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Abstract

Disease Management Programs aim to save cost by improving the quality of care

for chronic diseases. Evidence for their effectiveness is mixed. Reducing health care

spending sufficiently to cover program costs has proved particularly challenging. This

study uses a difference in differences design to examine the impact of a Diabetes Dis-

ease Management Program for high risk patients on preventive tests, health outcomes

and cost of care. Heterogeneity is examined along the dimensions of severity (mea-

sured using the proxy of poor glycemic control) and preventive testing received in the

baseline year. While disease management programs tend to focus on the sickest, the

impact of this program concentrates in the group of people who had not received recom-

mended tests in the pre-intervention period. If confirmed, such findings are practically

important to improve cost effectiveness in disease management programs by targeting

relevant subgroups defined both based on severity and on (missing) test information.
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1 Introduction

Diabetes is the sixth leading cause of death worldwide (World Health Organization 2016).

Care for people diagnosed with diabetes consumes more than 1 in 5 health care dollars in the

U.S. (American Diabetes Association 2013). But although diabetes is relatively well under-

stood and there is broad consensus on how to manage it, achievement of clinical guidelines

is still far from adequate (Centers for Disease Control and Prevention 2014).

Diabetes management programs aim to contain cost and improve quality of care by

helping patients and clinicians follow clinical guidelines and engender healthy behaviors.

Evidence on the impact of diabetes management programs is limited. Most early studies

showed modest improvements in compliance with guidelines and clinical outcomes, such as

HbA1c levels, but they lacked conclusive evidence that disease management programs reduce

healthcare costs (Congressional Budget Office 2004; Goetzel et al. 2005; Knight et al. 2005;

Mattke et al. 2007; McDonald et al. 2007; Lairson et al. 2008). Although some studies find

large effects across a broad range of outcomes, including financially relevant measures such

as inpatient bed days (Berg and Wadhwa 2007; Bray et al. 2008; Tricco et al. 2012), most

recent studies find neither evidence of large effects on clinical outcomes (Pimouguet et al.

2011) nor significant reductions in medical expenditures (Bott et al. 2009; Brown et al. 2012;

Nelson 2012).

These apparently contradictory findings can be explained by patient response hetero-

geneity. The relationship between disease management program intensity and impact on

healthcare costs is likely nonlinear and heterogeneous (Berg et al. 2012). Decreases in med-

ical expenditures have been shown to be larger at the most expensive tail of the healthcare

cost distribution (Kranker 2016). Different mechanisms can explain these findings: more

severe patients may benefit more from more intensive care, a program may cut waste in

utilization, or medical expenses of high utilizers may regress to the mean (Nolte et al. 2012).

Heterogeneity in the effect of disease management programs is not well understood (Elis-

sen et al. 2013). Identifying those patients most likely to benefit from an intervention can
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improve targeting, rendering programs more cost efficient and clinically effective.

We estimate the impacts of a diabetes disease management program for patients at a

large Massachusetts HMO, using a difference-in-differences research design, which compares

changes in outcomes for enrolled and unenrolled patients before and after the start of the pro-

gram. To address internal validity concerns, we show that the treated and untreated patients

are demographically similar, and control for patient-specific time-invariant unobservables in

the analysis. To address external validity concerns, we note that the program includes simi-

lar components to recent programs described in the diabetes disease management litterature

(Meng et al. 2016), and that, although diabetes care has improved towards more compli-

ance with guideline recommended tests, still more than 700,000 diabetic Medicare patients

annually do not receive HbA1c screening (National Committee on Quality Assurance 2016).

The program reduced both HbA1c levels and expenditures among enrolled patients. The

main contribution of our study is to measure response heterogeneity along two dimensions:

baseline severity and (non)compliance with clinical guidelines. Not surprisingly, patients

with high baseline severity exhibit a larger reduction in HbA1c scores, while those who were

not tested at baseline exhibit a larger increase in compliance. Perhaps surprisingly, the fi-

nancial benefits were highly concentrated among the patients who did not receive any HbA1c

test during the baseline year. The latter result suggests important policy implications. In

particular, disease management programs may benefit from targeting patients based on miss-

ing information in patient records as well as severity thresholds. Our review of the literature

did not find any evidence that disease management programs used targeting strategies based

on missing test information, although modern EHR systems would presumably have such a

capability.

The balance of the paper proceeds as follows: Section 2 provides a brief overview of

targeting strategies in disease management. Section 3 describes the intervention, and Section

4 describes our data. Section 5 discusses methods. Section 6 presents the results, and we

conclude with a brief discussion of implications.
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2 Targeting Strategies in Disease Management

Disease management programs collect data on patients with diabetes to identify intervention

opportunities. Appropriate services are then provided to the patient, the healthcare practi-

tioners or both (Arora et al. 2008; Conklin and Nolte 2011). Prior studies have acknowledged

the importance of targeting precise population groups as a determinant of a disease man-

agement intervention’s impact (Dusheiko et al. 2011). Surprisingly, target efficiency in this

context has received little attention beyond the dimension of severity: “If a DM program

targets too large a population, it may provide costly services to beneficiaries too healthy

to show significant improvements, but the program leaves potential savings unrealized if

services are limited to a small population” (Kranker 2016).

