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How Can We Evaluate Program Impacts at Scale?

 Randomized trials provide gold standard evidence

 But it is infeasible to run RCTs for every program

 One practical alternative: use observational (non-randomized) data to compare 
program participants to similar non-participants



History of Observational Estimators

 Many attempts to develop observational estimators over the past 40 years
[e.g., Ashenfelter & Card 1985, LaLonde 1986, Heckman et al. 1998, Dehejia and Wahba 1999]

 General conclusion: observational estimates (matching, reweighting, regression) are 
unstable and often biased relative to estimates from RCTs [Imbens and Xu 2025]

 Prior work on observational estimators used small datasets with limited 
information

 Ex: canonical LaLonde (1986) study sought to match job training participants to 
similar individuals in Current Population Survey (N = 16k) 

 Problem: difficult to find close matches on key dimensions (e.g., exact age, 
employment history, location)



Observational Estimators in the Age of Big Data

 Today, we have much larger administrative datasets with richer information

 Can we develop observational methods that work better in the age of big data 
using machine learning models?



Goals of This Project

1. Develop machine learning estimators of workforce training programs’ impacts

 Measure bias in these estimates by comparing them to existing RCT estimates

2. Apply observational estimator to estimate impacts of programs where no trial 
exists

 Use estimates to learn about mechanisms that make workforce training programs 
effective



Outline

1. Observational Estimator

2. Experimental Validation

3. Estimating Treatment Effects Beyond the Experimental Sample

4. Mechanisms Underlying Effective Training Programs



Part 1: Observational Estimator



Data Sources

1. Tax + Census records covering the U.S. population (~327 million adults) from 
1999-2025

 Earnings measured from W-2 forms filed by employers; all monetary values reported in 
this talk are in 2025 (inflation-adjusted) dollars

 Other information from 1040 returns, information returns, and decennial Census: 
age, sex, Census tract, employers, industry, college attended, investment income

2. Enrollment data from workforce training and higher education programs linked to 
Tax + Census data using secure protocols by Census Bureau staff

  Linked longitudinal analysis dataset that is stripped of identifiers and anonymized



Estimating Treatment Effects in Observational Data

 Target: average treatment effect of a program on the treated (ATT)

 

 Fundamental problem of causal inference: counterfactual (untreated) earnings, 
μ0 = E[Yi(0) | Di = 1], is not observed

𝜏𝜏 = E 𝑌𝑌𝑖𝑖 1  𝐷𝐷𝑖𝑖 = 1] − E 𝑌𝑌𝑖𝑖 0  𝐷𝐷𝑖𝑖 = 1]



Estimating Counterfactual Earnings from Observational Data

 Estimate counterfactual μ0 using non-participants with same pre-enrollment 
characteristics Xi as participants

 First estimate a model of earnings outcomes among non-participants:

 Then estimate counterfactual using prediction from outcome model:

𝑚𝑚0 𝑥𝑥 = E 𝑌𝑌𝑖𝑖 𝑋𝑋𝑖𝑖 = 𝑥𝑥,𝐷𝐷𝑖𝑖 = 0]

𝜇𝜇0 = E 𝑚𝑚0 𝑋𝑋𝑖𝑖  𝐷𝐷𝑖𝑖 = 1]



Estimating Treatment Effects in Observational Data

 Observational estimator of treatment effect:

   𝜏𝜏𝑂𝑂𝑂𝑂𝑂𝑂 = E 𝑌𝑌𝑖𝑖 𝐷𝐷𝑖𝑖 = 1] − E 𝑚𝑚0 𝑋𝑋𝑖𝑖  𝐷𝐷𝑖𝑖 = 1] 

 Under selection on observables and overlap, 𝜏𝜏𝑂𝑂𝑂𝑂𝑂𝑂 = 𝜏𝜏
[Rosenbaum and Rubin 1983]

 Overlap holds in our setting because we use full U.S. population data

 Selection on observables may not hold; key goal of the paper is to 
measure the extent to which it fails



 Simplest estimator of outcome model 𝑚𝑚0 𝑋𝑋𝑖𝑖 : exact matching on observable 
characteristics

 Not feasible: 5 years of earnings deciles, 2 years of 4-digit industry, county gives 10 
trillion possible cells

 Instead use a flexible machine learning estimator

 Gradient-boosted trees (LightGBM) trained on non-participants, separately for each 
program × site × enrollment-year cell

