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D isease management (DM) is a tool commonly used by 

health plans that is advertised to reduce acute care needs 

and downstream health care utilization and spending.1-5 

However, many DM programs have shown little evidence of long-

term cost reduction, even when targeted at chronic and high-need 

populations.6-8 Potential reasons for the lack of effective DM may 

be tied to the fact that only a certain fraction of the population 

may benefit from such intervention or because the intervention is 

not strong enough to remedy acute care needs.2,9,10 Considerations 

to identify individuals who not only require DM but may also 

benefit from an intervention are growing across the health care 

ecosystem.11,12 One approach is to identify a population that will 

most likely experience care needs and for which a DM intervention 

may be effective. This can potentially be achieved with machine 

learning techniques.13-15

To date, relatively little evidence exists that displays the efficacy 

of targeted DM interventions using predictive modeling compared 

with traditional DM intervention approaches that do not utilize 

predictive modeling to inform participation.16 Although previous 

work has shown that machine learning and predictive modeling 

techniques can be an effective tool in the clinical setting and in 

performing DM, there is no evidence that predictive modeling 

may be effective compared with traditional DM programs.17,18 

To fill this gap, an insurer implemented a predictive algorithmic 

approach to evaluate whether a DM outreach initiation to a highly 

targeted subpopulation was effective in reducing downstream 

hospitalizations, outpatient care, and spending compared with 

the standard-of-care DM outreach program, which is the same but 

does not rely on systematic analytics.

This analysis evaluated the effect of a predictive analytics–driven 

DM outreach intervention compared with standard-of-care nonpre-

dictive DM outreach among individuals with chronic heart failure 

(CHF) enrolled in a Medicare Advantage plan between 2013 and 2018. 

The analysis limited the intervention and comparison groups to 

individuals with similar concurrent medical risk scores, thereby 

allowing us to identify the impact of the predictive algorithm in 

identifying members especially suited for the treatment. The study 
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ABSTRACT

OBJECTIVES: To evaluate the effect of a predictive algorithm– 
driven disease management (DM) outreach program 
compared with non–predictive algorithm–driven DM program 
participation on health care spending and utilization.

STUDY DESIGN: We used propensity score matching for 
Medicare Advantage members with chronic heart failure 
(CHF) to evaluate the impact of predictive algorithm–driven 
DM outreach using claims data from 2013 to 2018 from a 
large commercial health insurer.

METHODS: The insurer ran a predictive algorithm to 
identify members with CHF with a high likelihood of 
hospitalization (LOH), and a DM outreach was initiated to 
those identified as being at high risk of hospitalization 
(high-LOH intervention group). The intervention group was 
matched to members with similar concurrent medical risk 
profiles, based on the DxCG/Verisk score, who received the 
same DM outreach through the insurer’s standard process 
(low-LOH intervention group). This approach allowed an 
evaluation of the predictive algorithm in targeting individuals 
suitable for DM outreach. 

RESULTS: Regression models showed that high-LOH 
intervention members had a lower probability of 
hospitalization (0.032; P = .075) and emergency department 
(ED) visit (0.039; P = .043) in the year after the outreach 
compared with low-LOH intervention members, leading to 
lower total outpatient spending ($1517; P < .001). Analyses 
for no-intervention members showed that predictive 
outreach members would have been expected to have higher 
inpatient and ED utilization and higher medical spending 
compared with the traditional care members.

CONCLUSIONS: A prediction-driven DM outreach program 
among patients with CHF was effective in reducing medical 
spending in the year after the outreach compared with 
traditional DM outreach programs.
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also provided a counterfactual analysis that 

estimates utilization and spending patterns for 

the predictive analytics–driven DM outreach 

and standard-of-care DM members had they 

not received the intervention.