Current targeting strategies are based on varied criteria reflecting severity including

HbA1c level, complications, specific cutoffs in healthcare expenditures or health utiliza-

tion, including hospitalizations (Conklin and Nolte 2011). Targeting strategies often focus

on identifying particularly severe cases, based on diagnostic tests results (Beaulieu et al.

2006; Berwick and Hackbarth 2012; Cebul et al. 2008; Richardson et al. 2001; McGlynn

et al. 2003).

Diabetes disease management is a highly information intensive activity. The most im-

portant information sought about control over diabetes is based on the level of one blood

test, glycosylated hemoglobin (HbA1c), which reflects average blood glucose levels over the

prior 120 days. A score less than 7 is considered good control, while a score greater than 9.5

indicates poor control. Clinical trials show a strong correlation between HbA1c levels, com-

plications and death, which makes HbA1c score a good proxy for severity (Zoungas et al.

2012). The probability of ordering an HbA1c test is used as a measure of the quality of

diabetes care (Scott et al. 2009).

Information about severity and control of diabetes is prerequisite to patients and clinicians

taking appropriate measures. Patients who know their HbA1c level understand their care

better, but this knowledge alone does not necessarily lead to better self-management (Heisler
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et al. 2005). Both provision of information to patients and efforts to actively involve them

in treatment decision-making are associated with better overall diabetes self-management

(Heisler et al. 2007).

Targeting strategies based on severity alone do not enable programs to be cost effective.

In 2012, 11.2 million people over 65 had diabetes (Centers for Disease Control and Prevention

2015), and among Medicare diabetic patients, 7% did not receive HbA1c screening (National

Committee on Quality Assurance 2016). These figures imply that more than 700,000 Medi-

care diabetic patients annually lack critical information to manage their care. This is a lower

bound for the size of a potential target population based on missing information.

To our knowledge, the information hypothesis – the idea that targeting patients based

on missing information in their records may be more cost-effective than relying only on

severity thresholds – has not been studied. This study therefore helps fill a gap in the

literature on target efficiency of disease management programs. The proposed underlying

mechanism is that information about the case is a precondition to both appropriate medical

decision making and patient engagement. When patients and clinicians already have more

information about a patient’s health, the patient is expected to exhibit a smaller response

to a program than those with less pre-intervention information, because information allows

patients to respond and clinicians to intervene.

3 The Intervention

We examine a diabetes disease management intervention for beneficiaries of a large Mas-

sachusetts HMO providing health insurance for over 200,000 members. The disease manage-

ment program was managed by LifeMasters, a private company specializing in chronic care

management.

LifeMasters used medical claims data to identify patients with diabetes and group them

into risk categories. Patients were eligible to enroll in the program if they met one or more of
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the following severity criteria: hospitalization for a diabetes-related complication, an HbA1c

level above 9.5, or an established diabetic complication.

At the start of the enrollment period, 5,632 persons were eligible. Primary care physicians

were asked for permission to enroll their patients in the program. Physician acceptance

rate was over 95%. Eligible patients were contacted by mail and telephone, receiving up

to five calls during a first six-month enrollment window, at the end of which LifeMasters

stopped actively recruiting patients and focused on program administration and the delivery

of benefits to enrollees.

The program combined commonly used disease management strategies. Information

generated by enrolled patients was monitored and used in conjunction with claims data to

generate reports that were shared with physicians whenever there was a specific opportunity

to intervene. Enrolled patients received electronically connected test kits and instructions for

self-monitoring blood sugar. They could call an automated phone system that would answer

questions, record test results, or connect them to a nurse. They could schedule regular one-

on-one interactions with a case-worker. Enrolled patients were also scheduled for a series of

educational sessions. LifeMasters periodically contacted them to check on their health and

satisfaction with the program.

The treatment group for this study consists of eligible patients who enrolled during the

first recruitment wave.1 The control group corresponds to eligible patients who were not

enrolled during the first recruitment wave. Exogenous assignment is not assumed, since

patients who were contacted could still decline the offer to enroll, and identification of con-

tacted patients is not available. However, our empirical strategy leverages inaccurate phone

records that created substantial random variation in offers to enroll. The company was only

able to reach approximately half of all eligible patients during the first enrollment wave.

Later waves of enrollees are excluded from the treatment group as they were targeted based

on recent health shocks.

