
 1 

American Journal of Epidemiology Submitted Manuscript1 

Special Collection: Mental Health 

 

Title: Machine Learning Detects Heterogeneous Effects of Medicaid Coverage on Depression 

Authors: Ryunosuke Goto, MD1; Kosuke Inoue, MD, PhD2; Itsuki Osawa, MD3; Katherine 

Baicker, PhD4; Scott L. Fleming, BS5; Yusuke Tsugawa, MD, PhD6,7 

ORCiD IDs: N/A 

Correspondence Address:  Ryunosuke Goto, MD. Department of Pediatrics, The University of 

Tokyo Hospital Address: 7-3-1 Bunkyo-ku, Hongo, Tokyo 113-8655, Japan. Email: rgoto@m.u-

tokyo.ac.jp. Phone: +81-3-3815-5411. ORCID: 0000-0002-4164-0990  

Joint Authorship: N/A 

 

 

 

 

 

 

 

 

                                                 
1
 N/A indicates not applicable.  

ORIG
IN

AL U
NEDIT

ED M
ANUSC

RIP
T

© The Author(s) 2024. Published by Oxford University Press on behalf of the Johns Hopkins Bloomberg 
School of Public Health. All rights reserved. For permissions, please e‐mail: 
journals.permissions@oup.com. 

D
ow

nloaded from
 https://academ

ic.oup.com
/aje/advance-article/doi/10.1093/aje/kw

ae008/7612960 by U
C

LA C
ollege Library user on 12 M

arch 2024



 2 

Affiliations: 1. Department of Pediatrics, The University of Tokyo Hospital, Tokyo, Japan; 2. 

Department of Social Epidemiology, Graduate School of Medicine, Kyoto University, Kyoto, Japan; 

3. Department of Emergency and Critical Care Medicine, The University of Tokyo Hospital, Tokyo, 

Japan; 4. University of Chicago, Chicago, IL; 5. Department of Biomedical Data Science, Stanford 

University, Stanford, CA; 6. Division of General Internal Medicine and Health Services Research, 

David Geffen School of Medicine, University of California, Los Angeles, CA; 7. Department of 

Health Policy and Management, Fielding School of Public Health, University of California, Los 

Angeles, CA  

Key words: machine learning, causal machine learning, causal forest, generalized random forest, 

causal inference, high-benefit approach, mental health, psychiatry, depression, Oregon Health 

Insurance Experiment, Medicaid 

 

Acknowledgments2: This study was presented at the Society for Epidemiologic Research 2023 

Annual Meeting 

Funding: RG receives funding from the Japan Foundation for Pediatric Research (22-001) and the 

Chernobyl-Fukushima Medical Fund for other work not related to this study. KI receives funding 

from the Japan Society for the Promotion of Science (21K20900 and 22K17392), the Japanese 

Endocrine Society, and the Program for the Development of Next-generation Leading Scientists 

with Global Insight (L-INSIGHT) sponsored by the Ministry of Education, Culture, Sports, Science 

and Technology (MEXT), Japan for other work not related to this study. IO receives funding from 

the Toranomon Hospital, Tokyo, Japan for other work not related to this study. KB receives 

funding from the National Institute of Health (NIH)/National Institute on Aging (P01AG005842, 

                                                 
2
 Study investigators, conference presentations, preprint publication information, thanks. 

ORIG
IN

AL U
NEDIT

ED M
ANUSC

RIP
T

D
ow

nloaded from
 https://academ

ic.oup.com
/aje/advance-article/doi/10.1093/aje/kw

ae008/7612960 by U
C

LA C
ollege Library user on 12 M

arch 2024



 3 

R01AG034151) for other work not related to this study, and serves on the board of directors of Eli 

Lilly and Mayo Clinic and on advisory panels of the Congressional Budget Office and National 

Institute for Health Care Management. SLF receives funding from a National Defense Science and 

Engineering Graduate Fellowship and a Stanford Graduate Fellowship for other work not related to 

this study. YT receives funding from the NIH/National Institute on Aging (R01AG068633 & 

R01AG082991), the NIH/National Institute on Minority Health and Health Disparities 

(R01MD013913), and Gregory Annenberg Weingarten GRoW @ Annenberg for other work not 

related to this study, and serves on the board of directors of M3, Inc.  The funders had no role in 

considering the study design or in the collection, analysis, interpretation of data, writing of the 

report, or decision to submit the article for publication.  

