifications to the sample and
construction of,−8.4 First, the primary sample considers any appointment within a 90-day window
post ED visit to be a follow up appointment. In contrast, in the first row, I only consider follow up
appointments within a 60-day window; patients with a first appointment scheduled between days
61 and 90 are dropped. In the second row of this section, related to the concern that holidays may
create non-idiosyncratic variation in crowding, I drop all ED visits in December.

Next, I present results using a slightly modified version of ,−8. One potential concern is
that wait times of patients who arrive during the same time window as a given patient may be
influenced by the patient’s own wait time (for example, if a high risk patient is pushed to an earlier
appointment slot, this may cause more delays for other patients who arrive at a similar time). To
mitigate this concern, in this alternative version of,−8, I leave out wait times of not only the patient
themselves, but of all patients who arrive on the same day. This robustness check also accounts for
the potential of correlated same-day patient shocks, such as multiple veterans ingesting the same
contaminated drug.

In Appendix Table B.5, I perform an additional series of robustness checks. To capture potential
correlation in treatment assignment within a given hospital, in column 2, I use hospital level rather
than hospital-month level clustering. In column 3, I add day of week fixed effects. In column 4, to
capture potential seasonal variation in types of patients arriving, I interact month of the year with
ICD-9 3-digit diagnosis group.

Additionally, one potential concern is that those with prior mental health utilization are differ-
entially affected by congestion. Those with prior mental health utilization likely have an advan-
tage in obtaining timely follow up appointments, as they may have pre-existing relationships with
providers. However, ,−8 does not use a patient’s wait time directly; instead, it relies on the wait
times of patients arriving at the same time as the index patient. Consequently, ,−8 should exoge-
nously capture clinic congestion, rather than capturing anything about a patient’s prior utilization.
However, as an additional test to ensure that,−8 only captures congestion, rather than variation in
patients’ prior utilization which may affect wait times, in column 5, I perform a robustness check
where I construct,−8 only using patients with no prior mental health utilization.

2These controls overlap with the controls added in Table 2.1.
3Note that ability to pay is not a major concern here, since the vast majority of mentally ill patients receive free

mental health services at the VA.
4When the main sample selection is modified, the construction of,−8 is held constant, unless otherwise noted.
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Finally, although all patients in my sample have a mental health diagnosis code connected with
their visit, some patients who visit the ED may be experiencing both a mental and physical health
emergency. Specifically, 39.9% of the sample also has a physical health diagnosis connected to
their ED visit, the most common of which are hypertension, sleep disturbances, and respiratory
distress. Some of these may be directly connected to mental health – for instance, those with
anxiety may experience breathing issues or difficulty sleeping. In column 6, I add controls for
physical health diagnoses assigned at the ED visit, including an indicator for no physical health
diagnosis.
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Table B.1: Patient characteristics across samples

Main sample
Patients with no

other health
insurance

Patients with no
scheduled follow up

visit
Male 0.908 0.905 0.927
Black 0.232 0.254 0.205
Hispanic 0.057 0.059 0.048
Age 51.4 47.9 57.8
Prior outpatient visit 0.573 0.547 0.188
Prior inpatient visit 0.096 0.103 0.027
Substance use disorder 0.285 0.321 0.446
Mood disorders 0.299 0.300 0.142
Anxiety 0.120 0.115 0.140
Psychosis 0.092 0.083 0.070
PTSD 0.103 0.101 0.048
Medicare 0.168 0.000 0.247
Other non-VA insurance 0.135 0.000 0.131
Mean wait time 17.73 17.55 18.30
Mortality 0.075 0.053 0.137
N 621,289 432,863 314,554

Note: This table shows characteristic means for the baseline sample compared to both the subsample of
patients with no non-VA insurance and the dropped sample of those who have no scheduled follow up mental
health visit. Prior oupatient and inpatient visit are indicators for attending a mental health appointment in
the previous year. Mean wait time is equivalent to,−8 for the baseline sample. To form mean wait times for
patients without a follow up mental health visit, I group all appointment types together, as I cannot observe
which type of mental health clinic they would have been scheduled for.
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Figure B.1: Predictive power
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Note: This figure plots observed mortality, .8 , versus predicted mortality, .̂8 , in twenty equal sized bins. The
coefficient shows the regression fit of observed mortality on predicted mortality.
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Figure B.2: Alternative balance tests