1Patients who enrolled in later waves were more likely to select into the program based on adverse health
outcomes, but were retained in the control group up to their date of enrollment.
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4 Data

We utilize an unbalanced panel data set containing 192,255 quarterly observations for 5,632

eligible patients over a four year period.2 Table 1 reports patient demographics, test in-

formation, health outcomes, and costs for eligible patients during the baseline year, in the

treated and control groups, with the corresponding t-statistic and normalized difference.3

The panel on demographics includes patient’s age, sex, insurance status, residential area

(urban or rural), race, attrition status and income. Patient’s age, sex, insurance status

(Medicare and/or Medicaid), mailing address, medical claims, lab test information and at-

trition status come from the HMO dataset. Race and income were generated by linking

patients’ zip codes to U.S. Census data.

The panel on preventive tests includes a set of four binary variables representing whether

or not a patient received each of the four recommended tests (HbA1c Test, Eye Examination,

Lipid Level and Renal Function Test) during the baseline (pre-enrollment) year. A variable

“Total Tests”, corresponds to the sum of the four binary tests variable and summarizes how

many of the four tests were received in the pre-intervention period.

The panel on health outcomes provides four measures: the average HbA1c level in the

baseline year, severity (measured following Zoungas et al. (2012) using HbA1c ≥ 9.5, the

threshold for poor control, as a proxy), a binary variable for comorbidities and a binary vari-

able indicating whether a patient had an inpatient admission in the pre-intervention period.

The cost variable includes total healthcare expenditures including inpatient, outpatient and

pharmaceutical claims.

The treatment and control groups have very similar baseline demographics. The eligible

population is on average 65.5 years old, 53% male, 60% covered by Medicare and 2% covered

2The sample period begins in the third quarter of 1998 and ends in the third quarter of 2002.
3The normalized difference is the difference in treated versus control sample means, divided by the

average standard deviation. It provides a scale-free measure of the difference in the location of the two
distributions that does not depend on sample size in the same manner as a t-statistic. While there are no
critical values for this statistic, Imbens and Wooldridge (2008) suggest that when it exceeds 0.25, linear
regression methods tend to be sensitive to the specification.
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by Medicaid, 84% urban, 90% white. Their average annual income is $49,279 and their

attrition rate 12%. The treated group is slightly younger than the control group (64.6 versus

65.7 years old). All other demographic differences between the treated and control group

are small and not significant.

The treatment and control groups are different with respect to preventive tests. In the

baseline year 73% of the eligible population received an HbA1c test, 57% received an eye

test, 48% received a lipid test and 8% received a kidney test. Treated patients are uniformly

more likely to be tested than control patients, and received on average two or more tests

in the baseline year (2.21) while control patients received on average less than two tests

(1.80) in the baseline year. 89% of treated patients versus 71% of control patients received

an HbA1c test. 63% of treated patients versus 56% of control patients received an eye test.

57% of treated patients versus 47% of control patients received a lipid test and 12% of treated

patients versus 7% of control patients received a kidney test.

The health outcome and cost panels show both contrasts and similarities between the

treated and control patients. While the average HbA1c score in the pre-intervention period

for all eligible patients is 8.32, this score is higher in the treated group (9.02) than in the

control group (8.13). Similarly, 21% of the eligible population had poor HbA1c control, but

this proportion is 33% in the treated group versus 18% in the control group. While this is a

significant difference in HbA1c levels, this may reflect that treated patients are more likely to

be tested. In contrast, the comorbidity rate, inpatient visits and healthcare costs are slightly

higher in the treated group than in the control group, but these differences are small and

not statistically significant. The comorbidity rate is 30% in the treated group versus 27% in

the control group. Inpatient visits rate is 25% in the treated group versus 22% in the control

group. Total annual cost is $9,629 in the treated group versus $8,683 in the control group.

Overall, treated and control patients have very similar demographics, comorbidity rates,

inpatient visits and healthcare costs. They are however different with respect to preventive

tests received. While this might raise concerns about self-selection into the program, treat-
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ment effect heterogeneity along the dimension of HbA1c test received in the baseline year is

examined below.

5 Methods

Our evaluation examines three outcome variables: the number of recommended tests re-

ceived, severity (measured following Zoungas et al. (2012) using HbA1c ≥ 9.5, the threshold

for poor control, as a proxy for severity ) and total cost. Heterogeneity in the treatment

effect is analyzed along the dimensions of preventive tests received in the baseline year and

baseline severity.

We use a difference in differences (DD) design to measure the average impact of the

disease management program on enrolled patients. A major concern is that patients who

choose to enroll in the DM program may differ from those who decline, and these differences

could correlate with observed outcomes. A DD model compares the change in outcomes

for patients in the treatment group to the change in outcomes for patients in the control

group. The treatment group difference controls for time-invariant patient and environmental

characteristics that might be correlated with both enrollment and health. The control group

difference captures any time-varying factors common to all patients.