Conflict of Interest: Authors declare that they have no competing interests. 

Disclaimer: N/A 

Data Availability Statement: All data used in this study are available online from the National 

Bureau of Economic Research’s Public Use Data Archive and can be accessed at 

https://www.nber.org/research/data/oregon-health-insurance-experiment-data. The code will be 

available upon reasonable request to the corresponding author.   

 

  

ORIG
IN

AL U
NEDIT

ED M
ANUSC

RIP
T

D
ow

nloaded from
 https://academ

ic.oup.com
/aje/advance-article/doi/10.1093/aje/kw

ae008/7612960 by U
C

LA C
ollege Library user on 12 M

arch 2024

https://www.nber.org/research/data/oregon-health-insurance-experiment-data


 4 

ABSTRACT 

In 2008, Oregon expanded its Medicaid program using a lottery, creating a rare opportunity to 

study the effects of Medicaid coverage using a randomized controlled design (Oregon Health 

Insurance Experiment). Analysis showed that Medicaid coverage lowered the risk of depression. 

However, this effect may vary between individuals, and the identification of individuals likely to 

benefit the most has the potential to improve the effectiveness and efficiency of the Medicaid 

program. By applying the machine learning causal forest to data from this experiment, we found 

substantial heterogeneity in the effect of Medicaid coverage on depression; individuals with high 

predicted benefit were older and had more physical or mental health conditions at baseline. 

Expanding coverage to individuals with high predicted benefit generated greater reduction in 

depression prevalence than expanding to all eligible individuals (21.5 vs. 8.8 percentage point 

reduction; adjusted difference [95%CI], +12.7 [+4.6,+20.8]; P=0.003), at substantially lower cost 

per case prevented ($16,627 vs. $36,048; adjusted difference [95%CI], -$18,598 [-$156,953,-

$3,120]; P=0.04). Medicaid coverage reduces depression substantially more in a subset of the 

population than others, in ways that are predictable in advance. Targeting coverage on those 

most likely to benefit could improve the effectiveness and efficiency of insurance expansion.  
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 5 

Introduction  

Assessing the effects of health insurance on health can be challenging, because insured 

individuals differ from uninsured individuals in ways that may themselves directly affect health 

outcomes. In 2008, the state of Oregon allocated limited spots in its Medicaid program for low-

income adults through a lottery, allowing researchers to assess the effects of health insurance 

coverage on health outcomes, healthcare utilization, and financial strain using a randomized 

controlled design.
1
 Results from this Oregon Health Insurance Experiment (OHIE) showed that 

Medicaid coverage reduced financial strain
1
 and increased healthcare use across settings, 

including emergency department (ED) use
2
 and primary care visits.

1
 The effects on physical 

health were mixed: self-reported health improved, but there were no detectable changes in 

physical health outcomes.
3
 The effect on mental health, however, was substantial: Medicaid 

enrollees had a 10% lower probability of screening positive for depression,
3
 a 50% lower 

likelihood of undiagnosed depression, and a 60% lower probability of untreated depression than 

the control group.
4
   

 These findings have important implications, as depression is one of the leading causes of 

disability in the US,
5
 representing a major unmet health need for low-income populations, and 

those gaining insurance were much more likely to have their depression diagnosed and treated.
4
 

Health insurance can thus play a critical role in improving mental health.  However, health 

insurance expansion comes with a substantial price tag, as insured people use more healthcare 

than the uninsured, and budgets for public insurance programs like Medicaid and Medicare 

impose a growing strain on state and federal budgets.
6
 Evaluation of the effectiveness of 

expansions must incorporate both the costs and the benefits.
7
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 6 

The average benefits of Medicaid expansion in treating depression seen in the OHIE may 

mask substantial heterogeneity, with some people benefitting much more than others. In this post 

hoc analysis of the OHIE, we assess the degree of response heterogeneity and the extent to which 

it is predictable ex ante. By applying a novel machine learning method recently introduced in the 

econometrics literature, the causal forest,
8
 we delineate the characteristics of individuals with 

high or low predicted benefit and evaluate both the health benefits and efficiency of an approach 

for targeting health insurance coverage on those most likely to benefit—an approach called the 

“high-benefit approach.”
9
   

 

Methods 

Study sample 

We analyzed data from the OHIE, a randomized-controlled trial of the effects of health insurance 

coverage. Multiple institutional review boards have approved the OHIE, and written informed 

consent was obtained from all participants in in-person data collection. The OHIE took 

advantage of the random allocation of a Medicaid program for low-income (below 100% of the 

federal poverty level), uninsured, able-bodied adults in Oregon in 2008. Details on the lottery are 

described elsewhere.
1
 

To assess various outcomes, a total of 12,229 participants in Portland, Oregon were given 

in-person surveys an average of 25 months after the lottery began. The in-person survey 

contained questions on healthcare utilization, health insurance coverage, and medications. 