A: Balance with respect to high risk for suicide flag
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B: Balance with respect to prior inpatient admission
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Note: Panel A shows a binscatter of the percent of patients assigned the high risk for suicide flag versus,−8 ,
residualized by the baseline controls. Panel B shows a binscatter of prior inpatient admission, �8 , versus,−8 ,
residualized by the baseline controls.
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Table B.2: Selection into appointment type

General Psychiatry PTSD
Substance

use
Other

Mean wait time: -0.0047 -0.0035 -0.0027 -0.0018 -0.0017
(0.0011) (0.0007) (0.0011) (0.0005) (0.0007)

Mean wait time: × .̂ -0.0043 -0.0053 -0.0013 0.0002 -0.0013
(0.0011) (0.0007) (0.0011) (0.0006) (0.0008)

Outcome mean 0.612 0.108 0.069 0.059 0.152
Observations 621,289 621,289 621,289 621,289 621,289

Note: This table shows regression results corresponding to Eq. 5 in the main text. The left hand side variable
is an indicator for the patient being assigned a given appointment type (general, psychiatry, PTSD, substance
use, or other specialty appointment). The first row shows V1, the coefficient on residualized wait time for
appointment type : , and the third row shows V3, the coefficient on the interaction between residualized wait
time and predicted mortality. Wait times are residualized by hospital × month, two week period, and age
buckets. .̂8 is standardized for ease of interpretation. General includes therapy visits with psychologists and
social workers. All standard errors are clustered by hospital-month.
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Figure B.3: Robustness to additional controls and sample changes

 W-i leaves out day of your visit

Drop December

60 day wait time cutoff
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+ Demographics
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Note: This figure shows the effect of not attending a mental health appointment on 2-year mortality when
various changes to the controls, sample, or wait time measure are made. Dots are point estimates; bars show
95% confidence intervals. Under “Additional controls,” I first show the main estimate using the baseline
controls, two-week period, year-month × hospital, appointment type, and age buckets. I then incrementally
add additional groups of controls. Demographics includes sex, ethnicity, and race. Prior utilization includes
prior mental health outpatient visits, no shows, and cancellations, as well as prior inpatient mental health
visits. Diagnosis refers to 3-digit ICD-9 diagnosis codes from the ED visit. Priority status, a designation
between 1 and 8 assigned by the VA based on income and disability status, indicates eligibility for VA
healthcare and copay responsibilities. Leave out characteristics include mean age, prior visits, and predicted
mortality among patients in one’s hospital-time-appointment group (the same group that forms a patient’s
,−8). Time of month are indicators for first or second half of the month. Under “Sample changes,” I make
various modifications to the sample selection or construction of,−8 . The first row amends the definition of
follow up appointment from 90 days to 60 days, the second drops ED visits in December, and the third row
excludes all visits on the same day as the patient themselves from the construction of,−8 .
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Table B.3: Main results, including patients with no scheduled follow up

2-year mortality
(1)

Average wait
time

(2)
Average wait

time

(3)
Predicted
wait time

(4)
Predicted
wait time

Mean wait time 0.00070 0.00095 0.00118 0.00124
(0.00034) (0.00035) (0.00035) (0.00035)

Outcome mean 0.0956 0.0956 0.0956 0.0956
Observations 935,843 935,843 935,843 935,843
Baseline controls Yes Yes Yes Yes
Additional patient controls No Yes No Yes
Leave out controls No Yes No Yes

Note: This table shows baseline mortality results, adding patients back to the sample who had no scheduled
follow up appointment. “Average wait time” refers to forming ,−8 by grouping all appointment types
together (for those without a scheduled follow up). Predicted wait time refers to setting,−8 = ,̂−8 for these
patients. All standard errors are clustered by hospital-month.
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Table B.4: Effect of mental health wait times on mortality for no insurance sub-
sample