Estimating the Outcome Model



Plug-In ML Estimator

 Plug-in estimator: estimate program impacts as participants’ average realized 
earnings minus predicted earnings without the program

    𝜏̂𝜏 = 1
𝑁𝑁1

 ∑𝑖𝑖:𝐷𝐷𝑖𝑖=1 𝑌𝑌𝑖𝑖 − �𝑚𝑚0 𝑋𝑋𝑖𝑖



Bias in Plug-In ML Estimator

 Regularization in ML model shrinks predictions �𝑚𝑚0 toward the mean, generating 
bias [Chernozhukov et al. 2018]

 Measure this bias using average prediction errors among non-participants, 
reweighted to match treated group using a propensity score model:

 Estimate predicted probability of program participation 𝑒̂𝑒 𝑋𝑋𝑖𝑖  using gradient 
boosted tree

1
𝑁𝑁1

�
𝑖𝑖:𝐷𝐷𝑖𝑖=0

𝑒̂𝑒 𝑋𝑋𝑖𝑖
1 − 𝑒̂𝑒(𝑋𝑋𝑖𝑖)

𝑌𝑌𝑖𝑖 − �𝑚𝑚0 𝑋𝑋𝑖𝑖



 DML estimator combines outcome and propensity model estimates:

 DML is root-N consistent and asymptotically normal under selection on 
observables, overlap and regularity conditions [Chernozhukov et al. 2018]

 Use five-fold cross-fitting for both outcome and propensity models, with 
standard errors from cross-fitted influence scores

𝜏̂𝜏𝐷𝐷𝐷𝐷𝐷𝐷 =
1
𝑁𝑁1

 �
𝑖𝑖:𝐷𝐷𝑖𝑖=1

𝑌𝑌𝑖𝑖 − �𝑚𝑚0 𝑋𝑋𝑖𝑖 −
1
𝑁𝑁1

�
𝑖𝑖:𝐷𝐷𝑖𝑖=0

𝑒̂𝑒 𝑋𝑋𝑖𝑖
1 − 𝑒̂𝑒(𝑋𝑋𝑖𝑖)

𝑌𝑌𝑖𝑖 − �𝑚𝑚0 𝑋𝑋𝑖𝑖

Outcome model 
estimate

Propensity model 
estimate

Double/Debiased Machine Learning (DML) Estimator



Covariates Used in DML Model

 Covariates 𝑋𝑋𝑖𝑖, all measured before enrollment in training program:

 Work history: earnings, employment, and industry in five years preceding enrollment

 Demographics: age, sex, marital status, children

 Residential history: state and county indicators and Census tract characteristics 
(poverty, unemployment, HS graduation rates, racial composition, test scores)



Part 2: Experimental Validation



Case Study: Year Up Job Training Program

 Begin with a case study of Year Up job training program

 Revisit impacts of 2013-2014 randomized trial involving 2,544 people who 
applied to Year Up





Effect of Year Up United Job Training Program on Earnings
Evidence from PACE Randomized Trial in 2014



Effect of Year Up United Job Training Program on Earnings
Evidence from PACE Randomized Trial in 2014



Effect of Per Scholas Job Training Program on Earnings
Evidence from SEIS Randomized Trial in 2005



Effect of Per Scholas Job Training Program on Earnings
Evidence from SEIS Randomized Trial in 2005



Effect of STED Program on Earnings
Evidence from LA Paid Work Experience Trial in 2013



Effect of STED Program on Earnings
Evidence from LA Paid Work Experience Trial in 2013



37 Randomized Trials of Job Training Programs Across America

Year Up PACE-Puget Sound

ERA-Salem

ERA-Eugene

ERA-Medford

San Francisco TransitionsSF
San Francisco STEP Forward
Year Up PACE-San Francisco

Year Up PACE-San
Jose/Silicon Valley

ERA-Los Angeles Reach for
Success

ERA-Los Angeles Enhanced
Job Club

Los Angeles Paid Work
Experience and On-the-Job

Training, pooled

ERA-Riverside Phase 2
ERA-Riverside PASS

Minnesota STED

Wisconsin Regional Training Partnership Towards Employment

ERA-Cleveland

ERA-Chicago

Year Up PACE-Chicago

Madison Strategies Group

ERA-Fort Worth

ERA-HoustonProject QUEST

ERA-Corpus Christi

Jewish Vocational Service
Year Up PACE-Boston

Year Up PACE-Providence

Per Scholas (SEIS)
St. Nicks Alliance
New York City Young Adult
Internship Program
Year Up PACE-New York City