The basic DD model (model (1) in tables 2, 3 and 4) can be specified as this two-way,

fixed effect, linear regression:

yitk = αkTik + βXit + γi + λt + εit (1)

where yitk is an outcome for individual i who is in the kth quarter of enrollment at time t, Tik is

an indicator variable that takes the value of 1 if individual i is in their kth enrollment quarter

and 0 otherwise, Xit is a vector of control variables that vary across both individuals and

time, γi is a fixed-effect unique to individual i, λt is a time effect common to all individuals in

period t, and εit is an individual time-varying error distributed independently across patients
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and independently of all γi and λt. The standard errors are clustered at the individual patient

level to control for possible serial correlation.

The parameter αk is an estimate of the average impact of the disease management pro-

gram in the kth quarter of treatment. The key assumption in this model is that the change

in the control group is an unbiased estimate of the change the treatment group would have

experienced had they not enrolled in the disease management program. While it is not

possible to test this assumption directly, data from the pre-enrollment period can serve as

supporting evidence. In particular, we conduct a test of the joint null hypothesis that αk = 0

for all k < 0. Rejecting this “parallel trends” null hypothesis would provide evidence against

the key DD identification assumption.

Many of our results can be presented graphically, by plotting the αk and their 95%

confidence intervals. These graphs illustrate both the pre-intervention outcome trends, and

any treatment effect that follows enrollment in the disease management program. Figures 1

and 2 below provide graphs for the complete sample, and also for samples stratified by either

the number of tests received at baseline (Figure 1) and severity at baseline (Figure 2).

In addition to the flexible specification of model (1), we estimate a standard DD specifi-

cation that pools all of the post-treatment αk into a single parameter. This permits a more

parsimonious exploration of treatment heterogeneity using regressions with interactions be-

tween a dummy for treatment Tit and indicators for baseline testing or severity. Once again,

the model is specified as a two-way fixed effects linear regression:

yit = αTit + δTitZi + βXit + γi + λt + εit (2)

where yit is an outcome for individual i at time t, Tit is an indicator variable that takes

the value of 1 if individual i is enrolled at time t and 0 otherwise, Xit is a vector of control

variables that vary across both individuals and time, γi is a fixed-effect unique to individual

i, λt is a time effect common to all individuals in period t, and εit is an individual time-

varying error distributed independently across patients and independently of all γi and λt.

9



The treatment heterogeneity in this model comes from interacting Tit with Zi: a binary

variable indicating that a patient received at least one HbA1c test at baseline or, in the

second specification, that the patient’s baseline HbA1c score was less than 9.5 (the threshold

for poor control).

In model (2), the parameter α represents the average treatment effect for people who

did not receive any HbA1c test at baseline (alternatively, those with low severity). The

estimated treatment effect for those with a baseline HbA1c test (or high severity) is equal

to α+ δ. The main effect of the time-invariant baseline status indicators is absorbed by the

individual fixed effects, and we take into account the possibility of different time-trends for

the heterogeneous sub-populations by allowing the λt to vary across groups defined by Zi.

6 Results

This disease management program had large and significant effects on severity and total

costs. The effects of the program appeared within one or two quarters of enrollment and

persisted over time during the observed period. Analysis of response heterogeneity reveals

that patients who received less than two of the four recommended tests at baseline (rather

than the more severe patients at baseline) benefitted the most.

6.1 Graphical DD Results

The effects of the program on the number of recommended tests received, severity and

total cost are presented in Figure 1 and Figure 2.4 Each panel plots the αk coefficients

and associated 95% confidence intervals for a different sub-sample. Figure 1 shows all three

outcomes (one per row) for the full sample (column 1), as well as the two subsamples receiving

less than two recommended tests at baseline (column 2) and two or more recommended tests

at baseline (column 3). Figure 2 shows the same graphs for all patients who received at least

4See Tables A-1 and A-2 in the Appendix for coefficient estimates from a similar specification.
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one HbA1c test at baseline, as well as the subsample of more severe patients with HbA1c

above the 9.5 threshold at baseline and less severe patients, with HbA1c below the 9.5

threshold at baseline.

For the full sample, we observe no effect of the program on the number of recommended

tests received, but a large and rapid effect on severity and costs. The most interesting insight

from Figure 1, however, is that the program’s effect on cost is concentrated among patients

who received less than two recommended tests at baseline. This can be seen by comparing

the graphs in the second and third columns of the bottom row of Figure 1. The effect of

the DM program on severity appears to be larger but noisier in the sample of patients who

received less than two recommended tests at baseline. Most of these patients were not tested

before enrolling, making it difficult to precisely measure any change in the mean HbA1c

score.

Classifying patients into different severity subgroups based on their HbA1c score obvi-

ously requires that they received at least one HbA1c test during the baseline year. As a

result, people with no HbA1c test at baseline cannot be classified as high or low severity.

