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Abstract
We provide new insights regarding the headline result that Medicaid increased emergency department (ED) use 
from the Oregon experiment. Using causal machine learning methods, we find meaningful heterogeneous 
impacts of Medicaid on ED use. The distribution of conditional treatment effects includes a wide range of 
negative and positive values, suggesting that the average effect masks substantial heterogeneity. A small 
group—about 14% of participants—in the right tail of the distribution drives the overall effect. We identify 
priority groups with economically significant increases in ED use based on demographics and previous 
utilization. Intensive margin effects are an important driver of increases in ED utilization.
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1 Introduction
The finding that Medicaid increased emergency department (ED) utilization in the 2008 Oregon 
Health Insurance Experiment drew widespread national attention (Taubman et al., 2014). 
Economic theory predicts that health insurance coverage reduces the out-of-pocket cost of care, 
leading to increased ED use. However, Medicaid may reduce ED use if people substitute primary 
care services for ED visits (Sommers & Simon, 2017 ). Empirically, the positive effect of Medicaid 
on ED use in Oregon contradicts most quasi-experimental studies that find a reduction in ED util
ization following health insurance expansions (Chen et al., 2011; Chou et al., 2020; Giannouchos 
et al., 2022; Miller, 2012; Sommers et al., 2016). Recently, Kowalski (2023) attempts to reconcile 
the contradictory findings in the Oregon experiment and the Massachusetts reform. Nonetheless, 
the effect of Medicaid on ED use, especially for nonurgent conditions, remains a crucial consider
ation in health insurance expansions because of the continued rise in ED visits, the declining num
ber of EDs, and the effects of ED crowding on health (Moore & Liang, 2020; Sabbatini & Dugan, 
2022; Tang et al., 2010; Woodworth, 2020).

This paper provides new insights into how Medicaid affects ED utilization when we go beyond 
the average effect. Using the Oregon experiment, we estimate the heterogeneous impacts of 
Medicaid on ED use and characterize those driving the positive average effects. In 2008, 
Oregon randomly assigned the opportunity to apply for spots in its Oregon Health Plan 
Standard (OHP Standard). Unlike OHP Plus, which serves Oregon’s typical Medicaid population, 
OHP Standard was newly offered to a group of uninsured adults who were categorically ineligible 
for Medicaid under federal guidelines (Allen et al., 2013 ). On average, the Medicaid expansion 
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increased utilization for most types of ED visits, including those not requiring immediate care, for 
up to 2 years (Finkelstein et al., 2016; Taubman et al., 2014). We do not revisit the average impacts 
of Medicaid, which are well-documented in this literature. Instead, we extend the literature by in
vestigating how Medicaid’s impact on ED use varies by covariates, which helps to isolate the risk 
factors that matter for increased utilization.

This paper makes three salient contributions. First, using causal machine learning methods, we 
nonparametrically estimate the heterogeneous treatment effects of Medicaid on ED utilization. 
Using generalized random forests (GRF), we estimate various types of heterogeneous effects, in
cluding conditional treatment effects predicted using each individual’s covariate values and 
higher-level group average treatment effects (ATEs; Athey et al., 2019). Previous studies report 
a small number of subgroup effects for a subset of the Oregon experiment who completed a 
follow-up survey (Taubman et al., 2014). Subgroup analysis can miss interesting patterns of het
erogeneity due to nonlinear interactions between multiple covariates (Angrist, 2004; Deaton, 
2010 ; Heckman et al., 1997). In addition to the need to prespecify the covariates, subsample het
erogeneity analysis is prone to multiple hypothesis testing problems (e.g. List et al., 2019; Young, 
2019). Considering that Oregon expanded Medicaid to a previously uninsured population not 
typically covered by it, insights from examining its heterogeneous effects can help interpret its find
ings and inform policy-making.

Second, we document the risk factors for increasing ED use upon Medicaid coverage, opening 
the doorway for identifying priority groups for targeted policy interventions. Unlike Kowalski 
(2023), we do not attempt to reconcile Oregon’s ED finding with the Massachusetts health insur
ance reform results. In particular, Kowalski attributes the discrepancy to different local ATEs 
(LATEs) arising from the same marginal treatment effect (MTE) function. In doing so, 
Kowalski estimates an MTE function for Oregon, assuming that treatment effects vary linearly 
with the fraction treated. The MTE function shows that treatment effects are positive for com
pliers but negative for never-takers. Kowalski (2023) then extrapolates the estimated MTE func
tion to Massachusetts, finding that ED utilization is predicted to decrease for Massachusetts 
compliers comparable to a subset of Oregon never-takers. Relatedly, Marx (2024) shows that a 
different set of distribution assumptions within the MTE framework predicts a positive treatment 
effect for Oregon’s never-takers. Nonetheless, a key contribution of Kowalski (2023) is showing 
that treatment effect heterogeneity is crucial for understanding Medicaid’s impacts and transport
ing those results to new environments. Without making additional assumptions beyond those 
needed to recover the LATE, our paper complements the above studies by directly linking effect 
heterogeneity in Oregon to several observed characteristics in a data-driven manner. Doing so 
sheds light on the drivers of Medicaid’s average impact on ED use, providing new insights into 
the complex relationship between insurance coverage and ED use in low-income populations.

Third, we discuss the potential to leverage the heterogeneous effects of Medicaid to propose de
cision rules to identify enrollees for targeted educational/outreach interventions. Reducing ‘un
necessary’ ED use (i.e. ED use for nonemergent conditions) is a high policy-making priority in 
Medicaid. This is partly because one-third of ED visits are preventable and it costs up to five times 
less to treat the same health problems in a doctor’s office (Adams, 2013; Giannouchos et al., 
2022). As such, policymakers are experimenting with various policies to curb unnecessary ED 
use among Medicaid recipients. For instance, as of 2020, about 14 states use blunt tools such 
as higher copayments to dissuade nonemergency ED use. Medicaid’s heterogeneous effects may 
be essential for exploring targeted policies (e.g. outreach programmes) for reducing nonemergency 
ED use, but policymakers might need guidance on how to use such evidence. Therefore, we illus
trate one way of using heterogeneous treatment effects to estimate decision rules based on policy 
learning algorithms (Athey & Wager, 2021; Kitagawa & Tetenov, 2018).

Several broad findings emerge from our study. First, we find substantial heterogeneity in the impact 
of Medicaid coverage on ED visits. The conditional treatment effects predicted for each individual 
span a wide range of negative and positive changes in ED utilization. In addition, the significant in
creases in overall ED use are concentrated in the right tail of the distribution. Specifically, for ED use 
on the extensive margin, a small group of people—about 14% of recipients—with significant increases 
in ED visits appear to drive the positive average impact of Medicaid. We find similar patterns of het
erogeneity for ED use on the intensive margin. These findings persist for various types of ED visits. In 
some cases, we find that average null effects hide important countervailing forces—reductions in ED 
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use by some people offset increases in utilization by others. For instance, Taubman et al. (2014) find no 
average Medicaid coverage effects for conditions classified as ‘emergent, not preventable’ (i.e. illnesses 
that require immediate medical care and could not have been prevented). In this case, the conditional 
treatment effects show a large share of both significant increases and decreases in ED use, culminating 
in the average null effect.

Second, when we aggregate the individual-level conditional effects to higher levels, the hetero
geneous effects of Medicaid yield insights into who drives the average impact. The main risk fac
tors for increased ED use are gender, age, participation in other safety net programmes, and past 
ED use for conditions not requiring emergency care. We identify four subgroups estimated with 
statistically significant increases in ED use of at least twice the magnitude of the average effect. 
These groups are men, prior SNAP participants, younger adults under 50 years, and those with 
prelottery ED use classified as primary care treatable. We do not find significant group-level effects 
defined by other prelottery ED use variables or information collected during the lottery sign-up. 
Overall, the results suggest that the increases in ED use occur primarily for newly insured people 
with a history of using the ED for conditions that do not require it.

Finally, we illustrate one way to use the heterogeneous effects to estimate decision rules predict
ing those likely to increase nonemergent ED use. Based on a small set of covariates, the policy 
learning algorithm identifies two groups of people at risk of increased ED use. The first group con
sists of people with minimal prior outpatient ED use but who did so for nonemergent conditions. 
The second group is those with higher previous outpatient ED visits who rarely use the ED for con
ditions requiring inpatient care. Policymakers can use those assignment rules to prioritize outreach 
to new recipients at risk of unnecessary ED use. We caution that our policy learning exercise is 
illustrative, and policymakers should tailor policy-relevant decision rules to meet their objectives 
subject to legal and other practical constraints.

The rest of the paper is organized as follows. Section 2 describes the context of Oregon’s health 
insurance experiment and the data. Section 3 presents the causal machine learning framework. 
Section 4 presents and discusses the results. Section 5 concludes. Additional results are collected 
in the attached appendices.

2 The Oregon health insurance experiment
2.1 Background
We provide a brief overview of the essential features of the Oregon Health Insurance Experiment. 
Previous studies contain detailed institutional information (Allen et al., 2013; Baicker et al., 2013; 
Finkelstein et al., 2012, 2016; Taubman et al., 2014). Oregon split its Medicaid programme into 
two due to a budget shortfall in 2003. The first programme (OHP Plus) served categorically eli
gible people under federal rules—low-income income children, pregnant women, blind or disabled 
people, and Temporary Assistance to Needy Families (TANF) recipients. The second programme 
(OHP Standard) served low-income and nondisabled adults not categorically eligible for the OHP 
Plus programme. Oregon’s philosophy was to provide more people with coverage for fewer serv
ices rather than limiting participation. Thus, OHP Standard covered fewer services and came with 
higher premium and cost-sharing requirements, resulting in a decline in enrolment (Allen et al., 
2013). By 2007, the resulting attrition in OHP Standard participation led to an accumulated 
budgetary surplus. Then, Oregon decided to expand its OHP Standard programme by offering 
about 10,000 spots using a lottery to solicit or invite applications.

Only the lottery winners could apply for Medicaid and the eligible applicants received coverage. 
The main eligibility criteria were as follows—being 19–64 years of age; being an Oregon resident 
who is not otherwise eligible for public insurance; being a US citizen or legal immigrant; being un
insured for the previous six months, and having income below the federal poverty level with assets 
not exceeding $2,000. Of the 89,824 individuals who signed up for the lottery, 35,169 won, and 
about 30% of the winners eventually enrolled in Medicaid.

When interpreting the Oregon experiment results, the low-income, uninsured population served 
by OHP Standard should be considered. Finkelstein et al. (2012) elaborates the difficulties with 
extrapolating Oregon’s finding to other Medicaid expansions. The population served by OHP 
Standard is neither representative of the typical Medicaid population served by OHP Plus nor 
the low-income uninsured population in the United States. For example, compared to the low- 
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income US population, OHP Standard’s target population has more whites (84%), fewer Blacks 
(2%), is older, and reports being in worse health (Allen et al., 2010). Also, people voluntarily 
signed up for the lottery. These issues do not threaten the internal validity of the Oregon experi
ment. However, the inherent sample selection on observed (and unobserved dimensions) suggests 
a crucial role for effect heterogeneity in understanding its findings.

2.2 Data
We use the publicly available data files from Taubman et al. (2014). The sample contains ED visit 
information for 24,646 individuals from 2007 to 2009. The prelottery period spans 1 January 
2007 through 9 March 2008. The study period is 18 months from the earliest notification date 
on 10 March 2008 through 30 September 2009. Medicaid coverage is constructed from state ad
ministrative records and defined as any receipt during the study period.

We analyse fourteen ED visit measures. These variables measure overall ED use and three cat
egories of ED visits. The first category groups ED use by hospital admission, including outpatient 
and inpatient ED visits. The second category groups ED visits by the time of occurrence and con
sists of those occurring during on-time (7 a.m. to 8 p.m. on Monday to Friday) and off-time hours 
(nights and weekends).

The final category groups ED visits by whether they required immediate care or not. We adopt the 
classification of ED visits based on the primary ICD-9 diagnosis code (Billings et al., 2000; 
Taubman et al., 2014). While we refer the reader to Taubman et al. (2014) for a detailed descrip
tion, the algorithm assigns to each ED visit a probability that it is one of four types. The first type— 
emergent, nonpreventable—includes unpreventable illnesses requiring immediate ED care (e.g. 
heart attacks and nonspecific chest pain). The second type—emergent, preventable—includes ED 
visits that require immediate ED care but are avoidable (e.g. asthma attacks and urinary tract infec
tions). The third type—primary care treatable—includes ED visits requiring immediate care but not 
through the ED (e.g. sprains, strains, and abdominal pain). The final type—nonemergent—contains 
ED visits that do not require immediate care (e.g. headaches and back problems). Each visit is as
signed a probability of being in all four categories. The number of visits for each type is then ob
tained by summing the assigned probabilities across all visits (Taubman et al., 2014). We do not 
analyse unclassified visits that are not assigned to any of the above four categories.

We analyse both the binary and continuous versions of these types of ED visits. While Taubman 
et al. (2014) only analyses the continuous versions, we create their binary counterparts as follows. 
Since the number of ED visits for each type is computed as a sum of probabilities, we conservative
ly classify the individual as having only one type of visit for people with one ED visit, which is set 
equal to the visit type with the highest probability. For those with two ED visits, we classify the 
individual as having at most two types of visits, that is, visit types with the top two highest prob
abilities. We classify the individual as having at most three visit types for those with three ED visits, 
with the types being those with the top three highest probabilities. Finally, we classify individuals 
with four or more ED visits as having all visit types with nonzero assigned probabilities.

All of our analyses include the size of the individual’s household to ensure unbiased estimation 
of treatment effects. Given our central focus on heterogeneous effects along observed dimensions, 
we include two additional groups of baseline variables which have not previously being used to 
study effect heterogeneity in the Oregon experiment studies—lottery list variables and household 
characteristics measured before the lottery. Henceforth, we refer to these additional variables as 
heterogeneity variables. We focus on these predetermined variables in exploring heterogeneity 
to ensure that they are not endogenous to Medicaid receipt.

The first group of heterogeneity variables comprises of eight lottery list variables constructed 
from the lottery sign-up sheet—age; sex; indicators for whether English is the preferred language 
for receiving materials; whether the individuals signed themselves up for the lottery; whether an 
individual provided a phone number on the sign-up form; whether the individuals listed their ad
dress as a P.O. Box; whether the individual signed up on the first day of the lottery, and the median 
household income in the applicant’s zip code from the 2,000 decennial census. Compared with 
Taubman et al. (2014), we are only missing the last variable (the median household income in 
the applicant’s zip code from the 2,000 decennial census) because it is not publicly available, 
but this does not affect the internal validity of the estimated treatment effects.
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The second group of heterogeneity variables includes prelottery ED use measures, participation 
in the Supplemental Nutrition and Assistance Program (SNAP), and receiving TANF in the prelot
tery period. We include twenty prelottery ED measures covering overall ED use, on-/off-time use, 
ED visits resulting in hospital admission, visits for each type described above, and visits for specific 
types of injuries and health conditions. We include this expanded list of prelottery ED visit infor
mation to capture historical emergency care demand. The prelottery SNAP/TANF participation 
variables, which proxy for experience with the social safety net system, come from state adminis
trative data. Those variables include indicators of programme receipt and the total household 
benefit amounts received between 1 January 2007 and the individual’s notification date.