(1)
No visit

(2)
Mortality

(3)
Mortality

(4)
Mortality

Mean wait time 0.0218 0.00075 0.00082 0.00078
(0.0010) (0.00044) (0.00043) (0.00044)

Outcome mean 0.3624 0.0528 0.0528 0.0528
Observations 432,863 432,863 432,863 432,863
Baseline controls Yes Yes Yes Yes
Additional patient controls No No Yes Yes
Leave out controls No No No Yes

Note: This figure shows the main results for the subsample who have no other non-VA insurance. Column
1 shows the effect of mean wait time on the probability of not attending a follow up mental health visit.
Column 2 shows the main mortality estimate, only using baseline controls. Columns 2 shows the estimate
when I add additional patient controls, including gender, race, diagnosis, and prior utilization. Finally,
column 4 shows the estimate when I control for characteristics of other patients who form a given patient’s
value of ,−8 , including (leave-out) mean age, mean prior visits, and mean predicted mortality. Baseline
controls include month-year × hospital, appointment type, and age buckets. Standard errors are clustered by
hospital-month.
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Table B.5: Additional robustness checks

(1)
Baseline

(2)
Hospital-level

clustering

(3)
Day of week

controls
Mean wait time 0.00113 0.00113 0.00114

(0.00041) (0.00044) (0.00041)
Outcome mean 0.0746 0.0746 0.0746
Observations 621,289 621,289 621,289

(4)
Month × disease

type controls

(5)
Mean wait time
excludes those

with prior
utilization

(6)
Physical health

diagnosis controls

Mean wait time 0.00121 0.00096 0.00098
(0.00041) (0.00040) (0.00041)

Outcome mean 0.0746 0.0751 0.0746
Observations 621,289 575,734 621,289

Note: This table shows additional robustness checks for the mortality estimate. The fourth column interacts
month of the year with ICD-9 3-digit diagnosis group. The fifth column constructs ,−8 only using patients
with no prior mental health utilization. The sixth column controls for physical health ICD-9 codes assigned
at the ED visit.
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Figure B.4: Length of follow up appointment vs. mean wait time
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Note: This figure shows a binned scatterplot of the length of one’s follow up appointment, in minutes, versus
,−8 , residualized by the baseline controls. The mean reported coefficient winsorizes observations at the 5th
and 95th percentiles, while median reported coefficient calculates the median wait time in hospital-two-
week-appointment type bins. Lee Bounds reports worst case scenario bounds using median wait times.
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Figure B.5: Effect of mean wait time on prescriptions over time

0
.0

05
.0

1
.0

15
Ef

fe
ct

 o
n 

pr
es

cr
ip

tio
ns

 o
r r

ef
ills

0 180 360 540 720
Days

Note: This figure shows the effect of mean wait time on mental health prescriptions or refills. The first dot
shows the effect of mean wait on having any drug prescribed at the ED visit. The second dot shows the effect
on having any drug prescribed between days 0 and 90 (including the day of the ED visit). Finally, the third
and fourth dots show the effect on prescriptions or refills between days 90-360 and 360-730, respectively.
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Table B.6: Cause of death

High wait time patients Full sample Risk ratio
All cause mortality 0.0756 0.0745 1.015

(0.0004)
Physical disease 0.0660 0.0648 1.018

(0.0004)
Accident, suicide, or
overdose

0.0096 0.0096 0.993

(0.0002)
Heart disease 0.0169 0.0163 1.034

(0.0002)
Cancer 0.0131 0.0130 1.006

(0.0002)
Respiratory diseases 0.0071 0.0068 1.045

(0.0001)
Liver disease 0.0049 0.0047 1.025

(0.0001)
Other cardiovascular 0.0038 0.0036 1.034

(0.0001)
Infections 0.0030 0.0029 1.039

(0.0001)
Other physical disease 0.0203 0.0203 1.001

(0.0002)

