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Coalition’s Hotspotting Trial

▪ Moderated Q&A
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RCTs: the Gold Standard for Causal Inference

Randomized experimental designs (or “RCTs”) are an important tool in evaluation research

Randomization enables strong causal inference because it:

• Creates statistical equivalence between the intervention and comparison populations 

• Ensures treatment assignment is exogenous – assignment to the treatment group vs. 

the control group is unrelated to factors that may be correlated with outcomes (e.g., 

need, acuity, motivation, access, etc.)

The primary analysis strategy for randomized trial data is the “Intent-to-Treat” (ITT) analysis

• In ITT, all participants are ‘analyzed as randomized’ without considering treatment 

received; it can be thought of as the causal effect of treatment assignment1

• ITT is important because it protects the unbiasedness granted by randomization

RCTs are not infallible, but they address many of the sources of bias that can undermine 

validity of other evaluation designs

• Pre-post comparisons

• Matched or propensity-scored approaches 
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1. For an excellent discussion of ITT, see Jo, B. Statistical Power in Randomized Intervention 

Studies With Noncompliance; https://psycnet.apa.org/fulltext/2002-13431-002.pdf



The Practical Problem for Care Model RCTs

Statistical power can be a problem in care model trials

Strategies used to increase statistical power in 

laboratory and pharma trials are often infeasible or 

impractical to apply in care-model RCTs

The result is that many care model studies experience 

gaps in participant responsiveness

• Incomplete uptake / enrollment

• Incomplete intervention delivery / insufficient dose

• Gaps in implementation fidelity

9 |      The Distillation Method     |      November 2022

Examples:

• Recruitment before 

randomization

• Delivering treatment 

immediately after 

randomization

• Very simple treatment 

protocols, like “pill a day” 

interventions

• Limiting trials to narrow 

eligible populations

Unless low participant responsiveness was correctly accounted for in statistical 

power calculations, the end result will be a trial that is underpowered

When a trial is underpowered, interpretation of null results is not straightforward: did 

the intervention fail or did evaluation of it fail?



Loss of Power in RCTs: The Dilution Phenomenon
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Loss of Power in RCTs: The Dilution Phenomenon
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When intervention delivery is 

incomplete for any reason, the 

ITT estimate of intervention effect 

is diluted because it is based on 

a blend of treated and untreated 

patients. 

It can be tempting to use ‘per 

protocol’ analyses, but these 

abandon the randomization 

scheme and are typically biased.



The Distillation Method: Overview 

Under the right conditions, the Distillation Method can improve 

statistical power to measure the intervention effect despite 

decreasing the sample size

Refocuses the analysis on a new eligibility criterion: the study 

population is trimmed to exclude those with lower probability of uptake 

at baseline from both the treatment and control arms

Capitalizes on the observation that heterogeneous participant 

responsiveness may be positively correlated with the magnitude of 

the treatment effect
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The Distillation Approach at a High Level

The Distillation Method is a three-stage analytic approach. 

Stage 1: Build a predictive model for participation in the intervention

• Machine learner like Generalized Boosted Regression Model (GBM)

• Baseline predictors only

Stage 2: Use model estimates to distill the population

• Informed sub-setting of the intervention and control groups in an equivalent 

manner based on stage 1 likelihood of participation estimates 

• Different cut points in the degree of distillation can explore trade-offs between 

concentration and reduced sample size

• Removes both treated and untreated patients who had low probability of uptake

Stage 3: Re-analyze intervention effectiveness within distilled subsets

• Models for intervention effectiveness should use the most appropriate statistical 

methods for the outcome of interest
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Summary of Key Assumptions

Two additional assumptions beyond the 

usual RCT assumptions:

1. Requires a positive correlation between 

treatment uptake and the magnitude of the 

treatment effect

2. There must be at least one pretreatment 

predictor of treatment uptake

If these 

assumptions are 

not met, the 

distillation method 

will only decrease 

power.

14 |      The Distillation Method     |      November 2022

Also note: 

This method is only applicable to RCT data; Original randomization must have been 

valid, and data for implementation fidelity (uptake, engagement, intervention 

delivery) must be available.

It is easy to confuse this method with instrumental variables or propensity score 

methods. It is neither. It has different assumptions and estimates a different 

treatment effect.



