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ABSTRACT

Eligibility criteria for interventions can induce an Ashenfelter Dip, and subsequent mean-
reversion may result in improvement over time even absent the intervention. We investigate these 
dynamics for a food-as-medicine program to treat diabetes, where eligibility required elevated 
hemoglobin A1c (HbA1c). Both treatment and control groups experienced significant 
improvements in HbA1c, resulting in an estimated null effect. When we predict improvement 
using baseline characteristics, we find that subjects unlikely to improve on their own appear to 
benefit from the program. Our findings have implications for program targeting and estimating 
heterogeneous treatment effects.
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1 Introduction

It is common to target interventions to subjects who have an extreme value of the lagged

outcome. For example, a reading program might be targeted to students who performed

poorly on a literacy assessment, or a job training program might be targeted to those who

are unemployed. In healthcare, a “hotspotting” program intended to reduce health care

spending was targeted to “superutilizers” with frequent hospital visits (Finkelstein, 2020). In

the present study, we examine a food-as-medicine program that sought to improve diabetes

control by targeting those with elevated HbA1c, which is a measure of average blood sugar

over the past 2-3 months that is used to define diabetes status.1

When targeting programs in this way, there can be mean reversion; individuals with an

elevated value of the lagged outcome may experience improvement over time even in the

absence of treatment. A null result in an RCT could mean that the intervention truly does

not work for anyone (the sharp null hypothesis), but it is also consistent with the intervention

being effective for a subset of subjects whose outcomes would not improve on their own; i.e.

those who would be durably eligible for the program. This raises the question of whether it

is possible to identify which subjects with extreme lagged values of the outcome are likely to

mean-revert, and which are likely to respond to the treatment. If it is possible, it could provide

more clarity in the interpretation of RCT results and allow more cost-effective targeting of

the treatment.

2 Setting: a Food as Medicine RCT

As described in more detail elsewhere (Doyle et al., 2024), the program we study is a

clinic-based food-as-medicine program. It is designed for food-insecure patients with type

2 diabetes. The program is intensive, with patients visiting a clinic each week to collect

enough healthy ingredients and recipes for ten meals for their entire household. The program

is also comprehensive, as the clinic is staffed by a dietitian to provide consultations, a nurse

for primary care, and a community health worker for social support. The program has

no pre-determined end date, and typical engagement lasts approximately one year, with an

average cost of approximately $2000 per year.

The trial took place at a large healthcare system at two sites in the mid-Atlantic region of

the U.S. Eligiblity criteria included an HbA1c ≥ 8.0, and the primary outcome is HbA1c at 6

1The American Diabetes Association has the following guidelines: HbA1c < 5.7% is normal, 5.7% ≥
HbA1c < 6.5% is prediabetes, and HbA1c ≥ 6.5% is diabetes (American Diabetes Association Professional
Practice Committee, 2024).
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months. A waitlist design was used, motivated by equity considerations. Consenting subjects

were randomized, stratified by site and HbA1c category of above or below 9.5, to the treatment

group (who started the program immediately) or the control group (who started the program

in 6 months). During the first six months, the control group received (1) usual care, (2) a

letter describing the locations of local food banks, and (3) the option to join the program

after six months. We leverage Electronic Health Records, claims, and surveys to track both

treatment and control groups before and after randomization. Subjects were compensated

$50 for completing surveys and labs at 6 months and 12 months after trial entry.

As detailed in Doyle et al. (2024), those randomized to the treatment group did in fact accept

the treatment; nearly all received healthy food, and 70% remained active through the first six

months. Relative to the control group, the treatment group received in the first six months

significantly more dietitan consultations, diabetes education trainings, and primary care such

as foot exams. Survey data indicate that the treatment group reports eating healthier than

the control group.

Figure 1 shows that both groups have similar, elevated levels of HbA1c at baseline, averaging

roughly 10.3. At six months, the treatment group has experienced a substantial reduction

in HbA1c to 8.8. In a study without a control group, this might be perceived as evidence

of program effectiveness. However, the control group experienced the same reduction, with

the result that the program has no detectable effect on HbA1c. The estimate is reasonably

precise, with the 95% confidence interval ruling out improvements greater than 0.3, while

interventions typically seek an improvement in HbA1c of 1.0 (Davies, 2022).