METHODS
Data 

Data for Medicare Advantage members with a 

diagnosis of CHF were obtained from a large 

insurance company from 2013 to 2018. Members 

were identified as having CHF using the CMS definition, requiring a 

CHF diagnosis in the past 2 years on any claim, plus at least 1 hospital 

inpatient or outpatient claim for CHF. The data include member 

demographics, all inpatient and outpatient utilization, and health 

care costs data. We utilize demographic, health risk, and health plan 

information on age, gender, a standard concurrent risk score (also 

referred to as Verisk score or DxCG score), and pharmacy benefits 

to describe the general medical risk of the member.

Predictive Algorithm and Intervention 

The insurer developed a proprietary algorithm that was fed more 

than 1500 patient-level characteristics derived from medical 

claims (eg, utilization, cost, diagnoses, procedures), clinical data 

(eg, laboratory results, including counts of abnormal lab results; 

clinical alerts of gaps in care), and additional member data (eg, 

demographics, geography, health plan information, member 

interactions with the health plan).

The model aimed to identify members with potential health 

deteriorations likely to trigger an acute inpatient hospitaliza-

tion in the next 6 months. The final algorithm included roughly 

500 member-level characteristics and was an ensemble classifi-

cation model built in SAS Enterprise Miner (SAS Institute). The 

likelihood of hospitalization (LOH) algorithm was applied to the 

entire Medicare Advantage member population with a diagnosis 

of CHF in 16 separate waves (time periods) between 2013 and 2016.

These LOH predictive scores were used to identify members 

for outreach of an existing comprehensive care management 

program designed to intervene and mitigate downstream health 

care utilization. Registered nurse (RN) health coaches were sent a 

list of members with the highest LOH risk. The number of members 

on the list corresponded with the RN team’s capacity to conduct 

member outreach and intervention, resulting in varying numbers 

of members engaged with the DM program over time. Thus, the 

number of patients who were contacted was not based on patients’ 

interest in the program. More details regarding the predictive model 

cutoff points can be found in David et al.17,18

The RN health coaches involved in the DM program were tasked 

with closing gaps in care, performing medication reconciliation, 

coordinating appointments with health care providers, and 

connecting clinical and nonclinical stakeholders. The intervention 

also included CHF-specific condition management designed to 

help members understand their diagnosis and how to manage it, 

including supporting lifestyle changes to reduce health risks and 

facilitate symptom monitoring and management. Outreach was 

initiated through phone calls, but not all calls resulted in enroll-

ment in a DM program. RNs did not know whether the member 

was identified through the LOH algorithm or through other means.

Cohort Definitions

In this study, the intervention group was defined as members who 

received a high predicted LOH score from the algorithm, who had 

a mean LOH score of 77% and were contacted by the RN (Figure, 

high-LOH intervention group). We compared these members with 

a matched comparison group of members who were also contacted 

by RNs through existing efforts by the insurer to improve health 

outcomes. The matched comparison group was also limited to 

members with CHF, was similar on observable characteristics (age, 

gender), and was especially similar in terms of medical risk profile 

(concurrent medical risk score/Verisk score) based on a matching 

algorithm described below, but this group had low LOH scores (Figure, 

low-LOH intervention group). The concurrent medical risk score 

(Verisk risk score or DxCG risk score) is a risk assessment score that 

is commonly used to describe patient medical risk profiles. The 

DxCG risk score has its root in CMS efforts to describe patient risk, 

which ultimately led to the hierarchical condition categories.19

We also compared the high-LOH intervention group with a 

second cohort of matched members with CHF who were identical 

across all member-level characteristics including having high LOH 

scores but who did not receive a DM outreach (Figure, high-LOH 

no-intervention group). There were several reasons why members 

meeting the profile for care management were not enrolled in 

the program. For example, outreach volume was dictated by the 

capacity that care management RN health coaches could handle 

at a given time. Capacity and corresponding wave sizes varied (eg, 

100 members or 1500 members) relative to available RN health coaches 

and caseload. We make a third comparison between the low-LOH 

intervention group and a matched set of members with CHF who 

also had low LOH scores but did not receive a DM outreach (Figure, 

low-LOH no-intervention group). Thus, the LOH no-intervention 

groups represent members with CHF who are observably similar 

TAKEAWAY POINTS

 › Disease management (DM) provides opportunities to close gaps in care before health 
deteriorates.