Note: This table shows the probability of dying from a particular cause for both the full sample and for those
with a mean wait time one standard deviation above the mean. The last row shows the relative risk of dying
from that cause for those with high wait times versus the full sample.
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Table B.7: Effect of mean wait time on intermediate outcomes for substance use
subsample

A: Mental health outcomes
(1)

No follow up
visit

(2)
Returned to

mental health
care

(3)
Mental health

inpatient
treatment

Mean wait time 0.0239 -0.0104 -0.0088
(0.0016) (0.0009) (0.0015)

Outcome mean 0.3385 0.9286 0.4151
Observations 175,721 175,721 175,721

B: Physical health outcomes
(4)

Primary care visit
(5)

Inpatient visit -
non-mental

health

(6)
New physical
comorbidity

Mean wait time 0.0027 0.0044 0.0032
(0.0011) (0.0013) (0.0014)

Outcome mean 0.8317 0.2323 0.6529
Observations 175,721 175,721 175,721

Note: This table shows intermediate outcomes for the SUD subsample. Panel A shows results for engage-
ment with mental health care. Returned to mental health care refers to attending any oupatient appointment.
Mental health inpatient treatment refers to any mental health inpatient visit, including residential stays (ex-
cluding admissions within one day of the initial ED visit). Panel B presents results for non-mental health
outcomes. The first column looks at whether a patient attended a primary care appointment, the second col-
umn looks at non-mental health inpatient admissions, and the third column looks at whether the patient had
any new Elixhauser comorbidity (only including physical conditions) during the two-year follow up period.
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Appendix C

Appendix to Chapter 3

C.1 Convex weighting of treatment effects
Recent innovations to the difference-in-difference literature note that standard designs that fit mod-
els using OLS can place negative weights on event time specific treatment effects. Thus, standard
approaches can yield spurious results, particularly in cases where treatment adoption is staggered
and there is treatment effect heterogeneity (Borusyak et al. 2024, Callaway and Sant’Anna 2021,
Chaisemartin and D’Haultfoeuille 2020). This issue is less of a concern in my design, as I con-
sider treatment to begin in 1936 for all Hearst counties. Nevertheless, issues with negative weights
can still arise if the model is misspecified – for example, in cases where the control variables are
insufficient (Blandhol et al. 2022).

Thus, to ensure my results are robust to any issues with negative weights, I employ the difference-
in-differrence method proposed by Callaway and Sant’Anna (2021). Their approach breaks up
the difference-in-difference coefficient into year specific treatment effects, ensuring all estimates
receive a convex weight. In Table C.2, I show difference-in-difference results using Callaway-
Sant’Anna weighting for both the full sample and the sample of large counties. As Callaway and
Sant’Anna’s approach does not allow for a continuous treatment variable, in Table C.2, I also show
equivalent results using the standard difference-in-difference approach where the treatment is just
an indicator for Hearst presence in a county interacted with post-1932. The Callaway-Sant’Anna
estimates are very similar to those of the baseline approach.

C.2 Additional robustness checks
In Table C.3, I show estimates of V̂ using various alternative specifications. Column 1 shows V̂ for
the full sample with all baseline and newspaper controls (as in Table 2, column 2). Column 2 adds
additional county controls interacted with year, including share of population in manufacturing,
share of population in agriculture, share native born white, share of population above 65, share
of population that is Catholic, mean occupationational income score, and log average farm size.
Column 3 adds state × year fixed effects. Column 4 excludes non-Manhattan New York City
counties, as these counties may have only been partially treated (since Hearst newspapers were
located in Manhattan).
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Next, in the baseline specification, I use controls from 1930, before the peak of the Great De-
pression. Thus, one potential confounder is that Hearst counties were either 1) disproportionately
hit by the Depression; 2) received a disportionate share of New Deal federal grants and loans,
affecting attitudes towards FDR. Therefore, column 5 adds controls related to the Depression and
the New Deal: growth in retail sales per capita (1929-1933), total New Deal grants, and total New
Deal loans (Fishback et al. 2003). Finally, in column 6, I add counties that are contiguous to
Hearst counties back to the sample. The point estimate is marginally smaller, reflecting the fact
that those in nearby counties may have been partially treated. Overall, the results are robust across
specifications.