Year Up PACE-National
Capital Region

ERA-South Carolina

Atlanta GoodTransitions
Year Up PACE-Atlanta

Year Up Professional Training Corps 
(3 anonymized offices)

Per Scholas (WorkAdvance)



Effects of Workforce Training Programs on Earnings
Observational vs. Randomized Trial Estimates for Programs Implemented in 37 Sites



Effects of Workforce Training Programs on Earnings
Observational vs. Randomized Trial Estimates for Programs Implemented in 37 Sites



Effects of Workforce Training Programs on Earnings
Observational vs. Randomized Trial Estimates for Programs Implemented in 37 Sites

Correlation = 0.93



Effects of Workforce Training Programs on Earnings
Observational vs. Randomized Trial Estimates for Programs Implemented in 37 Sites

Correlation = 0.93



Effects of Workforce Training Programs on Earnings
Observational vs. Randomized Trial Estimates for Programs Implemented in 37 Sites

Correlation = 0.93
Joint test of unbiasedness in all 37 cells: p < 0.001



Evaluating Machine Learning Estimates: Comparisons to RCT Estimates

 Selection on observables fails: DML estimates are not unbiased

 Prior work typically focused on testing the null of no bias, but this may not 
be the policy-relevant question

 Is the error in the DML estimates small enough that they remain useful 
for policy decisions?

 Use difference between DML and RCT estimates to measure the 
distribution of errors



Effects of Workforce Training Programs on Earnings
Observational vs. Randomized Trial Estimates for Programs Implemented in 37 Sites



Effects of Workforce Training Programs on Earnings
Observational vs. Randomized Trial Estimates for Programs Implemented in 37 Sites

DML – RCT Root Mean Squared Difference: 
1
J
∑(𝜏̂𝜏jDML  −  𝜏̂𝜏jRCT)2

∑(𝜏̂𝜏jDML  −  𝜏̂𝜏jRCT)
1
2

 



Effects of Workforce Training Programs on Earnings
Observational vs. Randomized Trial Estimates for Programs Implemented in 37 Sites

DML – RCT Root Mean Squared Difference: $2,333     
1
J
   

∑(𝜏̂𝜏jDML  −  𝜏̂𝜏jRCT)
1
2

 



Measuring Error in the Observational Estimates

Measure Calculation Estimate

(1) Raw RMS DML–RCT difference $2,333

(2)
Sampling noise in the
RCT control mean

$1,366

(3)
Sampling noise in the
DML counterfactual

$795

Sampling noise is the square root of mean sampling variance.
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(2)
Sampling noise in the
RCT control mean

$1,366

(3)
Sampling noise in the
DML counterfactual

$795

(4)
Noise-adjusted RMSE
of DML estimator

$1,717(1)2 − (2)2 − (3)2

Sampling noise is the square root of mean sampling variance.



Measuring Error in the Observational Estimates

Measure Calculation Estimate

(1) Raw RMS DML–RCT difference $2,333

(2)
Sampling noise in the
RCT control mean

$1,366

(3)
Sampling noise in the
DML counterfactual

$795

(4)
Noise-adjusted RMSE
of DML estimator

$1,717

(5) Sampling noise in DML estimates $1,465

(6)
Total RMSE at average
observational sample size

$2,073

(1)2 − (2)2 − (3)2

(4)2 +
�𝑁𝑁1

RCT

�𝑁𝑁1
Obs

(5)2

Sampling noise is the square root of mean sampling variance.



Benchmarking Mean Squared Error of DML Estimator

 Natural benchmark for evaluating RMSE of an observational estimator is RMSE 
of RCT estimates

 If observational estimator has RMSE comparable to RCTs, then it may provide a 
good substitute; if it is much higher, value in running a trial



Benchmarking Mean Squared Error of DML Estimator

 Definition: Experimentally Validated Digital Twins Estimator

 An observational estimator 𝜏̂𝜏 is an experimentally validated digital twins estimator if 
it has expected root mean squared error loss comparable to that of RCT estimates:

RMSE(𝜏̂𝜏)  ≲  𝜎𝜎RCT

 $2,073 ≲  $2,126

 Intuition: DML has lower RMSE than RCT estimate because it makes up for 
greater bias with lower sampling error (due to larger samples)



Can the Digital Twins Estimator Detect Economically Meaningful Effects?

