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Abstract
Patients at risk for hepatocellular carcinoma or liver cancer should undergo semiannual screening tests to facilitate early
detection, effective treatment options at lower cost, better recovery prognosis, and higher life expectancy. Health care insti-
tutions invest in direct-to-patient outreach marketing to encourage regular screening. They ask the following questions: (1) Does
the effectiveness of outreach vary among patients and over time?; (2) What is the return on outreach?; and (3) Can patient-level
targeted outreach increase the return? The authors use a multiperiod, randomized field experiment involving 1,800 patients.
Overall, relative to the usual-care condition, outreach alone (outreach with patient navigation) increases screening completion
rates by 10–20 (13–24) percentage points. Causal forests demonstrate that patient-level treatment effects vary substantially
across periods and by patients’ demographics, health status, visit history, health system accessibility, and neighborhood socio-
economic status, thereby facilitating the implementation of the targeted outreach program. A simulation shows that the targeted
outreach program improves the return on the randomized outreach program by 74%–96% or $1.6 million to $2 million. Thus,
outreach marketing provides a substantial positive payoff to the health care system.

Keywords
causal forests, machine learning, personalized health care marketing, cancer screening, randomized field experiment

Online supplement: https://doi.org/10.1177/0022242920913025

In 2018, over 1.7 million new cases of cancer were diagnosed

in the United States, and the cost of cancer care surpassed $147

billion (National Cancer Institute 2018). Following the guide-

lines of the National Comprehensive Cancer Network (2018),

health care institutions encourage at-risk patients to undergo

regular screening, as this opens the door for early detection,

more cost-effective treatment options, and better recovery

prognosis. Regular screening reduces mortality rates for lung

(20% drop; Humphrey et al. 2013), breast (20%–40% drop;

Oeffinger et al. 2015), and liver (37% drop; Zhang, Yang, and

Tang 2004) cancers. Moreover, cancer screening can reduce

annual treatment costs by nearly $5,000 (Benoit, Grönberg, and

Naslund 2001).

Health care institutions invest heavily in direct-to-patient

outreach interventions to increase screening completion among

at-risk patients. For example, Johns Hopkins Hospital’s cancer

center uses emails, letters, seminars, and community events to

encourage screening completion among patients (Johns Hop-

kins Medicine 2019). With 1.7 million outreach interventions

launched in 2015, and $123 million spent on prevention and
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education efforts,1 only 8% of U.S. adults over 35 years old

utilize preventive services (Borsky et al. 2018). This percent-

age is too low. Health care institutions face three challenges in

improving outreach effectiveness.

First, most studies examine only the main effects of medical

interventions (e.g., Singal, Pillai, and Tiro 2014; Singal et al.

2019), neglecting variation due to patient demographics, health

status, visit history, health system accessibility, and neighbor-

hood socioeconomic status (Figueroa and Jha 2018). By incor-

porating this heterogeneity in patient response to outreach

interventions, health care institutions can implement

“personalized health care marketing” and boost outreach effec-

tiveness. Second, medical scholars typically compare the rela-

tive efficacy of outreach interventions using a single-period

research design (e.g., Basch et al. 2006). Given the importance

of regular screening compliance over multiple periods (Chubak

and Hubbard 2016), it is critical to evaluate screening compli-

ance over multiple periods. Third, quantifying the return on

outreach interventions to incorporate the health benefits and

financial cost of interventions will help health care institutions

communicate the tangible value they bring to the community

and enable funding agencies to sustain these interventions

(Andersson et al. 2008). As the director of cancer education

for the Stanford Cancer Center notes, “durable, long-term solu-

tions will require a substantial investment in academic/commu-

nity partnerships to improve cancer education” (Conger 2010).

To addresses these three challenges, we use a multiperiod

randomized field experiment conducted at a large hospital sys-

tem with at-risk patients for hepatocellular carcinoma (HCC),

the most common type of primary liver cancer (Singal et al.

2019). Patients were randomly assigned (1:1:1) to three condi-

tions: usual care, outreach alone, or outreach with patient navi-

gation. Usual care is the baseline condition in which physicians

offer preventive care recommendations at their discretion dur-

ing a patient’s usual care visits. As we describe subsequently,

outreach alone and outreach with patient navigation provide

two different levels of marketing using outreach mails, out-

reach calls, and customized motivational education by trained

patient navigators. The focal outcome is the patient’s screening

completion status within 6 months (Period 1), 6–12 months

(Period 2), and 12–18 months (Period 3) of the initial rando-

mization. This enables an investigation of the impact of out-

reach interventions on regular screening compliance. We

evaluated screening completion status every 6 months, as this

interval has been demonstrated to increase early detection and

survival compared with longer screening intervals (Santi et al.

2010). To incorporate patient heterogeneity, we iteratively con-

struct the focal covariates based on the extant medical literature

and pragmatic considerations that the study design affords,

including patients’ demographics, health status, visit history,

health system accessibility, neighborhood socioeconomic sta-

tus, and prior screening compliance.

Relative to the baseline condition, outreach alone (outreach

with patient navigation) increases screening completion rates

by 10–20 (13–24) percentage points, but the effectiveness of

the two outreach interventions does not significantly differ.

Central to this article, the similarity in these main effects masks

considerable heterogeneity in outreach effectiveness due to

patient-level differences (Blanchard et al. 2012). We uncover

patient-level treatment effects of these two interventions using

causal forests, a state-of-the-art development in the machine

learning and economics literature (Wager and Athey 2018).

Results show the following: (1) compared with outreach alone,

outreach with patient navigation induces a higher proportion of

patients with significant positive heterogeneous treatment

effects in Periods 2 (9%) and 3 (23%); (2) the increased screen-

ing completion from outreach alone or outreach with patient

navigation is higher for patients who are female, are part of a

racial/ethnic minority, have a better health status, have a more

frequent visit history, are covered by medical-assistance insur-

ance, reside in closer proximity to clinics, and reside in a more

populated neighborhood; (3) the increase in screening comple-

tion due to outreach alone is higher for patients who are

younger, commute faster, and reside in a neighborhood with

more public insurance coverage; in contrast, the increase in

screening completion as a result of outreach with patient navi-

gation is higher for patients who are older and reside in a

higher-income neighborhood.

Incorporating patient-level differences in their responsive-

ness to outreach interventions, and a well-established scheme

of cost–benefit calculation that quantifies health benefits and

financial costs associated with outreach interventions (e.g.,

Goossens et al. 2017), we assign patients to the baseline,

outreach-alone, or outreach-with-patient-navigation condition

in each period on the basis of their predicted treatment effect

and predicted net return. As a result, the commensurate return

on the patient-level targeted outreach program is $3,704,270–

$4,167,419 when extrapolated to 3,217 eligible patients in the

hospital’s database. The targeted outreach program improves

the return on the randomized outreach program ($2,130,921)

by 74%–96%.

We make several contributions to marketing theory and

health care practice. First, the literature on marketing interven-

tions in health care (Table 1, Panel A) typically relies on

experimentally manipulated moderators, such as test accuracy

(Luce and Kahn 1999) or consumer goals (Wang, Keh, and

Bolton 2010); while theoretically interesting, they are imprac-

tical for health care institutions to implement. Health care insti-

tutions can readily utilize observable patient characteristics—

such as ethnicity, visit history, and insurance coverage—that

are of theoretical relevance. The bulk of the marketing litera-

ture has focused on attitudinal consequences using self-reports

of behavioral intentions (e.g., Bolton et al. 2008), risk percep-

tions (e.g., Menon, Block, and Ramanathan 2002), and atti-

tudes (e.g., Basil and Brown 1997) in a lab setting. While

insightful, they are of little practical relevance to addressing

1 See https://www.cancer.org/content/dam/cancer-org/online-documents/en/

pdf/infographics/where-does-your-money-go-infographic-print.pdf (accessed

February 25, 2020).
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actual health care behaviors such as screening completion

among real patients.

Second, we extend the medical literature on cancer outreach

effectiveness, which has focused primarily on the main effects

of cancer outreach interventions from randomized field studies

(Table 1, Panel B). The causal forests approach provides a

practical way to improve the efficacy and external validity of

field experiments by systematically exploring the treatment-

effect heterogeneity across intervention types, across patient

subgroups, and over time without prespecifying the sources

of heterogeneity (Cook and Campbell 1979; Lynch 1982).

Third, we provide insights into what patient subgroup ben-

efits more (less) from outreach interventions, offer ways to

customize the interventions, and help practitioners allocate

limited financial resources to those with the largest potential

gains. For example, while outreach programs typically target

diverse, socioeconomically difficult-to-reach disadvantaged

patient populations to improve their health outcomes (Singal

et al. 2019), patients more responsive to outreach interventions

tend to be female, be part of a minority, be in good health

status, have more frequent visit history, be covered by

medical-assistance insurance, reside in closer proximity to

clinics, and reside in more populated neighborhoods. Thus,

simply targeting one or two patient characteristics may not

maximize the gains from the outreach interventions.

Fourth, our approach provides a roadmap for implementing

personalized health care marketing by customizing outreach

interventions and quantifying the return on such interventions.

Using patient-level treatment effect estimates with valid con-

fidence intervals, we not only provide a tool that can recom-

mend the most suitable intervention for each patient given their

profile but also provide an individual-level cost–benefit anal-

ysis to measure the return on personalized health care market-

ing investments.

Institutional Setting, Study Design, and Data

Institutional Setting: Cancer Outreach and the
Importance of Regular Screening

Our field experiment is based on the cancer outreach efforts of

a large hospital system to increase regular screening comple-

tion for early detection of HCC, the most common form of liver

cancer, among patients with higher risk of HCC. Most patients

with liver cancer do not display symptoms until it reaches an

advanced stage; they often miss the time window during which

treatment options, such as transplant and surgical resection, are

effective. The five-year survival rate for early-stage liver can-

cer patients who undergo surgery is 60%–70%, while the five-

year relative survival rate for liver cancer is 18% (American

Cancer Society 2019). Yet, the utilization rate of HCC screen-

ing is below 20% in the general cirrhotic population, and even

lower among low-socioeconomic-status and non-Caucasian

patients (Singal et al. 2012).

The outreach program was designed to promote regular

screening (i.e., obtain a screening every six months). The

six-month screening interval is in line with the evidence-

based recommendations issued by the American Association

for the Study of Liver Diseases and National Comprehensive

Cancer Network (e.g., Marrero et al. 2018; Tzartzeva et al.