3 Mean Reversion and Heterogeneous Treatment Effects

In a stationary distribution, the change in the outcome across successive draws will be

negatively correlated with the base. In our current setting where eligibility draws from an

extreme value of the population distribution, we may observe subsequent draws tending toward

the mean due to statistical noise in the initial draw or behavior change prompted by the high

reading.

We can examine mean reversion in historical data from the same healthcare provider in the

same geographic areas by selecting patients who have an HbA1c above a given threshold

at a point in time (a mock eligibility date). We selected these samples using the dates

November 1, 2014 and November 1, 2015. Figure 2 shows HbA1c levels measured within

3-month windows relative to the mock eligibility date. These individuals experience the inverse

of an ”Ashenfelter’s dip” (Ashenfelter, 1978) - a rise in their HbA1c before the eligibility
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determination. They then soon experience a decline in their HbA1c despite the entire sample

receiving no intervention beyond usual care. The decline is steeper as the elgibility threshold

increases from 8 to 11, a pattern where the baseline is negatively correlated with the change

and passes statistical tests of mean reversion. This evidence raises the question of whether

one could identify those likely to improve on their own ex ante. If so, one could target the

program to those who may need additional support in order to achieve an improvement.

4 Conceptual Framework

Consider a simple setting in which success is defined by binary outcome, Y, such as a patient

with elevated HbA1c getting it “under control” (e.g. below 8). Further, consider a binary

treatment, D, which is randomly assigned as in an RCT with no compliance issues. There are

four types of people defined by their potential outcomes, analogous to the LATE framework

(Imbens and Angrist, 1994; Joshua D. Angrist and Rubin, 1996):

Y1 = 1 and Y0 = 1 ∆Y = 0 Always improvers

Y1 = 1 and Y0 = 0 ∆Y = 1 Responders

Y1 = 0 and Y0 = 0 ∆Y = 0 Never improvers

Y1 = 0 and Y0 = 1 ∆Y = −1 Derailers

Always Improvers improve with or without the treatment, which includes those who mean

revert; Responders improve only if they are treated; Never Improvers do not improve with or

without the treatment; and Derailers would have improved in the absence of the treatment,

but the treatment derails their improvement.

A monotonicity assumption that the program can only improve outcomes would preclude the

existence of Derailers. Similar to the LATE framework, under that assumption we could

estimate the share of Responders (i.e. the ATE) and mean characteristics of the Always

Improvers. We can also estimate the mean characteristics of Responders, as long as their share

is positive. When setting eligibility criteria for an RCT, or when evaluating heterogeneous

treatment effects, it would be useful to predict those likely to be Always Improvers, as they

cannot improve any further with the program.
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5 Heterogeneous Treatment Effects in the Presence of Mean

Reversion

5A. Baseline Outcome Trajectory

In the presence of mean reversion, a natural first approach to examine heterogeneous treatment

effects is to examine differences across patients with different trajectories of the outcome prior

to entering the trial. Using data from 12 months prior to trial entry, we calculate the average

HbA1c for all tests taken more than three months prior to the test that determined program

eligibility. We then calculate the change in HbA1c between that earlier average and the

test that determined eligibility at baseline. When calculating terciles among the subsample

where the pre-trial trajectory can be calculated, the middle (relatively stable) tercile ranges

from -0.68 to +0.71, while the other terciles have patients who were on a steeper upward or

downward trajectory.

For each tercile, Figure 4 reports ITT estimates from the pre-specified linear regression model

of HbA1c at six months on the treatment indicator, strata controls and baseline HbA1c. We

find that for those in the middle tercile - i.e. those who were relatively stable in their HbA1c

prior to study enrollment - the program looks to have improved HbA1c by a substantial 1.4

points. In contrast to those with more volatile levels of HbA1c prior to entering the trial,

those with a stable (while elevated) level of the outcome may benefit more from this program.