 › However, DM programs’ success has been limited, and there is little evidence on whether 
targeted predictive analytics–driven DM interventions may be successful.

 › In this study, we evaluated how a targeted DM outreach program for high-risk members 
with chronic heart failure (CHF) performed compared with the same DM program for 
untargeted individuals.

 › Targeting high-risk members with CHF who have gaps in care can be effective in reducing 
hospitalizations and spending.



670  DECEMBER 2022 www.ajmc.com

POLICY

in health risk to the treatment groups, allowing us to understand 

spending and utilization patterns for the treatment groups had 

they not received the DM outreach.

Statistical Analysis

The main goal was to estimate whether the DM outreach program 

was effective in a predictive model–identified high-risk population 

relative to the traditional DM outreach population that did not use 

any predictive modeling. The study focused on medical use and 

spending trends among members who received an outreach for DM, 

where some received the outreach via the algorithm and others did 

not, and followed their utilization patterns across time.

The challenge was to identify suitable control members who did 

not receive outreach through the algorithm and were still compa-

rable in observable characteristics. As a large number of members 

received DM through channels other than the predictive algorithm, 

we utilized, among other demographics, the standard concurrent 

Verisk risk score rating in the month the predictive algorithm was 

run to select individuals who should receive the outreach. The 

standard concurrent Verisk risk score evaluates current patient 

complexity risk based on claims data. The score was different from 

the predictive algorithm score because the predictive algorithm 

reflects the current and expected risk level of members. Thus, patients 

may look very similar in terms of concurrent Verisk risk score but 

can have very different predictive risk scores in a given month. 

To arrive at comparable member groups, we performed 1:1 matching 

using the predictive algorithm outreach members and the traditional 

outreach members. We used coarse exact matching that matched 

members based on the minimum difference in the distribution 

of the variables included in the matching process. The variables 

included in the matching model were concurrent Verisk risk score, 

age, gender, and outreach wave. We then performed multivariate 

regression analysis that compared the spending trend among 

predictive outreach members with that among traditional outreach 

members using demographic variables (age, gender), wave fixed 

effects, the Verisk risk score, pharmacy coverage status, and expiration 

date (ie, date patient died or left the sample) as control variables in 

the 12 months after the outreach. We explicitly did not include the 

predictive algorithm score in the regression model because we would 

expect that the predictive score is highly correlated with health care 

spending in the 12 months after the outreach, and adjusting for this 

variable would absorb changes in spending attributable to predictive 

risk score differences in the treatment and comparison groups.

In secondary analyses, we were also interested in the level of 

care utilization of the outreach groups in the absence of outreach. 

To arrive at appropriate comparison members for both outreach 

MEMBERS RECEIVING OUTREACH

MEMBERS WITHOUT OUTREACH

Identification of effect of algorithm on selecting at-risk individuals

Matched on:
 › Predictive score
 › Verisk score
 › Age
 › Gender
 › Algorithm wave

Matched on:
 › Predictive score
 › Verisk score
 › Age
 › Gender
 › Algorithm wave

FIGURE. Describing the Sample and Analytical Approacha

LOH, likelihood of hospitalization.
aThe Figure describes the samples that are compared in this study. The top left treated group in blue is compared and matched to the traditional treated group in grey. 
Vertically are displayed the comparison groups for each treatment group (orange and green) that are then compared to display expected health care use and spending 
in the absence of treatment.

Standard-of-care 
outreach members

(low LOH)

Algorithm outreach 
members
(high LOH)

No outreach 
members
 (low LOH)

No outreach 
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Matched on:
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 › Age
 › Gender
 › Algorithm wave
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groups, we matched the predictive algorithm outreach members 

to nonoutreach members based on the Verisk risk score, predictive 

risk score, gender, and age. We similarly matched the traditional 

outreach members to other nonoutreach members based on the 

same variables as above. Including the predictive and Verisk risk 

scores when selecting counterfactual groups satisfied that predic-

tive outreach members were compared with members who did 

not receive the outreach but had similar high predictive scores of 

future care needs (and thus propensities to receive the outreach). 