2018). It was initially based on tumor doubling times and (1)

is better for early detection than longer intervals (e.g., 12

months; Santi et al. 2010) but worse than shorter intervals

(e.g., 3 months; Trinchet et al. 2011) and (2) minimizes patient

and provider burden (Bruix and Sherman 2011).

The hospital system conducted a randomized trial between

December 2014 and March 2017. The study was approved by

the University of Texas Southwestern Medical Center Institu-

tional Review Board. The trial protocol is available on clinical

trials.gov (NCT02312817), where the study is registered. The

random assignment (1:1:1) consisted of one baseline condition

(no outreach) and two conditions with outreach interventions

(outreach alone and outreach with patient navigation), with the

outcome being HCC screening completion status.2

Study Design

Sample. The eligibility criteria for patient inclusion using estab-

lished norms have been developed in the medical field (for

details, see Web Appendix A1). From the 3,217 eligible

patients in the hospital’s database, 1,800 patients were ran-

domly selected for the study.3

Focal independent variable: intervention type. As we summarize in

Figure 1, each patient was randomly assigned to one of three

conditions in a 1:1:1 ratio:

� No outreach or usual care (baseline condition):

Patients received visit-based HCC screening as recom-

mended by primary or specialty care providers and were

not contacted by the outreach marketing team. For

patients who scheduled ultrasounds, the hospital system

placed automated reminder telephone calls two days

before the ultrasound appointments.

� Outreach-alone intervention: As in the baseline con-

dition, patients were eligible for usual care, as offered

through their usual outpatient encounters. Patients were

also mailed a one-page letter, which contained informa-

tion on the risk of HCC in patients with cirrhosis and the

benefits and risks of HCC screening, a brief summary of

the screening procedure, and a recommendation to the

patient to make an appointment for an ultrasound (for

details, see Web Appendix A2). To increase participa-

tion, the staff then made outreach calls to nonresponders

(i.e., patients with returned mail and those who did not

respond to mailed invitations within two to four weeks).

2 The hospital system is the sole safety-net provider for Dallas County, which

minimizes omitted variable bias that could emanate from competitive efforts

by other organizations in the area.
3 The hospital system obtained a waiver of informed consent to minimize

volunteer bias.
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During telephone calls, trained research staff followed

standardized scripts. Mails and telephone calls were in

English or Spanish, depending on patients’ preferences.

In addition, the hospital system placed automated remin-

der telephone calls two days before appointments for

patients who scheduled ultrasounds.

� Outreach-with-patient-navigation intervention: Like

patients in the baseline condition and those in the

outreach-alone condition, patients in this condition were

eligible for care as offered through their usual outpatient

encounters. Patients in this condition had an experience

identical to those in the outreach-alone condition, with

two additions: (1) a telephone script used during out-

reach telephone calls and (2) an additional reminder call

from the research staff. During telephone calls, if

patients in this condition declined to make an appoint-

ment for screening, the research staff used a standar-

dized telephone script to identify potential barriers and

then provided customized motivational messages to

encourage screening participation. Examples of barriers

include preparation involved, pain during the test, and so

on (for details, see Web Appendix A3). For instance, if a

patient is concerned about the preparation required for

the screening, the research staff alleviates this concern

by stating, “A liver ultrasound is a quick procedure. The

ultrasound usually takes less than 30 minutes and the

appointment should take around one hour from start to

finish.” For scheduled ultrasounds, the hospital system’s

research staff called the patients five to seven days

before the appointments to provide a reminder, address

any concerns, and reschedule the appointment if needed.

For these patients, the hospital system also placed auto-

mated reminder telephone calls two days before the

ultrasound appointments. Overall, as shown in Figure

1, this condition is the most intense and comprehensive

intervention in the study.

Multiperiod study design and sample sizes in periods 2 and 3. To

encourage regular screening completion, the study repeated the

outreach-alone and outreach-with-patient-navigation interven-

tions during each of the three periods. We define Period 1 as the

time within 6 months of the first randomization, Period 2 as the

time between month 6 and month 12 since the first randomiza-

tion, and Period 3 as the time between month 12 and month 18

since the first randomization. In summary, the hospital system

undertook the outreach interventions in all three periods, each

period being six months apart, and each patient belonging to

the same condition across the three periods. The goal of this

design is to encourage screening in each period.

Once a patient has completed the screening in the first

period, the patient does not exit the pool and is contacted in

the second and third six-month periods. There are two

exceptions to the repeated interventions: (1) if the patient

completes the screening and is diagnosed with HCC during

the experiment, the patient exits the pool as the providers

must refer the patient for HCC treatment instead of routine

screening; (2) if the patient completes the screening and

dies during the course of the experiment, the patient cannot

complete the screening in later periods. As a result, the

sample size is 1,800 for Period 1, 1,772 for Period 2, and

1,743 for Period 3.4 The sample sizes in the baseline,

outreach-alone, and outreach-with-patient-navigation condi-

tions are (600, 600, 600) for Period 1, (591, 592, 589) for

Period 2, and (577, 584, 582) for Period 3.

Dependent variable: screening completion status. Screening com-

pletion status is measured as a patient getting an abdominal

imaging screening test (1) or not (0).5 We observe the depen-

dent variable for each patient in Periods 1, 2, and 3.

Constructing Focal Covariates: An Iterative Approach

Taking theoretical and pragmatic considerations into account,

we followed a four-step iterative approach to determine the

focal covariates that inform patient heterogeneity in response

to outreach interventions. This process of including covariates

starts from original yet tentative variables available to

researchers and is informed by a multifaceted understanding

of theory models, prior studies, research questions, and prac-

tice. The approach resembles a theory-in-use process (e.g.,

Zeithaml et al. 2020) that iteratively intertwines exploratory

and confirmatory research to incorporate the interplay of het-

erogeneity with treatment.

� Step 1: Utilize original variables. We begin with the

variables that are available in the electronic medical

record system (EMR) and are relevant to practitioners

and well-documented in medical research (and thus rel-

evant to academic scholars).6 These systems store and

track key patients’ information such as patient demo-

graphics (e.g., Wetherell et al. 2013), health status

(e.g., Ferrante, Chen, and Kim 2008), and visit history

record (Skolnik 2011). As Table 1 shows, previous stud-

ies in health care have analyzed these “ready-for-use”

variables in the EMR (e.g., Humiston et al. 2011;

McCarthy et al. 2018).

� Step 2: Construct theoretically relevant variables. We

use the information available in the EMR to construct

new variables that are not captured by the raw unrefined

data but draw on theories such as health belief model

and protection motivation theory (e.g., Lisjak and Lee

2014; Moorman and Matulich 1993). Thus, a patient’s

health insurance and location information proxy their

4 Out of 28 patients excluded in Period 2, 12 were excluded because they were

diagnosed with HCC in Period 1, and 16 were deceased. Out of 57 patients

excluded in Period 3, 23 were excluded due to being diagnosed with HCC in

Period 2, and 38 were deceased (4 of them were both diagnosed with HCC and

deceased).
5 The abdominal imaging screening includes an ultrasound, magnetic

resonance imaging (MRI), or computed tomography (CT).
6 In 2017, 85.9% of office-based physicians in the United States used an EMR

system (https://www.cdc.gov/nchs/fastats/electronic-medical-records.htm).
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insurance coverage (financial access to care) and prox-

imity to clinics (geographical access to care). This is

consistent with the research showing that health system

accessibility and “improving health system accessibility

across the socio-economic spectrum” (Australian Digi-

tal Health Agency 2018, p. 19) is a strategic priority for

policy makers (Provincial Health Services Authority

2011).

� Step 3: Explore external secondary data sources. To

supplement the previous steps, we also gather additional

data from external secondary sources. Socioeconomic

factors can help marketing researchers develop a better

understanding of understudied and underserved consu-

mers (MacInnis et al. 2020). We collect data on each

patient’s neighborhood socioeconomic status—includ-

ing educational attainment, income, commute time, pri-

vate/public health insurance coverage, employment

status, and population—by collecting zip-code-level

data from American Community Survey.

� Step 4: Incorporate contextually relevant variables.

Along with variables that are static in nature, we include

each patient’s screening compliance in prior periods.

Incorporating cancer screening compliance across

different periods (Chubak and Hubbard 2016) captures

the temporal variation in screening completion. It also

informs us how outreach effectiveness might vary due to

patients’ prior behavioral pattern.

In summary, we include six sets of patient characteristics:

(1) demographics including age, gender (coded as 1 if a

patient is female, 0 otherwise), ethnicity (non-Hispanic Cau-

casian, Hispanic, Non-Hispanic African American, or other/

unknown), and primary language (English, Spanish, or other);

(2) health status, which includes Child-Pugh B (coded as 1 if

Child-Pugh score is higher than 6, 0 otherwise), Charlson

Comorbidity Index, presence of documented cirrhosis (coded

as 1 if yes), etiology of liver disease (hepatitis C, hepatitis B,

alcohol, nonalcoholic steatohepatitis, or other); (3) visit his-

tory, which includes the number of primary care visits in the

year prior to cohort entry and receipt of hepatology care

(coded as 1 if the patient received the hepatology care prior

to cohort entry, 0 otherwise); (4) health system accessibility,

which includes insurance coverage (commercial, Medicaid,

medical assistance/charity, Medicare, self-pay, or unknown)

and proximity to clinics (coded as 1 if there are more than

three clinics in the zip code that matches the first three digits

199,202 
assessed for 

eligibility

3,217 eligible for 
randomizationa

1,800 in the 
randomized 
experiment

No Intervention: Usual Care 
N = 600; 472 known cirrhosis and 128 suspected cirrhosis 

Moderate Intervention: Outreach Aloneb

N = 600; 479 known cirrhosis and 121 suspected cirrhosis 

Intensive Intervention: Outreach with Patient Navigationb

N = 600; 482 known cirrhosis and 118 suspected cirrhosis 

• Patients receive visit-based HCC screening as recommended by 
primary or specialty care providers.

• Two days before the appointment, the hospital made automated 
reminder calls to patients who scheduled for ultrasounds. 

• Patients receive letters regarding HCC risk and screening 
recommendation.

• If there was no response to the letter within two to four weeks, a 
researcher made outreach calls to nonresponders to encourage 
screening participation. The phone call followed standardized 
scripts. 

• Two days before the appointment, the hospital made automated 
reminder calls to patients who scheduled for ultrasounds. 

• Patients receive letters regarding HCC risk and screening 
recommendation.