In using the heterogeneity variables to explore variation in treatment effects, we would like to 
minimize differences between our analytic sample and Taubman et al.’s (2014) sample 
(N = 24,646). Across all our ED use outcomes and the heterogeneity variables, only 58 observa
tions have nonmissing information. If we were to impose this restriction across all outcomes, we 
would have a sample of 24,588 observations, which is practically the same as Taubman et al.’s 
(2014) sample. To be more conservative and retain most of those 58 observations, we create ana
lytic samples for each ED use outcome reported in Table 1. For each ED use outcome, we create a 
sample of individuals with nonmissing information on the outcome in question and all the hetero
geneity variables. For instance, doing so for the ‘any overall visit’ outcome leads to a sample of 
24,613 individuals (hereinafter the baseline sample), where we only lose 33 observations relative 
to Taubman et al.’s (2014) sample. We then repeat this exercise separately for all the remaining ED 
use outcomes. The analytic samples for other outcomes are slightly smaller, but the differences are 
negligible. Table C.4 reports the analytic sample sizes for all ED use outcomes, with the smallest 
sample being 24,588 individuals. Our results are unaffected by conditioning on a uniform sample 
of nonmissing observations across all outcomes (i.e. using the smallest sample of 24,588 
individuals).

Table 1 presents the summary statistics for our baseline sample. The sample is 55% female with 
an average age of 40 years. About 54% of the sample received SNAP with an average SNAP benefit 
amount of 1,332 in the prelottery period. TANF receipt is much lower at 2% of the sample with an 
average benefit of 96. The sample averaged 0.77 ED visits in the prelottery period, with the total 
ED facility charges being 895 on average.

3 Methods
Our analysis of the impacts of Medicaid on ED use is twofold. First, we use GRF to estimate the 
heterogeneous effects of Medicaid on ED utilization (Athey et al., 2019). In the second part of our 
analysis, we combine the estimated heterogeneous effects with policy learning algorithms to esti
mate decision rules to achieve well-defined objectives (Athey & Wager, 2021; Kitagawa & 
Tetenov, 2018).

3.1 Notation, definition, and identification
In this section, we define our main treatment effect parameters in the potential outcomes frame
work, state assumptions, and discuss the identification of these parameters. Suppose our sample 
consists of the following measurements on each individual, (X, D, Y, Z), where X ∈ X is a set 
of observed (predetermined) characteristics, D ∈ {0, 1} is a binary treatment variable, Y ∈ R is 
the outcome, and Z ∈ {0, 1} is a binary instrumental variable (IV).

Let Y(1) and Y(0) denote the potential outcomes that would have been observed if treatment 
was externally set to D = 1 and D = 0, respectively. Further, let D(1) and D(0) be the potential 
treatment that would have been observed if the instrument takes on Z = 1 and Z = 0, respectively. 
Generally, we let Y(Z, D) be the counterfactual outcome given the treatment D and the instrument 
Z, although the IV assumptions will rule out direct effects of Z on Y below. In this paper, Y rep
resents various ED visit measures described in Section 2.2. D denotes Medicaid receipt, which is 
endogenous because the decision to receive Medicaid may be correlated with unobserved charac
teristics affecting insurance choice and health care utilization. The instrument, Z, indicates win
ning the randomized lottery, which gave the household the opportunity to apply for Medicaid.

We distinguish between two types of covariates, X = (X1, X2), where X1 refers to measured con
founders between D and Y, and X2 refers to all the heterogeneity variables that do not confound 
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Table 1. Descriptive statistics

Variable Mean Min p25 p50 p75 Max

Lottery list and baseline characteristics

Gave phone number 87%

English as preferred language 86%

Female 55%

Provided P.O. box address 3%

Signed up self for lottery 90%

Prelottery SNAP recipient 54%

Prelottery TANF recipient 2%

Week of lottery sign-up 58% 0 0 1.0 3.00 5

Age (years) 39.60 20 29 39.0 50.00 63

Prelottery SNAP benefit amount ($) 1331.94 0 0 522.5 2205.00 20745

Prelottery TANF benefit amount ($) 96.16 0 0 0.0 0.00 16031

Baseline prerandomization ED use

Number of overall visits 0.77 0 0 0.0 1.00 17

Number of inpatient visits 0.09 0 0 0.0 0.00 6

Number of outpatient visits 0.69 0 0 0.0 1.00 16

Number of on-hours visits 0.45 0 0 0.0 0.00 13

Number of off-hours visits 0.33 0 0 0.0 0.00 10

Number of emergent, nonpreventable visits 0.16 0 0 0.0 0.00 9

Number of emergent, preventable visits 0.06 0 0 0.0 0.00 6

Number of primary care treatable visits 0.27 0 0 0.0 0.10 12

Number of nonemergent visits 0.16 0 0 0.0 0.00 12

Number ambulatory-care-sensitive visits 0.05 0 0 0.0 0.00 5

Number of visits (chronic conditions) 0.14 0 0 0.0 0.00 9

Number of visits (injury) 0.17 0 0 0.0 0.00 6

Number of visits (skin conditions) 0.05 0 0 0.0 0.00 5

Number of visits (abdominal pain) 0.04 0 0 0.0 0.00 5

Number of visits (back pain) 0.03 0 0 0.0 0.00 5

Number of visits (chest pain) 0.02 0 0 0.0 0.00 3

Number of visits (headache) 0.02 0 0 0.0 0.00 4

Number of visits (mood disorders) 0.02 0 0 0.0 0.00 5

Number of visits (psychiatric conditions) 0.06 0 0 0.0 0.00 6

Sum of total ED charges 894.85 0 0 0.0 542.47 42315

ED use outcomes

Any overall visit 34%

Any inpatient visit 7%

Any outpatient visit 32%

Any emergent, nonpreventable visit 16%

Any emergent, preventable visit 10%

Any primary care treatable visit 22%

Any nonemergent visit 16%

Number of overall visits 1.00 0 0 0.0 1.00 22

Number of inpatient visits 0.11 0 0 0.0 0.00 7

(continued)
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the relationship between D and Y. Although Oregon randomly selected people from a lottery list, 
everyone in the lottery winner’s household is eligible to apply, making Medicaid receipt correlated 
with household size (Finkelstein et al., 2012; Taubman et al., 2014). As such, conditioning on 
household size, the only element of X1, is required to identify Medicaid’s treatment effects.

The heterogeneity variables vector X2, discussed in Section 2.2, is not required for unbiased es
timation of the treatment effects and we include them solely to explore effect heterogeneity. As 
shown in Taubman et al. (2014), on average, the variables in X2 do not differ statistically between 
lottery winners and losers. As such, the inclusion of X2 in X does not affect the validity of the iden
tification assumptions below.

We now summarize the two broad types of treatment effect parameters in this paper. First, we 
estimate the unconditional intent-to-treat (ITT) effect of winning the lottery by comparing lottery 
winners and losers. The ITT represents the ATE of expanding the opportunity to apply for 
Medicaid, but not necessarily the effect of coverage. If there is no ambiguity, we would refer to 
the ITT estimates as ATE, denoted by τATE = E[Y(1) − Y(0)]. To explore effect heterogeneity, 
we also estimate conditional ATE (CATE) estimates for subsets of the population defined by X. 
Broadly, CATE captures the heterogeneous effects of winning the lottery with respect to covari
ates, denoted by τ(x)CATE = E[Y(1) − Y(0) |X]. We use CATE to capture the treatment effect in 
the smallest covariate partition defined by an individual’s covariate values. We use Group ATE 
(GATE), denoted as τ(G)GATE = E[Y(1) − Y(0) |G], to represent ATEs for any subgroup G defined 
by low-dimensional functions of X (Lechner et al., 2022). We later use the ITT estimates for policy 
learning exercises exploring alternative decision rules, which may help to target programme recip
ients with educational interventions. Since the lottery Z is randomized, standard unconfounded
ness assumptions identify the ITT treatment parameters and we omit a detailed discussion of their 
identification for brevity (Imbens & Rubin, 2015).

Second, beyond the ITT analysis, we estimate the effect of Medicaid coverage on ED utilization. 
IV methods are popularly used to estimate treatment effects when the treatment is not randomly 
assigned, but the researcher has access to a valid instrument. Under a new set of assumptions, 
Imbens and Angrist (1994) introduced the LATE, which is the ATE for 
compliers—those who got Medicaid because they won the lottery and would otherwise have re
mained uninsured. In the LATE framework, the existence of an instrument creates four latent 
groups: always-takers (D(1) = D(0) = 1), never-takers (D(1) = D(0) = 0), compliers (D(1) = 1 
and D(0) = 0 or D(1) > D(0)), and defiers (D(1) = 0 and D(0) = 1 or D(1) < D(0)) (Angrist 
et al., 1996; Imbens & Angrist, 1994). In the absence of covariates, the celebrated LATE theorem 
in Imbens and Angrist (1994) states that the IV estimand identifies the unconditional LATE, 
defined as τLATE = E[Y(1) − Y(0) |D(1) > D(0)]. We also estimate the conditional version of 
LATE for subsets of the population defined by X, which we refer to as the Conditional 
LATE (CLATE), τ(x)CLATE = E[Y(1) − Y(0) |X, D(1) > D(0)]. For compliers, CLATE captures 
the heterogeneous effects of Medicaid with respect to covariates. We use CLATE to capture the 
LATE in the smallest covariate partition defined by an individual’s covariate values and Group 

Table 1. Continued

Variable Mean Min p25 p50 p75 Max

Number of outpatient visits 0.89 0 0 0.0 1.00 21

Number of emergent, nonpreventable visits 0.21 0 0 0.0 0.00 14

Number of emergent, preventable visits 0.07 0 0 0.0 0.00 8

Number of primary care treatable visits 0.35 0 0 0.0 0.24 16

Number of nonemergent visits 0.20 0 0 0.0 0.00 13

Note. This table presents descriptive statistics based on the Oregon Health Insurance Experiment data. The sample 
consists of 24,646 individuals in the Taubman et al. (2014) sample. The prerandomization SNAP and TANF benefits are 
total household benefits received from January 2007 through the individual’s lottery notification date. The 
prerandomization ED use measures are with respect to utilization between 1 January 2007 and 9 March 2008. SNAP =  
Supplemental Nutrition and Assistance Program; TANF = Temporary Assistance to Needy Families; ED = emergency 
department.
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LATE (GLATE), denoted by τ(G)GLATE = E[Y(1) − Y(0) |G, D(1) > D(0)], to represent LATEs for 
a subgroup G defined by low-dimensional functions of X.

Following Abadie (2003), we now state assumptions and formally discuss the identification of 
LATE parameters using IV techniques.

Assumption 1 (Conditional Independence of the Instrumental Variable). 

(Y(0, 0), Y(0, 1), Y(1, 0), Y(1, 1), D(0), D(1)) ⊥ Z|X.

Assumption 2 (Exclusion Restriction of the Instrumental Variable). 

P[Y(1, D = d) = Y(0, D = d)|X] = 1 for d ∈ {0, 1}.

Assumption 3 (Relevance of the Instrumental Variable). 

0 < P[Z = 1|X] < 1 and P[D(1) = 1|X] ≠ P[D(0) = 1|X].

Assumption 4 (Monotonicity/No-Defiers). 

P[D(1) ≥ D(0)|X] = 1.

Assumption 1 states that, conditional on X, the instrument is essentially randomly assigned. By 
design, Assumption 1 is satisfied in our study because Z represents winning the lottery, which is 
random after conditioning on only household size in X. Assumption 2 states that the instrument 
has no direct effect on potential outcomes, which simplifies the potential outcomes to Y(1) = 
Y(0, 1) = Y(1, 1) and Y(0) = Y(0, 0) = Y(1, 0). Assumption 2 is plausible in our study because 
winning the lottery arguably only affects ED use through Medicaid coverage. Assumption 3 states 
that Z and D are correlated, conditional on X; this assumption has been verified in previous studies 
on the Oregon experiment (e.g. Finkelstein et al., 2012). Assumption 4 rules out defiers in the 
population, stating that if a lottery loser will enroll in Medicaid, they will also get Medicaid if 
they were to win the lottery. Assumption 4 is reasonable, especially given the fact that the lottery 
was based on a sign-up list. Given that Assumptions 1–4 are conditional versions of those in 
Imbens and Angrist (1994), the following lemma states that the conditional IV estimand, denoted 
by τ(x)IV , identifies the conditional ATE for compliers—CLATE.

Lemma 1 Under Assumptions 1–4,

τ(x)IV =
Cov(Y, Z |X = x)
Cov(D, Z |X = x)

=
E[Y |X = x, Z = 1] − E[Y |X = x, Z = 0]
E[D |X = x, Z = 1] − E[D |X = x, Z = 0]

= E[Y(1) − Y(0) |X, D(1) > D(0)] = τ(x)CLATE.

We provide a proof of Lemma 1 in Appendix A.

3.2 Estimation and implementation
Following Imbens and Angrist (1994) and Angrist et al. (1996) , several papers have examined the 
identification of the LATE in the presence of covariates (Abadie, 2003; Angrist et al., 2000; Angrist 
& Imbens, 1995; Das, 2005; Hirano et al., 2000; Sloczyński et al., 2025; Yau & Little, 2001). In 
the presence of covariates, Frölich (2007) studies the nonparametric IV identification of the LATE, 
proposing nonparametric estimators that make no functional form assumptions about the out
come and treatment models. Abadie (2003) considers nonparametric models of the outcome 
and treatment with covariates, proposing parametric and semiparametric estimators of the LATE.
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Despite the above nonparametric approaches, linear two-stage least squares (2SLS) specifica
tions are typically used to estimate LATE in the presence of covariates. In the case of discrete co
variates, where X contains only binary covariates, one such specification is the fully saturated/ 
interacted specification of Angrist et al. (1996) , where the first-stage and reduced-form regressions 
uses a vector of instruments that fully interacts Z with X. Recent work shows that the Angrist et al. 
(1996) specification works because it satisfies the condition E[Z |X = x] = E[ZX′][E[XX′]]−1x 
(Blandhol et al., 2022; Kolesár, 2013). Linear IV specifications that do not satisfy this condition 
do not recover the LATE. Moreover, the above condition automatically holds when Z is randomly 
assigned, which is the case for the Oregon experiment (Blandhol et al., 2022).

Beyond linear 2SLS, partially linear IV models can be used to estimate the LATE/CLATE with
out additional assumptions beyond Assumptions 1–4 (Abadie, 2003; Blandhol et al., 2022). 
Partially linear models have a long history in statistics and econometrics [e.g. Robinson (1988)] 
and can be written as

Y = β(X) + α(X)D + ε, (1) 

where D is a potentially endogenous treatment, Z is an instrument, and E[ε|X, Z] = 0. The coef
ficient on D is given by unknown functions of X, α(X). We do not use equation (1) as a structural 
model of potential outcomes because doing so would restrict unobserved effect heterogeneity 
(Frölich, 2007). As such, although the partially linear IV model in equation (1) is additively sep
arable in the error term, using it for estimating the LATE/CLATE does not restrict (observed or 
unobserved) effect heterogeneity because equation (1) makes no additional assumptions beyond 
those needed for the (conditional) IV estimand to identify the (conditional) LATE.

Importantly, Abadie (2003) proves that the function α(X) identifies the CLATE, τ(X)CLATE, de
fined in Lemma 1, allowing us to use equation (1) to conduct inference on the CLATE.

Lemma 2 (Abadie (2003) Proposition 5.3). Under Assumptions 1–4, the functions α(X) 
and β(X) in equation (1) are equal to

α(X) =
E[Y |X, Z = 1] − E[Y |X, Z = 0]
E[D |X, Z = 1] − E[D |X, Z = 0]

= E[Y(1) − Y(0) |X, D(1)

> D(0)], (2) 

β(X) =
E[Y |X, Z = 0]E[D |X, Z = 1] − E[Y |X, Z = 1]E[D |X, Z = 0]

E[D |X, Z = 1] − E[D |X, Z = 0]
= E[Y(0)|X] + [E[Y(1) − Y(0) |X, D(0) = D(1) = 1]

− E[Y(1) − Y(0) |X, D(1) > D(0)]] × P(D(0) = D(1) = 1|X).