Additionally, several anthropometric and blood-pressure measurements were taken, and dried 

blood spots were also obtained. Depression was assessed using the eight-question version of the 

Patient Health Questionnaire (PHQ-8).
10

 The details of the in-person data collection are 
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 7 

described elsewhere.
3
 Of these participants, we included individuals who responded to in-person 

surveys with outcome, treatment, and baseline variables (including select variables on ED 

utilization at baseline) available (Figure S1).  

 

Variables 

The primary outcome was whether or not an individual screened positive for depression (a binary 

outcome), defined as a PHQ-8 score of 10 or higher. We also evaluated the annual healthcare 

cost per case of depression prevented, calculated by dividing the total annual healthcare spending 

(for any healthcare service utilization) in our sample by the expected number of depression cases 

prevented. The expected number of depression cases prevented was calculated by multiplying 

the size of our sample by the average treatment effect of Medicaid coverage on depression. The 

average annual healthcare spending was estimated by multiplying the individual-level numbers 

of prescription drugs, self-reported office visits, emergency department visits, and hospital 

admissions by the average estimated cost for each type of utilization (methods for calculating the 

healthcare spending are described in prior work on OHIE).
3
 Whether an individual won a lottery 

for Medicaid was used as an instrumental variable to estimate the health benefit of Medicaid 

coverage.  

The following baseline covariates were used in the analyses: gender; age; educational 

level (more than a high school diploma or not); race and ethnicity (non-Hispanic White, non-

Hispanic Black, Hispanic, or other); whether the interview was conducted in English or not (in 

Spanish or through an interpreter of another language); diagnoses before the lottery 

(hypertension, diabetes, high cholesterol, asthma, heart attack, congestive heart failure, 

empyema/chronic obstructive pulmonary disease (COPD), kidney failure, cancer, and 
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 8 

depression); ED utilization (the number of ED visits, having had any ED visits for mood 

disorders, having had any ED visits for psychiatric conditions or substance abuse); and hospital 

and ED spending (sum of total hospital charges, and sum of total ED charges prior to 

randomization). As for gender, participants were asked at the time of the survey whether their 

gender was male; female; transgender: male to female; or transgender: female to male (we 

acknowledge that this classification is not inclusive and needs to be revised, but given the post 

hoc nature of this study, we used this classification). Since there were very few individuals who 

answered “transgender,” we dichotomized the gender variable, including individuals who 

answered "transgender: male to female” in the female gender group and "transgender: female to 

male” in the male gender group. As individuals who won the lottery won the eligibility for health 

insurance coverage for all members of their households, all models included the number of 

household members on the lottery list.
3
 When constructing the causal forest model, categorical 

covariates were converted to dummy variables, and a total of 23 covariates were used in the 

model. 

Data on ED visits and charges were taken from visit-level data for all ED visits to 12 

hospitals in the Portland area in the pre-randomization period, defined as January 1, 2007 to 

March 9, 2008. These data were truncated at twice the 99th percentile of the original distribution 

to ensure de-identification.
3
 Additional utilization data came from self-reports of office visits and 

a catalog of prescription drugs taken during the in-person data collection. All other data were 

obtained from information provided by the participants when they signed up for the lottery (prior 

to randomization) and from self-reported in-person surveys conducted from August 31, 2009 

until October 13, 2010.  
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 9 

Statistical analyses 

We estimated the individual treatment effects (ITEs), defined as the treatment effect for each 

individual, conditional on the individual’s observed characteristics, of Medicaid coverage on the 

probability of a positive screening for depression using a causal forest, a machine learning-based 

model that predicts the treatment effects for individuals based on their covariates.
8
 The causal 

forest algorithm extends the regression tree and random forest algorithms to estimating the 

treatment effects for different subgroups, conditional on their observed characteristics.
8
 Whereas 

traditional subgroups analyses are limited to subgroups specified a priori,
11

 the causal forest 

allows for improved characterization of treatment effect heterogeneity by searching across the 

full spectrum of individual characteristics.
12

 To avoid overfitting, the causal forest model uses a 

randomly-selected proportion of the entire sample to build each tree, which is further split into a 

subsample for determining the tree structure (the splitting subsample) and a subsample for 

estimating the treatment effect in each leaf (the estimating subsample), a property called 