• If no response to the letter within two to four weeks, a 
researcher made outreach calls to nonresponders to encourage 
screening participation. The phone call conversation included 
barrier assessment and motivational education.

• Five to seven days before the appointments, a researcher called 
patients to remind them of the appointment, address any 
concerns, and reschedule if needed.

• Two days before the appointment, the hospital made automated 
reminder calls to patients who scheduled for ultrasounds. 

Figure 1. Study design: Cancer outreach interventions.
aThe following patients were excluded: 185,539 patients who did not meet cirrhosis criterion, 9,921 patients with comorbid conditions or with
Child C cirrhosis, 405 patients with the history of HCC or suspicious mass on imaging, 78 patients whose language is not English or Spanish, and
42 patients with no contact information.
bPatients in the outreach-alone and outreach-with-patient-navigation conditions could receive usual care.
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of the zip code7 where the patient resides, 0 otherwise); (5)

neighborhood socioeconomic status, which includes educa-

tional attainment (percentage with a bachelor’s degree or

higher), income (per capita income), average commute time,

insurance coverage (percentage with a private or public health

insurance plan), unemployment rate, and population mea-

sured at the three-digit zip code level8; and (6) screening

completion status in the prior period(s) (coded as 1 if a patient

completes the screening test in Periods 1 or 2, 0 otherwise).

Table 2 describes each variable, its operationalization, and

descriptive statistics. Web Appendix B compares the means

of all variables across three conditions. Differences are statis-

tically nonsignificant, showing that random assignment was

successful.

Model-Free Evidence

Figure 2, Panel A, shows the number of patients who com-

pleted screening in different periods. Whereas 435 patients

(24%) completed the screening only once during the three peri-

ods, 660 patients (37%) did so more than once. For all three

periods, more patients completed the screening with outreach

alone (102) and outreach with patient navigation (134) than the

usual care (36) condition. The evidence suggests that both

interventions increase HCC screening.

Figure 2, Panel B, shows screening completion rates in each

condition in each period after excluding the patients who were

deceased or diagnosed with HCC in the previous period(s). In

Period 1, 25% in the no-outreach condition, 45% in the

outreach-alone condition, and 48% in the outreach-with-

patient-navigation condition underwent screening. The screen-

ing completion rate in the outreach-alone condition (difference

¼ .198, p < .01) and the outreach-with-patient-navigation con-

dition (difference ¼ .232, p < .01) is significantly higher than

the no-outreach condition. Results in Periods 2 and 3 show a

similar pattern. Comparing the screening completion rate in the

outreach-alone condition and the outreach-with-patient-

navigation condition, there is no statistically significant differ-

ence in Period 1 (difference¼ .033, n.s.) or Period 2 (difference

¼ .033, n.s.), and Period 3 (difference ¼ .051, p < .10). The

model-free evidence suggests that both outreach conditions

outperform the baseline condition but do not differ in effec-

tiveness relative to each other.9

Empirical Strategy

Causal Forest Estimation of Patient-Level
Treatment Effects

To draw inferences about the causal effect of different inter-

ventions, researchers typically estimate and compare the aver-

age treatment effects (i.e., main effects) of randomized

interventions. Such a comparison may not consider that treat-

ment effects vary across subgroups within and across treatment

conditions. Moreover, to avoid searching for particularly

responsive subgroups, medical researchers must register prea-

nalysis protocols for clinical trials to specify which subgroups

will be analyzed. Such protocols may fail to identify strong but

unexpected treatment-effect heterogeneity, especially in emer-

gent fields in which moderators are ex ante ambiguous. We use

causal forests to address these two challenges (Wager and

Athey 2018). Causal forests enable nonparametric estimation

of patient-level treatment effects with valid asymptotic confi-

dence intervals, without restrictions on the number of covari-

ates or the need for a larger number of experimental conditions

or repeated measures. Causal forests also alleviate concerns

regarding spurious treatment-effect heterogeneity due to

searching for particularly responsive subgroups (Web Appen-

dix D1 and D2 compare causal forests with several established

approaches). Next, we outline the potential outcome frame-

work, followed by an overview of causal forests.

Potential outcome framework. For illustration purposes, we con-

sider the case of one period and the outreach-alone intervention

(treatment condition) compared with no outreach/usual care

(control condition). For a set of independent and identically

distributed patients i ¼ 1, . . . , n, we observe the outcome of

interest Yi (screening completion), treatment assignment Wi

(i.e., whether the patient is assigned to the outreach-alone or

no-outreach condition), and vector of patient characteristics Xi

(e.g., patient demographics, health status). Following the

potential outcome framework (Rubin 1974), for each patient

i, there are two potential outcomes: if a patient is assigned to

the treatment condition, we observe the outcome Yi ¼ Yi1, and

if the patient is assigned to the control condition, we observe Yi

¼ Yi0. We define the conditional average treatment effect

(CATE) (i.e., treatment effect at x) to assess whether the treat-

ment effect is heterogeneous among subgroups:

tð xÞ¼ E½Y i1 � Y i0jX i¼ x�: ð1Þ

The fundamental challenge to identifying the CATE is that we

only observe one of the two potential outcomes: Yi1 and Yi0.

Thus, we must invoke the assumption of unconfoundedness to

estimate the CATE (Rosenbaum and Rubin 1983). As patients are

7 According to Health Insurance Portability and Accountability Act, we are not

allowed to obtain patients’ identifiable location information such as address

and zip code. Thus, we obtain the deidentified version (i.e., the first three digits

of the zip code).
8 Because we observe only the first three digits of patients’ zip code, all

zip-code-level covariates are aggregated to the three-digit level by

calculating the sum (i.e., population) or mean (percentage with a bachelor’s

degree or higher, mean travel time to work, and per capita income) across all

five-digit zip codes that share the same first three digits.
9 Web Appendix C suggests that, on average, the significant difference in

“no-show rates” in Period 3 seems to drive the main effects of outreach

interventions on screening completion, while, statistically, there is no

difference in scheduling rates across two outreach interventions across all

three periods. This finding also seems to suggest that reminder calls made by

the research staff in the outreach-with-patient-navigation condition may guide

patients toward screening completion by lowering the probability that they

would not show up. However, pinning down the exact mechanisms is

beyond the scope of this research.
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Table 2. Summary Statistics.

Variable Definition Mean SD Min Max

Dependent Variable
Completion in

Period 1
Whether a patient underwent an abdominal imaging screening test, which

includes ultrasound, MRI, and CT, in Period 1 (0–6 months after cohort
entry). Coded as 1 if the patient completed, and 0 otherwise.

39.3% — 0 1

Completion in
Period 2

Whether a patient underwent an abdominal imaging screening test, which
includes ultrasound, MRI, and CT, in Period 2 (6 months and 1 day–12
months after cohort entry). Coded as 1 if the patient completed, and 0
otherwise.

38.4% — 0 1

Completion in
Period 3

Whether a patient underwent an abdominal imaging screening test, which
includes ultrasound, MRI, and CT, in Period 3 (12 months and 1 day–18
months after cohort entry). Coded as 1 if the patient completed, and 0
otherwise.

34.9% — 0 1

Independent Variable
Outreach

intervention
A baseline condition and two outreach intervention types:
1. No outreach (usual care) 33.3% — 0 1
2. Moderate outreach (outreach alone) 33.3% — 0 1
3. Intensive outreach (outreach with patient navigation) 33.3% — 0 1

Demographics
Age (years) Age of the patient at cohort entry 55.3 10.5 21 90
Gender Gender of the patient (0 ¼ male, 1 ¼ female) 40.6% — 0 1
Ethnicity

Non-Hispanic
Caucasian

Non-Hispanic Caucasian ¼ 1, otherwise ¼ 0 28.3% — 0 1

Hispanic Hispanic ¼ 1, otherwise ¼ 0 37.8% — 0 1
Non-Hispanic
African
American

Non-Hispanic African American ¼ 1, otherwise ¼ 0 32.1% — 0 1

Other/unknown Other/unknown ¼ 1, otherwise ¼ 0 1.7% — 0 1
Language

English English ¼ 1, otherwise ¼ 0 76.9% — 0 1
Spanish Spanish ¼ 1, otherwise ¼ 0 22.7% — 0 1
Other Other ¼ 1, otherwise ¼ 0 .3% — 0 1

Health Status
Child Pugh B Whether a patient is Child Pugh B, coded as 1 if Child Pugh Score > 6, 0

otherwise.
28.3% — 0 1

Charlson
Comorbidity
Index

Charlson Comorbidity Index Score 2.9 2.4 0 12

Documented
cirrhosis

Cirrhosis diagnosis (0 ¼ suspected cirrhosis, 1 ¼ known cirrhosis) 79.6% — 0 1

Etiology of liver
disease
Hepatitis C Hepatitis C ¼ 1, otherwise ¼ 0 51.0% — 0 1
Hepatitis B Hepatitis B ¼ 1, otherwise ¼ 0 3.4% — 0 1
Alcohol Alcohol ¼ 1, otherwise ¼ 0 17.6% — 0 1
Nonalcoholic

steatohepatitis
Nonalcoholic steatohepatitis ¼ 1, otherwise ¼ 0 16.6% — 0 1

Other Other ¼ 1, otherwise ¼ 0 11.3% — 0 1

Visit History
Number of prior

primary care
visits

Number of primary care visits in the year prior to cohort entry 5.2 4.8 0 38

Receipt of
hepatology care

History of hepatology care in the year prior to cohort entry, coded as 1 if
the patient received the care, 0 otherwise.

25.7% — 0 1

(continued)
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randomly assigned to one of the experimental conditions, the

treatment assignment Wi is independent of the potential outcomes

conditional on Xi (i.e., Y i1 ;Y i0f g⊥ W i j X i). This assumption

implies that the treatment is as good as random within each sub-

population indexed by Xi ¼ x. Thus, given the data (Xi, Yi, Wi),

we can revise Equation 1 to the following:

tð xÞ ¼ E½Y i1 � Y i0jX i ¼ x�
¼ E½Y ijW i ¼ 1; X i ¼ x� � E½Y ijW i ¼ 0; X i ¼ x�:

ð2Þ

Common approaches to estimate the function tð xÞ include near-

est neighbor matching and kernel methods, but these methods do

not perform well in the presence of many covariates or complex

interactions among covariates (Wager and Athey 2018).

Causal forests. Causal forests combine causal inference in eco-

nomics with random forests in machine learning. Random forests

(Breiman 2001) deploy supervised machine learning algorithms

to achieve high out-of-sample prediction accuracy with very little

tuning, particularly with high dimensional data with underlying

nonlinear relationships (Hastie, Tibshirani, and Friedman 2009).