(3) 

3.2.1 Estimation of conditional effects: CATE and CLATE
To conduct inference on the CATE and CLATE, our estimation task reduces to nonparametrically 
estimating α(X) in equation (1), which we do using GRF (Athey et al., 2019). Due to our focus on 
IV forest estimation, we only briefly review CATE estimation using causal forests and refer the 
reader to previous studies for a more detailed exposition on CATE estimation using forests and 
related approaches (Caron et al., 2022; Knaus et al., 2021, 2022; Strittmatter, 2023).

To discuss how causal forest estimation works, consider the case of a completely randomized 
experiment, where we are interested in estimating the CATE for prespecified covariates. Wager 
and Athey (2018) proposed causal forest for this scenario. The basic building block of causal for
ests is a causal tree (Athey & Imbens, 2016). Causal trees recursively split the sample into small 
leaves, L(x), for any given point x defined by the vector of covariates. For any leaf, we can then 
estimate the ATE as the difference in means between treatment and control units. The causal forest 
is then an average of several causal trees. Instead of viewing forests as an average of trees, Athey 
et al. (2019) propose GRF as an adaptive nearest-neighbour estimator for any quantity identified 
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by local moment conditions. In addition to the fact that GRF can be used to estimate causal forests 
for randomized experiments, Athey et al. (2019) specifically apply their GRF architecture to esti
mate α(X) in equation (1), which equals τ(X)CLATE in Lemma 1.

For brevity, we outline the instrumental variable GRF estimation of CLATE, noting that the de
tails for estimating CATE are similar when we set D = Z. To motivate the IV forest estimation, we 
note that α(X) and β(x) are identified by the local (conditional) estimating equations:

E[ψα(x), β(x)(Oi) |Xi = x] = 0 for all x ∈ X , (4) 

where Oi = (Yi, Di, Zi) and ψα(x), β(x)(Oi) = (Yi − β(x) − α(x)Di)(1 Z′i)
′. Based on equation (4), the 

GRF estimates, (􏽢α(x), 􏽢β(x)), are given by

(􏽢α(x), 􏽢β(x)) ∈ argmin
α, β

􏼍
􏼍
􏼍
􏼍

􏽘n

i=1

ωi(x)ψα(x),β(x)(Oi)
􏼍
􏼍
􏼍
􏼍

2
, (5) 

or alternatively, (􏽢α(x), 􏽢β(x)) solve

􏽘n

i=1

ωi(x)ψα̂(x), β̂(x)(Oi) = 0, (6) 

where the GRF weight ωi(x) captures the relevance of observation i for estimating (α(X), β(X)) at 
x; that is, how often observation i appears in the same leaf as x across all fitted trees.

It is instructive to outline the algorithmic GRF estimation steps in the R package grf from 
CRAN, which we use in this paper. First, perform local centring by regressing out the effect of 
Xi from Yi, Di, and Zi (Nie & Wager, 2021; Robinson, 1988). Second, conceptually, the centred 
outcomes are used to perform a forest-based weighted conditional 2SLS estimation, that is, solve 
equation (5). Mechanically, one of the key innovations in Athey and Wager (2019) is to propose 
forest-based weights, ωi(x), by averaging neighbourhoods produced by different trees. Athey et al. 
(2019) develops an algorithm for growing GRF that produces the weights ωi(x), shows that the 
resulting GRF estimates are consistent and asymptotically normal, and provides an estimator 
for the asymptotic variance.

The trees for the forests are grown based on two principles—recursive partitioning on subsam
ples of the training data and the ‘honesty’ principle, where a subset of the subsample is used to 
grow the tree and another subset is used to make predictions in the leaves of the tree. The recursive 
partitioning is done to maximize heterogeneity in the target α(x). We summarize the process for 
obtaining the forest-based weights in Appendix B.

We note some key implementation details and choices in this paper. We grow all forests using 
B = 100,000 trees. In steps (a) and (b) of Appendix B, we randomly sample half the data to build 
each tree and divide the data in equal parts, respectively. For each randomly drawn subsample, we 
must also randomly select some covariates to build each tree. We use the default rule-of-thumb to 
determine the number of variables considered at each split point. That is, if p is the number of co
variates, then the number of variables used in each split is the minimum of (

��
p
√ + 20) and p.

For inference, the variance of 􏽢α(X) is constructed using the bootstrap of little bags, which 
amounts to training trees in small groups and comparing 􏽢α(X) predictions within and across those 
groups (Athey et al., 2019; Sexton & Laake, 2009).

To quantify which covariates are most important for driving treatment effect heterogeneity in 
growing the forest, we report a variable importance ranking of all covariates used in growing 
the forest. This variable importance measure is based on the number of times the variable is 
used for splitting, weighted by the tree depth of the split.

We provide two remarks on our choice of GRF for examining heterogeneous effects. First, in the 
case of experimental data, which is relevant for our ITT analysis, previous studies have examined 
the performance of competing machine learning methods for CATE estimation. Based on their 
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empirical Monte Carlo evidence, Knaus et al. (2021) find that four methods, including the GRF we 
use in this paper, perform relatively well across all data generation processes.

Second, for the IV analysis, one may use other nonparametric methods (e.g. Frölich, 2007) to 
estimate the CLATE. However, a substantive comparison between competing methods for 
CLATE estimation using IV methods in observational data is outside the scope of this paper. In 
addition, as discussed above, the interpretation of the linear IV estimand as LATE/CLATE in 
the presence of covariates is not straightforward, except in a few instances of discrete covariates 
(Blandhol et al., 2022; Kolesár, 2013). Despite these challenges with the comparability of 
CLATE estimators, we compare the overall forest-based LATE and GLATE estimates with their 
linear IV counterparts in Section 4.2.

3.2.2 Estimation of average effects: ATE/GATE and LATE/GLATE
In addition to the nonparametric estimates of α(X), we can use doubly robust methods to average 
􏽢α(X) across the distribution of X to get an overall ATE/LATE estimate or average effects for sub
groups defined by low-dimensional functions of X (GATE/GLATE). This aggregation is based on 
augmented inverse propensity weighting (AIPW) and available in the R package grf (Athey & 
Wager, 2019; Tibshirani et al., 2018).

We discuss the doubly robust estimation of average effects for the ITT and IV analysis in turn. 
First, for the ITT analysis, the estimated ATE is obtained as 􏽢τATE = 1

n

􏽐n
i=1
􏽢Γi, where 􏽢Γi are the dou

bly robust scores constructed as

􏽢Γi = [􏽢μ1(xi) −􏽢μ0(xi)] +
Di(Yi −􏽢μ1(xi))

ê(xi)

􏼔 􏼕

−
(1 − Di)(Yi −􏽢μ1(xi))

1 − ê(xi)

􏼔 􏼕

=􏽢α(xi) +
Di − ê(xi)

ê(xi)(1 − ê(xi))
[Yi −􏽢μd(x)]

=􏽢α(xi) +
Di − ê(xi)

ê(xi)(1 − ê(xi))
[Yi −􏽢μ(x) − (Di − ê(xi))􏽢α(xi)],

(7) 

where 􏽢μd(x), 􏽢μ(x), and 􏽢e(x) are estimates of μd(x) = E[Y |D = d, X = x], μ(x) = E[Y |X = x], and 
e(x) = P[D = 1 |X = x]. Also, 􏽢α(x) =􏽢μ1(x) −􏽢μ0(x), which is the estimated CATE from equation 
(1) assuming D is unconfounded conditional on X. The first line in equation (7) reproduces the 
doubly robust scores from Chernozhukov et al. (2018), and the last equality follows from the 
Robinson (1988) transformation discussed in Nie and Wager (2021).

If G denotes membership in a group defined by a low-dimensional function of X (e.g. any sub
groups in Table 4), then we estimate the GATE as 􏽢τ(G)GATE = 1

nG

􏽐
i∈G

􏽢Γi. For both ATE and 

GATE, the estimated variances are computed as n
n−1

􏽐n
i=1 (􏽢Γi −􏽢τATE/GATE)2.

Similarly, for the IV analysis, the estimated average CLATE (i.e. the estimated LATE) is ob
tained as 􏽢τLATE = 1

n

􏽐n
i=1
􏽢λi, where 􏽢λi are the doubly robust scores constructed as

􏽢λi =􏽢α(xi) +
1

􏽢Δ(xi)

Zi − ẑ(xi)
ẑ(xi)(1 − ẑ(xi))

[Yi −􏽢μ(x) − (Di − ê(xi))􏽢α(xi)], (8) 

where 􏽢α(x) is the estimated CLATE from equation (1) using the instrument Z, 􏽢Δ(xi) is the estimated 
conditional ATE of Z on D, P[D = 1 |Z = 1, X = x] − P[D = 0 |Z = 1, X = x] (i.e. the compliance 
score), ẑ(xi) is an estimate of P[Z = 1 |X = x], with 􏽢μ(x) and ê(xi) being defined as in equation (7) 
(Athey & Wager, 2021). Finally, for subgroups defined by G, we estimate the GLATE as 
􏽢τ(G)GLATE = 1

nG

􏽐
i∈G
􏽢λi, with its variance estimated as discussed above.

3.3 From conditional treatment effect estimation to policy learning
Estimating heterogeneous treatment effects opens the doorway for performing policy learning ex
ercises to understand alternative treatment assignment regimes (decision rules) and target pro
gramme recipients with educational interventions. We use the CATE estimates from the ITT 
analysis for the policy learning exercises because Oregon’s lottery of the opportunity to apply 
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for Medicaid is a randomized encouragement design (Hirano et al., 2000), which aligns with the 
practical problem of allocating Medicaid spots in Oregon’s expansion of OHP Standard to a new 
population. Moreover, as evidenced by the results reported in Appendix D, the CATE estimates 
qualitatively summarize the Medicaid coverage effects presented in Section 4.

We perform two policy learning exercises, drawing heavily on the literature on statistical deci
sion rules that uses the distribution of treatment effects to design treatment assignment rules to 
maximize mean social welfare, typically defined as the mean posttreatment outcome (Athey & 
Wager, 2021; Dehejia, 2005; Hirano & Porter, 2009; Kitagawa & Tetenov, 2018; Manski, 
2004; Stoye, 2009, 2012). In addition, some recent papers have attempted to distinguish between 
the goals of heterogeneous effects estimation and causal decision-making, providing useful ave
nues for future research (Fernández-Loría & Provost, 2022).

3.3.1 Who should be invited to apply for Medicaid?
Relative to the default random lottery assignment, the first exercise is a theoretical one that esti
mates an alternative decision rule for selecting whom to solicit Medicaid applications from to 
achieve a well-defined objective. This alternative decision rule is necessarily infeasible because 
state Medicaid administrators cannot use it in practice to solicit applications. However, we esti
mate the alternative decision rule to contrast those selected under it and the observed Medicaid 
recipients under the random assignment scheme in the data. The question we seek to answer is: 
how should a social planner optimally choose people to treat (i.e. solicit Medicaid applications) 
to minimize the posttreatment outcome defined as the number of nonemergent ED visits. Such vis
its do not require immediate care and are most likely deemed unnecessary (i.e. not requiring service 
in the ED) by state administrators.

Formally, our goal is to estimate a decision rule (policy), π ∈ Π, that maps an individual’s ob
served covariates to a binary decision of treatment assignment. That is, π : Xi ∈ X → {0, 1}, where 
π(Xi) = 1 means the policy invites individual i to apply for Medicaid while those with π(Xi) = 0 will 
not be invited to apply for Medicaid. Technically, we are interested in learning policies that min
imize regret relative to the best π ∈ Π, R(π), defined as

R(π) = argmax
π′∈Π

{V(π′) : π′ ∈ Π} − V(π), (9) 

where V(π) = E[Yi(π(Xi)) − Yi(0)] is the average effect of implementing a policy relative to not 
treating anyone (Athey & Wager, 2021).

Kitagawa and Tetenov (2018) shows how to use inverse propensity weighting to estimate the 
policy π̂ from (9). Recently, Athey and Wager (2021) propose writing the regret in equation (9) 
in terms of the CATE and estimating the decision rule by solving

π̂ = argmax
π∈Π

1
n

􏽘n

i=1

(2π(Xi) − 1)􏽢Γi : π ∈ Π

􏼨 􏼩

, (10) 

where 􏽢Γi are the AIPW scores from (7). As noted in Athey and Wager (2021), solving (10) is 
equivalent to solving a weighted classification problem of the form

π̂ = argmax
π∈Π

1
n

􏽘n

i=1

|􏽢Γi|sign(􏽢Γi)(2π(Xi) − 1) : π ∈ Π

􏼨 􏼩

, (11) 

where the goal is to train a classifier π(·) to classify the sign of the AIPW score using the absolute 
value of the same score as sample weights (Zhao et al., 2012).

Using the AIPW scores 􏽢Γi from the R package grf, we use the R package lpSolve for integer 
programming to solve (11). This approach lets us incorporate capacity constraints, allowing us to 
restrict the selected sample to equal the number of lottery winners in the Oregon experiment. We 
then compare the population selected based on the optimal linear programme to those who won 
the Oregon lottery.
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3.3.2 Decision rules for targeting educational interventions
The second exercise is more practical and aims to identify enrollees that programme administra
tors deem at risk of unnecessary ED utilization. As mentioned above, states are constantly explor
ing policy options to curb the nonemergent use of EDs by Medicaid recipients. However, the 
decision rules estimated in the previous subsection are not suitable for decision-making because 
they represent a complex mapping from the set of covariates to a binary invite/do-not-invite deci
sion. To address the goal of developing a simple decision rule to identifying recipients most likely 
to increase unnecessary ED visits, we use Athey & Wager’s (2021) policy learning algorithm. 
Using few variables, this approach uses shallow decision trees to estimate the optimal decision 
rule. Since this approach restricts the complexity of the estimated rules, programme administra
tors can use them to target enrollees (Medicaid recipients) for specific educational interventions. 
Given that the goal of this exercise is to help target recipients for interventions, we do not impose 
the capacity constraints in estimating the shallow decision trees.

We choose which covariates to include in the decision rule estimation. While we use the com
plete set of covariates to estimate the CATE, we limit the variables used to estimate the decision 
rules to nine prelottery ED utilization variables. Specifically, we include the overall number of pre
lottery ED visits, the number of inpatient ED visits, the number of outpatient ED visits, the number 
of on-hour ED visits, and the number of off-hours ED visits. The remaining variables indicate the 
type of prelottery ED utilization—indicators of any prelottery emergent ED use, any prelottery pri
mary care treatable ED use, any prelottery nonemergent ED use, and the prelottery sum of total 
ED facility charges. Finally, we use the R package policytree (Sverdrup et al., 2020) to estimate 
the decision rules as shallow decision trees of depth 2 because the algorithm obtains the decision 
rule by exact (exhaustive) tree search, which makes the required time for estimating more complex 
decision rules exponential in tree depth.

4 Results
4.1 Conditional LATEs of Medicaid on ED use
We first present the heterogeneous impacts of Medicaid using GRF as described in Section 3. Our 
heuristic approach for assessing effect heterogeneity combines economic/practical and statistical 
significance, where the former includes examining aggregated group effects for various subgroups 
and the latter tests whether the conditional effects are different from zero at the 10% level. 
However, while statistical significance is a helpful heuristic approach to visualizing conditional ef
fects, they provide suggestive evidence of effect heterogeneity because these tests do not adequately 
account for uncertainty in the overall ATE estimates.

In this paper, we mainly focus on the extensive margin results of receiving Medicaid on binary 
indicators of ED use. We briefly refer to additional intensive margin results of Medicaid on con
tinuous ED visit measures in Appendix C. Also, we provide the ITT heterogeneous effects of win
ning the lottery on ED utilization in Appendix D.