Figure 2 shows DD results for (1) the full sample excluding people with no HbA1c score

at baseline, (2) the high severity at baseline subsample and (3) the low severity at baseline

subsample. The most interesting insight from Figure 2 is that when people with no HbA1c

score at baseline are excluded from the full sample (column 1), a statistically significant

effect of the program on severity persists, but the impacts on cost disappear. Contrary to

the assumption behind classic targeting strategies that the sickest may benefit the most and

potentially generate the bigger cost savings, this program has no effect on total cost for high

severity patients who received at least one HbA1c test at baseline.

6.1.1 Pre-trend falsification tests

Overall, we find small differences between the treated and control patients before the in-

tervention. Graphically, we see that zero falls within the 95% confidence interval for most
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pre-intervention coefficients plotted in Figures 1 and 2. F-tests found no significant differ-

ence in the pre-treatment trend for log costs or severity. The pre-intervention difference in

the number of tests received is addressed by splitting the sample along this dimension.

6.1.2 Timing of DM program impacts

Figures 1 and 2 also show how quickly the DM program works. The response is remarkably

rapid for patients receiving less than two recommended tests at baseline (Figure 1, middle

column). By the second quarter of enrollment, these patients are 20% more likely to receive

two or more tests; their total costs decline by 65 percent, and poor HbA1c scores fall by 20

percent relative to the unenrolled patients. Moreover, all of these improvements persist for

several years.

For patients receiving two or more tests at baseline (Figure 1, right column), the benefits

are smaller. For example, after the fourth enrollment quarter information increases by 0.1

tests per patient, HbA1c control improves by 10 to 15 percent, and costs are not significantly

reduced. These differences in the timing and magnitude of the estimated treatment effects

suggest that DM interventions are more effective for patients who receive fewer recommended

tests at baseline.

Overall, we interpret the results in Figure 1 and 2 as evidence both that treated patients

are not systematically different from those who did not enroll, and that they experienced

sharp changes in recommended tests received, severity and cost following admission to the

program. There is also evidence that the program’s impact was greater for patients who

received fewer recommended tests at baseline.

6.2 Response heterogeneity

Tables 2, 3 and 4 report estimates from regression models with a single treatment dummy,

and add interactions to explore response heterogeneity along the dimensions of baseline
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HbA1c test, and baseline severity.5 Three outcomes are examined: number of tests received

(Table 2), severity (Table 3) and total cost (Table 4).

In each table, column 1 presents the regression of the outcome variable on a single

treatment dummy. Column 2 adds an interaction between treatment and a dummy variable

for receiving at least one HbA1c test at baseline. Column 3 presents the regression of the

outcome variable on a single treatment dummy and adds an interaction between treatment

and baseline severity, using a dummy variable for HbA1c less than the 9.5 threshold. Column

3 has a smaller number of observations because information on baseline severity is only

available for the subset of patients with at least one HbA1c test in the pre-intervention

period.

Table 2 presents the effect of the program on number of tests received. In the basic model,

the program has small and non-significant effects on the number of tests received. However,

the specification with interaction between treatment and an indication for receiving at least

one HbA1c test at baseline shows a large and significant improvement in the number of tests

received among the group of patients who did not receive any HbA1c test at baseline.

Table 3 shows large and significant effects on health outcomes in models (1) and (3)

(without interaction and with interaction between treatment and baseline severity). The

larger effect on severity appears in the high severity group. However, comparing effects in

this panel needs caution: in model (2) pre-post comparison using HbA1c score is likely to

underestimate the effect of the program on severity in the people who did not receive any

HbA1c tests at baseline. In this table, standard errors in column 2 are much larger than

standard errors in column 1 and 3 because there is no data on severity at baseline for patients

who did not receive an HbA1c test in the pre-intervention period.

The most interesting insights from these regressions are presented in Table 4, showing

5We checked the balance of the covariates in the subgroup of patients with no HbA1c test at baseline.
Overall, the balance looks good (see Table A-3), but with some evidence of inbalance in baseline comorbidities
and inpatient visits. To verify that this inbalance is not driving the results, we ran regression models
in the subsample without HbA1c test at baseline, adding interactions between treatement and baseline
comorbidites and between treatment and baseline inpatient visits. We did not find significant heterogeneity
in the treatment effect along these dimensions.

13



the impact of the program on cost. Since these variables enter in logs, we can interpret the

coefficient estimates as percentage changes. An estimate of the savings per patient-quarter

in US dollars is obtained from a separate regression run in levels.