Random forests (1) build a large collection of individual decision

trees such that each tree predicts the outcome variable given the

vector of covariates and (2) average the predictions from those

trees. First, each tree is trained on a bootstrap training sample

(not on the original sample) with a randomly chosen subset of

covariates (not with all the covariates), and it is built by recur-

sively partitioning the chosen covariate space into splits,

determining each split by minimizing the mean squared error

of the prediction of outcomes in the case of regression trees.

Given the tree split, each tree clusters the most similar obser-

vations into a terminal node known as a leaf. To predict the

outcome of an observation outside of the estimation sample,

each tree makes a prediction using the mean of outcomes in the

leaf where this new observation belongs. Finally, a random

forest averages the prediction from those trees.

Researchers have recently adapted random forests to draw

inferences. The technique known as causal forests utilizes an

algorithm for flexible modeling of interactions in high dimen-

sions by building many causal trees and averaging their pre-

dictions to estimate the treatment effect function t(x). Causal

forests provide valid asymptotic confidence intervals for the

treatment effects (Wager and Athey 2018).

Table 2. (continued)

Variable Definition Mean SD Min Max

Health System Accessibility
Insurance coverage

Commercial Yes ¼ 1, otherwise ¼ 0 3.0% — 0 1
Medicaid Yes ¼ 1, otherwise ¼ 0 20.6% — 0 1
Medical

assistance/
charity

Yes ¼ 1, otherwise ¼ 0 41.0% — 0 1

Medicare Yes ¼ 1, otherwise ¼ 0 24.7% — 0 1
Self-pay Yes ¼ 1, otherwise ¼ 0 2.0% — 0 1
Unknown Yes ¼ 1, otherwise ¼ 0 8.7% — 0 1

Proximity to clinics Whether a patient has a close geographical proximity to clinics. Coded as 1
if there are more than three clinics in the zip code that match the first
three digits of the zip code where the patient resides, 0 otherwise.

66.7% — 0 1

Neighborhood Socioeconomic Statusa

Educational
attainment (%)

Percentage of people who are 18 years and over and received a bachelor’s,
master’s, professional, or doctorate degree

33.6 6.6 13.8 52.9

Income ($) Per capita income: mean income computed for every man, woman, and child
in the same zip code

35,223.8 4,117.7 15,839.6 42,925.3

Average commute
time (minutes)

Mean travel time to work from home during the reference week 27.1 2.1 19.1 33.6

Private health
insurance
coverage (%)

Percentage of civilian noninstitutionalized population with the insurance
coverage provided through an employer or union, a plan purchased by an
individual from a private company, or military health care.

58.6 7.2 35.3 74.8

Public health
insurance
coverage (%)

Percentage of civilian noninstitutionalized population with the insurance
coverage provided through the federal programs Medicare, Medicaid, and
Veterans Affairs Health Care, as well as the Children’s Health Insurance
Program and individual state health plans.

28.6 4.2 19.9 39.7

Unemployment
rate (%)

Percentage of civilians 16 years old and over classified as unemployed 4.0 .4 2.5 5.7

Population Number of people 16 years and over 1,148,050 371,086 10,824 1,791,015

aWe used zip code to identify the neighborhoods. All zip-code-level covariates are aggregated to the level of the first three digits by calculating the sum (i.e., population)
or mean (bachelor’s degree or higher, mean travel time to work, and per capita income) across all five-digit zip codes that share the same first three digits.

Notes: After we exclude patients who were diagnosed with HCC or deceased, the screening completion rate is 38.5% in Period 2 and 35.4% in Period 3.
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Given a profile of patient characteristics x, tree-based mod-

els help identify the most similar patients locally in the patient

characteristics space with an adaptive neighborhood metric

(i.e., similar patients are in the same leaf). Wager and Athey

(2018) adapt the regression tree to estimate the within-leaf

treatment effects by taking the difference between the mean

outcomes of treated and control units in the same leaf:

t̂ ðxÞ ¼ 1

j fi : W i¼ 1; X i 2 Lgj
X

fi:W i ¼1; X i2Lg

Y i �
1

j fi : W i¼ 0; X i 2 Lgj
X

fi:W i ¼0; X i2Lg
Y i: ð3Þ

To ensure consistency and asymptotic normality, Wager and

Athey (2018) prove a bias-reducing condition called honesty: a

tree achieves honesty if each bootstrap training sample only

uses the outcome of interest Yi to estimate the within-leaf

treatment effect based on Equation 3 or to determine where

to split the covariate space, but not both. In other words, the

bootstrap training sample is further split into two subsamples:

one used to build the tree (i.e., understand where the treatment

heterogeneity is given the vector of covariates),10 and the other

used to estimate the treatment effects given the tree structure.

A: Frequency of Screening Completion in Each Study Condition Across Periods 
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Figure 2. Model-free evidence.

10 Unlike regression trees, where the splits are determined by minimizing mean

squared error of the prediction of outcomes, causal trees are built by

minimizing the expected mean squared error of predicted treatment effects,

which is equivalent to maximizing the variance of treatment effects across

leaves minus a penalty for within-leaf variance (Athey and Imbens 2016).
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Using this process, causal forests produce an ensemble of B

such trees (Breiman 2001; Wager and Athey 2018), each of

which outputs an estimate t̂ b ðxÞ and averages the predictions

from those trees to compute an estimated CATE:

t̂ ðxÞ ¼ B
�1PB

b¼1 t̂ b ðxÞ.
This aggregation scheme also helps reduce variance and

smooths sharp decision boundaries (Bühlmann and Yu 2002).

The variance estimate of causal forests is defined as follows

(Efron 2014; Wager and Athey 2018; Wager, Hastie, and Efron

2014):

V̂ ðxÞ ¼ n� 1

n

n

n� s

� � 2

B�1
Xn

i¼1

COV½ t̂ b ðxÞ;N ib �
2; ð4Þ

where t̂ b ðxÞ is the treatment effect estimate from the bth tree.

Nib 2 {0, 1} indicates whether the bootstrap training sample i is

used for the tree b, n(n � 1)/(n � s)2 is a finite-sample correc-

tion for forests grown by subsampling without replacement,

and the covariance is taken with respect to all B trees in the

forest. Equations 3 and 4 produce a treatment effect estimate

and a confidence interval for each patient.

In marketing, causal forests have been applied in the context

of customer retention (Ascarza 2018), information disclosure

and physician payments (Guo, Sriram, and Manchanda 2019),

and adoption of voice-activated shopping devices and consu-

mers’ purchase quantity, spending amount, and search activi-

ties (Sun et al. 2019). To our knowledge, this is the first study to

use causal forests in the context of randomized health care field

experiments.

Application to our context. Following Singal et al. (2019), we

have two different treatment conditions (outreach alone and

outreach with patient navigation) and three different periods.

We use the following procedure to perform six causal forest

estimations. Additional aspects of the estimation are summar-

ized in Web Appendix D3.

� Step 1. Using patient characteristics as covariates,11 we

applied causal forests to obtain each patient’s treatment

effect estimate in the sample that includes patients in the

baseline (condition 1, sample size ¼ 600) and those in

the outreach-alone condition (condition 2, sample size¼
600) in Period 1. For each patient i in condition 1 in

Period 1, the patient-level treatment effect estimate is

t̂1
i; P1;1!2 (i.e., the difference between the outcome we

observe for the patient i in condition 1 and the outcome

that would be realized if this patient were in condition

2); for each patient in condition 2 in Period 1, the

patient-level treatment effect estimate is t̂2
i;P1;2!1 (i.e.,

the difference between the outcome we observe for the

patient i in condition 2 and the outcome that would be

realized if this patient were in condition 1). We term this

first causal forest estimation Forest 12
P1, where P1 refers

to Period 1, and the superscript 12 refers to the compar-

ison of the baseline condition (1) and the outreach-alone

condition (2).

� Step 2. After excluding the patients who were deceased

or diagnosed with HCC in the previous period(s), we

repeated Step 1 to obtain t̂1
i;P2;1!2 and t̂2

i; P2;2!1 (con-

dition 1, sample size ¼ 591; condition 2, sample size ¼
592) in Period 2 and t̂1

i; P3;1!2 and t̂2
i; P3;2!1 (condition

1, sample size¼ 577; condition 2, sample size¼ 584) in

Period 3. As discussed, we included one (two) additional

covariate(s) indicating whether a patient has completed

the screening test in the prior period(s) in the causal

forest estimation of Period 2 (3). We term these second

and third causal forests Forest 12
P2 and Forest 12

P3, where P2

and P3 refer to Period 2 and Period 3, respectively, and

the superscript 12 refers to the comparison of the base-

line condition (1) and the outreach-alone condition (2).

� Step 3. We repeated Step 1 to obtain each patient’s

treatment effect estimate in the sample that includes

patients in the baseline (condition 1, sample size ¼
600) and those in the outreach-with-patient-navigation

condition (condition 3, sample size ¼ 600) in Period 1.

For each patient in condition 1, the patient-level treat-

ment effect estimate is t̂1
i; P1;1!3 (i.e., the difference

between the outcome we observe for the patient i in

condition 1 and the outcome that would be realized if

this patient were in condition 3); for each patient in

condition 3, the patient-level treatment effect estimate

is t̂3
i; P1;3!1 (i.e., the difference between the outcome we

observe for the patient i in condition 3 and the outcome

that would be realized if this patient were in condition

1). We term this fourth causal forest Forest 13
P1, where P1

refers to Period 1, and the superscript 13 refers to the

comparison of the baseline condition (1) and outreach-

with-patient-navigation condition (3).

� Step 4. We repeated Step 2 to obtain t̂1
i; P2;1!3 and

t̂3
i; P2;3!1 in Period 2 (condition 1, sample size ¼ 591;

condition 3, sample size ¼ 589) and t̂1
i; P3;1!3 and

t̂3
i; P3;3!1 (condition 1, sample size ¼ 577; condition

3, sample size ¼ 582) in Period 3. We term these fifth

and sixth causal forests Forest 13
P2 and Forest 13

P3, where

P2 and P3 refer to Period 2 and Period 3, respectively,

and the superscript 13 refers to the comparison of the

baseline condition (1) and the outreach-with-patient-

navigation condition (3).

Table 3 and Figure 3 show the distribution of the patient-level

treatment effect estimates based on the causal forest estimation.