“honesty.”
8
 We used cross-validation to tune the proportions of these subsamples, along with the 

number of variables considered for each split, the minimum number of samples each node should 

contain, the proportion of the data used for determining splits, whether the estimation sample tree 

should be pruned such that no leaves are empty, the maximum imbalance of a split, and the 

penalty for imbalanced splits. In addition, we constructed the causal forest model and estimated 

the ITEs using cross-fitting with 10 folds, which has been shown to be an efficient form of data-

splitting.
13

 For each fold 𝑘, this procedure fits the causal forest on observations not included in 

fold 𝑘 and predicts the ITEs of the observations in fold 𝑘.
14

 The calibration of the causal forest 

was evaluated by ranking the ITEs into quintiles within each of the folds, calculating the average 

treatment effect of individuals in each quintile with the causal forest, and comparing them to the 
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 10 

ordinary least squares estimates. For a model with good calibration, the average treatment effects 

estimated with the causal forest and ordinary least squares for each quintile will be similar, and 

will incrementally increase across quintiles. In addition, the calibration and the heterogeneity of 

the model were evaluated using the best linear projection of the ITEs, following the approach by 

Semenova and Chernozhukov.
15

 The best linear projection evaluates whether the average 

prediction of the ITEs is correct ("mean prediction” in Table S1) and whether the forest 

adequately captures the heterogeneity in ITEs (“differential prediction” in Table S1). The ITEs 

were represented in percentage point reduction in prevalence of depression (the signs of the 

estimates were flipped and multiplied by 100 so they can be interpreted as percentage point 

reduction; a positive ITE represents decreased risk of screening positive for depression). All 

covariates listed above were used in the causal forest. To construct the causal forest model, we 

first used whether an individual won the lottery as an instrumental variable for Medicaid 

coverage and performed an intention-to-treat analysis as a supplemental analysis.
16

 We 

performed the instrumental variable analysis in a manner similar to the two stage least squares 

approach, as with the original OHIE studies (Appendix S1).
1-4

  

Using the predicted ITEs, we compared the characteristics of individuals with high 

predicted benefit and low predicted benefit from Medicaid coverage, defined as those with 

predicted ITEs above vs. below (or equal to) the median of the full sample, by computing 

standardized absolute mean differences for each covariate. Additionally, we plotted the ITEs 

across age and the number of comorbidities, variables chosen based on the comparison between 

high and low ITE groups. 

Next, we estimated the average treatment effect of Medicaid coverage on depression for 

two separate scenarios: (1) expanding coverage to individuals with high predicted benefit from 
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 11 

health insurance (defined as individuals with predicted ITEs above the median), and (2) 

expanding coverage to all individuals in the sample. The average treatment effects were 

estimated with instrumental variable regressions. The mean difference in the average treatment 

effects calculated using the two approaches, its 95% confidence interval, and P-value were 

obtained using percentile bootstrapping with 10,000 replications. We compared two outcome 

variables: the health benefit (the depression cases averted) and the healthcare spending (the 

annual healthcare spending per case of depression prevented). We performed robustness checks 

by dividing the sample into high and low predicted benefit groups using the median of each fold 

(instead of the median of the full sample) as the cutoff (Appendix S2).  

Finally, using the important predictors of ITEs (i.e., covariates with the greatest 

predictive value of ITEs) identified with the causal forest, we investigated whether we could 

identify individuals with high ITEs using a small number of variables. In particular, we estimated 

the average treatment effect of providing Medicaid coverage to individuals selected based on age, 

the variable identified as the most important predictor.  

As supplemental analyses, we compared ITEs across race and ethnicity, stratified by age. 

ITEs were estimated using the causal forest model, fixing variables other than age and race and 

ethnicity at the median, and were represented as a heatmap. In addition, we compared the 

number of depression cases averted by race and ethnicity, for the high-benefit approach and the 

population approach. The number of depression cases averted for each approach was calculated 

by multiplying the total number of individuals by the treatment effect in the subgroup. 