C.3 Hearst’s other media holdings
In the late 1920s, Hearst began to take an interest in radio, buying up local stations to compliment
his newspapers. These stations were often directly tied to local papers, used to both advertise the
Hearst brand name to non-readers and promote Hearst’s politics (Nasaw 2013). To disentangle
the effect of Hearst radio from Hearst newspaper circulation, in Table C.4, I show difference-in-
difference results with two treatments: Hearst circulation per capita, as in the main specification,
and an indicator for radio presence in the county. I run the following specification:

.8C = V�8 ×PostC +_'8 ×PostC +X0
8CW +[C + Z8 + Y8C (C.1)

where '8 is an indicator for radio presence in a given county.1 Estimates of _ are negative but
insignificant, while estimates of V are slightly smaller in magnitude. These results provide some
evidence that Hearst radio may have also affected voting outcomes, but the effect of newspaper
circulation remains robust.

Additionally, during this time, Hearst owned various magazines, including Cosmopolitan and
Good Housekeeping. However, these magazines both had nationwide circulation and were less po-
litically focused, instead publishing primarily fiction or lifestyle pieces (Nasaw 2013). Therefore,
these magazines likely had little effect on voting outcomes. Even if these magazines did have an
influence on public opinion, since those in control counties could also buy Hearst magazines (and
thus also be potentially exposed to Hearst’s views), any effect of magazines would likely make V̂
an underestimate of the true treatment effect.

C.4 Synthetic control
As an alternative to the event study and difference-in-difference designs, due to the small number
of treated units, I instead create a counterfactual using the synthetic control method (Abadie and
Gardeazabal 2003, Abadie et al. 2010). As this approach is designed for binary treated and un-
treated units, I define treatment here as simply Hearst presence in county. Starting with the sample
of large counties and matching on pre-trends in Democratic vote share, I match each Hearst county
to a weighted average of control counties (the “synthetic controls”). In Figure C.5, I plot the mean
Democratic vote share across time for Hearst counties and synthetic Hearst counties, respectively.

1As radio listenership may spillover to nearby counties, in these specifications, I exclude contiguous border coun-
ties from the control group for both Hearst newspaper and radio counties.
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I find that Democratic vote share in the synthetic control counties visually matches that of Hearst
counties in the pre-period. After 1936, however, the lines diverge. Assuming Hearst counties
would have followed a similarly trajectory to that of the synthetic controls under the counterfac-
tual, these results suggest that Hearst presence in a county decreased Democratic vote shares by
2.1, 5.1, and 5.2 percentage points in 1936, 1940, and 1944, respectively.

To conduct inference on these results, I use the approach suggested by Abadie et al. (2010) and
expanded to multiple treated units by Cavallo et al. (2013). In this method, Cavallo et al. (2013)
compares the mean effect across treated units to a mean of placebo effects, conducting the same
analysis for each control unit as if it had been treated. Let Ū be the mean effect of Hearst presence
and Ū% be the mean effect for a sample of placebos. The p-value is then given by %A (Ū% < Ū), or
the percent of placebo averages where the effect is more extreme (in this case, negative) than the
true mean effect. The corresponding p-values across 1,000,000 placebo averages for 1936, 1940,
and 1944 are 0.064, 0.001, and 0.002, respectively, making them highly unlikely to be the result of
noise. Overall, this alternative approach, which perfectly matches pre-trends in Democratic vote
share, yields qualitatively similar results to that of the event study analysis.
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Figure C.1: Additional clippings from Hearst newspapers
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Note: This figure shows additional clippings from Hearst newspapers, courtesy of Newspapers.com. A: Pittsburgh Sun-Telegraph,
August 23, 1939. B: Washington Times, September 21, 1936. C: Pittsburgh Sun-Telegraph, September 22, 1944. D: San Francisco
Examiner, November 2, 1936.
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Figure C.2: Characteristics that predict Hearst presence in a county