The Figure displays the samples and matching criteria. 

Outcomes

Our main outcome variables were health care utilization and 

spending in the 12 months after the outreach. We created utilization 

and spending outcomes to holistically review the care patterns 

observed after the DM intervention. Utilization outcomes were 

calculated in binary (extensive margin) and continuous outcomes 

for total hospital admissions, emergency department (ED) visits, ED 

visits leading to a hospitalization, primary care visits, cardiologist 

visits, and general specialist visits. Outcomes for spending included 

total medical spending (inpatient + outpatient + professional 

spending), total outpatient spending, and total inpatient spending. 

Care utilization and spending were measured from the time of the 

intervention up to and including the 12 postintervention months. 

The outcomes were chosen based on the expected impact of the 

intervention on inpatient and outpatient care utilization over time.

Analyses were performed using Stata version 15 (StataCorp). 

A P value less than .10 was considered statistically significant. SDs 

and SEs are displayed in parentheses in all tables, and 95% CIs 

around estimates are reported in the text.

RESULTS
Descriptive Analysis

There were 1592 high-LOH intervention group members who 

were matched to 1592 low-LOH intervention group members. 

Sociodemographic characteristics and the Verisk risk score were 

similar for both groups, suggesting that the matching algorithm 

was successful in balancing observable characteristics (Table 1). 

The mean age of the sample was about 80 years, 55% of the sample 

were women, and many had pharmacy benefits. Of note is that 

the mean Verisk risk score, measuring the present health risk of 

the member, was about 31, while the predictive model risk score 

identifying future health needs was high among the predictive 

outreach group (77%) and low in the comparison outreach group 

(39%). The discrepancy in predictive risk score was expected because 

high risk score is required to receive the outreach through the 

predictive model. Because comparison members did not receive 

the outreach through the predictive model targeting, they had to 

have lower predictive scores.

The counterfactual samples of matched members who did not 

receive a DM outreach showed similar observable characteristics 

(Table 1, columns 3-4). The counterfactual groups (high-LOH no 

intervention and low-LOH no intervention) had somewhat lower 

mean Verisk risk scores and pharmacy coverage. The matched 

control groups were somewhat smaller in size.

Descriptive evidence of medical use and spending in the year after 

the intervention showed that both intervention groups had similar 

care patterns (Table 2). Total overall medical spending ($27,308 

and $27,749) was similar, but inpatient spending was higher for 

the high-LOH intervention group than the low-LOH intervention 

group ($13,534 vs $12,857), whereas outpatient spending was lower 

for the high-LOH intervention group compared with the low-LOH 

intervention group ($6126 vs $7710). The findings suggest differences 

of intensity of treatment, as the probability and intensity of inpatient 

and outpatient care encounters were similar across both groups.

Health care spending and utilization trends were higher among 

the high-LOH no-intervention group compared with the low-LOH 

no-intervention group (Table 2). For example, medical spending was 

$18,065 in the year for the high-LOH no-intervention group, and 

$15,454 among the low-LOH no-intervention control group. The overall 

levels of health care interactions were lower for the 2 counterfactual 

groups compared with the outreach groups, potentially due to the 

lower medical risk captured by the Verisk risk score.