Differences in the number of depression cases averted were estimated using bootstrapping with 

10,000 replications. All analyses were conducted using R version 4.1.1 using the package grf (R 

Project for Statistical Computing).
17
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Results 

Basic characteristics 

A total of 10,068 low-income individuals met the inclusion criteria. Of these individuals, 5,274 

were lottery winners and 4,794 were in the control group. The distributions of baseline 

characteristics were similar between the lottery winners and the control group (Table 1).  

 

The causal forest model for predicting the individual treatment effects 

The causal forest model of the effects of Medicaid coverage on screening positive for depression 

showed good calibration (Table S1, Figure S2). There was significant heterogeneity in the 

treatment effect of Medicaid coverage on depression based on the best linear projection of the 

ITEs (Table S1). The ITEs showed a bimodal distribution (Figure 1). The median of the 

predicted ITE was 11.6 percentage points (pp) reduction, and the cutoff between high and low 

predicted benefit was set at this value. The variable importance plot showed that age was 

frequently split on in the causal forest (Figure S3). The causal forest for the intention-to-treat 

analysis similarly showed good calibration (Table S2, Figure S4). 

 

Characteristics of individuals with high vs low ITEs 

Comparing the characteristics of individuals with high vs. low predicted benefit from Medicaid 

coverage, we found that individuals with high predicted benefit were older and more likely to 

have physical or mental health conditions at baseline (Table 2). We did not observe large 

differences in gender, educational level, or ED visits at baseline, although those with low 

predicted benefit were more likely to be Hispanic. The weighted prevalence of those who 

screened positive for depression in the control group for the high ITE vs. low ITE groups were 
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 13 

36.4% and 23.2%, respectively, and in the treated group were 30.3% and 23.5%, respectively. 

Older individuals tended to have higher predicted ITEs and more comorbidities (Figure 2). 

While the ITEs were relatively constant across younger individuals up to the mid-30s, the 

predicted ITEs increased drastically from the mid-30s to the mid-50s (Figure 2). The differences 

between high vs. Low ITE groups were similar when the cutoff for high predicted benefit was 

defined as the median for each of the 10 folds (Table S3). 

 

Expanding Medicaid coverage to individuals with high predicted benefit 

Expanding Medicaid coverage to individuals with estimated ITEs above the median achieved 

greater average reduction in prevalence of depression compared to expanding coverage to all 

individuals in the sample (average treatment effect, 21.5 vs. 8.8 pp reduction; adjusted difference 

[95% CI], +12.7 [+4.6, +20.8]; P=0.003; Table 3). The healthcare spending required to prevent a 

case of depression was lower when Medicaid expansion targeted those individuals with high 

estimated ITEs compared to covering all eligible individuals (annual healthcare spending per 

case of depression prevented, $16,627 vs. $36,048; adjusted difference [95% CI], -$18,598 [-

$156,953, -$3,120]; P=0.04). We obtained similar results when the cutoff for high predicted 

benefit was defined as the median for each of the 10 folds (Table S4).  

 

Targeting Medicaid coverage expansion by age 

The results of the causal forest analysis indicated that that age is the covariate most predictive of 

ITEs. Therefore, we conducted a post hoc analysis using only the information on age. In 

particular, we evaluated the scenario of expanding Medicaid coverage to individuals aged 50 

years or older, a cutoff we chose based on Figure 2. We found that this approach was associated 
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with a larger reduction in prevalence of depression (23.1 vs. 8.8 pp reduction; adjusted difference 

[95% CI], +14.3 [+1.0, +27.6]; P=0.03; Table S5) in depression and was more efficient (annual 

healthcare spending per case of depression prevented, $16,430 vs. $36,048; adjusted difference 

[95% CI], -$18,598 [-$157,845, +$17,312]; P=0.09) compared to expanding coverage to all 

individuals in the sample. We also found that this approach was as effective (23.1 vs. 21.5 pp 

reduction; adjusted difference [95% CI], +1.6 [-8.6, +11.9]; P=0.75; Table S6) and efficient 

($16,430 vs. $16,627; adjusted difference [95% CI], -$260 [-$9,456, +$22,372]; P=0.94; Table 

S6) as expanding coverage to individuals with high estimated ITEs based on the causal forest. 

 

Comparison of effects by race and ethnicity 

Based on our comparison of high vs. low ITE groups, we found that a larger number of Hispanic 

people in the low ITE group than in the high ITE group. More specifically, the proportion of 

people categorized as high ITE was 35.1% among Hispanic people, compared to 57.6% among 

the non-Hispanic Black population and 52.5% among the non-Hispanic White population. 