                 FDR vote share, 1932
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Note: This figure shows coefficients from bivariate regressions of 1[Hearst8] , indicating that
Hearst owned a newspaper in that county, on standardized county characteristics. All characteristic
means come from the 1930 decennial census. Percent Democratic (Republican) news refers to the
share of non-Hearst circulation with a Democratic (Republican) political affiliation. Dots shows
coefficients, and lines show 95% confidence intervals.
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Figure C.3: “Communist” mentions relative to “rain”
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Note: This figure shows the effect of Hearst ownership on newspaper mentions of the word “com-
munist” relative to another neutral word, rain. I divide the dependent variable by the sample mean
so that coefficients represent the percent increase in mentions. Red dots show yearly point esti-
mates, and the black lines show the average effect between 1929 and 1933 (the pre-period) and
1935 and 1944 (the post-period). The reference year is 1932. Dotted lines show 95% confidence
intervals for the mean pre- and post-period effects.
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Figure C.4: Comparing “communist” mentions to Republican vs. non-Republican
newspapers

A: Independent or Democratic newspapers
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B: Republican newspapers
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Note: This figure shows the effect of Hearst ownership on newspaper mentions of the word “com-
munist,” relative to either Democratic or Independent newspapers (Panel A) or other Republican
newspapers (Panel B) in propensity-score matched counties. Seven of the control newspapers
in propensity-score matched counties had a Republican affiliation; eleven had an Independent or
Democratic affiliation.
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Table C.1: Difference-in-difference estimates with and without controls

FDR vote share post-1932
(1) (2) (3) (4)

Hearst circulation per
capita × post-1932

0.0176 -0.214 -0.175 -0.177

(0.066) (0.077) (0.084) (0.080)
Outcome mean 0.594 0.594 0.584 0.584
Observations 3,757 3,757 940 940
Controls

County fixed effects Yes Yes Yes Yes
County char. × year No Yes No Yes
Newspaper char ×

year
No Yes No Yes

Sample Full Full Large Large

Note: This table shows difference-in-difference results with and without demographic and newspa-
per controls interacted with election year. Columns 1 and 2 show the estimate for the full sample
with and without controls, respectively, and columns 3 and 4 show the estimate for the sample of
large counties.
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Table C.2: Convex weighted treatment effects

FDR vote share post-1932
(1) (2) (3) (4)

Difference-in-difference coefficient -0.091 -0.086 -0.072 -0.078
(0.024) (0.041) (0.024) (0.042)

Outcome mean 0.594 0.594 0.584 0.584
Observations 3,757 3,757 940 940
Controls

County fixed effects Yes Yes Yes Yes
County char. × year Yes Yes Yes Yes
Newspaper char × year Yes Yes Yes Yes

Estimation approach Baseline
Callaway-
Sant’Anna

(2021)
Baseline

Callaway-
Sant’Anna

(2021)
Sample Full Full Large Large

Note: This table shows difference-in-difference estimates using Callaway-Sant’Anna’s proposed
weighting, which corrects for any potential issues with negative weights on year-specific treatment
effects. In columns 2 and 4, I show results using the Callaway-Sant’Anna estimation procedure (for
the full sample and the sample of large counties, respectively). As Callaway-Sant’Anna does not
allow for a continuous treatment variable, in columns 1 and 3, I show equivalent results using the
baseline difference-in-difference approach where the treatment is an indicator for Hearst presence
in the county interacted with post-1932.
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Table C.3: Additional robustness checks

FDR vote share post-1932
(1)

Baseline
(2)

Additional
controls

(3)
State time trends

Hearst circulation per
capita × post-1932

-0.214 -0.176 -0.143

(0.077) (0.074) (0.052)
Outcome mean 0.594 0.594 0.594
Observations 3,757 3,753 3,753