Figure 1 displays the conditional LATE estimates of Medicaid on the probability of any visit, 
with the darker blue shade indicating statistical significance at the 10% level. The subplots in 
Figure 1 display results for any overall visits (panel a), any outpatient visits (panel b), and any in
patient visits (panel c). These results come from τ(X) estimates at the smallest covariate partition, 
with each point X denoting each individual’s covariate values. Table 2 complements the graphical 
results by reporting selected quantiles of the empirical distribution of the CLATE estimates for all 
outcomes. Table 2 also reports the average effect in the first column (discussed momentarily in 
Section 4.2) and the share of the heterogeneous effects that are nonpositive in the last column.

We find substantial and meaningful heterogeneous effects of Medicaid across all ED visit out
comes. Specifically, for any ED visits, the heterogeneous effects of Medicaid span a wide range 
of negative and positive values. Although the average effect of Medicaid turns to be positive, about 
one-third of the CLATE estimates are negative, with the 25th percentile being a reduction of 3.1% 
points. Moreover, there is considerable variation in the magnitude of the CLATE estimates when 
we focus on the positive heterogeneous effects. For instance, Table 2 shows that the median 
heterogeneous effect is a 7% points increase, which is larger than the mean effect of 
4.5% points.
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In addition, the significant increases in ED use at the 10% level are limited to about 14.2% of the 
sample (with 8% being significant at the 5% level). Interestingly, there is no overlap between the 
significant CLATE estimates and the overall mean effect, further suggesting that the average effect 
masks heterogeneity. To put this nonoverlapping finding in context, at the 10% level, the smallest 
CLATE estimate among those who significantly increase ED usage is 4.9% points, about 10% 

(a)

(b)

(c)

Figure 1. Conditional local average treatment effects (LATEs) of Medicaid on any emergency department (ED) visit. 
Note. This figure plots the conditional treatment effects of Medicaid on any overall ED visit (a), any outpatient ED 
visits (b), and any inpatient ED use (c) based on generalized random forests (GRF). The darker shade denotes 
statistical significance at the 10% level. The red vertical line indicates the LATE. The baseline sample consists of 
24,613 individuals in the Taubman et al. (2014) sample with nonmissing information on prelottery ED utilization and 
Supplemental Nutrition and Assistance Program (SNAP)/Temporary Assistance to Needy Families (TANF) receipt. 
The estimates displayed exclude less than half a percentile at the top and bottom of the distribution, resulting in the 
axes corresponding approximately to the percentile range [0.5%, 99.5%]. Bin size is chosen according to the 
Freedman–Diaconis rule.
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larger than the mean effect. While most of the significant CLATE estimates are positive, we find 
that about 2% of all conditional effects are statistically significant reductions in ED use.

An important distinction when examining ED visits is whether they are for outpatient or in
patient care since the latter signifies visits for conditions severe enough to warrant hospitalization. 
Regarding average effects, Taubman et al. (2014) find a significant effect for outpatient visits and 
null effects for inpatient ED use. Both types of ED visits exhibit substantial effect heterogeneity, 
but there are some crucial differences. A comparison of panels (a) and (b) in Figure 1 reveals 
that Medicaid’s impacts on ED utilization are concentrated among outpatient visits. Moreover, 
the pattern of the distribution of conditional effect estimates for outpatient visits is similar to 
any overall ED visit, with negative and positive values. For instance, the 25th percentile for out
patient visits is a reduction of 1.3% points. However, the median conditional effect estimate of 
7.8% points is larger than the mean effect of 5.7% points. Again, we find that the significant in
creases in outpatient ED use are concentrated in the right tail of the distribution. About 16% of all 
estimated outpatient effects are positive and significant, compared to 0.8% which are negative and 
significant.

For inpatient ED use, the distribution of the conditional treatment effects is relatively tighter 
than those for any ED or outpatient ED use. Notably, the distribution of the conditional effect es
timates shows that the null effects of Medicaid on inpatient ED use mask an important heterogen
eity. Figure 1c shows sizable proportions of significant negative and positive effects, with a slightly 
bigger mass for the negative conditional effects. Thus, Medicaid coverage appears to have signifi
cantly reduced inpatient ED use for a reasonable share of participants. In contrast to outpatient 
visits, significant and negative effects exceed significant and positive effects (6% vs. 2%). The 

Table 2. Empirical quantiles of the distribution of conditional LATEs of Medicaid on ED use

Variable LATE Min 25% 50% 75% Max Share 
nonpos.

Extensive margin

Any overall visit 0.045 −0.815 −0.031 0.070 0.151 0.894 0.31

Any inpatient visit −0.003 −0.415 −0.049 −0.010 0.031 0.619 0.57

Any outpatient visit 0.057 −0.879 −0.013 0.078 0.160 0.800 0.28

Any emergent, nonpreventable visit −0.007 −0.622 −0.075 0.003 0.072 0.583 0.49

Any emergent, preventable visit 0.035 −0.313 −0.014 0.030 0.077 0.532 0.32

Any primary care treatable visit 0.048 −0.813 −0.011 0.067 0.141 0.785 0.28

Any nonemergent visit 0.073 −0.607 −0.004 0.060 0.132 0.604 0.27

Intensive margin

Number of overall visits 0.354 −1.503 0.006 0.273 0.567 5.939 0.24

Number of inpatient visits −0.012 −0.941 −0.074 −0.013 0.046 1.072 0.56

Number of outpatient visits 0.360 −1.199 0.052 0.291 0.571 5.828 0.20

Number of emergent, 
nonpreventable visits

0.028 −0.590 −0.066 0.020 0.109 3.025 0.44

Number of emergent, preventable 
visits

0.038 −1.533 −0.015 0.026 0.077 0.724 0.34

Number of primary care treatable 
visits

0.161 −0.550 0.018 0.131 0.255 3.689 0.22

Number of nonemergent visits 0.107 −0.663 −0.008 0.061 0.143 2.606 0.28

Note. This table reports selected quantiles of the conditional treatment effects of Medicaid on ED use based on GRF. The 
first column reports the average effect. The final column reports the share of the conditional effects that are nonpositive. 
The baseline sample consists of 24,613 individuals in the Taubman et al. (2014) sample with nonmissing information on 
prelottery ED utilization and SNAP/TANF receipt. For overall and outpatient visits, one person with sparse features 
leading to an effect size below −1 was excluded. ED = emergency department; LATE = local average treatment effect; 
GRF = generalized random forests; SNAP = Supplemental Nutrition and Assistance Program; TANF = Temporary 
Assistance to Needy Families.
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significant positive and negative heterogeneous effects appear to have counterbalanced and pro
duced a null effect on average.

For the intensive margin, we obtain the same pattern of results for the number of ED visits. The 
corresponding graphs for the number of visits are shown in Figure C.1 with Table 2 showing se
lected quantiles of the estimated conditional effects distribution. Again, we find meaningful het
erogeneity with conditional treatment effects ranging from a reduction of 1.50 to an increase of 
5.94 ED visits. Unlike the extensive margin, the median of 0.27 is slightly smaller than the 
mean effect of 0.35 ED visits. However, we still find a concentration of significant increases in 
the number of ED visits in the distribution’s right tail. On the intensive margin, we also see the 
similarities and differences mentioned above for the outpatient and inpatient care. First, the results 
for outpatient ED visits closely mirror the overall number of ED visits. The outpatient conditional 
effect estimates span a decrease of 1.20 to an increase of 5.83 ED visits, with the median and mean 
effects being 0.29 and 0.36, respectively. Second, the inpatient CLATE estimates are more tightly 
distributed. The distribution has substantially more mass to the left, outweighing the effect of 
high-use individuals in the right tail, which results in a null mean effect.

We turn our attention to the heterogeneous results by type of ED visit presented in Figure 2 for 
the extensive margin. Previous studies have highlighted the importance of looking beyond overall 
ED visits and categorizing them by medical urgency (Garthwaite et al., 2019; Giannouchos et al., 
2022; Taubman et al., 2014). Consistent with the overall ED visit results, conditional treatment 
effects of Medicaid for all types of ED visits exhibit substantial heterogeneity. All ED visit types 
show a wide range of CLATE estimates, including negative and positive values. Moreover, the 
share of significant CLATE estimates differs across the ED visit types. For any emergent, nonpre
ventable visits, Figure 2a shows negative and positive significant effects of sizable proportions. 
These two opposing forces are consistent with the null average effect in Taubman et al. (2014). 
This finding accords with the large share of negative conditional effect estimates discussed above 
for inpatient ED care. Across all visit types, we find the largest share of significant reductions in ED 
uses for emergent, nonpreventable visits. A similar pattern holds for the number of emergent, non
preventable visits, with the corresponding graph in Figure C.2.

Figure 2 shows some differences in the heterogeneous impacts for the remaining three types of 
ED visits. First, we find a larger share of positive and significant conditional effects for primary 
care treatable and nonemergent visits than emergent visits (i.e. nonpreventable and preventable) 
on both extensive and intensive margins. The two largest increases on the extensive and intensive 
margins occur for primary care treatable and nonemergent visits. However, the increase in pri
mary care treatable visits is more pronounced on the intensive margin, whereas the increase in non
emergent visits is larger on the extensive margin.

In summarizing, the pattern of heterogeneous effects we uncover offers a more nuanced inter
pretation of Medicaid’s effect on ED utilization that is not discernible by focusing on the mean 
effect alone. For instance, the large fraction of significant increases for primary care treatable 
and nonemergent visits suggests that gaining Medicaid coverage increased ED use in these categor
ies for most people, not just on average. In contrast, we observe a sizable amount of negative con
ditional effects for the emergent, nonpreventable category. While the average effect is not 
statistically significant, this finding suggests that some people reduced ED usage by not seeking 
treatment for conditions that may require ED treatment.

It is also instructive to highlight the most important covariates driving these heterogeneous ef
fects. Put differently, what are the most used individual characteristics for tree splitting in growing 
the causal forests? Table 1 lists the covariates utilized in growing the causal forests. Figure 3 dis
plays the variable importance scores for the top 20 characteristics. We present the corresponding 
variable importance plot for the number of ED visits and the scores for all variables in Appendix C. 
For the extensive margin, Figure 3 shows that the causal forest splits the most on prelottery SNAP 
benefits followed by age, the sum of total ED facility charges, the number of prelottery emergent 
but nonpreventable ED visits, and the number of prelottery primary care treatable ED visits.

4.2 Aggregate effects of Medicaid on ED use
In this section, we present doubly robust estimates of the average Medicaid effect (i.e. the LATE). 
Although not the main focus of our analysis, a computationally cheap by-product of estimating 
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heterogeneous effects is that we can aggregate them to produce the average effects (Section 3.2.2). 
Given that the standard linear IV estimator also recovers the LATE, we mainly discuss the forest- 
based LATE as a replication of Taubman et al. (2014) and show that the qualitative average find
ings are unchanged.

Table 3 presents the nonparametric and linear IV estimates of Medicaid’s effect on all measures 
of ED utilization. The linear IV estimates confirm that we closely replicate Taubman et al.’s (2014) 
main findings, with minor differences in magnitude plausibly due to rounding and the top-coding 
in the public-use Oregon data files. The fact that we replicate their findings is not surprising given 
the negligible difference between our samples. Therefore, we are confident that our linear IV 

(a) (b)

(c) (d)

Figure 2. Conditional local average treatment effects (LATEs) of Medicaid on any emergency department (ED) visit 
by type of condition. Note. This figure plots the conditional treatment effects of Medicaid by type of ED visit based 
on generalized random forests (GRF) for any emergent, nonpreventable visit (a), any emergent, preventable visit (b), 
any primary care treatable visit (c), and any nonemergent visit (d). Measures of the type of ED visit are based on 
Billings et al.’s (2000) algorithm described in Taubman et al. (2014). We use these measures to construct binary 
indicators of ED visits by type of condition as described in the main text. The darker shade denotes statistical 
significance at the 10% level. The red vertical line indicates the LATE. The baseline sample consists of 24,613 
individuals in the Taubman et al. (2014) sample with nonmissing information on prelottery ED utilization and 
Supplemental Nutrition and Assistance Program (SNAP)/Temporary Assistance to Needy Families (TANF) receipt. 
The estimates displayed exclude less than half a percentile at the top and bottom of the distribution, resulting in the 
axes corresponding approximately to the percentile range [0.5%, 99.5%]. Bin size is chosen according to the 
Freedman–Diaconis rule.
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results are practically the same as those in Taubman et al. (2014) and serve as a useful baseline for 
comparing our nonparametric results.

Except for some differences in magnitudes in a few cases of the binary outcomes, the non
parametric LATE estimates are qualitatively the same as those based on the linear IV method. 
On the extensive margin, the nonparametric method appears slightly inefficient (higher stand
ard errors), but there is no difference in significance between the estimates from the two meth
ods. On the intensive margin, the nonparametric estimates more closely align with the linear 
method. Overall, our nonparametric estimates of the average effect comport with previous 
studies that Medicaid increased ED use while allowing us to explore heterogeneity at a more 
granular level.

4.3 Risk factors associated with changes in ED use
This section investigates the risk factors associated with significant changes in ED usage by exam
ining treatment effects for selected subgroups. We summarize treatment effects for selected sub
groups by aggregating the individual-level conditional treatment effects discussed above. 
Table 4 presents group LATEs from the causal forest and subgroup analysis based on the linear 
IV method for comparison.

There are three notable findings. First, using the causal forests, we find significant GATE esti
mates for four subgroups—men, prior SNAP participants, young and middle-aged adults below 
age 50, and individuals with any previous ED use classified as primary care treatable. These groups 
exhibit treatment effects between 8% and 10% points, at least twice the average effect. The forests 
do not reveal statistically significant group effects for other prelottery ED utilization or lottery list 
variables.

Figure 4 contrasts the distributions for the four main groups identified by the causal forest. The 
graphs highlight the differences in the empirical effect distribution that translate into the average 
group effects. Figure 4a shows a noticeable difference in the empirical distribution of the condi
tional treatment effects by prelottery SNAP receipt. The distribution of the CLATE estimates 
for SNAP recipients is narrower and exhibits a denser mass in the positive effects region. This 

Figure 3. Variable importance scores in growing the causal forest (Any Visit). Note. This figure shows the variable 
importance scores of the top 20 characteristics in growing the generalized random forests (GRF) used to estimate 
the conditional treatment effects of Medicaid for any overall emergency department (ED) visit. The variable 
importance measure is a simple weighted sum of the proportion of times a variable is used in a tree splitting step at 
each depth in growing the forest. The scores roughly capture how important a variable is for driving treatment effect 
heterogeneity. The baseline sample consists of 24,613 individuals in the Taubman et al. (2014) sample with 
nonmissing information on prelottery ED utilization and Supplemental Nutrition and Assistance Program (SNAP)/ 
Temporary Assistance to Needy Families (TANF) receipt.
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difference in the distribution of the heterogeneous effects reflects in the aggregated group average 
effect. Previous SNAP recipients are estimated to increase ED use by 9% points, while there is no 
effect for SNAP nonrecipients.

Interestingly, Figure 4b shows that the CLATE distribution by prelottery primary care treatable 
ED use exhibits a similar pattern to prior SNAP receipt, but with a bigger group effect for those 
with any prior visit of 13% points. Finally, Figure 4c,d display the heterogeneous effects for 
age (age <50 vs. age ≥50 years) and gender (male vs. female). In contrast to the previous groups, 
the distributions for partitioning these groups are similar in shape but shifted to the right for the 
younger age group and men.