Comparing the number of depression cases averted by race and ethnicity, we found that the 

number of depression cases averted was higher in the high-benefit approach for the non-Hispanic 

White population, but not in the non-Hispanic Black or Hispanic populations (Table S7). 

However, predicted ITEs (stratified by age, the most important determinant of treatment effect 

heterogeneity in our model) were similar across race and ethnicity groups (Figure S5), indicating 

that race and ethnicity per se was unlikely to have been an important determinant of treatment 

effect heterogeneity.  

 

Discussion 
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In this post hoc analysis of the OHIE using the machine learning causal forest, we found 

substantial – and predictable – heterogeneity in the effect of Medicaid coverage on depression. 

Those who experienced large improvements in depression were older and had more physical or 

mental health conditions at baseline. We found that providing Medicaid coverage to individuals 

with high likelihood of benefit as predicted using ex ante information—an approach known as 

the “high-benefit approach”
9
—reduced depression by a three-fold greater margin than providing 

coverage to all low-income individuals (the population approach).
18

 This high-benefit approach 

was not only effective in preventing the depression cases, but also more cost-effective than 

broader expansions as captured by the healthcare spending per each case of depression averted. 

Such an approach may prove useful especially when expansions to all low-income individuals is 

not practical due to resource limitations. Taken together, our findings suggest that it is possible 

to use baseline information to prioritize coverage expansion to those who are likely to benefit the 

most.  

 The OHIE underscored the importance of health insurance in addressing the unmet 

mental health needs of a population by reducing the prevalence of undiagnosed and untreated 

depression.
3,4

 We used a novel method for incorporating existing information to predict the 

heterogeneous effects of health insurance coverage, and find that in this case age is a key driver 

of the effect of Medicaid coverage even when other factors are considered. In addition, we 

provide new information about the relationship between age and the effect of Medicaid 

coverage: we show that the effect of Medicaid coverage increases drastically from the mid-30s 

and peaks for individuals in the mid-50s and above. Our analyses using the causal forest 

identified age as the most important predictor of ITEs (the fact that age was a strong predictor 

was not known ex ante, nor was the functional form of that relationship), and our post hoc 
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 16 

analysis revealed that providing coverage to individuals with age 50 and achieves similar 

effectiveness and efficiency to more complicated eligibility criteria. This may be because the 

effects of socioeconomic adversity on depression are said to accumulate over time: that is, the 

longer the exposure to the negative consequences of socioeconomic status, the more lower 

socioeconomic status contributes to worse mental health.
19

 In the context of our study, if we 

assume that older individuals were exposed to lower socioeconomic status for longer periods of 

time, then insurance coverage likely helped older individuals out of the negative consequences of 

poverty (such as the financial strain of getting healthcare and the distress from not being able to 

afford it), thereby alleviating their mental health burden, more so than younger individuals. This 

should be confirmed in future studies. Ultimately, our findings highlight the importance and 

utility of evaluating the heterogeneity in treatment effects across the full spectrum of individual-

level demographic and health characteristics as well as the intricate interactions among them 

using the causal forest. Future studies could use other ITE estimators to explore whether our 

results can be replicated.
20-22

  

Importantly, our approach facilitates the policy option of prioritizing coverage and 

treatment plans based on predicted benefit. Though their application in healthcare is scarce, 

several models have been developed for estimating treatment effects at the individual level and 

detecting treatment effect heterogeneity: the causal forest,
8
 double/debiased machine learning,

14
 

and orthogonal random forest
23

 to name a few, which have been gaining attention in the 

econometrics literature. These methods have shown promise not only in randomized trials but 

also in observational data,
15,24

 suggesting their value for policy evaluation in experimental and 

observational settings alike. As our study suggests, applying these methods to exploring a ORIG
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policy’s treatment effect heterogeneity and determining the optimal coverage based on the 

predicted benefit could be a new avenue for precision policy making. 

These promising findings should not undermine the importance of addressing disparities 

in healthcare, especially in light of the possibility that algorithm-based healthcare coverage may 

exacerbate disparities if the estimated treatment effect is smaller among minoritized populations. 

First, it is possible that the data used to develop the algorithms may be biased if minoritized 

patients were more or less likely to have coded diagnosis of certain conditions.
25,26

 However, it is 

important to note that most variables available in the OHIE data were collected using surveys, 

which is less sensitive to biased coding practice than the variables collected from administrative 

data such as claims and electronic health records. 