5B. Heterogeneous Treatment Effects using Predicted Mean Reversion

We estimated predicted improvement—i.e. change in HbA1c over time absent the treatment.

Specifically, using only the control group we regressed change in HbA1c from baseline to

6 months on measures observed at baseline: demographics, indicators for taking the four

most common diabetes medications, indicators for the top 50 diagnoses, and the patient’s

most recent biometrics for LDL cholesterol, triglycerides, weight and blood pressure using

leave-out regressions (Abadie, Chingos and West, 2018). The characteristics that predicted

improvement included baseline HbA1c—consistent with mean reversion—a diagnosis of heart

disease or chronic renal failure in the prior year, and an indicator the subject was referred

to the program by their primary care physician, a marker for active engagement via “usual

care”.

Figure 3 reports results for quartiles of predicted improvement in HbA1c. For those in the

bottom two quartiles of predicted improvement (i.e. those less likely to mean revert during

the study), the program looks to have been effective, with clinically meaningful reductions in

HbA1c of 1 and 0.7 points, respectively. For those in the top two quartiles (i.e. those more
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likely to mean revert), the program yields no further improvement in HbA1c beyond what

patients achieve in the absence of the program.

Caution is warranted when interpreting these results, however, as they were not pre-specified,

and the results are sensitive to the method of predicting the likelihood of improvement in the

control group. Nevertheless, these findings provide a proof of concept when exploring RCT

results for evidence of heterogeneous treatment effects along a particular dimension: those

with different predicted improvements in the outcome of interest, especially in an environment

characterized by mean reversion.

6 Conclusion

When program eligibility is based on an extreme measure of the primary outcome at baseline,

the resulting sample selection may result in predictable dynamics in the subsequent outcome.

In the context of mean reversion, this typically means that the subjects will improve over

time, confounding pre-post comparisons. This highlights the need for a credible control group

when estimating causal effects of an intervention. If the outcome is bounded, such as a binary

outcome, mean reversion may make it particularly difficult to detect any program effectiveness.

If mean reversion is predictable, there are implications for targeting the program ex ante

or exploring heterogeneous treatment effects ex post. Historical data can be used to

estimate future changes in the “untreated outcomes” (Kowalski, 2022). Going forward,

applying machine learning methods to this prediction problem could enable researchers and

policymakers to design eligibility criteria that prioritize enrolling Responders and excluding

Always Improvers—those who would not be durably eligible for the program. As with other

algorithmic approaches, care would need to be taken to avoid inequities that could arise.

Recognizing and addressing the dynamics of mean reversion can lead to more effective program

design.
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Figure 1: RCT Main Result: HbA1c Over Time

Note: This figure presents the primary outcome, HbA1c, at baseline, 6 months and 12 months separately for
the treatment and control groups. N=349 at 6 months and N=325 at 12 months. HbA1c is a measure of
average blood sugar over the past 2-3 months and is used to diagnose diabetes.

7



Figure 2: HbA1c Over Time Conditional on Crossing Thresholds

Note: This figure presents HbA1c in 6 month windows, radiating out from when an individual is observed
with an HbA1c above a given threshold ranging from 8 to 11. For the four thresholds, N = 2993, 1701, 969,
and 568 respectively. HbA1c is a measure of average blood sugar over the past 2-3 months and is used to
diagnose diabetes.
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Figure 3: ITT Estimates by Predicted HbA1c Improvement Quartile

Note: This figure presents the intent-to-treat (ITT) estimates by quartile of the predicted Change in HbA1c
estimated using the control group as described in the text. N = 275 subjects with available data for the
prediction model including baseline lab results for cholesterol, triglycerides, weight, and blood pressure. HbA1c
is a measure of average blood sugar over the past 2-3 months and is used to diagnose diabetes.
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Figure 4: ITT Estimates by Baseline HbA1c Trajectory

Note: This figure presents the intent-to-treat (ITT) estimates by tercile of the Change in HbA1c from an
average HbA1c across all tests taken 3 months prior the baseline test to the baseline. N = 181 subjects whose
prior trajectory can be calculated with available lab results.
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