Second, the only subgroups with sizable negative effects are older adults (aged 50 and above) 
and those with any prelottery emergent, preventable ED visits. The effect for older adults is a 
6% point reduction in the probability of using the ED. However, the estimate is insignificant 
(p-value = 0.24), possibly due to a lack of power. Further analyses in this direction suggest that 
those who reduce inpatient visits are mostly older people—individuals in the left tail of Figures 
1c and 2a are older.

Third, we find important differences between the GLATE estimates based on the linear model 
and causal forests. While the linear method also uncovers heterogeneity based on the four main 
groups identified by the forest, the former yields a slightly bigger estimate for men (12% points), 
a slightly smaller estimate for prior SNAP recipients (8% points), a somewhat bigger estimate for 
people in the younger age group (10% points), and an almost identical group effect for those with 
prior primary care treatable ED use (12% points).

Contrary to the causal forest, the linear method estimates significant treatment effects for all 
binary indicators of prior ED use and those who did not receive TANF in the prelottery period. 
The same finding holds for some lottery list variables (e.g. households who provide a phone 

Table 3. LATE estimates of Medicaid coverage on ED use

GRF estimates Linear estimates (Taubman 
et al. (2014) Replication)

Variable LATE SE p-value LATE SE p-value

Extensive margin

Any overall visit 0.045 0.028 0.111 0.069 0.024 0.004

Any inpatient visit −0.003 0.015 0.855 −0.011 0.013 0.424

Any outpatient visit 0.057 0.028 0.037 0.082 0.024 0.001

Any emergent, nonpreventable visit −0.007 0.021 0.743 0.007 0.019 0.731

Any emergent, preventable visit 0.035 0.016 0.029 0.039 0.015 0.009

Any primary care treatable visit 0.048 0.024 0.040 0.069 0.021 0.001

Any nonemergent visit 0.073 0.021 0.000 0.064 0.019 0.001

Intensive margin

Number of overall visits 0.354 0.114 0.002 0.375 0.106 0.000

Number of inpatient visits −0.012 0.028 0.676 −0.017 0.026 0.516

Number of outpatient visits 0.360 0.106 0.001 0.387 0.098 0.000

Number of emergent, nonpreventable visits 0.028 0.034 0.414 0.040 0.032 0.223

Number of emergent, preventable visits 0.038 0.018 0.039 0.036 0.017 0.034

Number of primary care treatable visits 0.161 0.049 0.001 0.171 0.045 0.000

Number of nonemergent visits 0.107 0.036 0.003 0.105 0.033 0.002

Note. This table reports the estimates of Medicaid coverage on ED use based on GRF and a linear IV model. The sample 
consists of 24,613 individuals in Taubman et al. (2014) sample with nonmissing information on prelottery ED utilization 
and SNAP/TANF receipt. ED = emergency department; GRF = generalized random forests; LATE = local average 
treatment effect; SNAP = Supplemental Nutrition and Assistance Program; TANF = Temporary Assistance to Needy 
Families.
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number on lottery sign-up, households who requested English language materials, and those who 
did not sign-up in the first week). A caveat to this comparison is that the linear IV GLATE esti
mates were obtained by subgroup analysis. As such, these comparisons should be interpreted 
with caution.

Table 4. Group LATEs of Medicaid on the propensity of ED use

GRF estimates Linear estimates

Group GLATE SE p-value GLATE SE p-value N%

Female: 0.00 0.04 0.97 0.03 0.04 0.34 0.55

Male: 0.10 0.04 0.01 0.12 0.03 0.00 0.45

Gave phone number: No 0.00 0.08 0.99 0.03 0.08 0.66 0.13

Gave phone number: Yes 0.05 0.03 0.11 0.08 0.03 0.00 0.87

English as preferred language: No 0.01 0.07 0.88 0.02 0.06 0.73 0.14

English as preferred language: Yes 0.05 0.03 0.12 0.08 0.03 0.01 0.86

First week sign-up: No 0.04 0.04 0.31 0.09 0.03 0.01 0.62

First week sign-up: Yes 0.06 0.04 0.20 0.06 0.04 0.16 0.38

Prelottery SNAP recipient: No −0.01 0.05 0.79 0.02 0.05 0.62 0.46

Prelottery SNAP recipient: Yes 0.09 0.03 0.01 0.08 0.03 0.01 0.54

Prelottery TANF recipient: No 0.04 0.03 0.17 0.07 0.03 0.00 0.98

Prelottery TANF recipient: Yes 0.05 0.18 0.79 0.08 0.37 0.82 0.02

Age ≥50: No 0.08 0.03 0.02 0.10 0.03 0.00 0.75

Age ≥50: Yes −0.06 0.05 0.24 0.01 0.04 0.77 0.25

Two+ household members on lottery list: No 0.03 0.03 0.42 0.05 0.03 0.06 0.80

Two+ household members on lottery list: Yes 0.09 0.06 0.15 0.19 0.07 0.00 0.20

Any prelottery ED visit No 0.03 0.03 0.34 0.07 0.03 0.02 0.69

Any prelottery ED visit: Yes 0.06 0.05 0.24 0.07 0.04 0.08 0.31

Any prelottery on-hours ED visit: No 0.03 0.03 0.35 0.07 0.03 0.01 0.77

Any prelottery on-hours ED visit: Yes 0.07 0.05 0.18 0.08 0.05 0.12 0.23

Any prelottery off-hours ED visit: No 0.04 0.03 0.21 0.06 0.03 0.03 0.81

Any prelottery off-hours ED visit: Yes 0.06 0.06 0.29 0.07 0.05 0.16 0.19

Any prelottery emergent, nonpreventable ED 
visit: No

0.04 0.03 0.19 0.07 0.03 0.01 0.87

Any prelottery emergent, nonpreventable ED 
visit: Yes

0.06 0.07 0.40 0.07 0.06 0.28 0.13

Any prelottery emergent, preventable ED visit: 
No

0.05 0.03 0.10 0.09 0.03 0.00 0.92

Any prelottery emergent, preventable ED visit: 
Yes

−0.05 0.08 0.55 0.02 0.07 0.83 0.08

Any prelottery primary care treatable ED visit: 
No

0.02 0.03 0.59 0.06 0.03 0.02 0.81

Any prelottery primary care treatable ED visit: 
Yes

0.13 0.06 0.03 0.12 0.05 0.03 0.19

Any prelottery nonemergent ED visit: No 0.03 0.03 0.34 0.07 0.03 0.01 0.86

Any prelottery nonemergent ED visit: Yes 0.08 0.07 0.21 0.09 0.06 0.17 0.14

Note. This table reports the group LATEs of Medicaid based on GRF. The baseline sample consists of 24,613 individuals 
in the Taubman et al. (2014) sample with nonmissing information on prelottery ED utilization and SNAP/TANF receipt. 
ED = emergency department; GLATE = group local average treatment effect; GRF = generalized random forests; SNAP  
= Supplemental Nutrition and Assistance Program; TANF = Temporary Assistance to Needy Families.
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Finally, we divide the sample based on the conditional effects to contrast the characteristics of 
those who increase and decrease usage ex-post. Table 5 presents the average characteristics of in
dividuals identified to increase and reduce ED utilization (extensive margin) and their standar
dized mean differences. The corresponding summary of characteristics for the intensive margin 
of ED use are available in Appendix C. In almost all cases, we find that those who increase and 

(a)

(b)

(c)

(d)

Figure 4. Conditional local average treatment effects (LATEs) of Medicaid by selected groups (Any visit). Note. This 
figure plots the conditional treatment effects of Medicaid on any overall emergency department (ED) visit for the 
four major groups identified with substantial group average effects—prelottery SNAP receipt (a), prelottery primary 
care treatable ED visit (b), age group (c), and gender (panel d). The baseline sample consists of 24,613 individuals in 
the Taubman et al. (2014) sample with nonmissing information on prelottery ED utilization and Supplemental 
Nutrition and Assistance Program (SNAP)/Temporary Assistance to Needy Families (TANF) receipt.
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decrease are different on observed dimensions. To highlight a few key differences, those estimated 
to increase the likelihood of any ED use are almost 3 years younger (39.8 vs. 41.5 years), less likely 
to be female (0.51 vs. 0.63), more likely to have previously received SNAP (0.62 vs. 0.35) with 

Table 5. Characteristics of individuals who increased and decreased ED use

Increased Decreased Difference

Variable ED use ED use (std.)

(1) (2) (2)–(1)

Lottery list characteristics

Age (years) 38.76 41.48 −0.22

Gave phone number 0.87 0.87 0.00

English as preferred language 0.87 0.85 0.06

Female 0.51 0.63 −0.24

Week of lottery sign-up 1.57 1.61 −0.02

Provided P.O. box address 0.02 0.03 −0.06

Signed up self for lottery 0.89 0.92 −0.10

Prelottery SNAP recipient 0.62 0.35 0.56

Prelottery SNAP benefit amount ($) 1607.33 713.38 0.52

Prelottery TANF recipient 0.03 0.01 0.14

Prelottery TANF benefit amount ($) 111.08 63.09 0.07

Prelottery ED usage

Number of overall visits 0.88 0.49 0.21

Number of inpatient visits 0.09 0.07 0.05

Number of outpatient visits 0.78 0.42 0.22

Number of on-hours visits 0.51 0.30 0.18

Number of off-hours visits 0.37 0.20 0.19

Number of emergent, nonpreventable visits 0.18 0.09 0.19

Number of emergent, preventable visits 0.07 0.04 0.11

Number of primary care treatable visits 0.30 0.17 0.19

Number of nonemergent visits 0.18 0.10 0.15

Number ambulatory-care-sensitive visits 0.05 0.04 0.03

Number of visits (chronic conditions) 0.14 0.11 0.05

Number of visits (injury) 0.20 0.09 0.21

Number of visits (skin conditions) 0.05 0.03 0.07

Number of visits (abdominal pain) 0.04 0.02 0.08

Number of visits (back pain) 0.04 0.02 0.08

Number of visits (chest pain) 0.02 0.02 0.00

Number of visits (headache) 0.03 0.02 0.05

Number of visits (mood disorders) 0.02 0.02 0.00

Number of visits (psychiatric conditions) 0.06 0.05 0.03

Sum of total ED charges 1013.28 584.41 0.17

N 17,011 7,602 24,613

Note. This table reports the means of individual characteristics and prerandomization ED use for those estimated to 
increase and decrease ED use upon receiving Medicaid coverage based on the GRF conditional LATE estimates. The 
sample consists of 24,613 individuals in the Taubman et al. (2014) sample with nonmissing information on prelottery 
ED utilization and SNAP/TANF receipt. ED = emergency department; SNAP = Supplemental Nutrition and Assistance 
Program; TANF = Temporary Assistance to Needy Families; GRF = generalized random forests.
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higher total household benefits averaging ($1,607 vs. $717), and more likely to have been a pre
vious TANF recipient (0.03 vs. 0.01) with higher benefits ($111 vs. $63). In terms of prior ED vis
its, those estimated to increase use have a higher number of visits across all visits. The largest mean 
differences are for the overall number of ED visits and outpatient ED visits.

4.4 Results of policy learning exercises
This section presents the results of the policy learning exercises described in Section 3.3. Until now, 
we have focused on the effects of Medicaid coverage (i.e. the conditional LATE). However, the 
policy learning exercises are based on the ITT effects of winning the lottery, which are reported 
in Appendix D. The heterogeneous ITT effects follow a similar pattern as the IV coverage effects 
of Medicaid but the former is more natural for the policy learning exercises because it is the lottery 
and not the actual coverage that is random.

4.4.1 Comparing the observed lottery to an alternative assignment scheme
In this theoretical exercise, our objective is to estimate an alternative allocation scheme that pri
oritizes those least likely to increase unnecessary ED use, defined as the number of nonemergent 
ED visits. Doing so allows us to describe how the sample selected by such an optimal allocation 
scheme would compare to the sample of observed lottery winners. Again, while this exercise is in
feasible from the point of policy-making, we use it to illustrate the value of the heterogeneous ef
fects and verify that, given a well-defined objective, a random assignment scheme may be inferior 
to one based on the empirical distribution of treatment effects.

As expected in Table 6, the selected sample based on the optimal allocation scheme has substan
tially lower ex-post ED utilization for nonemergent causes (0.18 fewer visits). Other ED use meas
ures following treatment are also substantially lower. The same finding holds for prelottery ED 
use, suggesting that ED use patterns are complex and treatment effects are driven by a population 
that uses the ED for most of their health care needs (urgent or nonurgent).

4.4.2 Identifying people at risk of increased nonemergent ED use via decision rules
A more practical way to use the estimated heterogeneous effects for policy-making is to design 
simple decision rules identifying people at greater risk of increasing nonemergent ED use among 
Medicaid enrollees. Here, the administrator may still use a lottery to solicit Medicaid applica
tions but target a subset of new enrollees with an outreach or educational intervention. For in
stance, policymakers may want to identify some enrollees who may be required to establish 
primary care upon receiving Medicaid coverage. Of course, a straightforward decision rule 
might be to target the intervention based on their predicted conditional treatment effects, 
such as those with 􏽢τ(X) ≥ 0. However, Athey and Imbens (2019) points out that such decision 
rules are not always optimal in the sense of minimizing the loss from not using the ideal assign
ment rule or policy.

Thus, we estimate the depth-2 decision trees to identify those most likely to increase nonemer
gent ED visits using only a subset of prelottery ED use variables (Athey & Wager, 2021). Figure 5
presents the estimated decision rule. The first node of the decision tree partitions the sample based 
on a threshold of two prior outpatient ED visits. On the one hand, for people with two or fewer 
outpatient ED visits, the decision rule selects them if they had no previous ED use classified as 
emergent. On the other hand, for those with more than two previous outpatient ED visits (poten
tially excessive ED use), those with at most one prior ED visit resulting in hospitalization are 
selected.

We mention two caveats on the interpretation of the shallow decision tree rules. First, we do not 
use a hold-out sample to evaluate the estimated rules in this paper, which makes it difficult to ac
cess the gains from targeting. Second, we emphasize that our estimated decision rule may be im
practical, especially if the previous ED utilization variables are not easily accessible. Policymakers 
could also specify a different objective function to align with their goals or accommodate addition
al constraints.
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Table 6. Individuals selected by lottery and the optimal linear programme

Variable Selected by 
lottery

Selected by optimal linear 
programme

Difference 
(std.)