The program has a large and significant impact on total cost, with an overall decrease

of 22 percent, corresponding to $209 per quarter. The regression specification adding an

interaction term between treatment and an indicator for receiving at least one HbA1c test

at baseline shows that the effect is large and highly significant for the patients who did

not receive any HbA1c test at baseline (coefficient is -0.66 corresponding to a decrease of

$617 per quarter). However, the regression specification adding an interaction term between

treatment and baseline severity shows that the effect in the high severity group is much

smaller and not significant. The effects of the program concentrate among the group of

patients who did not receive any HbA1c test at baseline, corresponding to a sample of 91

patients, 10% of the treated group, where the cost savings are concentrated. This finding

has significant implications for targeting interventions towards patient populations that are

likely to yield a large financial return.

7 Discussion

Using data from a large Massachusetts HMO, this paper explores the impact of a disease

management program and its response heterogeneity. The disease management program had

large and significant impacts on the number of recommended tests received, health outcomes

and cost. Most of the benefits, especially the financial ones, were realized in patients who

did not receive any HbA1c test at baseline, which suggests important policy implications.

Most studies use changes in HbA1c levels as the outcome measure to assess the effect of

disease management programs, which requires access to baseline HbA1c scores. As a result,

although the importance of diagnostic tests in diabetes disease management is well-known,

the effect of disease management programs on people who do not get HbA1c tests in the
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pre-intervention period – the population we find most likely to get large benefits from such

programs – is not known.

One important implication of our study is that observational studies assessing the impact

of disease management programs based on changes in observable variables like HbA1c levels

may underestimate the effect of the programs they aim to evaluate, because these effects

concentrate in people about whom this information is not available in the pre-intervention

period. Thus the findings suggest that in order to maximize returns disease management

programs should target patients who do not receive recommended tests.

Using a published cost estimate of $117 per patient-year (FROM WHERE? CITE NEEDED),

simple calculations suggest that, for patients who did not receive recommended tests at base-

line the program saved $2,351 per patient year.6 Had all the patients who did not receive

HbA1c test at baseline been treated, this estimate suggests that the program could have

saved $3.4 million in the first year alone.7 Thus, our results indicate that, focusing on

patients who do not receive recommended tests at baseline, disease management programs

could produce significant cost savings in the short run. If similar savings were achievable for

the 700,000 Medicare diabetic patients who do not receive HbA1c screening, more than $1.5

billion could be saved annually on diabetes care.

Our study also has several limitations. We are not able to quantify the net financial

impacts of the program because we lack information on administrative costs. The sub-sample

of patients with missing test information who enrolled in the DM program is also relatively

small (94 patients), suggesting the need for follow-up research to assess the replicability and

generalizability of our results for that group. Another promising avenue for future research

is to examine how to develop methods to identify high risk patients who do not receive

recommended diagnostic tests, based on electronic health records. These patients may be

the most promising target for health programs. At the same time, because they do not

6Using the estimate from Table 4 for patients who did not receive HbA1c test at baseline, the program
reduced patient quarter expenditures by $617, thus by $2,468 annually.

7There were 1,430 patients who did not receive HbA1c test at baseline in the control group
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receive recommended diagnostic tests, they may not be readily identified as high risk using

available information.

8 Conclusion

Data from a large Massachusetts HMO show that a disease management program had large

and significant effects on health outcomes and costs. Patients who benefit the most are not

the more severe patients, but rather patients who were not recently tested, thus preventing

themselves and their doctors from taking appropriate measures. This suggests an important

new strategy to improve target efficiency in disease management programs.
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Tables and Figures

Table 1: Baseline Summary Statistics: Eligible Patients, Treated versus Controls

Eligible Treated Control Norm. Diff. T-stat

Demographics

Age 65.5 64.6 65.7 0.09 2.28
Male 0.53 0.51 0.54 0.05 1.39
Medicare 0.60 0.59 0.61 0.04 1.20
Medicaid 0.02 0.02 0.03 0.06 1.48
Urban 0.84 0.84 0.84 0.00 0.10
White 0.90 0.90 0.89 0.05 1.41
Attriter 0.12 0.12 0.13 0.01 0.15
Income 49,279 49,447 49,249 0.01 0.40

Tests

HbA1c Test 0.73 0.89 0.71 0.48 11.51
Eye Exam 0.57 0.63 0.56 0.16 4.18
Lipids 0.48 0.57 0.47 0.18 4.94
Kidney 0.08 0.12 0.07 0.16 4.67
Total Tests 1.85 2.21 1.80 0.41 10.91

Health Outcomes

HbA1c Level 8.32 9.02 8.13 0.51 12.09
HbA1c ≥ 9.5 0.21 0.33 0.18 0.34 8.72
Comorbidities 0.27 0.30 0.27 0.07 1.79
Inpatient visit 0.22 0.25 0.22 0.07 1.94

Healthcare Costs

Total Cost 8,825 9,629 8,683 0.06 1.60

Patients 5,632 848 4,784
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Table 2: DM Impact on Total Tests