TABLE 1. Summary Statistics of Demographics for All Samplesa

Demographics

High-LOH 
treated 

(n = 1592)

Low-LOH 
treated 

(n = 1592)

High-LOH 
not treated 
(n = 1123)

Low-LOH 
not treated 
(n = 1321)

T test 
comparing 

1 with 2

T test 
comparing 

1 with 3

T test 
comparing 

1 with 4

Age 80.55 (7.44) 80.57 (7.39) 81.26 (7.00) 81.27 (6.97) 0.99 0.01 0.01

LOH score 0.77 (0.25) 0.39 (0.32) 0.77 (0.27) 0.36 (0.32) 0.00 0.99 0.00

Female 0.55 (0.50) 0.55 (0.50) 0.55 (0.50) 0.56 (0.50) 1.00 0.88 0.38

Verisk score 31.41 (25.25) 30.98 (25.23) 26.85 (22.63) 24.80 (21.39) 0.68 0.00 0.00

Pharmacy coverage 0.99 (0.10) 0.99 (0.10) 0.68 (0.47) 0.77 (0.42) 1.00 0.00 0.00

LOH, likelihood of hospitalization.
aTable 1 displays the means and SDs in parentheses of the demographic characteristics for members who received an outreach call and the comparison groups. 
The first column “high-LOH treated” displays members who received the outreach via the LOH algorithm (treatment) and the second column for “low-LOH treated.” 
The third and fourth columns display the matched nontreated groups, respectively, and the last 3 columns display P values from t tests that compare the means for 
the high-LOH treated group compared with the other 3 groups.  
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Regression Analyses 

High-LOH intervention members were 6% less likely to have a 

hospital admission (–0.03 percentage points [PP]; 95% CI, –0.07 to 

–0.01 PP; P = .061) compared with low-LOH intervention members. 

Lower hospital visits were driven by 8% fewer ED visits resulting in 

a hospital admission (–0.04 PP; 95% CI, –0.07 to –0.01 PP; P < .001). 

However, total medical spending was not significantly lower 

among high-LOH intervention members compared with low-LOH 

intervention members (–$965; 95% CI, –$3277 to $1347; P = .410) 

(Table 3). Total mean inpatient spending was similar ($96; 95% CI, 

–$1356 to $1547; P = .890).

High-LOH intervention members had a 6% lower probability of 

having an ED visit (–4 PP; 95% CI, –0.07 to –0.01; P = .029) compared 

with low-LOH intervention members, but no difference in prob-

ability of use of primary care, cardiologist, or specialist care was 

found. However, outpatient spending decreased significantly by 

20% (–$1517; 95% CI, –$2482 to –$551; P = .002) for the high-LOH 

intervention group compared with the low-LOH intervention group 

in the 12 months after the outreach. 

The high-LOH no-intervention group had higher rates of ED visits 

(0.20; 95% CI, 0.03-0.38; P = .021) compared with low-LOH no-intervention 

members, as well as higher probability of a hospital admission (0.05; 

95% CI, 0.01-0.09; P = .030). No difference in primary, cardiology, or 

specialist care became evident. The high-LOH no-intervention group 

had higher total medical spending ($1981; 95% CI, –$104 to $4065; 

P < .063) and higher outpatient spending ($829; 95% CI, –$75 to $1733; 

P = .072) compared with the low-LOH no-intervention group.

DISCUSSION
In a novel evaluation of a predictive analytics–driven DM program, 

those who received the intervention due to a high predictive score 

were associated with lower likelihoods of having an inpatient 

hospitalization and ED use, which decreased outpatient spending 

compared with members who received the DM intervention not 

driven by the predictive analytics model in the 12 months following 

outreach. To understand how spending patterns among both 

groups would have evolved had no intervention taken place, we 

show that predictive outreach members would have experienced 

significantly worse health outcomes, measured by higher rates of 

hospitalizations and ED use.

Few DM programs include non–claims-based data to classify 

suitable members, aim interventions not just at high-risk popula-

tions, and also target individuals most likely to benefit from care. 