(1) (2) (2)–(1)

Lottery list and baseline characteristics

Age (years) 39.50 40.16 0.05

Gave phone number 0.88 0.87 −0.03

English as preferred language 0.85 0.79 −0.16

Female 0.54 0.53 −0.02

Week of lottery sign-up 1.55 1.66 0.07

Provided P.O. box address 0.03 0.03 0.00

Signed up self for lottery 0.85 0.85 0.00

Prelottery SNAP recipient 0.53 0.43 −0.20

Prelottery SNAP benefit amount ($) 1376.53 1120.72 −0.13

Prelottery TANF recipient 0.02 0.02 0.00

Prelottery TANF benefit amount ($) 100.09 72.82 −0.04

Number of overall visits 0.71 0.44 −0.18

Prerandomization ED use

Number of inpatient visits 0.08 0.05 −0.09

Number of outpatient visits 0.63 0.39 −0.17

Number of on-hours visits 0.41 0.25 −0.16

Number of off-hours visits 0.30 0.19 −0.15

Number of emergent, nonpreventable 
visits

0.15 0.09 −0.15

Number of emergent, preventable visits 0.05 0.03 −0.08

Number of primary care treatable visits 0.25 0.15 −0.17

Number of nonemergent visits 0.14 0.08 −0.14

Number ambulatory-care-sensitive 
visits

0.05 0.03 −0.08

Number of visits (chronic conditions) 0.12 0.08 −0.08

Number of visits (injury) 0.17 0.10 −0.14

Number of visits (skin conditions) 0.04 0.03 −0.04

Number of visits (abdominal pain) 0.03 0.02 −0.05

Number of visits (back pain) 0.03 0.02 −0.05

Number of visits (chest pain) 0.02 0.01 −0.06

Number of visits (headache) 0.02 0.01 −0.06

Number of visits (mood disorders) 0.02 0.01 −0.05

Number of visits (psychiatric 
conditions)

0.05 0.03 −0.06

Sum of total ED charges 808.36 504.40 −0.14

Number of overall visits 0.98 0.43 −0.30

ED use outcomes

Number of inpatient visits 0.10 0.06 −0.10

Number of outpatient visits 0.87 0.36 −0.30

Number of emergent, nonpreventable 
visits

0.20 0.10 −0.20

(continued)
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5 Conclusion
This paper estimates the heterogeneous impacts of Medicaid coverage on ED visits using records 
from 12 hospitals in Portland, Oregon, matched to the Oregon Health Insurance Experiment. The 
result that Medicaid increased ED utilization in the 2008 Oregon Health Experiment made head
lines because of the hypothesis that insurance coverage should make it easier for recipients to ac
cess primary care and reduce the need to use the ED. However, this is an empirical question, given 
that insurance coverage also reduces out-of-pocket healthcare spending. We provide new insights 
into the ED results of the Oregon experiment when we go beyond the average impacts of Medicaid 
coverage. We do so by estimating the conditional treatment effects of Medicaid using nonparamet
ric machine learning methods. We then leverage the heterogeneous effects to estimate decision 
rules to illustrate their usefulness for policymakers in similar settings.

We find substantial treatment effect heterogeneity in the impacts of Medicaid on ED utilization. 
The conditional treatment effects of Medicaid on ED use indicate positive and negative effects, 
suggesting a more nuanced interpretation of Medicaid’s average impacts. We also find that cover
age effects for different types of ED use exhibit meaningful heterogeneity. Due to the variation in 
the conditional effect distribution, the ATE appears to be driven by sections of the sample in the 
right tail of the distribution. A small proportion of high-use individuals drive the positive (average) 
Medicaid effect. Despite the positive average effects, the predicted treatment effects for many in
dividuals are negative.

Our findings suggest that the average effect sometimes masks countervailing forces. In some in
stances, although many people increase ED usage due to obtaining coverage, a sizable proportion 
of people either decrease usage or do not respond. We find that reductions in ED use are 

Table 6. Continued

Variable Selected by 
lottery

Selected by optimal linear 
programme

Difference 
(std.)

(1) (2) (2)–(1)

Number of emergent, preventable visits 0.07 0.04 −0.10

Number of primary care treatable visits 0.35 0.17 −0.24

Number of nonemergent visits 0.20 0.02 −0.37

N 9,607 9,607

Note. This table reports the means of individual characteristics, prerandomization ED use and posttreatment outcomes 
for those selected by the lottery and selected by the optimal treatment assignment solution based on the optimal linear 
programme, which minimizes nonemergent ED use under the restriction that the same number of people are treated as 
within the lottery. The sample consists of 24,605 individuals in the Taubman et al. (2014) sample with nonmissing 
information on prelottery ED utilization and SNAP/TANF receipt. SNAP = Supplemental Nutrition and Assistance 
Program; TANF = Temporary Assistance to Needy Families; ED = emergency department.

Figure 5. Estimated decision rule for targeting based on minimizing nonemergent ED use. Note. This figure shows 
the optimal policy assignment rule based on the doubly robust scores of the conditional average treatment effect 
(CATE) of being randomly selected as a lottery winner in the Oregon Health Insurance Experiment using the efficient 
policy learning framework of Athey and Wager (2021).
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pronounced for inpatient visits and emergent, nonpreventable conditions. The overall null effects 
for these outcomes hide substantial opposing effects of obtaining coverage.

We also find substantial treatment effect heterogeneity on the intensive margin. Overall, the re
sults suggest that increased ED usage is likely driven by intensive margin effects rather than exten
sive margin effects. Individuals who already utilize the ED further increase their usage after 
receiving Medicaid.

We also characterize the groups of people mainly driving the positive average Medicaid effects 
in the right tail of the distribution of the heterogeneous effects. Those with positive heterogeneous 
effects are predominantly younger, more likely to be men, more likely to receive SNAP and TANF 
in the prelottery period, and more likely to have higher baseline ED use. In particular, we identify 
four groups estimated to have statistically significant increases in ED use that are at least twice as 
large as the magnitude of the average effect. These groups are men, prior SNAP participants, 
younger adults under 50 years old, and people with prelottery ED use classified as primary care 
treatable.

Finally, we illustrate one way to use the estimated heterogeneous effects to estimate decision 
rules that may help to identify and target enrollees likely to increase nonemergent ED utilization. 
For people with minimal previous outpatient ED use, the decision rule identifies those with no pre
vious emergent use as likely to increase nonemergent ED use. For those with higher previous out
patient ED use, the decision rule selects those whose ED visit resulted in hospitalization only once 
(i.e. those who have rarely presented with severe health problems justifying inpatient treatment). 
While our decision rules are illustrative, they highlight the potential for using statistical decision 
rules to guide policymakers to achieve context-specific objectives.
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Appendix A. Proof of Lemma 1
To obtain the desired result, we begin by considering the expectation of E[Yi |Xi = x, Zi] at Zi = 1 
and Zi = 0, given by

E[Yi |Xi = x, Zi = 1] − E[Yi |Xi = x, Zi = 0] = E[Di(1)Yi(1) + (1 − Di(1))Yi(0) |Xi = x, Zi = 1]

− E[Di(0)Yi(1) + (1 − Di(0))Yi(0) |Xi = x, Zi = 0]

= E[(Di(1) − Di(0))(Yi(1) − Yi(0)) |Xi = x], 
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where the first equality follows by Assumptions 1 and 2 and the second equality follows after some 
algebra. By Assumption 4, Di(1) − Di(0) = I{Di(1) > Di(0)} ∈ {0, 1}, so we have that

E[Yi |Xi = x, Zi = 1] − E[Yi |Xi = x, Zi = 0] = E[(Yi(1) − Yi(0)) |Di(1) > Di(0), Xi = x]

× P[Di(1) > Di(0) |X]

= E[(Yi(1) − Yi(0)) |Di(1) > Di(0), Xi = x]

× E[Di(1) − Di(0) |Xi = x]

= E[(Yi(1) − Yi(0)) |Di(1) > Di(0), Xi = x]

× E[Di |Zi = 1, Xi = x] − E[Di |Zi = 0, Xi = x], 

where the last equality follows from Assumptions 1 and 3. After some rearrangement,

E[(Yi(1) − Yi(0)) |Di(1) > Di(0), Xi = x] =
E[Yi |Xi = x, Zi = 1] − E[Yi |Xi = x, Zi = 0]
E[Di |Zi = 1, Xi = x] − E[Di |Zi = 0, Xi = x]

=
Cov(Yi, Zi |Xi = x)
Cov(D, Z |Xi = x)

, 

proving Lemma 1. The identification results for the group LATE and LATE follows immediately 
by an application of the Law of Iterated Expectations.

Appendix B. Estimating the forest-based weights using R package grf
Grow a set of B trees indexed by b = 1, . . . , B and use the following steps for each set of trees:

(a) From the training data, draw a random subsample of a chosen size without replacement.
(b) Randomly divide the selected subsample from step (a) in two equal nonoverlapping parts, 

labelled I1 and I2.
(c) Using subsample I1, greedily partition the covariate space to maximize the squared differ

ence in subgroup treatment effects, which is an abstract version of the target criterion. 
Due to computational considerations, Athey et al. (2019) shows that this process formally 
reduces to splitting on a pseudo-outcome to optimize a gradient-based approximation to 
the target criterion. Let P denote a parent node, which we want to split into two child nodes, 
C1 and C2.

(i) For each parent node, use all of its data to compute α̃P and β̃P and an estimate of the 
gradient of the expectation of the ψ-function, denoted by Ap. α̃P and β̃P are computed 
by solving equation (6) in the parent node once. Ap is computed as

Ap =
1

|{i : Xi ∈ P}|

􏽘

{i : Xi∈P}

∇ψα̂(x),β̂(x)(Oi).

(ii) Compute pseudo-outcomes as

ρi = ξ ′A−1
p ψα̂P(x),β̂P(x)(Oi), 

where ξ picks out the α coordinate in (α(x), β(x)).
(iii) Using the pseudo-outcome ρi in a standard classification and regression tree (CART), 

split P into two child nodes C1 and C2 to maximize the criterion

􏽥Δ(C1, C2) =
􏽘2

j=1

1
|{i : Xi ∈ Cj}|

􏽘

{i : Xi∈Cj}

ρi

⎛

⎝

⎞

⎠

2

.
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(iv) After splitting into the two children, relabel the observations and repeat steps 
(c)(i)–(c)(iii) to output a tree, T

(d) For tree T , create a neighbourhood by collecting all observations in subsample I2 that fall in 
the same leaf as x, denoted by leaf Lb(x), and compute

ωbi(x) =
I({Xi ∈ Lb(x)})
|Lb(x)|

.

(e) Repeat steps (a)–(d) through the total number of sets of trees, B and compute the GRF weight 
ωi(x) as how often i falls in Lb(x):

ωi(x) =
1
B

􏽘B

1

ωbi(x).
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Appendix C. Supplementary Medicaid coverage effects

(a)

(b)

(c)

Figure C1. Conditional local average treatment effects of Medicaid on the number of emergency department (ED) 
visits. Note. This figure plots the conditional treatment effects of Medicaid on the number of overall ED visit (a), the 
number of outpatient ED visits (b), and the number of inpatient ED use (c) based on generalized random forests. The 
darker shade denotes statistical significance at the 10% level. The red vertical line indicates the local average 
treatment effect. The baseline sample consists of 24,613 individuals in the Taubman et al. (2014) sample with 
nonmissing information on prelottery emergency department utilization and Supplemental Nutrition and Assistance 
Program (SNAP)/Temporary Assistance to Needy Families (TANF) receipt. The estimates displayed exclude less 
than half a percentile at the top and bottom of the distribution, resulting in the axes corresponding approximately to 
the percentile range [0.5%, 99.5%]. Bin size is chosen according to the Freedman–Diaconis rule.
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(a) (b)

(c) (d)

Figure C2. Conditional local average treatment effects of Medicaid on the number of emergency department (ED) 
visits by type of condition. Note. This figure plots the conditional treatment effects of Medicaid by type of ED visit 
based on generalized random forests for the number of emergent, nonpreventable visits (a), the number of 
emergent, preventable visits (b), the number of primary care treatable visits (c), and the number of nonemergent 
visits (d). Measures of the type of ED visit are based on Billings et al.’s (2000) algorithm described in Taubman et al. 
(2014). The number of visits of each type is then obtained by summing the probabilities across all visits for an 
individual. The darker shade denotes statistical significance at the 10% level. The red vertical line indicates the local 
average treatment effect. The baseline sample consists of 24,613 individuals in the Taubman et al. (2014) sample 
with nonmissing information on prelottery emergency department utilization and Supplemental Nutrition and 
Assistance Program (SNAP)/Temporary Assistance to Needy Families (TANF) receipt. The estimates displayed 
exclude less than half a percentile at the top and bottom of the distribution, resulting in the axes corresponding 
approximately to the percentile range [0.5%, 99.5%]. Bin size is chosen according to the Freedman–Diaconis rule.
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Figure C3. Variable importance scores in growing causal forest (number of visits). Note. This figure shows the 
variable importance scores of the top 20 characteristics in growing the generalized random forests used to estimate 
the conditional treatment effects of Medicaid for the number of overall ED visit. The variable importance measure is 
a simple weighted sum of the proportion of times a variable is used in a tree splitting step at each depth in growing 
the forest. The scores roughly capture how important a variable is for driving treatment effect heterogeneity. The 
baseline sample consists of 24,613 individuals in the Taubman et al. (2014) sample with nonmissing information on 
prelottery emergency department utilization and Supplemental Nutrition and Assistance Program (SNAP)/ 
Temporary Assistance to Needy Families (TANF) receipt.
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Table C1. Variable importance for all variables in growing causal forest (overall ED use)

Any visit Number of visits

Variable Importance Variable Importance

Prelottery SNAP benefit amount ($) 0.18 Number of primary care treatable visits 0.14

Age (years) 0.18 Sum of total ED charges 0.13

Sum of total ED charges 0.09 Number of emergent, nonpreventable 
visits

0.10

Number of emergent, nonpreventable 
visits

0.09 Number of nonemergent visits 0.08

Number of primary care treatable visits 0.08 Number of outpatient visits 0.08

Week of lottery sign up 0.05 Number of overall visits 0.08

Number of nonemergent visits 0.05 Number of off-hours visits 0.06

Female 0.04 Number of emergent, preventable visits 0.06

Number of emergent, preventable visits 0.02 Prelottery SNAP benefit amount ($) 0.05

Number of visits (chronic conditions) 0.01 Age (years) 0.04

Number of inpatient visits 0.01 Number of inpatient visits 0.03

Prelottery SNAP recipient 0.01 Number of on-hours visits 0.03

Number of outpatient visits 0.01 Number of visits (chronic conditions) 0.03

Number of off-hours visits 0.01 Number of visits (injury) 0.02

Number of on-hours visits 0.01 Week of lottery sign up 0.01

Number of overall visits 0.01 Gave phone number 0.01

Signed up self for lottery 0.01 Female 0.01

Gave phone number 0.01 Number of visits (abdominal pain) 0.00

Number of visits (injury) 0.01 Number of visits (psychiatric conditions) 0.00

English as preferred language 0.00 Number of visits (chest pain) 0.00

Prelottery TANF benefit amount ($) 0.00 Prelottery TANF benefit amount ($) 0.00

Number of visits (psychiatric conditions) 0.00 Number of visits (back pain) 0.00

Number of visits (mood disorders) 0.00 Number of visits (skin conditions) 0.00

Number ambulatory-care-sensitive visits 0.00 Prelottery SNAP recipient 0.00

Number of visits (skin conditions) 0.00 Number ambulatory-care-sensitive visits 0.00

Number of visits (abdominal pain) 0.00 Number of visits (headache) 0.00

Number of visits (back pain) 0.00 Number of visits (mood disorders) 0.00

Prelottery TANF recipient 0.00 Signed up self for lottery 0.00

Number of visits (chest pain) 0.00 Prelottery TANF recipient 0.00

Number of visits (headache) 0.00 English as preferred language 0.00

Provided P.O. box address 0.00 Provided P.O. box address 0.00

Note. This table shows the top variable importance scores of all characteristics for growing the generalized random 
forests used to estimate the ITE of Medicaid coverage for overall ED visits. The variable importance measure is a simple 
weighted sum of the proportion of times a variable is used in a splitting step at each depth in growing the causal forest, 
thus, capturing how important a variable is for driving treatment effect heterogeneity. The sample consists of 24,613 
individuals in the Taubman et al. (2014) sample with nonmissing information on prelottery emergency department 
utilization and SNAP/TANF receipt. ED = emergency department; SNAP = Supplemental Nutrition and Assistance 
Program; TANF = Temporary Assistance to Needy Families.
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Table C2. Group local average treatment effects of Medicaid on the number of ED visits