Relative to the baseline condition, outreach alone (outreach

with patient navigation) increases screening completion rate

by between 10 and 20 (13 and 24) percentage points (Table

3, Panel A). Causal forests enable us to construct confidence

intervals for patient-level treatment effect estimates. As we

report in Table 3, Panel B, outreach-alone intervention induces

positive and statistically significant treatment effects among

100%, 74%, and 66% of the patients in Periods 1, 2, and 3,

11 We scale continuous variables to zero mean and unit variance and expand

categorical variables via one-hot encoding.
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Table 3. Summary of Average Treatment Effects (ATEs) and Patient-Level Conditional Average Treatment Effects (CATEs) by Outreach Type.

A: ATEs by Outreach Type

Outreach Alone Outreach with Patient Navigation

N ATE SE 95% CI N ATE SE 95% CI

Period 1 ATE 1,200 .200 .026 .148 .251 1,200 .235 .026 .184 .287
Period 2 ATE 1,183 .109 .027 .057 .162 1,180 .128 .028 .074 .182
Period 3 ATE 1,161 .101 .025 .052 .150 1,159 .128 .026 .077 .178

B: Patient-Level CATEs by Outreach Type

Outreach Alone Outreach with Patient Navigation

N Mean SD Min Max N Mean SD Min Max

Period 1
Patient-level CATEs 1,200 .199 .036 .112 .311 1,200 .236 .046 .119 .366
Significant patient-level CATEsa 1,200 .199 .036 .112 .311 1,200 .236 .046 .119 .366
Proportion of significant patient-level CATEs 100% 100%
Period 2
Patient-level CATEs 1,183 .108 .038 �.006 .192 1,180 .127 .042 .031 .230
Significant patient-level CATEsa 875 .125 .024 .057 .192 975 .139 .036 .052 .230
Proportion of significant patient-level CATEs 74% 83%
Period 3
Patient-level CATEs 1,161 .099 .036 .014 .192 1,159 .126 .030 .047 .207
Significant patient-level CATEsa 767 .118 .028 .047 .192 1,030 .131 .027 .062 .207
Proportion of significant patient-level CATEs 66% 89%

aStatistical significance is at the 95% level.
Notes: CI ¼ confidence interval.

Figure 3. Distribution of patient-level CATEs.
Notes: ATE refers to the average treatment effect; SE refers to the standard error; CATEs refer to conditional average treatment effects.
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respectively (p < .05), while the outreach-with-patient-

navigation intervention does so among 100%, 83%, and 89%
of the patients in Periods 1, 2, and 3, respectively (p < .05).

Germane to the focus of this article, there is substantial

heterogeneity in those significant patient-level treatment

effects: (1) compared with outreach alone, outreach-with-

patient-navigation intervention induces a higher proportion of

patients with significant positive treatment effect estimates in

Periods 2 (83%� 74%¼ 9%) and 3 (89%� 66%¼ 23%), and

(2) patient-level treatment effect estimates of outreach-alone

(outreach-with-patient-navigation) intervention range from 5–

31 (5–37) percentage points. Next, we investigate the sources

of heterogeneity.

Incorporating Heterogeneity in Patient-Level
Treatment Effects

We examine the treatment effect heterogeneity by correlating

treatment effect estimates with patient characteristics. Accord-

ingly, we estimated the following equations:

t̂ 2
ijt¼fP1;P2;P3g ¼ a 20þa 21 Age ijþa 22 Gender ij

þa23 Ethnicity ijþ a24 Language ij

þa25 Child-PughB ijþa 26 Charlson ij

þa 27 Cirrhosis ijþa 28 Etiology ij

þa 29 Prior visit ijþa 210 Hepatology care ij

þa 211 Insurance Coverage ijþ a 212 Proximity ij

þa 213 Education jþ a 214 Income j

þa 215 Commute jþ a 216 Private j

þa 217 Public jþa 218 Unemploy j

þa 219 Population jþZ tþ E 2ijt;

ð5aÞ

t̂ 3
ijt¼fP1;P2;P3g ¼ a 30þa 31 Age ijþa 32 Gender ij

þa33 Ethnicity ijþ a34 Language ij

þa35 Child-PughB ijþa 36 Charlson ij

þa 37 Cirrhosis ijþa 38 Etiology ij

þa 39 Prior visit ijþa 310 Hepatology care ij

þa 311 Insurance Coverage ijþ a 312 Proximity ij

þa 313 Education jþ a 314 Income j

þa 315 Commute jþ a 316 Private j

þa 317 Public jþa 318 Unemploy j

þa 319 Population jþZ tþ E 3ijt;

ð5bÞ

where t̂2
ijt¼fP1;P2;P3g and t̂3

ijt¼fP1;P2;P3g refer to patient-level

treatment effect estimates of outreach alone and those of out-

reach with patient navigation, j denotes the three-digit zip code,

and t denotes the period. We pooled the estimates across peri-

ods and included period-fixed effects (Zt) to capture common

time-varying observables that may affect them and clustered

standard errors at the patient level to allow for heteroskedasti-

city and correlated errors within patients over time.

Columns 1 and 2 of Table 4 report the results showing the

sources of heterogeneity in patient-level treatment effects.

Next, we discuss the patient characteristics associated with the

treatment effect heterogeneity.

Age. Older patients are less responsive to the outreach-alone

intervention than younger patients ( â 21 ¼ �.003, p < .001)

but they are more responsive to outreach-with-patient-

navigation intervention than younger patients ( â 31 ¼ .006, p

< .001). A possible explanation is that older adults prefer to use

information that is customized to their needs rather than gen-

eric information that can be overwhelming (Cole et al. 2008),

which makes them less responsive to direct mails than younger

adults (Kaldenberg, Koenig, and Becker 1994). The interactive

and personalized nature of the navigation over the telephone

provides targeted and useful information to older patients,

making it more effective (King, Rejeski, and Buchner 1998).

Gender. Female patients are more responsive to both outreach

interventions than male patients (outreach alone: â22 ¼ .014, p

< .001; outreach with patient navigation: â 32 ¼ .007, p <
.001). This is likely due to the higher prevention and loss-

minimization focus among women (Trudeau et al. 2003).

According to agency-communion theory (Carlson 1971), men

focus on maximizing gains while women focus on minimizing

the downside potential of their decision. Outreach messages for

cancer screening, by design, approach health care from a pre-

vention and loss-minimization focus.

Ethnicity and language. Hispanic patients are more responsive to

both outreach interventions than Caucasian patients (outreach

alone: â23
H¼ .011, p< .001; outreach with patient navigation:

â33
H ¼ .004, p < .001). Likewise, non-Hispanic African

American patients are more responsive to both outreach inter-

ventions than Caucasian patients (outreach alone: â23
AA ¼

.010, p < .001; outreach with patient navigation: â33
AA ¼

.011, p < .001). Similarly, patients whose primary language

is Spanish are more responsive to both outreach interventions

than those whose primary language is English (outreach alone:

â24 ¼ .014, p < .001; outreach with patient navigation: â34 ¼
.015, p < .001). Due to language and access barriers, such

patients may have relatively fewer opportunities to learn about

the health screening information than ethnic majority groups

(Caplan, Wells, and Haynes 1992; Szczepura 2005). Given the

lower baseline access, outreach interventions that provide

information on screening opportunities should be more effec-

tive among such groups than their counterparts (Lasser et al.

2011).

Health status. Patients in a poorer health status (those with

Child-Pugh B) are less responsive to both outreach interven-

tions than patients with a better health status (outreach

alone: â25 ¼ �.012, p < .001; outreach with patient naviga-

tion: â35 ¼ �.003, p < .001). The pattern is consistent when

Charlson Comorbidity Index and the presence of documented
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Table 4. Sources of Heterogeneity in Patient-Level CATEs.

(1)
Outreach

Alone

(2)
Outreach with

Patient Navigation

(3)
Outreach

Alone

(4)
Outreach with

Patient Navigation

Est SE Est SE Est SE Est SE

Demographics
Age �.003*** (.000) .006*** (.000) �.003*** (.000) .005*** (.000)
Gender (female ¼ 1) .014*** (.001) .007*** (.001) .013*** (.001) .007*** (.001)
Hispanic .011*** (.001) .004*** (.001) .012*** (.001) .005*** (.001)
Non-Hispanic African American .010*** (.001) .011*** (.001) .010*** (.001) .011*** (.001)
Other/unknown .009*** (.002) .007* (.003) .008*** (.002) .007* (.003)
Spanish .014*** (.001) .015*** (.001) .013*** (.001) .014*** (.001)
Other �.002 (.002) .003 (.005) �.001 (.004) .004 (.005)

Health Status
Child-Pugh B �.012*** (.001) �.003*** (.001) �.011*** (.001) �.003*** (.001)
Charlson Comorbidity Index �.003*** (.000) �.002*** (.000) �.004*** (.000) �.003*** (.000)
Documented cirrhosis �.002* (.001) �.002* (.001) �.002** (.001) �.003** (.001)
Hepatitis B �.002* (.001) .001 (.001) �.001 (.001) .002 (.001)
Alcohol-induced �.004* (.002) �.001 (.003) �.005** (.001) .000 (.002)
Nonalcoholic steatohepatitis �.003*** (.001) �.000 (.001) �.003*** (.001) .000 (.001)
Other �.000 (.001) .005*** (.001) �.001 (.001) .004*** (.001)

Visit History
Number of prior primary care visits .010*** (.001) .011*** (.001) .020*** (.001) .022*** (.002)
Receipt of hepatology care .003*** (.001) .003* (.001) .002* (.001) .001 (.001)

Health System Accessibility
Commercial �.009*** (.002) �.005* (.002) �.009*** (.001) �.002 (.002)
Medicaid �.010*** (.001) �.001 (.001) �.009*** (.001) .001 (.001)
Medicare �.016*** (.001) �.002* (.001) �.015*** (.001) �.002* (.001)
Self-pay �.012*** (.002) �.003 (.003) �.012*** (.002) �.002 (.002)
Unknown �.013*** (.001) �.008*** (.001) �.011*** (.001) �.005** (.001)
Proximity to clinics .008*** (.001) .005** (.002) .008*** (.001) .007*** (.001)