DM programs are aimed at closing disease-specific gaps in care, 

although the lag time between claims processing and gaps in 

care lead to a significant delay in realizing health need. Clinical 

information and information exchange with providers may be 

beneficial to target specific subgroups, but their administrative 

and organizational burden are costly to the insurer and they may 

therefore be less common. Acknowledging that current approaches 

to DM may be too broad, especially as the number of individuals 

with chronic diseases is growing in the United States, can be one 

step further to more targeted approaches.20

Our results show that even a targeted DM intervention has its 

limits. Our findings suggest that it seems to be effective in reducing 

TABLE 2. Utilization Outcomes After 360 Days for All Samplesa

Outcome measures

Continuous dependent 
variables

Binary dependent 
variables

Continuous dependent 
variables

Extensive margin (binary) 
dependent variables

High-LOH 
treated

Low-LOH 
treated

High-LOH 
treated

Low-LOH 
treated

High-LOH 
not treated

Low-LOH 
not treated

High-LOH 
not treated

Low-LOH 
not treated

Total hospital admission 1.50 (2.30) 1.49 (2.23) 0.51 (0.50) 0.52 (0.50) 0.96* (1.67) 0.81* (1.64) 0.41* (0.49) 0.34* (0.48)

Total medical cost
27,338 

(36,880)
27,749 

(32,104)
18,065* 
(28,787)

15,454* 
(24,478)

Total inpatient cost
13,534 

(23,387)
12,857 

(19,988)
9557* 

(20,528)
7891* 

(17,457)

Total outpatient cost
6126 

(13,232)
7710* 

(15,128)
4941* 

(13,237)
4023* 

(10,079)

Total ED admissions 1.94 (2.74) 2.04 (3.03) 0.60 (0.49) 0.63* (0.48) 1.40* (2.38) 1.16* (1.83) 0.52* (0.50) 0.47* (0.50)

Total ED visits leading 
to hospitalization

1.36 (2.12) 1.45 (2.20) 0.60 (0.49) 0.63* (0.48) 0.88* (1.79) 0.72* (1.38) 0.40* (0.49) 0.35* (0.48)

Primary care visits 3.95 (3.80) 3.85 (3.66) 0.81 (0.39) 0.81 (0.39) 1.98* (3.01) 2.42* (3.43) 0.45* (0.50) 0.54* (0.50)

Cardiologist visits 2.45 (3.11) 2.60 (3.02) 0.66 (0.48) 0.67 (0.47) 1.33* (2.54) 1.44* (2.39) 0.36* (0.48) 0.42* (0.49)

Specialist visits 9.21 (10.34) 9.17 (9.42) 0.87 (0.34) 0.87 (0.33) 5.10* (9.05) 5.50* (7.67) 0.51* (0.50) 0.60* (0.49)

Observations 1592 1592 1592 1592 1123 1321 1123 1321

ED, emergency department; LOH, likelihood of hospitalization.

*Statistically different at the 10% level from the high-LOH treated group.
aTable 2 displays the mean and SD in parentheses for the cumulative 360-day posttreatment utilization patterns for members who received an outreach call and 
the comparison groups. The first and third columns “high-LOH treated” display the utilization patterns of members who received the outreach via the LOH algo-
rithm and the second and fourth columns “low-LOH treated” display those of members who received the outreach through regular channels. The last 4 columns 
provide descriptive statistics for the nontreated comparison groups. 
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the probability of having any ED visit or inpatient stay but does not 

reduce the number of ED visits and inpatient stays. These findings 

suggest that a targeted intervention may work well for individuals 

who are at the margin of an escalating health need when DM can 

stabilize the patient, but it does not work for members who are 

likely to have persistently high levels of care need.

To our knowledge, there have been no previous studies evaluating 

the differential impact of predictive analytics–driven DM outreach 

programs vs the same nonpredictive DM program approach. To date, 

the best evidence provides mixed conclusions for targeted DM 

outreach programs’ efficacy.6,12,21-23 Recent evidence suggests that 

a targeted approach can result in fewer acute hospitalizations and 

ED visits, which can lead to cost savings.17,18 A randomized trial 

had similar implications and showed that the cost of intensive 

DM programs for high-risk populations generally outstrips the 

downstream health care cost savings.6

Limitations

The study has several limitations. First, the intervention analyzed 

does not necessarily lead to closures of gaps. It was a voluntary 

program and could have also informed and updated individuals’ 