GRF estimates Linear estimates

Group GLATE SE p-value GLATE SE p-value N%

Female: 0.27 0.16 .08 0.23 0.18 .21 0.55

Male: 0.43 0.17 .01 0.46 0.18 .01 0.45

Gave phone number: No −0.06 0.33 .86 −0.26 0.38 .50 0.13

Gave phone number: Yes 0.42 0.12 .00 0.42 0.14 .00 0.87

English as preferred language: No 0.14 0.17 .41 0.05 0.18 .78 0.14

English as preferred language: Yes 0.39 0.13 .00 0.36 0.14 .01 0.86

First week sign-up: No 0.38 0.14 .01 0.48 0.16 .00 0.62

First week sign-up: Yes 0.29 0.19 .12 0.13 0.21 .54 0.38

Prelottery SNAP recipient: No 0.21 0.15 .16 0.17 0.18 .34 0.46

Prelottery SNAP recipient: Yes 0.45 0.17 .01 0.34 0.17 .04 0.54

Prelottery TANF recipient: No 0.34 0.11 .00 0.32 0.13 .01 0.98

Prelottery TANF recipient: Yes 0.93 1.21 .44 1.46 2.44 .55 0.02

Age ≥ 50: No 0.43 0.14 .00 0.38 0.16 .02 0.75

Age ≥ 50: Yes 0.05 0.20 .81 0.25 0.21 .22 0.25

Two+ household members on lottery list: No 0.32 0.14 .02 0.27 0.15 .07 0.80

Two+ household members on lottery list: Yes 0.52 0.16 .00 0.74 0.23 .00 0.20

Any prelottery ED visit No 0.22 0.09 .01 0.25 0.08 .00 0.69

Any prelottery ED visit: Yes 0.67 0.32 .03 0.45 0.31 .15 0.31

Any prelottery on-hours ED visit: No 0.19 0.09 .04 0.26 0.09 .00 0.77

Any prelottery on-hours ED visit: Yes 0.87 0.41 .03 0.67 0.42 .11 0.23

Any prelottery off-hours ED visit: No 0.22 0.09 .02 0.21 0.09 .03 0.81

Any prelottery off-hours ED visit: Yes 0.95 0.45 .04 0.56 0.45 .21 0.19

Any prelottery emergent, nonpreventable ED visit: No 0.22 0.09 .02 0.28 0.09 .00 0.87

Any prelottery emergent, nonpreventable ED visit: Yes 1.15 0.63 .07 0.69 0.63 .27 0.13

Any prelottery emergent, preventable ED visit: No 0.25 0.09 .01 0.32 0.09 .00 0.92

Any prelottery emergent, preventable ED visit: Yes 1.50 0.96 .12 1.31 0.90 .15 0.08

Any prelottery primary care treatable ED visit: No 0.18 0.09 .04 0.26 0.09 .00 0.81

Any prelottery primary care treatable ED visit: Yes 1.03 0.46 .03 0.72 0.47 .13 0.19

Any prelottery nonemergent ED visit: No 0.27 0.09 .00 0.34 0.09 .00 0.86

Any prelottery nonemergent ED visit: Yes 0.82 0.61 .18 0.26 0.63 .68 0.14

Note. This table reports the group local average treatment effects of Medicaid based on generalized random forests and 
the linear IV method. The baseline sample consists of 24,613 individuals in the Taubman et al. (2014) sample with 
nonmissing information on prelottery emergency department utilization and SNAP/TANF receipt. ED = emergency 
department; GLATE = group local average treatment effect; GRF = generalized random forests; SNAP = Supplemental 
Nutrition and Assistance Program; TANF = Temporary Assistance to Needy Families.
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Table C3. Characteristics of individuals who increased and decreased ED use (number of visits)

Increased Decreased Difference

Variable ED use ED use (std.)

(1) (2) (2)–(1)

Lottery list characteristics

Age (years) 38.54 42.88 −0.35

Gave phone number 0.86 0.89 −0.09

English as preferred language 0.87 0.84 0.09

Female 0.53 0.58 −0.10

Week of lottery sign up 1.59 1.56 0.02

Provided P.O. box address 0.02 0.03 −0.06

Signed up self for lottery 0.89 0.92 −0.10

Prelottery SNAP recipient 0.59 0.36 0.47

Prelottery SNAP benefit amount ($) 1497.29 817.99 0.38

Prelottery TANF recipient 0.02 0.02 0.00

Prelottery TANF benefit amount ($) 96.79 94.84 0.00

Prelottery ED usage

Number of overall visits 0.90 0.30 0.39

Number of inpatient visits 0.10 0.06 0.11

Number of outpatient visits 0.80 0.25 0.40

Number of on-hours visits 0.52 0.19 0.33

Number of off-hours visits 0.38 0.11 0.36

Number of emergent, nonpreventable visits 0.18 0.06 0.30

Number of emergent, preventable visits 0.07 0.03 0.16

Number of primary care treatable visits 0.32 0.08 0.41

Number of nonemergent visits 0.18 0.07 0.23

Number ambulatory-care-sensitive visits 0.05 0.03 0.07

Number of visits (chronic conditions) 0.15 0.07 0.15

Number of visits (injury) 0.20 0.05 0.33

Number of visits (skin conditions) 0.06 0.01 0.19

Number of visits (abdominal pain) 0.04 0.01 0.14

Number of visits (back pain) 0.04 0.02 0.09

Number of visits (chest pain) 0.02 0.01 0.07

Number of visits (headache) 0.03 0.01 0.10

Number of visits (mood disorders) 0.03 0.01 0.10

Number of visits (psychiatric conditions) 0.07 0.03 0.12

Sum of total ED charges 1027.60 387.86 0.29

N 18581.00 6018.00 24,599

Note. This table reports the means of individual characteristics and prerandomization ED use for those estimated to 
increase and decrease ED use upon receiving Medicaid coverage based on the causal forest CATE estimates. ED use is 
measured as the number of ED visits. Panel A reports the means for the full sample while Panel B is limited to effects 
significant at the 10% level. The sample consists of 24,599 individuals in the Taubman et al. (2014) sample with 
nonmissing information on prelottery emergency department utilization and SNAP/TANF receipt. ED = emergency 
department; SNAP = Supplemental Nutrition and Assistance Program; TANF = Temporary Assistance to Needy 
Families; CATE = conditional average treatment effect.
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Table C4. Analytic sample sizes for ED use outcomes

Variable Sample size

ED use outcomes

Any overall visit 24,613

Any inpatient visit 24,613

Any outpatient visit 24,613

Any emergent, nonpreventable visit 24,588

Any emergent, preventable visit 24,588

Any primary care treatable visit 24,588

Any nonemergent visit 24,588

Number of overall visits 24,599

Number of inpatient visits 24,613

Number of outpatient visits 24,599

Number of emergent, nonpreventable visits 24,605

Number of emergent, preventable visits 24,611

Number of primary care treatable visits 24,600

Number of nonemergent visits 24,605

Note. This table reports the sample sizes for our ED use outcome variables after restricting to nonmissing information 
across the heterogeneity variables. The original Taubman et al. (2014) sample based on the Oregon Health Insurance 
Experiment data consists of 24,646 individuals. ED = emergency department.
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Appendix D. Supplementary intent-to-treat effects

(a)

(b)

(c)

Figure D1. Conditional average treatment effects of winning the lottery on any ED use. Note. This figure plots the 
conditional treatment effects of winning the lottery (and being invited to apply for Medicaid) on any overall ED visit 
(a), any outpatient ED visits (b), and any inpatient ED use (c) based on generalized random forests. The darker shade 
denotes statistical significance at the 10% level. The red vertical line indicates the local average treatment effect. 
The baseline sample consists of 24,613 individuals in the Taubman et al. (2014) sample with nonmissing information 
on prelottery emergency department utilization and Supplemental Nutrition and Assistance Program (SNAP)/ 
Temporary Assistance to Needy Families (TANF) receipt. The estimates displayed exclude less than half a percentile 
at the top and bottom of the distribution, resulting in the axes corresponding approximately to the percentile range 
[0.5%, 99.5%]. Bin size is chosen according to the Freedman–Diaconis rule.
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(a) (b)

(c) (d)

Figure D2. Conditional average treatment effects of winning the lottery on any emergency department (ED) use by 
type of condition. Note. This figure plots the conditional treatment effects of winning the lottery (and being invited to 
apply for Medicaid) by type of ED visit based on generalized random forests for any emergent, nonpreventable visit 
(a), any emergent, preventable visit (b), any primary care treatable visit (c), and any nonemergent visit (d). Measures 
of the type of ED visit are based on Billings et al.’s (2000) algorithm described in Taubman et al. (2014). We use these 
measures to construct binary indicators of ED visits by type of condition as described in the main text. The darker 
shade denotes statistical significance at the 10% level. The red vertical line indicates the local average treatment 
effect. The baseline sample consists of 24,613 individuals in the Taubman et al. (2014) sample with nonmissing 
information on prelottery emergency department utilization and Supplemental Nutrition and Assistance Program 
(SNAP)/Temporary Assistance to Needy Families (TANF) receipt. The estimates displayed exclude less than half a 
percentile at the top and bottom of the distribution, resulting in the axes corresponding approximately to the 
percentile range [0.5%, 99.5%]. Bin size is chosen according to the Freedman–Diaconis rule.
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Figure D3. Variable importance scores in growing causal forest (any visit). Note. This figure shows the estimates of 
variable importance for the top 20 characteristics used in growing the generalized random forests in estimating the 
conditional average treatment effect (CATE) of winning the lottery (and being invited to apply for Medicaid) for any 
overall emergency department (ED) visit. The variable importance measure is a simple weighted sum of the 
proportion of times a variable is used in a splitting step at each depth in growing the causal forest, thus, capturing 
how important a variable is for driving treatment effect heterogeneity. The sample consists of 24,613 individuals in 
the Taubman et al. (2014) sample with nonmissing information on prelottery emergency department utilization and 
Supplemental Nutrition and Assistance Program (SNAP)/Temporary Assistance to Needy Families (TANF) receipt.
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(a)

(b)

(c)

Figure D4. Conditional average treatment effects of winning the lottery on the number of emergency department 
(ED) visits. Note. This figure plots the conditional treatment effects of winning the lottery (and being invited to apply 
for Medicaid) on the number of overall ED visit (a), the number of outpatient ED visits (b), and the number of inpatient 
ED use (c) based on generalized random forests. The darker shade denotes statistical significance at the 10% level. 
The red vertical line indicates the local average treatment effect. The baseline sample consists of 24,613 individuals 
in the Taubman et al. (2014) sample with nonmissing information on prelottery emergency department utilization 
and Supplemental Nutrition and Assistance Program (SNAP)/Temporary Assistance to Needy Families (TANF) 
receipt. The estimates displayed exclude less than half a percentile at the top and bottom of the distribution, 
resulting in the axes corresponding approximately to the percentile range [0.5%, 99.5%]. Bin size is chosen 
according to the Freedman–Diaconis rule.
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(a) (b)

(c) (d)

Figure D5. Conditional average treatment effects of winning the lottery on the number of emergency department 
(ED) visits by type of condition. Note. This figure plots the conditional treatment effects of winning the lottery (and 
being invited to apply for Medicaid) by type of ED visit based on generalized random forests for the number of 
emergent, nonpreventable visit (a), the number of emergent, preventable visit (b), the number of primary care 
treatable visit (c), and the number of nonemergent visit (d). Measures of the type of ED visit are based on Billings 
et al.’s (2000) algorithm described in Taubman et al. (2014). The darker shade denotes statistical significance at the 
10% level. The red vertical line indicates the local average treatment effect. The baseline sample consists of 24,613 
individuals in the Taubman et al. (2014) sample with nonmissing information on prelottery emergency department 
utilization and Supplemental Nutrition and Assistance Program (SNAP)/Temporary Assistance to Needy Families 
(TANF) receipt. The estimates displayed exclude less than half a percentile at the top and bottom of the distribution, 
resulting in the axes corresponding approximately to the percentile range [0.5%, 99.5%]. Bin size is chosen 
according to the Freedman–Diaconis rule.
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Figure D6. Variable importance scores in growing causal forest (number of visits) Note. This figure shows the 
estimates of variable importance for the top 20 characteristics used in growing the generalized random forests in 
estimating the conditional average treatment effect (CATE) of winning the lottery (and being invited to apply for 
Medicaid) for the number of overall emergency department (ED) visits. The variable importance measure is a simple 
weighted sum of the proportion of times a variable is used in a splitting step at each depth in growing the causal 
forest, thus, capturing how important a variable is for driving treatment effect heterogeneity. The sample consists of 
24,613 individuals in the Taubman et al. (2014) sample with nonmissing information on prelottery emergency 
department utilization and Supplemental Nutrition and Assistance Program (SNAP)/Temporary Assistance to Needy 
Families (TANF) receipt.
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Table D1. Treatment effect estimates of winning the lottery on ED use

GRF estimates Linear estimates

Variable ATE SE p-value ATE SE p-value

Extensive margin

Any overall visit 0.015 0.006 .008 0.017 0.006 .004

Any inpatient visit −0.003 0.003 .430 −0.003 0.003 .424

Any outpatient visit 0.019 0.006 .001 0.020 0.006 .001

Any emergent, nonpreventable visit 0.000 0.005 .940 0.002 0.005 .731

Any emergent, preventable visit 0.008 0.004 .026 0.010 0.004 .010

Any primary care treatable visit 0.016 0.005 .002 0.017 0.005 .001

Any nonemergent visit 0.015 0.005 .001 0.016 0.005 .001

Intensive margin

Number of overall visits 0.083 0.027 .002 0.093 0.026 .000

Number of inpatient visits −0.004 0.006 .519 −0.004 0.006 .516

Number of outpatient visits 0.089 0.024 .000 0.096 0.024 .000

Number of emergent, nonpreventable visits 0.011 0.008 .162 0.010 0.008 .224

Number of emergent, preventable visits 0.008 0.004 .056 0.009 0.004 .034

Number of primary care treatable visits 0.042 0.011 .000 0.042 0.011 .000

Number of nonemergent visits 0.022 0.008 .007 0.026 0.008 .002

Note. This table reports the estimates of winning the lottery on ED use based on generalized random forests and a linear 
model. The sample consists of 24,613 individuals in the Taubman et al. (2014) sample with nonmissing information on 
prelottery emergency department utilization and SP/TANF receipt. ED = emergency department; ATE = average 
treatment effect; TANF = Temporary Assistance to Needy Families.