Case Study: A Multidisciplinary Care Management RCT

We applied the Distillation Method to existing data from a completed RCT of a 

multidisciplinary complex care management intervention that was null in 

original ITT analysis

Setting: One service area in Kaiser Permanente during 2015-2016

Eligibility: Adult members predicted to have high costs in the coming year (using a 

proprietary risk prediction algorithm*)

Sample Size: 805 randomized (404 intervention:401 control)

Enrollment Procedures: Recruitment completed after randomization, with an 

administrative control group

Dilution: 261 out of 404 (64.6%) of intervention group patients consented to enroll 

in the intervention

Outcomes: Costs and utilization (OP, IP, and ED)

*Driven mostly by DxCG Prospective Risk Score plus KP’s ‘Senior Segmentation’ 

model (Zhou et al., 2014; https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4116260/) 
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https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4116260/


Case Study Methods

Stage 1: Predicted enrollment (dichotomous)

• GBM in R, predictive accuracy (AUC of 0.884)

Stage 2: Set four levels of distillation using predicted probabilities of 

enrollment (80%, 60%, 40%, 20%)

• With increasing distillation, total sample size decreased and the remaining 

sample (in the treatment group) became more concentrated with patients who 

enrolled in the intervention 

Stage 3: Reanalysis of intervention effectiveness

• Membership offsets to adjust for covered time

• Poisson regression for utilization variables (hospitalizations, ED visits, OP visits) 

• Gamma model with a log link for total costs

• For each outcome, we looked at two sequential follow-up periods, each 

compared to the baseline. In this case study, the intervention was ongoing 

throughout follow-up 1
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95% Confidence Interval

Not Statistically Significant

Statistically Significant

Percent of Participants Included

How to Read the Results Graphics

As you move from 100 to 0 on the x-

axis, distillation increases and the 

population is enriched with ‘takers’

The first 

result in each 

chart is the 

standard ITT 

estimate, 

with all 

patients 

analyzed as 

randomized

With increasing levels of distillation, the confidence bands 

get wider as expected due to reduction in total sample size

Statistical significance is 

shown with filled dots
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The reference line shows the 

null; when the confidence band 

crosses the null the results are 

not statistically significant
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Case Study Results: Outpatient Utilization
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Case Study Results: ED Visits
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Case Study Results: Hospital Admissions 
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Case Study Results: Total Cost of Care
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Conclusions

This case study demonstrates that the Distillation Method can increase power 

by re-focusing the analysis on populations where participants were more 

likely to be responsive

The Distillation Method will be useful under a specific set of conditions:

• Anytime there is heterogeneity in uptake, engagement, or intervention fidelity 

within the treatment arm of an RCT

• When uptake/engagement is correlated with treatment effect, and when 

uptake/engagement can be predicted based on pre-randomization covariates

Can be planned for proactively as a complementary analysis to the intent-to-treat, 

but  ITT should remain the primary analysis for RCT data

This approach can also be leveraged post-hoc to ‘salvage’ information from past 

trials that were null in their original analyses
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Extensions

Variations in the application of the Distillation Method make it accessible and 

broadly applicable in RCTs that experienced dilution

Stage 1 models can be flexibly extended to other measures of participant 

responsiveness

• Other dichotomous definitions of uptake/engagement

➢ E.g., Receiving at least X hours of intervention services

• Continuous measures of intervention receipt

➢ E.g., Number of days or hours of intervention time

• Compound definitions of enrollment/engagement

➢ E.g., Receiving at least X hours + at least 1 visit with a social worker

• Other sources of heterogeneity in treatment delivery

There may be other informative ways to implement the distillation step

• Trimming from both ends of the uptake-probability scale
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Contact Us:

John.L.Adams@kp.org

Anna.Davis@kp.org
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Applying the Distillation Method 
to the Camden Coalition’s 
Hotspotting RCT

Dawn Wiest & Qiang Yang



We are working toward transformed 

healthcare and social systems to 

improve the well-being of individuals 

with complex health and social needs
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Daily triage

Community visits

Bedside engagement

Care planning

Camden Core Model
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• Partnered with MIT-JPAL

• Ran from June 2014 – September 2017; patients randomized at 
hospital bedside after study consent 

• Results published in NEJM, January 2020

The question 

• At 180 days after a hospital discharge, do patients enrolled in the 
Camden Core Model experience a lower rate of hospital 
readmissions?