Outcome: Total Tests (Count)
Unit of Analysis: Patient-Quarter

(1) (2) (3)

Treatedit 0.04 0.23 0.05
(0.03) (0.09)** (0.04)

Treatedit x 1[HbA1c Test] -0.18
(0.09)*

Treatedit x 1[HbA1c<9.5] 0.003
(0.06)

Patient Effects Y Y Y
Quarter Effects Y N Y
Quarter x HbA1c Effects N Y n/a

Observations 70,625 70,625 45,018
Patients 4,966 4,966 3,098
Joint F test 2.35 1.41
Prob >F 0.12 0.23

*Significant at 5%; **significant at 1%. Robust standard er-
rors clustered on patient in parentheses. Quarter x HbA1c ef-
fects allow separate time-trends for patients with and without
a baseline HbA1c test.
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Table 3: DM Impact on Severity (HbA1c ≥ 9.5)

Outcome: Severity (HbA1c > 9.5)
Unit of Analysis: Patient-Quarter

(1) (2) (3)

Treatedit -0.10 0.12 -0.30
(0.01)** (0.19) (0.02)**

Treatedit x 1[HbA1c Test] -0.21
(0.19)

Treatedit x 1[HbA1c<9.5] 0.41
(0.02)**

Patient Effects Y Y Y
Quarter Effects Y N Y
Quarter x HbA1c Effects N Y n/a

Observations 23,569 23,569 20,752
Patients 3,938 3,938 3,098
Joint F test 43 101
Prob >F 0 0

*Significant at 5%; **significant at 1%. Robust standard errors
clustered on patient in parentheses. Quarter x HbA1c effects al-
low separate time-trends for patients with and without a baseline
HbA1c test.
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Table 4: DM Impact on Healthcare Cost

Outcome: log(Total Cost+$1)
Unit of Analysis: Patient-Quarter

(1) (2) (3)

Treatedit -0.22 -0.66 -0.09
(0.04)** (0.11)** (0.06)
[-$209] [-$617] [-$202]

Treatedit x 1[HbA1c Test] 0.60
(0.12)**
[+$511]

Treatedit x 1[HbA1c<9.5] 0.06
(0.07)

[+$183]

Patient Effects Y Y Y
Quarter Effects Y N Y
Quarter x HbA1c Effects N Y n/a

Observations 70,624 70,624 45,017
Patients 4,966 4,966 3,098
Joint F test 1.94 0.25
Prob >F 0.16 0.61

*Significant at 5%; **significant at 1%. Robust standard errors
clustered on patient in parentheses. Quarter x HbA1c effects al-
low separate time-trends for patients with and without a baseline
HbA1c test. OLS coefficients are presented in brackets for ease of
interpretation.
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Figure 1: Difference in Differences: Heterogeneity in Baseline Testing

-.4
-.2

0
.2

.4
.6

# 
Te

st
s

-5 0 5 10 15

All sample

-.4
-.2

0
.2

.4
.6

-5 0 5 10 15

Low Baseline # Tests

-.4
-.2

0
.2

.4
.6

-5 0 5 10 15

High Baseline # Tests
-.4

-.2
0

.2
.4

H
bA

1c
>=

9.
5

-5 0 5 10 15

-.4
-.2

0
.2

.4

-5 0 5 10 15

-.4
-.2

0
.2

.4

-5 0 5 10 15

-1
-.5

0
.5

To
ta

l C
os

t

-5 0 5 10 15
Quarters

-1
-.5

0
.5

-5 0 5 10 15
Quarters

-1
-.5

0
.5

-5 0 5 10 15
Quarters

Each panel graphs the coefficients αk from OLS estimation of equation (1), along with a 95% confidence
interval (based on robust SE’s clustering on patient). We normalize α0 = 0 in the quarter before DM
program enrollment begins. Each row is a different outcome and each column is a different sample. See
text for more details.
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Figure 2: Difference in Differences: Heterogeneity in Baseline HbA1c
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Each panel graphs the coefficients αk from OLS estimation of equation (1), along with a 95% confidence
interval (based on robust SE’s clustering on patient). We normalize α0 = 0 in the quarter before DM
program enrollment begins. Each row is a different outcome and each column is a different sample. See
text for more details.
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Appendix: For Online Publication

Table A-1: DM Impact by Enrollment Quarter: Information Heterogeneity

Sample Baseline Tests <2 Baseline Tests ≥ 2

Outcome Tests Severity log(Cost) Tests Severity log(Cost)

Prek≤−2 0.07 -0.12 0.12 0.00 -0.04 -0.04
(0.04)* (0.07) (0.09) (0.03) (0.02) (0.05)

Prek=−1 0.10 -0.08 -0.00 -0.06 -0.03 -0.13
(0.05) (0.06) (0.12) (0.04) (0.03) (0.05)*