In addition, our findings indicated that Hispanic individuals are less likely to be categorized in 

the high predicted benefit group. Though we found that race and ethnicity per se was unlikely to 

have been an important determinant of treatment effect heterogeneity and the observed 

heterogeneity by race and ethnicity was likely to be due to different distribution of age across 

race and ethnicity groups, it is also possible that some race and ethnicity groups enjoy smaller 

benefit in other algorithm-based healthcare allocation scenarios. As such, policymakers could 

use our approach to delineate the characteristics of individuals at risk of not receiving sufficient 

benefit from the intervention and to make sure they are not marginalized by building strategies 

that are beneficial to them.
27

 Thus, the causal forest approach could help reveal disparities in 

healthcare by evaluating the heterogeneity in treatment effects across the full spectrum of 

individual-level demographic and health characteristics. These disparities should be addressed in 

future studies investigating the relationship between health disparities and algorithm-based 

healthcare allocation.  
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Limitations 

Our study has limitations. The causal forest can only detect heterogeneity across covariates 

included in the model, and there may also be other variables not included in the OHIE that drive 

treatment effect heterogeneity of Medicaid coverage. Second, our study may have limited 

external generalizability to low-income adults in settings other than Oregon. Third, individuals in 

the OHIE gained an average of 17 months of Medicaid coverage,
3
 and the long-term effects of 

insurance coverage or the effects of a different type of coverage might be different. Fourth, 

although lottery assignment was random and thus a good instrumental variable for Medicaid 

coverage, lottery assignment was not blinded, and thus could potentially have affected mental 

health directly, moving bias away from the null. Fifth, conclusions on the benefit of Medicaid 

coverage on outcomes other than depression should not be made based on our study. Sixth, the 

there is no way to directly address the ethical issues of providing insurance coverage to those 

with high ITEs. Thus, any policymaker using the high-benefit approach needs to simulate its 

impact on disparities before implementation and look out for unintended consequences after 

implementation. Finally, our estimates of the difference in cost-per-case are crude; we use an 

average cost-per-visit, and visits for those with high ITE may involve different costs or intensity. 

These stylized figures should thus be interpreted as illustrative.  
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TABLES AND FIGURES 

 

Table 1. Descriptive statistics of controls and lottery winners.  

 

  

 Characteristic 

  

  

Controls  

(n=4794) 

Lottery 

winners 

(n=5274) 

Standardized absolute 

mean difference  

Female gender (%) 56.9 55.6 0.02 

Age 40.8 ± 11.7 40.8 ± 11.7 0.00 

Education (%) 
   

 
High school diploma or less 66.6 65.8 0.02 

 
Post-high school 33.4 34.2 

 
Race and ethnicity (%) 

   

 
Non-Hispanic White 63.7 63.7 0.00 

 
Non-Hispanic Black 11.0 10.2 0.03 

 
Hispanic 17.4 17.5 0.00 

 
Other 7.9 8.7 0.03 

Interview conducted in English (%) 90.8 90.2 0.02 

Diagnosis before lottery (%) 
   

 
Hypertension 18.1 17.8 0.00 

 
Diabetes 7.4 6.9 0.02 

 
High cholesterol 12.8 11.8 0.03 

 
Asthma 19.6 18.8 0.02 

 
Heart attack 2.0 1.6 0.03 

 
Congestive heart failure 1.0 1.1 0.02 

 
Emphysema/COPD 2.5 2.3 0.00 

 
Kidney failure 1.8 1.7 0.00 

 
Cancer 4.0 4.1 0.00 

 
Depression 34.3 33.3 0.02 

Number of ED visits, pre-randomization 0.8 ± 1.8 0.8 ± 1.8 0.00 

Any ED visits for mood disorders, pre-randomization (%) 1.5 1.6 0.00 

Any ED visits for psychiatric conditions or substance 

abuse, pre-randomization (%) 
3.2 3.0 0.01 

Sum of total charges, pre-randomization (US dollars) 2156 ± 8693 1805 ± 7318 0.00 

Sum of ED charges, pre-randomization (US dollars) 893 ± 2439 841 ± 2368 0.00 

 

COPD, chronic obstructive pulmonary disease; ED, emergency department. 