 RMSE also provides a basis for statistical inference

 Can be used to assess whether 𝜏̂𝜏DML can distinguish between more and 
less effective programs

 Signal standard deviation of treatment effects across our 37 RCTs: 𝜎̂𝜎𝜏𝜏  =  $5,699 

 Digital twins estimator’s margin of error: 1.96 × RMSE(𝜏̂𝜏DML)  =  $4,063

 DML estimator’s error is small enough that it can identify typical (one SD) 
differences in programs’ treatment effects



Why Does DML Outperform Prior Observational Estimators?

 Replicate LaLonde (1986) and Dehejia and Wahba (1999) on the same 37 RCTs

 Linear regression with CPS-style covariates, with a CPS-sized comparison sample

 DML estimator differs from LaLonde's in four respects:

1. Comparison sample: size and overlap

2. Covariates

3. Model flexibility

4. Doubly robust estimation



Noise-Adjusted RMSE Comparison to LaLonde (1986)
By Covariates, Model, and Comparison Sample

Model Parametric (OLS) Flexible (DML)

Comparison sample CPS-sized Population-scale CPS-sized Population-scale

Covariates LaLonde-style
restrictions

Targeted age and
geographic 
restrictions

LaLonde-style
restrictions

Targeted age and
geographic 
restrictions

LaLonde

Dehejia–Wahba

Expanded $1,717

Noise-adjusted RMSE across 37 randomized trials, for annual W-2 earnings 2–5 years after assignment.
CPS-sized estimates average 50 repetitions. Comparison samples differ in size and eligibility restrictions.



Noise-Adjusted RMSE Comparison to LaLonde (1986)
LaLonde-style estimates have substantially higher error 

Model Parametric (OLS) Flexible (DML)

Comparison sample CPS-sized Population-scale CPS-sized Population-scale

Covariates LaLonde-style
restrictions

Targeted age and
geographic 
restrictions

LaLonde-style
restrictions

Targeted age and
geographic 
restrictions

LaLonde $4,485

Dehejia–Wahba

Expanded $1,717

Noise-adjusted RMSE across 37 randomized trials, for annual W-2 earnings 2–5 years after assignment.
CPS-sized estimates average 50 repetitions. Comparison samples differ in size and eligibility restrictions.



Noise-Adjusted RMSE Comparison to LaLonde (1986)
A larger, better-matched comparison sample explains some, but not most, of the gain

Model Parametric (OLS) Flexible (DML)

Comparison sample CPS-sized Population-scale CPS-sized Population-scale

Covariates LaLonde-style
restrictions

Targeted age and
geographic 
restrictions

LaLonde-style
restrictions

Targeted age and
geographic 
restrictions

LaLonde $4,485 $3,746

Dehejia–Wahba

Expanded $1,717

Noise-adjusted RMSE across 37 randomized trials, for annual W-2 earnings 2–5 years after assignment.
CPS-sized estimates average 50 repetitions. Comparison samples differ in size and eligibility restrictions.



Noise-Adjusted RMSE Comparison to LaLonde (1986)
Richer covariates further reduce the error, even with a linear model

Model Parametric (OLS) Flexible (DML)

Comparison sample CPS-sized Population-scale CPS-sized Population-scale

Covariates LaLonde-style
restrictions

Targeted age and
geographic 
restrictions

LaLonde-style
restrictions

Targeted age and
geographic 
restrictions

LaLonde $4,485 $3,746

Dehejia–Wahba

Expanded $3,365 $2,698 $1,717

Noise-adjusted RMSE across 37 randomized trials, for annual W-2 earnings 2–5 years after assignment.
CPS-sized estimates average 50 repetitions. Comparison samples differ in size and eligibility restrictions.



Noise-Adjusted RMSE Comparison to LaLonde (1986)
Switching to DML alone does not close the gap

Model Parametric (OLS) Flexible (DML)

Comparison sample CPS-sized Population-scale CPS-sized Population-scale

Covariates LaLonde-style
restrictions

Targeted age and
geographic 
restrictions

LaLonde-style
restrictions

Targeted age and
geographic 
restrictions

LaLonde $4,485 $3,746 $3,397

Dehejia–Wahba

Expanded $3,365 $2,698 $1,717

Noise-adjusted RMSE across 37 randomized trials, for annual W-2 earnings 2–5 years after assignment.
CPS-sized estimates average 50 repetitions. Comparison samples differ in size and eligibility restrictions.