Neighborhood Socioeconomic Status
Educational attainment (%) .002 (.004) �.011 (.006) .003 (.004) �.011 (.006)
Income ($) �.000 (.003) .012** (.004) .000 (.003) .011** (.004)
Average commute time (minutes) �.004*** (.001) �.000 (.002) �.003** (.001) �.002 (.001)
Private health insurance (%) �.000 (.004) .002 (.005) �.002 (.003) .008 (.005)
Public coverage (%) .011** (.004) .006 (.005) .009** (.003) .009* (.004)
Unemployment rate (%) .002 (.001) .003 (.002) .002 (.001) .005 (.002)
Population .005* (.002) .005* (.002) .003 (.002) .004* (.002)

Period Fixed Effects
Period 2 dummy �.091*** (.001) �.109*** (.001) �.091*** (.001) �.109*** (.001)
Period 3 dummy �.100*** (.001) �.110*** (.002) �.100*** (.001) –.110*** (.002)

Exploratory Interactions
Primary care visit2 �.003*** (.000) �.004*** (.000)
Primary care visit � Age .000 (.000) .000 (.001)
Primary care visit � Gender .000 (.001) �.003** (.001)
Primary care visit � Hispanic �.003** (.001) �.002 (.002)
Primary care visit � African American .001 (.001) �.001 (.001)
Primary care visit � Spanish �.005*** (.001) �.005*** (.002)
Primary care visit � Child-Pugh B �.003*** (.001) �.003** (.001)
Primary care visit � Charlson Index �.000 (.000) �.001 (.000)
Primary care visit � Medicaid �.000 (.001) .003 (.002)
Primary care visit � Medical assistance �.002* (.001) �.001 (.002)
Primary care visit � Medicare �.001 (.001) �.001 (.002)
Primary care visit � Proximity to clinics �.000 (.001) .002 (.001)
Intercept .190*** (.001) .225*** (.002) .193*** (.001) .227*** (.002)

Clustered standard error Yes Yes Yes Yes
R2 .770 .727 .783 .741
N 3,544 3,539 3,544 3,539

*p < .05.
**p < .01.
***p < .001.
Notes: The baseline categories of main effects are male, non-Hispanic Caucasian, Hepatitis C, English, medical assistance/charity, and Period 1. We scaled
continuous variables to zero mean and unit variance. As we pooled the estimates of three periods, sample sizes are 3,544 (1,200 þ 1,183 þ 1,161) and 3,539
(1,200 þ 1,180 þ 1,159) (see sample size columns of Table 3, Panel B).
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cirrhosis are used as indicators of health status. A possible

explanation is that outreach interventions might make patients

fearful of finding out they have cancer (Aro et al. 2001) and

experience death anxiety (Grossman et al. 2018). Those with

poor health will experience higher death anxiety due to lower

optimism about their health (Arndt, Routledge, and Goldenberg

2006), which reduces adaptive coping and thus decreases the

utilization of health care services (Moorman and Matulich

1993). We also find that compared with patients with Hepatitis

C, those with Hepatitis B are less responsive to outreach alone

(coefficients ranging from �.004 to �.002), but this is not the

case for outreach with patient navigation.

Visit history. Patients with a higher number of prior primary care

visits are more responsive to both outreach interventions than

those with fewer prior primary care visits (outreach alone: â 29

¼ .010, p< .001; outreach with patient navigation: â 39 ¼ .011

p< .001). Similarly, patients who previously received hepatol-

ogy care are more responsive to both outreach interventions

than patients with no prior hepatology care (outreach alone:

â 210 ¼ .003, p < .001; outreach with patient navigation:

â 310¼ .003, p < .05). At its core, a patient’s prior visit history

signifies the extent to which a patient has a favorable attitude

toward utilizing health care services to pursue their health goals

(Klein and Cerully 2007) and has familiarity with the utiliza-

tion process (Goldman et al. 2015). This should motivate

patients to get screened.

Health system accessibility. Patients with insurance coverage

through medical assistance/charity are generally more respon-

sive to both outreach interventions than patients with other

types of insurance (outreach alone: â 211 ¼ ranging from

�.016 to �.009, p < .001; outreach with patient navigation:

â 211 ¼ ranging from �.008 to �.001, p < .001 through n.s.).

Patients who receive health care at a low cost due to medical

assistance/charity, with access to the corresponding insurance,

are more likely to respond to outreach interventions because of

their ability to overcome financial hardships to utilize screen-

ing services. A patient’s ease of accessing health care services

is based on not only their ability to pay for the service but also

their proximity to health care providers. We find that patients

with closer proximity to care are more responsive to both out-

reach interventions than patients with further proximity to care

(outreach alone: â 212 ¼ .008, p < .001; outreach with patient

navigation: â 312 ¼ .005, p < .01).

Neighborhood socioeconomic status. Patients who live in more

educated neighborhoods are not necessarily more or less

responsive to interventions (outreach alone: â 213 ¼ .002,

n.s.; outreach with patient navigation: â 313 ¼ �.011, n.s.). Yet

patients who reside in a higher-income neighborhoods are more

responsive to outreach with patient navigation (outreach alone:

â 214 ¼ �.000, n.s.; outreach with patient navigation: â 314 ¼
.012, p < .01), which implies that those in low-income neigh-

borhoods are less responsive to this intervention. Patients in

low-income neighborhoods face unique challenges such as

higher rates of obesity, chronic disease, environmental pollu-

tants, and incarceration (Khullar and Chokshi 2018). The pre-

valent health and environmental challenges in these

communities might cause anxiety among community members

and lead them to be pessimistic about their health (Conger et al.

1992), thus making them less responsive to outreach interven-

tion. Patients in neighborhoods with longer average commute

times are less responsive to outreach alone (outreach alone:

â 215 ¼ �.004, p < .001), but this is no longer the case for

outreach with patient navigation (outreach with patient naviga-

tion: â 315 ¼ �.000, n.s.). Patient navigation alleviates per-

ceived costs associated with a screening by providing the

information on the estimated duration for the appointment, so

patients who live in a highly trafficked community will no

longer show resistance to a screening.

While patient-level insurance coverage should capture the

impact of health system accessibility, the neighborhood-level

health insurance coverage can also offer additional insights.

Patients’ responsiveness to the outreach interventions does not

vary by the degree of private health insurance coverage in their

neighborhood (outreach alone: â 216 ¼ �.000, n.s.; outreach

with patient navigation: â 316 ¼ .002, n.s.). However, patients

in a neighborhood with a greater public health insurance cov-

erage are more responsive to the outreach-alone intervention

but not to the outreach-with-patient-navigation intervention

(outreach alone: â 217 ¼ .011, p < .01; outreach with patient

navigation: â 317 ¼ .006, n.s.).

Neighborhood unemployment rate does not significantly

affect patients’ responsiveness to the interventions (outreach

alone: â 218 ¼ .002, n.s.; outreach with patient navigation:

â 318 ¼ .003, n.s.). Yet patients from neighborhoods with more

dense populations are more responsive to both interventions

(outreach alone: â 319 ¼ .005, p < .05; outreach with patient

navigation: â 219 ¼.005, p < .05), implying that patients in

rural areas are less responsive to interventions. These results

bear a notable caveat: a potential aggregation bias due to the

measurement of neighborhood variables at the three-digit-zip-

code level may have led to the null effect.

Additional post hoc analysis combining patient characteristics. As

described in Columns 3 and 4 of Table 4, we explore possible

combinations of patient characteristics with the interactions

between prior primary care visits and other patient character-

istics. This is akin to examining higher-order interactions in an

analysis of variance. This analysis offers several insights.

The marginal benefit of additional primary care visits

diminishes such that a patient’s primary care visit has a non-

linear effect on outreach intervention effectiveness. Referring

to Columns 3 and 4 of Table 4, there is a positive linear coeffi-

cient (outreach alone: b¼ .020, p< .001; outreach with patient

navigation: b ¼ .022, p < .001) and a negative quadratic coef-

ficient (outreach alone: b2 ¼ �.003, p < .001; outreach with

patient navigation: b2¼�.004, p< .001) for the effect. Jointly,

the coefficients capture diminishing returns such that a

patient’s first few primary care visits yield large marginal

returns. Given the importance of the initial visits, health care
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professionals can enhance outreach effectiveness by targeting

patients who have made fewer than numerous visits in the past.

The interactions between prior primary care visits and

patient characteristics can help practitioners further identify the

responsive subgroups. For example, Spanish-speaking patients’

responsiveness to outreach interventions is attenuated as pri-

mary care visits increase (coefficient ¼ �.005 p < .001 for

both outreach alone and outreach with patient navigation). It

could be that Spanish-speaking patients perceive that outreach

interventions are less informative than primary care visits.

Practitioners may target Spanish-speaking patients who have

no prior primary care visits in the past. Patients with Child-

Pugh B are even less responsive to outreach interventions as

primary care visits increase (outreach alone: coefficient ¼
�.003 p < .001; outreach with patient navigation: coefficient

¼�.003, p< .01), suggesting that increased primary care visits

compound the perception of a fear and death anxiety of having

cancer triggered by outreach interventions and thus decrease

the use of screening. Overall, our post hoc analysis highlights

the need to understand how outreach effectiveness varies by the

combination of patient characteristics.

Dynamics in the Proportion of Treatment Effects that Are
Statistically Significant

The dynamics in the proportion of treatment effects that are

statistically significant across each condition display an inter-

esting pattern. As Figure E1 in Web Appendix E shows, there is

very little heterogeneity in Period 1 in terms of the proportion

of treatment effects that are statistically significant. Specifi-

cally, 100% (100%) of the treatment effects due to outreach

alone (outreach with patient navigation) are statistically signif-

icant in Period 1. However, compared with outreach alone,

outreach with patient navigation induces a higher proportion

of patients with significant positive treatment effect estimates

in Period 2 (83% vs. 74%) and Period 3 (89% vs. 66%). The

effectiveness of the outreach with patient navigation relative to

outreach alone improves over time. Medical and health care

professionals believe that exposure to outreach nurtures the

motivation for screening compliance, which is the crucial first

step. Once patients are compliant to screening, potential bar-

riers to getting screening may be addressed in subsequent peri-

ods. Thus, it is possible that the heterogeneity in the proportion

of significant treatment effects could be related to the repetition

of the treatment over different periods.