Categorical variables are expressed as proportions and continuous variables are expressed as mean ± standard 

deviation.   
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Table 2. Comparison of individuals with high vs. low individual treatment effects. The cutoff for high individual 

treatment effect was set at the median of the ITEs.  

 

Characteristic 
Low ITE group 

(n=5034) 

High ITE group 

(n=5034)  

Standardized 

absolute mean 

difference 

Female gender (%) 58.2 54.3 0.08 

Age 30.8 ± 5.6 50.9 ± 6.3 0.35 

Education (%) 
   

 
High school diploma or less 68.2 64.2 0.09 

 
Post-high school 31.8 35.8 

 
Race and ethnicity (%) 

   

 
Non-Hispanic White 60.9 66.5 0.12 

 
Non-Hispanic Black 9.0 12.1 0.10 

 
Hispanic 22.6 12.3 0.27 

 
Other 7.6 9.0 0.05 

Interview conducted in English (%) 87.9 93.0 0.18 

Diagnosis before lottery (%) 
   

 
Hypertension 7.5 28.4 0.57 

 
Diabetes 2.8 11.6 0.35 

 
High cholesterol 4.9 19.7 0.46 

 
Asthma 19.6 18.7 0.02 

 
Heart attack 0.3 3.4 0.23 

 
Congestive heart failure 0.2 1.8 0.16 

 
Emphysema/COPD 0.4 4.4 0.26 

 
Kidney failure 1.3 2.2 0.06 

 
Cancer 2.0 6.1 0.21 

 
Depression 30.7 36.9 0.13 

Number of ED visits, pre-randomization 0.8 ± 1.8 0.8 ± 1.8 0.00 

Any ED visits for mood disorders, pre-randomization (%) 1.4 1.7 0.03 

Any ED visits for psychiatric conditions or substance 

abuse, pre-randomization (%) 
3.1 3.1 0.01 

Sum of total charges, pre-randomization (US dollars) 1523 ± 6335 2444 ± 9432 0.00 

Sum of ED charges, pre-randomization (US dollars) 843 ± 2352 892 ± 2455 0.00 

 

ITE, individual treatment effect; COPD, chronic obstructive pulmonary disease; ED, emergency department. 

High predicted benefit was defined as ITE greater than the median.  

Categorical variables are expressed as proportions and continuous variables are expressed as mean ± standard 

deviation. 
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Table 3. The average treatment effect of targeted Medicaid expansion to individuals with high predicted benefit 

compared to average treatment effect of Medicaid expansion to all individuals in sample. 

 

  

  

High-benefit approach 

(expanding coverage to 

individuals with high 

predicted benefit) 

(n=5034) 

Population approach 

(expanding coverage 

to all individuals in 

sample) 

(n=10068) 

Difference 
P-value of 

difference 

ATE on depression (percentage 

point reduction) 
21.5 (9.8, 33.2) 

8.8 

(0.8, 16.8) 

+12.7  

(+4.6, +20.8) 
0.003 

Total annual healthcare 

spending 
$18,002,940 $31,980,514   

Annual healthcare spending per 

case of depression prevented 

$16,627  

($10,775, $36,396) 

$36,048  

($18,897, $390,077) 

-$18,598  

(-$156,953, -

$3,120) 

0.04 

 

ATE, average treatment effect; ITE, individual treatment effect. 

High predicted benefit was defined as ITE greater than the median.  

Treatment effects were estimated with instrumental variable regressions, and are expressed as percentage point 

reduction in prevalence of depression. A positive treatment effect represents decreased risk of screening positive for 

depression.  

The difference in ATEs, its 95% confidence interval, and P-value were obtained using percentile bootstrapping with 

10,000 replications.  
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Figure 1. Distribution of individual treatment effects. Individual treatment effects showed a bimodal distribution, 

and the median individual treatment effect of 11.6 percentage points was used as the cutoff between low and high 

individual treatment effects. Treatment effects are expressed as percentage point reduction in prevalence of 

depression. A positive treatment effect represents decreased risk of screening positive for depression. 
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Figure 2. Individual treatment effects across age and number of comorbidities. ITEs are expressed as percentage 

point reduction. A positive ITE represents decreased risk of screening positive for depression. The x-axis represents 

the age of the individuals, and the y-axis represents the predicted ITEs. The number of comorbidities is color-coded, 

as represented in the legend. Two individuals aged 65 or above were excluded from the plot. ITE, individual 

treatment effect. 
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