(4)
Drop NYC outer

counties

(5)
Depression and

New Deal
controls

(6)
Add contiguous
border counties

Hearst circulation per
capita × post-1932

-0.216 -0.243 -0.186

(0.065) (0.072) (0.072)
Outcome mean 0.594 0.594 0.588

Note: This table shows difference-in-difference results when modifications are made to the sample
or controls. Column 1 shows the baseline coefficient for the full sample with all baseline and
newspaper controls. Column 2 adds additional county controls (interacted with year), including
share of population in manufacturing, share of population in agriculture, share native born white,
share of population above 65, share of population that is Catholic, mean occupationational income
score, and log average farm size. Column 3 adds state × year fixed effects. Column 4 excludes
non-Manhattan New York City counties, as these counties may have only been partially treated.
Column 5 adds controls related to the Depression and the New Deal: growth in retail sales per
capita (1929-1933), total New Deal grants, and total New Deal loans. Column 6 adds back counties
that are contiguous to Hearst counties to the sample.
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Table C.4: Effect of Hearst newspaper and radio presence on support for FDR

FDR vote share post-1932
(1) (2) (3) (4)

Hearst circulation per capita
× post-1932

-0.155 -0.160 -0.157 -0.166

(0.076) (0.075) (0.076) (0.083)
Hearst radio × post-1932 -0.071 -0.068 -0.035 -0.091

(0.036) (0.035) (0.027) (0.053)
Outcome mean 0.594 0.592 0.584 0.577
Observations 3,826 3,722 936 168
Controls

County fixed effects Yes Yes Yes Yes
County char. × year Yes Yes Yes Yes
Newspaper char. × year No Yes Yes Yes

Sample Full Full Large Matched

Note: This table shows difference-in-difference regression results with Hearst radio presence as an
additional treatment variable. Hearst radio is an indicator for Hearst having a local radio station
in that county. Column 1 is a regression on the full sample using baseline controls, column 2 is
a regression on the full sample using additional newspaper controls, column 3 is a regression on
the sample of large counties, and column 4 is a regression on the propensity-score matched sam-
ple. Standard errors, clustered by county, are shown in parentheses. I exclude contiguous border
counties from the control group for both newspaper and radio counties in these specifications.
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Figure C.5: Synthetic control
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Note: This figure shows the results of the synthetic control analysis. In blue, I plot Democratic vote
share over time for counties with at least one Hearst newspaper. In green (dotted line), I plot the
Democratic vote share over time for “synthetic” counties, which are a weighted average of control
counties. The algorithm matches controls to Hearst counties based on the trend in Democratic vote
share prior to 1936.
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Table C.5: Effect of Hearst exposure on long run attitudes

(1)
Support public

healthcare

(2)
Disapprove of welfare

A: Full Sample
Exposed -0.044 0.051

(0.013) (0.017)
Outcome mean 0.459 0.381
Number exposed 604 451
Observations 17,563 16,877

B: Respondents above 30
Exposed -0.042 0.041

(0.021) (0.017)
Outcome mean 0.451 0.378
Number exposed 604 451
Observations 13,103 12,665
Survey years 1970-1994 1976-1994
County fixed
effects

Yes Yes

Respondent
characteristics

Yes Yes

Survey year Yes Yes

Note: This table shows the effect of exposure to Hearst as an adult on attitudes towards government
spending and redistribution. “Disapprove of welfare” is a combined measure of either wanting to
reduce spending on welfare or feeling negatively towards those on welfare. Panel A shows results
for the full sample, and Panel B shows results when restricting the sample to those above 30.
Standard errors, clustered by county, are shown in parentheses.
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Table C.6: Long run robustness: Red Scare ends in 1960

(1)
Support public

healthcare

(2)
Disapprove of welfare

Exposed -0.047 0.049
(0.018) (0.015)

Outcome mean 0.459 0.381
Number exposed 688 514
Observations 17,563 16,877

Survey years 1970-1996 1978-1996
County fixed
effects

Yes Yes

Respondent
characteristics

Yes Yes

Survey year Yes Yes

Note: This table shows the effects of Hearst exposure on long run public opinion using a modified
definition of exposure. In the baseline specification, I consider the last year of potential exposure
to Hearst as the minimum between the year the newspaper was sold and 1957 (often considered
the end of the Red Scare). In this specification, I more conservatively date the end of the Red Scare
to 1960. Standard errors, clustered by county, are shown in parentheses.
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