As a thought experiment, we conducted an analysis inves-

tigating the extent of heterogeneity in the proportion of treat-

ment effects that are statistically significant when we “turn off”

the repeated nature of the treatment. In this analysis, we define

the dependent variable as whether a patient undergoes a screen-

ing at least once in the short (0–6 months), medium (0–12

months), and long (0–18 months) runs. The goal of this

approach is to study whether interventions can bring at-risk

patients in for a screening at least once during the three periods

investigated. We also wanted to understand if heterogeneity, in

terms of proportion of treatment effects that are statistically

significant, manifests when we “turn off” the repeated nature

of the treatment. Web Appendix Figure E2 reports the screening

completion rates and plots the patient-level treatment effects,

and Table E2 reports the summary of the treatment effects across

each condition. The main takeaways are as follows:

� There is little heterogeneity in the proportion of treat-

ment effects that are statistically significant. Web

Appendix Table E2 reports that outreach-alone interven-

tion induces positive and statistically significant treat-

ment effects among 100%, 100%, and 99.9% of the

patients in Periods 1, 2, and 3, respectively (p < .05),

while the outreach-with-patient-navigation intervention

does so among 100%, 99.7%, and 98.5% of the patients

in Periods 1, 2, and 3, respectively (p < .05).

� There remains substantial heterogeneity in the magni-

tude of treatment effects. Web Appendix Table E2

reports that patient-level treatment effect estimates of

outreach-alone (outreach-with-patient-navigation) inter-

vention range from 10–32 (11–37) percentage points.

Web Appendix Figures E1, E2, and Table E2 jointly show

that the heterogeneity in the proportion of treatment effects that

are statistically significant is related to the dynamics induced

by the repeated nature of the treatment. Future research should

investigate the sources of these dynamics.

Return on Cancer Outreach Interventions

We evaluate the return on outreach interventions among

patients and across three periods:

Return k¼
X3

t¼1

XN t¼f1;2;3g

i¼1

fPrðScreening ikt¼ 1Þ

� ½Benefit ikt � Screening Cost ikt

� PrðEarly Tumor ikt¼ 1jScreening ikt¼ 1Þ
� Treatment Cost ikt� � PrðScreening ikt¼ 0Þ
� Opportunity Cost ikt � Outreach Cost ikt g;

ð6Þ
where PrðScreening ikt¼ 1Þ refers to the probability that

patient i assigned to outreach type k completes the screening

in period t.

� If a patient completes the screening test:

� The health care institution generates Benefitikt for

patient i receiving intervention type k in period t,

captured by the quality-adjusted life years of a

patient attributable to the screening (typically

expressed in the financial value in the medical

literature).

� The health care institution incurs Screening Costikt

for patient i receiving intervention type k in period t,

which includes the costs of an ultrasound/MRI/CT

test or a combination of these tests (i.e., each patient

can complete multiple tests).
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� Conditional on being detected with an early tumor,

the health care provider incurs Treatment Costikt for

patient i intervention type k in period t, which

includes the costs of tumor resection, liver trans-

plantation, and local ablative therapies.

� If a patient does not complete the screening test:

� The health care institution incurs Opportunity

Costikt if patient i receiving intervention type k in

period t develops advanced HCC, which creates

costs.

� Irrespective of whether the patient completes the screen-

ing test:

� Outreach Costikt is incurred if the health care insti-

tution employs an outreach program. The outreach

costs are higher for the outreach-with-patient-

navigation than the outreach-alone condition and are

zero for the baseline condition.

Research has documented that HCC screening completion

with biannual ultrasound extends patients’ quality-adjusted life

expectancy by 1.3 months, and HCC screening utilization with

MRI does so by 2 months (Goossens et al. 2017). Patients may

complete an ultrasound, an MRI, a CT scan, or a mix of these

tests. We assume the average quality-adjusted life expectancy

to be 1.65 months for each patient who completes the screen-

ing. The medical literature posits that the financial value per

quality-adjusted life year is $50,000 (Andersson et al. 2008;

Goossens et al. 2017). Thus, total benefits can be obtained by

multiplying the number of quality-adjusted life years by the

financial value per quality-adjusted life year ($50,000) (i.e.,

multiply total number of patients who complete the screening

by average quality-adjusted life expectancy).

Table 5 presents the results of the benefit–cost calculation

using Equation 6 for each condition in each period. We use the

observed values in the data (e.g., actual number of patients who

visit) in conjunction with parameters (e.g., early detection rate)

from the medical literature to calculate the return in each con-

dition in each period. Web Appendix F documents details on

parameters from the medical literature.

No-outreach condition. We observe that 150/600, 156/591, and

126/577 patients in no-outreach condition completed the

screening in Periods 1, 2, and 3, respectively. The total benefits

of the no-outreach condition across the three periods are esti-

mated to be $2,970,000.

The screening costs are the total costs of ultrasound, CT, and

MRI tests completed. The number of ultrasound (CT and MRI)

tests completed is 127 (69), 149 (68), and 113 (59) in Periods 1,

2, and 3. The cost per ultrasound is $143, while the average cost

of CT and MRI is $1,020. Thus, the total screening costs are

estimated to be $255,547. Focusing on treatment costs, 5% of

the total number of screening tests typically result in early

tumor detection. The average treatment cost per patient for

early tumor detection is $74,397 (Goossens et al. 2017). Given

that 150/600, 156/591, and 126/577 patients in the no-outreach

condition completed the screening in Periods 1, 2, and 3, 5% of

them would undergo treatment costs, giving a total treatment

cost of $1,606,967. Opportunity cost is incurred if patients who

have not completed the screening develop advanced HCC. The

annual cost of advanced HCC is $41,320, and the annual HCC

probability is 2.9% (Goossens et al. 2017). Multiplying the

number of patients who have not completed the screening in

the no-outreach condition by the probability of HCC (2.9%)

gives us a total opportunity cost of $1,600,902. Finally, out-

reach costs are zero in the no-outreach condition. Subtracting

the total cost from the total benefit, the total return in the no-

outreach condition is �$493,416, which translates to a loss of

$840 per patient to the health care system.

Outreach-alone condition. Compared with the no-outreach con-

dition, there are higher benefits in the outreach-alone case

($5,183,750 vs. $2,970,000), as there are 269/600 patients,

254/592 patients, and 231/584 patients who have completed

the screening in Periods 1, 2, and 3, respectively. Using the

same approach as the one used for no-outreach condition to

calculate the costs, the screening costs, treatment costs, and

opportunity costs, respectively, are $323,919, $2,804,752, and

$1,224,642 in the outreach-alone condition. In addition, the

total number of hours devoted to outreach calls is 3,477,

2,607, and 2,135. Assuming a $15 hourly wage, the total out-

reach cost in the outreach-alone condition is $123,285. Thus,

the total return in the outreach-alone condition is $707,152,

which translates to a gain of $1,192 per patient to the health

care system.

Outreach-with-patient-navigation condition. Compared with the

no-outreach condition, there are higher benefits in the out-

reach-with-patient-navigation condition ($5,651,250 vs.

$2,970,000), as there are 289/600 patients, 273/589 patients,

and 260/582 patients who would complete the screening. Fol-

lowing the same calculation approach, the screening costs,

treatment costs, opportunity costs, and outreach costs are

$332,871, $3,057,700, $1,137,168, and $157,548, respectively,

in the outreach-with-patient-navigation condition. Thus, the

total return in the outreach-with-patient-navigation condition

is $965,963, which is substantially greater than that in the no-

outreach condition and translates to a gain of $1,635 per patient

to the health care system.

Summary of returns on nontargeted cancer outreach interventions.
No outreach results in a net loss of $840 per patient to the

medical hospital, whereas outreach alone (outreach with

patient navigation) generates a monetary gain of $1,192

($1,635) per patient. When extrapolated to the 3,217 patients

eligible for randomization from the hospital’s patient database,

the cancer intervention results in a loss of $900,718 from no

outreach or usual care, a gain of $1,278,402 from outreach

alone, and a gain of $1,753,237 from outreach with patient

navigation. In this scenario, the total gain is $2,130,921.
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Return on Patient-Level Targeted Cancer Outreach
Interventions: A Simulation

Thus far, the calculation of return on cancer interventions has

been based on the random assignment of patients and on

patients remaining in the same condition over three periods.

However, (1) there is heterogeneity in patient-level treatment

effects of outreach-alone intervention and in those of outreach-

with-patient-navigation intervention, (2) not all patient-level

treatment effect estimates are statistically greater than 0, (3)

treatment effect heterogeneity varies across periods, and (4) the

net return on outreach interventions varies across intervention

types and over time. As such, given each patient’s characteris-

tics in a particular period, outreach with patient navigation is

unlikely to be uniformly more effective than outreach alone.

This poses two questions: (1) Given each patient’s observed

characteristics, which intervention type is most suitable for

each patient? and (2) For the same patient, does the most suit-

able intervention vary across periods? Accordingly, we con-

duct a simulation that assigns each patient to the most suitable

condition in each period based on two types of allocation

schemes: (1) predicted treatment effect and (2) predicted net

return (see detailed procedure in Web Appendix G).

Recommended allocation based on predicted treatment effect. Con-

ceptually, in each period, given each patient’s profile, we com-

pare each patient’s treatment effect estimate in their

corresponding condition (e.g., condition 2) with their simulated

treatment effect estimate in the counterfactual condition (e.g.,

condition 3). Then we assign this patient to the best-suited

intervention that generates a significantly higher treatment

effect estimate (e.g., condition 3, p < .05). If none of these

estimates is significantly larger than 0, we assign this patient to

condition 1.

As we show in Table 6, Panel A, the recommended alloca-

tion for each period is as follows:

1. Period 1: 0%, 99.9%, and .1% of patients are assigned to

the no-outreach, outreach-alone, and outreach-with-

patient-navigation conditions, respectively.

2. Period 2: 9.0%, 74.0%, and 16.9% of patients in each

condition, respectively.

3. Period 3: 8.4%, 66.9%, and 24.7% of patients in each

condition, respectively.

There are four noteworthy takeaways from this recommen-

dation. First, the recommended split deviates from the original

allocation based on the randomized controlled trial (1:1:1),

suggesting that targeting induces asymmetric allocation of

patients to different conditions. Second, there is a fraction of

patients who stay in the baseline condition in Periods 2 and 3.

For these patients, neither of the interventions is more effective

than the baseline. Third, we reallocate most patients to the

outreach-alone condition, suggesting that health care institu-

tions can achieve the same level of effectiveness by aligning

only moderate outreach efforts with these patients. Fourth, over

Table 6. Simulation Results Based on Patient-Level Treatment Effect Estimates.