The results 

• Similar readmission rates ~62% in the control and intervention 
groups

• Increased SNAP participation rates in intervention group

The trial

https://www.nejm.org/doi/full/10.1056/NEJMsa1906848


Study Population Heterogeneity (n=792)

Why the Distillation Method is an 
important complement to the RCT

• 18-80 years old

• 55% Non-Hispanic Black; 
30% Hispanic

• 45% Medicaid (primary payer); 
48% Medicare

• 46% < HS degree

• 76% single, divorced, or widowed

• 15% unstably housed

• 62% needed help with mobility

• 54% most common place for care 
was ED or urgent care clinic

• 44% had a substance use-related 
condition

• 30% diagnosed with depression or 
other mood disorder
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Variation in intervention participation (n=393)

Why the Distillation Method is an 
important complement to the RCT

• 59% home visit within 
5 days of discharge

• 36% PCP/Specialist visit 
within 7 days

• On average, intervention 
participants experienced 
2.9 hours of care team 
engagement during their 
first week of enrollment, 
but high variability in 
engagement hours30
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• In our trial, randomization occurred after bedside 
engagement, and we had no set criteria for identifying 
full participation in the intervention. 

• We developed and tested multiple participation criteria 
that incorporated the following three dimensions:

- Early intervention effort: intervention hours received during 
the first X weeks of intervention enrollment

- Intervention consistency: number of weeks with successful 
intervention encounters during the first X weeks of intervention 
enrollment

- Outcome timing: whether the patient remained in the program 
for at least X days, or graduated within that time frame

Defining participation
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• Patients were considered participants if they met at least 
two of the following conditions:

- Intervention hours during the first two weeks ≥ 3+ hours

- Successful intervention encounters in at least 4 weeks out of the 
initial 6 weeks

- Patients were retained in the intervention for at least 60 days 
(i.e., not lost to follow-up) or graduated within that time frame

• Using these criteria, 76% of patients in the intervention 
arm of the trial were considered participants.

Final definition of participation 
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• Gradient boosted modeling built on intervention patient 
data to predict participation probability. Variables used 
to predict participation included (AUC-ROC=.8044):

- Demographic (pre-enrollment survey and HIE): e.g., age, 
gender, race & ethnicity

- Social (pre-enrollment survey plus arrest history data): e.g., 
education, employment status, martial status, housing status, 
family support, arrest indicator

- Clinical and utilization (hospital claims data): e.g., disease 
indicators, mental health and substance use indicators, patients’ 
hospitalizations prior to program enrollment

• All variables were baseline variables indicating patients’ 
status prior to randomization. 

Stage 1: Participation modeling
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Stage 1: Participation modeling

• Only variables with a relative 
influence score of 3 or higher 
are included in the figure. 

• Variables with lower relative 
influence are: gender, family 
support, self-rated health 
status, marital status, 
substance use diagnosis, 
alcohol use diagnosis, mood 
disorder, anxiety, suicide 
ideation, schizophrenia, liver 
disease, diabetes, rheumatoid 
arthritis, AIDS, dementia, 
hemiplegia, and paraplegia.
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• After Stage 1, each person in the whole population (intervention + 
control) was assigned his/her estimated probability of participation

• Subpopulations were selected as the X% of the whole population 
with the largest probabilities of participation, where X ranged from 
100 (everybody is included) to a lower threshold, e.g., 20% of the 
population

• As X decreases, the population is more participant concentrated.

• In the more highly concentrated samples, having kidney disease, 
chronic obstructive pulmonary disease, or having less than a high 
school education are all more common, whereas having been 
arrested, having had 3 or more hospitalizations in the 6 months 
prior to enrollment, and being unstably housed at time of enrollment 
are less common.

Stage 2: Subpopulation selection
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• Modeling readmission outcomes (rates and counts) using 
distillation framework

• Preparing manuscript for journal submission

• Refining Core Model triage criteria and patient 
engagement approaches

Next steps

Contact us:

qyang@camdenhealth.org
dwiest@camdenhealth.org
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Have you established a promising practice?

 Published a study about your complex care 
program? 

The Playbook welcomes content 
submissions to help spread 
best practices in complex care.

www.BetterCarePlaybook.org
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