Noise-Adjusted RMSE Comparison to LaLonde (1986)
Sample, covariates, and model flexibility are complementary

Model Parametric (OLS) Flexible (DML)

Comparison sample CPS-sized Population-scale CPS-sized Population-scale

Covariates LaLonde-style
restrictions

Targeted age and
geographic 
restrictions

LaLonde-style
restrictions

Targeted age and
geographic 
restrictions

LaLonde $4,485 $3,746 $3,397 $3,279

Dehejia–Wahba $3,960 $3,753 $2,971 $2,907

Expanded $3,365 $2,698 $2,769 $1,717

Noise-adjusted RMSE across 37 randomized trials, for annual W-2 earnings 2–5 years after assignment.
CPS-sized estimates average 50 repetitions. Comparison samples differ in size and eligibility restrictions.



Noise-Adjusted RMSE by Set of Covariates
Digital Twins Estimator with Each Combination of Work History, Demographics, and Residential History

$13,021

$10,603

$9,653

$3,822

$2,679
$2,295

$1,717
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Noise-Adjusted RMSE by Model Complexity and Sample Size
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Noise-Adjusted RMSE by Model Complexity and Sample Size
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Noise-Adjusted RMSE by Model Complexity and Sample Size
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Noise-Adjusted RMSE by Model Complexity and Sample Size
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Part 3: Estimating Treatment Effects 
Beyond the Experimental Sample



Applying the Digital Twins Estimator to Programs Without an RCT

 Goal: estimate treatment effect in a new program × site × enrollment-year cell k 
outside the experimental validation sample

 Cannot measure the estimator’s bias in this new cell directly

 Assumption 1 (Common Distribution of Biases): The target cell bias and 
validation biases have a common marginal distribution 𝐹𝐹𝐵𝐵 

 Credible when selection into participation is similar across cells

 E.g. career-focused training programs, adults w/ prior work histories

𝐵𝐵𝑗𝑗 ∼ 𝐹𝐹𝐵𝐵 for every cell 𝑗𝑗 in the validation sample and the target cell 𝑘𝑘



Applying the Digital Twins Estimator to Programs Without an RCT

 Under Assumption 1, RMS bias in a new cell k is $1,717

 Compute the total RMSE in a new cell by combining this bias with the cell’s DML 
sampling error

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝜏̂𝜏𝑘𝑘𝐷𝐷𝐷𝐷𝐷𝐷 = 1,7172 + 𝜎̂𝜎𝑘𝑘
2,𝐷𝐷𝐷𝐷𝐷𝐷 1/2



Using Digital Twins for Real-Time Outcome Measurement
Impacts of Year Up Program on Earnings, By Cohort of Program Enrollment



Using Digital Twins for Real-Time Outcome Measurement
Impacts of Year Up Program on Earnings, By Site and Cohort of Program Enrollment



Using Digital Twins for Real-Time Outcome Measurement
Impacts of Year Up Program on Earnings, By Site and Cohort of Program Enrollment

p = 0.01



Using Digital Twins for Real-Time Outcome Measurement
Impacts of Year Up Program on Earnings, By Site and Cohort of Program Enrollment

2014 PACE RCT
Avg 2yr TE: $9.7K



Gains from Cell-Specific DML Estimate vs. Historical Pooled RCT
Predicting Year Up's Impact at a Site with TE 1 S.D. Above Mean



Part 4: Mechanisms Underlying 
Effective Training Programs



Impacts of Year Up on Earnings vs. Placement Rates in Target Jobs
By Site and Year of Enrollment: 271 Site-by-Enrollment-Year Cells, 2007–2023; Earnings Two Years After Enrollment

𝛽̂𝛽=$121/p.p.