Prek=0 0.0 0.0 0.0 0.0 0.0 0.0
(na) (na) (na) (na) (na) (na)

Postk=1 0.18 -0.02 -0.57 0.00 -0.09 -0.07
(0.06)** (0.06) (0.16)** (0.04) (0.02)** (0.05)

Postk=2 0.21 -0.20 -0.65 0.07 -0.14 -0.04
(0.08)** (0.06)** (0.17)** (0.04) (0.02)** (0.05)

Postk=3 0.22 -0.19 -0.75 0.09 -0.12 -0.12
(0.08)** (0.06)** (0.18)** (0.04)* (0.02)** (0.06)*

Postk=4 0.16 -0.23 -0.67 0.11 -0.14 -0.10
(0.08) (0.07)** (0.16)** (0.04)* (0.03)** (0.06)

Postk≥5 0.31 -0.16 -0.34 0.05 -0.11 -0.15
(0.08)** (0.06)** (0.12)** (0.05) (0.02)** (0.06)*

Observations 20,476 4,105 20,476 38,311 14,819 38,310

Patients 1,979 1,281 1,979 3,653 3,011 3,653

Table reports coefficients from OLS estimation of equation (1). *Significant at 5%; **sig-
nificant at 1%. Robust standard errors clustered on patient in parentheses. All models
include Quarter x HbA1c effects to allow separate time-trends for patients with and with-
out a baseline HbA1c test.
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Table A-2: DM Impact by Enrollment Quarter: Severity Heterogeneity

Sample Baseline HbA1c ≥ 9.5 Baseline HbA1c <9.5

Outcome Tests Severity log(Cost) Tests Severity log(Cost)

Prek≤−2 0.01 -0.07 -0.05 0.03 -0.01 -0.01
(0.05) (0.04) (0.07) (0.04) (0.01) (0.07)

Prek=−1 -0.05 -0.01 -0.14 -0.04 -0.02 -0.15
(0.06) (0.05) (0.08) (0.05) (0.01) (0.07)*

Prek=0 0.0 0.0 0.0 0.0 0.0 0.0
(na) (na) (na) (na) (na) (na)

Postk=1 0.04 -0.02 -0.04 0.02 -0.00 -0.09
(0.07) (0.04) (0.08) (0.05) (0.02) (0.06)

Postk=2 0.15 -0.11 -0.08 0.03 -0.03 -0.07
(0.07)* (0.04)** (0.08) (0.06) (0.02) (0.07)

Postk=3 0.14 -0.07 -0.21 0.05 -0.04 -0.07
(0.07)* (0.04) (0.09)* (0.06) (0.02)* (0.07)

Postk=4 0.14 -0.11 -0.24 0.06 -0.03 -0.01
(0.07)* (0.05)* (0.11)* (0.06) (0.02) (0.07)

Postk≥5 0.06 -0.09 -0.19 0.02 0.01 -0.14
(0.07) (0.04)* (0.10) (0.06) (0.01) (0.07)

Observations 11,222 5,487 11,222 25,365 11,682 25,364
Patients 1,073 1,073 1,073 2,385 2,385 2,385

Table reports coefficients from OLS estimation of equation (1). *Significant at 5%;
**significant at 1%. Robust standard errors clustered on patient in parentheses. All
models include Quarter x HbA1c effects to allow separate time-trends for patients with
and without a baseline HbA1c test.
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Table A-3: Baseline Summary Statistics: Eligible Patients without HbA1c test at baseline,
Treated versus Controls

Eligible (no HbA1c) Treated Control Norm. Diff. T-stat

Demographics

Age 63.6 63.0 63.6 0.05 0.38
Male 0.53 0.51 0.53 0.05 0.49
Medicare 0.51 0.37 0.52 0.30 2.73
Medicaid 0.04 0.03 0.04 0.04 0.37
Urban 0.85 0.89 0.85 0.16 1.38
White 0.89 0.89 0.89 0.03 0.26
Attriter 0.11 0.10 0.12 0.06 0.55
Income 48,761 48,359 48,787 0.03 0.29

Tests

HbA1c Test 0 0 0 . .
Eye Exam 0.47 0.58 0.47 0.22 1.99
Lipids 0.25 0.12 0.26 0.36 2.96
Kidney 0.01 0.04 0.01 0.23 3.37
Total Tests 0.73 0.74 0.72 0.02 0.20

Health Outcomes

HbA1c Level N/A N/A N/A N/A N/A
HbA1c ≥ 9.5 N/A N/A N/A N/A N/A
Comorbidities 0.29 0.35 0.29 0.13 1.23
Inpatient visit 0.25 0.34 0.25 0.21 2.02

Healthcare Costs

Total Cost 8,638 10,713 8,506 0.13 1.14

Patients 1,521 91 1,430
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