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How can we systematically exploit ex-
perimental data to assist in answering
questions that they cannot directly an-
swer?

a Methods for doing so will make experiments more

valuable by extending the value beyond the narrow ques-

tions they were intended for.

a Methods for doing so will make observational studies

more credible by grounding them using experimental

data.



What is average effect of small class size on 8th

grade test scores?

Project STAR New York
(Experimental) (Observational)

Grade 3rd 8th 3rd 8th

Mean Controls 0.011 ? 0.157 0.155
(regular class) (0.015) ? (0.001) (0.001)

Mean Treated 0.212 ? 0.019 0.037
(small class) (0.025) ? (0.001) (0.002)

Difference 0.201 ? �0.138 �0.118

(0.029) ? (0.002) (0.002)
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Starting Point

a -0.118 is not credible estimate for causal effect of

small class size on 8th grade scores

a Reason is that -0.138 (estimate for third grade for

New York) is so different from 0.201 (estimate for third

grade from experiment).

a Observational Sample has low internal validity

Question

How do we use the experimental data to improve

the observational estimate?
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Simple and naive ()difference-in-differences) approach:
take observational study estimate for 8th grade and
subtract estimated bias for 3rd grade score:

τ̂
8,NY
adj

?
� τ̂

8,NY
� �τ̂3,NY

� τ̂
3,PS�� �0.118 � ��0.138 � 0.201�

Two Problems

a This can only work if the primary and secondary out-
come are measured on the same scale.

a Not clear what to do with multiple secondary out-
comes.

Here: general approach to adjustment that allows for
different scale and multiple secondary outcomes.
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Preview of Results

Project STAR New York
(Experimental) (Observational)

Grade 3rd 8th 3rd 8th

Mean Controls 0.011 0.157 0.155
(regular class) (0.015) (0.001) (0.001)

Mean Treated 0.212 0.019 0.037
(small class) (0.025) (0.001) (0.002)

Difference 0.201 (0.085) �0.138 �0.118

Adjusted 0.201 0.057
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Causal Effects of Assignment to Smaller Classes in Grade 3
Estimates from Experimental vs. Observational Data



Set Up in Current Paper

Observation Scheme: ± is observed, ? is missing

Primary Secondary Pretreat
Sample Treatm. Outc. Outc. Var

Units Gi Wi Y
8
i Y

3
i Xi

1 to NPS PS ± ? ± ±

NPS � 1 to N NY ± ± ± ±

Setting also considered in Roseman et al (2018, 2020)

and Kallus and Mao (2020).



Notation

Gi " rPS,NYx Sample/Group Indicator, Project Star or
New York

Wi " r0,1x Treatment Indicator, Regular Class or Small
Class

Y
8
i �0�, Y 8

i �1� Potential Outcomes for Primary Outcome,
8th grade test score, Y 8

i � Y
8
i �Wi� Realized Value

Y
3
i �0�, Y 3

i �1� Potential Outcomes for Secondary Out-
come, 3rd grade test score, Y 3

i � Y
3
i �Wi� Realized Value

τ � E�Y 8
i �1��Y 8

i �0�¶Gi � NY� Estimand: average effect of
treatment on primary outcome in observational study.



2. Maintained Assumptions

Assumption 1 (External Validity of the Observational

Study) The observational sample is a random sample

of the population of interest.

(definitional)

Assumption 2 (Internal Validity of the Experimental

Sample) For w � 0,1,

Wi áá �Y 8
i �w�, Y 3

i �w�	 »»»»»» Gi � PS.

(satisfied by design)



Assumption 3 (Conditional External Validity) The ex-

perimental study has conditional external validity if

Gi áá �Y 8
i �0�, Y 8

i �1�, Y 3
i �0�, Y 3

i �1�	.
Strong assumption: why is -0.138 (estimate on 3rd

grade for New York) different from 0.201 (Project Star

estimate)?

a Because of unobserved confounders in New York sam-

ple,

a NOT because New York population is different from

Project Star Population (possibly after adjusting for co-

variates).



a We do NOT want to assume unconfoundedness in

the observational sample:

Assumption 4 (Unconfoundedness in the Observational

Sample)

For w � 0,1,

Wi áá �Y 3
i �w�, Y 8

i �w�	 »»»»»» Gi � NY

(That would solve problems, but lead to testable re-

strictions that are easily rejected with the current data.)



3. Latent Unconfoundedness

Instead we assume:

Assumption 5 (Latent Unconfoundedness)

Wi áá Y
8
i �w� »»»»»» Y 3

i �w�,Gi � NY ¼w.



Tricky assumption: we cannot use this on its own:

Wi áá Y
8
i �0� »»»»»» Y 3

i �0�,Gi � NY

We can estimate

E �Y 8
i �0� »»»»»» Y 3

i �0�,Wi � 0,Gi � NY�
but we cannot average this over the marginal dist of

Y
3
i �0� because to see Y

3
i �0� we need to condition on

Wi � 0.

But, from the experimental sample we can estimate

the distribution of Y 3
i �0� and that allows us to do the

averaging.



Main Result

Theorem 1 Suppose that Assumptions 1-3 and 5 hold,

so that the experimental study is unconfounded and

has conditional external validity, and the observational

study has latent unconfoundedness.

Then the average effect of the treatment on the primary

outcome in the observational study is point-identified.
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4. Estimation Strategy: Control Function Ap-
proach

a Estimate relation (cumulative distribution function)
between secondary outcome and treatment and pre-
treatment variables in experimental sample.

FY 3¶W,G �y¶w,PS� � pr �Y 3
i & y

»»»»»»Wi � w,Gi � PS	
a Evaluate this distribution function (this is the control
function):

ηi � FY 3¶W,G �Y 3
i

»»»»»»Wi,PS	
a By construction:

ηi¶Gi � PS � U �0,1�
14



If assignment is unconfounded in the observational sam-

ple, then

ηi¶Gi � PS � U �0,1�
Deviations from uniformity of distribution of ηi captures

violations of unconfoundedness.

Latent Unconfoundedness implies that it captures all

violations of unconfoundedness
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Intuition

ηi measures where individual i is in the distribution of

Yi�Wi� in experimental sample.

Suppose that the average value of ηi in the observa-

tional study is larger than 0.5 (evidence of selection).

Then ηi must at least be correlated with unobserved

confounder.

Thus: we should compare treated and control individ-

uals with the same value of ηi.
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Latent unconfoundedness

Wi áá Y
8
i �w� »»»»»»»»»» Y

3
i �w�,Gi � NY

(in combination with maintained assumptions) implies

that:

Wi áá Y
8
i �w� »»»»»»»»»» ηi,Gi � NY

Thus:

a Estimate the average effect of the treatment on the

primary outcome adjusting for the control variable.
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6. Conclusion

a Principled way to combine experimental data to adjust

flawed estimates based on observational data alone.

a Just one case where we leverage strengths of obser-

vational and experimental data.
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