1 SD increase in placement rates (16pp)  
$1,955 larger annual earnings impact
 
 



Earnings of Job Switchers vs. Their Digital Twins
Year Up Participants Who Changed Employers Within Five Years of Enrollment (90% of Participants)

$5,762



Conclusions

 Methodology: Rich administrative data + flexible machine learning models can 
yield observational estimates with error comparable to RCTs

 Workforce training: program impacts vary sharply across sites and over time

 The most effective programs pair human capital (skills) with social capital 
(internships and job placements)

 Broader lesson: in the age of big data, RCTs may be most valuable to validate 
observational models rather than identify treatment effects themselves



Next Steps and Future Work

1. Apply the method to evaluate a broader range of training and career 
advancement programs

 Ex: Western Governors University, Dallas College, Texas State Technical College, 
Massachusetts Dept of Higher Education programs

2. Study if using richer models (e.g., LLMs) to construct digital twins can 
further reduce RMSE

 Use richer information about employers and neighborhoods to distinguish 
otherwise similar workers

3. Develop experimentally validated digital twins models in other domains 
(e.g., health, education, criminal justice)



Appendix



List of Training Programs: 37 RCTs Across 24 Programs

 WorkAdvance trial with four sectoral job training programs in 2011-13

 Per Scholas: Information Technology jobs in Bronx, NY, 15 weeks 

 Madison Strategies: Transportation, manufacturing jobs in Tulsa, OK, 2-32 weeks

 Towards Employment: Health care, manufacturing jobs in Cleveland, OH, 2-32 weeks

 St. Nick’s Alliance: Environmental Remediation jobs in Brooklyn, NY, 5-12 weeks

 Year Up PACE Trial in nine cities in 2013-14

 Project QUEST: Health care training in San Antonio

 SEIS Trial (Sectoral Employment Impact Study): Per Scholas, JVS Boston, and WRTP

 ERA: Employment Retention and Advancement demonstration

 STED: Subsidized and Transitional Employment Demonstration



Effects of Workforce Training Programs: 95% Confidence Intervals
Observational vs. Randomized Trial Estimates for Programs Implemented in 37 Sites



Standard Errors of RMSE Estimates
Table 1 Estimates and Program-Level Bootstrap Standard Errors

Measure Estimate Bootstrap s.e.

Raw RMS difference, DML vs. RCT $2,333 (403)

Noise-adjusted RMS bias $1,717 (730)

Sampling noise of DML estimates at RCT sample sizes $1,465 (328)

Total RMSE of DML estimates at RCT sample sizes $2,257 (405)

Total RMSE at average observational sample sizes $2,073 (462)

RMSE of RCT estimates $2,126 (396)

Noise-adjusted SD of true treatment effects $5,699 (2,230)

Standard errors from 10,000 program-level cluster bootstrap replications over the 24 programs (Table 1). The total-RMSE comparison 
is 'comparable', not 'equal'.


	Slide Number 1
	Slide Number 2
	Slide Number 3
	How Can We Evaluate Program Impacts at Scale?�
	History of Observational Estimators�
	Observational Estimators in the Age of Big Data�
	Goals of This Project��
	Outline
	Slide Number 9
	Data Sources��
	Slide Number 11
	Slide Number 12
	Slide Number 13
	Slide Number 14
	Slide Number 15
	Slide Number 16
	Slide Number 17
	Slide Number 18
	Slide Number 19
	Case Study: Year Up Job Training Program��
	Slide Number 21
	Slide Number 22
	Slide Number 23
	Slide Number 24
	Slide Number 25
	Slide Number 26
	Slide Number 27
	37 Randomized Trials of Job Training Programs Across America
	Slide Number 29
	Slide Number 30
	Slide Number 31
	Slide Number 32
	Slide Number 33
	Evaluating Machine Learning Estimates: Comparisons to RCT Estimates
	Slide Number 35
	Slide Number 36
	Slide Number 37
	Slide Number 38
	Slide Number 39
	Slide Number 40
	Slide Number 41
	Slide Number 42
	Slide Number 43
	Why Does DML Outperform Prior Observational Estimators?
	Slide Number 45
	Slide Number 46
	Slide Number 47
	Slide Number 48
	Slide Number 49
	Slide Number 50
	Slide Number 51
	Slide Number 52
	Slide Number 53
	Slide Number 54
	Slide Number 55
	Slide Number 56
	Applying the Digital Twins Estimator to Programs Without an RCT
	Applying the Digital Twins Estimator to Programs Without an RCT
	Slide Number 59
	Slide Number 60
	Slide Number 61
	Slide Number 62
	Slide Number 63
	Slide Number 64
	Slide Number 65
	Slide Number 66
	Conclusions
	Next Steps and Future Work
	Slide Number 69
	List of Training Programs: 37 RCTs Across 24 Programs
	Slide Number 71
	Slide Number 72