Table D2. Empirical quantiles of the distribution of individualized treatment effects of winning the lottery on ED use

Variable ATE Min 25% 50% 75% Max

Extensive margin

Any overall visit 0.015 −0.112 −0.007 0.017 0.039 0.159

Any inpatient visit −0.003 −0.072 −0.012 −0.002 0.007 0.076

Any outpatient visit 0.019 −0.107 −0.003 0.018 0.041 0.159

Any emergent, nonpreventable visit 0.000 −0.103 −0.016 0.001 0.018 0.096

Any emergent, preventable visit 0.008 −0.061 −0.003 0.007 0.019 0.095

Any primary care treatable visit 0.016 −0.089 −0.003 0.016 0.035 0.137

Any nonemergent visit 0.015 −0.077 −0.001 0.014 0.031 0.116

Intensive margin

Number of overall visits 0.083 −0.427 0.000 0.061 0.145 1.205

Number of inpatient visits −0.004 −0.148 −0.018 −0.003 0.011 0.248

Number of outpatient visits 0.089 −0.347 0.009 0.065 0.146 1.154

Number of emergent, nonpreventable visits 0.011 −0.116 −0.015 0.004 0.026 0.576

Number of emergent, preventable visits 0.008 −0.270 −0.003 0.006 0.018 0.238

Number of primary care treatable visits 0.042 −0.118 0.003 0.031 0.067 0.686

Number of nonemergent visits 0.022 −0.218 −0.002 0.014 0.034 0.563

Note. This table reports selected quantiles of the individualized treatment effects of winning the lottery (and being invited 
to apply for Medicaid) on ED use based on generalized random forests. The first column reports the average effect 
(intent-to-treat effect). The baseline sample consists of 24,613 individuals in the Taubman et al. (2014) sample with 
nonmissing information on prelottery emergency department utilization and SNAP/TANF receipt. ED = emergency 
department; ATE = average treatment effect; SNAP = Supplemental Nutrition and Assistance Program; TANF =  
Temporary Assistance to Needy Families.
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Table D3. GATE estimates of winning the lottery on the propensity of ED use

GRF estimates Linear estimates

Group GATE SE p-value GATE SE p-value N%

ATE 0.02 0.01 .01 0.02 0.01 .00 100.00

Female: 0.00 0.01 .72 0.01 0.01 .34 0.55

Male: 0.03 0.01 .00 0.03 0.01 .00 0.45

Gave phone number: No 0.01 0.02 .54 0.01 0.02 .66 0.13

Gave phone number: Yes 0.02 0.01 .01 0.02 0.01 .00 0.87

English as preferred language: No 0.01 0.01 .59 0.00 0.01 .73 0.14

English as preferred language: Yes 0.02 0.01 .01 0.02 0.01 .01 0.86

First week sign-up: No 0.01 0.01 .06 0.02 0.01 .01 0.62

First week sign-up: Yes 0.02 0.01 .06 0.01 0.01 .16 0.38

Prelottery SNAP recipient: No 0.00 0.01 .94 0.00 0.01 .62 0.46

Prelottery SNAP recipient: Yes 0.03 0.01 .00 0.02 0.01 .01 0.54

Prelottery TANF recipient: No 0.02 0.01 .01 0.02 0.01 .00 0.98

Prelottery TANF recipient: Yes −0.01 0.04 .78 0.01 0.04 .82 0.02

Age ≥ 50: No 0.02 0.01 .00 0.02 0.01 .00 0.75

Age ≥ 50: Yes −0.01 0.01 .67 0.00 0.01 .77 0.25

Two+ household members on lottery list: No 0.01 0.01 .06 0.01 0.01 .06 0.80

Two+ household members on lottery list: Yes 0.03 0.01 .02 0.04 0.01 .00 0.20

Any prelottery ED visit No 0.01 0.01 .07 0.02 0.01 .02 0.69

Any prelottery ED visit: Yes 0.02 0.01 .05 0.02 0.01 .09 0.31

Any prelottery on-hours ED visit: No 0.01 0.01 .03 0.02 0.01 .01 0.77

Any prelottery on-hours ED visit: Yes 0.02 0.01 .11 0.02 0.01 .13 0.23

Any prelottery off-hours ED visit: No 0.01 0.01 .04 0.01 0.01 .03 0.81

Any prelottery off-hours ED visit: Yes 0.02 0.01 .08 0.02 0.01 .16 0.19

Any prelottery emergent, nonpreventable ED visit: No 0.01 0.01 .07 0.01 0.01 .03 0.79

Any prelottery emergent, nonpreventable ED visit: Yes 0.03 0.01 .02 0.03 0.01 .07 0.21

Any prelottery emergent, preventable ED visit: No 0.01 0.01 .02 0.02 0.01 .00 0.90

Any prelottery emergent, preventable ED visit: Yes 0.03 0.02 .15 0.03 0.02 .13 0.10

Any prelottery primary care treatable ED visit: No 0.01 0.01 .10 0.01 0.01 .03 0.74

Any prelottery primary care treatable ED visit: Yes 0.03 0.01 .02 0.03 0.01 .05 0.26

Any prelottery nonemergent ED visit: No 0.01 0.01 .04 0.02 0.01 .01 0.86

Any prelottery nonemergent ED visit: Yes 0.03 0.02 .07 0.02 0.02 .18 0.14

Note. This table reports the GATE estimates of winning the lottery based on generalized random forests and the linear 
method. The overall effect is reproduced in the first row. The sample consists of 24,613 individuals in the Taubman et al. 
(2014) sample with nonmissing information on prelottery emergency department utilization and SNAP/TANF receipt. 
GATE = Group ATE; ED = emergency department; GRF = generalized random forests; ATE = average treatment effect; 
SNAP = Supplemental Nutrition and Assistance Program; TANF = Temporary Assistance to Needy Families.
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Table D4. GATE estimates of winning the lottery on the number of ED visits

GRF estimates Linear estimates

Group GATE SE p-value GATE SE p-value %N

ATE 0.08 0.03 0.00 0.08 0.03 0.01 100.00

Female: 0.05 0.03 0.19 0.05 0.04 0.21 0.55

Male: 0.13 0.04 0.00 0.12 0.05 0.01 0.45

Gave phone number: No −0.04 0.08 0.62 −0.06 0.09 0.50 0.13

Gave phone number: Yes 0.10 0.03 0.00 0.10 0.03 0.00 0.87

English as preferred language: No 0.03 0.03 0.43 0.01 0.04 0.78 0.14

English as preferred language: Yes 0.09 0.03 0.00 0.09 0.04 0.01 0.86

First week sign-up: No 0.09 0.03 0.00 0.11 0.04 0.00 0.62

First week sign-up: Yes 0.06 0.05 0.17 0.03 0.06 0.54 0.38

Prelottery SNAP recipient: No 0.04 0.03 0.17 0.03 0.03 0.34 0.46

Prelottery SNAP recipient: Yes 0.12 0.04 0.01 0.11 0.05 0.04 0.54

Prelottery TANF recipient: No 0.08 0.03 0.00 0.08 0.03 0.01 0.98

Prelottery TANF recipient: Yes 0.07 0.27 0.78 0.17 0.29 0.55 0.02

Age ≥ 50: No 0.10 0.03 0.00 0.09 0.04 0.02 0.75

Age ≥ 50: Yes 0.03 0.05 0.50 0.07 0.06 0.23 0.25

Two+ household members on lottery list: No 0.07 0.03 0.02 0.07 0.04 0.07 0.80

Two+ household members on lottery list: Yes 0.12 0.03 0.00 0.15 0.05 0.00 0.20

Any prelottery ED visit No 0.05 0.02 0.01 0.06 0.02 0.00 0.69

Any prelottery ED visit: Yes 0.15 0.07 0.04 0.12 0.09 0.15 0.31

Any prelottery on-hours ED visit: No 0.05 0.02 0.01 0.06 0.02 0.00 0.77

Any prelottery on-hours ED visit: Yes 0.19 0.09 0.04 0.17 0.11 0.12 0.23

Any prelottery off-hours ED visit: No 0.05 0.02 0.02 0.05 0.02 0.03 0.81

Any prelottery off-hours ED visit: Yes 0.22 0.11 0.04 0.16 0.12 0.21 0.19

Any prelottery emergent, nonpreventable ED visit: No 0.06 0.02 0.01 0.07 0.02 0.00 0.87

Any prelottery emergent, nonpreventable ED visit: Yes 0.23 0.14 0.11 0.18 0.17 0.28 0.13

Any prelottery emergent, preventable ED visit: No 0.06 0.02 0.00 0.08 0.02 0.00 0.92

Any prelottery emergent, preventable ED visit: Yes 0.30 0.22 0.17 0.36 0.25 0.15 0.08

Any prelottery primary care treatable ED visit: No 0.05 0.02 0.03 0.06 0.02 0.00 0.81

Any prelottery primary care treatable ED visit: Yes 0.24 0.11 0.03 0.19 0.13 0.13 0.19

Any prelottery nonemergent ED visit: No 0.07 0.02 0.00 0.08 0.02 0.00 0.86

Any prelottery nonemergent ED visit: Yes 0.14 0.14 0.30 0.07 0.16 0.68 0.14

Note. This table reports the GATE estimates of winning the lottery based on generalized random forests and the linear 
method. The overall effect is reproduced in the first row. The sample consists of 24,613 individuals in the Taubman et al. 
(2014) sample with nonmissing information on prelottery emergency department utilization and SNAP/TANF receipt.
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Table D5. Characteristics of individuals who increased and decreased ED use upon winning the lottery

Increased Decreased Difference

Variable ED use ED use (std.)

(1) (2) (2)–(1)

Lottery list characteristics

Age (years) 38.81 41.32 −0.20

Gave phone number 0.87 0.87 0.00

English as preferred language 0.87 0.84 0.09

Female 0.51 0.63 −0.24

Week of lottery sign up 1.57 1.61 −0.02

Provided P.O. box address 0.02 0.03 −0.06

Signed up self for lottery 0.89 0.92 −0.10

Prelottery SNAP recipient 0.62 0.35 0.56

Prelottery SNAP benefit amount ($) 1613.82 715.39 0.52

Prelottery TANF recipient 0.02 0.01 0.07

Prelottery TANF benefit amount ($) 110.21 65.85 0.07

Prelottery ED usage

Number of overall visits 0.87 0.52 0.19

Number of inpatient visits 0.09 0.07 0.05

Number of outpatient visits 0.78 0.45 0.20

Number of on-hours visits 0.50 0.32 0.15

Number of off-hours visits 0.37 0.21 0.18

Number of emergent, nonpreventable visits 0.18 0.10 0.17

Number of emergent, preventable visits 0.07 0.05 0.07

Number of primary care treatable visits 0.30 0.18 0.17

Number of nonemergent visits 0.18 0.11 0.13

Number ambulatory-care-sensitive visits 0.05 0.04 0.03

Number of visits (chronic conditions) 0.14 0.12 0.03

Number of visits (injury) 0.20 0.10 0.19

Number of visits (skin conditions) 0.05 0.03 0.07

Number of visits (abdominal pain) 0.04 0.02 0.08

Number of visits (back pain) 0.04 0.02 0.08

Number of visits (chest pain) 0.02 0.02 0.00

Number of visits (headache) 0.03 0.02 0.05

Number of visits (mood disorders) 0.02 0.03 −0.04

Number of visits (psychiatric conditions) 0.06 0.05 0.03

Sum of total ED charges 1002.57 615.50 0.15

N 16,871 7,742 24,613

Note. This table reports the means of individual characteristics and prerandomization ED use for those estimated to 
increase and decrease ED use upon winning the lottery based on the causal forest CATE estimates. ED use is measured as 
the propensity to use the ED. Panel A reports the means for the full sample while Panel B is limited to individuals with 
effects significant at the 10% level. The sample consists of 24,613 individuals in the Taubman et al. (2014) sample with 
nonmissing information on prelottery emergency department utilization and SNAP/TANF receipt.
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Table D6. Characteristics of individuals who increased and decreased ED use upon winning the lottery (Number of 
visits)

Increased Decreased Difference

Variable ED use ED use (std.)

(1) (2) (2)–(1)

Lottery list characteristics

Age (years) 38.52 42.89 −0.35

Gave phone number 0.87 0.88 −0.03

English as preferred language 0.87 0.84 0.09

Female 0.53 0.59 −0.12

Week of lottery sign up 1.59 1.55 0.02

Provided P.O. box address 0.02 0.03 −0.06

Signed up self for lottery 0.89 0.92 −0.10

Prelottery SNAP recipient 0.59 0.36 0.47

Prelottery SNAP benefit amount ($) 1502.03 813.33 0.39

Prelottery TANF recipient 0.02 0.02 0.00

Prelottery TANF benefit amount ($) 95.68 98.23 −0.00

Prelottery ED usage

Number of overall visits 0.90 0.32 0.38

Number of inpatient visits 0.10 0.06 0.11

Number of outpatient visits 0.80 0.26 0.38

Number of on-hours visits 0.52 0.21 0.30

Number of off-hours visits 0.38 0.12 0.35

Number of emergent, nonpreventable visits 0.18 0.07 0.27

Number of emergent, preventable visits 0.07 0.03 0.16

Number of primary care treatable visits 0.32 0.08 0.41

Number of nonemergent visits 0.18 0.08 0.20

Number ambulatory-care-sensitive visits 0.05 0.03 0.07

Number of visits (chronic conditions) 0.15 0.08 0.13

Number of visits (injury) 0.20 0.06 0.30

Number of visits (skin conditions) 0.06 0.01 0.19

Number of visits (abdominal pain) 0.04 0.01 0.14

Number of visits (back pain) 0.04 0.02 0.09

Number of visits (chest pain) 0.02 0.01 0.06

Number of visits (headache) 0.03 0.01 0.10

Number of visits (mood disorders) 0.03 0.02 0.05

Number of visits (psychiatric conditions) 0.07 0.03 0.12

Sum of total ED charges 1022.87 411.30 0.28

N 18494.00 6105.00 24,599

Note. This table reports the means of individual characteristics and prerandomization ED use for those estimated to 
increase and decrease ED use upon winning the lottery based on the causal forest CATE estimates. ED use is measured as 
the number of total visits. Panel A reports the means for the full sample while Panel B is limited to individuals with effects 
significant at the 10% level. The sample consists of 24,613 individuals in the Taubman et al. (2014) sample with 
nonmissing information on prelottery emergency department utilization and SNAP/TANF receipt.
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Table D7. Variable importance for all variables in growing causal forest (overall ED use)

Any visit Number of visits

Variable Importance Variable Importance

Prelottery SNAP benefit amount ($) 0.23 Number of primary care treatable visits 0.13

Age (years) 0.16 Sum of total ED charges 0.13

Sum of total ED charges 0.09 Number of emergent, nonpreventable 
visits

0.11

Number of emergent, nonpreventable 
visits

0.08 Number of outpatient visits 0.09

Number of primary care treatable visits 0.08 Number of overall visits 0.08

Female 0.04 Number of nonemergent visits 0.08

Number of nonemergent visits 0.04 Number of emergent, preventable visits 0.06

Week of lottery sign up 0.04 Number of off-hours visits 0.06

Prelottery SNAP recipient 0.02 Prelottery SNAP benefit amount ($) 0.06

Number of emergent, preventable visits 0.02 Age (years) 0.03

Number of visits (chronic conditions) 0.01 Number of inpatient visits 0.03

Number of inpatient visits 0.01 Number of on-hours visits 0.03

Number of outpatient visits 0.01 Number of visits (chronic conditions) 0.02

Number of off-hours visits 0.01 Number of visits (injury) 0.02

Number of overall visits 0.01 Week of lottery sign up 0.01

Number of on-hours visits 0.01 Gave phone number 0.01

Gave phone number 0.01 Female 0.01

Signed up self for lottery 0.01 Number of visits (abdominal pain) 0.00

Number of visits (injury) 0.01 Number of visits (psychiatric conditions) 0.00

Prelottery TANF benefit amount ($) 0.00 Prelottery SNAP recipient 0.00

English as preferred language 0.00 Number of visits (chest pain) 0.00

Number of visits (mood disorders) 0.00 Prelottery TANF benefit amount ($) 0.00

Number of visits (psychiatric conditions) 0.00 Number of visits (skin conditions) 0.00

Number ambulatory-care-sensitive visits 0.00 Number of visits (back pain) 0.00

Number of visits (abdominal pain) 0.00 Number of visits (headache) 0.00

Number of visits (skin conditions) 0.00 Number of visits (mood disorders) 0.00

Prelottery TANF recipient 0.00 Number ambulatory-care-sensitive visits 0.00

Number of visits (chest pain) 0.00 Signed up self for lottery 0.00

Number of visits (back pain) 0.00 Prelottery TANF recipient 0.00

Number of visits (headache) 0.00 English as preferred language 0.00

Provided P.O. box address 0.00 Provided P.O. box address 0.00

Note. This table shows the top variable importance scores of all characteristics for growing the generalized random 
forests used to estimate the ITE of winning the lottery for overall ED visits. The variable importance measure is a simple 
weighted sum of the proportion of times a variable is used in a splitting step at each depth in growing the causal forest, 
thus, capturing how important a variable is for driving treatment effect heterogeneity. The sample consists of 24,613 
individuals in the Taubman et al. (2014) sample with nonmissing information on prelottery emergency department 
utilization and SNAP/TANF receipt.
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