beliefs regarding their own health status, regardless of the interven-

tion. Further, the extent to which members may have engaged with 

DM may differ among members, something we cannot adequately 

measure. Second, the intervention was targeted to intervene 

specifically among Medicare Advantage members with CHF; 

therefore, conclusions on the effectiveness of the outreach may 

differ for other groups with chronic diseases in whom intervention 

protocols may be different. Third, the predictive algorithm generally 

relies on claims information to identify high-risk members. Claims 

data were not developed for predictive modeling and are therefore 

lacking clinical detail that physicians and hospitals may not submit 

to the insurer. Fourth, our findings rely on matching techniques 

that use observable characteristics available in health insurance 

claims data. Thus, other dimensions along which matched groups 

differ could not be accounted for. 

CONCLUSIONS
A predictive analytics–driven DM outreach was associated with 

reducing outpatient health care utilization compared with a nonpre-

dictive DM outreach protocol among members with CHF. However, 

TABLE 3. Spending and Utilization Outcomes in the Year After the Intervention for Algorithmic-Driven (high-LOH treated) vs Traditional (low-LOH treated) 
Members and Non–Intervention-Matched Membersa

Panel A: High-LOH treated vs low-LOH treated

Outcome

Total 
medical 

cost

Total 
outpatient 

cost

Total 
inpatient 

cost
Hospital 

admission
ED 

admission

ED admission 
leading to 

hospitalization 

Primary 
care 

physician Cardiologist Specialists

Number of visits 

Impact of outreach 
–965 
(1179)

–1517*** 
(492)

96 
(740)

–0.043 
(0.078)

–0.133 
(0.101)

–0.119 
(0.080)

0.193 
(0.130)

–0.098 
(0.070)

0.249 
(0.339)

Any visit 

Impact of outreach    
–0.032* 
(0.017)

–0.039** 
(0.017)

–0.038** 
(0.017)

0.009 
(0.014)

–0.005 
(0.017)

–0.001 
(0.012)

Observations 3184 3184 3184 3184 3184 3184 3184 3184 3184

Panel B: High LOH vs low LOH not treated

Outcome

Total 
medical 

cost

Total 
outpatient 

cost

Total 
inpatient 

cost
Hospital 

admission
ED 

admission

ED admission 
leading to 

hospitalization 

Primary 
care 

physician Cardiologist Specialists

Number of visits 

Impact of outreach 
1981* 
(1063)

829* 
(461)

825 
(771)

0.097 
(0.067)

0.203** 
(0.089)

0.153** 
(0.066)

–0.186 
(0.119)

0.029 
(0.097)

0.207 
(0.332)

Any visit 

Impact of outreach 
0.047** 
(0.019)

0.026 
(0.020)

0.029 
(0.019)

–0.039** 
(0.016)

–0.024 
(0.017)

–0.032** 
(0.016)

Observations 2444 2444 2444 2444 2444 2444 2444 2444 2444

ED, emergency department; LOH, likelihood of hospitalization.

*Statistically different coefficients at the 10% level; **5% level; ***1% level.
aPanel A displays the coefficients of interest and SEs in parentheses among outreach members (equal to 1 if the outreach occurred via the predictive algorithm 
and 0 otherwise) compared with members who received the outreach via traditional avenues. Members are matched based on wave, concurrent Verisk risk 
score, gender, and age. Regressions control for death, age, gender, pharmacy coverage, concurrent Verisk risk score, and wave fixed effects. Panel B displays the 
coefficients of interest among the matched nontreated members (equal to 1 for those who were observably similar to outreached predictive algorithm members 
and 0 otherwise for members who were observably similar to the traditional members) on the impact of the hypothetical outreach. Control members are matched 
based on algorithm predictive score, wave, concurrent Verisk risk score, gender, and age. Regressions also control for death, age, gender, pharmacy coverage, 
concurrent Verisk risk score, and wave fixed effects. 
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the lower utilization translated to only statistically significantly 

lower outpatient spending, while total medical spending remained 

similar. Future research is needed to assess the efficacy among 

other chronic groups and disease contexts. n
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