A: Recommended Allocation

Condition Usual Care Outreach Alone
Outreach with

Patient Navigation Sample Size

Period 1 0% 99.9% .1% 1,800
Period 2 9.0% 74.0% 16.9% 1,772
Period 3 8.4% 66.9% 24.7% 1,743

B: Return on Patient-Level Targeted Outreach Interventions

Usual Care Outreach Alone
Outreach with

Patient Navigation

Period 1 Period 2 Period 3 Period 1 Period 2 Period 3 Period 1 Period 2 Period 3

Cost and Benefit by Intervention Type and Across Period
Sample size after reallocation 0 160 147 1,799 1,312 1,166 1 300 430
Net benefits per patient �$257 �$203 �$380 $481 $404 $308 $585 $554 $496
Total net benefits among

population (N ¼ 3,217)
$0 �$58,838 �$103,076 $1,546,617 $961,383 $661,788 $1,045 $301,773 $393,578

Return on Patient-Level Targeted Outreach Interventions

Period 1 Period 2 Period 3
Total

(Improvement)

Total net benefits among
population (N ¼ 3,217)

$1,547,662 $1,204,318 $952,290 $3,704,270
(74%)
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time, the outreach-with-patient-navigation condition seems to

be more effective, given the higher allocation to this condition

(.1% in Period 1, 16.9% in Period 2, and 24.7% in Period 3).

Table 6, Panel B, shows the return on patient-level targeted

outreach interventions. When extrapolated to the 3,217

patients eligible for randomization from the hospital’s patient

database, patient-level targeted outreach program across con-

ditions generates a gain of $1,547,662, $1,204,318, and

$952,290 in Periods 1, 2, and 3, respectively. The total net

return on patient-level targeted outreach program is

$3,704,270, or 74% higher than that on nontargeted outreach

program based on the random assignment ($3,704,270–

$2,130,921 ¼ $1,573,349).

Recommended allocation based on predicted net return. What if the

health care system aims to maximize the overall return derived

from assigning each patient to the most suitable intervention?

As such, we can assign each patient to the intervention that

gives the highest predicted net return based on Equation 6

rather than only the highest predicted treatment effect. Specif-

ically, in each period, we compare each patient’s predicted net

return in the corresponding condition (e.g., condition 2) with

their simulated patient’s estimated net return in the counter-

factual condition (e.g., condition 3). Then we assign the patient

to the best-suited intervention that generates a significantly

higher net return (e.g., condition 3, p < .05). If none of these

estimates is significantly larger than 0, we assign this patient to

condition 2 because the net return in the baseline condition is

negative across all three periods (recall Table 5).

As we show in Table 7, Panel A, the recommended alloca-

tion for each period is:

1. Period 1: 0%, 87.2%, and 12.8% of patients are assigned

to the no-outreach, outreach-alone, and outreach-with-

patient-navigation conditions respectively.

2. Period 2: 0%, 79.3%, and 20.7% of patients in each

condition, respectively.

3. Period 3: 0%, 68.7%, and 31.3% of patients in each

condition, respectively.

There are two takeaways from this recommendation. First,

no patient stays in the baseline condition under this allocation

scheme, reflecting the goal of maximizing overall return.

Second, while we still reallocate most patients to the

outreach-alone condition, the outreach-with-patient-

navigation intervention seems to be even more effective over

time given the higher allocation to this condition than the pre-

vious allocation (e.g., 31.3% vs. 24.7% in Period 3).

Table 7, Panel B, shows the return on patient-level targeted

outreach interventions. When extrapolated to the 3,217

patients eligible for randomization from the hospital’s patient

database, the total net return on the patient-level targeted out-

reach program is $4,167,419, or 96% higher than that on the

nontargeted outreach program based on the random assign-

ment ($4,167,419 � $2,130,921 ¼ $2,036,498). In summary,

patient-level targeted outreach interventions improve the pay-

offs to the health care system by 74%�96%, or $1.6 million to

$2 million.

Table 7. Simulation Results Based on Patient-Level Estimated Return.

A: Recommended Allocation

Condition Usual Care Outreach Alone
Outreach with

Patient Navigation Sample Size

Period 1 0% 87.2% 12.8% 1,800
Period 2 0% 79.3% 20.7% 1,772
Period 3 0% 68.7% 31.3% 1,743

B: Return on Patient-Level Targeted Outreach Interventions

Usual Care Outreach Alone
Outreach with

Patient Navigation

Period 1 Period 2 Period 3 Period 1 Period 2 Period 3 Period 1 Period 2 Period 3

Cost and Benefit by Intervention Type and Across Period
Sample size after reallocation 0 0 0 1,570 1,406 1,198 230 366 545
Net benefits per patient �$257 �$203 �$380 $481 $404 $308 $585 $554 $496
Total net benefits among

population (N ¼ 3,217)
$0 $0 $0 $1,349,743 $1,030,263 $679,950 $240,462 $368,163 $498,837

Return on Patient-Level Targeted Outreach Interventions

Period 1 Period 2 Period 3
Total

(Improvement)

Total net benefits among
population (N ¼ 3,217)

$1,590,205 $1,398,426 $1,178,788 $4,167,419
(96%)
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Discussion. The difference in allocation based on predicted treat-

ment effect versus predicted net return shows the versatility of

our approach in providing practical guidance to medical pro-

fessionals and policy makers. The nature and magnitude of

benefits can shift based on the goals that a health care institu-

tion sets for itself. Using this approach, an organization can set

its strategic goals to maximize the benefits from personalized

outreach. These results also confirm that the cumulated bene-

fits from repeated and upgraded health education through out-

reach with patient navigation can be enhanced using

individually tailored outreach over time.

Discussion

Relying only on the main-effects analysis, scholars might con-

clude that the outreach with patient navigation and outreach

alone are equally effective. However, our application of causal

forests uncovers patient heterogeneity in outreach effectiveness

and leads to different conclusions and important practical

implications. Specifically, patients with different characteris-

tics respond very differently to each intervention. For example,

patients who are more responsive to outreach alone or outreach

with patient navigation tend to be female, be part of minority

populations, be in better health status, be covered by medical

assistance, have closer proximity to clinics, and reside in a

populated neighborhood. Patients who are more responsive to

outreach alone tend to be younger, have faster commutes, and

reside in neighborhoods with more public insurance coverage.

Patients responsive to outreach with patient navigation tend to

be older and reside in a higher-income neighborhood. Over

time, the outreach-with-patient-navigation intervention

becomes more effective for an increased proportion of patients.

As such, we illustrate time-varying heterogeneity in the out-

reach effectiveness.

A cost–benefit analysis shows that the baseline condition

results in a net loss of $840 per patient, whereas outreach alone

(outreach with patient navigation) generates a gain of $1,192

($1,635) per patient. When extrapolated to the 3,217 eligible

patients, the total net gain of the nontargeted cancer outreach

program across conditions is $2,130,921, which implies that

outreach marketing provides a substantial positive payoff to the

health care system. Our simulation shows that targeted out-

reach interventions can enhance this return by 74%�96%.

Research Implications

For the marketing discipline, this article provides a framework

for better understanding and analyzing sufficiently powered

field experiments that are based on random assignment of het-

erogeneous customers to different treatments. Instead of focus-

ing only on the main effects of the treatment or a subset of

individual-level covariates, causal forests flexibly predict per-

sonalized treatment effects based on high-dimensional, non-

linear functions of those covariates. Such an approach also

obviates the need for choosing several one-way interactions a

priori to test for heterogeneity or searching over many

interactions for particularly responsive subgroups. Accord-

ingly, this article provides a methodological solution to the

field’s concern of external validity. Many empirical findings

are typically much less generalizable than we imagine, because

researchers lack a process and corresponding insights to iden-

tify moderators (i.e., the interaction of treatment and unmo-

deled/unmanipulated background factors) (Cook and

Campbell 1979; Lynch 1982).

For the emerging discipline of personalized health care, we

show that causal forests can identify particularly responsive

subgroups without the need for a larger number of experimental

conditions. While modern health care has implemented perso-

nalized medicine using genetic information, most health care

outreach and educational programs still rely on untailored com-

munications. Practitioners who manage these programs should

recognize that the use of a large number of patient character-

istics can substantially improve the outreach responsiveness

through a tailored approach.

Our research also responds to a recent call for boundary-

breaking marketing-relevant research (MacInnis et al. 2020) in

several ways. First, our covariates are motivated by “real-world

phenomena, rather than the constructs and theories in the mar-

keting” (p. 11). Our findings that treatment effects vary across

covariates not only engage “academics in other disciplines” (p.

1) but also offer important implications to the extant literature

and theory going forward. Second, our findings have “life and

death implications” (p. 9)—they help detect liver cancer at

early stages. Third, our covariates, such as ethnicity, language,

insurance coverage, and neighborhood socioeconomic status,

elucidate how outreach effectiveness may vary among

“understudied consumers such as minorities, privileged or

impoverished classes, and marginalized consumers (e.g., spe-

cial needs populations)” (p. 5).

Patient-Centric Health Care Marketing Implications

We urge hospitals and medical centers with outreach

programs to leverage patient information to improve the

effectiveness of outreach investments. Hospitals and health

care practitioners should realize that a “one-size-fits-all”

outreach program is neither effective nor economic. The use

of machine learning can power data-driven patient-centric

outreach programs that are also dynamically adaptive. Practi-

tioners should consider both cross-sectional and temporal

adaptation of outreach programs to maximize the benefit of

health care interventions.

We urge policy makers in the federal, state, and local health

departments, American Hospital Association, American Can-

cer Society, and American Liver Foundation to financially sup-

port personalized outreach programs. More hospitals should

reach out to the underrepresented populations as they are more

responsive to outreach messages; however, this requires addi-

tional resources and training. Incentivizing hospitals to reach

out to patients with varying personal, clinical, structural, and

socioeconomic backgrounds can also be effective. They should

also engage a multidisciplinary group from health care,
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marketing, computer science, and other disciplines to fund an

accumulation of comprehensive databases to facilitate even

better targeting of patients to improve outcomes.

Limitations and Future Research

First, because patients have different barriers to screening,

future research should test the effectiveness of different

barrier-reduction strategies by analyzing the nature of commu-

nication between patients and the staff with the use of call

recordings. Second, our study focuses on the endpoint out-

come: screening completion. Future research could apply the

notion of customer journey to disentangle which parts of the

intervention (e.g., barrier discussion during an outreach call vs.

reminder calls) are more effective at not only increasing com-

pletion but also reducing no-show rates or time to response,

further enhancing the return. Third, although we track individ-

ual patients, outreach designed to serve an individual may have

influenced other members of the household. Future research

could study possible spillover effects of outreach interventions.
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